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ABSTRACT 

Spatial transcriptomics (ST) measures gene expression while preserving spatial context within tissues. One of the key tasks in 
ST analysis is spatial domain detection, which remains challenging due to the complex structure of ST data and the varying 
performance of individual clustering methods. To address this, we propose SpatialESD, a Spatial EnSemble Domain detection 
method that integrates results from different spatial domain detection methods to improve spatial domain detection. SpatialESD 

captures both direct cooccurrence patterns and multiscale indirect relationships between clusters, improving the robustness 
and accuracy of spatial domain detection. We evaluated SpatialESD on simulated datasets and multiple 10x Visium spatial 
transcriptomics datasets, including human brain, breast cancer, and ovarian cancer samples. The results show that SpatialESD 

consistently outperforms individual methods and the existing EnSDD ensemble method in terms of clustering accuracy and 
stability. Based on the identified domains, we further detected domain-specific differentially expressed genes and performed 
trajectory and cell–cell interaction analyses. These results reveal spatial patterns of gene expression and cellular communication, 
offering insights into tissue organization and disease mechanisms. Overall, SpatialESD provides a reliable and effective solution 
for spatial domain detection in ST data and facilitates downstream biological discovery. 
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 Introduction 

patial transcriptomics (ST) is an innovative genomic technology
hat enables high-throughput transcriptome profiling within tis-
ue sections, while preserving spatial location information [ 1, 2 ].
hese technologies can be broadly classified into imaging-based
nd sequencing-based methods [ 3 ], each with its own advantages
n spatial transcriptomic analysis. Imaging-based methods, such
s in situ hybridization (ISH) and in situ sequencing (ISS), rely on
luorescent labeling to detect gene expression patterns, whereas
his is an open access article under the terms of the Creative Commons Attribution License, which perm
ited. 
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sequencing-based methods, such as Slide-seq and 10x Visium,
utilize spatial barcoding technology to perform high-throughput
transcriptome profiling at specific regions of tissue sections. 

A crucial step in ST studies is the detection of spatial domains,
which are regions that exhibit spatial coherence in both gene
expression and histological structure [ 4 ]. However, the addi-
tional dimension of spatial information, which increases data
volume and complexity, presents significant challenges for spatial
domain detection [ 5 ]. Traditional clustering algorithms, such
its use, distribution and reproduction in any medium, provided the original work is properly 
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s K-means and Louvain [ 6 ], relying solely on gene expression
ata, often lead to clusters that do not align well with the
patial organization of tissue sections [ 7 ]. Recently, several spatial
lustering methods have been developed to enhance spatial
omain detection by incorporating spatial coordinates from ST
ata, thereby accounting for gene expression’s spatial dependen-
ies. These methods can be further divided into two categories
 8 ]: (1) Statistical methods such as BayesSpace [ 9 ], BASS [ 10 ],
R.SC [ 11 ] and SpatialPCA [ 12 ], which model adjacency-based
imilarity within specialized frameworks to detect clusters. For
nstance, BayesSpace [ 9 ] utilizes the Potts model as a spatial
rior, assuming that adjacent spots are more likely to belong
o the same spatial domain; and (2) Graph-based deep learning
ethods such as STAGATE [ 13 ], SpaGCN [ 4 ] and CCST [ 14 ],
rimarily utilize graph neural networks to extract latent spot
eatures before clustering, though they differ in their network
rchitectures and design strategies. For example, STAGATE first
onstructs a spatial neighbor network (SNN) based on spatial
nformation, and then uses a graph attention autoencoder to
earn low-dimensional latent embeddings by integrating both the
NN and gene expression data. SpaGCN is a graph convolutional
etwork approach capable of integrating gene expression, spatial
ocation and histology images. 

he diversity of spatial domain detection methods, each with dis-
inct assumptions, data requirements, strengths, and limitations,
eads to varied outcomes, making it challenging to determine
he most suitable approach for new spatial transcriptomics
atasets [ 7, 15, 16 ]. A commonly adopted approach to over-
ome this challenge involves designing ensemble frameworks
hat aggregate the outcomes of multiple individual algorithms
or unsupervised clustering [ 17 ]. These ensemble clustering
pproaches have been widely applied to both bulk and single-
ell RNA- seq (scRNA- seq) data, such as COMSUC [ 18 ] for
ulk multi-omics data, and SC3 [ 19 ], SAME-clustering [ 20 ],
nd GRMEC-SC [ 21 ] for scRNA-seq data. These methods have
emonstrated significantly improved clustering accuracy and
tability. However, to the best of our knowledge, there are very
ew published ensemble clustering approaches that integrate
ultiple spatial domain detection methods specifically designed
or ST data, with the exception of two weighted ensemble
ethods, WEST [ 22 ] and EnSDD [ 23 ]. These two methods adopt
ifferent ensemble strategies. WEST leverages the concept of
eighted nearest neighbors (WNN) [ 24 ] to integrate the embed-
ings from multiple graph-based deep learning methods, thereby
nhancing performance. EnSDD employs a weighted ensemble
earning framework to construct a consensus similarity matrix
y combining the results of multiple spatial domain detection
ethods, and subsequently applies the Louvain algorithm for
patial domain assignment. However, the above two weighted
nsemble learning algorithms and most of the existing ensemble
lustering methods face two main challenges: (i) ensemble
ethods aggregate information at the spot level but often fail to
xplore cluster-level connections; and (ii) ensembling focuses on
he direct connection within the multiple base clustering, often
verlooking the multiscale indirect relationships embedded in
hem. 

o address the challenges associated with seamlessly integrating
esults from multiple spatial domain detection (SDD) methods
BayesSpace, BASS, STAGATE, SpaGCN, and SpatialPCA, which
of 18
are representative methods selected from the two SDD categories)
for ST data, we propose SpatialESD ( Spatial E n S emble D omain
detection), which leverages the enhanced ensemble clustering
algorithm [ 25 ] to improve spatial domain detection. SpatialESD
offers several advantages: (i) SpatialESD simultaneously detects
spot-wise co-occurrence relationships as well as the multi-
scale indirect cluster-wise relationships between base spatial
domain detection in ensembles; (ii) SpatialESD employs multiple
advanced learners to obtain more stable, robust, and accurate
spatial domain detection for ST data than could be obtained from
any spatial domain detection method alone. 

We conducted simulation studies to evaluate the spatial domain
detection performance of SpatialESD by comparing it with base
clustering methods, as well as the EnSDD ensemble method
based on the same base clustering methods. We further exten-
sively evaluated SpatialESD on multiple human tissue datasets
generated by 10x Visium, including annotated data of the human
dorsolateral prefrontal cortex, breast cancer, and HER2 breast
cancer, as well as unannotated data of invasive ductal carcinoma
and ovarian cancer. Our results demonstrate that SpatialESD
outperforms base methods and the EnSDD ensemble method
based on the same set of base methods. With the domain detec-
tion results, we selected domain-specific differentially expressed
genes and performed trajectory and cell–cell communication
analyses, which provide valuable insights for developing novel
cancer treatment strategies. 

2 Results 

2.1 Overview of SpatialESD with the 
Architecture Analysis 

SpatialESD leverages an enhanced ensemble clustering method
to integrate spatial domain detection results derived from multi-
ple SDD methods. To illustrate the idea, the current SpatialESD
implementation embeds five such methods: BayesSpace, BASS,
STAGATE, SpaGCN, and SpatialPCA. Users can also include
other methods. An overview of the SpatialESD method is shown
in Figure 1 . The input data for SpatialESD includes gene expres-
sion profiles, spatial location, and histology images. The proposed
SpatialESD consists of three steps (Figure 1 ): (1) executing the
five spatial clustering methods to identify spatial domains in
the ST data; (2) constructing the enhanced co-association (ECA)
matrix for the multiple spatial domain detection results; and
(3) consensus detection of spatial domains using hierarchical
clustering based on the ECA similarity matrix. In step (2), unlike
the commonly used ensemble clustering strategy, which captures
spot-wise similarity directly in ensemble clustering but fails
to consider the potentially indirect relationships between base
clusters, we first construct the Jaccard coefficients matrix as
the initial similarity graph between clusters, and then enhance
the cluster-wise similarity by incorporating multiscale direct and
indirect relationships through a random walk process. Based on
the multiscale cluster-wise similarity matrix, we further map it
from the cluster level to the spot level, building the enhanced con-
nectivity matrix for each base clustering. We then aggregate these
enhanced connectivity matrices to form the final ECA for the
entire ensemble. The ECA matrix effectively and efficiently cap-
tures multiscale direct and indirect relationships obtained from
Advanced Science, 2026



FIGURE 1 Workflow of SpatialESD. The input to SpatialESD consists of gene expression profiles, spatial coordinates, and histology images. 
SpatialESD first leverages the initial clustering results from multiple SDD methods to enhance cluster-wise similarities via the random walk algorithm. 
The cluster-wise similarity is then mapped to the spot-level to construct the ECA matrix. Finally, hierarchical clustering is applied to obtain consensus 
spatial domain detection. 

i  

r

F  

d  

d  

c  

a  

t

2

W  

d  

D  

e  

t  

s  

r  

d  

o  

m  

m  

c  

e  

o  

d  

S  

s  

s  

i  

d  

c  

f  

l

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A

ndividual results, thus enhancing the final domain detection
esult. 

ollowing the detection of spatial domain clusterings, subsequent
ownstream analyses are conducted, including differential gene
etection, enrichment analysis, trajectory analysis, and cell–cell
ommunication analysis, to reveal the biological characteristics
nd functions within different spatial domains, further advancing
he understanding of complex biological systems. 

.2 Simulation Results 

e evaluated the performance of SpatialESD using 20 simulated
atasets generated based on sample 151670 from the 10x Visium
LPFC sample. By comparing the synthetic data with the ref-
rence data, we evaluated how well the simulated data retained
he characteristics of the original data. The results (Figure 2a )
how that, across these six metrics, the simulated data closely
esemble the reference data. This indicates that the synthetic
ata effectively preserves the key biological and technical features
f the original data, validating the ability of the simulation
ethods to reproduce the characteristics of real data. The
edian ARI value from the 20 simulations for each algorithm’s
lustering result was taken as the final evaluation result. The
xperimental results are shown in Figure 2b . The ARI value
f SpatialESD is overall higher than that of other base spatial
omain detection methods, namely BayesSpace, BASS, SpaGCN,
TAGATE, and SpatialPCA, as well as the EnSDD ensemble
trategy, demonstrating the superior accuracy of SpatialESD in
patial domain detection. The detailed ARI results are presented
n Table S1 . Furthermore, the visualization of spatial domain
etection (Figure 2c ) shows that the SpatialESD method more
learly and accurately identifies the layer_3 region. It also outper-
orms STAGATE and SpatialPCA methods in recognizing the WM
ayer. 
dvanced Science, 2026
2.3 Real Data Analysis Results 

2.3.1 Application to the DLPFC ST Data 

The 12 DLPFC slices were analyzed using ensemble clustering
with five base algorithms. The detailed ARI values were pre-
sented in Table S2 . The boxplot (Figure 3a ) demonstrates that
SpatialESD achieved the most superior overall performance on
this dataset, attaining the highest accuracy and exhibiting the
most robust performance. In addition, when compared with
another ensemble method WEST, on the same DLPFC dataset,
SpatialESD outperformed WEST results based on SEDR [ 26 ] and
STAGATE embeddings reported in the original paper, achieving
higher ARI values on 11 out of 12 slices. The median ARI across all
slices reached 0.579 for SpatialESD and 0.450 for WEST, further
demonstrating the accuracy of SpatialESD. For spatial domain
visualization analysis, we conducted an in-depth examination of
slice 151671, where the ARI value increased from a minimum of
0.504 in base clustering to 0.833 with SpatialESD. Visualization
results (Figure 3b,c ) reveal that some base clustering methods,
such as STAGATE and SpatialPCA, struggled to accurately
identify the layer_3 region in the slice, and nearly all methods
failed to detect the layer_4 region, while SpaGCN showed con-
fusion in delineating the boundaries of the layer_6 region. In
contrast, SpatialESD’s spatial domain visualization results align
more consistently and precisely with manual annotations, fully
identifying the layer_3 region and displaying clear boundaries for
the layer_6 region. Although SpatialESD, like all other methods,
exhibited limitations in distinguishing the layer_4 region and
showed slightly vague boundary delineation, it still demon-
strated superior overall performance compared to the alter-
natives. 

Based on the spatial domains identified by SpatialESD, we first
examined the spatial expression patterns of representative genes.
As shown in Figure 3d , genes such as MBP and PCP4 exhibited
3 of 18



FIGURE 2 SpatialESD enhances tissue structure detection in simulated data. (a) The violin plots show the distributions of six metrics in the 
reference and synthetic datasets. (b) Boxplots of the 20 ARI values for the seven methods. (c) Visualization of domain detection results, including the 
ground truth and those by different methods. 
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istinct domain-specific expression across the tissue section.
BP exhibited high expression in the WM region, which is
onsistent with previously reported findings [ 27 ]. PCP4 , mainly
xpressed in Layer_5, is a calmodulin-binding protein implicated
n neuronal signaling and plasticity [ 28 ]. These spatially resolved
xpression patterns highlight the functional and compositional
eterogeneity across different tissue regions. Full results of the
ownstream analysis for DLPFC are provided in Figures S1–S5 . 

.3.2 Application to the Breast Cancer ST Data 

he Breast cancer dataset involved tissue images segmented into
0 regions and classified into four major morphological types,
ncluding ductal carcinoma in situ/lobular carcinoma in situ
DCIS/LCIS), invasive ductal carcinoma (IDC), healthy tissue,
nd tumor edge with low malignant features, manually annotated
y Xu et al. [ 26 ]. We selected four base clustering methods,
ayesSpace, BASS, SpaGCN, and STAGATE, to ensemble,
onsidering the low accuracy of SpatialPCA. To ensure reliability,
e conducted ten repeated analyses by varying the random seed
nd assessed the clustering accuracy of SpatialESD and the base
ethods, with the detailed ARI results provided in Table S3 .
he boxplot (Figure 4a ) demonstrates that SpatialESD achieved
of 18
superior overall performance on the breast cancer dataset,
attaining high accuracy and exhibiting robust performance. In the
spatial domain visualization analysis (Figure 4b,c ), BayesSpace
exhibited significant confusion in identifying the IDC_6 region,
SpaGCN and BayesSpace produced blurred delineations of
the Healthy1 region, SpatialPCA performed chaotically in the
IDC_4 region, and all base clustering methods performed poorly
in the IDC_2 region. In contrast, the visualization results of
SpatialESD across all regions exhibited higher consistency
with the manual annotations, consistently outperforming other
individual spatial domain detection methods. Full details of the
downstream analyses are provided in the supplementary figures
(Figures S6–S10 ). 

2.3.3 Application to the HER2 ST Data 

We also applied SpatialESD to an eight-slice HER2 dataset
manually annotated by Andersson [ 29 ]. The results show that
SpatialESD achieved a slightly lower ARI value than BASS (by
0.016) but still outperformed other methods, exceeding them by
0.041 to 0.106, and further demonstrate the superior visualization
compared to both individual spatial methods and EnSDD (Note
S1 ; Figures S11 and S12 ; Table S4 ). 
Advanced Science, 2026



FIGURE 3 SpatialESD enhances tissue structure detection in DLPFC. (a) Boxplots of ARI values for the 12 tissue slices. (b-c) Visualization of 
spatial domains using the SpatialESD method and other methods. (d) Visualization of differentially expressed genes selected based on the Wilcoxon test. 

FIGURE 4 SpatialESD enhances tissue structure detection in breast cancer. (a) Boxplots of ARI. (b-c) Visualization of spatial domains using the 
SpatialESD ensemble method and several SDD methods. 
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.3.4 Application to the Invasive Ductal Carcinoma ST 

ata 

e also analyzed the Invasive Ductal Carcinoma ST data which
s unannotated. Using an elbow plot (Figure 5a ), we determined
he optimal number of clusters for the IDC dataset to be 10 and
epeated the clustering results 10 times with varying seed num-
ers to compute the median of the evaluation metrics. Moreover,
dvanced Science, 2026
we also considered an alternative scenario where we repeated
the clustering results for cluster numbers ranging from 2 to 10.
We evaluated the clustering results using unsupervised clustering
metrics, including the LISI and PAS metrics. The consistency
of their trends with ARI on the DLPFC dataset (Figure 5b )
supports the validity of these metrics as reliable evaluation tools.
The results (Figure 5c ) show that SpatialESD achieves superior
performance compared to both base SDD methods and EnSDD
5 of 18



FIGURE 5 SpatialESD enhances tissue structure detection in invasive ductal carcinoma. (a) The optimal number of clusters for the IDC dataset is 
determined to be 10 based on the elbow plot. (b) Trend plots for annotated metric ARI and unannotated metrics LISI and PAS. (c) Boxplot results for the 
two evaluation metrics in the IDC dataset under two different scenarios. (d) Immunofluorescence image and spatial domain visualizations of different 
methods. 

6 of 18 Advanced Science, 2026



FIGURE 6 The downstream analysis corresponding to the IDC dataset. (a) Visualization of differentially expressed genes selected using the 
Wilcoxon test. (b) Expression levels of differentially expressed genes in different spatial domains based on spatial autocorrelation analysis. (c) Enrichment 
analysis of differentially expressed genes (upper: GO enrichment; lower: KEGG pathway enrichment). 
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nsemble approaches, with notable improvements in clustering
ccuracy and stability under both IDC dataset scenarios. The
etailed results are presented in Tables S5–S8 . The visual results
Figure 5d ) show that the SpatialESD method more accurately
istinguishes the invasive and in situ regions. In contrast, other
lustering methods perform poorly, particularly in delineating
he contours of the in situ region and in distinguishing non-
umor areas, where the boundaries are often confused. This
urther demonstrates that SpatialESD outperforms other methods
n terms of overall performance. 

ased on the spatial domains detected by SpatialESD, we
mployed two different methods, the Wilcoxon test and spatial
utocorrelation, to detect differentially expressed genes specific
o each spatial domain. Figure 6a shows the visualization of
ifferentially expressed genes in regions such as invasive, non-
umor areas, and in situ. We identified genes associated with a
pecific spatial domain type through differential gene analysis.
mong these, genes such as SLC39A6 , KRT37 , MGP , IFI27 ,
AMBI , and CXCL14 were selected from other regions, which are
elated to the biological characteristics and microenvironment of
he tumor. 

LC39A6 has been identified as a key gene involved in regulating
strogen and epithelial-mesenchymal transition (EMT), and its
xpression is associated with poor survival outcomes in cancer
atients [ 30 ]. KRT37 is involved in the estrogen signaling pathway
nd has been associated with cancer-related pathways, showing
dvanced Science, 2026
differential expression patterns that may influence cancer pro-
gression and treatment response [ 31 ]. MGP has been identified
as a potential breast-specific marker, with high sensitivity in
detecting various subtypes of breast carcinoma, including triple-
negative breast cancer and metaplastic carcinoma [ 32 ]. IFI27 is
highly expressed in several cancers, including pancreatic cancer,
where its high expression levels are associated with poorer overall
survival and correlated with changes in immune cell infiltration,
such as a decrease in CD8 + T cells and an increase in M2
macrophages [ 33 ]. BAMBI is involved in regulating stemness and
promoting the growth and maintenance of cancer stem cells,
influencing tumor growth and metastasis [ 34 ]. CXCL14 plays
a role in tumor metastasis, being predominantly expressed in
fibroblasts, and influences cancer progression through multiple
mechanisms [ 35 ]. Figure 6b displays the Local Getis and Ord’s Gi 
values for the top six genes, differentially expressed in the first
spatial domain compared to other domains, across all categories
as detected by SpatialESD. The results indicate that the Gi values
for these six genes in the first spatial domain are generally
higher than in other categories, suggesting that these genes
exhibit similar expression patterns at neighboring spatial points,
demonstrating strong spatial autocorrelation. 

Genes with both P -value ≤ 0.05 and adjusted P -value ≤ 0.05 were
selected, resulting in 2,241 differentially expressed genes. These
genes were then subjected to functional enrichment analy-
sis, including the GO and KEGG pathways analysis. The GO
analysis (Figure 6c , upper panel) revealed that the top ten
7 of 18
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unctional enrichments are mainly associated with biological
rocesses such as protein binding, cytoplasm, cytosol, nucleus,
lasma membrane, nucleoplasm, various extracellular compo-
ents, extracellular space, extracellular exosome, and extracel-
ular region. In particular, the enrichment in membrane-bound
nd extracellular compartments points to potential involvement
n intercellular communication and molecular transport. These
ellular and molecular characteristics are critical in the context
f tumor progression, influencing cell signaling, tumor-stroma
nteractions, and modulation of the tumor microenvironment
 36–38 ]. The biological pathways showed (Figure 6c , lower panel)
 strong association with pathways involved in cancer-related
ignaling, such as Metabolic pathways, Human T-cell leukemia
irus 1 infection, Pathways in cancer, Focal adhesion, PI3K-Akt
ignaling pathway, Epstein-Barr virus infection, Cell adhesion
olecules (CAMs), Hematopoietic cell lineage, ECM-receptor
nteraction, and Proteoglycans in cancer. The enriched pathways
re potentially involved in various biological processes and regu-
atory mechanisms related to cancer progression and the tumor
icroenvironment. The ECM-receptor interaction pathway reg-
lates the interaction between tumor cells and the extracellular
atrix, promoting tumor invasion, metastasis, and proliferation

 39 ]. Human T-cell leukemia virus 1 infects CD4 T lympho-
ytes and disrupts immune signaling networks, promoting the
urvival and dissemination of infected cells, thereby triggering
he development of cancer in the host [ 40 ]. The PI3K/Akt
ignaling pathway is involved in differential prognosis, and its
ctivity is significantly reduced when DLAT is knocked down
 41 ]. Epstein-Barr virus (EBV) infection was detected in breast
nvasive ductal carcinoma and was significantly associated with
odal involvement [ 42 ]. The complete results of the downstream
nalysis are provided in Note S2 (Figures S13–S17 ). 

.3.5 Application to the Ovarian Cancer ST Data 

e further analyzed the ovarian cancer (OC) dataset which
as no manual annotations. The optimal cluster number was
etermined as 8 using an elbow plot (Figure S18 ), and the
lustering process was repeated 10 times by varying the seed
umber, with the median of the evaluation metrics. Additionally,
imilar to the IDC dataset, we explored another scenario where
he cluster number was set from 2 to 10, followed by multiple
epeated clustering analyses. As shown in Figure 7a , SpatialESD
onsistently outperformed both base SDD methods and EnSDD
nsemble strategy across both scenarios, exhibiting higher clus-
ering accuracy and greater stability. The detailed results are
resented in Tables S9–S12 . Visualization results (Figure 7b ),
hen compared with immunofluorescence staining result, reveal
hat SpatialESD achieved superior accuracy in identifying the
D45 region, while other clustering methods exhibited poor
erformance. 

ased on the spatial domains detected by SpatialESD, we
id the Wilcoxon test (Figure 8a ) and spatial autocorrelation
nalysis (Figure 8b ), to identify domain-specific DEGs. Genes
eeting the criteria were identified as DEGs, resulting in a
otal of 3,014 DEGs. Three CD45 domain-specific DEGs were
hown in Figure 8a . Differential gene analysis identified domain-
pecif ic marker genes associated with distinct spatial domain
of 18
types, such as IGHG4 , IGKC , MALAT1 , MT-ATP , MT-ND2 , and
MTRNR2L . Among these, IGHG4 , IGKC , and MALAT1 were
predominantly enriched in CD45-labeled regions (representing
leukocytes, mainly immune cells), while MT-ATP and MT-
ND2 showed enrichment in both CD45 and Pan-Cytokeratin
regions. MTRNR2L was primarily enriched in Pan-Cytokeratin-
labeled regions (representing epithelial cells). Previous studies
have demonstrated that IGHG4 is highly expressed in the
tumor microenvironment (TME), potentially enhancing antitu-
mor immune responses by regulating immune cell infiltration
and activation, and is associated with improved patient prognosis
[ 43 ]. IGHG4 influences immunotherapy efficacy by modulating
B-cell and plasma cell-mediated antitumor immune responses
[ 44 ]. Overexpression of MALAT1 accelerates tumor progression
by promoting inflammatory responses, enhancing tumor cell pro-
liferation and epithelial-mesenchymal transition (EMT), while
suppressing apoptosis, making it a potential diagnostic and thera-
peutic target for epithelial ovarian cancer [ 45 ]. Mutations in MT-
ATP exhibit high mutation rates in various cancers, disrupting
mitochondrial function and contributing to tumorigenesis and
progression [ 46 ]. MT-ND2 mutations promote tumor recurrence
by impairing mitochondrial function and driving the Warburg
effect, conferring survival and drug resistance advantages [ 47 ].
However, to our knowledge, no studies have reported the reg-
ulatory role of MTRNR2L in ovarian cancer, warranting further
biological validation of these molecular markers. Figure 8b
demonstrates that the top six genes with significantly differential
expression in spatial domain category 6, compared to other
domains, exhibited higher overall Gi values, indicating strong
spatial autocorrelation. 

The 3,014 DEGs were subjected to functional enrichment anal-
ysis, including GO and KEGG analyses. The GO analysis
(Figure 8c , upper panel) highlighted the top ten enriched biologi-
cal processes and cellular components in OC, primarily involving
critical intracellular functions and structures such as protein
binding, metal ion binding, identical protein binding, and DNA
binding (molecular functions); nucleoplasm, nucleus, cytosol,
mitochondrion, cytoplasm, and mitochondrial matrix (cellular
components), reflecting core roles in gene regulation, signal
transduction, and metabolic homeostasis [ 48, 49 ]. KEGG analysis
(Figure 8c , lower panel) revealed strong associations of DEGs
with cancer-related pathways, including metabolic pathways,
herpes simplex virus 1 infection, cell cycle, human papillomavirus
infection, RNA transport, human T-cell leukemia virus 1 infec-
tion, cell adhesion molecules (CAMs), p53 signaling pathway,
pathways in cancer, and tight junction. HSV-1, an oncolytic virus,
selectively infects tumor cells and triggers immune responses in
malignancies like ovarian cancer [ 50 ]. Although weakly associ-
ated, human papillomavirus infection may contribute to ovarian
carcinogenesis, particularly in regions with high prevalence, such
as Asia [ 51 ]. Alterations in the p53 signaling pathway vary across
OC subtypes; for instance, p53 mutations are common in MAPK-
negative high-grade serous carcinoma (HGSC) [ 52 ]. The complete
results of the downstream analysis are provided in Note S3
(Figures S19–S26 ). 

To enable a clearer comparison of SpatialESD with other methods
across all datasets, we summarized the average rank, obtained
by averaging the ranking positions of each method across the
benchmark datasets (see Figure S27 ). SpatialESD is consis-
Advanced Science, 2026



FIGURE 7 SpatialESD enhances tissue structure detection in ovarian cancer. (a) Boxplot results for the two evaluation metrics in the OC dataset 
under two different scenarios. (b) Immunofluorescence image and spatial domain visualizations of various methods. 
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ently among the top-ranked methods, showing strong first-place
erformance on DLPFC dataset and maintaining competitive
ankings across other datasets as well as across all datasets
ombined. 

.3.6 Application to Other Spatial Transcriptomics 
latforms 

o evaluate the generalizability of SpatialESD beyond Visium
ata, we further applied the proposed method to spatial tran-
criptomics datasets generated from other platforms, including
tereo-seq and Slide-seqV2, which are characterized by sub-
dvanced Science, 2026
cellular resolution and high data sparsity, respectively. With-
out introducing platform-specific parameter tuning, SpatialESD
demonstrated robust and competitive performance across both
datasets. Detailed quantitative results and visual comparisons are
provided in Note S4 (Figure S28 ) and Note S5 (Figure S29 ; Table
S13 ). 

2.3.7 Sensitivity Analysis of the Random Walk 
Parameterization 

We further examined the sensitivity of SpatialESD to the random
walk length r on the DLPFC and breast cancer datasets, and
9 of 18



FIGURE 8 The downstream analysis corresponding to the OC dataset. (a) Visualization of differentially expressed genes selected using the 
Wilcoxon test. (b) Expression levels of differentially expressed genes in different spatial domains based on spatial autocorrelation analysis. (c) Enrichment 
analysis of differentially expressed genes (upper: GO enrichment; lower: KEGG pathway enrichment). 
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roles of DEGs in tumor evolution. 

1

bserved stable performance across a wide range of values (see
ote S6 ; Figure S30 ). In practice, a moderate value of r is
ecommended to balance the local and global structure. 

.3.8 Execution Time 

o evaluate the computational efficiency of SpatialESD, we
easured the additional runtime required for the ensemble
tep across multiple spatial transcriptomics datasets. The total
untime of SpatialESD, including the execution of the base
lustering methods and the ensemble step, is summarized in
able S14 . All experiments were conducted on a PC with an
ntel i5-1155G7 CPU and 16 GB of RAM. Compared to the base
lustering methods, the ensemble step requires only minimal
dditional time, demonstrating its computational efficiency. 

 Discussion 

n this study, we have proposed an enhanced ensemble learning
ethod, SpatialESD, which aims to ensemble the results from
ifferent spatial clustering methods. By incorporating multi-
cale spatial structural information, this method can capture
patial similarity in ST data with high precision. SpatialESD
vercomes the limitations caused by the varying performance of
ifferent spatial domain detection methods on different datasets,
ddressing the challenge of selecting a specific method. In terms
f clustering accuracy and stability, SpatialESD outperforms the
ive widely used advanced spatial domain detection methods, as
ell as the EnSDD ensemble method based on the same base
lustering algorithms. Extensive validation on both simulated
nd real ST data demonstrates the practical effectiveness and
dvantages of SpatialESD. 
0 of 18
Our method demonstrates significant innovation in two key
aspects. First, we propose an ensemble approach specifically
optimized for ST data, effectively improving the accuracy and
stability of spatial domain detection to address the challenges
in ST analysis. Second, by integrating multiple SDD methods
and incorporating multi-scale spatial structural information, we
ensure that our method delivers consistent and robust spa-
tial domain detection results when applied to new datasets,
enhancing its adaptability and reliability across different data
environments. 

In the simulation study, SpatialESD achieved higher ARI values
and lower variability across datasets, demonstrating superior
accuracy and stability in spatial domain detection. When applied
to three annotated and two unannotated real datasets, SpatialESD
substantially improved ARI values, with increases as high as
0.504 to 0.833. It also reduced the variability of clustering
results, outperforming traditional base clustering methods in
both accuracy and stability. 

SpatialESD results showed strong concordance with manual
annotations, validating its accuracy and robustness in spatial
domain detection. Based on the spatial structures delineated
by SpatialESD, we identified DEGs that displayed significant
differential expression across specific domains. These DEGs
reflect the distinct molecular features of the local tissue microen-
vironment and may regulate key processes such as tumor cell
proliferation, migration, and immune evasion, underscoring their
potential as clinical biomarkers. Functional enrichment analysis
revealed that the identified DEGs are significantly associated with
biological pathways central to tumor progression, including cell
cycle regulation, extracellular matrix remodeling, and immune-
related signaling. These findings further emphasize the critical
Advanced Science, 2026
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rajectory analysis was applied to reconstruct potential spatially
esolved cell-state transitions, uncovering a dynamic progres-
ion from relatively quiescent to active cellular phenotypes
ithin tumor regions. This provides new insights into the
patial mechanisms underlying tumor evolution. In addition,
ell–cell communication analysis, integrated with reference
atasets, enabled the transfer of cell-type annotations to the
patial transcriptomic data, achieving high-resolution detec-
ion of cellular subpopulations. This analysis revealed spatial
nteraction patterns among distinct cell types, facilitating the
iscovery of key ligand-receptor signaling pathways and a deeper
nderstanding of cell–cell regulatory networks within the local
icroenvironment. The resulting communication networks offer
aluable resources for identifying potential therapeutic targets,
efining immunotherapeutic strategies, and discovering biomark-
rs for predicting disease progression and advancing precision
edicine. 

espite the encouraging performance of the proposed Spa-
ialESD method across simulation and multiple datasets, several
ethodological considerations deserve further discussion. First,
he parameterization of the random walk plays a critical role
n controlling the scale of structural relationships captured
y the cluster-wise similarity graph. Nevertheless, SpatialESD
aintains robust consensus clustering performance across a wide
ange of random walk parameter values, even for tissues with
arkedly different structural complexity. Second, for datasets
ithout manual annotations, it is worth noting that the choice
f the number of clusters remains challenging, and alternative
riteria such as adjusting SpaGCN [ 4 ] resolution or maximizing
he Silhouette score in SpatialPCA [ 12 ] may be used alongside our
LL-based criterion, with biological interpretation guiding the
inal choice. Moreover, the evaluation of clustering results using
etrics such as LISI and PAS should be interpreted with caution,
s their relevance depends on the underlying spatial organization
nd biological context. 

 limitation of the current SpatialESD method is its reliance
olely on clustering outputs from base methods as input. More-
ver, our study primarily focused on 10x Genomics spatial tran-
criptomics data. We also conducted preliminary explorations
n high-sparsity datasets (e.g., Slide-seqV2) and subcellular-
esolution data (e.g., Stereo-seq), which indicate the potential
pplicability of our framework beyond the 10x platform. Future
ork could further explore the integration of diverse spatial
ranscriptomics platforms, potentially with adaptive adjustment
f algorithmic parameters to better accommodate high-sparsity or
ubcellular-resolution data, thereby enhancing both performance
nd adaptability. 

n conclusion, SpatialESD demonstrates clear advantages in
apturing spatial similarity and accurately identifying spatial
omains. Applied to IDC and OC datasets, the method suc-
essfully delineated spatial domains and associated biomarkers,
roviding a more precise and stable solution for ST analy-
is. By incorporating multi-scale spatial structural information,
patialESD mitigates the performance variability observed in
raditional methods across datasets, thereby improving spatial
omain detection and offering valuable insights for tumor
icroenvironment research. 
dvanced Science, 2026
4 Materials and Methods 

4.1 SpatialESD Framework 

4.1.1 Ensemble Combination Rule of SpatialESD 

Given ST data consisting of a gene expression matrix 𝑋 ∈ ℝ𝑁×𝑝 

and a spatial coordinates matrix 𝑆 ∈ ℝ𝑁×2 , and corresponding
histological image information, where N is the number of spatial
spots and p is the number of genes, we apply five spatial clustering
methods, namely BayesSpace, BASS, SpaGCN, STAGATE and
SpatialPCA, using their default parameter settings to obtain
corresponding base clustering results. Each base clustering is
denoted as 𝜋𝑚 = {𝐶𝑚 

1 , . . . , 𝐶
𝑚 

𝑛𝑚 } , where 𝑚 = 1 , . . . , 𝑀 and nm is the
number of clusters in the m -th method. In this work, M = 5. The
set of base clustering is expressed as π = {𝜋1 , . . . , 𝜋𝑀 } . 

To facilitate the ensemble, we collect all cluster nodes from the
selected base clustering into a unified set 𝐿 = {𝐿1 , 𝐿2 , . . .𝐿𝑁𝐿 

} ,
where 𝑁𝐿 = 𝑛1 + ⋯ + 𝑛𝑀 . Lk represents the k -th node, and NL is
the total number of nodes. These clusters are treated as nodes in
a graph  = { ,  } , where  = 𝐿 represents the set of nodes and
 represents the set of edges in the graph  , with edge weights
between two nodes denoted as 𝑒𝑘𝑙 = 𝐽𝑎 𝑐 𝑐 𝑎 𝑟 𝑑 (𝐿𝑘 , 𝐿𝑙 ) =

|𝐿𝑘 ∩𝐿𝑙 |
|𝐿𝑘 ∪𝐿𝑙 | .

This graph provides the foundation for integrating multi-scale
structural information in subsequent steps. 

Unlike conventional co-association matrix methods that define
spot similarity in a binary manner based solely on co-occurrence,
e.g., assigning values of 0 or 1, SpatialESD introduces a similarity
mapping mechanism. This allows the similarity between spots
assigned to different clusters to be determined by the structural
similarity between their respective clusters, thereby capturing
finer-grained and more informative relationships. SpatialESD
consists of three main steps: (1) Propagation of cluster-wise
similarities, where multi-step random walks are performed on
the cluster graph to integrate multi-scale structural information
and capture the underlying multi-scale relationships between
clusters; (2) Enhanced co-association matrix based on similarity
mapping, which maps cluster-level similarities back to the spot-
level to reflect the spot-level co-occurrence relationship as well
as the cluster-wise structural information; and (3) Spatial domain
consensus detection, obtained by performing hierarchical cluster-
ing on the ECA matrix. 

Step 1: Propagation of cluster-wise similarities 

To capture the structural relationships between clusters from
different base clustering, we perform a random walk process on
the cluster-wise graph to propagate multi-scale similarities. The
one-step transition probability from node Lk to Ll is defined as:

𝑝
(1) 

kl = {

𝑒kl ∑
𝐿𝑚 ≠𝐿𝑘 

𝑒km 
, if 𝑘 ≠ 𝑙 

0 , if 𝑘 = 𝑙 
. . From this initial transition probability

matrix P(1) , we can further construct the 𝑟-step transition prob-
ability matrix P( r ) = P( r − 1) ⋅ P , for r > 1. For each node Lk , we
aggregate its random walk trajectories from step 1 to r into a
trajectory vector 𝑃(1∶ 𝑟 ) 

𝑘∶ 
. 
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inally, we construct a cluster-wise similarity matrix 𝑇 =
𝑡𝑘𝑙 }𝑁𝐿 ×𝑁𝐿 

using the cosine similarity between the random walk
rajectories: 

𝑡𝑘𝑙 =

⟨ 

𝑃
( 1∶ 𝑟 ) 

𝑘∶ 
, 𝑃

( 1∶ 𝑟 ) 

𝑙∶ 

⟩ 

√ ⟨ 

𝑃
( 1∶ 𝑟 ) 

𝑘∶ 
, 𝑃

( 1∶ 𝑟 ) 

𝑘∶ 

⟩ 

⋅
⟨ 

𝑃
( 1∶ 𝑟 ) 

𝑙∶ 
, 𝑃

( 1∶ 𝑟 ) 

𝑙∶ 

⟩ 

here 〈 ⋅, ⋅〉 denotes the inner product. This matrix captures the
ulti-scale similarity structure between clusters and supports the
ownstream enhancement of spot-level relationships. 

Step 2: Enhanced co-association matrix based on similar-
ity mapping 

fter computing the cluster-wise similarity matrix T , we map the
luster-wise similarities back to the spot-level to build an ECA
atrix S = { sij }N × N , which incorporates both spot co-occurrence
elationships and the multi-scale similarity information between
lusters. The ECA matrix is obtained by averaging the enhanced
onnectivity matrices from the M base clusters: 𝑆 = 1 

𝑀 

∑𝑀 

𝑚= 1 𝑆
𝑚 .

or the m -th base cluster, the enhanced connectivity matrix 𝑆𝑚 =

𝑠𝑚 

𝑖𝑗 
}𝑁×𝑁 

is defined as: 𝑠𝑚 

ij = {
1 , if Cl s𝑚 ( 𝑥𝑖 ) = Cl s𝑚 ( 𝑥𝑗 ) 

𝑡uv , if Cl s𝑚 ( 𝑥𝑖 ) ≠ Cl s𝑚 ( 𝑥𝑗 ) 
. . Where

l s𝑚 (𝑥𝑖 ) = 𝐿𝑚 

𝑢 and Cl s𝑚 (𝑥𝑗 ) = 𝐿𝑚 

𝑣 , meaning that if spots xi
nd xj belong to the same cluster in the m -th base model, their
imilarity is set to 1. Otherwise, the similarity between nodes u
nd v is mapped to the similarity between spot xi and xj , which is
iven by tuv . 

Step 3: Spatial domain consensus detection 

iven the final enhanced co-occurrence matrix S , we transform
t into a distance matrix D = 1 − S , where higher similarity
alues in S correspond to smaller distances in D . Hierarchical
lustering [ 53 ] with average linkage is then applied to D to obtain
he final spatial domain consensus detection, which balances
ocal pairwise relationships with global structural patterns. 

.1.2 Estimation of the Number of Clusters 

stimating the optimal number of clusters is critical for iden-
ifying spatial domains in unsupervised clustering. For datasets
ith manual annotations, the number of spatial clusters is set
ccording to the ground truth. In the absence of such prior
nnotations, the optimal number of clusters q is determined
y evaluating the average Negative Log-Likelihood (NLL) across
ifferent cluster numbers. Specifically, for each candidate cluster
umber q , we use a Markov Chain Monte Carlo (MCMC)
lgorithm to iteratively estimate model fit, implemented via the
Tune function in the BayesSpace R package. To ensure model
tability, the initial burn.in iterations (default 100) are discarded,
nd the average NLL is calculated from the remaining iterations.
he negative log-likelihood, denoted as − log L ( q ), where L ( q ) is
he log-likelihood given cluster number q . The optimal cluster
2 of 18
number is chosen as the one that minimizes the average NLL.
Here, q is set from 2 to 15 as the candidate range of cluster
numbers, and we set the total number of iterations as 1000.
We use the qPlot function to show the relationship between
cluster number and NLL, and select the value with the lowest
or most stable NLL as the final cluster number, which typically
corresponds to the “elbow” point in the plot. 

4.1.3 Base Spatial Domain Detection Algorithms 

In this study, we selected three statistical methods BayesSpace,
BASS, and SpatialPCA, and two graph-based deep learning
methods SpaGCN and STAGATE as the base spatial domain
detection algorithms. A brief overview of the characteristics of the
base clustering method is provided in Table S15 . We compared the
spatial domain detection performance of SpatialESD with base
clustering methods, as well as the EnSDD ensemble method [ 23 ]
based on the same base clustering to ensure comparability. 

BayesSpace [ 9 ] is a Bayesian spatial clustering method for spatial
domain detection in spatial transcriptomics data generated from
the Visium or ST platforms. BayesSpace performs principal
component analysis (PCA) on the normalized gene expression
matrix and models the top 15 principal components (PCs) as
a low-dimensional representation. In this study, we followed
the original BayesSpace work and used the default parameters.
Specifically, we selected the top 2,000 highly variable genes
(HVGs) which were used to compute the top 15 PCs as input
features for clustering. 

BASS [ 10 ] is a multi-scale and multi-sample analytical method
designed for spatial transcriptomics, enabling simultaneous cell
type clustering and spatial domain detection within a unified
modeling framework. It employs a Bayesian hierarchical model
that jointly incorporates normalized gene expression data and
spatial location information. Principal components obtained via
PCA on the gene expression matrix are used as model inputs.
BASS treats the cell type and spatial domain labels for each cell
as latent variables and infers them using an efficient sampling
algorithm. The method also automatically estimates the spatial
interaction parameter β, allowing it to effectively capture spatial
dependencies among neighboring cells. In this study, we followed
the original implementation and default parameter settings of
BASS. For the DLPFC dataset, which contains multiple tissue
sections, we applied BASS in its multi-sample analysis mode to
improve the accuracy of spatial domain detection. For all other
datasets, we performed single-sample analyses by running the
model independently on each individual tissue section. 

STAGATE [ 13 ] is an unsupervised learning method based on
a Graph Attention Auto-Encoder, designed to identify spatial
domains in spatial transcriptomics data by integrating gene
expression profiles and spatial location information. The method
constructs a spatial neighbor graph to represent the spatial
relationships among spots. STAGATE employs an attention
mechanism to adaptively learn the similarity between neigh-
boring spots, generating low-dimensional latent representations
that capture spatial expression patterns. To enhance the detec-
tion of domain boundaries, STAGATE incorporates an attention
Advanced Science, 2026
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echanism for more accurate modeling of spatial similarity. In
his study, we followed the original implementation of STAGATE
nd applied its default parameter settings to analyze the spatial
ranscriptomics data. 

paGCN [ 4 ] is a graph convolutional network (GCN)-based
ethod designed to identify spatial domains and detect spatially
ariable genes (SVGs) by integrating gene expression, spatial
ocation, and histology information in spatial transcriptomics
ata. The method first performs principal component analysis
PCA) on the normalized gene expression matrix and uses the top
0 principal components as the low-dimensional representation.
paGCN then constructs an undirected weighted graph that
ncorporates spatial proximity and histological similarity among
pots. A graph convolutional layer is applied to aggregate gene
xpression information from neighboring spots, followed by an
nsupervised iterative clustering algorithm to identify spatial
omains. In this study, we adopted the original implementation
nd default parameter settings of SpaGCN. For datasets with
istology information, SpaGCN incorporated histology-derived
eatures into the graph construction process. For datasets lack-
ng histological images, only spatial coordinates were used to
ompute distances between spots, and histology information was
xcluded from the spatial graph construction. 

patialPCA [ 12 ] implements a probabilistic principal component
odel for spatial dimensionality reduction designed to identify
patial domains in spatial transcriptomics data by integrating
ene expression profiles and spatial location information. Spa-
ialPCA leverages a spatial correlation kernel matrix to perform
imensionality reduction on gene expression data, generating
ow-dimensional latent representations that explicitly preserve
patial correlation patterns across tissue locations. To enhance
he detection of domain boundaries, SpatialPCA further imple-
ents spatial smoothing for more accurate modeling of spatial
imilarity. In this study, we applied the default parameter settings
o analyze the spatial transcriptomics data. 

nSDD [ 23 ] is an unsupervised ensemble learning framework
esigned to improve the accuracy and robustness of spatial
omain detection by integrating multiple clustering results. For
ach base clustering, a binary similarity matrix is constructed
o indicate whether any two spots belong to the same cluster.
nSDD jointly learns a consensus similarity matrix and a set
f weights for the base clusters by minimizing the weighted
uclidean distance between each base similarity matrix and the
onsensus, with an additional negative entropy regularization
erm to avoid dominance by any single clustering. Once the
onsensus matrix is obtained, the Louvain algorithm with an
daptive resolution parameter is applied to generate the final
patial domain assignments. In this study, to ensure a fair
omparison between EnSDD and our proposed method, we used
he same base clustering results as input for both methods.
his allowed the ensemble step in EnSDD to operate on the
ame underlying clustering information, ensuring consistency
nd comparability between the two approaches. 

EST [ 22 ] employs the WNN algorithm, originally developed
or multimodal single-cell data, to integrate embeddings obtained
rom multiple graph-based deep learning methods, thus enhanc-
ng performance. WEST considers five deep learning-based meth-
dvanced Science, 2026
ods: SpaGCN, SpaceFlow [ 54 ], SEDR, DeepST [ 7 ], and STAGATE.
These methods generate low-dimensional embeddings, which are
used as inputs for the WNN algorithm. Given the embeddings
from different methods, WEST integrates them by constructing a
weighted similarity matrix that captures the pairwise similarity
between all spots in the dataset. A weighted nearest-neighbor
graph is then built based on this matrix for spatial domain
identification. In real data analyses, WEST ensembles the two
best-performing methods because incorporating more than two
methods yields limited improvement while incurring high com-
putational cost. Since the base clustering of WEST differs from
that of our proposed method, we compare our results with the
WEST outcomes on the DLPFC dataset reported in the original
paper. 

4.1.4 Evaluation Metrics 

ARI : We utilize the ARI [ 55 ] to assess the spatial clustering
performance of different methods. ARI is an improved variant of
the Rand index (RI), used to measure the agreement between two
clustering results. Its value ranges from -1 to 1, with higher scores
indicating stronger consistency between partitions. We calculate
the ARI value using the adjusted RandIndex function within the
R package mclust. 

LISI : Local inverse Simpson’s index (LISI) [ 56 ] is used to quantify
the clustering performance for spatial domain detection. The
LISI score reflects the effective number of spatial domain labels
present in the local spatial neighborhood of a given spot, and it is
calculated as: 

LISI = 1 ∑𝐾 

𝑘= 1 𝑝 ( 𝑘) 

where p ( k ) is the probability of the spatial domain cluster k
appearing in the local neighborhood, and K is the total num-
ber of spatial domains. The LISI score is computed using the
“compute_lisi” function from the LISI R package with the default
parameter (perplexity = 15). A lower LISI score indicates that
the spot’s local neighborhood is composed of more homoge-
neous spatial domain clusters, reflecting better spatial clustering
performance. 

PAS : PAS score [ 12 ] evaluates the spatial inconsistency of spots
assigned to a cluster. It is defined as the proportion of a spot’s k
nearest neighbors ( k = 10) that have a different cluster label. A
spot is considered spatially inconsistent when 60% or more of its
neighbors belong to other clusters. A lower PAS score indicates
better spatial domain clustering, reflecting greater homogeneity
within spatial clusters. In other words, a smaller PAS score
suggests that the spots within a given cluster are more spatially
coherent and less likely to be randomly distributed. 

4.2 Simulation Design 

We performed comprehensive and realistic simulations to eval-
uate the performance of SpatialESD and compared it with its
corresponding base clustering methods, as well as with the
EnSDD ensemble method applied to the same set of base
13 of 18
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lustering. We leveraged the SRTsim [ 57 ] framework to generate
ynthetic datasets that preserve both gene expression character-
stics and spatial patterns of the reference dorsolateral prefrontal
ortex (DLPFC) [ 27 ] tissue slice (sample 151670, containing 3,498
patial spots, 18,311 genes, and 5 annotated tissue domains). The
imulation process followed a tissue-based strategy, wherein gene
xpression profiles and spatial coordinates from the reference
ataset were utilized to ensure structural and transcriptional
idelity. Spatial coordinates from the original dataset were directly
ncorporated into the synthetic data to maintain the spatial
rchitecture of the tissue. 

or each gene in the reference dataset, four count-based models,
amely Poisson, zero-inflated Poisson (ZIP), negative binomial
NB), and zero-inflated negative binomial (ZINB), were fitted.
he optimal model was selected based on the minimum Akaike
nformation Criterion (AIC), and its parameters were employed
o simulate gene-specific expression counts, preserving inherent
eatures such as overdispersion and zero inflation. To retain
patial expression patterns observed in the reference data, SRT-
im implemented a rank-ordering allocation mechanism. This
nvolved ranking spatial spots according to gene expression
ntensity in the reference dataset and assigning simulated counts
o corresponding spots in the synthetic dataset following the
ame rank order. This approach ensured that spatial gradi-
nts and domain-specific expression patterns were meticulously
eproduced. 

o validate simulation robustness, the process was repeated 20
imes with distinct random seeds. Outputs included spatial coor-
inate matrices, gene expression count matrices, estimated model
arameters, and random seeds, ensuring full reproducibility of
he synthetic datasets. The accuracy of spatial domain detection
n simulated data was quantified based on ARI, which mea-
ured concordance between clustering results and ground-truth
omain labels. Additionally, six evaluation metrics were applied
o assess global data fidelity: gene-level metrics (mean expression,
ariance, coefficient of variation, and zero proportion) and spot-
evel metrics (zero proportion and library size). These analyses
ollectively validated the ability of SRTsim to generate realistic
ynthetic ST data that recapitulate both transcriptional and
patial features of the original reference. 

.3 Real Data Analysis 

.3.1 Data Analyzed 

uman DLPFC ST data . The human dorsolateral prefrontal
ortex (DLPFC) ST data, generated using the 10x Visium platform,
s widely used as a benchmark for evaluating spatial domain
etection methods. It includes 12 postmortem tissue sections from
hree neurotypical adult donors, with each section containing
,460 to 4,789 spatial spots and expression profiles for 33,538
enes. Based on histological features, manual annotations define
ive to seven distinct regions, including cortical layers (Layers
–6) and white matter (WM) [ 27 ]. These annotations provide
round truth labels for performance assessment. The processed
ataset is publicly accessible via spatialLIBD ( https://github.com/
ieberInstitute/spatialLIBD ). 
4 of 18
Human breast cancer ST data . The human breast cancer
ST data were generated using the 10x Visium platform, con-
sisting of 3,798 spots and expression data for 36,601 genes
[ 26 ]. This dataset represents complex microenvironments and
highly heterogeneous characteristics of breast cancer. The data
have been manually annotated by a pathologist based on
hematoxylin and eosin (H&E) images and the spatial expres-
sion profiles of known breast cancer marker genes. This
annotation serves as the ground truth in our application
and is available at https://github.com/JinmiaoChenLab/SEDR_
analyses/blob/master/data/BRCA1/metadata.tsv. 

Human HER2-positive breast cancer ST data . ST data for
HER2-positive breast cancer were generated using the 10x Visium
platform. This dataset includes spatial gene expression and cell
type information from 36 samples collected from 8 HER2-positive
individuals (patients A-H). Each tumor ( n = 36 slices) had 3
(adjacent) or 6 (evenly distributed) slices [ 29 ]. Each slice contains
between 176 to 691 spots, capturing expression data for approx-
imately fifteen thousand genes. A pathologist examined and
annotated one slice of each tumor based on morphology in the
corresponding H&E image. Regions were labeled as carcinoma
in situ, invasive carcinoma, adipose tissue, immune infiltration,
or connective tissue. The data is available at https://github.com/
almaan/her2st . 

Human ovarian cancer ST data . ST data for human ovarian
cancer data were generated using the 10x Visium platform,
including 3,493 spots and 36,601 genes. Zhao et al. [ 9 ] per-
formed immunofluorescence staining on an ovarian cancer (OC)
sample (1 tissue slice, n = 3,493 spots) and conducted cell
segmentation based on the immunofluorescence stain image.
This segmentation data serves as a reference in our analysis. 

Human invasive ductal carcinoma (IDC) ST data . The human
IDC ST data were generated using the 10x Visium platform,
including 4,727 spots and 36,601 genes. Zhao et al. [ 9 ] performed
immunofluorescence staining on an IDC sample (1 tissue slice, n
= 4,727 spots) and conducted cell segmentation based on histo-
logical annotations. Regions were labeled as invasive carcinoma,
carcinoma in situ, benign hyperplasia, unclassified tumor, and
non-tumor areas. 

Axolotl brain data by Stereo-Seq . The axolotl (Ambystoma
mexicanum) telencephalon spatial transcriptomics data were
generated using the Stereo-seq platform. This technology utilizes
DNA nanoball patterned arrays to achieve subcellular transcript
capture, with an average of approximately 850 DNB spots per
cell area. To achieve single-cell resolution, cell boundaries were
determined by integrating nucleic acid staining with DNB images
using a watershed algorithm, which aggregated transcripts from
both the nucleus and surrounding cytoplasm. This paper uses
data from stage 57 of the axolotl brain, comprising 22,893 genes
across 4,410 spatial locations. Cell type identification was per-
formed based on known marker gene sets and verified by in
situ hybridization experiments [ 58 ]. The data are available for
download at https://db.cngb.org/stomics/artista/download . 

Mouse Embryo Slide-seqV2 data . This spatial transcriptomic
dataset was generated using the Slide-seqV2 platform, comprising
8,425 individual beads and expression profiles for 27,554 genes.
Advanced Science, 2026
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A

his data represents a representative slice from the embryonic
ay (E) 8.5 stage, precisely capturing the complex spatial organi-
ation, developmental heterogeneity, and the intricate molecular
andscape of tissue morphogenesis during the onset of organo-
enesis. To define cell identities, the authors computationally
apped the spatial beads to single-cell reference atlases and
anually curated 16 distinct cell states, serving as the reference
round truth for our study [ 59 ]. The dataset and its corresponding
nnotations are available at https://cellxgene.cziscience.com/
ollections/d74b6979- efba- 47cd- 990a- 9d80ccf29055 . 

.4 Downstream Analysis 

.4.1 Identifying Spatial Domain-Specific DEGs 

patialESD provides two methods to identify genes with domain-
pecif ic spatial expression patterns, especially those showing
ignificant differences across different spatial domains. The first
pproach uses the Wilcoxon test [ 60 ] to identify domain-specific
ifferentially expressed genes (DEGs), focusing on genes with a
og2 fold change greater than or equal to 1. These genes exhibit
ifferences in expression levels between the selected domain and
ther spatial domains. 

he second approach leverages spatial autocorrelation (SA) anal-
sis to characterize the spatial dependency of gene expression
cross tissue locations [ 61 ]. SA measures the extent to which gene
xpression values at nearby spots are correlated. To further assess
hether these DEGs exhibit localized spatial clusters within
pecific domains, we calculate the Local Getis and Ord’s Gi [ 62 ],
hich quantifies the degree of local spatial clustering of gene
xpression at each spot. This metric ranges from negative to
ositive values, where higher positive values indicate stronger
ocal spatial aggregation, suggesting the presence of “hot spots”
f elevated expression. Mathematically, the Local Getis and Ord’s
i is defined as: 

𝐺𝑖 ( 𝑘) =
∑

𝑗 
𝑐ij ( 𝑘) 𝑥𝑗 − 𝑉𝑖 𝜇

𝜎
{[

( 𝑛 − 1) 𝐵1 𝑖 − 𝑉2 
𝑖 

]
∕ ( 𝑛 − 1) 

}2 
, 𝑖 ≠ 𝑗 

here xj represents the gene expression in spot j , μ and σ are the
ean and standard deviation of gene expression across all spots,
xcluding spot i . cij ( k ) denotes the spatial distance between spots
 and j , and k is the number of spots closest to spot i . 𝑉𝑖 =

∑
𝑗 
𝑐𝑖𝑗 

nd 𝐵1 𝑖 =
∑

𝑗 
𝑐2 

𝑖𝑗 
. Local Getis and Ord’s Gi statistic is robust to

he choice of k which is set as 6 in our analysis. We use the localG
unction from the R package spdep for the calculation of Local
etis and Ord’s Gi statistic. 

.4.2 Enrichment Analysis 

e performed functional enrichment analysis on the differ-
ntially expressed genes identified from differential expression
nalysis using the KOBAS 3.0 online platform [ 63 ]. Specifically,
ene Ontology (GO) [ 64 ] annotation and Kyoto Encyclopedia of
enes and Genomes (KEGG) [ 65 ] pathway enrichment analyses
ere conducted to identify biological processes and signaling
dvanced Science, 2026
pathways potentially associated with disease progression. Sig-
nificance thresholds were defined as both P -value < 0.01 and
FDR-adjusted P -value < 0.01. Enriched pathways were visualized
using bubble plots to illustrate the proportion of genes involved
in each pathway. 

4.4.3 Trajectory Analysis 

We applied Slingshot [ 66 ] on the low-dimensional components
to uncover potential developmental trajectories among spatial
locations within the tissue. Cluster labels obtained from Spa-
tialESD were used as input to guide the inference. The Slingshot
algorithm was employed to construct trajectories and assign a
pseudo-time value to each spatial location. As is common in
most lineage inference methods, it was necessary to designate
a starting point, typically a specific cluster or cell, based on
biological knowledge. While this choice defines the direction of
the trajectory, it does not affect the relative positions of clusters
along it. For the IDC data, we specified the non-tumor region as
the start cluster, and for the OC data, the trajectory was anchored
at the CD45 region. 

4.4.4 Cell–Cell Communication Analysis 

We performed cell–cell communication analysis using CellChat
v2 [ 67 ], which includes an expanded ligand-receptor database,
additional functional annotations, and new comparison features.
A gene expression matrix normalized by the library size and
log-transformation was used as input. Cells were annotated
with corresponding cell type labels (e.g., tumor cells, immune
cells, fibroblasts), based on spot-level predictions using Seurat
and reference single-cell data from HumanPrimaryCellAtlasData
[ 68 ], following the annotation procedure described in the Seu-
rat spatial vignette ( https://satijalab.org/seurat/articles/spatial_
vignette.html ). We then constructed a CellChat object using
the expression matrix and the annotated cell type labels, refer-
encing CellChatDB.human for ligand-receptor interactions and
signaling pathways. Communication probabilities between cell
types were calculated based on the average expression of ligands
and receptors using the truncated mean method. The resulting
interaction networks were visualized using netVisual_aggregate,
netVisual_individual, and netVisual_diffInteraction, while the
roles of each cell group in sending or receiving signals were
assessed via the function netAnalysis_signalingRole_scatter and
netAnalysis_signalingRole_heatmap. These analyses enabled the
detection of dominant signaling cell types and active pathways
involved in intercellular communication. 
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