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Introduction
Spatial transcriptomics combines gene expression with 
spatial localization data, addressing the limitations of tra-
ditional transcriptomics [1, 2]. This integration enables a 
detailed analysis of tissue heterogeneity and underlying 
physiological mechanisms, offering valuable reference 
for clinical applications [3]. A central challenge in spatial 
transcriptomics is identifying spatial domains—regions 
with unique gene expression profiles that reflect func-
tional tissue structures, such as tumor microenvironment 
boundaries or neuronal layers in brain tissue [4]. The 
advent of deep learning facilitates this process by com-
pressing high-dimensional gene expression data from 
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Abstract
Background  The development of spatial transcriptomics (ST) has enabled biologists to measure transcriptome 
data on an entire tissue and retain spatial information. It gives us the opportunity to fully understand the tissue 
microenvironment and identify spatial domains. Deep learning techniques provide an effective way to capture the 
latent representation of spatial transcriptomics data.

Methods  In this paper, we propose a Hierarchical Spatial Transcriptomics variational autoencoder (HiSTaR) that 
employs multiple HiSTaR blocks to capture multi-level latent features from spots. These features were subsequently 
utilized for downstream analyses, including spatial domain identification and batch effect correction.

Results  HiSTaR tends to perform well in identifying spatial domains across multiple datasets from diverse platforms, 
consistently showing superior results compared to existing methods. HiSTaR also supports trajectory analysis and 
differential gene expression analysis, contributing to its validation. Furthermore, HiSTaR facilitates seamless integration 
of multiple tissue slices, effectively addressing batch effects without external tools—a key advantage for large-scale 
spatial transcriptomics studies.

Conclusion  HiSTaR offers an effective computational tool for spatial transcriptomics research. By capturing 
hierarchical latent features, it improves spatial domain identification. This framework holds potential to advance 
understanding of tissue heterogeneity and spatially resolved gene expression patterns.
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each spot into effective latent representations, enhancing 
the accuracy of downstream analyses.

Current methods for extracting latent representations 
primarily fall into two categories: non-spatial methods 
and spatial methods [5]. Non-spatial methods rely solely 
on gene expression data. The Louvain [6, 7] optimizes 
modularity by iteratively grouping spots into communi-
ties based on expression profiles, aiming to maximize 
intra-community similarity. Similarly, the Leiden [7, 8] 
refines this process by introducing a refinement step to 
correct for poorly connected nodes, improving cluster 
coherence. However, both methods usually resulted in 
fragmented clustering that divides continuous spatial 
regions into multiple pseudo-spatial domains because of 
ignoring spatial relationships between spots [9].

Spatial clustering methods combine spatial informa-
tion and gene expression data, enabling precise analysis 
of biological tissue spatial functional units. ST-SCSR [10] 
employed spatial networks through a matrix three-fac-
tor decomposition strategy, combining local, global, and 
meta-structural information (such as relations among 
spatial domains), extracting more effective latent rep-
resentations. SEDR [11] employed a variational graph 
autoencoder [12] with GCN [13] to ultimately derive 
latent representations. STAGATE [14] adopted an atten-
tion mechanism [15] to adaptively learn the similarity 
of neighboring spots and employed an adaptive graph 
attention autoencoder to ultimately derive effective latent 
representations. STMGraph [16] employed the Dynamic 
Graph Attention Transformer (DGAT) [17] and a dual 
re-masking algorithm, ultimately deriving latent rep-
resentations. DeepST [5] enhanced ST data by extract-
ing morphological features of image organization and 
employed denoising autoencoder with GCN, ultimately 
producing latent representations.

In this paper, we propose Hierarchical ST varia-
tional autoencoder (HiSTaR), which employs hierarchi-
cal blocks to extract multi-level latent representations. 
Results from diverse platforms, including 10x Genom-
ics Visium [18], Slide-seqV2 [19], Stereo-seq [20, 21], 
and STARmap [22], demonstrates the multi-level latent 
representations by HiSTaR have superior spatial domain 
identification compared to advanced methods like 
STAGATE and STMGraph. Additionally, by capturing 
hierarchical latent features, HiSTaR serves as an effective 
solution for batch correction, enabling direct alignment 
of multi-sample data and overcoming a major challenge 
in integrating heterogeneous tissue slices [23, 24]. There-
fore, HiSTaR represents a potential model, delivering 
superior spatial domain identification performance in 
spatial transcriptomics analysis.

Results
Overview of HiSTaR framework
Figure 1 shows an overview of the HiSTaR framework, 
which includes three key components: data processing, 
the HiSTaR model (comprising Encoder and Decoder), 
and downstream analysis. During data processing, the 
expression matrix is randomly masked [11], and k-near-
est neighbor (KNN) [25] is employed to construct an 
adjacency matrix from spatial transcriptomics coordi-
nates, effectively capturing spatial relationships. The HiS-
TaR model employs a hierarchical architecture to extract 
latent representations. The encoder comprises a fully 
connected layer followed by two hierarchical HiSTaR 
blocks. Initially, the fully connected layer extracts the 
base feature matrix F0 ∈ RN×d0 , where N  represents the 
number of spots and d0 represents the dimension of the 
base features. The first-level HiSTaR block uses the base 
feature matrix and the adjacency matrix to generate the 
initial spatial representation F1 ∈ RN×d1 , where d1 rep-
resents the dimension of the initial spatial representation. 
The second-level HiSTaR block then processes initial spa-
tial representation F1 and the adjacency matrix to pro-
duce the enhanced spatial representation F2 ∈ RN×d2 , 
where d2 represents the dimension of the enhanced spa-
tial representation. Then, the base feature matrix F0, the 
initial spatial representation F1, and the enhanced spa-
tial representation F2 are concatenated to form the final 
latent representation Z ∈ RN×(d0+d1+d2). The HiSTaR 
decoder reconstructs the gene expression matrix and 
the adjacency matrix from the latent representation Z . 
Finally, The HiSTaR framework uses the final latent rep-
resentation Z  to perform downstream analyses, includ-
ing spatial domain identification and batch-effects 
correction, facilitating the study of tissue heterogeneity. 

HiSTaR demonstrates enhanced performance in identifying 
known domains in Human Dorsolateral Prefrontal Cortex 
Dataset
Human dorsolateral prefrontal cortex dataset (DLPFC) 
[26] comprise 12 slices from three distinct human brains, 
collected using the 10x Genomics Visium spatial tran-
scriptome platform. Figure 2(A) illustrates a visualization 
of slice 151,673 from the DLPFC dataset, highlighting 
manually annotated cortical layers (Layer_1 to Layer_6) 
and white matter (WM) present in each slice of the data-
set. We compare the clustering performance of HiS-
TaR with several advanced methods, including Leiden 
Louvain, ST-SCSR, SEDR, STAGATE, STMGraph, and 
DeepST. Figure 2(B) illustrates a visualization of the 
spatial domain identification results for above methods 
on DLPFC slice #151673, presenting the adjusted Rand 
index (ARI) [27] scores for each method, where HiSTaR 
displays smooth results with clear edges and records the 



Page 3 of 16Yu et al. Journal of Translational Medicine         (2025) 23:1416 

highest ARI score of 0.7182, comparing favorably with 
the other methods. 

Figure 2(C) shows a boxplot of the adjusted Rand index 
(ARI) [27], normalized mutual information (NMI) [28], 
and Fowlkes-Mallows score (FMS) [29] scores for the 
clustering results of the tested models across 12 DLPFC 
dataset slices. HiSTaR achieving a median ARI of 0.65 
and a peak ARI of 0.76 across 12 DLPFC dataset slices, 
with median NMI and FMS of 0.73 and 0.76 respectively, 
demonstrating effective clustering performance. In com-
parison, non-spatial methods like Leiden and Louvain, 
which rely solely on gene expression data, produce lower 
median ARI scores of approximately 0.3, often resulting 
in fragmented clusters due to their neglect of spatial rela-
tionships. Spatial clustering methods, such as STAGATE 
and STMGraph, use graph attention networks (GAT and 
DGAT, respectively) to incorporate spatial dependencies, 
yielding median ARI scores of around 0.54 and median 
FMS scores of 0.63 and 0.66, respectively. The ARI, NMI, 
and FMS scores for the 12 slices of DLPFC, derived from 
the above methods, are presented in Supplementary Fig. 
S1 and Tables S1–S3.

Additionally, Fig. 2(D) shows the UMAP [30] of PAGA 
trajectory [31] for STAGATE, STMGraph, and HiS-
TaR on the DLPFC slice #151673. Their trajectories are 

1→3→WM→5→2→6→4, 1→6→2→3→4→5→WM 
and 6→5→WM→1→2→3→4 respectively. Obviously, 
STMGraph and HiSTaR could capture the layer orders 
somewhat better aligning with the expected order, while 
STAGATE completely fails in this view.

HiSTaR effectively identifies tumor domains in human 
breast cancer dataset
Human breast cancer dataset (HBC) [32] from the 
10x Genomics Visium spatial transcriptome platform 
includes 3798 spots and 36,601 genes derived from a 
single tissue slice. Figure 3(A) illustrates a visualization 
of a breast cancer tissue slice with manually annotated 
regions, including ductal carcinoma in situ/lobular car-
cinoma in situ (DCIS/LCIS), invasive ductal carcinoma 
(IDC), healthy tissue (Healthy), and tumor periphery 
(Tumor_edge), where a black box highlights two spe-
cific cancer regions (IDC_3 in the lower left and DCIS/
LCIS_2 at the right edge) for evaluate spatial domain 
identification methods. 

Figure 3(B) illustrates a visualization of the spatial 
domain identification for HiSTaR, STAGATE, and STM-
Graph on the HBC dataset, featuring two fine-grained 
regions, IDC_3 and DCIS/LCIS_2, marked by two black 
boxes. Beyond IDC_3 and DCIS/LCIS_2, HiSTaR excels 

Fig. 1  Overview of HiSTaR framework. Framework comprises three components: data process, HiSTaR (encoder and decoder), and downstream analysis. 
In data process, the gene expression matrix is randomly masked, and the adjacency matrix is constructed. The encoder includes a fully connected net-
work and two-level HiSTaR blocks to capture multilevel latent representations and the decoder reconstructs the expression matrix and the adjacency 
matrix. Latent representations can be used to perform downstream analyses, including spatial domain identification and batch-effects correction
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Fig. 2  HiSTaR is evaluated in human DLPFC dataset. (a) Ground truth of spatial domains in slice #151673 from the human DLPFC dataset. (b) Spatial 
domain identification results on slice #151673 from the human DLPFC dataset, generated by Leiden, Louvain, ST-SCSR, sedr, STAGATE, STMGraph, DeepST, 
and HiSTaR. (c) Quantitative comparison of spatial domain identification across all 12 slices of the human DLPFC dataset, evaluated using ARI, NMI, and 
FMS metrics. (d) Umap plots and PAGA visualizations of the latent space representations learned by STAGATE, STMGraph, and HiSTaR on slice #151673 
from the human DLPFC dataset
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in separating healthy tissue from tumor margins, with 
an ARI of 0.4481 compared to STAGATEs 0.4335 and 
STMGraph’s 0.4977. This improved spatial coherence, 
when compared to STAGATE, is evident in the smoother 
transitions and clearer boundaries observed in the spa-
tial visualizations, providing a more biologically intuitive 
separation of these critical domains.

To investigate the molecular basis of these spatial 
domains, we perform a differential expression genes 
(DEGs) analysis [33] to identify marker genes associated 
with each region [34]. Figure 3(C) shows Dot plot of the 
top three DEGs for each spatial domain, while Fig. 3(D) 
shows two key marker genes: MS4A1 (left) and KRT14 
(right). MS4A1 expression in IDC_3, consistent with 
its role in enhancing immune cell activity (e.g., CD8+ T 
cells) and potentially inhibiting tumor progression [35]. 
Similarly, KRT14 in the DCIS/LCIS_2 domain, which 
indicate that DCIS retains more basal epithelial cell char-
acteristics. This aligns with KRT14ʹs high expression in 
DCIS in breast cancer tissue samples [36].

HiSTaR effectively identifies spatial domains across diverse 
platforms
Figure 4(A) shows a brain atlas from the Allen Mouse 
Brain Atlas [37] as a reference, while Fig. 4(B) shows an 
H&E-stained image from a mouse brain dataset obtained 
via the 10x Genomics Visium platform, together offering 
support for the subsequent spatial domain identification 

analysis. Figure 4(C) illustrates a visualization of HiSTaR’s 
delineation of key brain regions, including the cornu 
ammonis and dentate gyrus, with boundaries align-
ing with reference annotations, compared to STAGATE 
and STMGraph, which show less consistent alignment. 
The UMAP plot presents the clustering performance of 
HiSTaR, STAGATE, and STMGraph, conveying greater 
cohesion within domains and clearer separation between 
domains for HiSTaR. 

Figure 4(D) shows a DAPI-stained image as a reference 
for the mouse olfactory bulb (MOB) dataset obtained 
from the Stereo-seq platform. Figure 4(E) illustrates a 
visualization of the spatial domain identification results 
for HiSTaR, STAGATE, and STMGraph, featuring three 
regions (the rostral migratory stream (RMS), granule cell 
layer (GCL), and external plexiform layer (EPL)) marked 
by a black box. In the zoomed-in view, HiSTaR displays 
the clearest edges, while STAGATE and STMGraph 
appear cluttered, suggesting HiSTaR may offer better-
defined boundaries that align with biological references. 
The UMAP plot displays the spot distributions of HiS-
TaR, STAGATE, and STMGraph, revealing HiSTaR’s 
spot distribution as more gathered with greater cohesion 
within domains and clearer separation between domains. 
The silhouette coefficient (SC) [38], which assesses clus-
ter cohesion and separation, registers values of 0.5609 
(HiSTaR), 0.5313 (STAGATE), and 0.5212 (STMGraph), 

Fig. 3  HiSTaR is evaluated on human breast cancer dataset. (a) Ground truth annotations of spatial domains in the human breast cancer dataset. (b) 
Spatial domain identification results on the human breast cancer dataset, generated by STAGATE, STMGraph, and HiSTaR. (c) Dot plot of the top three 
differentially expressed genes (DEGs) in each spatial domain. Circle color indicates gene expression level, while circle size reflects the proportion of spots 
expressing the gene. (d) Representative spatial expression patterns of MS4A1 (left) and KRT14 (right)
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Fig. 4 (See legend on next page.)
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suggesting HiSTaR exhibit more defined spatial domain 
boundaries.

Figure 4(F) shows a MOB atlas from the Allen Mouse 
Brain Atlas as a reference for the mouse olfactory bulb 
(MOB) dataset from the Slide-seqV2 platform. Fig-
ure 4(G) illustrates a visualization of the spatial domain 
identification for HiSTaR, STAGATE, and STMGraph, 
featuring three regions (the accessory olfactory bulb 
(AOB), accessory olfactory bulb granular layer (AOBgr), 
and rostral migratory stream (RMS)) marked by a black 
box. In this view, HiSTaR achieves a silhouette score of 
0.5307, compared to 0.5550 for STAGATE and 0.5611 for 
STMGraph, indicating competitive intra-domain cohe-
sion and inter-domain separation despite a slight numeri-
cal difference. HiSTaR displays the clearest edges, while 
STAGATE and STMGraph appear cluttered, suggest-
ing a potential difference in boundary definition. Figure 
4(H) shows the spatial visualization, witch upper panel 
displaying HiSTaR’s identified spatial domains and the 
lower panel presenting the high-expression marker genes 
for these domains, such as Mbp for the rostral migratory 
stream (RMS) and Fxyd6 for the accessory olfactory bulb 
(AOB), with the identification suggesting alignment with 
these gene expressions. Higher resolution figure in Sup-
plementary Material Fig. S2.

Figure 4(I) shows the Ground Truth for the mouse 
visual cortex dataset from the STARmap platform as a 
reference. Figure 4(J) illustrates a visualization of the spa-
tial domain identification for HiSTaR, STAGATE, and 
STMGraph. Within this visualization, HiSTaR exhibits 
distinct layering for L1, represented by green spots, and 
L5, represented by brown spots, while STAGATE shows 
overlap across three different regions, and STMGraph’s 
identification reveals L1 encroaching on the L5 area. The 
adjusted Rand index (ARI) scores are 0.5570 for STAG-
ATE, 0.6016 for STMGraph, and 0.6683 for HiSTaR, 
reflecting their respective accuracies.

In this section, we employ ST data from 10x Genom-
ics Visium, Stereo-seq, Slide-seqV2, and STARmap 
platforms to evaluate HiSTaR for spatial domain identi-
fication. Results indicating that, compared to STAGATE 
and STMGraph, HiSTaR tends to show improved per-
formance through smoother boundaries and more con-
sistent identification. This suggests that HiSTaR holds 
potential for generalizability across multi-platform data 
in spatial transcriptomics research.

HiSTaR effectively corrects batch-effects across 
multiple slices
We assess HiSTaR’s potential to correct batch-effects 
using three datasets, obtained from the 10x Genom-
ics Visium platform. The first includes two vertical sec-
tions (Sect. 1 & Sect. 2) of mouse breast cancer tissue, 
capturing tumor heterogeneity. The second includes two 
vertical sections (Sect. 1 & Sect. 2) of mouse brain tis-
sue, representing complex neural structures. The third 
includes of two horizontal sections (Anterior & Poste-
rior) of mouse brain tissue.

For the vertical sections, we first examine mouse breast 
cancer dataset, with aligned images shown in Fig. 5(A). 
Figure 5(B) shows UMAP plots visualizing clustering pat-
terns between Sect. 1 & Sect. 2, highlighting batch-effects 
through differences in cluster distributions. HiSTaR, 
unlike methods relying on PASTE [39], directly corrects 
these batch-effects. Figure 5(C) shows a boxplot display-
ing the integrated local inverse Simpson index (iLISI) 
[40] scores for HiSTaR, STAGATE, and STMGraph, 
where HiSTaR and STAGATE exhibit median scores 
of approximately 1.4, suggesting a trend of similar per-
formance, while both lead STMGraph with its median 
score of around 1.3. Fig. 5(D) illustrates a visualization 
of the integration performance for HiSTaR, STAGATE, 
and STMGraph, featuring both UMAP plots and spatial 
domain identification results. The UMAP visualization 
presents the distribution of spots for the two slices, aim-
ing for uniform mixing of blue spots representing Sect. 
1 and orange spots representing Sect. 2. In the UMAPs 
for STAGATE and STMGraph, gaps persist between 
the blue spots of Sect. 1 and the orange spots of Sect. 
2, whereas HiSTaR’s UMAP suggests greater uniformity 
in blending these two sections. Additionally, the UMAP 
colored by cluster assignments indicates that HiSTaR 
and STAGATE exhibits better separation between dif-
ferent categories compared to STMGraph. Next, it is the 
spatial domain identification results of above methods, 
where HiSTaR suggests clearer domain boundaries and 
better alignment between the two sections, while STAG-
ATE and STMGraph tend to exhibit scattered spots and 
poorer alignment between their identified regions. Simi-
larly, for the mouse brain coronal vertical sections, Fig. 
5(E) shows aligned images and Fig. 5(F) shows UMAP 
plots that together illustrate the presence of batch-effects 
across mouse brain vertical sections. Figure 5(G) shows 

(See figure on previous page.)
Fig. 4  HiSTaR is evaluated on multiple datasets from diverse platforms. (a) Reference atlas from the Allen Mouse Brain atlas. (b) H&E-stained image of 
the mouse brain tissue section. (c) Spatial domain identification results and UMAP plots of the mouse brain dataset generated by STAGATE, STMGraph, 
and HiSTaR, based on the 10x genomics visium platform. (d) DAPI-stained image of the mouse olfactory bulb. (e) Spatial domain identification results 
and UMAP plots of the mouse olfactory bulb dataset generated by STAGATE, STMGraph, and HiSTaR, based on the stereo-seq platform. (f) Reference atlas 
from the Allen Mouse olfactory bulb atlas. (g) Spatial domain identification results of the mouse olfactory bulb dataset generated by STAGATE, STMGraph, 
and HiSTaR, based on the silde-seqV2 platform. (h) Spatial domains identified by HiSTaR (upper) and the corresponding expression patterns of a specific 
biomarker genes (lower). (i) Ground truth of mouse visual cortex dataset. (j) Spatial domain identified by STAGATE, STMGraph, and HiSTaR, based on the 
STARmap platform
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Fig. 5 (See legend on next page.)
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a boxplot presenting the iLISI scores for HiSTaR, STAG-
ATE, and STMGraph, where HiSTaR records the highest 
median score of 1.97, indicating its potential to address 
batch-effects. Figure 5(H) illustrates a visualization of 
the integration performance for these methods, featuring 
UMAP plots and spatial domain identification results; 
the UMAP plots reveal the mixing of spots post-integra-
tion, with HiSTaR showing the most uniform blending 
across the two sections, while the spatial domain identifi-
cation suggests HiSTaR’s edges appear the clearest, com-
pared to the less defined boundaries of STAGATE and 
STMGraph. 

For the horizontal sections of the mouse brain, we ana-
lyze the Anterior and Posterior sections, Fig. 5(I)–(K) 
shows an aligned visual, reference annotations from the 
Allen Mouse Brain Atlas, and an H&E-stained visualiza-
tion, respectively, supporting as references the experi-
mental analysis, where the annotations and H&E image 
feature a black box in the middle highlighting the mouse 
hippocampus, including the “Dentate Gyrus” and “Cornu 
Ammonis” domains, and a black box on the right indi-
cating the mouse cerebellum with complex cortical struc-
tures, including the Purkinje cell layer (PkH), molecular 
layer (MolH), and internal granular layer (IGrH). Figure 
5(L) illustrates a visualization of the spatial domain iden-
tification results for STAGATE, STMGraph, and HiSTaR, 
featuring a black box in the middle highlighting the hip-
pocampal region where HiSTaR indicates potential for 
effectively identifying the “Dentate Gyrus” and “Cornu 
Ammonis” structures, while STAGATE and STMGraph 
tend to treat this area as a whole region, undifferentiated 
domain. Additionally, a black box on the right highlights 
the cerebellar region, where HiSTaR suggests clearer 
edges of PKH MolH and IGrH, and minimal scattered 
spots in identifying complex cortical structures, con-
trasting with STAGATE and STMGraph, which display 
numerous scattered spots and less effective identification.

Evaluating HiSTaR’s Hierarchical Structure via Ablation 
Experiments
HiSTaR relies on two key components: a multi-hop graph 
convolutional network (multi-hop GCN) and a cross-
level similarity loss (Lsim). The multi-hop GCN inte-
grates features from neighboring spots in tissue sections, 
capturing spatial relationships across multiple scales. The 
cross-level similarity loss ensures consistency between 
initial and enhanced spatial representations, stabilizing 

the model’s ability to identify spatial domains. We assess 
variants with one, two, or three HiSTaR Blocks (Nblocks) 
and test configurations with or without multi-hop GCN 
andLsim.

To validate the effectiveness, Table 1 shows ARI, NMI, 
and FMS of HiSTaR variants on the Human DLPFC slice 
#151673. The feature extraction process varies with the 
number of HiSTaR Blocks: a single block produces fea-
tures (F0, F1), two blocks yield (F0, F1, F2), and three 
blocks generate (F0, F1, F2, F3), reflecting the hierarchi-
cal representation captured. For instance, a single HiS-
TaR Block with multi-hop GCN, but without Lsim (due 
to its requirement for at least two blocks), achieves ARI 
score of 0.6359, indicating moderate performance. Vari-
ants with two blocks but lacking the Lsim struggle to 
generate effective latent representations, as its absence 
leads to inconsistencies between spatial representa-
tions (F1, F2), resulting in errors when clustering with 
the mclust package [41]. This suggests that the missing 
Lsim may hinder the model’s ability to maintain coher-
ent spatial features during the process. In contrast, the 
complete two-block HiSTaR model, incorporating both 
multi-hop GCN and Lsim, achieves the highest ARI 
score of 0.7182, suggesting optimal performance. For the 
three-block configuration, similar to two-block situation, 
the absence of Lsim prevents effective latent representa-
tion. On the other hand, using only Lsim without multi-
hop GCN limits long-range dependencies, which also 
reduces performance. When both components are used 
together, the three-block HiSTaR variant performs well. 
However, having three spatial representations may intro-
duce redundant information, which could slightly lower 
its performance compared to the two-block model. These 
results indicate that the combination of multi-hop GCN 
and Lsim in a two-block configuration enhances HiS-
TaR’s ability to accurately identify spatial domains, offer-
ing an effective tool for spatial transcriptomics research. 

HiSTaR demonstrates competitive computational 
efficiency in Spatial Domain Identification
We evaluate the computational efficiency of HiSTaR, 
STAGATE, STMGraph, and DeepST using the DLPFC 
Slice #151673 as an example, with experimental hardware 
comprising an AMD Ryzen 95900HX 16-core processor, 
an NVIDIA GeForce RTX 3060, and 16GB of memory. 
Table 2 presents the total number of epochs (Epoch_
num), average training time per epoch (Epoch_time), and 

(See figure on previous page.)
Fig. 5  HiSTaR corrects batch-effects on multiple slices. (a) Vertical alignment of spatial Sect. 1 and Sect. 2 from the mouse breast cancer dataset. (b) UMAP 
plot of Sect. 1 and Sect. 2. (c) Boxplot of iLISI scores for STAGATE, STMGraph, and HiSTaR. (d) Clustering results (left) and spatial domain identification results 
(right) after batch-effects correction by STAGATE, STMGraph, and HiSTaR. (e) Vertical alignment of spatial Sect. 1 and Sect. 2 from the mouse brain dataset. 
(f) UMAP plot of Sect. 1 and Sect. 2. (g) Boxplot of iLISI scores for STAGATE, STMGraph, and HiSTaR. (h) Clustering results (left) and spatial domain identifica-
tion results (right) after batch-effects correction by STAGATE, STMGraph, and HiSTaR. (i) Alignment of anterior and posterior sections from the mouse brain 
dataset. (j) Reference annotations from the Allen mouse brain Atlas. (k) H&E-stained images of aligned anterior and posterior, with PkH, MolH, and IGrH. 
(l) Spatial domain after batch-effects correction by STAGATE, STMGraph, and HiSTaR
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total training time (Total_time) for these methods, offer-
ing insights into their computational demands on this 
setup. 

HiSTaR demonstrates optimal performance in terms 
of epoch numbers, requiring only 400 epochs to achieve 
a good fit, thanks to its streamlined and efficient struc-
ture. HiSTaR also excels in average training time per 
epoch, with an Epoch_time of 0.048 seconds, reported 
epochs reflect convergence points, with HiSTaR achiev-
ing optimal performance at 400 epochs, while others 
required more due to slower stabilization. contributing to 
its overall efficiency. This leads to HiSTaR’s shortest total 
training time of 27.29 seconds, contrasting with 44.59s 
(STAGATE), 96.56s (STMGraph), and 273.88s (DeepST), 
suggesting its effectiveness across these metrics, with 
further performance indicators and comparisons detailed 
in Supplementary Materials Table S4.

Conclusion
Spatial transcriptomics represents a transformative 
approach in biological research, enabling the study of 
gene expression within the spatial context of tissues. A 
fundamental aspect of this field is spatial domain identifi-
cation, which plays a critical role in uncovering the intri-
cate organization of cells and their interactions within 
tissue architecture. However, a significant challenge per-
sists in effectively capturing long-range dependencies 
among spots. Traditional methods often struggle to fully 
represent the complex spatial patterns inherent in spatial 
transcriptomics data.

To address this limitation, we introduce the Hierar-
chical ST variational autoencoder (HiSTaR), a poten-
tial method designed to enhance spatial domain 

identification. HiSTaR supports spatial domain iden-
tification by integrating multi-hop GCN and a hier-
archical structure through a series of HiSTaR Blocks 
alongside a variational autoencoder. Multi-hop GCN 
connects spots beyond immediate neighbors to include 
long-range dependencies while the hierarchical struc-
ture blends local and global features across scales, sup-
ported by cross-level similarity loss that helps maintain 
semantic consistency and enrich the representation of 
spatial domains. HiSTaR’s hierarchical feature extrac-
tion provides a window into its decision-making by 
aligning F0 with raw gene expression profiles that 
reflect local cellular states, F1 with spatially coordi-
nated gene activities indicative of tissue microenviron-
ments such as tumor boundaries or neuronal layers, 
and F2with broader biological patterns that reveal 
functional tissue zones, such as immune cell infiltration 
gradients in cancer tissues. The variational autoencoder 
complements this design by providing a probabilistic 
framework that addresses data uncertainty and vari-
ability, thereby strengthening the comprehensive nature 
of latent representations.

HiSTaR demonstrates its potential in spatial domain 
identification across diverse datasets, including the 
human dorsolateral prefrontal cortex (DLPFC), where 
it suggests effective delineation of domains, and the 
Human Breast Cancer (HBC) dataset, where it reveals 
fine-grained tumor structures with greater visual con-
sistency compared to STAGATE and STMGraph. Across 
multi-platform mouse brain datasets, HiSTaR recog-
nizes key regions with boundaries that align reasonably 
well with biological references, supported by a cohesive 
clustering pattern, reflecting its ability to capture spatial 
relationships. Additionally, the PAGA trajectory analysis 
of HiSTaR (6→5→WM→1→2→3→4) in the DLPFC #151673 
outperforms STAGATE, though it deviates from the 
expected linear cortical layering (L1 through L6 to WM). 
This difference likely arises from transcriptional noise 
and biological variability in the data, as well as HiSTaR’s 
hierarchical assumptions, which may emphasize devel-
opmental patterns like inside-out cortical neurogenesis 
over strict spatial progression, highlighting a need for 
future refinements with anatomical priors. Furthermore, 
HiSTaR shows promise in addressing batch-effects across 
multiple slices, offering a useful approach to integrat-
ing data while preserving biological distinctions, which 
supports its application in comprehensive studies. More 
downstream analysis in supplementary materials.

The practical value of HiSTaR stems from its compu-
tational efficiency, enable its use with high-resolution 
single-cell data, such as from Stereo-seq, and large-
scale tissue sections. This efficient resource use extends 
HiSTaR’s applicability across various platforms, includ-
ing 10x Genomics Visium, Slide-seqV2, and STARmap, 

Table 1  ARI, NMI, and FMS scores for HiSTaR variants on human 
DLPFC slice #151673
Nblocks Multi-hop 

GCN
Lsim ARI NMI FMS

1(F0, F1) ✓ - 0.6359 0.7106 0.7018
2(F0, F1, F2) ✓ ✖ Failed Failed Failed
2(F0, F1, F2) ✖ ✓ 0.6518 0.7210 0.7163
2(F0, F1, F2) ✓ ✓ 0.7182 0.7535 0.7736
3(F0, F1, F2, F3) ✓ ✖ Failed Failed Failed
3(F0, F1, F2, F3) ✖ ✓ 0.6601 0.7298 0.7221
3(F0, F1, F2, F3) ✓ ✓ 0.6931 0.7483 0.7702
-: Cannot be applied Lsim . Failed: Failure to perform clustering using mclust

Table 2  Computational efficiency for STMGraph, STAGATE, 
DeepST, and HiSTaR on DLPFC slice #151673

Epoch_num Epoch_time (s) Total_time (s)
STMGraph 1000 0.468 96.56
STAGATE 1000 0.299 44.59
DeepST 1800 0.039 273.88
HiSTaR 400 0.048 27.29
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catering to a range of research needs. As a result, HiSTaR 
provides a versatile tool for analyzing complex spatial 
transcriptomic datasets, facilitating insights into tissue 
architecture and cellular diversity.

In the future, HiSTaR can make some improvements 
in the automatic optimization of hyperparameters, espe-
cially in the cross-level similarity loss. At present, the 
performance of HiSTaR is very sensitive to the setting of 
cross-level similarity loss, which will affect the stability of 
the model. These hyperparameters were tuned using grid 
search, with details provided in supplementary materi-
als Table S5. Developing an adaptive parameter learn-
ing framework might simplify the process of selecting 
optimal hyperparameters for different datasets. Beyond 
hyperparameter sensitivity, HiSTaR may face constraints 
with discontinuous tissue geometries, such as fragmented 
or irregularly shaped regions, where KNN-based adja-
cency could introduce artifacts; future work could incor-
porate adaptive graphs. Additionally, future versions of 
HiSTaR could benefit from integrating multimodal data, 
such as gene co-expression networks or morphologi-
cal information from H&E images [42], to enrich model 
interpretability and support fine-grained identification. 
Building on adaptive hyperparameter learning and mul-
timodal integration, hierarchical models like HiSTaR 
hold promise for future spatial omics data, such as spa-
tial proteomics (e.g., integrating protein localization with 
transcriptomics) and spatial metabolomics (e.g., map-
ping metabolite distributions in disease contexts). This 
could enable comprehensive multi-omics views of tissue 
microenvironments, accelerating discoveries in precision 
medicine and systems biology. Potential improvements 
include creating an adaptive framework for hyperpa-
rameter learning and incorporating multimodal data 
to expand HiSTaR’s utility in complex spatial transcrip-
tomics scenarios. Continued validation across a wide 
range of datasets remains essential to ensure its effective-
ness and adaptability in diverse research contexts.

Materials and methods
Data description
HiSTaR is adaptable to spatial transcriptomics data from 
diverse sequencing platforms, including 10x Genom-
ics Visium, Stereo-seq, Slide-seqV2, and STARmap. 
Specifically, the human dorsolateral prefrontal cortex 
(DLPFC) dataset and the human breast cancer dataset 
are derived from the 10x Genomics Visium platform. The 
DLPFC dataset comprises 12 slices from three human 
donors, with a sequencing resolution of approximately 
55 micrometers, and each slice includes pre-annotated 
regions of DLPFC and white matter (WM). The human 
breast cancer dataset contains 3798 spots. Addition-
ally, Stereo-seq, Slide-seqV2, and STARmap are high-
resolution single-cell sequencing platforms. The mouse 

olfactory bulb (MOB) datasets from Stereo-seq and 
Slide-seqV2 offer spatial resolutions of approximately 
14 and 10 micrometers, respectively, with 191,091 and 
201,391 spots, respectively. The mouse visual cortex 
dataset, generated by STARmap, includes 1207 spots. 
For batch-effects correction experiments, we utilized the 
mouse breast cancer dataset, divided into two sections 
with a total of 3818 spots, and the mouse brain dataset, 
also split into two sections (anterior and posterior) with 
a total of 6114 spots. Furthermore, we incorporated pub-
licly available annotation map images downloaded from 
the Allen Brain Atlas website to support the analysis.

Data preprocessing
After obtaining the spatial coordinate information and 
gene expression information of spatial transcriptomics 
(ST) data, HiSTaR first performs logarithmic transforma-
tion to normalize the original gene expression data, and 
then selects highly variable genes. Finally, it uses PCA 
to reduce the dimension of the highly variable genes 
selected earlier to the input dimension of the model. The 
above operations are implemented using Scanpy [33] and 
Scikit-learn packages [43].

Graph construction for spatial transcriptomics data
The biggest difference between spatial transcriptomics 
and traditional transcriptomics is that spatial transcrip-
tomics utilizes the spatial relationship between spots, 
which allows us to better identify specific tissues. We 
obtain the spatial coordinates of each spot in the spatial 
transcriptomics data. To obtain a network that can rep-
resent spatial relationships, we calculate the Euclidean 
distance between spots and select K  spots as neighbors 
around the target spot, using KNN to construct an adja-
cency matrix. This adjacency matrix is represented by 
A, and if Aij = Aji = 1, then Spoti and Spotj  are neigh-
bors, otherwise 0. In order to save CPU Memory usage 
and speed up calculation efficiency, the adjacency matrix 
A is stored in a sparse format.

HiSTaR Block
Effective utilization of spatial information in spatial tran-
scriptomics (ST) data helps enhance the identification of 
spatial domains. Within the HiSTaR framework, the HiS-
TaR Block, a key component of the HiSTaR Encoder, sup-
ports the integration of expression matrices with spatial 
data, facilitating a hierarchy of local-to-global features 
and latent representation learning through a collabora-
tive structure of multi-hop graph convolution [44] and 
variational inference. This module consists of a multi-hop 
graph convolution network [44] (Multi-Hop GCN) and 
variational parameter generation unit, and its core design 
is as follows:
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Multi-scale neighborhood feature extraction: Due 
to the differentiation laws of biological tissues and struc-
tures, the biological expression forms of spots are usu-
ally the same within a certain tissue or a certain spatial 
domain. Therefore, it is particularly important to make 
good use of these spots with the same biological expres-
sion. Traditional methods may use GCN or GAT as tools 
to integrate spatial information and expression informa-
tion, but their “receptive fields” usually only stay in the 
vicinity of the target spot and ignore the information of 
more distant spots, which may lead to useful information 
being ignored, thus losing the model’s ability to identify 
spatial domains.

Therefore, we use Multi-Hop GCN as a feature extrac-
tion tool in the HiSTaR Block, aiming to break through 
the local perception limitations of traditional GCN by 
aggregating information from multi-hop neighborhoods 
of nodes, thus more comprehensively modeling the 
global topological relationships and long-range depen-
dencies in the graph, and capturing the complex spatial 
interactions between spots and the multi-scale features 
of gene expression patterns. Multi-Hop GCN extends the 
graph convolution operation to the k-hop neighborhood. 
Its core idea is: by iteratively or explicitly aggregating fea-
tures within the k-hop neighborhood, nodes can perceive 
a wider range of spatial or functional correlations. To save 
Memory usage and avoid the amplification of noise in the 
k-hop adjacency matrix Ãk (k = 1, 2, . . . , k) caused by 
the calculation of the adjacency matrix powers, result-
ing in numerical instability, we use an implicit Multi-Hop 
GCN to capture spatial patterns. Assuming that the input 
data of our HiSTaR Block is a gene expression matrix 
X ∈ RN×d, there are N  spots, each spot has d-dimen-
sional features, and the adjacency matrix A ∈ RN×N , if 
Spoti is connected to Spotj  then Aij = Aji = 1, other-
wise 0. HiSTaR Block will first normalize the adjacency 
matrix: 

	
=
A D−1/2AD−1/2

Where D is the degree matrix, Dii =
∑
j

Aij . Then we 

will perform the first graph convolution operation, which 
is a single-hop graph convolution at this time. The single-
hop graph convolution operation updates the features by 
aggregating the first-order neighbors (directly connected 
nodes) of the node: 

	
F (1) = σ

(
X

A W (1)
)

Where W (1) ∈ Rd×h is the trainable weight matrix, 
and h is the dimension of the hidden layer. σ (·) is the 

activation function (such as ReLU ). Then, a multi-hop 
operation will be performed, where L layers of GCN are 
stacked, and the output of each layer is used as the input 
of the next layer to achieve implicit multi-hop informa-
tion aggregation. The output of the L layer is: 

	
F (l) = σ

(
F (l−1)

A W (l)
)

, l = 1, 2, . . . , L

Where F (0) = X  is the initial gene expression matrix.
In the HiSTaR Block, the L = 2 layer design of the 

implicit multi-hop GCN: The first layer GCN aggregates 
the gene expression of adjacent cells (1-hop), identifying 
local co-expression modules. The second layer GCN cap-
tures the long-distance associations across tissue regions 
(2-hop), modeling cell groups that are functionally simi-
lar but spatially dispersed. Unlike stacking standard GCN 
layers, which propagate messages sequentially and may 
dilute distant signals, HiSTaR’s implicit multi-hop GCN 
employs a SoftMax-weighted aggregation that directly 
computes attention over extended neighborhoods via a 
powered adjacency matrix (Ãk for k hops), enabling effi-
cient capture of long-range dependencies in a single layer. 
To highlight the importance of one-hop neighbors to the 
target spot, we set θ as the weighted fusion weight of dif-
ferent hop adjacency matrices, use residual connection 
plus the original input matrix, and apply an activation 
function. The formula for the 2-hop graph convolution 
network used by HiSTaR Block is as follows: 

	
Fmulti−hop = σ

(
K∑

k=1

softmax(θ)k · Ãk (XW ) + X

)

Where Fmulti−hop ∈ RN×d1  is the feature output of the 
multi-hop graph convolution in the HiSTaR Block, and 
Ãk represents the normalized weight of the k − hop 
path from node i to j. The implicit multi-hop graph 
convolution network of the HiSTaR Block is superior 
to traditional graph convolution networks in terms of 
computational efficiency, hierarchical learning, and anti-
overfitting, and is particularly suitable for multi-scale cor-
relation modeling tasks such as spatial transcriptomics.

Variational parameter generation unit is responsible 
for mapping the features extracted by multi-hop GCN 
into the probability distribution parameters of latent 
variables (mean µ and log variance logσ2). Its design goal 
is to use the preliminary features Fmulti−hop generated 
by multi-hop graph convolution to enhance the model’s 
robustness to data heterogeneity and noise while retain-
ing the multi-scale features of spatial transcriptome data. 
Generating the mean µ and log variance logσ2 of latent 
variables separately through the independent graph 
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convolutional network (GCN) branch, and the formula is 
as follows: 

	
µ = σ

(
Fmulti−hop

A Wµ

)

	
logσ2 = σ

(
Fmulti−hop

A Wσ

)

Where Wµ and Wσ  are independent trainable param-
eters, and σ (·) is the activation function. The latent vari-
able F  is sampled using the reparameterization trick: 

	
F = µ+ ∈ ⊙exp

(
logσ2

2

)
, ∈∼ N (0, I)

In order for F (l) to be close to the Gaussian distribution 
preset by VAE in the latent space, we use hierarchical KL 
divergence to calculate the KL divergence of the mean 
and variance generated in the middle of multi-hop graph 
convolution for hierarchical latent variables, (L = 2 in 
HiSTaR), the formula is as follows: 

	
LGCL =

L∑
l=1

−1
2N

N∑
i=1

(
1 + logσ2

l,i − µ2
l,i − σ2

l,i

)

Where µl ∈ RN×dl is the mean of the latent variables of 
the l layer. logσ2

l ∈ RN×dl  is the logarithmic variance 
of the latent variables of the l layer, and l is the number 
of layers of hierarchical latent variables. HiSTaR Block 
enhances the model’s ability to model spatial heteroge-
neity and technical noise by generating means and vari-
ances separately.

HiSTaR structure
In order to allow the model to recover complete informa-
tion from partial observation data, avoid overfitting to 
local noise or redundant features, and make the model 
rely more on the topological relationship of the graph 
adjacency matrix for inference, thereby strengthening the 
modeling of graph structure dependence. Before ST data 
enters the HiSTaR Encoder for encoding, we will ran-
domly mask the expression matrix. Specifically, the gene 
expression matrix X ∈ RN×d after preprocessing has 
N  spots, and each spot has d-dimensional features. We 
randomly replace some of the d-dimensional features of 
some spots with d-dimensional learnable vectors accord-
ing to a certain proportion. Therefore, the input expres-
sion matrix X ∈ RN×d is redefined as X ′ ∈ RN×d.

HiSTaR Encoder consists of a traditional encoder 
and two HiSTaR Blocks in series. The encoder is com-
posed of two fully connected layers, and the input data 
is the expression matrix X ′ ∈ RN×d after masking. The 

two fully connected layers in the encoder will gradually 
reduce the feature dimension. The output of the first 
fully connected layer is the feature f1 ∈ RN×d1 , and then 
f1 ∈ RN×d1  is used as the input of the second fully con-
nected layer. The second fully connected layer reduces 
the dimension of the expression matrix and outputs a 
base feature F0 ∈ RN×d0(d0 < d1), the formula is as 
follows: 

	 f1 = σ (BN (X ′W1))
(
W1 ∈ Rd×d1

)

	 F0 = σ (BN (f1W2))
(
W2 ∈ Rd1×d0

)

Where σ (·) is the activation function, and BN (·) is 
Batch Normalization.

Then we input the adjacency matrix A ∈ RN×N  and 
the base feature F0 ∈ RN×d0  into HiSTaR Block1, and 
output the initial spatial representation F1 ∈ RN×d1 . We 
input the initial spatial representation F1 ∈ RN×d1  and 
the original adjacency matrix A ∈ RN×N  into HiSTaR 
Block2, extract the enhanced spatial representation 
F2 ∈ RN×d2 . The generation processes of F1 and F2 do 
not interfere with each other, and the parameters are 
independent, in order to achieve the purpose of decou-
pling between different levels of HiSTaR Blocks. How-
ever, the deep latent variable F2 usually encodes more 
abstract features, while the shallow variable F1 retains 
more local information. Without constraints, it may lead 
to semantic fragmentation between levels and impair the 
ability to identify spatial domains. Here, we innovatively 
proposed cross-level similarity to constrain the latent 
variables of two HiSTaR Blocks to maintain geometric 
consistency. We calculate the cosine similarity between 
F1 and F2 and make F1 and F2 locally similar. The simi-
larity loss is defined as: 

	
Lsim = − 1

N

N∑
i=1

cos (F1, F2)

Where cos (·, ·) represents the cosine similarity [45]: 

	
cos (a, b) = a · b

a2b2

This way, we can both maintain the specificity of 
potential representations F1 and F2 and ensure their 
consistency in the latent space, improving the identi-
fication ability in the spatial domain. Then, we concat-
enate F0 ∈ RN×d0 , F1 ∈ RN×d1  and F2 ∈ RN×d2  to 
form the final low-dimensional latent representation 
Z ∈ RN×(d0+d1+d2).

HiSTaR Decoder consists of an encoder and an inner 
product decoder. The decoder uses a traditional GCN 
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that can capture more spatial information to decode the 
latent representation Z ∈ RN×(d0+d1+d2)and generate 
the reconstruction expression matrix Xrecon ∈ RN×d. 
The objective function of HiSTaR maximizes the similar-
ity between the input gene and the reconstructed expres-
sion, which is measured using the mean square error 
(MSE) loss function [46], as follows: 

	
Lrecon = 1

N

N∑
i=1

Xi − Xrecon,i
2
2

Where X ∈ RN×d is the input feature matrix, 
Xrecon ∈ RN×d is the feature matrix reconstructed by the 
decoder, and ·2 is the L2 norm.

HiSTaR uses the Inner Product Decoder to calculate 
the similarity between the latent representations of nodes 
to reconstruct the adjacency matrix Â ∈ RN×N , the for-
mula is as follows: 

	 Âij = σ
(
Zi

TZj

)

Where σ (·) is the activation function, and Zi and Zj is 
the latent representations of Spoti and Spotj . HiSTaR 
use the binary cross-entropy loss (BCE) [47] to calculate 
the reconstruction loss of the adjacency matrix, the for-
mula is as follows: 

	
Ladj = BCE

(
Â, A

)

The total loss function L of HiSTaR is as follows: 

	
L =λsim × Lsim + λrecon × Lrecon

+ λDEC × LDEC + λGCN × LGCN + Ladj

Where λsim, λrecon, λDECand λGCN  are hyperparam-
eters that balance the contributions of the respective 
loss terms. In actual experiments, we set λrecon = 10, 
λDEC = 1, λGCN = 0.1. Because of the model’s sensitiv-
ity to hyperparameter λsim, we shall discuss the settings 
for λsim in the conclusion and detail its settings across 
different datasets in the supplementary materials Table 
S6.

Clustering and visualization
After extracting potential features with HiSTaR, HiSTaR 
uses mclust in the R package to assign clustering labels 
to the potential representation of each spot. Gene expres-
sion in spatial transcriptomics data shows non-uniform 
distribution in space and may contain irregular cluster 
morphologies (e.g., ellipsoidal, band-like distribution). 
The covariance flexibility of mclust can model such 
structures. Therefore, many spatial transcriptomics deep 

learning methods use mclust as a clustering tool. In HiS-
TaR, a dataset of determined categories is used in con-
junction with mclust as a clustering tool. HiSTaR employs 
an unsupervised deep embedded clustering (DEC) [48] 
method to iteratively group the spots into different clus-
ters. And we use UMAP as a tool for clustering visual-
ization. UMAP is a nonlinear dimensionality reduction 
method that can effectively capture nonlinear relation-
ships (such as manifold structures) in high-dimensional 
data, while linear methods (such as PCA) can only handle 
linear relationships. For high-dimensional complex data 
such as gene expression, single-cell data, and image fea-
tures, UMAP can more accurately reflect the inherent 
structure of the data.

Analysis of differentially expressed genes (DEGs)
For spatial transcriptome data, we used the Wilcoxon 
rank-sum test [49] for differential analysis in the spa-
tial domain. We calculated gene expression differ-
ences in each spatial domain using Scanpy, and set 
a multiple hypothesis testing correction threshold 
FDR < 1 × 10 − 5 to screen for significant genes. 
We required the absolute value of the logarithmic fold 
change in gene expression |log2FC| ≥ 1, and when the 
number of candidate genes under the strict threshold was 
less than the preset number, we relaxed the significance 
condition to FDR < 5%, while maintaining the expres-
sion change threshold unchanged.

Benchmarking
After HiSTaR clustering is completed and the clustering 
labels of each spot are generated, we will use the cluster-
ing labels generated by HiSTaR and Ground Truth (GT) 
to calculate three metrics, namely Adjusted Rand Index 
(ARI), Normalized Mutual Information (NMI), and Fowl-
kes-Mallows Score (FMS). If there is no GT, we use the sil-
houette coefficient (SC) as the evaluation metric of each 
model. The evaluation formula of each metric is as follows: 

	

ARI (Y, Z) =

∑N

i=1

∑N

j=1
I (yi = yj) I (zi = zj)

− 1(
N
2

)
[∑N

i=1

(
ci
2

) ∑N

i=1

(
di
2

)]

1
2

[∑N

i=1

(
ci
2

)
+

∑N

i=1

(
di
2

)]

− 1(
N
2

)
[∑N

i=1

(
ci
2

) ∑N

i=1

(
di
2

)]

Where Y = {y1, . . . , yN } is the GT set, Z = {z1, . . . , zN } 

is the model prediction label set, ci =
N∑

j=1
I (yj = yi) is 

the number of spots in GT that are in the same cluster as 
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spot i, di =
N∑

j=1
I (zj = zi) is the number of spots in the 

model prediction label set that are in the same cluster as 
spot i, I (·)is the metric function (takes 1 if the condition 

is true, otherwise it takes 0), and 
(

n
2
)

= n(n−1)
2  is the 

operation rule of combination numbers. 

	
NMI (Y, Z) =

2 ·
∑KY

k=1
∑KZ

l=1
nkl

N log
(

nkl·N
nk·ml

)

−
∑KY

k=1
nk

N log nk

N −
∑KZ

l=1
ml

N log ml

N

Where nkl =
N∑

i=1
I (yi = k) I (zi = l) is the number of 

spots in the intersection of the true cluster k and the 

predicted cluster l, nk =
N∑

i=1
I (yi = k) is the number of 

spots in the true cluster k, and ml =
N∑

i=1
I (zi = l) is the 

number of spots in the predicted clusterl. 

	

FMS (Y, Z) =
∑N

i=1
∑N

j=1 I (yi = yj) I (zi = zj)√(∑N
i=1

∑N
j=1 I (zi = zj)

)
·
(∑N

i=1
∑N

j=1 I (yi = yj)
)

Where yi ∈ {1, . . . , KY } is the GT of spot i, 
zi ∈ {1, . . . , KZ} is the model prediction label of spot i. 

	

SC (Z) = 1
N

N∑
i=1

min
l ̸=zi

(
1

ml

N∑
j=1

(zj = l)d (hi, hj)

)
−

1
mzi

− 1

N∑
j=1

(zj = zi)d (hi, hj)

max




1
mzi

− 1

N∑
j=1

(zj = zi)d (hi, hj) ,

min
l ̸=zi

(
1

ml

N∑
j=1

(zj = l)d (hi, hj)

)




Where hi ∈ Rdis the feature vector of spot i, 

ml =
N∑

i=1
I (zi = l) is the number of spots predicted to be 

in cluster l, d (xi, xj) is the Euclidean distance between 
spot i and spot j.
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Code availability
The scripts used in this study are developed by the Python programming 
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