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Abstract
Spatial transcriptomics clustering is pivotal for
identifying cell subpopulations by leveraging spa-
tial location information. While recent graph-
based methods modeling cell–cell interactions have
improved clustering accuracy, they remain lim-
ited in two key aspects: (i) reliance on local ag-
gregation in static graphs often fails to capture
robust global topological structures (e.g., loops
and voids) and is vulnerable to noisy edges;
and (ii) dimensionality reduction techniques fre-
quently neglect spatial coherence, causing phys-
ically adjacent spots to be erroneously separated
in the latent space. To overcome these chal-
lenges, we propose SPHENIC, a Spatial Persistent
Homology–Enhanced Neighborhood Integrative
Clustering method. Specifically, it explicitly incor-
porates topology-invariant features into the cluster-
ing network to ensure robust representation learn-
ing against noise. Furthermore, we design a dual-
regularized optimization module that imposes spa-
tial constraints alongside distributional optimiza-
tion, ensuring that the embedding space preserves
the physical proximity of cells. Extensive experi-
ments on 11 benchmark datasets demonstrate that
SPHENIC outperforms state-of-the-art methods by
4.19%–9.14%, validating its superiority in charac-
terizing complex tissue architectures.

1 Introduction
Spatial transcriptomics has transformed the study of biolog-
ical systems by providing spatially resolved gene-expression
profiles in intact tissues [Rao et al., 2021; Moses and Pachter,
2022; Tian et al., 2023; Williams et al., 2022; Jain and Eadon,
2024]. A critical step in this approach is the accurate spatial
clustering required to delineate spatially coherent cellular do-
mains in which cells exhibit both molecular similarity and
physical proximity. Accurate identification of these domains
may have far-reaching implications, including guiding ther-
apeutic target discovery and advancing our understanding of

Figure 1: Comparison of static graph learning and invariant topolog-
ical feature learning.

complex biological systems and cellular behaviors [Gulati et
al., 2025; Wang et al., 2024].

Current spatial transcriptomics clustering methods can
be broadly classified into three categories: (i) traditional
community-detection approaches (e.g., Seurat and Scanpy),
which primarily emphasize gene expression while giving lim-
ited consideration to spatial organization [Wolf et al., 2018;
Satija et al., 2015]; (ii) deep-learning–based methods, in-
cluding GraphST and STAIG, which explicitly model spa-
tial–transcriptional relationships through graph structures to
identify biologically meaningful spatial domains [Long et al.,
2023; Yang et al., 2025]; and (iii) supervised methods, such
as PASSAGE, which incorporates phenotypic guidance into
the clustering process [Guo et al., 2025]. The latter two cat-
egories have attracted substantial attention and are widely re-
garded as significant improvements over approaches that rely
solely on the gene expression matrix [Li et al., 2025]. Among
these approaches, graph-based analysis plays a pivotal role,
as accurate learning of the underlying topological structure
is essential for identifying cell–cell associations and, conse-
quently, achieving high clustering accuracy.

Despite recent progress, existing graph-based spatial clus-
tering approaches still face two major challenges: (i) Suscep-
tibility to Noise: Most methods rely on graph representations
to capture topological patterns (Fig. 1). However, such rep-
resentations are often sensitive to noise, making them unreli-
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able for preserving global geometric structures, such as loops
and voids. Although some approaches incorporate persistent
homology, they often fail to capture complex multidimen-
sional structures, which hampers the learning of robust and
topology-invariant representations. (ii) Inadequate Spatial
Coherence: In addition, most existing methods model spatial
relationships using simple adjacency graphs. This strategy
fails to capture sufficient spatial context, leading to embed-
dings that distort neighborhood relationships and incorrectly
separate physically adjacent spots in the latent space.

To address these limitations, we propose SPHENIC, a spa-
tial clustering framework tailored for spatial transcriptomics
data. Specifically, SPHENIC extends persistent homology
to effectively learn topology-invariant features. It then con-
structs modality-specific views and fuses them using a multi-
view Graph Convolutional Network (GCN) to learn compre-
hensive consensus representations. In addition, we develop
a dual-regularized optimization module, which incorporates
spatial constraints and distribution optimization to further re-
fine cell distributions and embedding quality by increasing
the similarity between a cell’s embedding and those of its spa-
tial neighbors while decreasing similarity to non-neighboring
cells. Extensive experiments demonstrate the superiority of
our proposed SPHENIC. Our main contributions are summa-
rized as follows:

• Framework: We pioneer the integration of extended per-
sistent homology into spatial clustering frameworks. To
the best of our knowledge, this study represents one of
the earliest attempts to incorporate topology-invariant
features for improving spatial clustering.

• Algorithm: We develop a novel dual-regularized opti-
mization component that integrates spatial constraints
with distributional optimization to further enhance cell
distribution accuracy and embedding quality. Moreover,
this component ensures that physically adjacent spots
are assigned similar embeddings.

• Evaluation: Extensive experiments have been conducted
across three distinct spatial transcriptomics datasets, en-
compassing a total of eleven tissue slices, and eight cur-
rent state-of-the-art baselines, demonstrating the consis-
tent superiority of SPHENIC over existing state-of-the-
art methods.

2 Related Work
2.1 Clustering in Spatial Transcriptomics
Clustering strategies for spatial transcriptomics data can be
broadly classified into three paradigms [Liu et al., 2024;
Zahedi et al., 2024; Hu et al., 2024; Yuan et al., 2024].
(i) Traditional community-detection methods, implemented
in tools such as Seurat and Scanpy, employ the Louvain or
Leiden algorithm to cluster cells on the basis of gene ex-
pression similarity [Wolf et al., 2018; Satija et al., 2015;
Blondel et al., 2008; Traag et al., 2019]. Although computa-
tionally efficient, these methods typically treat spatial infor-
mation as secondary and may therefore overlook the critical
aspects of tissue organization. (ii) Deep-learning-based tech-
niques have recently emerged to more effectively integrate

spatial context with gene expression. For example, SpaGCN
employs GCN to model spatial neighbourhoods, whereas
stLearn jointly incorporates the expression profiles, spatial
coordinates, and histological image features [Hu et al., 2021;
Pham et al., 2023; Kipf, 2016]. Spatial-MGCN further ad-
vances this paradigm by introducing multi-view graph learn-
ing framework [Wang et al., 2023]. (iii) Supervised meth-
ods leverage phenotypic guidance to delineate biologically
meaningful spatial domains and molecular signatures. PAS-
SAGE exemplifies this strategy by learning the phenotype-
associated signatures through a two-step contrastive graph-
learning framework, thereby identifying domains that corre-
spond to the known anatomical or pathological phenotypes
[Guo et al., 2025]. However, none of the existing approaches
integrates invariant topological information into the spatial
clustering process.

2.2 Topological Data Analysis
While traditional geometric deep learning outperforms in
capturing local dependencies, it often struggles to quantify
global structural properties invariant to deformation. Topo-
logical data analysis (TDA) leverages the rigorous frame-
work of algebraic topology to extract multi-scale structural
features, like connected components, loops, and voids, which
offer a robust complement to standard graph representations
[Pham et al., 2025; Wasserman, 2018; Su et al., 2025]. Re-
cent progress can be summarized along three key directions:
(i) Topologically-Augmented Architectures, standard Mes-
sage Passing Neural Networks (MPNNs) are fundamentally
limited by the Weisfeiler-Lehman hierarchy, often fail to dis-
tinguish non-isomorphic graphs with identical local neigh-
borhoods (e.g., cycles vs. separated paths) [Gilmer et al.,
2020]. To bridge this gap, architectures like TopoGCL [Chen
et al., 2024] augment graph neural networks by injecting per-
sistent homology features into the message-passing schema,
thereby enabling more robust modeling of higher-order in-
teractions in molecular and social graphs; (ii) Topological
Regularization Techniques, exemplified by TopoReg [Chen
et al., 2019], introduce the filtration-based losses that pre-
serve critical connectivity patterns within latent represen-
tations, which significantly improve performance of graph-
classification task; and (iii) Topology-Guided Generation, in
the generative domain, ensuring the global validity of syn-
thesized structures remains challenging for purely probabilis-
tic models. Therefore, methods like TopoDiff [Zhang et al.,
2025] employ topological signatures to steer the synthesis
of graphs possessing desired structural properties, a capabil-
ity that is particularly valuable for drug-discovery applica-
tions. Collectively, these advances demonstrate topology’s
transformative potential for graph representation learning by
capturing multi-scale relationships, enabling a wide range
of biomedical applications [Hernández-Lemus et al., 2024;
Skaf and Laubenbacher, 2022].

3 Methods
3.1 Preliminaries
Notations. Formally, given a spatial transcriptomics dataset
consisting of N spots and G genes, we denote the gene ex-



Figure 2: The proposed SPHENIC framework. Invariant topological information is incorporated into the multi-view graph fusion network
to enhance the representation of different cells by EPH feature extraction. Then, the Dual-Regularized Optimization module is designed to
ensure the spatial distribution and consistency of spatial clustering results.

pression matrix as X ∈ RN×G, where each row xi represents
the gene expression profile of the i-th spot. Associated with
these profiles is the spatial coordinate matrix S ∈ RN×2,
where si denotes the two-dimensional physical coordinates
of the i-th spot. Additionally, we formulate the learning pro-
cess over the set of modalities M = {s, x}, where s denotes
the spatial domain and x denotes the gene expression profile
(GEX). To capture both transcriptomic similarity and physi-
cal proximity, we model the data as a dual-view graph system
over the vertex set V = {v1, . . . , vN}. We define the follow-
ing graphs:

• The Spatial Graph Gs = (V, Es,As), in which the
edge set Es and the weighted adjacency matrix As are
constructed based on pairwise Euclidean distances in S,
thereby encoding the underlying physical tissue archi-
tecture

• The Expression Graph Gx = (V, Ex,Ax), where edges
connect spots with similar transcriptomic profiles de-
rived from X, capturing biological functional relation-
ships among spots.

Problem Formulation. In our problem setting, the goal is
to learn a mapping function f : (X,S,Gs,Gx) → Z, where
Z ∈ RN×d represents a low-dimensional latent embedding
with d ≪ G. Ideally, the learned embedding Z should satisfy
three key properties: (i) Topological Invariance, preserving
global geometric structures (e.g., loops and voids) in a noise-
robust manner; (ii) Semantic Consistency, aiming to learn
a consensus representation that effectively integrates hetero-
geneous gene expression and spatial profiles; and (iii) Spa-
tial Coherence, ensuring that physically adjacent spots share
similar embeddings, as dimensionality reduction may other-

wise erroneously separate neighboring locations in the latent
space. Finally, the learned embeddings Z are clustered to
identify spatial domains.

3.2 Topological Invariant Extraction via EPH
To capture high-order structural invariants that are typically
overlooked by graph neural networks, we employ Extended
Persistent Homology (EPH). This approach transforms dis-
crete graph data into rigorous topological descriptors through
a unified analytical pipeline. The foundation of this pipeline
is a filtration process, which constructs a sequence of nested
subgraphs by varying a threshold parameter ϵ over each
modality graph. While standard filtrations often rely solely on
feature similarity, we introduce an additional geometric regu-
larizer in the expression view to suppress long-range noise.

Let r denote a fixed spatial radius, and let ϵ represent
a dynamic threshold for expression dissimilarity. At scale
ϵ, we define the edge set Eϵ

x = {(u, v) | ωx(u, v) ≤
ϵ and ωs(u, v) ≤ r}. Based on this definition, we construct a
filtration sequence Fm for each modality m ∈ M, consisting
of nested subgraphs that evolve as ϵ increases.

Fm =
{
Gϵ
m = (V, Eϵ

m) | Gϵ1
m ⊆ Gϵ2

m . . . for ϵ1 ≤ ϵ2
}
. (1)

Upon constructing the filtration sequence, we track the
evolution of topological features to identify significant struc-
tural invariants. By applying homology inference to Fx, we
track the birth and death moment of connected components
and cycles, thereby obtaining the Extended Persistence Dia-
gram (EPD). The resulting diagram is represented as a multi-
set Dm in R2, defined as follows:

Dm = EPH(Fm) =
{
µk
m = (bkm, dkm) | k = 1 . . .K

}
, (2)



where each point µk
m ∈ R2 represents a topological feature

that is born at threshold bkm and persists until dkm for modality
m ∈ M. Although the EPD fully characterizes the topolog-
ical evolution induced by the filtration sequence in the form
of a strict birth–death point set, it remains an unordered and
variable-length multiset that is sensitive to minor perturba-
tions caused by noise. Also. A multiset could not be directly
amenable to numerical computation. These properties hin-
der the direct integration of EPD into end-to-end deep learn-
ing models. Therefore, we further parameterize the EPD
into a fixed-dimensional Extended Persistence Image (EPI).
This process begins by assigning a weight to each feature
µk to emphasize robust structures with long lifespans over
transient noise, using a weighting function w(µk) defined as
w(µk

m) = |dkm − bkm|θ, where θ denotes a scaling factor.
Then, we map the weighted points onto a discretized grid

Ω using Gaussian kernels. The value of the EPI at pixel p,
centered at zp, is computed by summing the contributions of
all features in the discrete persistence diagram Dm for modal-
ity m ∈ M, and integrating this surface over each pixel grid
Ω, which is formulated as follows:

EPIm(p) =

∫∫
Ω

∑
µk
m∈Dm

w(µk
m)

2πσ2
exp

(
−∥zp − µk

m∥22
2σ2

)
dz.

(3)
The resulting EPI effectively serves as the topological em-

bedding for the following fusion module.

3.3 Multi-view Geometric Fusion Network
To effectively learn from both spatial and GEX data, while
capturing cross-modality biological interdependencies, we
construct separate views for each data modality. The result-
ing views are fused using a multi-view GCN network, which
systematically integrates spatial organization, GEX profiles,
and topological information.
Intra-Modality Graph Encoding. To incorporate both spa-
tial information and GEX patterns into the proposed model,
we apply graph convolutions in parallel to the symmetrically
normalized Laplacian matrix T of the expression-similarity
adjacency matrix and the spatial adjacency matrix; we for-
malize the operation as follows:

Z(l+1)
m = ReLU

(
Tm Z(l)

m Θ(l)
m

)
, ∀m ∈ M, (4)

where Z
(l)
m denotes the output embedding of the l-th GCN

layer applied to the GEX graph or spatial graph. We define
Ãm = Am + I as the expression or spatial similarity ad-
jacency matrix with self-loops, while D̃m denotes its diago-
nal degree matrix, thus, the symmetrically normalized Lapla-
cian matrix Tm = D̃

− 1
2

m ÃmD̃
− 1

2
m . Θm denotes the learnable

weight matrix of the convolution layer for modality m.
Cross-Modality Alignment & Joint Learning. Motivated
by the inherent correlation between gene-expression pat-
terns and tissue architecture, we model both modality-specific
characteristics and their shared latent representations. To this
end, we employ a GCN with shared parameters to learn joint
embeddings for the two modalities. We formalize this with

the following propagation rule:

Z(l+1)
co,m = ReLU

(
Tm Z(l)

co,m Θ(l)
co

)
, ∀m ∈ M, (5)

where Z
(l+1)
co,m denote the output co-spatial or co-expression

embeddings of the l-th co-convolution layer, respectively.
Θco denotes the shared learnable weight matrix of the co-
convolution layer. With these two co-convolution embed-
dings for spatial locations and GEX profiles, we compute the
final consensus co-embedding Zco using an aggregation func-
tion Fagg as follows:

Z(l)
co = Fagg

(
{Z(l)

co,m}m∈M

)
=

1

|M|
∑

m∈M
Z(l)

co,m. (6)

To ensure that the co-embedding captures biological pat-
terns shared across both modalities and that the latent rep-
resentations progressively align during optimization, we in-
troduce a consistency loss that minimizes the divergence be-
tween different modality, formalized as follows:

Lcon =
∑

m,n∈M,m̸=n

∥∥Z̃co,m Z̃T
co,m − Z̃co, n Z̃

T
co, n

∥∥2
2
, (7)

where Z̃co,m and Z̃co, n denote the matrices obtained by nor-
malizing Zco,m and Zco, n, respectively.
Topological Structure Embedding. The constructed EPI
topological embedding is presented as an image and further
processed using a two-dimensional convolutional layer. This
layer extracts high-dimensional feature maps from the input
EPI by applying a ReLU activation and a following max-
pooling operation, thereby downsampling the features while
preserving salient topological information. In brief, we pro-
pose the following extended persistence embedding (EPE)
formulation:

EPE
(m)
i,j = ReLU

(
k−1∑
p=0

k−1∑
q=0

W (m)
p,q EPI

(m)
iℓ+p, jℓ+q +b(m)

)
,

(8)
where EPI(m) denote the EPI for each modality m ∈ M.
W(m) and b(m) denote the learnable weight matrices and bias
vectors. While k denotes the convolution kernel size, and l
denotes the stride length.
Adaptive Attention Aggregation. To allocate the contri-
butions of different modalities, we construct an attention-
fusion layer that adaptively generates attention scores for
each modality. Specifically, the attention score for each
modality’s EPE is computed as follows:

aEm
= softmax

(
W2 σ

(
W1 EPE(m) +b1

))
, (9)

where W1 and W2 denote learnable feature transformation
matrices, respectively, and b1 is the bias vector. Accord-
ingly, we assign attention weights aEm to the EPE for modal-
ity m ∈ M, attention weights an to the GCN embedding
for modality n ∈ M, and aco to the spatial-expression co-
embedding. We then aggregate the above embeddings using
the computed attention weights to produce the final represen-
tations as follows:

Z = MLP
(∑
m∈M

aEm · EPE(m) +
∑
n∈M

an Zn + aco Zco

)
.

(10)



3.4 Dual-Regularized Optimization
Spatial transcriptomics data naturally contain spatial location
information and exhibit a sparse, zero-inflated distribution.
To leverage these two critical properties, we developed dou-
ble design-optimization modules.
Spatial-Coherence Constraint. To enhance the model’s
ability to learn from spatial locations, we propose a spatial-
constraint module that explicitly preserves local neighbor-
hood relationships in the embedding space. In brief, it oper-
ates via a two-part mechanism: (i) it increases the similarity
between the embedding of cell i and those of its spatial neigh-
bors (j ∈ Ni), and (ii) it decreases the similarity with non-
neighboring cells for both the co-embedding and the view-
specific embeddings. This strategy is formalized as follows:

Lsco = −
N∑
i=1

∑
j∈Ni

[
yij log

(
σ(Sij) · Φ+

ii

)
+ (1− yij) log

(
(1− σ(Sij)) · Φ−

ij

)]
,

(11)
where yij = 1 if j ∈ Ni. And Sij = C(Zi,Zj) is the co-

sine similarity between two vectors, while σ denotes the hy-
perbolic tanh activation function. View-specific embedding
Φ+

ii =
∑V

v=1 exp(C(Zi,Z
v
i )) and Φ−

ij =
∑V

v=1 exp
(
(1 −

Sij) · C(Zi,Z
v
j )
)
. N denotes the number of cells in the spa-

tial slice, and V denotes the number of views.
ZINB Probabilistic Reconstruction. Spatial transcrip-
tomics data exhibit characteristic statistical properties: dis-
crete counts with overdispersion and high sparsity. These
properties can be modeled by a zero-inflated negative bino-
mial (ZINB) distribution, whose mathematical form is given
below:

NB(X = x |µ, θ)= Γ(x+ θ)

x! Γ(θ)

(
θ

θ + µ

)θ(
µ

θ + µ

)x

, (12)

ZINB(X = x |π, µ, θ)=π I(x)+(1− π)NB(x), (13)
where µ and θ denote the mean and dispersion of gene ex-
pression, while π denotes the probability of zero inflation, I(·)
denote the indicator function. To incorporate these character-
istics into spatial domain identification, we employ a three-
layer MLP f(·) to estimate the zero-inflation probability ma-
trix Π, the mean matrix M, and the dispersion matrix Θ, as
follows:

Π = sigmoid
(
Wπ f(Z)

)
;

M = exp
(
Wµ f(Z)

)
;

Θ = exp
(
Wθ f(Z)

)
,

(14)

where Wπ, Wµ, and Wθ denote the learnable weight ma-
trices for Π, M, and Θ, respectively. To learn the model
parameters, we minimize the negative log-likelihood of the
ZINB model with respect to the observed X , which can be
defined as follows:

Lrec = −
∑

log(ZINB
(
X | π, µ, θ

)
). (15)

Total Objective. Ultimately, the fused embedding is jointly
optimized using the consistency loss, the ZINB loss, and the
spatial-constraint loss. We minimize the following total loss:

Lf = Lrec + λ1Lcon + λ2Lsco, (16)
where λ1 and λ2 denote the trade-off hyperparameters for re-
spective loss fuction terms.

4 Experiments

4.1 Experiment Settings

Benchmark Datasets and Evaluation. The proposed
SPHENIC model was evaluated on three publicly available
spatial transcriptomics datasets, DLPFC (comprising 9 dis-
tinct tissue sections), 10x Visium human breast cancer dataset
(HBC), and mouse brain anterior dataset (MBA) [Maynard et
al., 2021; Buache et al., 2011]. Clustering performance was
assessed using the adjusted Rand index (ARI) and normalized
mutual information (NMI).
Compared Baseline Methods. To enable a fair comparison,
we benchmark our model against eight current representative
baseline methods: SCANPY [Wolf et al., 2018], SpaGCN
[Hu et al., 2021], DeepST [Xu et al., 2022], stLearn [Pham et
al., 2023], SCGDL [Liu et al., 2023], GraphST [Long et al.,
2023], Spatial-MGCN [Wang et al., 2023] and STAIG [Yang
et al., 2025].
Implementation Details. All experiments were conducted
on a single NVIDIA virtual GPU (vGPU) rented from Au-
toDL, providing up to 48 GB of memory and a 25-core In-
tel Xeon Platinum 8481C processor. The model was imple-
mented in PyTorch 2.1.0 and executed with CUDA 12.1. For
each dataset, training was terminated after 100 epochs. All
baseline methods were run with the default hyperparameters
recommended in their original publications.

4.2 Clustering Performance

The comparative performance of nine methods is summarized
in Table 1. Fig. 3 provides a visual comparison of the clus-
tering outputs produced by each method. The above results
reveal that:

(i) SPHENIC delivers state-of-the-art clustering accuracy
in architecturally complex tissues. With respect to the
ARI term, SPHENIC exceeds the next-best method (Spatial-
MGCN) by 4.19% on the HBC dataset and 9.14% on the
mouse-anterior dataset compared to the second-best method
(SCANPY), underscoring its strength in identifying domains
within challenging tissue architectures.

(ii) In spatially simpler structures such as the DLPFC
slices, SPHENIC surpasses the next-best method (Spatial-
MGCN for slice 151507, 151508, and 151569) by 2.65%,
2.88%, and 3.90% ARI, respectively. These findings confirm
SPHENIC’s generalizability and its ability to extract funda-
mental biological signals irrespective of spatial complexity.

(iii)SPHENIC accurately delineates tumor boundaries in
the HBC dataset, as illustrated in the Fig. 3. Our SPHENIC
shows strong agreement with manual annotations in identify-
ing key tumor-microenvironment components (e.g., ’IDC 4’,
’healthy 1’). Unlike baselines that yield fragmented clusters
and tumor-immune misclassifications, SPHENIC preserves
biologically valid structures, achieving expert-level spatial
recognition in carcinomas.

Additionally, we performed scalability analysis of all the
baselines in the HBC dataset, the 151507 dataset, and the
MBA dataset, which are demonstrated in the supplementary
materials.



ARI
Datasets

SCANPY’18 SpaGCN’21 DeepST’22 stLearn’23 SCGDL’23 GraphST’23 Spatial-MGCN’23 STAIG’25 SPHENIC

HBC 48.52±0.14 56.79±2.81 56.30±0.89 55.02±3.36 32.88±2.51 51.83±0.57 64.04±3.24 50.69±2.65 68.23±2.36

MBA 39.65±0.95 34.42±0.89 25.91±3.43 34.13±0.19 25.81±1.23 29.33±0.13 39.58±0.02 37.01±0.71 48.79±1.68

151507 25.53±1.23 38.26±3.05 52.24±2.76 42.95±1.04 46.26±2.41 44.79±0.30 62.68±4.60 54.22±1.68 65.33±1.74

151508 14.25±0.70 39.48±2.15 42.89±5.77 40.03±0.68 35.54±1.82 35.18±1.01 50.66±1.04 47.69±3.98 53.54±4.89

151509 14.31±1.17 34.08±2.39 47.60±6.47 29.52±0.75 37.37±3.40 36.71±5.81 58.10±3.87 55.02±0.46 60.51±6.14

151510 17.04±0.52 38.36±3.26 46.57±2.11 34.09±4.33 30.57±0.34 39.73±4.05 57.06±3.64 51.26±0.21 53.97±3.41

151669 25.50±2.86 26.70±4.79 27.73±1.81 25.23±0.19 25.15±0.84 29.98±5.75 45.14±5.91 33.40±2.65 49.04±5.35

151670 24.34±1.61 23.80±2.88 28.56±2.76 23.46±0.60 20.94±1.59 25.97±1.45 42.67±5.79 24.62±2.96 42.60±5.61

151671 21.97±1.58 40.76±1.08 37.24±3.75 33.22±4.78 23.43±0.26 38.83±0.95 65.75±0.61 48.87±5.95 65.14±6.40

151673 17.46±1.90 44.73±1.04 52.82±0.54 35.34±2.69 32.48±1.03 48.00±2.28 56.92±4.93 51.88±5.73 58.17±2.14

151674 23.95±1.97 33.26±2.97 54.51±3.19 30.60±2.76 23.41±0.78 44.03±3.65 56.10±1.71 56.03±3.84 56.41±2.86

Avg 24.78±10.62 37.33±8.85 42.94±11.37 34.87±8.79 30.35±7.57 38.58±8.17 54.43±8.82 46.43±10.20 56.52 ↑2.09
±7.95

Datasets NMI

HBC 60.60±0.21 65.71±0.59 69.33±0.58 66.47±1.84 48.28±5.68 65.86±0.39 69.41±1.88 68.08±1.54 69.54±1.88

MBA 63.89±0.19 64.88±1.51 55.23±2.75 64.55±0.04 62.04±0.36 67.69±0.15 63.65±1.99 67.75±0.14 69.09±1.65

151507 34.36±0.67 49.61±3.40 64.54±3.99 54.35±0.55 52.96±1.26 57.40±0.69 70.92±1.03 68.49±2.00 74.08±2.13

151508 19.54±1.03 51.04±1.35 56.81±4.56 51.57±0.76 45.61±0.16 52.57±0.60 60.42±2.38 61.93±2.18 63.12±1.16

151509 26.00±0.51 51.35±3.52 62.92±1.87 49.01±0.96 51.34±1.18 53.74±1.58 67.08±2.28 67.83±0.21 69.61±0.27

151510 26.29±1.93 49.88±3.84 61.26±1.08 47.77±2.03 47.34±0.42 54.70±0.70 65.39±2.72 65.44±1.25 65.63±0.88

151669 26.79±1.08 45.41±6.29 52.16±0.93 45.18±0.67 41.26±0.61 51.02±2.71 59.48±6.34 49.48±1.88 61.84±0.48

151670 24.73±4.05 42.24±1.90 51.65±2.08 43.79±1.22 36.75±1.30 45.76±1.64 55.13±2.60 48.86±1.29 60.23±1.52

151671 23.34±2.53 55.50±1.48 58.84±3.32 50.76±1.53 40.04±0.45 57.27±0.77 63.41±0.42 66.78±2.72 73.50±2.19

151673 29.44±1.73 59.08±1.20 67.71±0.66 51.92±0.76 43.04±0.46 62.54±1.46 67.08±2.14 67.36±2.64 68.63±0.94

151674 30.66±1.39 45.86±1.48 64.31±2.88 49.52±2.22 36.33±0.93 55.32±2.48 64.94±1.93 66.97±1.86 65.56±1.21

Avg 33.24±14.87 52.78±7.73 60.43±5.99 52.26±7.21 45.91±7.66 56.72±6.51 64.26±4.59 63.54±7.33 67.30 ↑3.04
±4.48

Table 1: Comparison with state-of-the-art methods on the eleven distinct spatial transcriptomic slices. The optimal and second-best results
are denoted by boldface and underlining, respectively. ↑ means improved performance compared with the second-best baseline.

Module MetricDataset Topo DualRO ARI NMI

HBC

baseline 52.89±2.38 62.61±2.14

✓ 57.99±2.73 63.93±2.54

✓ 63.39±4.23 64.94±2.71

✓ ✓ 68.23±2.36 69.54±1.88

151507

baseline 53.22±1.37 63.79±1.33

✓ 59.92±3.08 66.95±2.06

✓ 62.03±2.65 71.78±1.70

✓ ✓ 65.33±1.74 74.08±2.13

Table 2: Ablative study of key modules in our SPHENIC on HBC
and 151507 datasets. This table demonstrates the effects of the
EPH module and Dual-Regularized Optimization over the baselines,
which remove these modules respectively or simultaneously. ’Topo’
means EPH module.

4.3 Ablation Study
To demonstrate the effectiveness of the proposed modules,
we construct several variants of SPHENIC: (i) Omits the in-
variant topological feature-extraction module; (ii) Excludes
the dual-regularized optimization module; and (iii) Removes
both modules. As shown in the Table 2, in the HBC dataset,
omitting the topological module (‘w/o Topo’) reduces ARI by
4.84 % and 3.30 % relative to the full model, thereby validat-
ing the contribution of the topological learning component.
Similarly, removing the dual-regularized optimization mod-
ule (‘w/o DualRO’) decreases ARI by 10.24 % and 5.61 %,
confirming the importance of explicitly modeling the spatial

Figure 4: Hyperparameter sensitivity analysis on HBC dataset and
DLPFC-151507, respectively, in ARI term.

neighbourhoods and non-neighbourhoods. We further evalu-
ate a variant lacking both modules. The complete SPHENIC
model improves ARI by 15.34 % and 6.93 % over this variant,
demonstrating the synergistic benefit of combining topolog-
ical and spatial-constraint learning. Ablation experiment on
the MBA dataset is demonstrated in the supplementary mate-
rials.

4.4 Model Analysis
Hyperparameter Sensitivity Analysis. We evaluate the ef-
fect of different hyperparameters on the performance of our
proposed SPHENIC in the HBC dataset, which includes the
trade-off coefficients of the total loss function (λ1 and λ2).
Fig. 4 demonstrates the ARI term of our SPHENIC when
λ1 and λ2 are varied from 10−3 to 103. From this figure,
the proposed SPHENIC is insensitive to both λ1 and λ2 in



Figure 3: Comparison experiments on HBC dataset between SPHENIC and other baselines. (a) Manual ground-truth annotations and histolog-
ical image of the HBC dataset. (b) Spatial clustering result visualization by SCANPY, stLearn, SCGDL, DeepST, GraphST, spatial-MGCN,
STAIG, and SPHENIC. (c) UMAP visualization of detected clusters by the above baselines.

Figure 5: Visualization of spatial clustering by SPHENIC model in
different training stages

the range 10−3 to 10−1, further illustrating the robustness of
our proposed SPHENIC. Sensitivity analysis of the EPI hy-
perparameters is further demonstrated in the supplementary
materials.
Visualization Analysis. In addition, to further verify the ef-
fectiveness of our SPHENIC, we visualize the spatial clus-
tering results of the proposed SPHENIC in different train-
ing stages (0%, 33%, 67% and 100% of training epochs)
by the UMAP visualization methods in Fig. 5 [McInnes et
al., 2018]. We can clearly observe that the spatial clustering
structure of our comprehensive multi-view fused embedding
Z progressively refines across the training epochs, along with
consistent improvement in both ARI and NMI terms.
Gene Enhancement Analysis. To validate the proposed
SPHENIC’s dual-module optimization strategy in preserving
spatial expression patterns while reducing the noise artifacts,
we evaluated its performance on the HBC dataset by exam-

ining the spatial distributions of characteristic marker genes
(DSP, IFT122, CCL21, CTTN, GNG5, FARP1). Fig. S1 in
the supplementary materials shows that SPHENIC success-
fully reconstructs biologically plausible expression patterns
while significantly reducing technical noise compared to raw
data. The system maintains consistent spatial distributions of
these markers that align with established biological knowl-
edge, confirming its ability to (i) filter out non-informative
noise, (ii) recover true biological signals from degraded data,
and (iii) faithfully reconstruct spatial expression profiles.

5 Conclusions
In this paper, we present SPHENIC, a topology-aware cluster-
ing framework for spatial transcriptomics data. By leveraging
extended persistent homology features, the proposed model
learns more robust topological information and is less sensi-
tive to intrinsic noise. Meanwhile, we leverage distribution
constraints and spatial coordinates to supervise the embed-
ding space through a novel DualRO module, forcing proxim-
ity between a cell’s embedding and those of its spatial neigh-
bors while separating it from non-neighboring cells, thereby
producing high-quality spatial embeddings for applications.
Extensive validation experiments demonstrate the superiority
of the proposed SPHENIC. Nevertheless, the principal limi-
tation of our approach is the computational overhead associ-
ated with extended persistent homology, which may impede
scalability in application scenarios.
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