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Abstract—Spatial transcriptomics provides a powerful ap-
proach for investigating cellular organization and tissue hetero-
geneity by integrating gene expression profiles with spatial infor-
mation. A fundamental step in spatial transcriptomics analysis
is spatial domain discovery (clustering), which aims to delineate
distinct tissue regions based on molecular and spatial features.
Although various spatial domain discovery methods have been
proposed, existing approaches often struggle to produce stable
and reproducible results across different datasets. This instability
primarily arises from high levels of noise, stochastic behavior in
model training, and limited generalizability. To address these
challenges, we propose a robust ensemble graph-neural frame-
work that integrates multiple spatial graph neural networks to
achieve consistent and biologically interpretable tissue segmen-
tation. Specifically, our approach adopts a feature bagging and
graph perturbation strategy to capture diverse spatial representa-
tions. An ensemble mechanism is then employed, incorporating
Hungarian label alignment and spectral co-association consensus
clustering to fuse the results and derive the final spatial domains.
Experimental studies on human dorsolateral prefrontal cortex
(DLPFC) sections and the Human Breast Cancer (HBC) dataset
demonstrate that our ensemble framework achieves superior
clustering accuracy and enhanced stability compared with several
representative spatial domain discovery methods.

Index Terms—spatial transcriptomics, ensemble learning,
graph neural networks, domain segmentation.

I. INTRODUCTION

The integration of spatial information into gene expression
profiling has revolutionized our ability to investigate tissue
organization and cellular communication [1]–[5]. Spatial tran-
scriptomics technologies, such as the 10x Genomics Visium
platform, enable the quantification of mRNA abundance at
defined spatial coordinates, thereby establishing a direct link
between molecular profiles and histological context. These
technologies have become indispensable tools for reconstruct-
ing cell–cell interactions and delineating the functional archi-
tecture of tissues. A fundamental step in spatial transcriptomics
analysis is spatial domain discovery (clustering), which aims
to identify distinct tissue regions based on both molecular and
spatial features [6]–[10].

For the spatial domain discovery task, various approaches
have been proposed [11]–[13]. Among them, graph neural
network (GNN)-based models [14]–[16] have emerged as

particularly effective, as they jointly model gene expression
similarity and spatial adjacency to capture the underlying
spatial structure of tissues [17]–[20]. For example, GraphST
is a graph self-supervised contrastive learning method that
integrates gene expression profiles with spatial information
in spatial transcriptomics data to enable spatially informed
clustering for identifying tissue domains, batch integration to
handle multiple tissue sections, and cell-type deconvolution by
projecting single-cell RNA-seq data onto spatial spots [30].
stMMR is a multimodal geometric deep learning method that
integrates gene expression, spatial location, and histological
information from spatially resolved transcriptomics data to
accurately identify spatial domains, using graph convolutional
networks, self-attention, and similarity contrastive learning
to address challenges in multimodal analysis [27]. Spatial-
MGCN employs a multi-view graph convolutional network
with an attention mechanism to identify spatial domains in
spatial transcriptomics data, by constructing separate neigh-
bor graphs from gene expression and spatial information,
extracting unique and shared embeddings, and reconstructing
the expression matrix using a zero-inflated negative binomial
decoder while incorporating spatial regularization to preserve
neighbor information [28]. STAIG integrates gene expression,
spatial coordinates, and histological images from spatial tran-
scriptomics data using graph contrastive learning with dynamic
graph augmentation and neighbor-based contrastive loss to en-
able accurate spatial domain identification and alignment-free
batch integration without manual alignment or preprocessing
[29].

Despite their promise, these methods remain sensitive to
random initialization, hyperparameter choices, and optimiza-
tion instability inherent in non-convex training objectives. A
single model instance may capture only a subset of spatial pat-
terns, leading to unstable predictions and poor reproducibility.
Furthermore, complex architectures with many learnable pa-
rameters can overfit to technical noise or local spatial artifacts,
reducing generalization to tissues with distinct morphology or
expression landscapes [21]–[26].

To overcome these limitations, we propose an ensemble
graph neural spatial clustering framework for robust spatial



domain discovery. Specifically, our approach adopts feature
bagging and graph perturbation strategies to capture diverse
spatial representations, while the proposed ensemble frame-
work integrates multiple independently trained graph-based
models—each initialized with distinct random seeds, feature
subsets, and graph perturbations—to extract complementary
spatial information and enhance the robustness of spatial
domain identification. In the ensemble fusion stage, the out-
puts of individual models are aligned using the Hungarian
matching algorithm and subsequently fused through spectral
co-association clustering to generate a consensus spatial seg-
mentation. As result, our method performs structured graph
subtraction to isolate the most informative spatial relationships
while suppressing redundancy. Collectively, these strategies
enable consistent and biologically interpretable tissue segmen-
tation across diverse datasets.

The main contributions of this work can be summarized as:
• We propose an ensemble graph neural network approach

that integrates multiple independently trained models to
capture complementary spatial representations, enhancing
clustering stability and reproducibility.

• We develop a simplified ensemble strategy that performs
structured graph subtraction to isolate informative spatial
relationships and suppress redundancy, improving inter-
pretability and regularization.

• Experimental studies on human dorsolateral prefrontal
cortex (DLPFC) sections and the Human Breast Cancer
(HBC) dataset show superior clustering accuracy, robust-
ness, and biological relevance compared with several
representative spatial domain discovery methods.

II. METHODS

In this section, we provide detailed descriptions of the
proposed model.

A. Data Preprocessing

In our model, spatial transcriptomics data preprocessing
involved several key steps. First, quality control was performed
to remove low-quality spots and lowly expressed genes. Next,
total-count normalization followed by logarithmic transfor-
mation was applied to standardize expression levels across
spots. The top ∼2,000 highly variable genes (HVGs) were
then selected for downstream modeling to capture the most
informative transcriptional signals. Thus,

For each tissue section, four adjacency graphs were con-
structed: (1) fadj, a functional adjacency graph based
on gene expression similarity; (2) sadj, a spatial adja-
cency graph defined by physical proximity of spots; (3)
graph_pos, a positive k-nearest neighbor graph capturing
local connectivity; and (4) graph_neg, a randomized nega-
tive control graph used for contrastive analysis and robustness
evaluation.

B. Base Graph Neural Clustering Model

In the proposed ensemble spatial clustering framework, a
key component lies in the design of the base model, which

is responsible for jointly modeling gene expression profiles
and spatial neighborhood information. To achieve this, we
employ a multi-graph neural network that integrates both
molecular features and spatial topology to learn biologically
meaningful tissue domains across cortical layers. This design
enables the model to capture complex spatial dependencies
while preserving transcriptional heterogeneity within local
microenvironments.

In detail, given the constructed adjacency graphs sadj and
fadj, the base learner in our ensemble framework is designed
to jointly model functional and spatial relationships through a
multi-graph neural network. Specifically, for each spot i, we
denote its feature vector as xi ∈ Rd, representing the expres-
sion. The model learns two latent embeddings: a functional
embedding Hf from fadj, and a spatial embedding Hs from
sadj. Each embedding is obtained via graph convolutional
propagation as follows:

Hf = σ
(
ÃfXWf

)
,

and
Hs = σ

(
ÃsXWs

)
.

where Ãf and Ãs denote the normalized adjacency matrices
for fadj and sadj, respectively; Wf and Ws are trainable
weight matrices; and σ(·) represents a nonlinear activation
function (e.g., ReLU).

The resulting embeddings Hf and Hs capture complemen-
tary information—functional similarity and spatial context—
which are then fused to obtain a unified representation for
spatial domain discovery:

H = αHf + (1− α)Hs,

where α ∈ [0, 1] controls the relative contribution of functional
and spatial information.

In addition, spatially neighboring spots should exhibit sim-
ilar representations, while distant or non-neighboring spots
should be dissimilar. To enforce this spatial smoothness and
discriminative structure, we introduce a spatial regularization
constraint loss that leverages both the positive and negative
graphs: graph_pos and graph_neg. Formally, given the
learned embedding matrix H, the spatial constraint is defined
as:

Lreg = −
Nspot∑
i=1

( ∑
j∈graph_posi

log(σ(Sij))

+
∑

k/∈graph_negi

log(1− σ(Sik))

)
.

(1)

where S denotes the cosine similarity matrix based on the
learned latent representations H.

Furthermore, to more accurately model the distribution
of spatial gene expression data, we adopt a Zero-Inflated
Negative Binomial (ZINB) loss function. This loss explicitly
accounts for both the over-dispersion of RNA-seq counts and
the excess of zero-valued entries caused by technical dropout



Fig. 1. Overview of the proposed ensemble graph neural network framework for spatial transcriptomics analysis. A. Base graph neural model: input data,
construction of feature and spatial graphs, and a graph neural encoder that produces latent representations H via feature and spatial convolutions followed
by a fusion module. B. Base-model training and loss functions: a ZINB decoder reconstructs the observed counts (loss LZINB), and a contrastive spatial
regularization term (Lcont), derived from the similarity matrix and spatial graph, together define the total loss Ltotal. C. Ensemble spatial clustering strategy:
multiple base learners, initialized with different random seeds and highly variable gene (HVG) subsets, generate diverse cluster label predictions. Consensus
learning performs alignment matching, constructs the co-association matrix C, and applies majority voting and spectral clustering to obtain a robust consensus
segmentation. D. Final output and downstream analyses: the consensus segmentation is used for spatial domain detection, visualization of cell-type distributions,
and performance evaluation.

events. More specifically, for a given observed count xij (gene
j in spot i), the likelihood is modeled as:

p(xij | µij , θj , πij) = πij δ0(xij)+(1−πij)NB(xij ; µij , θj),
(2)

where µij is the mean expression, θj is the gene-specific
dispersion parameter, πij is the dropout probability, and δ0(·)
denotes the point mass at zero. The corresponding negative
log-likelihood loss used for training is:

LZINB = −
∑
i,j

log p(xij | µij , θj , πij). (3)

Therefore, the total loss for the base graph neural network can
be defined as:

Ltotal = LReg + LZINB (4)

This joint formulation enables the network to capture both spa-
tial dependencies and statistical characteristics of expression
profiles.

C. Ensemble Spatial Clustering

The proposed ensemble spatial clustering framework com-
prises two key components: model diversity and consensus
learning.

Model Diversity: Each model takes as input the normalized
gene expression matrix and four adjacency graphs fadj,
sadj, graph_pos and graph_neg, which jointly encode
both functional similarity and spatial neighborhood structure
among tissue spots. To enhance robustness and mitigate bias
from individual model initialization, we introduce a sampling-
based strategy to generate diverse base learners. Specifically,
multiple base models are trained using different random seeds
(3, 5, 7, 9, 11) to capture distinct local minima of the
non-convex optimization landscape. To further improve gener-
alization capability, a feature bagging strategy is employed, in
which approximately 70% of highly variable genes (HVGs) are
randomly sampled for each run. This approach prevents over-
reliance on specific gene subsets and promotes complementary
feature representations across base models. Moreover, we
introduce a graph perturbation technique, termed neighbor
jitter, in which adjacency matrices are randomly smoothed or



sharpened during training. This perturbation enables the model
to perceive spatial boundaries at multiple resolutions, thereby
encouraging the extraction of spatially coherent domains under
varying local connectivity patterns.

Consensus Learning: To achieve stable and reproducible
spatial domain segmentation, we develop a consensus learning
strategy that integrates all independently trained base mod-
els into a unified ensemble. This approach captures com-
plementary spatial features across multiple runs, mitigates
stochastic variance arising from random initialization, and
establishes a consistent framework for downstream spatial
domain discovery. Specifically, cluster label predictions from
individual models must first be aligned to resolve arbitrary
label permutations. To this end, we employ the Hungarian
matching algorithm, which performs pairwise label alignment
by maximizing overlap between clusters, thereby ensuring
consistent mapping across different seeds and model instances.
Given two sets of cluster assignments, the algorithm finds an
optimal one-to-one mapping between clusters that maximizes
total overlap. Formally, let Lref and Ltarget denote cluster
assignments of n spots from a reference and a target model,
respectively. The optimal permutation matrix P∗ is obtained
by solving the following:

argmax
P∈Π

K∑
k=1

K∑
l=1

Pkl

∣∣{i | Lref(i) = k} ∩ {i | Ltarget(i) = l}
∣∣,
(5)

where Π denotes all possible permutation matrices and | · | is
set cardinality. The target labels are then relabeled according
to P∗ to ensure consistent cluster mapping across models.

After alignment, we computed a co-association matrix C ∈
RN×N that captures pairwise agreement across the ensemble.
Each entry Cij quantifies how often spots i and j were
assigned to the same cluster among the M aligned predictions:

Cij =
1

M

M∑
m=1

I[Lm(i) = Lm(j)] , (6)

where N is the number of spatial spots and I is the indicator
function. This matrix serves as a robust, model-averaged
estimate of spatial co-membership, smoothing over stochastic
variation across individual runs.

To obtain the final ensemble segmentation, we adopted a
two-step consensus procedure. First, we applied simple major-
ity voting to generate an initial per-spot consensus label based
on the aligned predictions. Second, we performed spectral
clustering directly on the co-association matrix C (with the
number of clusters fixed to that of the reference model) to
refine the global spatial structure and produce an alternative
consensus partition. We then select consensus solutions as the
final ensemble output.

The overview of the proposed model can be found in Figure
1 and the related optimization processing can be found in
Algorithm 1.

Algorithm 1 The optimization of the ensemble graph neural
spatial clustering framework
Input: Normalized spatial transcriptomics expression matrix
X ∈ RN×G, spatial coordinates {si}Ni=1, number of clusters
K, number of base learners M .
Output: Consensus spatial domain labels ŷ ∈ {1, . . . ,K}N .

1: Preprocessing: Normalize and log-transform X; select
highly variable genes (HVGs).

2: Graph construction: Using X and spatial coordinates,
construct

• functional adjacency graph fadj (gene expression
similarity),

• spatial adjacency graph sadj (physical proximity),
• positive graph graph pos (local k-NN connectivity),
• negative graph graph neg (randomized negative con-

trol).
3: Base model learning:

for m = 1 to M

• Sample a subset of HVGs Gm ⊆ GHVG (e.g., 70% of
HVGs).

• Initialize base graph neural network with random
seed.

• Optionally perturb adjacency graphs via neighbor
jitter to obtain perturbed graphs.

• Compute feature embedding Hf from (X,Af ) and
Compute spatial embedding Hs from (X,As).

• Fuse embeddings to obtain H.
4: Consensus learning:

• Label alignment: Choose one run r as reference.
For each m ̸= r, align L(m) to L(r) using the
Hungarian algorithm to resolve label permutations,
yielding aligned labels L(m).

• Co-association matrix construction: Build C ∈
[0, 1]N×N where Cij is the fraction of base learners
assigning spots i and j to the same cluster across
{L̃(m)}Mm=1.

• Consensus segmentation: (a) Obtain per-spot
majority-vote labels ŷmv from {L(m)}Mm=1. (b)
Apply spectral clustering with K clusters to C to
obtain refined labels ŷsc.

• Clustering: Select the final consensus labels ŷ as the
ensemble spatial domain segmentation.

III. EXPERIMENT

In this section, we evaluate the effectiveness of the proposed
framework on multiple spatial transcriptomic datasets. All
experiments were conducted following a standardized protocol
to ensure reproducibility across models and datasets. We
first describe our experimental setup from three perspectives:
datasets, evaluation metrics, and competing methods. We then
conduct a comprehensive evaluation of the proposed frame-
work by addressing the following key questions:

• Q1.Superiority: Does the proposed model outperform



state-of-the-art methods in spatial transcriptomics clus-
tering?

• Q2. Effectiveness: Are the proposed graph enhancement
strategies effective in improving clustering performance?

• Q3. Spatial domain identification: Can the proposed
framework accurately and robustly identify distinct spa-
tial domains?

A. Experiment Setting

1) Datasets: We evaluate the proposed framework on two
spatial transcriptomics datasets:

• DLPFC: Eleven human dorsolateral prefrontal cortex
(DLPFC) Visium sections (IDs 151508–151676) with
known cortical layer annotations (L1–L6 and white mat-
ter). Including an additional reference section, this results
in a total of 12 datasets for analysis [31].

• HBC: A Human Breast Cancer (HBC) dataset containing
both tumor and stromal regions [30].

Detailed statistics of the datasets used in this study are
summarized in Table I.

TABLE I
STATISTICS OF THE DATASETS.

Tissues Slices # Spots # Genes

Dorsolateral
pre-frontal cortex
(DLPFC)

151507 4226 20494
151508 4384 20083
151509 4789 20732
151510 4634 20475
151669 3661 20583
151670 3498 20338
151671 4110 21037
151672 4015 10725
151673 3639 21267
151674 3673 21897
151675 3592 20783
151675 3460 20806

Breast cancer Section 1 3798 36601

2) Comparison Methods: We compared the proposed
framework against several representative spatial clustering
models: 1. SCANPY [35], 2. Spatial-MGCN [28], 3. SpaGCN
[32], 4 GraphST [30], 5. StMMR [27], 6. DeepST [33] and 7.
stLearn [34].

All models were trained for 100–150 epochs using the
Adam optimizer (learning rate 0.0005, batch size 128) on
GPU clusters to ensure reproducibility. All experiments were
repeated five times with independent random seeds (3, 5,
7, 9, 11). Metric means and standard deviations were
reported in the Results section.

3) Metrics: Performance was evaluated using two widely
adopted metrics: Normalized Mutual Information (NMI) and
Adjusted Rand Index (ARI). These metrics collectively pro-
vide a comprehensive assessment of both clustering accuracy
and structural consistency. Higher values of NMI and ARI
indicate stronger agreement between the predicted clustering

results and the ground-truth annotations, reflecting more ac-
curate and reliable spatial domain identification.

B. Results and Analysis (Q1.Superiority)

Tables II and III summarize the clustering performance
of our method in comparison with several state-of-the-art
spatial transcriptomics clustering baselines on two bench-
mark datasets: the 12-section DLPFC dataset and the HBC
Visium dataset. For the DLPFC dataset, GraphST exhibits
the weakest performance, with consistently low NMI and
ARI values across all sections. SpaGCN performs moderately
but shows substantial variability, particularly in sections with
more complex spatial architectures. Spatial-MGCN provides a
strong baseline; however, our model surpasses it in seven out
of the nine DLPFC sections, with the largest gains appear-
ing in regions of high structural heterogeneity. Overall, our
method consistently achieves the highest NMI and ARI across
the majority of tissue sections. In particular, it outperforms
GraphST and SpaGCN by substantial margins, frequently
exceeding them by more than +0.20 in ARI. Relative to
Spatial-MGCN, our model demonstrates notable improve-
ments in structurally complex tissues such as sections 151508,
151669, and 151671, with ARI gains of +0.26, +0.30, and
+0.18, respectively. We further evaluate our method on the
Human Breast Cancer (HBC) Visium dataset, which contains
heterogeneous tumor and stromal regions. Under the same pre-
processing pipeline and identical hyperparameter settings, our
model again achieves the best overall performance, surpassing
GraphST, SpaGCN, and Spatial-MGCN on all evaluation
metrics.

Overall, these results highlight the robustness and superior
generalization capability of our approach, particularly in com-
plex and spatially heterogeneous transcriptomics scenarios.

C. Ablation Study (Q2. Effectiveness)

To evaluate the efficacy of our proposed graph enhancement
strategies in improving clustering performance, we compared
our ensemble model against the baseline graph neural network
clustering framework on the 12-section DLPFC dataset and the
HBC dataset. The results are presented in Tables IV and V.

From these results, we observe that incorporating the graph
enhancement components and the ensemble strategy generally
leads to improved or at least comparable performance across
most sections and evaluation metrics, indicating that the pro-
posed design effectively strengthens spatial domain detection
while maintaining robustness. For example, improvements
of +0.11 (151508), +0.09 (151509), and +0.10 (151670)
demonstrate that the enhanced graph mechanism strengthens
the model’s ability to capture more discriminative spatial
structures.

Overall, the ensemble model consistently yields more accu-
rate and robust clustering outcomes, validating the effective-
ness of the proposed ensemble learning mechanisms.



Fig. 2. Comparative spatial domain segmentation for a DLPFC sample. Shown are the ground-truth cortical layer annotations (left) alongside the results
of four representative methods: GraphST, SpaGCN, Spatial-MGCN, and our model. Among all approaches, our method produces the most coherent laminar
organization with minimal boundary noise, achieving the closest correspondence to the biological ground truth.



TABLE II
CLUSTERING PERFORMANCE OF COMPETING SPATIAL TRANSCRIPTOMICS MODELS IN TERMS OF ARI. BOLD ENTRIES INDICATE THE BEST RESULTS.

Adjusted Rand Index (ARI)
Method 151507 151508 151509 151510 151669 151670 151671 151672 HBC

SCANPY 0.20 0.15 0.19 0.14 0.10 0.09 0.12 0.12 0.49
Spatial-MGCN 0.63 0.46 0.54 0.51 0.39 0.35 0.60 0.77 0.64
SpaGCN 0.43 0.33 0.41 0.37 0.23 0.35 0.51 0.53 0.56
GraphST 0.48 0.39 0.52 0.50 0.48 0.46 0.61 0.63 0.54
stMMR 0.59 0.51 0.58 0.69 0.49 0.48 0.68 0.63 0.62
DeepST 0.55 0.42 0.43 0.50 0.44 0.33 0.52 0.48 0.53
stLearn 0.49 0.31 0.45 0.44 0.32 0.23 0.39 0.34 0.55
Our Model 0.65 0.55 0.62 0.67 0.52 0.40 0.77 0.76 0.61

TABLE III
CLUSTERING PERFORMANCE OF ALL SPATIAL TRANSCRIPTOMIC CLUSTERING METHODS IN TERMS OF NMI. BOLD ENTRIES INDICATE THE BEST

RESULTS.

Normalized Mutual Information (NMI)
Method 151507 151508 151509 151510 151669 151670 151671 151672 HBC

SCANPY 0.21 0.21 0.27 0.22 0.16 0.16 0.24 0.23 0.52
Spatial-MGCN 0.74 0.60 0.68 0.67 0.58 0.56 0.72 0.75 0.69
SpaGCN 0.54 0.42 0.55 0.50 0.42 0.45 0.60 0.61 0.56
GraphST 0.64 0.54 0.64 0.64 0.59 0.68 0.70 0.61 0.67
stMMR 0.72 0.65 0.71 0.71 0.56 0.56 0.72 0.72 0.65
DeepST 0.62 0.57 0.62 0.62 0.57 0.51 0.59 0.60 0.68
stLearn 0.64 0.53 0.62 0.59 0.49 0.41 0.54 0.47 0.63
Our Model 0.76 0.66 0.71 0.68 0.64 0.57 0.73 0.73 0.65

TABLE IV
CLUSTERING PERFORMANCE OF THE PROPOSED ENSEMBLE MODEL AND BASE MODEL IN TERMS OF ARI. BOLD ENTRIES INDICATE THE BEST RESULTS.

Adjusted Rand Index (ARI)
Method 151507 151508 151509 151510 151669 151670 151671 151672 HBC

Base 0.64 0.41 0.53 0.47 0.39 0.31 0.61 0.77 0.59
Our Model 0.65 0.55 0.62 0.67 0.52 0.40 0.77 0.76 0.61

TABLE V
CLUSTERING PERFORMANCE OF THE PROPOSED ENSEMBLE MODEL AND BASE MODEL IN TERMS OF NMI. BOLD ENTRIES INDICATE THE BEST RESULTS.

Normalized Mutual Information (NMI)
Method 151507 151508 151509 151510 151669 151670 151671 151672 HBC

Base 0.74 0.59 0.68 0.64 0.50 0.44 0.72 0.66 0.67
Our Model 0.76 0.66 0.71 0.68 0.64 0.57 0.73 0.73 0.65

D. Visualization of spatial domain detection (Q3. Spatial
domain identification)

To evaluate the effectiveness of the proposed framework in
accurately and robustly identifying distinct spatial domains,
we visualize the spatial clustering results of our method
alongside two competing approaches (SpaGCN and GraphST)
in Figure 2. Spatial overlay maps were generated to examine
the correspondence between predicted clusters and histological
structures, with each domain color-coded on the Visium tissue
grid to assess boundary sharpness, layer continuity, and overall
structural coherence within both cortical and tumor-associated
tissues.

From the visual comparison, it is evident that our model
more accurately recovers cortical layer boundaries than the
competing methods. SpaGCN and GraphST often produce
fragmented or noisy segmentations, particularly in regions
with subtle transitions or heterogeneous expression patterns.
In contrast, our ensemble model yields smoother and more
coherent laminar structures, with clearly delineated interfaces
between adjacent layers and substantially reduced boundary
noise. This improvement is especially pronounced in samples
with complex spatial organization (e.g., 151508 and 151510),
where competing methods fail to preserve layer continuity.
These qualitative observations further reinforce the quantita-



tive gains reported in Tables II and III, demonstrating the
enhanced ability of our framework to capture biologically
meaningful spatial patterns.

IV. CONCLUSION

In this work, we proposed an ensemble graph neural
network framework for spatial transcriptomics analysis that
jointly exploits gene expression similarity and spatial neigh-
borhood information. By constructing complementary feature
and spatial graphs, encoding spots with a graph neural encoder,
and decoding gene expression with a ZINB-based likelihood,
our method effectively captures both the statistical properties
of count data and the spatial organization of tissue. A con-
trastive spatial regularization term further encourages locally
coherent representations, while an ensemble clustering strategy
with diverse base learners and consensus learning yields robust
spatial domain segmentation. Extensive experiments on the
12-section DLPFC dataset and the HBC dataset demonstrate
that our framework consistently achieves superior performance
compared with existing graph-based and deep clustering base-
lines.
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