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Abstract 
Summary: Spatial transcriptomics (ST) enables high-resolution exploration of tissue architecture by integrating gene ex
pression profiles with spatial information, thereby advancing insights into cellular composition, organization, and interac
tions. Among ST applications, spatial domain identification is critical for linking gene expression patterns to tissue mor
phology and analyzing the tissue microenvironment. We introduce a trainable clustering framework that unifies four 
complementary strategies—ACT, FACT, Scatter, and Ensemble—into a cohesive architecture. By coupling autoencoder- 
driven feature learning with an Mclust-assisted clustering layer, this framework enables joint optimization of representa
tion and cluster assignments through a trainable loss function. Applied to human DLPFC, mouse brain anterior, and hu
man breast cancer datasets, the proposed framework achieves competitive accuracy in most cases while reliably identify
ing spatial domains and preserving complex tissue architecture. Additionally, Stereo-seq and Slide-seq datasets are 
utilized to evaluate cross-platform generalizability and robustness.

Availability and implementation: The proposed framework is implemented in Python. The codes and datasets are available 
in https://github.com/SababAosaf/FACTSpatialTranscriptomics.

1 Introduction
Tissues are composed of diverse cell types whose spatial ar
rangement is critical for maintaining their biological functions. 
Recent advancements in spatial transcriptomics (ST) have 
enabled researchers to study tissue organization and function 
in unprecedented detail by integrating gene expression with 
spatial context. ST enables the exploration of cellular composi
tion, structure, and interactions that offer insights into their 
roles in tissue homeostasis (Meizlish et al. 2021) and disease 
progression.

Despite recent advances, spatial domain clustering, cell type 
deconvolution, and horizontal cell integration remain major 
challenges in ST data analysis, as they are critical for elucidating 
tissue heterogeneity and architecture. Spatial domain identifica
tion, referred to as domain-based clustering, is essential for un
derstanding how gene expression patterns correlate with tissue 
morphology and function.

Current approaches for identifying spatial domains can be 
broadly categorized into two categories: non-spatial clustering 
methods and spatial clustering methods. Traditional non-spatial 

clustering algorithms rely exclusively on gene expression data, 
treating each sample as independent of its spatial context. 
In contrast, spatial clustering methods incorporate gene expres
sion data alongside spatial coordinates and morphological 
features, effectively capturing the inherent spatial dependencies 
within tissues. This enables spatial clustering methods to 
capture biologically meaningful patterns more effectively by 
considering the tissue’s molecular and structural organization.

Spatial domain identification in bioinformatics is formulated 
as a clustering problem, where spatially-resolved omics profiles 
are partitioned into distinct, biologically coherent regions based 
on similarities in their genetic signatures and spatial proximity. 
To enhance the clustering accuracy and relevance of spatial 
clusters, supplementary data such as histological images, spa
tial coordinates of cells or tissues, or expert annotations can be 
integrated into the gene expression matrix. Spatial data allow 
for a better understanding of the micro-environmental influen
ces on gene expression. Moreover, expert annotations, such as 
manual labeling of cell types, can be added to the gene expres
sion matrix. These annotations serve as prior knowledge, guiding 
the analysis and improving the interpretability of clusters. 
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Integrating histological image data into the gene expression matrix 
allows for capturing a broader range of cellular and tissue features, 
potentially uncovering gene expression patterns associated with 
specific biological traits.

Although originally developed for community detection, the 
Louvain algorithm (Que et al. 2015) has been effectively adapted 
for domain detection in various applications. It employs a hier
archical clustering approach to identify cell domains of ST. 
Similarly, the Leiden clustering algorithm (Traag et al. 2019) has 
gained traction for domain annotation, offering improved per
formance and robustness in identifying distinct clusters within 
complex datasets. Mclust (Scrucca et al. 2023) has also been 
used for domain annotation and this algorithm focuses on 
model-based approaches for clustering, classification, and den
sity estimation (Silverman 2018), utilizing finite normal mixture 
models (McLachlan and Peel 2000). It includes capabilities for 
estimating parameters through the expectation–maximization 
(EM) algorithm (Moon 1996) tailored for a range of normal mix
ture models with diverse covariance structures.

In recent years, deep learning-based spatial domain identifi
cation techniques, specifically designed for spatial transcrip
tomic data, have demonstrated superior performance to 
traditional statistical approaches. Due to the inherent spatial 
structure, graph-based representations are commonly used to 
model spatial relationships between cells or tissue regions. 
Graph convolutional network-based (Zhang et al. 2019) ap
proach SpaGCN (Hu et al. 2021) utilized gene expression, spatial 
location and histology data in ST data analysis and clustering. 
GraphST (Long et al. 2023) another deep learning model uses 
graph self-supervised contrastive learning (Khosla et al. 2020, 
Liu et al., 2022) for clustering. Meanwhile, DeepST (Xu et al. 
2022) analyses morphological images and gene expression data 
to identify spatial patterns. It uses a combination of deep learn
ing and graph neural networks (Wu et al. 2021) to create a uni
fied representation of the spatial data.

In particular, BayesSpace (Zhao et al. 2021) is a fully Bayesian 
statistical (Van de Schoot et al. 2021) method that uses the infor
mation from spatial neighborhoods for resolution enhancement 
of spatial transcriptomic data and clustering analysis. It effec
tively addresses challenges related to sparsity and noise com
monly encountered in spatial transcriptomic. Furthermore, 
ConST (Zong et al. 2022) uses contrastive learning to generate a 
low-dimensional embedding for other downstream tasks such 
as clustering and highly variable gene identification. STAGATE 
(Dong and Zhang 2022) utilizes graph-attention autoencoder 
method for ST that learns low-dimensional spot embeddings by 
jointly modeling gene expression and spatial neighborhood 
structure. The learned embeddings are then used for down
stream clustering to identify spatial domains that respect tissue 
continuity. GRAPHDeep (Liu et al. 2024) utilizes two unsuper
vised learning modules, VGAE (Kipf and Welling 2016) and DGI 
(Yin et al. 2023) for spatial clustering.

Alongside other deep learning-based approaches, SpaceFlow 
(Ren et al. 2022) used spatially regularized deep graph networks 
to generate low-dimensional embedding which can be used for 
downstream tasks. SPAN (ST cell assignment) model assigns cells 
or spots into known types with prior knowledge of predefined 
marker genes and spatial information. It then combines a mixture 
model with an HMRF (hidden Markov random field) to model 

spatial dependency between neighboring spots and annotate 
cells or spots. Another approach ScribbleDom (Rahman et al. 
2023) combines a semi-supervised deep learning-based model 
with human cognitive ability for spatial domain identification in 
ST data. Meanwhile, STLearn (Pham et al. 2023) uses a two-step 
clustering procedure. Initially, it generates a broad cluster using 
the Louvain or KNN clustering method. In the second step, spatial 
information is used. SC-MEB is an empirical Bayes approach for 
spatial clustering analysis that leverages a HMRF.

In this study, we present a novel trainable clustering framework 
comprising four methods—Scatter, ACT, FACT, and an ensemble 
variant—designed to identify spatial domains or regions that are 
coherent in both gene expression and histological features. This 
framework addresses the lack of a universally superior clustering 
method and leverages its trainable design to adapt to diverse ST 
datasets. In addition, it integrates an innovative preprocessing 
technique to enhance data representation and clustering perfor
mance. This framework integrates an autoencoder for non-linear 
dimensionality reduction with a trainable optimization procedure 
that refines the latent space, enabling effective exploration of the 
solution space and mitigating the risk of convergence to local 
minima—a limitation often encountered in traditional optimiza
tion techniques. The framework yields robust low-dimensional 
representations, well suited for accurate spatial domain identifi
cation. To validate our approach, we have benchmarked our 
method on the human dorsolateral prefrontal cortex (DLPFC) 
(Maynard et al. 2021), mouse brain anterior ST (10x Genomics 
2020a) and human breast cancer ST (10x Genomics 2020b) data
set. These datasets are selected for their challenging nature, char
acterized by high dimensionality and complex spatial structure, 
making them an ideal test case for our method. We have 
employed multiple benchmarking metrics to comprehensively 
evaluate the performance of our approach. In most cases, our 
method outperformed the state-of-the-art techniques.

2 Materials and methods
2.1 Method overview
The proposed trainable clustering framework for spatial domain 
identification uses gene expression data and spatial coordinates 
from tissue. After filtering and normalization, an autoencoder 
and deep neural network jointly learn latent representations, 
optimized through clustering and spatial refinement. The final 
spatial domains are identified by applying Mclust to the learned 
features. Figure 1 provides a detailed schematic diagram that 
illustrates the overall architecture of the proposed method. The 
performance of the framework is evaluated in multiple Visium 
10x datasets, including human DLPFC, mouse brain anterior, 
and human breast cancer, resulting in precise and robust spatial 
domain identification. Further tests were done for Slide-seqV2 
and Stereo-seq datasets. All stages of representation learning, 
clustering, and spatial refinement are performed in a fully unsu
pervised manner; ground-truth annotations are used only for 
post hoc evaluation. Also, in our framework, a single shared 
autoencoder is used to learn latent representations when multi
modal inputs were used. In some tests Gene expression features 
and spatial coordinates are first normalized independently and 
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Figure 1 Overall architecture of FACT. (A) Initially, gene-count data with associated spatial coordinates are retrieved. A random subset of spatial 
spots is iteratively sampled, and genes consistently exhibiting high expression across iterations are identified and removed (we have also proposed 
ACT method, for which this step is skipped). The resulting filtered and normalized gene-count matrix is used to construct a spatial feature map 
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then concatenated into a unified feature vector, which serves as 
the input to the autoencoder. No modality-specific encoders are 
employed; instead, feature fusion is performed through direct 
concatenation prior to representation learning.

2.2 Dataset
The tissue samples comprise gene counts, spatial coordinates, 
and image-derived features. Gene counts capture expression 
levels at specific spots or cells, while high-resolution H&E 
images provide spot-specific information extracted via deep 
learning models such as ResNet50 (He et al. 2016), preserving es
sential details and reducing dimensionality. For each spatial 
spot, the normalized gene expression vector is concatenated 
with its corresponding spatial coordinate features or image em
bedding to form a joint representation used throughout training 
(in some cases). To assess spatial domain identification perfor
mance, we applied the proposed method to gold-standard ST 
datasets from multiple platforms. A summary of each dataset 
used in this study is provided in Table 1.

Primarily, our method is applied to The human DLPFC dataset 
generated by the Visium 10x platform (Maynard et al. 2021). It pro
vides high-dimensional gene expression data combined with spa
tial coordinates, allowing for analysis of cellular organization and 
gene expression concerning brain anatomy. This dataset is a widely 
used benchmark for evaluating computational methods in cluster
ing, dimensionality reduction, and spatial domain identification.

For comprehensive benchmarking, we also used the mouse 
brain anterior ST dataset (10x Genomics 2020a). It was gener
ated with the 10x Genomics Visium platform and contains 
spatially-resolved transcriptomic profiles of the anterior 
mouse brain.

For a more comprehensive analysis, the human breast cancer 
ST dataset (10x Genomics 2020b) is included. The human breast 
cancer dataset captures transcriptomic heterogeneity within the 
tumor and stromal tissues. This dataset was generated using 
the Visium 10x platform.

Additionally, the mouse hippocampal formation dataset from 
the Slide-seqV2 platform (Stickels et al. 2021) and the Mouse 
Liver Zonation dataset from the Stereo-seq platform (Chen et al. 
2022) are used to assess the robustness and cross-platform gen
eralizability of the proposed framework across diverse ST 
technologies.

2.3 Gene filtration
The gene filtration process involves selecting genes with high in
fluence and variability in randomly sampled spots and integrat
ing these influential and highly variable genes into the final set.

The selection of high influence genes involved two different 
filtration methods that can be used individually or one after 

another. For the first filtration method, we isolate genes that are 
most informative for clustering by reducing the influence of 
broadly expressed “background” genes. We first sample multi
ple spatial locations within the sample at random and tally gene 
occurrences across these locations. Genes that consistently 
show high occurrence across essentially all sampled locations 
are then iteratively excluded. The reasoning is that genes 
expressed in many (or most) spatial regions are often linked to 
housekeeping functions, general viability, or shared cell pro
cesses, and therefore tend to provide a weaker signal for sepa
rating spatially distinct clusters and are less likely to help in 
driving meaningful cluster separation. Removing these genes 
can reduce noise and increase the relative weight of location- 
enriched signals, which may improve clustering. This is a novel 
filtration method called scatter filtration as described below.

Let X 2Rn × p be the gene-count (or processed feature) matrix 
with n spots and p genes, and let G1 ¼ f1; . . . ;pg be the initial 
gene set. Scatter filtration repeats random spot sampling and 
removes genes that occur most frequently among the top- 
expressed genes of sampled spots.

At iteration t ¼ 1; . . . ;T, sample a subset of spots 

St � f1; . . . ; ng; jStj ¼ m:

For each sampled spot i 2 St, define the set of indices of the 
top-L expressed genes 

TopLðxiÞ � Gt:

Define the gene-occurrence score (frequency) over the sam
pled spots: 

cðtÞg ¼
X

i2St

I
�

g 2 TopLðxiÞ
�
; 8g 2 Gt;

where Ið�Þ is the indicator function.
In our implementation, the number of genes removed per it

eration is controlled by 

r ¼ b
knob

10
c:

where Knob is a user-tunable hyperparameter that controls how 
intensively genes are removed during each iteration.

Let Rt be the set of the r most frequently occurring genes: 

Rt ¼ Topr

�
fcðtÞg gg2Gt

�
:

Update the retained gene set by excluding these high- 
occurrence genes: 

Figure 1. Continued 
representation for further analysis. (B) An autoencoder is trained by minimizing the reconstruction error between the input and the reconstructed 
expression profile. (C) A fully connected clustering layer maps latent embeddings to soft cluster-assignment probabilities in an unsupervised 
manner. The layer is randomly initialized and not pretrained using ground-truth labels. (D) Using Mclust, class labels are assigned to latent 
representation (an alternative labeling to C). Which are then refined using spatial location information. The KL divergence between the assigned 
labels and the clustering layer labeling (from C) is computed. This divergence is then used to further train the autoencoder along with the clustering 
layer, enhancing the quality of the final feature representations. (E) Finally, the Mclust algorithm is applied on the learned feature representations to 
identify distinct spatial domains.
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Gtþ 1 ¼ Gt n Rt:

After T iterations, the filtered matrix is 

Xfilt ¼ X½:;GTþ 1�:

For the second filtration method, highly variable genes were 
identified using the Seurat v3 (Stuart et al. 2019) pipeline. 
Subsequently, only the most influential and highly variable 
genes were retained, and all other genes were excluded from 
further analysis, as shown in Fig. 1A.

2.4 Normalization
Normalization of feature vectors is a crucial step in ST data 
analysis, improving the reliability and consistency of down
stream analytical methods. To ensure gene expression levels are 
comparable across cells, raw counts were normalized for each 
cell based on library size, as shown in Equation (1): 

Xnorm ¼
X
P

X
� s (1) 

where X is the raw count data, 
P

X is the total count for each 
cell, and s is the scaling factor.

Thereafter, log normalization is applied to stabilize variance 
and adjust for smaller values, particularly in datasets exhibiting 
higher variability. Log normalization is applied as defined by the 
expression in Equation (2): 

log 1pðxÞ ¼ log eðxþ 1Þ (2) 

Here, log e represents the natural logarithm (base e), and x is 
the gene expression feature. To standardize the gene expres
sion, the z-score normalization is applied, such that each gene 
expression has a mean of zero and a unit variance, as described 
in Equation (3): 

Xscaled ¼
log 1pðXÞ− μ

σ
(3) 

where μ is the mean of the data and σ represents the standard 
deviation of the data.

After scaling, the values in the feature vector are clipped to a 
maximum threshold to mitigate the influence of outliers that 
can adversely affect the analysis. Clipping sets all values above 
a certain threshold to that threshold value. To clip the values 
within a defined range ½a;b� as described in Equation (4): 

Xclipped ¼ minðmaxðXscaled; aÞ; bÞ (4) 

where a is the minimum value and b is the maximum value.
Following the four-step normalization process as shown 

in Fig. 1A, the resulting output is a normalized and stan
dardized feature matrix in which gene expression values are 
appropriately scaled, variance-stabilized, and constrained 
to mitigate the influence of outliers. This transformation 
standardizes the gene expression data, improving the accu
racy of spatial domain identification in single-cell spatial 
transcriptomic.

2.5 Neighborhood gene 
expression feature
To incorporate local spatial context into gene expression repre
sentations, we define a neighborhood-based gene expression 
feature for each spatial spot. Let X 2Rn × p denote the normal
ized gene expression matrix, where n is the number of spatial 
spots and p is the number of genes.

For each spot i, a spatial neighborhood NðiÞ is constructed us
ing the k-nearest neighbors (kNN) approach based on Euclidean 
distance between spatial coordinates. Unless otherwise stated, 
we set k¼ 6, which is consistent with the hexagonal layout of 
the 10x Visium platform.

To enhance flexibility across ST platforms, the framework is 
capable of treating the neighborhood parameter as a tunable 
hyperparameter, allowing adaptation to platform-specific geom
etry and resolution.

The neighborhood gene expression vector for spot i is com
puted as the mean expression of its neighboring spots: 

XðNÞi ¼
1
jNðiÞj

X

j2NðiÞ

Xj (5) 

To obtain a context-aware feature representation, the original 
gene expression vector of each spot is concatenated with its cor
responding neighborhood gene expression vector: 

Zi ¼ ½Xi ∥ XðNÞi � (6) 

where ∥ denotes vector concatenation. This representation 
captures both intrinsic transcriptional information and local 
spatial context, and is used as input for downstream cluster
ing and representation learning in the GN-based abla
tion setting.

Table 1 Summary of spatial transcriptomics datasets used for benchmarking.

Dataset Technology Sample size Number of slides

DLPFC 10x Visium 3460–4789 12
Mouse brain anterior 10x Visium 2695 1
Human breast cancer 10x Visium 3798 1
Mouse hippocampal formation Slide-SeqV2 41 786 1
Mouse liver zonation Stereo-seq 16 211 1
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2.6 Latent representation generation
The transformed feature vectors obtained from the gene fil
tration and normalization process are subsequently proc
essed by an autoencoder trained to learn a compact latent 
representation. The latent space is optimized to preserve 
critical information necessary for accurate reconstruction, 
while simultaneously ensuring a representation structure that 
enables effective separation between distinct clusters.

To obtain an optimal latent representation, the training pro
cess combines multiple loss functions, including mean squared 
error (MSE) for reconstruction and KL divergence for assignment 
error. This latent representation is a lower-dimensional space 
that preserves the most significant features of the input data. 
Additionally, a clustering layer is integrated after the autoen
coder to enhance cluster segregation.

As shown in Fig. 1B, the autoencoder undergoes a rigorous 
training process, iteratively refines the model’s ability to recon
struct the input data. The quality of these reconstructions is 
quantified using reconstruction error, which serves as a loss 
function in the training process. Specifically, the MSE is utilized 
to compute the loss.

During training, the autoencoder iteratively updates its 
parameters to minimize the reconstruction error. At each step, 
the model adjusts its weights to better approximate the original 
input of its latent representation. This gradual optimization 
enhances the model’s capacity to capture the most informative 
features of input data, leading to increasingly accurate recon
structions over time. After sufficient iterations, the autoencoder 
is able to efficiently encode the input data into a compact latent 
representation.

Finally, this iterative training process results in an auto en
coder that is capable of learning and encoding the intricate pat
terns within the data, facilitating various applications such 
as dimensionality reduction, data denoising, and feature 
extraction.

2.7 Autoencoder and clustering layer 
architecture
The autoencoder used in the proposed framework follows a 
symmetric, fully connected architecture designed for non-linear 
dimensionality reduction. Let din denote the input feature di
mension after preprocessing. The encoder consists of a fully 
connected layer, so we have: 

din ! dlatent;

where dlatent is the dimensionality of the latent representation. 
In all experiments, we set dlatent ¼ 32 unless otherwise stated.

The decoder mirrors the encoder architecture: 

dlatent ! din:

A fully connected clustering layer is attached to the latent 
space. This layer maps the latent embedding zi 2R

dlatent to a K- 
dimensional vector, where K is the predefined number 
of clusters: 

dlatent ! K:

This layer gives cluster assignments and is trained jointly with 
the autoencoder using the clustering loss based on 
KL divergence.

2.8 Integration of autoencoder and 
clustering for latent 
representation refinement
While the autoencoder weights remain frozen, this prevents 
updates during subsequent training phases. This step is critical 
to preserving the learned feature representations and ensuring 
the autoencoder’s continued ability to generate accurate latent 
representation. The latent representation is used as the input of 
the clustering layer. The clustering layer is a fully connected 
layer that outputs soft cluster-assignment probabilities, trained 
without ground-truth supervision, with each entity assigned a 
corresponding cluster membership value. Subsequently, the la
tent representation is clustered using the Mclust clustering algo
rithm. The output of the Mclust algorithm is subsequently 
refined by incorporating information from neighboring spots 
(cluster memberships are updated based on the current cluster 
labels of spatially adjacent spots, obtained from unsupervised 
Mclust assignments). For subsequent stage, two clustering 
approaches are used: one using a fully connected layer and an
other based on Mclust as shown in Fig. 1C and D. The KL diver
gence between these clusters is computed, serving as the loss 
function for this step. This loss function is used for the back 
propagation algorithm that trains the clustering layer (enabling 
unsupervised learning for the clustering layer).

Although the final spatial domains are obtained by applying 
Mclust to the learned embeddings, the clustering layer is a 
training-time component that shapes the latent space. 
Specifically, the clustering layer produces soft assignments that 
are aligned (via KL divergence) with refined Mclust-based targets 
during optimization. This additional objective encourages 
cluster-separable embeddings and reduces representation col
lapse, thereby improving the suitability of the learned latent 
space for subsequent model-based clustering with Mclust. The 
clustering layer is therefore not used as the final labeling mecha
nism, but as a regularizer that improves representation learning.

2.9 Autoencoder fine-tuning with 
combined reconstruction and 
clustering loss
In this phase, the weights of the autoencoder are unfrozen, 
thereby enabling their further optimization during training. This 
is essential for fine-tuning the entire model. The optimization 
process simultaneously minimizes two types of errors: the re
construction error from the autoencoder and the clustering er
ror from the clustering layer. The reconstruction error, 
calculated using the MSE which measures the difference be
tween the original input data and the reconstructed output 
from the autoencoder. On the other hand, the clustering error 
for the clustering layer is computed using the Kullback–Leibler 
(KL) divergence (Shlens 2014) as presented in Equation (7): 
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DKLðP∥QÞ ¼
X

i
PðiÞ log

PðiÞ
QðiÞ

(7) 

where Q is resultant probability distribution and P is reference 
probability distribution for i event.

KL divergence measures the divergence between the distribu
tion of latent representations and a target distribution, thereby 
facilitating more effective clustering of the latent embeddings. 
Both errors are weighted according to their importance in the 
overall model training process and then combined into a single 
loss function. This composite loss function guides the training of 
the autoencoder and clustering layer, ensuring the model 
becomes efficient at both reconstructing input data and accu
rately clustering the latent representations.

2.10 Joint optimization of reconstruction 
and clustering objectives
The representation learning component of the proposed frame
work is implemented as a linear autoencoder augmented with 
a clustering head. Let X 2Rn × d denote the input feature matrix, 
where n is the number of spatial spots and d is the input fea
ture dimension.

The encoder maps the input features into a latent space: 

Z ¼ XW1; (8) 

where W1 2R
d × dz and Z 2Rn × dz are the latent embedding. The 

decoder reconstructs the input from the latent representation: 

bX ¼ ZW2; (9) 

where W2 2R
dz × d. The autoencoder is trained by minimizing 

the mean squared reconstruction error: 

Lrec ¼
1
n

Xn

i¼1
jjXi −bX ijj

2
2: (10) 

2.10.1 Clustering layer and soft assignments
A fully connected clustering layer is attached to the latent em
bedding Z to produce cluster-assignment scores: 

S ¼ ZW3; (11) 

where W3 2R
dz × K and K is the predefined number of clusters. 

The scores are converted into soft cluster-assignment probabili
ties using a softmax function: 

qik ¼
expðSikÞ

PK

k0¼1
exp ðSik0 Þ

: (12) 

In parallel, Mclust is applied to the latent embeddings Z to ob
tain cluster labels based on a Gaussian mixture model. These 
labels are further refined using spatial neighborhood. The re
fined labels are then converted into a one-hot encoded matrix 

Y 2 f0;1gn × K , which serves as a reference distribution for clus
tering supervision.

The discrepancy between the soft assignments Q¼ fqikg pro
duced by the clustering layer and the refined Mclust targets Y is 
measured using the KL divergence: 

Lclust ¼ KLðY∥QÞ: (13) 

2.10.2 Joint optimization
The linear autoencoder and clustering layer are trained jointly 
by minimizing a weighted combination of the reconstruction 
and clustering losses: 

Ltotal ¼ λrecLrecþ λclustLclust; (14) 

where λrec and λclust control the tradeoff between reconstruction 
fidelity and clustering consistency. During training, the optimi
zation proceeds in stages, beginning with reconstruction- 
focused learning, followed by clustering alignment and final 
joint refinement, as described in the implementation.

2.10.3 Pipeline design justification
We adopted a two-stage optimization strategy because applying 
a clustering objective from the beginning can be unstable when 
the latent space has not yet learned a meaningful representa
tion of the input. The first stage therefore focuses only on recon
struction, allowing the autoencoder to learn a stable and 
information-preserving embedding. Once this embedding has 
been established, the clustering objective is introduced to refine 
the latent space rather than define it from scratch. This staged 
design separates representation formation from cluster refine
ment, which improves optimization stability and reduces the 
risk that early clustering signals distort the underlying biologi
cal structure.

We also retain the reconstruction objective during the second 
stage because clustering alone does not ensure that the learned 
embedding remains faithful to the original data. If the model 
was optimized only for clustering, it could move toward embed
dings that are easier to separate but less representative of the 
transcriptomic and spatial information contained in the input. 
Keeping the reconstruction term therefore acts as a safeguard 
against this drift and ensures that the latent representation 
remains both informative and cluster-friendly. In this sense, 
the combined objective is intended to balance two comple
mentary goals: preserving data fidelity and improving cluster 
separability.

The clustering layer is introduced as a training-time regular
izer rather than as the final labeling mechanism. Its purpose is 
to provide an additional signal that shapes the latent space 
into a more organized and cluster-separable structure during 
learning. Final labels are still obtained with Mclust so that the 
downstream clustering procedure remains fixed across variants, 
making it possible to attribute any performance gain to im
proved representation learning rather than to a change in the 
final clustering algorithm. Using refined Mclust assignments as 
reference targets is also appropriate in the ST setting, because 
the refinement step incorporates neighborhood information 
and therefore better reflects the expectation that true spatial 
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domains should be locally coherent rather than spatially 
fragmented.

Within this design, KL divergence is a suitable choice for train
ing the clustering layer because the layer produces soft cluster- 
assignment probabilities. In this setting, the goal is not simply 
to match numerical values, but to align one probability distribu
tion with another. KL divergence is well suited for that purpose 
because it directly measures how far the predicted assignment 
distribution is from the refined target distribution. This makes it 
more appropriate than a standard regression-style loss for guid
ing soft cluster memberships. In addition, KL divergence allows 
the model to remain uncertain during the early stages of joint 
training, when cluster boundaries may still be ambiguous, 
while progressively encouraging sharper and more consistent 
assignments as the latent space improves. As a result, the 
clustering term provides a principled distribution-level supervi
sion signal that complements the reconstruction objective and 
helps produce embeddings that are more suitable for down
stream clustering.

Overall, the design is intended to first learn a stable latent 
representation, then refine that representation using a 
clustering-aware objective without sacrificing reconstruction 
quality, and finally obtain the spatial domains using a fixed 
model-based clustering step. This makes the clustering layer a 
mechanism for improving the geometry of the latent space dur
ing training, rather than a replacement for the final cluster
ing procedure.

2.11 Metaheuristic training approach
The metaheuristic training approach can be employed to update 
the weights of the autoencoder, not during every iteration but 
after a predefined number of iterations. The latent representa
tion generated by the autoencoder is then clustered using a 
clustering algorithm, such as DBSCAN. The resulting clustering is 
evaluated using an ASW score that does not require ground 
truth. This score serves as the fitness function that guides the 
metaheuristic process. The hill-climbing approach is used to 
steer the process toward better fitness. However, a higher fit
ness or ASW score does not necessarily indicate that the new 
clustering is closer to the ground truth, which is the main short
comings of this approach.

The metaheuristic training is used only as an ablation (hill- 
climbing/ASW) to explore whether optimizing ASW improves 
results; it is not included in the final model.

2.12 Cluster refinement
The latent representation is clustered using Mclust. The results 
are then refined through a post-processing step aimed at en
hancing the consistency of the clustering labels. For each indi
vidual spot, an evaluation is conducted to determine the 
clustering labels of its neighboring spots based on similarity. If 
the majority of these neighboring spots had a different cluster
ing label compared to the spot in interest, the label of that spot 
is adjusted to match the majority label of its neighbors. This re
finement process ensures that the clustering labels are more co
hesive and better reflect the overall structure and patterns 
within the data, resulting in a more accurate and reliable 

clustering outcome. After this step, the cluster assignment for 
each spot is determined as shown in Fig. 1E. Importantly, this re
finement step operates solely on predicted cluster labels and 
spatial proximity, without using any manual annotations or 
ground-truth information.

2.13 Final feature construction
The proposed framework supports multiple feature combina
tions, which are systematically evaluated through an ablation 
study. However, the final configuration adopted for the pro
posed model (ACT, FACT, and the Ensemble variants) uses gene 
expression profiles and spatial coordinates only. Spatial fea
tures are integrated through spatially informed refinement dur
ing clustering rather than direct concatenation. A single shared 
autoencoder is trained on the gene expression matrix, while spa
tial coordinates are incorporated during clustering refinement 
and neighborhood-based post-processing. Image-derived mor
phological features extracted from H&E-stained tissue sections 
are evaluated only in the ablation study and are not included in 
the final model.

Notably, adding an extra modality does not necessarily im
prove clustering, especially when it is noisy or weakly aligned 
with the biological domains of interest. Moreover, it may intro
duce spurious signals that degrade performance.

This design choice is motivated by empirical results showing 
that image-only or image-augmented feature combinations con
sistently underperform gene expression–centric configurations 
and may introduce noise when directly merged with transcrip
tomic features.

2.13.1 Ensemble construction
Let M denote the candidate set of methods (e.g. 
M¼ fSTAGATE;GraphST;Scatter;ACT;FACTg). For each 
sample (slide) s and each method m 2M, we compute five 
unsupervised quality metrics: average silhouette width (ASW) 
(Batool and Hennig 2021), partition accuracy score (PAS) 
(Hubert and Arabie 1985, Jain et al. 1999), clustering heteroge
neity and order statistic (CHAOS) (Hu et al. 2024), Moran’s I 
(MoranI) (Moran 1950), and Geary’s C (GearyC) (Geary 1954). 
These metrics capture complementary aspects of clustering 
quality: ASW reflects separation/compactness, PAS and CHAOS 
reflect structural stability/disorder, and MoranI/GearyC quantify 
spatial autocorrelation. As different methods may perform opti
mally on different slides, we select a method per slide based 
solely on unsupervised criteria and evaluate the resulting clus
tering using ARI, which is not used for selection.

2.13.2 Per-slide normalization
Metrics have different scales, so for each slide s we normalize 
each metric across methods. For a metric k and method m, let 
xm;kðsÞ be the raw value. Define 

zm;kðsÞ ¼
xm;kðsÞ− minm02M xm0 ;kðsÞ

maxm02M xm0 ;kðsÞ− minm02M xm0;kðsÞþ ε
; (15) 

where ε is a small constant to avoid division by zero. For metrics 
to be minimized (PAS, CHAOS, GearyC), we use the benefit form 
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zm;kðsÞ  1 − zm;kðsÞ; k 2 fPAS;CHAOS;GearyCg; (16) 

so that in all cases larger zm;kðsÞ indicates better quality.

2.13.3 Ensemble selection (balanced reference- 
point rule)
A selector that optimizes a single metric (e.g. always maximizing 
ASW) may be brittle when that metric performs sub-optimally 
on a given slide or when extreme spatial smoothing or fragmen
tation artificially inflates certain metrics.

To obtain a robust compromise, we define a per-slide refer
ence profile that prefers strong separation and spatial coher
ence, while avoiding degenerate extremes in stability/disorder 
metrics. Specifically, define the reference components 

tASWðsÞ ¼ maxm2M zm;ASWðsÞ;
tMoranIðsÞ ¼ maxm2M zm;MoranIðsÞ;
tkðsÞ ¼ medianm2Mzm;kðsÞ; k 2 fPAS;CHAOS;

(17) 

GearyCg: (18) 

We then select the method whose normalized metric vector is 
closest to this reference profile: 

m�ðsÞ ¼ arg min
m2M

X

k2K

ðzm;kðsÞ− tkðsÞÞ
2
; (19) 

where K¼ fASW;PAS;CHAOS;MoranI;GearyCg. The ensemble 
output for slide s is the clustering produced by m�ðsÞ. When 
ground-truth labels are available, we report the corresponding 
ARI for evaluation; ARI is never used in the selection step.

We also employ metric-specific ensemble selection strategies. 
In the ASW-based, Ensemble (ASW), the clustering result 
with the highest ASW value is selected. In the PAS-based, 
Ensemble (PAS), the result achieving the minimum PAS value is 
chosen. Similarly, the CHAOS-based, Ensemble (CHAOS) selects 
the result with the minimum CHAOS score. Moreover, the com
bined ensemble method discussed in this section is defined 
as Ensemble.

The Ensemble does not use fixed manual weights for the five 
metrics. Instead, for each slide we first normalize all metrics 
across candidate methods, convert PAS, CHAOS, and Geary’s C 
to a common benefit scale, and then select the method closest 
to a balanced reference profile. This reference favors strong sep
aration and spatial coherence through ASW and Moran’s I, while 
avoiding degenerate over-smoothed or over-fragmented solu
tions by using balanced targets for PAS, CHAOS, and Geary’s C. 
Metric misalignment remains a general risk in model selection, 
which is why we use a balanced multi-metric rule rather than re
lying on any single criterion alone.

2.14 Performance metrics
To comprehensively assess the performance of spatial domain 
clustering, we evaluate clustering accuracy using multiple 
performance metrics. For a robust comparison with state-of- 
the-art methods, we have employed normalized mutual infor
mation (NMI), adjusted rand index (AR), Geary’s C score (Geary 
1954), Moran’s I score (Moran, 1950), ASW (Batool and Hennig 

2021), PAS score, CHAOS score, completeness score, and 
Homogeneity score.

2.14.1 The ARI
The ARI is used for analysing the similarity between two clustering 
(Santos and Embrechts 2009). It evaluates pairs of samples, check
ing if they are assigned to the same or different clusters in both the 
predicted and true clusterings. The ARI value is 0.0 for random la
beling and exactly 1.0 when the clusterings are identical 

ARI ¼

P
ij

nij

2
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(20) 

• i: index of a cluster in the ground-truth partition. 
• j: index of a cluster in the predicted partition. 
• nij: number of samples simultaneously assigned to cluster i in 

the ground-truth partition and cluster j in the pre
dicted partition. 

• ai ¼
P

j nij: size of the ith ground-truth cluster. 
• bj ¼

P
i nij: size of the jth predicted cluster. 

• x
2

 !

: denotes the binomial coefficient, which is the number 

of ways to choose two items from x items. 

2.14.2 Normalized mutual information
Normalized Mutual Information (NMI) is also used for assessing 
the similarity between two clustering results (Kvålseth 2017). It 
compares the shared information between the clustering labels 
and the true labels, normalized by the average information in 
each set. NMI score of 1 indicates perfect agreement and 0 indi
cates no mutual information 

NMIðU; VÞ ¼
2 × IðU; VÞ

HðUÞþHðVÞ
(21) 

IðU; VÞ ¼
X

u2U

X

v2V
Pðu; vÞ log

Pðu; vÞ
PðuÞPðvÞ

� �

(22) 

HðUÞ ¼ −
X

u2U
PðuÞ log PðuÞ (23) 

HðVÞ ¼ −
X

v2V
PðvÞ log PðvÞ (24) 

• U: the first clustering. 
• V: the second clustering. 
• IðU; VÞ: mutual information between clusterings U and V. 
• HðUÞ: entropy of clustering U. 
• HðVÞ: entropy of clustering V. 
• Pðu;vÞ: joint probability of a pair of clusters u and v. 
• PðuÞ: probability of cluster u in clustering U. 
• PðvÞ: probability of cluster v in clustering V. 
• log : natural logarithm. 
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Detailed descriptions of Geary’s C score, Moran’s I score, ASW, 
PAS score, CHAOS score, completeness score, and homogeneity 
score can be found in Supplementary Equations section of the 
Supplementary Document 1, available as supplementary data at 
Bioinformatics Advances online.

3 Result analysis
In this section, we present the results of our comprehensive 
analysis across multiple ST datasets, including human breast 
cancer, DLPFC, and mouse brain anterior. To evaluate the 
framework’s performance, assessing biological signal detection 
and domain structure identification is crucial. A range of quan
titative metrics is employed for this purpose, including ARI, 
NMI, Geary’s C, Moran’s I, ASW, PAS score, CHAOS score, com
pleteness, and homogeneity. Benchmarking against state-of- 
the-art methods highlights the strengths and limitations of 
each approach. Additionally, computational efficiency is 
assessed to determine the method’s suitability for practical 
use. An ablation study is further performed to evaluate the 
contribution of different features and components to overall 
performance.

3.1 Ablation study
We conduct a controlled ablation study on the human DLPFC 
benchmark by running each variant on all 12 tissue sections 
and evaluating agreement with manual cortical-layer annota
tions using ARI (Table 3). All variants are evaluated in a fully 
unsupervised manner: ground-truth labels are used only for 
post hoc ARI computation and are never used during feature 
learning, refinement, clustering, or method selection. To iso
late the effect of the ablated component (input modality and/ 
or training strategy), we keep the downstream label assign
ment procedure fixed across variants: final labels are always 
obtained by applying Mclust to the learned latent embeddings. 
Unless otherwise stated, all autoencoder-based variants share 
the same symmetric fully connected autoencoder backbone 
and latent dimension (dlatent ¼ 32), and the same gene prepro
cessing pipeline (normalization and variance-stabilization) so 
that ARI differences reflect the feature set and optimization 
strategy rather than implementation artifacts. For variants that 
require neighborhood context, we construct a spatial kNN 
graph from spot coordinates and use number of neigh
bors, k¼ 6.

This selection is consistent with the spatial organization of 
spots in the 10x Visium platform, which follows a hexagonal 
lattice structure. In a hexagonal arrangement, each spot typi
cally has six immediate adjacent spots. Hence, setting k¼ 6 
enables the neighborhood graph to reflect the intrinsic adja
cency relationships present in the Visium architecture. This 
ensures that the spatial connectivity used in the analysis is 
aligned with the underlying physical layout of the tissue 
spots, thereby providing a more realistic representation of lo
cal spatial interactions. For other spatial configurations, k can 
be treated as a tunable parameter: square-like layouts may 
favor 4- or 8-neighbor graphs, while cell-resolved platforms 

often benefit from radius-based or Delaunay-type neighbor
hood graphs.

3.1.1 Description of variants evaluated
The details of the variants included in our experiments are given 
below. For details, please see Table 2.

• G: Gene expression only! autoencoder! Mclust. 
• GS: Gene expression + spatial coordinates (concatenation af

ter independent normalization) ! autoencoder! Mclust. 
• GN: Gene expression + neighborhood mean expression (k¼ 6) 

concatenated with own expression! autoencoder! Mclust. 
• I: Image-only (fixed pretrained CNN embeddings)!

autoencoder! Mclust. 
• IG, IS, IGS: Early fusion baselines using concatenation of (I) 

with gene/spatial features! autoencoder! Mclust. 
• GD, GSD: Metaheuristic-trained autoencoder variants (hill 

climbing guided by an unsupervised compactness metric, 
ASW from DBSCAN) ! Mclust. 

• Scatter: Scatter filtration (remove highly occurring genes 
from randomly sampled spots) + autoencoder! Mclust. 

• ACT: Autoencoder + clustering layer trained with a KL diver
gence objective against refined Mclust-based targets; final 
labels still via Mclust. 

• FACT: Scatter filtration integrated into ACT (filtration + joint 
representation − clustering optimization + refinement)! fi
nal labels via Mclust. 

• Ensemble: Execute and evaluate fScatter, ACT, FACT, 
GraphST, STAGATEg, subsequently select one output per slide 
using combination of unsupervised quality metrics (ASW, 
PAS, CHAOS, Moran’s I, and Geary’s C). 

3.1.2 Ablation results
Table 3 shows that gene-expression–centric representations 
provide the dominant signal for cortical-layer recovery, while 
image-only baselines underperform. Specifically, the image- 
only methods yield low ARI across slides (mean ARI: I¼ 0:130, 
IS¼ 0:132), indicating that morphology embeddings alone are 
insufficient to recover DLPFC laminar structure. Early fusion 
with image features provides only modest gains (IG mean 
ARI¼ 0:159, IGS mean ARI¼ 0:173) and remains substantially 
below gene-centric configurations, suggesting that naive con
catenation can introduce nuisance variation that competes 
with transcriptomic laminar signals.

In contrast, incorporating spatial context alongside gene ex
pression produces the strongest and most stable ablation per
formance. Adding spatial coordinates (GS) improves the mean 
ARI from 0.483 (G) to 0.527 (GS) and substantially reduces vari
ability across sections (std. 0.179 for G versus 0.092 for GS), 
reflecting improved robustness under slice-to-slice heterogene
ity. This effect is especially pronounced on difficult sections: for 
slide 151508, performance increases from ARI¼ 0:00 (G) to 
ARI¼ 0:41 (GS), and on other representative slides GS improves 
over G on 151510 (0.60 versus 0.47) and 151675 (0.58 versus 
0.47). Neighborhood augmentation (GN) is also competitive 
(mean ARI¼ 0:505), improving over G on multiple slides such as 
151509 (0.50 versus 0.43), 151510 (0.52 versus 0.47), and 151675 
(0.55 versus 0.47), consistent with the biological expectation 
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that cortical layers are transcriptionally distinct and spatially 
contiguous. Metaheuristic variants (GD/GSD) can yield strong 
performance on particular sections (e.g. GD reaches 0.49 on 

151508 compared to 0.00 for G), but their benefits are not uni
formly expressed across all slides, highlighting the importance 
of a stable spatially informed feature configuration.

Table 2 Overview of methods and feature combinations used for spatial transcriptomics clustering.

Method name Features Metaheuristic Technique

G Gene expression No An autoencoder generates latent representations from 
the selected features, generating clusters using the 
Mclust algorithm

I Image No
IG Gene expression No

Image.
IS Image No

Spatial location
IGS Image No

Gene expression
Spatial location

GS Gene expression No
Spatial location

GN Gene expression No
Neighbors gene expression
(mean of kNN neighbors, k¼ 6)

GD Gene expression Yes The autoencoder is trained using a hill-climbing meta
heuristic, optimizing the clustering quality of its latent 
representations, measured by the average silhouette 
width (ASW) from DBSCAN, followed by final cluster as
signment using Mclust

GSD Gene expression Yes
Spatial location

Scatter Gene expression No Highly occurring genes from randomly selected spots 
are removed, and the gene-count features are used to 
train an autoencoder

ACT Gene expression No The autoencoder is initially trained on the gene-count 
matrix, followed by joint optimization with a clustering 
layer that incorporates a novel refinement strategy 
leveraging spatial coordinates and final cluster assign
ment via Mclust

Spatial location

FACT Gene expression No The filtration strategy from Scatter is integrated into 
the ACT framework to enhance feature selectionSpatial location

Ensemble Gene expression No FACT, ACT, Scatter, GraphST, and STAGATE are exe
cuted independently, and the result is selected using a 
balanced multi-metric selector

Spatial location

Table 3 Clustering performance (ARI) of different method variants tested on 12 DLPFC slides.a

151507 151508 151509 151510 151669 151670 151671 151672 151673 151674 151675 151676 Mean ± SD

G 0.53 0.00 0.43 0.47 0.40 0.39 0.60 0.62 0.66 0.59 0.47 0.64 0.483 ± 0.179
GS 0.55 0.41 0.47 0.60 0.41 0.39 0.61 0.59 0.62 0.46 0.58 0.63 0.527 ± 0.092
I 0.10 0.17 0.15 0.15 0.17 0.14 0.18 0.07 0.06 0.12 0.12 0.13 0.130 ± 0.038
IG 0.13 0.17 0.16 0.15 0.11 0.20 0.14 0.10 0.18 0.23 0.12 0.22 0.159 ± 0.042
IS 0.14 0.16 0.15 0.14 0.16 0.15 0.18 0.07 0.06 0.12 0.12 0.13 0.132 ± 0.036
IGS 0.16 0.17 0.16 0.15 0.18 0.17 0.16 0.16 0.24 0.21 0.16 0.15 0.172 ± 0.027
GSD 0.48 0.33 0.45 0.50 0.54 0.38 0.59 0.59 0.60 0.44 0.42 0.42 0.478 ± 0.088
GD 0.52 0.49 0.47 0.42 0.32 0.39 0.55 0.61 0.64 0.43 0.46 0.64 0.495 ± 0.101
GN 0.49 0.33 0.50 0.52 0.33 0.37 0.60 0.62 0.65 0.58 0.55 0.52 0.505 ± 0.109
Scatter 0.47 0.40 0.48 0.38 0.40 0.38 0.47 0.73 0.66 0.55 0.46 0.43 0.484 ± 0.111
ACT 0.49 0.34 0.48 0.35 0.37 0.39 0.62 0.58 0.66 0.58 0.32 0.37 0.463 ± 0.122
FACT 0.55 0.31 0.51 0.44 0.39 0.41 0.64 0.61 0.67 0.47 0.25 0.26 0.459 ± 0.143
Ensemble 0.59 0.49 0.48 0.51 0.40 0.51 0.47 0.61 0.67 0.43 0.57 0.43 0.513 ± 0.082

a The final column reports the mean ± SD across the 12 slides.
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Among the proposed framework variants, Scatter, ACT, and 
FACT exhibit complementary strengths across heterogeneous 
slides. Scatter achieves the highest single-slide ARI in Table 3 on 
slide 151672 (ARI¼ 0:73), indicating that filtration of broadly 
expressed/background genes can substantially sharpen separa
bility in certain sections. FACT reaches strong performance on 
slides with clear laminar structure (e.g. 151671: 0.64; 151673: 
0.67), and on slide 151673 both FACT and the Ensemble attain 
the best ARI (0.67). Overall, the Ensemble provides the best aver
age ARI among the proposed variants (mean ARI¼ 0:513), consis
tent with increased robustness via integrating complementary 
strategies. Because the Ensemble selects outputs using unsuper
vised compactness metrics, it can underperform the best ARI- 
achieving single method on some slides (e.g. 151671: Ensemble 
0.47 versus ACT 0.62 and FACT 0.64; 151672: Ensemble 0.61 versus 
Scatter 0.73), which is expected when unsupervised selection 
criteria and annotation-based metrics are not perfectly aligned.

Based on the ablation results, gene expression combined with 
spatial information yields strong and stable performance across 
datasets; therefore, this feature set was selected as the final config
uration for the proposed framework. This conclusion is supported 
quantitatively by the consistent gains and reduced variance ob
served when spatial context is incorporated with gene expression 
(GS: mean ARI 0.527, std. 0.092) relative to gene-only learning (G: 
mean ARI 0.483, std. 0.179), as well as by the large improvement 
on challenging slices such as 151508 (0.41 versus 0.00).

The ablation study shows that ACT, which adds a clustering 
layer with a KL divergence objective, improves ARI on challeng
ing sections (151508: 0.00 ! 0.34; 151509: 0.43! 0.48; 151671: 
0.60! 0.62) while matching performance on high-signal slides. 
Method G lacks this layer. These results indicate the clustering 
layer refines the latent space to aid model-based clustering 
rather than directly producing final labels.

The hill-climbing metaheuristic is used only in the GD/GSD abla
tion variants and is not part of the final ACT, FACT, or Ensemble 
framework. This distinction is important because the metaheuris
tic provides only a limited or inconsistent ARI benefit while 
substantially increasing runtime. Specifically, on the DLPFC bench
mark, GD improves mean ARI only slightly relative to G (0.495 

versus 0.483) while increasing mean runtime from 52.25 to 
252.94 s per slide. Likewise, GSD underperforms GS in mean ARI 
(0.478 versus 0.527) while increasing mean runtime from 48.95 
to 270.75 s per slide (Tables 6–9, available as supplementary 
data at Bioinformatics Advances online). It is noteworthy that 
metaheuristic optimization was not retained in the final frame
work because its cost–benefit tradeoff was unfavorable.

3.2 Application on DLPFC dataset
The DLPFC ST dataset captures gene expression patterns in the 
human DLPFC, generated using the 10x Genomics Visium plat
form, it provides spatially-resolved transcriptomic data across 
anatomically defined cortical layers. This dataset is widely used 
for investigating brain architecture and serves as a benchmark 
for spatial domain detection methods. DLPFC dataset comprises 
spatially-resolved transcriptomic profiles from 12 DLPFC tissue 
sections. It is important to note that performance on the DLPFC 
dataset is inherently slice-dependent. Certain tissue sections ex
hibit clearer laminar separation, for which the Ensemble strat
egy provides substantial benefit, while others contain irregular 
layer boundaries and higher gene expression overlap, favoring 
specific single variants. Therefore, the Ensemble method is 
designed to optimize robustness across the full dataset rather 
than guarantee superior performance on every individual slice.

The proposed framework, a trainable loss optimization-based 
spatial domain identification technique, was applied to the 
DLPFC dataset. The model was evaluated across all 12 DLPFC 
slides to assess its domain identification performance using vari
ous clustering metrics.

Table 4 summarizes the ARI performance of competing meth
ods across 12 DLPFC slides. Overall, the proposed ensemble var
iants provide the strongest and most robust performance: 
Ensemble (ASW) achieves the highest average ARI (0:517±0:091), 
while Ensemble attains 0:512±0:082 with a median of 0.500, indi
cating consistently strong performance across heterogeneous tis
sue sections. In terms of per-slide wins (best or tied-best ARI), 
Ensemble is top-performing on 6/12 slides (151507, 151508, 
151510, 151670, 151673, and 151675), demonstrating reliable 

Table 4 Performance comparison across different methods and samples (best scores in bold).a

Method 151507 151508 151509 151510 151669 151670 151671 151672 151673 151674 151675 151676 Mean ± SD

conST 0.260 0.370 0.420 0.330 0.300 0.230 0.380 0.380 0.510 0.450 0.440 0.390 0:372±0:081
DeepST 0.530 0.440 0.490 0.460 0.330 0.330 0.490 0.500 0.590 0.430 0.520 0.490 0:467±0:076
SpaceFlow 0.310 0.260 0.210 0.210 0.200 0.170 0.260 0.280 0.350 0.340 0.250 0.290 0:261±0:056
STAGATE 0.590 0.430 0.430 0.430 0.390 0.510 0.300 0.540 0.510 0.540 0.570 0.510 0:479±0:084
SpaGCN 0.430 0.380 0.370 0.400 0.300 0.210 0.380 0.510 0.480 0.410 0.390 0.320 0:382±0:080
GraphST 0.430 0.490 0.420 0.510 0.430 0.380 0.600 0.610 0.630 0.430 0.480 0.570 0:498±0:085
Scatter 0.471 0.397 0.481 0.384 0.395 0.377 0.468 0.734 0.661 0.546 0.457 0.425 0:483±0:113
ACT 0.486 0.336 0.484 0.350 0.372 0.386 0.621 0.582 0.661 0.580 0.322 0.369 0:462±0:122
FACT 0.554 0.313 0.514 0.441 0.392 0.407 0.635 0.605 0.668 0.467 0.253 0.259 0:459±0:141
Ensemble (ASW) 0.590 0.490 0.430 0.441 0.395 0.407 0.635 0.582 0.661 0.580 0.480 0.510 0:517±0:091
Ensemble (PAS) 0.554 0.490 0.514 0.510 0.395 0.407 0.621 0.582 0.661 0.467 0.457 0.369 0:502±0:091
Ensemble (CHAOS) 0.554 0.336 0.430 0.350 0.395 0.510 0.621 0.582 0.630 0.580 0.480 0.510 0:498±0:102
Ensemble 0.590 0.490 0.481 0.510 0.395 0.510 0.468 0.605 0.668 0.430 0.570 0.425 0:512±0:082

a Mean ± SD is computed across the 12 slides.
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generalization across samples. Among individual baselines, 
GraphST and STAGATE remain competitive (medians 0.485 and 
0.510, respectively), and achieve the best ARI on several slides 
(GraphST: 4/12; STAGATE: 3/12), while FACT is also strong (3/12) 
and attains the best ARI on slides 151509 and 151671. Notably, 
Scatter achieves the highest ARI on slide 151672 (0.734), suggest
ing that gene filtration can be particularly beneficial for slides 
with strong expression-dominant signals, whereas ACT yields the 
best ARI on slide 151674 (0.580), highlighting the value of joint 
representation–clustering optimization in certain tissue contexts. 
In contrast, SpaceFlow exhibits substantially lower performance 
overall (median 0.260), indicating limited effectiveness on this 
dataset. Taken together, these results show that (i) Scatter/ACT/ 
FACT each capture complementary strengths on different slides, 
and (ii) the ensemble strategy leverages this complementarity to 
improve overall robustness and average performance relative to 
single-method baselines. Overall, these results highlight the sta
ble and superior performance of our approach compared to cur
rent state-of-the-art methods. Comparisons of ARI scores across 
different variants of the proposed framework and against state- 
of-the-art methods on the DLPFC datasets are shown in Figs 2
and 3 (Supplementary Document 1), available as supplementary 
data at Bioinformatics Advances online.

NMI, ARI, Geary’s C, Moran’s I, ASW, PAS, CHAOS, Completeness, 
and Homogeneity scores, along with execution time and memory 
usage for the DLPFC datasets, are provided in Supplementary 
Equation section of Supplementary Document 1, available as 
supplementary data at Bioinformatics Advances online. The 
mean runtimes on the DLPFC dataset were 39.93 s for SpaceFlow, 
53.01 s for STAGATE, 66.18 s for GraphST, 183.24 s for Scatter, 
312.64 s for ACT, 422.90 s for FACT, 579.52 s for DeepST, and 
621.58 s per slide for Ensemble. These results show that our 
framework is not the fastest in absolute runtime; rather, its con
tribution is a stronger robustness–accuracy tradeoff, with the 

Ensemble variant achieving the best overall mean ARI and the 
lowest variance among the proposed variants.

Figure 2 provides the clustering visualization obtained from 
different methods applied to the 151673 DLPFC sample. Each 
spot on the H&E image of the sample is color-coded according 
to the cluster assignment determined by the respective meth
ods. Our method achieves the highest performance with an ARI 
of 0.67. This score closely aligns with the ground-truth annota
tions. The resulting clusters exhibit well-defined and contiguous 
cortical boundaries, effectively preserve the spatial continuity 
of cortical layers compared to other methods, proposed frame
work more distinctly separates adjacent layers and reduces 
boundary mixing. The cluster visualization supports the quanti
tative advantage indicated by the ARI, demonstrating the consis
tent accuracy of the Ensemble method in recovering spatial 
domains that align with anatomical structures. Figure 1
(Supplementary Document 1), available as supplementary data
at Bioinformatics Advances online summarizes the comparative 
performance of the proposed framework and baseline methods 
on the DLPFC dataset. Well-defined boundaries and alignment 
with known cortical layers demonstrate its ability to capture bi
ologically relevant structures, underscoring the robustness of 
the method. The number of expected clusters for clustering 
algorithms after embedding generation was set to 7 for all algo
rithms. However, from embeddings, only six clusters were 
extracted reliably for ACT, FACT, and Ensemble. Still, the ARI val
ues were acceptable. The six-cluster solution produced the most 
stable and spatially coherent laminar partition without introduc
ing unnecessary fragmentation for the said methods.

3.2.1 Qualitative failure cases and biological 
interpretation
Figure 4 illustrates representative DLPFC sections where ACT 
or FACT performs worse, despite strong overall quantitative 

Figure 2 Comparison of spatial domain identification and visualization performance of various methods including Ensemble on the DLPFC dataset, 
sample 151673.
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results. ACT learns a latent representation and optimizes it 
jointly with a clustering objective, followed by spatially informed 
label refinement (using spatial neighborhoods) that encourages 
local consistency. While this refinement improves coherence in 
many slices, it can over-smooth thin or weakly separated lami
nae: narrow cortical bands may be absorbed into the dominant 
label of nearby regions, leading to layer merging and reduced 
ARI. This behavior is visually apparent in slide 151508, where 
several diagonal laminar stripes in the ground truth are replaced 
by a few large contiguous regions in ACT.

ACT can also fail when early cluster assignments are unsta
ble due to low signal-to-noise, local dropout, or strong expres
sion overlap between neighboring layers. Because ACT 
performs iterative self-training to align embedding structure 
with its current cluster assignments, early mistakes may be 
amplified rather than corrected, producing patchy or mixed 
domains that violate laminar continuity, as observed in slides 
151510 and 151675.

FACT inherits ACT’s spatial refinement but additionally integra
tes a gene filtration strategy (Scatter-style filtration) intended to 
remove highly prevalent genes and emphasize more discrimina
tive signals. Although beneficial in many cases, this filtration can 
be detrimental in certain DLPFC sections where laminar identity 
is encoded by broad gene programs with subtle gradients rather 
than by sparse markers alone. In such slices, removing globally 
prevalent genes can suppress weak-but-consistent laminar 

signals and reduce separability between adjacent layers, yielding 
collapsed domains and boundary drift. This effect is particularly 
evident in highly curved cortical sections (e.g. 151675 and 
151676), where layer thickness varies spatially and boundaries 
are strongly non-linear.

These qualitative failures are also biologically plausible given 
cortical organization and the Visium measurement process. 
DLPFC laminar boundaries are not perfectly discrete: layers con
tain partially overlapping mixtures of cell types, and transitions 
can be gradual (especially near gyral curvature and white- 
matter interfaces). Moreover, each Visium spot aggregates mul
tiple cells (partial-volume mixing), so spots along boundaries 
naturally exhibit hybrid expression. Under these conditions, a 
strong spatial coherence prior can over-regularize true thin 
layers (merging), while aggressive filtration can remove subtle 
gradient signals (collapsing), explaining the slice-dependent 
degradation observed in Fig. 4. These slice-specific failure 
modes motivate the use of an ensemble that leverages comple
mentary strengths across methods rather than relying on a sin
gle variant for all tissue sections.

3.2.2 Sensitivity of scatter to the knob parameter
In addition to the knob¼ 100 Scatter results reported in 
Table 3, we evaluated knob2 f80;120g on the same 12 
DLPFC slides and compared performance using ARI. Overall, 
knob¼ 80 yields the best average agreement with cortical- 

Figure 3 Comparison of spatial domain identification performance of various methods including the proposed method on the mouse brain 
anterior dataset.
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layer annotations (mean ARI¼ 0:525±0:099 across 12 slides), 
outperforming knob¼ 120 (mean ARI¼ 0:493±0:067) and im
proving over the knob¼ 100 baseline in Table 3 (mean 
ARI� 0:484±0:111). The improvements with knob¼ 80 are 
particularly pronounced on difficult tissue sections where the 
baseline configuration under-segments laminar structure: for 
example, slide 151508 increases from 0.40 (knob¼ 100) to 
0.571 (knob¼ 80), and slide 151671 increases from 0.47 to 
0.612. Importantly, knob¼ 80 also preserves strong perfor
mance on the best-performing section 151672 (ARI 0.734), 
which remains comparable to knob¼ 100.
knob¼ 120 produces slightly more conservative and less vari

able performance (smaller standard deviation, 0.067), and it 
achieves the best ARI on a subset of slides (e.g. 151509: 0.504; 
151510: 0.501; 151674: 0.554; 151676: 0.430). However, 
knob¼ 120 can reduce agreement on slides where fine-grained 
laminar boundaries are important, most notably 151672 (0.599 
versus 0.73 at knob¼ 100) and 151673 (0.511 versus 0.66 at 
knob¼ 100), suggesting that larger knob values may over- 
smooth or merge subtle layer transitions in some sections. Taken 
together, these results indicate that Scatter remains competitive 
across a broad knob range (80–120), with knob¼ 80 offering the 
best mean ARI (higher accuracy on average) and knob¼ 120 of
fering increased stability (lower variance) at the cost of reduced 
performance on specific high-signal laminar sections.

3.3 Performance evaluation on Visium 
10x mouse brain anterior dataset
To further evaluate the model’s performance, it was applied to 
the mouse brain anterior ST dataset (10x Genomics 2020a). 
Gene expression across the anterior mouse brain is profiled in 
this dataset while critical spatial context is preserved. This data
set is widely used to investigate brain structure, function, and 
spatially organized cell types, enabling the identification of dis
tinct spatial domains, region-specific gene activity, and architec
tural features. The original dataset contains 52 clusters; for 
comparative purposes, this was streamlined to 12 clusters to fa
cilitate interpretation and enhance comparability.

As illustrated in Fig. 5A, the clustering performance on the 
mouse brain anterior Visium 10x dataset align more closely with 
ground-truth annotations compared to those produced by other 
state-of-the-art methods. Robust and competitive performance 
is also observed across diverse spatial clustering metrics. 
Although GraphST recorded the highest ARI at 0.39, our models 
excelled in NMI, achieving a commendable 0.61, alongside nota
ble spatial homogeneity (HOM ≥ 0:79). As shown in Fig. 3, the 
ACT and FACT variants achieved an ARI of 0.32 but did not sur
pass the performance of GraphST or SpaceFlow. In contrast, the 
other variant Scatter (ARI: 0.34) consistently outperformed most 
of the state-of-the-art methods on the mouse brain anterior 

Figure 4 Representative failure cases for ACT/FACT on DLPFC. Selected tissue sections where ACT or FACT deviates from the laminar ground-truth 
organization. (A) ACT failures (e.g. 151508, 151510, 151675) are characterized by either over-smoothing/under-segmentation where multiple cortical 
layers are merged into a few dominant regions, or patchy discontinuities that break laminar continuity. (B) FACT failures (e.g. 151675, 151676) often 
manifest as layer collapsing into broad domains and boundary drift, suggesting reduced separability of adjacent laminae after filtration.
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dataset, demonstrating superior clustering accuracy and effi
ciency across multiple evaluation metrics.

3.3.1 Fine-grained mouse brain anterior re
sult analysis
A detailed analysis of the mouse brain anterior dataset was con
ducted to identify all 52 clusters. The mouse brain anterior 
Visium section exhibits multiple distinct anatomical motifs, pro
viding a valuable framework for assessing spatial clustering.

ACT provides the most biologically convincing overall re
construction (Fig. 6A). ACT preserves the separation between 
the left olfactory compartment and the main cerebrum, 
reconstructs curved dorsal bands that are consistent with 
cortical lamination, and at the same time keeps the large 
central deep region compact while still subdividing the ven
tral forebrain into several coherent domains. This is biologi
cally important because the anterior mouse brain is not 
purely layered tissue: the dorsal cortex is laminar, but the 
ventral and deep forebrain are organized as neighboring nu
clei and compartments. ACT captures this dual organization 

better than the other methods. Overall, ACT best preserves 
the hierarchical structure of the tissue by recovering both 
cortex-like ribbon organization and nucleus-like subcortical 
organization.

FACT’s key visual feature is the dorsal cortical pattern, with 
smooth, laminar bands capturing broad spatial gradients 
(Fig. 6C). However, deeper and ventral regions are over- 
merged, reducing subcortical specificity and collapsing some 
ventral and lateral territories. Overall, FACT emphasizes lami
nar cortical organization at the expense of finer deep-forebrain 
heterogeneity.

Meanwhile, Scatter delivers the cleanest coarse partition, sep
arating the olfactory region, producing a coherent central deep 
domain, and forming smooth, compact regions with minimal 
fragmentation (Fig. 6B), making it biologically plausible at the 
macro-anatomical level. Its main limitation is under-resolution: 
dorsal cortical areas appear as broad ribbons, and several ven
tral compartments merge into larger domains. Thus, Scatter is 
effective for coarse atlas-like segmentation but less capable of 
capturing fine-grained anatomy compared with ACT.

Figure 5 Visual comparison of clustering performance across state-of-the-art methods and the proposed approach against the ground truth. 
(A) Mouse brain anterior dataset. (B) human breast cancer dataset.
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The ground truth (Fig. 6D) comprises both layered cortex 
and heterogeneous basal forebrain, favoring approaches that 
balance these two anatomical principles. ACT emerges as the 
most effective, preserving dorsal cortical ribbons while main
taining coherent and distinct subcortical and ventral domains. 
Scatter performs moderately well, capturing the broad anatomi
cal structure smoothly but tending to merge finer boundaries. 
FACT, in contrast, overemphasizes cortical lamination at the ex
pense of deep and ventral specificity.

These results suggest that the methods operate at different 
scales: FACT highlights cortical laminar organization, Scatter 
provides smooth coarse regional partitioning, and ACT delivers 
the most anatomically faithful representation across the entire 
anterior mouse brain section.

Table 5 summarizes the performance of ACT, Scatter, and FACT 
on the 52-cluster mouse brain anterior dataset, highlighting their 
relative strengths in cortical and subcortical organization.

Evaluation at the full 52-cluster resolution further improves both 
performance and biological relevance, better demonstrating the 
advantages of the proposed approach; detailed results are pro
vided in the Supplementary Material, available as supplementary 
data at Bioinformatics Advances online (Section 3.4).

Overall, ACT best captures the tissue’s mixed anatomy, pre
serving layered dorsal cortex alongside compact, heteroge
neous deep and ventral forebrain compartments, whereas 
Scatter excels at coarse-scale structure and FACT overempha
sizes laminar organization at the expense of subcortical 
specificity.

3.4 Performance evaluation on Visium 
10x breast cancer spatial profiles
To ensure robustness, generalization, and unbiased performance, 
the proposed method was evaluated on publicly available human 
breast cancer spatial dataset (10x Genomics 2020b). This dataset 
provides spatially-resolved transcriptomic profiles across histologi
cally annotated breast cancer tissue, comprising 3798 high-quality 
spots and more than 18 000 genes. The number of clusters applied 
for the analysis of clustering performance is 12. The ACT and 
Ensemble methods achieved the competitive ARI values, demon
strating the effectiveness of our custom approach. As shown in 
Fig. 7, the proposed framework achieves competitive performance 
to state-of-the-art methods on the human breast cancer dataset 
across a comprehensive set of clustering evaluation metrics.

Figure 5B shows the clustering visualization performance on the 
human breast cancer Visium 10x dataset. The Ensemble method 
and FACT achieve high ARI scores of 0.6, respectively—outperform
ing DeepST (0.52), GraphST (0.53), conST (0.39), and STAGATE 
(0.12). Also, ACT, with high ARI, demonstrates strong alignment 
with the ground truth and consistent spatial coherence across 
both tumor and microenvironment regions. Both FACT and ACT ef
fectively delineate biologically meaningful domains, underscoring 
their strength in capturing the complex spatial organization of 
breast cancer tissue. The results closely match the manually anno
tated areas. The identified domains are more fluent and continu
ous than those from other spatial algorithms, reflecting an 
improved ability to resolve complex tissue structures.

Figure 6 Visual comparison of clustering performance across proposed approaches for 52 clusters of mouse brain anterior dataset.
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3.5 Overall comparison on 10x 
Visium datasets
Within the DLPFC dataset, our proposed framework 
secures the highest performance in six out of 12 slides. 
In contrast, STAGATE achieves the leading result in four 
slides, while GraphST takes the top position in two slides. 
The remaining methods, conST, DeepST, SpaceFlow, and 

SpaGCN, do not outperform our framework on any of the 
DLPFC slides. Table 6 presents the comparative performance 
of the proposed framework against state-of-the-art methods 
in the DLPFC, mouse brain anterior, and human breast can
cer datasets.

In the human breast cancer dataset, both our frameworks 
reach a high rank. Yet, unlike in DLPFC—where STAGATE and 
GraphST show strong outcomes in four and two slides, 

Table 5 Performance comparison for 52-cluster mouse brain anterior dataset.

Method ARI NMI Performance summary

ACT 0.4579 0.7149 Cortical ribbons: strong (curved, laminar bands); Subcortical specificity: strong 
(distinct ventral & deep domains); Overall fidelity: highest; Strengths: balanced re
covery of layered cortex and compact nuclei; Limitation: mild over-smoothing in 
thin dorsal regions

Scatter 0.4242 0.7052 Cortical ribbons: moderate (broad ribbons); Subcortical specificity: moderate 
(coarse compartment separation); Overall fidelity: high (coarse scale); Strengths: 
clean and spatially coherent macro-structure; Limitation: under-resolution of fine 
anatomical details

FACT 0.4099 0.7131 Cortical ribbons: very strong (smooth laminar ribbons); Subcortical specificity: 
weak (merged deep/ventral regions); Overall fidelity: moderate; Strengths: 
excellent cortical gradient capture; Limitation: over-merging of subcortical 
territories

Figure 7 Clustering performance of proposed method and other state-of-the-art methods on human breast cancer dataset using different 
evaluation matrices.
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respectively—both approaches perform substantially weaker 
here. Our framework achieves an ARI of 0.61, whereas STAGATE 
and GraphST achieve only 0.12 and 0.53, respectively.

For the Mouse Brain dataset, SpaceFlow (0.36) and GraphST 
(0.39) show slightly higher scores than our framework (0.34). 
Even so, SpaceFlow does not surpass in any of the DLPFC slides, 
and GraphST relatively underperformed in the Breast Cancer 
dataset.

3.6 Performance on Slide-seqV2 (mouse 
hippocampal formation)
In the Slide-seqV2 hippocampal formation section, ACT recovers 
spatial domains that are consistent with hippocampal cytoarchi
tecture, including prominent curved/laminar structures and ad
jacent subfield-scale compartments (Rodriques et al. 2019, 
Stickels et al., 2021). Notably, the dominant hippocampal geom
etry is preserved under substantial changes in the location- 
selection percentage: the characteristic arc-like bands remain 
continuous and readily identifiable when using 40%, 15%, and 
5% of selected locations (Fig. 8A–C), indicating robustness to 
sampling density and parameter variation. Spatial refinement 
further improves anatomical plausibility: at matched selection 
(40%), the refined solution (Fig. 8A) yields smoother, more con
tiguous regions than the non-refined counterpart (Fig. 8D), con
sistent with refinement reducing isolated label fluctuations. 
When all locations are included, the segmentation is dominated 
by a broad background-like region (Fig. 8E), suggesting that pri
oritizing informative locations can enhance anatomical contrast 
in bead-based assays. Despite the fine-grained and spatially 
mixed reference labels (Fig. 8F), ACT consistently preserves the 
major curved structures that define hippocampal organization 
(Fig. 8A–C), supporting its use for anatomically interpretable do
main discovery.

FACT exhibits a clear improvement as location selection 
becomes more stringent on Slide-seqV2 (Fig. 9A–D). With 100% 
of locations, the result is dominated by a single large domain 
and agreement with the reference is low (ARI¼ 0:025; 
Fig. 9A), consistent with low-information/background locations 
obscuring laminar boundaries. At 40% selection, hippocampal 
arc-like structure becomes visible and agreement increases 
(ARI¼ 0:061; Fig. 9B). Further selection strengthens anatomical 
delineation: 20% yields crisp laminar arcs and compartments 
(ARI¼ 0:17; Fig. 9C), and even at 5% the dominant hippocampal 
geometry remains evident with the highest agreement 
(ARI¼ 0:24; Fig. 9D). Biologically, this pattern is consistent with 

the hippocampus containing strong, spatially autocorrelated 
transcriptional programs, such that retaining the highest-signal 
locations is sufficient to recover laminar structure while reduc
ing noise that blurs boundaries.

Across the Scatter parameter grid (rows: knob; columns: 
selected-location percentage), Slide-seqV2 results show strong 
sensitivity to location selection but relative stability across knob 
once selection is applied (Fig. 10A–I). Using all locations yields 
consistently low agreement and broad, less anatomically specific 
segmentation across tested knob values (ARI¼ 0:04;0:03;0:03; 
Fig. 10A, D, G). In contrast, moderate selection sharply 
improves both agreement and anatomical interpretability: at 
40% selection, curved hippocampal bands and major compart
ments emerge robustly across knob (ARI¼ 0:16;0:15;0:13; 
Fig. 10B, E, and H). At 15% selection, agreement increases fur
ther (ARI¼ 0:18;0:19;0:19; Fig. 10C, F, and I) while preserving 
the same hallmark hippocampal geometry. Variation in knob 
primarily modulates granularity (boundary smoothness versus 
finer subdivision) rather than altering the core laminar pattern, 
indicating that Scatter can reliably recover the dominant 
hippocampal domains without requiring narrow hyperpara
meter tuning.

3.7 Performance on Stereo-seq (mouse 
liver; lobule zonation)
In the Stereo-seq liver sample, ACT produces spatially coherent 
domains that tile the tissue section (Fig. 8G) in a manner consis
tent with the presence of sub-lobular functional organization 
and repeating lobular territories. Liver biology is characterized 
by spatially structured metabolic specialization (zonation) along 
the porto-central axis rather than a small set of globally homo
geneous blocks (Halpern et al. 2017). Accordingly, ACT’s discrete 
domain map provides an analysis-ready partition, i.e. comple
mentary to the continuous Layers 1–9 annotation (Fig. 8H): the 
layer map summarizes a smooth zonation axis, whereas ACT 
highlights discrete territories that can be used for region-level 
marker discovery, pathway enrichment, and detection of local
ized deviations from the global gradient (e.g. lobule-to-lobule 
heterogeneity or niche-like microterritories). Overall, ACT yields 
a structured segmentation that is biologically plausible for liver 
at Stereo-seq resolution and supports downstream, region- 
based interpretation.

On Stereo-seq liver, FACT shows the strongest performance 
at intermediate location selection (Fig. 9E–H). With 100% of 
locations, agreement with the layer annotation is modest 

Table 6 Overall performance comparison of different methods across DLPFC, mouse brain, and human breast cancer datasets based on ARI.

Method DLPFC (12 slides) Mouse brain anterior Human breast cancer

conST
DeepST
SpaceFlow Ranked third Ranked second
STAGATE Outperformed in four slides
SpaGCN Ranked second Ranked first
GraphST Outperformed in two slides Ranked first
Proposed framework Outperformed in six slides Ranked third
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(ARI¼ 0:063; Fig. 9E), and selecting 25% does not substan
tially change performance (ARI¼ 0:063; Fig. 9F). Selecting 
15% yields a pronounced improvement (ARI¼ 0:16; Fig. 9G), 
consistent with enhanced recovery of lobule-scale zonation 
structure once low-information/background locations are re
duced. At very aggressive selection (5%), agreement 
decreases (ARI¼ 0:07; Fig. 9H), plausibly reflecting insufficient 
spatial coverage to represent a continuous zonation axis. This 
behavior suggests that FACT benefits from denoising through 

selection, while retaining enough locations to preserve the 
spatial continuity of zonation.

Scatter further supports the above trends and demonstrates 
strong performance at moderate selection across a range of 
knob values (Fig. 11A–I). Using all locations yields low agreement 
for knob¼ 80 and knob¼ 100 (both ARI<0:1; Fig. 11A and D), 
improving only slightly at knob¼ 120 (ARI¼ 0:12; Fig. 11G), con
sistent with ultra-high-resolution heterogeneity and technical 
variability obscuring zonation when all locations are included. 

Figure 8 ACT on Slide-seqV2 hippocampal formation and Stereo-seq liver. Slide-seqV2: (A–C) ACT-inferred domains using the top 40%, 15%, and 5% 
of selected locations (with refinement); (D) top 40% without refinement; (E) all locations (100%); (F) reference labels/annotation. Stereo-seq: (G) ACT- 
inferred domains; (H) reference layer annotation (Layer 1–Layer 9).
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Selecting 40% of locations produces the highest agreement 
across the grid (ARI¼ 0:23;0:22;0:19; Fig. 11B, E, and H), and 
selecting 15% retains strong agreement (ARI¼ 0:19;0:17;0:21; 
Fig. 11C, F, and I). The consistency of these results across knob indi
cates that Scatter is capturing a reproducible zonation-related spa
tial signal rather than a parameter-specific artifact, while providing 
flexibility to adjust domain granularity via knob without disrupting 
correspondence to the layer annotation.

3.8 Statistical significance analysis
To quantify whether performance differences in Table 4 are sta
tistically significant across multiple DLPFC slides, we performed 
non-parametric repeated-measures testing on ARI values (12 
paired slides). We first applied a Friedman test over all com
pared methods, which detects overall differences in central ten
dency without assuming normality. The Friedman test was 
significant (χ2 ¼ 55:26, P = 1.09 × 10−8), indicating that at least 
one method differs from the others.

We then performed post hoc paired Wilcoxon signed-rank 
tests (one-sided; H0 : ARIA ≤ ARIB and H1 : ARIA>ARIB) to evalu
ate whether the proposed methods (Scatter, ACT, FACT, and 
Ensemble) outperform representative baselines (conST, DeepST, 
SpaceFlow, SpaGCN) as shown in Table 7. For each proposed 
method, we corrected the four baseline comparisons using 
Holm’s procedure. As an effect size, we report the rank-biserial 
correlation (rrb), where larger positive values indicate stronger, 
more consistent improvements.

In addition to improved averages, the Ensemble achieves the 
highest overall stability among the proposed variants 
(mean±std: Scatter 0:483±0:113, ACT 0:462±0:122, FACT 
0:459±0:141, Ensemble 0:512±0:082). Moreover, when com
pared slide-by-slide against all methods in Table 4, Ensemble 
attains the best ARI in 6/12 slides (including ties), indicating ro
bust performance under tissue heterogeneity.

3.8.1 Rationale for improved performances
Scatter improves clustering by removing highly occurring genes, 
which reduces dominance of ubiquitous signals and increases dis
criminability of spatial domains. ACT further improves robustness 
by jointly optimizing latent representations with a clustering ob
jective while incorporating spatial context, helping align learned 
embeddings with spatially coherent tissue structures. FACT com
bines Scatter-style filtration with the ACT optimization pipeline, 
enhancing feature selection before joint refinement.

Finally, Ensemble leverages complementarity among multiple 
strong candidates (ACT/FACT/Scatter/GraphST/STAGATE) and 
selects the output with the highest unsupervised cluster-quality 
score, which yields the best overall mean ARI and the smallest 
standard deviation across slides, consistent with increased ro
bustness to slide-specific heterogeneity.

4 Discussion and conclusion
In this article, we propose a trainable, loss-optimization-based 
clustering framework comprising four configurable variants— 
Scatter, ACT, FACT, and ENSEMBLE.

Figure 9 FACT on Slide-seqV2 hippocampal formation and Stereo-seq liver across location-selection percentages. Slide-seqV2: (A) 100% (ARI¼ 0:025); 
(B) 40% (ARI¼ 0:061); (C) 20% (ARI¼ 0:17); (D) 5% (ARI¼ 0:24). Stereo-seq: (E) 100% (ARI¼ 0:063); (F) 25% (ARI¼ 0:063); (G) 15% (ARI¼ 0:16); (H) 
5% (ARI¼ 0:07).
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To assess the influence of various modalities on clustering 
performance, this study undertakes a comprehensive explora
tion of feature selection strategies in ST. Through an ablation 
study, the contribution of gene expression profiles, spatial 
coordinates, neighborhood context, and image-derived mor
phological features is evaluated. This initial analysis enables 
the identification of the optimal combination of features 

necessary for downstream tasks. It highlights the importance 
of feature engineering in ST workflows. It also emphasizes the 
need for context-aware integration strategies. Our analysis 
clearly indicated that no single modality provides universally 
superior performances, underlining the synergistic effect of in
tegrating diverse information for accurate spatial domain 
identification.

Figure 10 (A-I) Scatter on Slide-seqV2 across location selection and parameter knob. Columns vary the selected-location percentage (100%, 40%, 
15%), and rows vary knob (knob¼ 80;100;120). ARI values are reported in each panel.
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Figure 11 (A-I) Scatter on Stereo-seq liver across location selection and parameter knob. Columns vary the selected-location percentage (100%, 40%, 
15%), and rows vary knob (knob¼ 80;100;120). ARI values are reported in each panel.

Bioinformatics Advances, 2026, Vol, 6, Issue 1                                                                                                                                                                                                                                       23 



Following this, we proposed a set of optimized methods— 
Scatter, ACT, FACT, and an Ensemble strategy—developed to 
leverage these insights from the feature ablation study. The 
Scatter technique removes highly frequent genes from ran
domly selected spots. It then uses the remaining gene-count 
features to train an autoencoder. In contrast, the ACT tech
nique first trains an autoencoder on the full gene-count matrix. 
It then refines the cluster assignments through joint optimiza
tion with a clustering layer that incorporates spatial coordi
nates and a novel refinement strategy. The final cluster 
assignments are obtained using Mclust. FACT further enhances 
this by incorporating the filtration strategy from Scatter within 
the ACT framework to improve feature selection. The 
Ensemble approach executes Scatter, ACT, FACT, GraphST, and 
STAGATE independently, selecting the result using a multi- 
metric selector as the final output, offering a robust, trainable 
and adaptive solution.

Empirical results across different configurations of the pro
posed framework reveal that the ensemble model consistently 
achieves the highest average ARI across samples and datasets. 
ACT also shows strong and consistent accuracy, particularly in 
recovering anatomically meaningful spatial domains. These 
results underscore the advantages of the proposed context- 
aware frameworks and demonstrate the effectiveness of joint 
spatial and gene-based clustering refinements.

On the DLPFC dataset, which consists of 12 spatially-resolved 
human brain tissue sections, the proposed method achieves the 
highest median clustering performance. It also demonstrates su
perior capability in distinctly separating adjacent cortical layers 
and reducing boundary mixing, which are commonly observed 
challenges in spatial domain analysis. This performance is fur
ther reinforced through clustering visualizations that align well 

with known anatomical structures, supporting the quantitative 
improvements observed in ARI metrics.

The superior performance of the Ensemble and ACT methods 
can be attributed to their integration of spatial information with 
gene expression, as well as the refinement strategies embedded 
in their architectures. The Ensemble method benefits from its 
ability to adaptively select the most suitable result based on sil
houette width, while ACT’s success lies in its spatially informed 
optimization process that refines clustering outcomes beyond 
what gene expression alone can achieve. Overall, these methods 
demonstrate the necessity of both robust feature selection and 
spatially-aware clustering strategies to maximize accuracy in 
spatial transcriptomic analyses.

The single-metric ensemble variants also provide insight into 
the relative importance of the unsupervised criteria. On DLPFC, 
ASW-only selection achieves the highest mean ARI, suggesting 
that cluster separation/compactness is highly informative for 
this benchmark. However, the full five-metric Ensemble yields 
lower variance across slides, indicating that the additional spa
tial and structural metrics improve robustness by reducing brit
tle selections driven by a single criterion. Therefore, ASW 
appears to be the most discriminative individual metric on 
DLPFC, whereas PAS, CHAOS, Moran’s I, and Geary’s C mainly 
act as stabilizing constraints in the combined selector. 
Nevertheless, because no unsupervised metric is perfectly 
aligned with annotation-based ARI, occasional slide-level misse
lection remains possible. This trend is consistent with Fig. 12, 
where the ARI distribution across the 12 DLPFC slides is shown.

ST is a groundbreaking experimental approach that captures 
both gene expression profiles and their spatial arrangement 
within a tissue. By combining this dual modality, ST enables 
researchers to perform spatially informed clustering, revealing 
biologically coherent domains with substantial accuracy. ST se
quencing enables a deeper understanding of complex biological 
systems by preserving spatial context alongside gene expression 
data. However, ST has technological constraints which can miti
gate through computational methods.

Currently, approaches for identifying spatial domains fall into 
two categories: non-spatial and spatial clustering. Traditional 
non-spatial methods like K-means and Louvain cluster based 
solely on gene expression, often missing tissue structure. On the 
other hand, spatial clustering integrates gene expression, spatial 
location, and morphology to better capture spatial dependen
cies and align with tissue architecture.

As we have experimented, clustering solely based on morpho
logical image data yielded inadequate performance despite the 
use of pre-trained ResNet50 embeddings. Moreover, direct con
catenation of image features with gene-count data adversely af
fected the performance of clustering. Results suggest that image 
features should be integrated using alternative strategies rather 
than simple feature merging.

While the proposed framework demonstrates promising 
results, several aspects warrant further exploration. The compu
tational cost of meta-heuristic optimization, though mitigated 
by our implementation, may still pose challenges for extremely 
large datasets. Also, applying our methods to imaging-based 
platforms some limitations may be faced. While the proposed 
framework is expected to be broadly applicable because it oper
ates on spatially indexed expression profiles, its current 

Table 7 Post-hoc paired Wilcoxon signed-rank tests across 12 slides 
(one-sided; Holm-corrected per proposed method over four baselines).a

Proposed Baseline Wins Δ Mean pHolm rrb

Scatter conST 12/12 +0.111 9:77 × 10 − 4 *** 1.000
DeepST 5/12 +0.016 0.396 0.115
SpaceFlow 12/12 +0.222 9:77 × 10 − 4 *** 1.000
SpaGCN 11/12 +0.101 9:77 × 10 − 4 *** 0.974

ACT conST 9/12 +0.091 0.0269 * 0.718
DeepST 6/12 − 0.004 0.545 − 0.026
SpaceFlow 12/12 +0.202 9:77 × 10 − 4 *** 1.000
SpaGCN 9/12 +0.081 0.0242 * 0.769

FACT conST 9/12 +0.087 0.0959 0.564
DeepST 8/12 − 0.008 0.339 0.154
SpaceFlow 11/12 +0.198 0.00293 ** 0.949
SpaGCN 9/12 +0.077 0.0959 0.615

Ensemble conST 11/12 +0.140 9:77 × 10 − 4 *** 0.974
DeepST 8/12 +0.045 0.0226 * 0.682
SpaceFlow 12/12 +0.251 9:77 × 10 − 4 *** 1.000
SpaGCN 12/12 +0.130 9:77 × 10 − 4 *** 1.000

a “Wins” counts slides where the proposed method has higher ARI than 
the baseline. rrb is rank-biserial effect size.

* p<0:05,
** p<0:01,
*** p<0:001.
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empirical validation is limited to Visium, Slide-seqV2, and 
Stereo-seq. Imaging-based platforms such as MERFISH, seqFISH, 
and STARmap differ in several important respects: they often 
provide single-cell or subcellular spatial resolution, use targeted 
rather than transcriptome-wide panels, and depend on tran
script decoding and cell segmentation for downstream expres
sion quantification. These properties may affect the behavior of 
our framework in two ways. First, neighborhood refinement may 
need adaptive graph construction to avoid over-smoothing fine 
cellular boundaries. Second, filtration-based variants such as 
Scatter and FACT may require weaker or panel-aware filtering 
when the number of profiled genes is limited. We therefore ex
pect the framework—especially the ACT variant—to remain ap
plicable in principle, but its performance on imaging-based data 
should be regarded as a hypothesis supported by method de
sign rather than a claim established by direct benchmarking. 
Another limitation is for the mouse brain anterior benchmark 
for which the original 52-region annotation was merged into 12 
broader classes for detailed comparison with previous methods. 
While this improves interpretability and comparability, it also 
reduces sensitivity to fine anatomical boundaries, potentially fa
voring methods that produce smoother coarse domains and pe
nalizing methods that recover finer biologically meaningful 
substructure.

In the future, dedicated evaluation on MERFISH, seqFISH, and 
STARmap datasets can be a way forward. We can also investi
gate parallelization strategies or alternative optimization algo
rithms to enhance scalability. Additionally, the generalization of 
the framework across diverse tissue types remains to be 
fully validated.
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