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Abstract 
Spatial transcriptomics (ST) offers unprecedented opportunities to decode the spatial organization of gene expression, yet the inherent 
noise and complexity of ST data pose substantial challenges for accurate analysis. Here, we present DACN, a unified framework that 
integrates an improved adversarial autoencoder (AAE) with a graph convolutional network (GCN) to robustly analyze ST data across varying 
resolutions and throughputs. DACN employs a hybrid encoder that couples multi-head attention with residual connections to capture fine-

grained local expression patterns while retaining critical global information. The hybrid encoder and generator jointly construct the AAE

module, which denoises expression profiles and learns stable latent representations. The GCN component further exploits spatial neigh-

borhood relationships to refine these embeddings. Across multiple ST datasets with varying resolutions, DACN consistently outperforms

existing methods in accuracy and robustness. All code and datasets are publicly available at https://github.com/lanbiolab/DACN. 
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Introduction 
The rapid advancement of single-cell omics has offered a novel per-

spective for bioinformatics research. Single-cell sequencing technolo-

gies provide RNA information at the single-cell level with varying

sequencing depths, thereby providing critical technical support for

biological analysis [1, 2]. For instance, single-cell RNA sequencing 
(scRNA-seq) captures gene expression profiles at the resolution of 
individual cells, allowing researchers to investigate the regulatory

mechanisms across different cell types or tissues [3, 4]. However, 
the spatial location of cells within tissues often influences their func-

tional intensity and interactions with other cells, which makes spatial 
information equally essential for understanding biological processes.

The emergence of spatial transcriptomics (ST) has introduced a new

approach to addressing this challenge [5]. 
In recent years, a range of ST technologies h ave been developed,

including 10× Visium [6], Slide-seq [7], Slide-seqV2 [8], MERFISH [9], 
SeqFISH+ [10], and STARmap [11]. 10× Visium represents an early 
approach characterized by limited spatial resolution. This limitation 

has been addressed by technologies like Slide-seq and Slide-seqV2 
that provide substantial improvements. Furthermore, methods such 
as MERFISH, SeqFISH+, and STARmap achieve spatial resolution at the 
subcellular scale. Spatial resolution which is defined by the physical 
size of each spot is a critical parameter of ST technologies. Higher-

resolution technologies yield smaller spots that encompass fewer

cells. As a highly regarded research area, ST not only provides gene

expression information within the spatial context of tissues but also

reveals functional relationships from a spatial perspective [12]. 
In the early stages, machine learning is commonly applied to 

the analysis of ST data. In instance, Giotto [13] utilizes a hidden 
Markov model (HMM) to estimate spatial similarity between nodes 
and performs spatial clustering to identify spatial domain. BayesSpace

[14] adopts a Bayesian framework to cluster spatial spots with 
similar expression profiles, thereby improving the resolution of 
spatial domain. With the success of deep learning in various tasks,

researchers have begun to apply deep learning to the analysis of

ST data. SpaGCN [15] is a method to apply graph neural network
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(GNN) for spatial domain identification. It uses graph convolutional 
network (GCN) to capture features between spatially adjacent nodes

and performs clustering to identify spatial domains. SEDR [16] 
integrates an autoencoder with GCN to jointly model gene expression 
and spatial relationships. By jointly modeling the gene expression 
matrix and the spatial adjacency matrix, the method learns a latent 
embedding that captures both transcriptomic and spatial structural

information. In addition, it introduces a clustering loss to achieve

smoother spatial domain identification. STAGATE [17]  is  also  a  GNN-

based method that employs an adaptive attention mechanism to 
dynamically assign weights to neighboring nodes during training,

enhancing the consistency at spatial domain boundaries. SpaceFlow

[18] introduces contrastive learning into ST data analysis. It constructs 
negative samples by randomly perturbing the structure of spatial 
graph and training the model to distinguish them from real graphs,

thereby improving the performance of spatial domain identification.

GraphST [19] further combines self-supervised contrastive learning 
with GCN to better exploit contextual information among spatial 
nodes. It allows GraphS T to adaptively refine feature representations

during training and enhance spatial domain identification. SiGra [20] 
is a method that performs single-cell spatial analysis through image-

enhanced graph transformers, leveraging imaging features to identify 
spatial domains and enhance sparse and noisy transcriptomic data. 
Although these methods have achieved notable successes, several 
limitations also exist in these methods. The variability in sequencing 
depth and spatial resolution generates complex noise and leads to 
inconsistent gene detection across datasets, thereby compromising

model stability and hindering robust spatial transcriptomic analysis.

Consequently, these methods face challenges in accurately identifying

distinct spatial domains, particularly in regions with sparse coverage

or heterogeneous expression patterns. In addition, most approaches

primarily rely on local adjacency information, limiting their ability to

capture long-range spatial information.

To address these issues, we propose an unsupervised learning 
method (DACN) that integrates an improved adversarial autoencoder 
(AAE) with a GCN. The AAE component mitigates noise and dropout 
effects inherent in ST data, while a multi-head attention mechanism 
is incorporated to capture long-range spatial dependencies and 
simultaneously extract local feature representations for each spatial 
spot. This design enables DACN to effectively distinguish key regions 
within complex tissue domains by leveraging subtle local expression

differences. A residual connection is further introduced to preserve

essential spatial expression feature and prevent overfitting to local

patterns. The GCN module constructs a spatial graph to represent

neighborhood relationships among spots, and a spatial regularization

term constrains domain boundaries, resulting in smoother and more

coherent spatial clustering [21]. The learning embedding is further 
utilized for downstream tasks such as spatial domain identification 
and batch effect correction. To demonstrate the robustness and gener-

alizability of DACN, we evaluate its spatial clustering performance 
across multiple ST datasets with varying spatial resolutions. The

experimental results show that DACN achieves the most accurate and

smooth spatial clustering results, outperforming other methods across

multiple clustering metrics.

Method 
Model architectur e

DACN is composed of three key components: AAE module, GCN, and 
decoder. The architecture of DACN is shown in Fig. 1. The AAE module 

consists of hybrid encoder, discriminator layer, and generator. The 
AAE and GCN are designed to extract gene expression features and 
spatial features, respectively. The decoder is responsible for recon-

structing the latent embeddings. Next, we provide a detailed descrip-

tion of each component.

Adversarial autoencoder 
AAE are commonly used for denoising and reconstructing sparse 
images by enhancing feature reconstruction capabilities through

adversarial training [22]. However, conventional AAE often fail to cap-

ture the contextual information of cells when applied to gene expres-

sion profiles [23]. To solve this issue, we design an improved AAE to 
mitigate the loss of highly expressed gene information. The AAE is 
primarily composed of a hybrid encoder and GAN. The primary func-

tion of the hybrid encoder is to map ST data into a low-dimensional

latent space. The hybrid encoder consists of multi-head attention and

fully connected layers. Similar designs have demonstrated strong

capability in feature integration and hierarchical representation. For

instance, DFT_ANPD employs a dual-feature bidirectional attention 
mechanism to effectively integrate heterogeneous information [24]. 
Moreover, methods that incorporate part–whole hierarchies into fully 
convolutional networks for scene parsing introduce hierarchical 
representations to capture structural relationships within complex

objects, thereby enhancing semantic understanding [25]. The multi-

head attention layer is employed to characterize complex tissue 
regions that often exhibit highly heterogeneous and disordered 
expression patterns. Each attention head captures distinct local gene 
expression relationships among spatial spots, enabling more accurate 
delineation of these intricate regions. In addition, a residual connec-

tion is integrated within the multi-head attention layer to preserve

essential information from the original spatial gene expression while

preventing the model from overfitting or developing an undue bias

toward local feature representations. The hybrid encoder is defined

as follows:

x′
i =

(
softmax

[(
WQxi

) · (
WKxi

)
√

dk

])
· (WV xi), 

i ∈ {1, 2, 3, . . . , n} (1)

x′ = Concat
{
x′

1, x′
2, x′

3, .  .  .  , x′
n

}
(2)

zh = FC((1 − α)x′ + α x) (3)

where x represents the feature matrix of spatial spots, with a dimen-

sionality of 200 obtained from the preprocessed gene expression

matrix. n denotes the number of attention heads in the multi-head 
attention layer. The features matrix of each spatial spot is divided

into n segments, each processed by a corresponding attention h ead for

feature extraction. xi denotes the feature subset processed by the ith 
attention head, with a dimensionality of 200/n. The three projection

matrices, WQ, WK , and WV are used to transform the input spatial 
representations into query, key, and value vectors, respectively. The

dk is used to scale the dot product between WQxi and WKxi, which 
helps to avoid excessively large result and mitigates the risk of gr adient

explosion. x′
i denotes the low-dimensional embedding of the spatial 

spots extracted by ith attention head. Concat refers to the concatena-

tion function that aggregates the low-dimensional embedding of the

spatial spots from all attention heads. The parameter α represents a 
weighting factor to control the fusion between the input and output
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Figure 1 The workflow of DACN. DACN consists of three main components: an AAE, a GCN, and a decoder. The AAE enhances feature extraction from 
gene expression profiles through adversarial training to obtain their latent embeddings. The GCN captures spatial latent embeddings from the spatial 
graph. These two embeddings are then integrated via a fusion module and reconstructed by the decoder.

features in the residual connection. FC denotes a fully connected 
layer to implement linear transformation. zh represents the latent 
embedding of the spatial spots.

Subsequently, we add a discriminator layer to the hybrid encoder, 
allowing it to act as the discriminator in the GAN framework. During 
the training process, the generator progressively generates simulated 
data to optimize the gene expression profiles, effectively compensat-

ing for missing high-expression signals. The discriminator is trained 
to distinguish between real and simulated data, thereby enhanc-

ing the ability of DACN to recognize critical gene features, particu-

larly for key genes. Through adversarial training with the genera-

tor, the discriminator gradually enhances its ability to differentiate

real data from fake data. In the early stages of training, the dis-

criminator may lack the ability to properly identify real and fake

data, causing it to converge too rapidly. This can hinder effective

gradient updates for the generator and lead to unstable training.

To balance the training dynamics between the generator and the

discriminator, we introduce a hyperparameter N that controls the 
number of discriminator updates per iteration. This strategy helps 
improve the overall tr aining stability of DACN. The AAE is defined as

follows:

LD = 
1 
2

[
Bce(D(zt), 1) + Bce(D(zf ) , 0)

]
(4)

LG = Bce(D(zf ) , 1) (5)

where zt and zf denotes the latent embedding of real data and simu-

lated data, respectively. D denotes the discriminator that is trained to 
assign predictive labels to both real and synthetic latent embeddings.

The loss of discriminator and generator loss (LD andLG) are calculated 
using the binary cross-entropy (Bce) function between the true and

predicted labels.

Graph convolutional network
After obtaining the low-dimensional embeddings from the AAE, we 
construct a graph based on the spatial coordinates of each spot. A 
three-layer GNN is then designed to extract spatial features from the

graph. Specifically, the first layer of GCN maps the low-dimensional

embeddings (zh) to match the dimensionality of the feature matrix of

spatial x. Subsequently, the second and third layers of GCN are used to 
estimate the mean and variance, respectively. To further enhance the 
performance of DACN, we employ the reparameterization trick that 
allows graph embeddings to be resampled from the latent space based

on the learned mean and variance. The GCN is defined as follows:

H(1) = ReLU(A · zhW 1) (6)

μ = ReLU
(

A · H(1) W 2
)

(7)

log σ 2 = ReLU
(

A · H(1) W3

)
(8)

zg = μ + ε · σ (9)

where H(1) denotes the graph embeddings obtained from the first

layer of GCN. W1, W2, and W3 represent three independent learnable 
weight matrices. A is an adjacency matrix which is constructed based 
on the spatial coordinates of each spot. μ and σ correspond to the 
mean vector and the normalized log-variance of the latent space,

respectively. ε is a random noise vector sampled from a standard

normal distribution. zg is the latent embedding which is generated b y
using the reparameterization trick.

Decoder 
The decoder is employed to reconstruct features from the low-

dimensional embeddings extracted by the AAE and the GCN module,

enabling the computation of the reconstruction loss. The decoder is



4 | Briefings in Bioinformatics, 2026, Vol. 27, Issue 1

defined as follows: 

z = concat(zh, zg) (10) 

x̃ = ReLU(A · Dropout(z)W ) (11)

where z denotes the final latent embedding obtained by concatenating

zh and zg . Dropout is a technique that applies a dropout operation

to reduce overfitting. A and W represent the adjacency matrix and 
weight matrix, respectively. x̃ denotes the reconstructed features.

Results 
Dataset 

To comprehensively evaluate the performance of DACN in various ST 
datasets, we conduct experiments on multiple publicly datasets with 
different spatial resolutions. The human dorsolateral prefrontal cortex

(DLPFC) dataset is generated by using the 10× Genomics Visium and 
consists of 12 sections derived from human dorsolateral prefrontal

cortex tissues. Each section contains ∼4000 spatial spots and manual 
annotations of cortical layers. Due to its clearly defined spatial struc-

ture and widespread use in benchmarking studies, this dataset is used 
to evaluate the performance of spatial domain identification as a reli-

able dataset. The BaristaSeq dataset is derived from mouse primary 
cortex tissue. This dataset is generated using BaristaSeq technology 
with high resolution. It comprises three tissue sections, with 1525,

2042, and 1690 cells, respectively. The osmFISH dataset is obtained by

using the osmFISH (osmotic-based fluorescent in situ hybridization)

technique and offers spatial transcriptomic data from the mouse

somatosensory cortex at single-cell resolution. It includes a total of

4839 cells.

Evaluation of spatial domain identification on the
DLPFC Dataset

We evaluate the clustering performance of DACN on DLPFC dataset. 
To ensure a comprehensive comparison, we select some representa-

tive methods: SEDR [16], SpaGCN [15], GraphST [19], SpaceFlow [18], 
DeepST [26], sigra [20], and STAGATE [17]. For 12 spatial tissue sec-

tions, we compute adjusted rand index (ARI) and normalized mutual 
information (NMI) which are two unsupervised clustering metrics to 
assess the agreement between predicted clusters and ground truth. 
ARI measures the similarity between the predicted clusters and the 
true labels by quantifying their pairwise agreements. NMI evaluates

the mutual dependence between the predicted and true labels based

on information theory. The clustering results of all methods are visu-

alized by using boxplots, which is shown in Fig. 2a. Overall, DACN 
demonstrates more stable and superior clustering performance across 
all 12 samples, highlighting its robustness and effectiveness in spatial 
domain identification. In addition, we perform t-tests to assess the sta-

tistical significance of differences in ARI and NMI between DACN and

other methods. Asterisks indicate that DACN achieved significantly

higher ARI and NMI scores than the other methods ( P <.05). 
To further validate the reliability of the low-dimensional embed-

ding extracted by DACN, we select slice sample 151 674 from the

DLPFC dataset for clustering analysis. The spatial domain identifi-

cation results for all methods are presented in Fig. 2b.  From  the  
results, both SpaGCN and GraphST exhibit suboptimal performance, 
with evident inconsistencies between the predicted spatial layers and 

the ground truth. Their domain boundaries are often ambiguous. 
Although STAGATE and SpaceFlow achieve relatively low ARI scores, 
they still produce clearer and more structured spatial partitions. On 
the other hand, SEDR and DeepST generate a spatial configuration 
more consistent with the true layer distribution. However, a misalign-

ment appears in Layers 2 and 3, with their predicted positions nearly 
reversed. In contrast, DACN effectively captures spatial structures that 
closely align with the true anatomical organization. Its segmentation 
boundaries are smoother and more consistent, with no noticeable 
misplacement between adjacent layers. It demonstrates its superior 
performance in spatial domain identification. It is worth noting that 
a gray region appears in the lower right corner of the ground truth

spatial annotation, corresponding to unannotated spots in the dataset.

It can be observed that this region is adjacent to Layers 2 and 3,

suggesting a strong biological relevance to these two layers. However,

except for DACN and STAGATE, all other methods failed to correctly

identify this relationship, instead assigning these spots to layers spa-

tially distant from their actual locations. Although STAGATE success-

fully categorized the region as part of Layer 2, it still misclassified

some spots as belonging to Layer 1. In contrast, DACN produces more

accurate spatial domain identification, demonstrating its advantage in

modeling spatial domain relationships.

In addition, we perform differential gene expression analysis for 
each cluster identified by DACN, with the results displayed in Fig. 2c. 
Among these clusters, MBP and MALAT1 are identified as the most 
significantly expressed genes in the white matter (WM) and Layer 1

regions, respectively. Their spatial expression patterns are visualized

in Fig. 2c. It is shown that the distributions of MBP and MALAT1 are 
consistent with the ground truth, with MBP predominantly localized 
in the WM region and MALAT1 mainly enriched in Layer 1. MBP is

well known for its essential role in the maintenance and function of

white matter in the brain [27]. We further visualized the clustering 
results of all methods by using UMAP, assigning the predicted spatial

domain identities at their respective centroids. As shown in Fig. 2d, 
the clustering results of the DACN exhibit more compact intra-cluster 
structures and minimal inter-cluster overlap. These findings suggest 
that the low-dimensional latent representation learned by D ACN effec-

tively captures the intrinsic structural organization of spatial tran-

scriptomic data, thereby achieving superior clustering performance

compared with existing methods.

Demonstrating the effectiveness of spatial domain 
identification and batch effect correction on the

BaristaSeq dataset

To further evaluate the applicability of DACN to ST datasets with 
varying spatial resolutions, we conduct experiments on the BaristaSeq 
dataset. BaristaSeq is a high-resolution ST technology with a spot

diameter ranging from 5 to 10 μm. The dataset consists of three 
tissue sections. For each section, we calculate the ARI and the NMI

to quantitatively assess clustering performance across different

methods. As shown in Fig. 3a, DACN consistently outperformed other 
methods on all three sections, demonstrating its superior ability to 
model high-resolution ST data. In addition, we visualize the results

of spatial domain identification on slice 2, as shown in Fig. 3b. The 
spatial domains identified by SpaGCN, DeepST and GraphST appear 
disorganized, lacking a clear laminar structure. It indicates limited 
spatial recognition capabilities on high-resolution data. In contrast,

DACN, SEDR, SpaceFlow, and STAGATE all successfully identified the
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Figure 2 Evaluation of DACN in identifying spatial domains. (a) ARI and NMI box plots comparing different methods across 12 DLPFC slices. (b) Spatial 
domain identification on slice 151 674 of the DLPFC dataset. (c) Spatial clustering r esults validated by the spatial expression patterns of marker genes 
consistent with known anatomical domains. (d) UMAP representations of clustering results on slice 151 674 for each method.

spatial architecture, showing strong spatial pattern recognition 
abilities. However, some misclassifications were still observed 
in specific regions across SEDR, SpaceFlow, and STAGATE. DACN 

exhibits fewer misclassified areas and yields more coherent spatial

domains with more accurate boundaries. Compared with STAGATE

and SpaceFlow, DACN demonstrates a slight advantage in overall
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Figure 3 Performance comparison of DACN on the high-resolution dataset (BaristaSeq). (a) Box plots of ARI and NMI scores for different methods on 
three slices from the BaristaSeq dataset. (b) Visualization of spatial domain identification results on slice 2 of the BaristaSeq dataset. (c) Comparison of 
batch effect correction performance across different methods. (d) ILISI scores of different methods for evaluating batch effect correction effectiveness.
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Figure 4 Application of DACN on subcellular-resolution spatial transcriptomics dataset (osmFISH). (a) Comparison of ARI and NMI scores for different 
methods on the osmFISH dataset. (b) Spatial domain identification results on the osmFISH dataset. (c) Spatial expression patterns of marker genes for
glutamatergic neurons and oligodendrocytes.

clustering accuracy. When compared with SEDR, DACN shows a better 
ability to c apture the inter-layer boundaries, leading to higher spatial

identification precision.

In addition, we evaluate the performance of DACN in addressing 
batch effects. Specifically, we utilize Harmony to compare the integra-

tion capabilities of DACN with other approaches on BaristaSeq dataset.

Figure 3d shows the visualization of the latent space after batch 
correction. As observed, the spot from different batches in results of 
DACN are more evenly distributed, with no obvious separation among 
tissue sections. This demonstrates that DACN is effective in mitigating 
batch effects. To quantitatively assess the integr ation performance

across batches, we employ the Integration Local Inverse Simpson’s

Index (iLISI) to evaluate the degree of batch mixing in the latent space.

An iLISI value closer to the true number of batches indicates better

batch effect correction. As shown in Fig. 3c, DACN achieves iLISI score 
which is closest to the actual number of batches and outperforms other 
methods. It further validates its effectiveness in batch effect correction.

Improved identification of spatial domain on the
subcellular-resolution osmFISH dataset

To assess the performance of DACN in spatial domain identification on 
ST data with subcellular spatial resolution, we conduct clustering eval-

uation on the osmFISH dataset. As shown in Fig. 4a, DACN achieves the 
highest performance in both ARI and NMI, significantly outperform-

ing other methods. To further compare spatial domain identification

capabilities, we visualize the clustering results from different methods

on the osmFISH dataset, which is shown in Fig. 4b. The results show
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Figure 5 Parameter sensitivity analyses. ARI and NMI performance across varying numbers of attention heads (n). 

that SpaGCN and STAGATE fail to accurately delineate the spatial 
structures, exhibiting poor identification performance. GraphST and 
SEDR can accurately identify part of the spatial domain. In contrast, 
the spatial domain identified by D ACN presents smoother and more

clear boundaries. These results demonstrate that DACN effectively

captures key spatial features in ST datasets with subcellular resolution

and low throughput.

Furthermore, we visualize the spatial expression patterns of sev-

eral marker genes for specific neuronal cell types in the osmFISH

dataset (Fig. 4c). Specifically, Syt6 and Rorb are established markers 
of glutamatergic neurons, whereas Plp1 and Anln serve as mark-

ers of oligodendrocytes. Glutamatergic neurons are predominantly

distributed across cortical layers L2–L6, while oligodendrocytes are

mainly localized within the white matter [28]. Consistently, Syt6 and 
Rorb show strong expression in layers L4–L6, whereas Plp1 and Anln

are enriched in the white matter domain. As shown in Fig. 4b,  the  
spatial distributions of these genes closely coincide with the regions 
identified by DACN, further supporting the biological relevance of the

spatial clustering results.

Parameter analysis 

To comprehensively evaluate the effect of the number of attention 
heads (n), we compare the performance of DACN across different 
values of n (1, 2, 4, and 8). To ensure a robust and representative

comparison, all experiments are performed on three ST datasets pre-

viously used, each with distinct spatial resolutions. The results are

summarized in Fig. 5. It can be observed that DACN (n = 4) exhibits 
the most stable performance across all three datasets. It demonstrates 
a clear performance advantage in the DLPFC dataset, whereas the 
performance gains are less pronounced in BaristaSeq dataset and 
osmFISH dataset. The limited improvement may stem from the rela-

tively low gene throughput of datasets BaristaSeq and osmFISH, which

constrains the effectiveness of the multi-head attention mechanism

under low-throughput conditions.

Ablation study 

To assess the contribution of the core AAE module, we ablate the 
AAE component (DACN w/o AAE) and evaluate its effect on model 

performance. For a fair and robust comparison, all experiments are

performed on three previously used ST datasets with distinct spa-

tial resolutions. As summarized in Fig. 6, DACN consistently outper-

forms its ablated counterpart across all datasets. On the low-resolution 
DLPFC dataset, DACN achieves moderate improvements in both ARI 
and NMI. Notably, on the high-resolution BaristaSeq and osmFISH 
datasets, the inclusion of the AAE led to markedly greater performance

gains. These results demonstrate that integrating the AAE substantially

enhances the capacity of DACN to capture complex spatial transcrip-

tomic patterns.

Implementation 

The DACN method is implemented by using Python 3.9 and R 4.3. We 
use the PyTorch framework together with the Scanpy and Anndata 
packages for ST data analysis. The rpy2 package enables interaction 
between Python and R, and the Mclust package in R is used for clus-

tering. The model training is performed on a workstation equipped 
with an NVIDIA R TX 1060 GPU (8 GB memory). Consistent training

parameters are applied across all datasets, including a learning rate of

0.01 and 550 training epochs. An early stopping mechanism monitors

the loss and saves the model weights corresponding to the minimum

loss value. The complete training procedure is available in our GitHub

repository (https://github.com/lanbiolab/DACN). 

Conclusion 
With the advent of ST technologies, single-cell omics studies have 
gained access to crucial spatial information [29, 30]. However, ST 
data often suffer from expression noise and dropout effects, which 
frequently lead to inaccurate or unreliable spatial transcriptomic 
analyses. To address these challenges, we propose DACN, which uses 
the improved AAE to address the impact of noise on training and 
adapts to ST datasets with varying resolution. To evaluate the per-

formance of DACN, we conduct experiments on multiple ST datasets

and compared it against other state-of-the-art methods. In addition, we

select ST datasets with varying spatial resolutions to demonstrate the

robustness of the model, including the low-resolution DLPFC dataset,

the high-resolution BaristaSeq dataset, and the subcellular-resolution

https://github.com/lanbiolab/DACN
https://github.com/lanbiolab/DACN
https://github.com/lanbiolab/DACN
https://github.com/lanbiolab/DACN
https://github.com/lanbiolab/DACN


Briefings in Bioinformatics, 2026, Vol. 27, Issue 1 | 9

Figure 6 Ablation study analyses. Comparative performance of DACN and DACN without the AAE module (DACN w/o AAE) on the DLPFC, BaristaSeq,
and osmFISH datasets.

osmFISH dataset. Experimental results demonstrate that DACN consis-

tently outperforms existing methods in spatial clustering tasks on all

datasets, exhibiting superior performance in batch effect correction

and denoising capabilities.

Overall, DACN has demonstrated remarkable performance on ST 
datasets with varying spatial resolutions. Nevertheless, DACN relies 
on the spatial adjacency matrix that may fail to capture higher-order

relationships among spatial spots. Moreover, the computational cost

increases with the number of spatial spots, posing challenges for the

analysis of large-scale datasets [31, 32]. In future work, we plan to inte-

grate scRNA-seq data to bridge gene expression patterns across indi-

vidual cells [33]. Furthermore, incorporating protein–protein interac-

tion networks could enable the modeling of higher-order biological 
relationships, providing a more comprehensive understanding of spa-

tial organization at the molecular level. To address the computational

overhead, we will explore more efficient neural architectures [34, 35] 
that offers lower computational complexity.

Key Points 

• At present, resolution-dependent variability in gene throughput 
remains a key barrier to accurate spatial domain identification in

spatial transcriptomics.

• We present DACN, a robust framework for spatial transcriptomics 
(ST) analysis across datasets of varying resolutions. To accommo-

date differences in gene throughput, DACN integrates residual 
connections and multi-head attention into an enhanced AAE to 
improve feature representation and denoise ST data, while GCNs

are employed to couple spatial context with gene expression.

• Across diverse ST datasets, DACN consistently achieves superior 
accuracy in spatial domain identification and effective batch-effect

correction.
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