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Abstract

Spatial transcriptomics (ST) enables the joint characterization of gene expression and spatial information, indicating the need for
generalizable computational methods to exploit these data. However, integrating spatial and non-spatial information remains a challenge.
In this study, we propose DuaST, an integrated dual-branch learning framework for ST. Specifically, DuaST designs a spatially aware
branch and a non-spatial branch to separately model neighborhood dependencies and topology-agnostic features. To integrate these
complementary representations, DuaST employs a synergistic combination of local-global contrastive learning, adversarial alignment,
and attention-based fusion. These mechanisms reinforce cross-branch interactions and enable the learning of biologically meaningful
representations. Beyond pattern modeling, DuaST identifies spatially variable genes (SVGs) by reconstructing gene expression with a
learnable weight matrix that integrates both spatial and non-spatial dependencies. Furthermore, DuaST extends seamlessly from single-
to multi-omics analyses, offering a unified framework that leverages supplementary omics to enhance biological insight. The experimental
results indicate that DuaST achieves superior performance in several tasks, such as spatial domain identification, SVGs detection, and multi-
omics integration. Ablation studies further demonstrate the overall effectiveness of the model design in capturing spatial and non-spatial

representations.
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Introduction

The rapid advancement of spatial transcriptomics (ST) technologies
has created new avenues for investigating gene expression within the
native tissue context. By preserving spatial information, ST facilitates
the study of diverse spatial patterns in gene expression. Building on
these advances, recent technologies such as 10x Visium [1], STARmap
[2], osmFISH [3], and Stereo-seq [4] have been widely applied to
generate spatially resolved gene expression data, thereby elucidating
tissue architecture and advancing research across diverse fields [5,
6]. However, many modeling approaches developed for single-cell
RNA-seq often omit spatial coordinates [7, 8], limiting comprehensive
tissue-level analysis. Collectively, these considerations indicate the
need for general computational frameworks capable of analyzing
multi-platform ST data.

Several statistical methods [9, 10] attempt to capture the proper-
ties of ST data, yet they typically rely on distributional assumptions.
Recently, deep learning methods have been applied to model ST data,
differing in how they integrate spatial and gene expression infor-
mation. Variational autoencoder-based approaches, including SEDR

[11], AttentionVGAE [12], and spaVAE [13], learn representations while
explicitly modeling spatial dependencies, for instance by combining
Gaussian process priors with standard priors. Multi-view integration
methods, such as MAFN [14], STMGCN [15], and spaGRA [16], adopt
distinct strategies, including dynamic feature fusion, graph-based rep-
resentation learning, or contrastive learning to capture multi-level
spot associations. However, they often inadequately leverage spatial
and non-spatial information, limiting the effective use of the ST data.

Meanwhile, developing computational methods for accurate
spatially variable genes (SVGs) identification has become essential
for fully leveraging ST data, as their non-random expression
patterns reveal cellular states, intercellular communication, and
tissue functions, forming the basis for spatial domain analysis and
functional enrichment [17, 18]. Several methods have been developed
to identify SVGs, adopting distinct strategies. Gaussian process-based
approaches, such as nnSVG [19] and SpatialDE [20], decompose gene
expression variability into different components. Statistical scoring
methods, including SINFONIA [21] and PROST [22], leverage spatial
autocorrelation metrics or integrate statistical significance with
expression separability to quantitatively evaluate spatial patterns.
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Graph-based approaches, exemplified by SpaGCN [23] and STAMarker
[24], capture the interdependence between spatial domains and SVGs,
facilitating domain-guided identification. Despite these advances,
existing methods often do not fully leverage both spatial and non-
spatial information, limiting their ability to accurately identify SVGs
and their complex, multi-scale expression patterns.

In parallel, the emergence of multi-omics platforms, such as SPOTS
[25], spatial-CITE-seq [26], spatial-epigenome-transcriptome [27], and
Stereo-CITE-seq [28], enables the simultaneous acquisition of tran-
scriptomics, antibody-derived tag (ADT), and chromatin accessibility
(ATAC) data from the same tissue slice. Multi-omics integration has
gained increasing attention as a strategy to capture tissue complexity
[29, 30], a trend exemplified by recent computational frameworks. For
example, PRAGA [31] employs dynamic graphs and prototype-based
contrastive learning to enhance feature representation. SpatialGlue
[32] leverages graph neural networks with attention to unify spatial
and omics features into spot-level representations. SMMGCL [33] con-
structs hybrid adjacency graphs across modalities and enforces repre-
sentation consistency via contrastive learning. Despite their advances,
these frameworks often rely on complex architectures, which can
substantially increase computational burden.

In this work, we present DuaST, a versatile and extensible deep
framework for comprehensive ST analysis. To jointly model spa-
tial and non-spatial patterns, DuaST employs a dual-branch repre-
sentation learning (DBRL) architecture: one branch leverages varia-
tional graph auto-encoders (VGAES) to capture local spatial dependen-
cies and global feature distributions, while the other branch adopts
a multilayer perceptron (MLP) to learn non-spatial expression pat-
terns. To coherently integrate these complementary representations,
DuaST incorporates three cross-branch interactive strategies: a local-
global contrastive mechanism (LGCM) to reinforce multi-scale fea-
ture consistency, an adversarial alignment mechanism (AAM) to facil-
itate modality-invariant representation learning, and an attention
fusion mechanism (AFM) to dynamically integrate information across
branches. Beyond representation learning, DuaST introduces a spatial
relevance scoring (SRS) module that detects SVGs by reconstructing
gene expression through a learnable gene-wise weight matrix. More-
over, this framework is modality-flexible, accommodating additional
omics without requiring architectural modifications. In multi-omics
contexts, the non-spatial branch (NSB) directly accepts other omics
as input without modeling their spatial dependencies, resulting in
a minimal model design that preserves both spatial and non-spatial
information while capturing distinct signals. Extensive evaluations
across diverse ST platforms demonstrate that DuaST consistently out-
performs state-of-the-art baselines in tasks such as spatial domain
identification and SVGs detection.

Materials and methods
Overview of DuaST

DuaST is a unified framework for ST analysis that integrates spatial
structure with complementary non-spatial information. It takes gene
expression and spatial coordinates as inputs, with optional multi-
omics modalities. On this basis, DuaST employs a DBRL strategy: the
spatial-aware branch (SAB) and the NSB. To effectively integrate these
complementary representations, DuaST introduces three cross-branch
interaction strategies: LGCM, AAM, and AFM. The resulting unified
representations support downstream tasks, such as spatial domain

identification and SVG detection. The workflow of DuaST is illustrated
in Fig. 1.

Datasets and preprocessing

DuaST employs a dual-branch architecture to process two feature
matrices, X; € RV*dt and X, € RN*% where N is the number of
spots or cells, and dq, d, denote the respective feature dimensions. This
architecture supports both single-omics and multi-omics applications:
in single-omics, X; and X, are identical gene expression matrices,
whereas in multi-omics (e.g. spatial epigenome-transcriptome), they
correspond to gene and ATAC features, respectively. Preprocessing of
X1 involves standard filtering and normalization, including removal
of lowly expressed genes, selection of highly variable genes, and log-
transformation with SCANPY [34]. For alternative modalities repre-
sented by X», preprocessing follows the SpatialGlue pipeline [32].

We conduct experiments on seven public datasets to verify the
effectiveness of the proposed method: (i) human breast cancer (HBC)
10x Visium data. (ii) E9.5 Mouse Embryo (E9.5) Stereo-seq dataset.
(iil) human lymph node (HLN) 10x Visium dataset. (iv) mouse brain
(MB) spatial-epigenome-transcriptome dataset. (v) mouse spleen
(MS) SPOTS dataset. (vi) human tonsil (HT) spatial-CITE-seq dataset.
(vii) zebrafish melanoma (ZM) 10x dataset. Additional details on
the evaluation metrics and comparative methods are provided in
Supplementary Notes S1 and S2.

Dual-branch representation learning

To simultaneously capture spatially structured and spatially indepen-
dent signals, DuaST adopts a DBRL strategy, comprising a SAB and a
NSB. The core principle of DuaST is to disentangle complementary
spatial and non-spatial signals into separate branches, align them
softly in a shared latent space without collapsing modality-specific
structure, and adaptively recombine them via attention for down-
stream tasks. The SAB leverages graph-based modeling to characterize
local neighborhood dependencies, whereas the NSB captures comple-
mentary topology-agnostic or modality-specific features. Their fusion
is adaptively weighted by an attention mechanism that preserves sig-
nals where informative. This design allows the model to disentangle
complementary aspects of the data while preserving architectural
flexibility for both single-omics and multi-omics contexts.

Spatial-aware branch

A spatial graph G = (X3,A4) is first constructed to model spatial rela-
tionships among spots. Euclidean distances are calculated from the
spot coordinates, and for each spot i, its K-nearest neighbors (KNNs)
are identified. A binary adjacency matrix A € RV*¥ is subsequently
defined such that A; = A; = 1 if spot j belongs to the KNNs of spot
i, and Aj; = 0 otherwise. The spatial graph structure is defined by the
resulting adjacency matrix A in conjunction with the gene expression
matrix X;. The SAB then adopts the VGAE to captures spatial context
within this graph, which preserves spatial topology and facilitates
the learning of robust representations. VGAE enables probabilistic
representation learning by modeling uncertainty and regularizing
latent distributions, whereas the Graph Convolutional Network (GCN)
captures spatial dependencies through neighborhood aggregation.
Formally, SAB first employs a single-layer GCN encoder fgm to gener-
ate spatially smoothed gene representations through the aggregating
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Figure 1 The overall framework of DuaST. A. Dual-branch framework. The SAB captures neighborhood dependencies through graph-based encoding,
and the NSB extracts topology-agnostic features, providing two complementary views of the data that are subsequently coordinated through
contrastive, adversarial, and attention-based interactions. While SRS operates by reconstructing gene expression with a learnable gene-wise weight
matrix, leveraging contrastive and adversarial learning yet without involving the attention mechanism. B. Downstream tasks. DuaST's tasks in spatial

domain identification, multi-omics integration, and SVGs detection.

of neighborhood information:
Hy = fn(G) € RN*%, @)

then two parallel GCNs ]fg“m, fgen are applied to estimate the mean vector
w and the log-variance vector logo? of the Gaussian parameters,
respectively:

1= foen(H1,A), 0 = fn(H1,A). )

The latent representation Zs; € RN xdy ig then sampled using the
reparameterization trick:

Zsa=u+0o0e€, €~NQOD, 3)
where € denotes random noise sampled from a standard normal
distribution and ® indicates the element-wise product.

The model is trained by optimizing the evidence lower bound
(ELBO):

Lsa = LBCE (A>12\) — Lx1(9sal i, 62)IPZsa))s 4)

where A is the reconstructed adjacency matrix obtained through the
inner product of representations, ie. A = 0(ZsaZd,) € RVN. The
first term corresponds to the graph reconstruction loss, computed
via binary cross-entropy to preserve spot connectivity, whereas the

second term is the Kullback-Leibler divergence to regularize latent
variables toward the standard normal prior. Thus, optimizing the
ELBO enables the model to learn biologically meaningful graph rep-
resentations while mitigating overfitting.

Non-spatial branch

The NSB captures non-spatial patterns beyond graph topology via a
two-layer MLP encoder fr’}[lp. The resulting latent representation Zps €
RN*d4 is defined as follows:

Zns=Hj =, (X2) =¢po--opio---o0p1(X),
(5)
HY = ¢i(H5Y) = ReLU (BNY(WIHS + bY),

where le denotes the embedding of the ith layer, while W' and
bt are the learnable weight matrix and bias vector of the ith layer,
respectively. BN refers batch normalization, and Rectified Linear Unit
(ReLU) is the rectified linear activation. This design enhances the
complementarity between the spatial and non-spatial representations
while maintaining efficiency through the lightweight MLP.

Cross-branch interaction strategies

Although the dual-branch architecture facilitates complemen-
tary encoding, effective integration requires explicit cross-branch
constraints. Consequently, DuaST incorporates three synergistic



4 | Briefings in Bioinformatics, 2026, Vol. 27, Issue 2

mechanisms to strengthen cross-branch interactions and produce
biologically robust latent features.

Local-global contrastive mechanism

Inspired by GraphST [35], and building upon Deep Graph Infomax [36]
as a concrete implementation, the LGCM maximizes mutual informa-
tion between spatial and non-spatial representations by contrasting
local and global representations to reinforce multi-scale consistency.
For each spot i, a local summary embedding ¢; is computed as the
average of its neighbors’ representations:

1
Ci=— > Zsajy (6)
lN(l)l JeN ()

where N (i) denotes the neighbor set of spot i. Positive pairs are formed
between Zg,; and its local summary C;, while negative samples Zpeg ;
are generated by randomly permuting Zys. This ensures distributional
consistency between positive and negative pairs while removing true
spatial-non-spatial correspondence. A bilinear discriminator D, is
employed to compute the similarity of embedding pairs, and the local
contrastive loss is defined as:

N
1
Liocal = N Z [IOgU(DC(Zsa,i: Ci))
i=1
+log (1 -0 (DC(Zsa,i:Zneg,i)))]- (7)
Meanwhile, global-level semantic alignment is enforced by contrast-
ing Zys with the graph-based representations Zs,. The global con-

trastive loss is formulated as:

1
L =—=
global N i

M=

[10g o (Dc(Zsa,iJ Zns,i))
1

+log (1 - U(DC(Zsa,iyZneg,i)))]- (8)

The shared discriminator is used for both local and global contrastive
objectives to maintain a consistent similarity metric across scales and
reduce model complexity. Finally, both local and global losses are
combined to promote multi-scale representation consistency:

Lr6em = Liocal + Lglobal' (€)]

Adversarial alignment mechanism

To facilitate the learning of representations that can be mapped into
a shared latent space, DuaST incorporates an adversarial training
strategy between Zsq and Zps. This approach is based on the prin-
ciple of adversarial domain adaptation, in which a discriminator
seeks to differentiate between the two branches while the generator
is guided to generate embeddings progressively aligned within a
shared representation space. The dual-branch encoder, encompassing
a SAB and a NSB, is regarded as the generator within the adversarial
framework. In particular, a gradient reversal layer (GRL) is employed,
which multiplies the gradient by a negative scaling factor during
backpropagation. The adversarial principle underlying our approach
is inspired by prior studies, CycleGAN [37] for unpaired image-to-
image translation and sciCAN [38] for single-cell integration. Building

on this foundation, DuaST implements the mechanism in ST, where
the discriminator Dp, realized as an MLP, estimates the probability
that an embedding originates from either the spatial-aware or NSB.
The adversarial objective is defined as:

Laam = —E7,108 D (Zsq) — Ez, 108 (1 — Di(Zns)) (10)

where E[-] denotes the expectation over the empirical distribution, and
the GRL applies a negative scaling factor during backpropagation to
enable adversarial training.

Attention fusion mechanism

The AFM integrates the spatial-aware and non-spatial representations
an through attention mechanism to adaptively combine Zsg and Zys.
This facilitates the dynamic weighting of complementary signals and
the generation of a unified embedding optimized for downstream
analyses. Specifically, the representations Zs, and Zps are initially
stacked into Zgycx € RV*2x4 and a lightweight attention network fy
is employed to compute branch-wise weights as follows:

(@1, @) = SOftmax (fau Zsiack)) € RV*2, 11

where fyir is implemented as a one-layer linear function projecting the
concatenated representations into a scalar per branch. Subsequently,
the fused embedding Zy € RN xds is then obtained as:

Zatt = a1 - Zsq + ap - Zns, a1 (D) +ap (1) =1, (12)

where a1 () and ay (i) are the weight values of the spatial-aware and
non-spatial representations for spot i. Based on Zgy, we apply the
mclust [39] to infer spatial clusters from the spot representations
(Supplementary Note S3 for details). This unified representation Zg;
is further decoded by a two-layer MLP D, to reconstruct the gene
expression matrix X= fn“;lp(zan) e RN*d1_ The reconstruction loss for
gene expression is defined using the mean squared error as:

Larm = IX = X|I3. (13)

Finally, the overall training objective is formulated as a weighted
combination of all loss components:

L1 =21 LsaB + A2L16eM + A3 LaaMm + Ag LaFM, (14)

where A1, Ay, A3, and A4 are trade-off coefficients that balance
the contributions of individual objectives. The optimal values
(Supplementary Table S1) for these parameters are determined via
a grid search procedure. Through this joint optimization, DuaST
preserves spatial topology, enforces cross-modality alignment, and
strengthens multi-scale feature consistency. These capabilities yield
robust and biologically meaningful representations that support
downstream tasks such as spatial domain identification, gene expres-
sion enhancement, and multi-omics integration. All components are
optimized jointly from the first epoch, with gradients flowing through
both the spatial and NSBs simultaneously. This end-to-end coupling
ensures that the two branches interact throughout training via shared
loss objectives, rather than being learned in isolation.
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Spatial relevance scoring

To systematically identify SVGs, we develop the SRS method inspired
by spaVAE [13]. By concatenating the spatial Zs; and the non-spatial
Zns Tepresentations, we obtain the combined representation Zeon =
concat(Zsq, Zns) € RV*244_ The reconstructed expression matrix is then
obtained via a linear decoder Ds, i.e. X¢ = Ds(Zcon) = Zeon- Wy € RN*d1,
where Wy is alearnable weight matrix. The reconstruction loss Lggs =
I1Xe - X113

In this stage, the overall loss function is slightly modified. Unlike the
previous design, the attention fusion mechanism £Lpy is not involved
at this stage, and Lsgs is incorporated instead:

Ly = 1 LsaB + P2 LrceMm + B3 Laam + Ba Lsrs, (15)

where 81, B2, B3, and B4 denote trade-off coefficients that regulate the
relative contributions of the individual objectives. The optimal values
of these parameters are obtained by grid search and are also presented
in Supplementary Table S1. The SRS for identifying SVGs is a post-hoc
analysis conducted after the main model training converges. All model
components are frozen, and gene-wise spatial relevance is quantified
by decomposing the contribution of the spatial and non-spatial latent
subspaces through the trained decoder.
The steps for identifying SVGs are as follows:

¢ To evaluate the contribution of each dimension to gene-expression
reconstruction, we reweight Wy by the operation Wy, = diag(Zre) -
W, to enhance the influence of the most informative dimensions,
where Zy is the L2-norm of Z¢op.

* To better capture the relative importance of spatial and non-spatial
features, the reweighted matrix W, is first partitioned into two
subspaces: a spatially dependent subspace (first half of dimensions)
and a spatially agnostic subspace (second half). Then they are aver-
aged separately, i.e. wsq = avg(Wyel: d1/2,:]), Wns = avg(Wreldy/2 :
)8

* For each gene, a spatial relevance score is defined as the ratio
between the mean weights of the above two subspaces, followed by
min-max normalization to scale the scores into the range [0, 1]. This
final score reflects the relative spatial contribution of each gene and
enables the systematic identification of SVGs.

Results

DuaST improves spatial domain identification and
gene expression enhancement

We first assessed the performance of DuaST across ST datasets derived
from diverse technologies, starting with a HBC dataset generated on
the 10x Visium platform. This dataset contains 20 annotated regions
(Fig. 2A), including healthy tissue (Healthy), ductal carcinoma in situ
(DCIS), invasive ductal carcinoma (IDC), and tumor margin areas
(Tumor edge). Compared with competing methods, DuaST exhibited
superior spatial domain identification performance, achieving the
highest ARI of 0.69 (Fig. 2C). The spatial domains identified by DuaST
were more continuous and closely aligned with manual annotations,
in contrast to the fragmented clusters produced by other methods.
Among the comparative methods, MAFN achieved the second-highest
ARI 0f0.60, although its domain boundaries were closer to annotations
than most alternatives, some regions contained noticeable noise. By
comparison, spaGRA and SEDR showed poor performance due to
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overlapping clusters. These results indicated that the dual-branch
architecture contributed to spatial domain identification by jointly
modeling spatial and non-spatial features.

To examine the molecular distinctions between cancerous and
healthy tissues, we analyzed differential gene expressions (DEGS)
across IDC 4 (domain 1), Healthy 1 (domain 4), Tumor_edge 2
(domain 6), and DCIS/LCIS_4 (domain 14), identifying the top 3 genes
in each domain (Fig. 2D). Notably, CCND1, a key cell cycle regulator
whose amplification is associated with aggressive phenotypes and
poor prognosis in breast cancer [40], was highly enriched in IDC 4
(domain 1). This same domain also showed specific expression
of CXCL14, a chemokine reported to suppress tumor growth and
metastasis, suggesting potential intra-tumoral heterogeneity or
context-dependent roles [41]. These genes were mainly enriched
within their respective domains, emphasizing spatial heterogeneity
and supporting the effectiveness of DuaST in capturing biologically
meaningful patterns across cancerous and healthy tissues. In addition,
we use violin plots to compare the raw and imputed expression of
these marker genes (Fig. 2E). The plots show that DuaST-imputed
expression exhibits stronger enrichment within the expected spatial
domains and reduced spurious signal in unrelated regions.

Furthermore, we analyzed the E9.5 Mouse Embryo (E9.5) dataset
obtained using Stereo-seq technology, which comprised multiple
regions, such as the brain, heart, and liver, to further validate the
effectiveness of DuaST (Fig. 2B). The results revealed that spaGRA
failed to fully recognize the cavity region. In contrast, DuaST
demonstrated improved alignment with the annotations, particularly
within the liver region (Fig. 2F). Building on these findings, DuaST
demonstrated robust performance, accurately identifying multiple
organs and tissues and validating its effectiveness in spatial domain
recognition within complex tissue identification.

DuaST enables integrative multi-omics analysis using
quantitative assessment

We conducted quantitative evaluations on the HLN dataset generated
by 10x Visium technology that jointly profiles RNA and protein
expression, as well as the MB dataset combining RNA-seq and ATAC
modalities to integrate transcriptional and epigenomic landscapes
(Fig. 3A). Performance was assessed using classical clustering metrics
including MI, NMI, AMI, V-Measure, Completeness, ARI and FMI
for the HLN dataset with Hematoxylin & Eosin (H&E)-derived
ground-truth labels, while the silhouette coefficient (SC) and Davies-
Bouldin index (DB) was adopted for the MB dataset lacking reference
annotations. Specifically, in the HLN dataset, DuaST surpassed all
baseline methods across a wide range of clustering evaluation
metrics (Fig. 3B). Moreover, DuaST achieved 2.39% improvement in
SC values relative to SMMGCL in the MB dataset and obtained the
lowest DB values among all methods (Fig. 3D). The visualizations
in the spatial domains and uniform manifold approximation and
projection [42] further highlighted the effectiveness of DuaST,
showing clearer tissue boundaries and well-separated clusters
compared with baseline methods (Supplementary Figs S1 and S2).
Collectively, these results demonstrated that DuaST, leveraging its
dual-path architecture to capture both spatial expression patterns
and cross-omics complementarities, reliably extracts comprehensive
representations from spatial multi-omics data.

We further analyzed the MB dataset by separately visualizing RNA-
seq and ATAC-seq omics as reference maps (Fig. 3C). Based on these
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dataset.

references, DuaST not only recovered the major spatial structures
but also distinguished regions where RNA signals were present while
ATAC signals were absent, such as the upper-right area. These results
highlighted that DuaST, in the context of multi-omics integration, can
capture spatial differences that cannot be revealed by single-omics
alone.

DuaST facilitates identification of specific cell types
and regions within tissue

We evaluated cell-type composition on the MS dataset produced by
the SPOTS platform. The dataset contains RNA and protein features.
Based on a preliminary partition generated by SpatialGlue, the tis-
sue was categorized into five major cell types: T cells, B cells, RpM
(red pulp macrophages), MZM (marginal zone macrophages), and

MMM (marginal metallophilic macrophages). Cell-type identities were
assigned based on a combination of spatial patterns and established
protein markers.

While all methods accurately identified the RpM, PRAGA and
SMMGCL failed to delineate complete boundaries, resulting in
mixed regions, and SMMGCL merged MMM, B cells, and MZM into
overlapping clusters, obscuring their spatial separation. The spatial
visualization from DuaST showed that RpM occupied separate outer
regions, B cells were surrounded by T cells, and MMM and MZM
were mixed within and between RpM, showing a clear separation of
cell types achieved by DuaST (Fig. 4A). A heatmap of cluster-specific
proteins was generated to confirm the spatial segregation of cell types
observed in the previous analysis, including markers such as CD19
and F4 80 (Fig. 4B).
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Figure 5 Applied DuaST to the ZM 10x Visium dataset with two slices. (A) H&E images of ZM on Slices A and B. (B) Boxplots comparing Moran’s I values
on Slice A and Slice B. (C) Spatial expression patterns of the selected SVGs atp2a1 and ba1-1. (D) GO enrichment analysis for SVGs.

Next, for the HT tissue dataset, obtained using spatial-CITE-seq to
integrate RNA and protein features, we drew on [26] as a methodolog-
ical reference, partitioned the data into seven clusters, and explicitly
distinguished the germinal center (GC) light and dark zones. As shown
in Fig. 4C, DuaST produced clustering results with smoother spatial
continuity and stronger concordance with the tissue than PRAGA,
while SMMGCL failed to distinguish the GC light and dark zones. Col-
lectively, these results demonstrated the ability of DuaST to delineate
specific regions within tissue architectures.

DuaST supports detection of spatially variable genes

To assess the capability of DuaST in detecting SVGs, we analyzed
ZM slices #1 and #2 (Fig. 5A). Moran’s I values of SVGs detected by
each method were compared (Fig. 5B), showing that DuaST achieved
higher median Moran’s I values in Slice #1 and Slice #2 (0.55 for
both slices). Both SpaGCN and DuaST exhibited significantly higher
scores than SINFONIA and spatialDE, demonstrating the benefit of
incorporating spatial information. Specifically, DuaST outperformed
SpaGCN, highlighting the advantage of its dual-branch architecture in
jointly capturing spatial and non-spatial patterns for enhanced SVGs
identification.

Figure 5C illustrated the spatial distributions of SVGs selected by
DuaST, atp2al and bal — 1, across Slice #1 and Slice #2. These genes
showed consistent patterns of enrichment in the same regions across
the two slices, demonstrating their reproducibility across tissue sec-
tions. In addition, each gene was predominantly enriched in specific

regions, with a gradual decrease in expression toward surround-
ing areas, highlighting their spatial specificity. These results further
demonstrated that DuaST can effectively identify SVGs with spatial
pattern.

To elucidate the biological significance underlying SVGs identified
in ZM dataset, we performed Gene Ontology (GO) enrichment analysis.
Using slice #2 as an example, this analysis revealed significant associ-
ations with biological processes linked to striated and cardiac muscle
contraction, cGMP metabolism, and actin filament regulation (Fig. 5D).
These findings suggested that spatial heterogeneity in gene expres-
sion may reflect dynamic interactions between melanoma progres-
sion and cardiovascular/muscular systems, potentially mediated by
metabolic reprogramming or mechanical stress responses. These find-
ings tentatively suggested that spatial heterogeneity in gene expres-
sion may reflect dynamic interactions between melanoma progres-
sion and cardiovascular/muscular systems, potentially mediated by
metabolic reprogramming or mechanical stress responses. However,
given the neural crest origin of ZM cells—which retain developmental
plasticity toward multiple lineages including cardiac and skeletal
muscle precursors [43]—such enrichment could also arise from reac-
tivation of latent embryonic programs rather than direct tumor-tissue
crosstalk. The prominence of cardiac-related terms (e.g. GO:0060047,
G0:0048738) hinted at either tumor-induced perturbations in adjacent
tissues or model-specific features of zebrafish embryonic physiology.
Furthermore, enrichment of cGMP signaling pathways implied a role
for second messengers in modulating tumor microenvironmental
adaptations.
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Ablation study

To further investigate the mechanism of DuaST, we conducted a series
of ablation studies using the HBC dataset. Specifically, we removed the
AAM (w/o-AAM), the LGCM (w/0-LGCM), the ELBO of the spatial-aware
branch (w/o-SAB), and the AFM (w/0-AFM) to assess their individual
and combined contributions to model performance. In addition, we
further examined the effects of the local contrastive mechanism (wj/o-
LCM) and the global contrastive mechanism (w/o-GCM) individually
to better disentangle their complementary roles in the overall frame-
work.

As shown in Fig. 6, the AFM played a central role in integrating
dual-path information, as removing it (w/0-AFM) led to the most pro-
nounced reduction in ARI and NMI. This is because the AFM not only
aggregated complementary information from the two branches, but
also adaptively emphasizes their most informative features, making
the fused representation more discriminative. Other variants also
resulted in varying degrees of performance degradation, highlighting
the complementary importance of each module. The integration of
dual-branch synergistically enhanced DuaST’s ability to effectively
fuse spatial information with gene expression, improving its perfor-
mance in ST analysis.

Discussion and conclusion

DuaST provides a versatile and extensible framework for the analysis
of ST data. The framework collaboratively learns spatial and non-
spatial patterns via a dual-branch encoder and utilizes an AFM
to dynamically balance these complementary representations. Its
modular design permits the incorporation of additional omics
modalities, enabling both single-omics and multi-omics analyses
without requiring modifications to the underlying architecture. To
improve the quality of learned representations, DuaST integrates
contrastive and adversarial strategies that enhance embedding
consistency and domain alignment, which enables precise spatial
domain delineation. In addition, DuaST develops the SRS method for
identifying biologically meaningful SVGs, which explicitly integrates
both spatial and non-spatial dependencies to capture informative spa-
tial expression patterns. Comprehensive evaluations across diverse
ST platforms indicate that DuaST shows improved performance in
tasks such as SVGs identification and multi-omics integration. In the
future, we will also explore explicit modeling of spatial dependencies
in auxiliary modalities, in addition to more comprehensive integration
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and deeper exploitation of omics modalities, as well as model spatial-
temporal dynamics across multiple sections or time points to facilitate
inference of developmental or disease-associated processes.

Key Points

* We develop DuaST, a unified deep learning-based dual-branch
framework that simultaneously captures spatial and non-spatial
gene expression patterns.

® DuaST integrates complementary information across branches
using contrastive strategy, adversarial strategy, and attention strat-
egy to adaptively combine representations.

® By flexibly incorporating additional omics modalities into the non-
spatial branch, DuaST enables minimal yet effective multi-omics
integration while simultaneously supporting spatially variable gene
detection, without increasing model complexity.

® DuaST demonstrates superior performance across multiple spa-
tial transcriptomics datasets in spatial domain identification, SVG
detection, and multi-omics integration.
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