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ABSTRACT 

Despite enabling high-resolution mapping of gene expression within tissues, spatial transcriptomics (ST) still faces challenges in 
accurately segmenting spatial domains due to complex tissue architecture and limitations of current methods. Most approaches 
rely on local spatial priors, lack gene-level interpretability, and fall short in capturing structure-discriminative genes or long-range 
functional relationships, limiting their ability to resolve biologically meaningful architectures. We present Spatially Aware Gene 
selection and dual-view Embedding fusion (SAGE), a unified and reproducible framework for domain identification in spatial 
transcriptomics that combines topic-driven gene selection with dual-view embedding fusion to address these gaps. SAGE integrates 
non-negative matrix factorization (NMF)-based topic modeling with classifier-based importance scoring to identify highly spatially 
informative genes, and fuses a local expression graph with a topic-driven non-local graph via consensus refinement and contrastive 
graph representation learning to jointly learn spatial and functional embeddings. Evaluated on 34 real-world datasets, SAGE not 
only outperforms existing methods in clustering accuracy but also reveals functionally coherent regions and interpretable gene 
expression patterns. In case studies, SAGE reveals spatial heterogeneity associated with a pre-malignant activation state in human 
breast cancer. Moreover, in zebrafish melanoma, it refines the tumor–muscle interface into transcriptionally distinct subdomains 
and uncovers shared vascular signatures between anatomically separate tissues. Together, these results demonstrate that SAGE can 
be used not only for accurate spatial domain delineation across diverse ST platforms, but also for dissecting microenvironmental 
niches and long-range tissue interactions underlying disease progression. 

 

 

 

 

 

 

 

 

 

 

 

 

1 Introduction 

Spatial transcriptomics (ST) technologies have revolutionized our
understanding of the relationship between tissue architecture
and function by enabling the in situ resolution of gene expression
[ 1 ]. With continuous advances in imaging, sequencing (e.g., Seq-
Scope [ 2 ], Slide-tags [ 3 ], MERFISH [ 4 ], Slide-seq [ 5 ]), and tailored
computational methods [ 6 , 7 ], ST data have rapidly increased
in both resolution and scale, driving progress in fields such
This is an open access article under the terms of the Creative Commons Attribution License, which perm
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as developmental biology [ 8 ], neuroscience [ 9 ], and the tumor
microenvironment [ 10 ]. 

Spatial domain segmentation aims to identify regions within 
tissues that exhibit coherent structure and function, representing
a central task in ST [ 11 ]. However, due to the intrinsic complexity
of tissues and the heterogeneity of gene expression, achieving
high-precision delineation remains challenging [ 12 ]. Traditional 
single-cell clustering methods (e.g., Seurat [ 13 ], Louvain [ 14 ])
its use, distribution and reproduction in any medium, provided the original work is properly 

1 of 21

http://www.advancedscience.com
https://doi.org/10.1002/advs.202520333
https://orcid.org/0009-0003-2741-7914
mailto:shaokaiwang@ust.hk
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1002/advs.202520333


 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

v
 

 

 

 

 

 

 

 

v

 

 

 

 

 

 

 

 

disregard spatial context, which frequently leads to fragmented
domain assignments. To address this issue, researchers have
developed spatial-aware clustering methods. Statistical modeling-
based approaches (e.g., HMRF [ 15 ], BayesSpace [ 16 ], and BASS
[ 17 ]) incorporate spatial priors to enforce clustering continuity,
but their underlying assumptions can be easily violated in highly
heterogeneous tissues [ 18 ], compromising both generalizability
and accuracy [ 19 ]. In contrast, deep learning-enhanced methods
[ 20–30 ] leverage the powerful nonlinear modeling capacity of
neural networks, demonstrating greater potential in learning
complex relationships between gene expression and spatial
context. 

Despite these advances, three fundamental challenges persist in
spatial domain segmentation. First, capturing functionally rele-
vant but spatially distant region relationships remains difficult
[ 20 ]. In many biological contexts, such as tissue development or
disease progression, functionally related cells or tissue regions
are not necessarily adjacent. This non-locality poses a fundamen-
tal difficulty for spatial domain segmentation. However, most
methods, including representative graph-based approaches such
as STAGATE [ 22 ], GraphST [ 23 ] and SpaGCN [ 25 ], rely on single-
view or integrated graphs constructed primarily from spatial
proximity, which effectively encodes local spatial continuity but
limits the ability to model long-range functional associations
[ 21 , 22 ]. As a result, functionally coherent but spatially dis-
persed regions may be incorrectly partitioned. Furthermore, the
over-smoothing effect introduced by local spatial information
aggregation tends to blur spatial heterogeneity, thereby limiting
the accuracy of boundary delineation [ 23 , 24 ]. 

Second, decoupling gene selection from spatial domain iden-
tification hinders the identification of structure-discriminative
genes, including low-abundance but biologically essential mark-
ers that define spatially distinct regions [ 31 , 32 ]. Traditional
gene selection strategies often rely on a single global variability
metric, which fails to capture expression patterns tightly linked
to spatial architecture. While highly variable genes (HVGs) reflect
global expression variation, they ignore spatial context; spatially
variable genes (SVGs) consider spatial location but are prone to
noise and sampling bias, risking the omission of critical markers.
As a result, key structure-discriminative genes may be missed,
compromising both spatial domain delineation and downstream
biological interpretation. 

Third, most methods [ 20–30 ] such as graph neural networks
(GNNs) and variational autoencoders, lack sufficient inter-
pretability in identifying spatial domains within tissues. Due to
their inherently ‘black-box’ nature, these models typically require
post hoc analyses (e.g., differential gene expression profiling)
to derive biological insights from the latent embeddings. Such
indirect strategies obscure the contribution of individual genes to
spatial patterning and cellular heterogeneity, limiting the ability
to uncover gene regulatory mechanisms or cell–cell interactions
in situ. Consequently, the biological relevance and mechanistic
insight of such analyses are often diminished, underscoring
the pressing need for inherently interpretable models in spatial
transcriptomics. 

Recent advancements in model design for optimizing inter-
pretability have shown great promise. For example, GASTON [ 33 ]
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introduces interpretable hidden layers (isodepth) combined with 
gradient-based analysis to highlight gene-level contributions to 
spatial domains, while STAMP [ 34 ] incorporates interpretable
modules to identify key genes driving spatial heterogeneity. 
However, these designs neither address the challenge of modeling
spatially distant but functionally related regions, nor consider the
limitations introduced by conventional gene selection strategies, 
which often fail to capture the complexity of spatially dispersed
gene expression. 

To address these challenges, we propose SAGE (Spatially Aware
Gene selection and dual-view Embedding fusion), a unified 
framework that combines task-directed gene selection with dual- 
iew graph representation learning for spatial domain identifica- 
tion. Rather than relying solely on global variability metrics (e.g.,
HVGs or SVGs), SAGE emphasizes the contribution of structure-
discriminative genes to enhance spatial segmentation accuracy. 
SAGE introduces an innovative non-negative matrix factoriza- 
tion (NMF)-based topic modeling stage coupled with classifier-
driven importance scoring to identify topic-specific genes (TSGs)
that are both interpretable and highly discriminative of spatial
domains. To capture complementary spatial and functional rela- 
tionships, SAGE constructs a dual-view graph consisting of a local
expression k -NN graph and a topic-driven non-local graph and
introduces a consensus-frequency filtering mechanism to refine 
graph topology, enhancing long-range connectivity and reducing 
boundary noise. Finally, SAGE introduces a tailored contrastive 
graph representation learning scheme [ 35 ] that performs dual-
iew embedding fusion, strengthens cross-view consistency, and 
mitigates false positives arising from naive negative sampling. 
By learning joint spatial–functional representations, SAGE maps 
each domain to topic-specific gene programs, directly uncover- 
ing the gene-level signatures and functional drivers of spatial
organization. 

Through comprehensive benchmarking on 34 real-world spa- 
tial transcriptomics datasets [ 36 ], SAGE demonstrates superior
performance in both spatial domain identification accuracy 
and biological interpretability, outperforming existing methods. 
In various biological contexts such as the human dorsolateral
prefrontal cortex (DLPFC), mouse brain, and tumor tissue, SAGE
accurately reconstructs spatial tissue architecture. In particu- 
lar, in human breast cancer dataset, SAGE identifies a spatial
transcriptomic signature of a “pre-malignant activation” state 
within histologically normal tissue. In zebrafish melanoma, 
SAGE deconstruct the tumor-invasive front into two functionally 
distinct domains, revealing a structured interplay between pro- 
invasive and host-response programs. These findings establish 
that SAGE is not merely a clustering tool but a discovery
engine, capable of revealing new biological principles of spatial
organization in development and disease. 

2 Results 

2.1 Overview of SAGE Workflow 

As illustrated in Figure 1 , SAGE comprises two tightly integrated
components: a gene selection module for identifying spatially 
informative features, and a dual-view graph neural network 
(GNN) for spatial representation learning. By integrating spatial 
Advanced Science, 2026



FIGURE 1 Overview of the SAGE framework. (a) SAGE takes spatial transcriptomics (ST) data as input, integrating gene expression profiles 
with spatial coordinates. It performs consensus clustering to generate initial pseudo-labels Linit and applies non-negative matrix factorization (NMF) 
to extract topic distributions Z and topic-specific gene weights H . Spatially informative topics are then identified using a random forest classifier, 
and the corresponding topic-specific genes (TSGs) are selected. These are combined with highly variable genes (HVGs) to form the final set of high 
spatial-specificity genes (HSGs). (b) Using spatial coordinates, the consensus matrix (encoding spot–spot similarity across clustering iterations), and 
the expression matrix XHSG , SAGE constructs two complementary graphs: a spatial-based adjacency graph (SAG) and a feature-based adjacency graph 
(FAG). These graphs are used to learn dual-view embeddings, which are integrated via a self-attention mechanism to generate a biologically meaningful 
low-dimensional representation. (c) The final embedding supports various downstream analyses, including spatial domain recognition, gene pattern 
recognition, and marker gene identification. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

statistics with topic modeling, SAGE captures both local spatial
continuity and long-range transcriptomic similarity, enabling
accurate domain segmentation and functional gene discovery. 

In the gene selection stage, SAGE adopts a hybrid filtering
strategy that combines globally variable genes (HVGs) with
topic-specific genes (TSGs) derived from NMF. NMF decom-
poses the gene expression matrix X into a spot-topic matrix Z
and a topic-gene matrix H , representing spatial topic distribu-
tions and gene contributions, respectively. SAGE first performs
multi-resolution clustering on the gene expression matrix X
Advanced Science, 2026
to generate preliminary spatial labels Linit . Then, it evaluates
each topic’s spatial relevance by training a random forest
classifier on these preliminary labels and using its feature-
importance scores to rank topics. Topics with high importance
scores are considered spatially informative, and their top-ranked 
genes in the topic-gene matrix H are selected as TSGs. In
parallel, HVGs are identified through mean–variance analy- 
sis and subsequently refined by dual filtering based on their
topic-ranking positions and spatial autocorrelation metrics (e.g., 
Moran’s I ), thereby excluding genes that are non-topic-specific
or noisy. The final set of high spatial-specificity genes (HSGs)
3 of 21



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

is constructed by merging high-confidence HVGs with TSGs
(Figure 1a ). 

To integrate spatial and functional relationships, SAGE builds two
complementary graphs: a spatial-based adjacency graph (SAG)
based on k -nearest neighbors in physical space, and a feature-
based adjacency graph (FAG) based on cosine similarity between
spots’ topic distributions (Figure 1b ). Both graphs are further
refined through a consensus-based optimization to eliminate
unreliable edges and enhance consistent ones, ensuring robust
graph structure. The spatial and feature graphs, together with
the HSG-derived feature matrix XHSG extracted from the original
topic matrix X , are fed into a dual-branch graph neural network
(DGNN). Each branch processes one graph view using dedicated
GCN layers, yielding two embeddings 𝐸(𝑣1 ) and 𝐸(𝑣2 ) , which
are then fused via trainable attention weights ( α ∈ [0,1]) to
produce the final representation 𝐸(𝑣𝑎𝑡𝑡 ) . A joint objective combines
reconstruction losses for both graphs with a SwAV [ 35 ] (Swapping
Assignments between multiple Views) -based contrastive loss
to enhance clustering consistency across views and improve
representation discriminability. SAGE supports multiple down-
stream analyses, including spatial domain segmentation, gene
co-expression pattern detection, and marker gene identifica-
tion (Figure 1c ). The complete SAGE pipeline is illustrated in
Figure 1 , with detailed methodological descriptions provided in
the “Methods” section. 

2.2 Benchmarking Domain Segmentation 

Performance 

To comprehensively evaluate the performance of SAGE, we
benchmarked it against 16 representative methods, building on
benchmarking results previously reported by Yuan et al. [ 36 ].
and further including 3 recently proposed approaches, such as
GASTON [ 33 ], STAMP [ 34 ] and PROST [ 37 ], These competing
methods span traditional clustering algorithms (e.g., Leiden,
Louvain), statistical modeling-based methods (e.g., BayesSpace,
BASS), and deep learning-enhanced methods (e.g., GraphST,
STAGATE, PROST, GASTON), as well as a topic model–based
method (STAMP). All methods aim to identify biologically
meaningful spatial domains across 34 real-world ST datasets
encompassing seven major ST technologies (Figure 2b ), with
dataset details provided in Tables S1 and S2 . 

This study conducted a comprehensive evaluation using eight
metrics across three categories: accuracy (NMI, HOM, COM),
continuity (CHAOS, PAS, ASW), and marker score (Moran’s I ,
Geary’s C). Instead of using raw metric values, we adopted a rank-
based scoring scheme, in which each method’s performance was
ranked across all methods for each metric, and the ranks were
used to compute aggregated scores—higher scores indicate better
relative performance. This approach is consistent with previous
benchmark analyses [ 36 ]. 

For a given metric i , we define ranki as the rank-based score of
a method on a single dataset. Then, 𝑟 𝑎 𝑛𝑘𝑖 denotes the average of
ranki across all datasets (e.g., rankNMI , 𝑟 𝑎 𝑛𝑘NMI ). The final rank-
ing was determined by averaging the rank-based scores across
the three accuracy-related metrics (NMI, HOM, and COM). We
refer to this average score as Overallaccuracy . Similarly, we compute
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Overallcontinuity by averaging the rank-based scores of CHAOS, 
PAS, and ASW, and Overallmarker by averaging those of Moran’s
I and Geary’s C. Details of the rank-based score calculations
are provided in the “Methods” section. Figures S1–S14 provide a
comprehensive overview of the performance across all datasets
based on eight evaluation metrics, as well as the spatial domain
identification results produced by SAGE for each dataset. 

The overall evaluation demonstrates that SAGE achieves more 
accurate segmentation compared to other methods (ranked 1 
in Overallaccuracy : 0.94), outperforming the second-best (BASS: 
0.72) and third-best (PROST: 0.69) by 30.56% and 36.23%, respec-
tively (Figure 2a ; Tables S3 –S9 ). Among the 34 datasets, SAGE
ranks first in Overallaccuracy in 24 datasets. For instance, On the
DLPFC dataset [ 38 ] (10x Visium, Figures S1 and S2 ), SAGE
accurately recapitulates the expected cortical lamination archi- 
tecture and achieves the highest performance in accuracy metrics
( 𝑟 𝑎 𝑛𝑘𝑁 𝑀 𝐼 = 0.97, 𝑟 𝑎 𝑛𝑘𝐻𝑂𝑀 

= 0.91, 𝑟 𝑎 𝑛𝑘𝐶𝑂𝑀 

= 0.95). Compared to
the second-best method (GraphST: 𝑟 𝑎 𝑛𝑘𝑁 𝑀 𝐼 = 0.73, 𝑟 𝑎 𝑛𝑘𝐻𝑂𝑀 

= 

0.67, 𝑟 𝑎 𝑛𝑘𝐶𝑂𝑀 

= 0.66), SAGE demonstrates improvements of 
33.09%, 35.00%, and 23.16%, respectively. In terms of marker gene
detection, SAGE identifies spatially informative marker genes 
with stronger spatial specificity (ranked 1 in Overallmarker : 0.83),
outperforming the second-best (PROST: 0.69) and third-best 
(STAGATE: 0.62) by 20.29% and 33.87%, respectively. Specifically, 
SAGE ranks within the top three in Overallmarker in 26 datasets. In
continuity evaluation, SAGE ranks fifth ( Overallcontinuity : 0.69), and
places within the top 5 in 24 out of 34 datasets, indicating stable
spatial coherence despite its emphasis on boundary. 

During the evaluation, we observe that certain methods exhibit
biases in performances across datasets generated by different 
ST technologies and lack generalizability. Although GraphST 
performs well on the DLPFC dataset (10x Visium, ranked 2 in
rankNMI ), its performance drops significantly on the imaging- 
based mouse hypothalamus dataset (MERFISH, ranked 6 in 
rankNMI ). On the mouse embryo dataset (Stereo-Seq), SCAN- 
IT ranks first in continuity assessment (ranked 1 in rankASW 

)
but performs poorly in accuracy (ranked 7 in rankNMI ). This
may be attributed to the heavy reliance of SCAN-IT on spatial
information, which makes it difficult to accurately model the
heterogeneous tissue structures of the mouse embryo (Figures
S3 and S4 ). Methods like CCST and SpaGCN show similar
inconsistencies, performing well on certain datasets but dropping 
steeply on others. 

By contrast, SAGE maintains a more consistent balance between
accuracy, continuity, and marker-based performance across all 
datasets. It consistently achieves high accuracy, particularly 
excelling in topologically complex tissues such as the mouse
embryo (ranked 1 in rankNMI ). Consistent with this behavior,
SAGE attains the highest Total score (2.45) among all 17 meth-
ods, where the Total score is defined as the sum of the three
category-wise mean rank-based scores (Total = Overallaccuracy + 

Overallcontinuity + Overallmarker , Table S22 ). Although SAGE does 
not rank first in Overallcontinuity , it remains within the top five
while clearly leading in accuracy and marker identification, 
reflecting the intended trade-off between preserving sharp, bio- 
logically meaningful boundaries and maintaining spatial coher- 
ence. To quantify performance stability, we calculate the standard
deviation of ranking scores for each method across different
Advanced Science, 2026



FIGURE 2 Benchmarking SAGE against 16 representative methods across 34 ST datasets. (a) Overview of the 16 evaluated methods, including 
their implementation platforms (Python or R) and whether they support context-aware representations (“Repr.”: A smiling face for supported, a neutral 
face for not). Evaluation includes eight metrics across three categories: accuracy (NMI, HOM, COM), continuity (CHAOS, PAS, ASW), and marker 
identification (Moran’s I, Geary’s C). Each bar represents the median rank-based score across 34 datasets; dots indicate individual dataset scores. Methods 
are ordered by descending Overallaccuracy , computed as the average rank score of NMI, HOM, and COM. Details of the rank-based scores calculations 
are provided in the “Methods” section. (b) Summary of datasets used in the benchmark, including the number of subsets, spatial resolution, average 
spots/cells count, average gene count, and matrix sparsity. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ST platforms (Figure S15 ; Table S23 ). Lower standard devia-
tions indicate more consistent performance across platforms.
SAGE demonstrates the highest robustness, with low variance
across accuracy-related metrics ( σ ( NMI ) = 0.04, σ ( HOM ) = 0.10,
σ ( COM ) = 0.08; where σ denotes the standard deviation). In
comparison, methods such as BASS ( σ ( NMI ) = 0.18, σ ( HOM ) =
0.17, σ ( COM ) = 0.18) and PROST ( σ ( NMI ) = 0.15, σ ( HOM ) =
0.15, σ ( COM ) = 0.15) show much higher standard deviations,
indicating inconsistent cross-platform performance. For instance,
BASS performs well on the mouse primary cortex dataset
(BaristaSeq) but poorly on the mouse embryo dataset (Stereo-
seq), conversely, while PROST achieves better performance on
the mouse somatosensory cortex dataset (osmFISH) but ranks
low on hypothalamic preoptic region dataset (MERFISH, Figure
S7 ). Overall, SAGE exhibits both high accuracy and strong
generalizability across diverse spatial transcriptomics platforms,
highlighting its suitability for broad biological applications. 

2.3 SAGE Effectively Resolves Cortical Layer 
Organization in DLPFC With High Accuracy 

To further investigate the performance of SAGE in spatial domain
segmentation, we use the DLPFC dataset as a representative
example for detailed visualization and comparative analysis. The
Advanced Science, 2026
dataset comprises 12 tissue sections from three donors and is
widely recognized as the gold standard for evaluating spatial
clustering methods. We use the manual annotations provided by
Maynard et al. [ 38 ]. as ground truth, which are based on tissue
morphology and marker gene expression. 

As shown in Figure 3a and Figures S1 and S2 , SAGE achieves the
highest accuracy performance across the 12 tissue slices (median
NMI = 0.71, median HOM = 0.72, median COM = 0.71), outper-
forming the second-best methods GraphST (median NMI = 0.62),
SpaceFlow (median HOM = 0.67), and SEDR (median COM =
0.69) by 14.75%, 7.46%, and 2.9%, respectively (Figure 3a ; Table
S24 ). Additionally, SAGE achieves top performance in continuity
and marker gene detection metrics (ranked 1 in median CHAOS,
ranked 3 in median MRI), further demonstrating its broad
applicability in resolving the structured laminar organization of 
the cerebral cortex across multiple tissue slices. 

To further compare the spatial domain interpretation capabilities 
of different methods, we select the top 5 methods support-
ing embedded visualization based on NMI ranking (GraphST, 
PROST, SCAN-IT, stLearn, SEDR). The results reveal (Figures
S16–S27 ) that the spatial domains identified by SAGE are highly
consistent with both the manual annotations and the established
anatomical definitions of cortical layers in neuroscience. We use
5 of 21



FIGURE 3 Enhanced identification of spatial domains and HSGs in DLPFC using SAGE. (a) The boxplot summarizes the benchmark performance 
of SAGE (highlighted with a yellow background) compared to 16 representative methods, including metrics for accuracy (NMI, HOM, COM), continuity 
(CHAO), and marker score (MRI). The boxplot’s center line, box limits, and whiskers denote the median, upper and lower quartiles, and 1.5 × interquartile 
range, respectively. (b) Comparison of manual annotations (left, provided by Maynard et al.) and SAGE-inferred spatial domains (right) for section 151673. 
(c) Comparison of UMAP visualizations and trajectory inference by SAGE (left, DB = 2.18) and GraphST (right, DB = 3.7) for section 151673. (d) Spatial 
gradient of seven expression topics from WM to L1, with top marker genes and their significance (z-scores) shown below. (e) The gene expression 
heatmap identified by SAGE highlights distinct spatial localization features. (e.g., MBP in WM). (f) Bar plots comparing three gene selection strategies 
(random, HVGs and HSGs), where SAGE-derived HSGs significantly improve downstream performance ( p < 0.01, two-sided t -test). 

 

 

 

 

 

 

 

 

 

the representative tissue slice #151673 as an example. Figure 3b
compares manual annotation with the results produced by SAGE
and results from other methods are provided in Figure S24 . In
terms of cortical layer boundary segmentation, SEDR (NMI =
0.57) and PROST (NMI = 0.46) identify only partial cortical layers
and white matter (WM), without distinguishing clear boundaries
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between layers L1–L6. stLearn (NMI = 0.40) detects only limited
boundaries, such as between L1–L2 and WM–L6, while other
domain boundaries remain poorly resolved. SCAN-IT (NMI = 

0.68) identifies relatively smooth cortical layer boundaries but 
shows notable discrepancies compared with manual annotations. 
GraphST (NMI = 0.73) erroneously merges L3 and L4. In contrast,
Advanced Science, 2026



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

SAGE (NMI = 0.75) not only achieves precise delineation of
cortical layers L1–L6 and WM but also accurately reconstructs
the boundary structures between these layers. Its results are
highly consistent with manual annotations and demonstrate
superior performance in preserving boundary continuity and
spatial proportions compared to other methods [ 39 ]. 

We further evaluate the quality and interpretability of the low-
dimensional embeddings using Uniform Manifold Approxima-
tion and Projection (UMAP) and Partition-based Graph Abstrac-
tion (PAGA) trajectory inference (Figure 3c ; Figure S24d,e ). To
assess cluster separability, we calculate the Davies-Bouldin (DB)
index on the UMAP embeddings, where lower values indicate
better-defined and more distinct cortical layers. SAGE (DB =
2.18) demonstrates superior inter-layer separation compared to
GraphST (DB = 3.7), which can be attributed to its improved
modeling of topological structures. We then assess biological
interpretability by projecting PAGA-inferred pseudotime onto the
original spatial coordinates. The pseudotime ordering derived
from SAGE closely aligns with known cortical anatomy, progress-
ing from the inner L6 layer near the white matter (WM) to the
outer L1 layer adjacent to the pia mater. This spatial trajectory
reflects the classical “inside-out” pattern of cortical development,
highlighting SAGE’s capacity to capture biologically meaningful
spatiotemporal organization. 

To assess the biological interpretability of the spatial domains
identified by SAGE, we analyze the gene co-expression topics
uncovered by the model. SAGE identifies seven distinct topics
that exhibit strong correspondence with the known laminar
structure of the DLPFC, as confirmed by manual annotations
from the original study (Figure 3d ). To further validate the
biological relevance of these topics, we examine the spatial
expression of well-established cortical layer marker genes. Here,
the z-score quantifies the importance of each gene within its
associated topic (Methods). Notably, genes such as MOBP (z-
score = 12.22), PCP4 (z-score = 19.88), PVALB (z-score = 11.28),
NEFM (z-score = 11.31), and HPCAL1 (z-score = 12.34) display
distinct laminar-specific expression patterns. These marker–topic
associations are consistent with well-established biological roles
of these genes in cortical lamination: MOBP [ 40 ] marks myelin
structure and white matter (WM); PCP4 [ 41 ] is enriched in
deep-layer (L5–L6) corticothalamic neurons; PVALB [ 42 ] is a
canonical marker of fast-spiking inhibitory interneurons; NEFM
[ 43 ] labels mature cortical projection neurons with promi-
nent expression in deep layers in our data; and HPCAL1 [ 44 ]
is enriched in superficial (L2/3) and L6b excitatory neurons
(Data S1 ). 

In addition, functional enrichment analysis of the slice shows that
different spatial domains exhibit distinct enrichment patterns in
KEGG and GO pathways, with domain 5 being highly enriched in
protein synthesis, energy metabolism, neurodegenerative disease
pathways, and synaptic signaling, supporting its correspondence
to deep-layer neurons (L5–L6) in the DLPFC (Figures S28 and
S29 ; Datas S2–S4 ). Most of these genes rank among the top genes
within their respective topics (marker list in Table S25 ), with 6
genes ranking in the top 10, underscoring the biological validity
of the learned topics. In addition, the heatmap in Figure 3e high-
lights the accuracy of SAGE in resolving anatomically meaningful
cortical domains. 
Advanced Science, 2026
Finally, we perform an ablation study to compare clustering
performance using HSGs, HVGs, or random genes as input. The
evaluation is carried out on 12 tissue slices from the DLPFC
dataset, using NMI and MRI as the evaluation metrics. HSGs
achieve the best clustering results (mean NMI = 0.70, mean MRI
= 0.03), outperforming HVGs (mean NMI = 0.62, mean MRI =
0.02) by 12.9% and 18.5%, respectively (Figure 3f ; Table S26 ), and
cross-slice analysis (Figures S30–S32 ; Table S27 ; Data S5 ) shows
that SAGE-selected TSGs maintain consistent spatial patterns 
across adjacent slices. These results highlight both the superior
structural consistency and spatial resolution provided by HSGs, 
reinforcing their biological relevance and functional significance 
within the SAGE framework. 

2.4 SAGE Precisely Identifies the Hierarchical 
Structure and Functional Regions of the Mouse 
Brain 

The mouse brain presents a more complex and fine-grained
anatomical structure. To assess the generalization capability and 
robustness of SAGE in capturing such intricate tissue structures
[ 45 ], we validate its output against the Allen Mouse Brain Atlas
[ 46 ] (Figure 4a ). The experiment includes three tissue slices: an
anterior brain sagittal slice, a posterior brain sagittal slice, and
a coronal slice. First, we integrate the anterior and posterior
sagittal slices to assess the continuity of gene expression and
structural consistency, particularly at slice junctions. We then 
compare SAGE with eight methods (PROST, GraphST, SEDR, 
stLearn, SpaGCN, SCAN-IT, STAGATE, and STAIG), using a fixed 
number of clusters ( n = 26) for all approaches, based on prior
knowledge of the tissue structure and to match the settings used
in the SpaGCN and GraphST [ 23 , 25 ]. 

The results (Figure 4b,c ) show that SAGE accurately identifies the
hierarchical structure of the cerebellar cortex (CBX), including 
the granular layer, Purkinje cell layer, and molecular layer,
which closely aligns with the Allen atlas [ 46 ]. Notably, SAGE
leverages its long-range enhancement capability to accurately 
resolve the dorsal and ventral hippocampal formations. It assigns
CA1–CA3 to domain 22 and DG to domain 5, maintaining
anatomical continuity despite their discontinuity in 2D sections
[ 47 ]. In contrast, methods such as SEDR, stLearn, SpaGCN, and
PROST suffer from cluster mixing near the CA–DG interface,
failing to resolve blurred anatomical boundaries. While SCAN-IT, 
STAGATE, and STAIG produce smoother domains, their results
deviate from the actual tissue architecture (Figure 4b ; Figure
S33 ). GraphST achieves reasonable alignment at the junction
of anterior and posterior slices; however, it fails to accurately
delineate the layered architecture of the CBX. 

Additionally, SAGE further supports and interprets the domain 
segmentation results via gene co-expression topics (Figure 4d ;
Figure S34 ). It generates a clear embedding structure that effec-
tively identifies the layered architecture of the cerebral cortex
(CTX), hippocampus regions (CA and DG), and the three-layer
structure of CBX, each aligned with specific topics. By analyzing
gene contributions to each topic (Data S6 ), SAGE detects multiple
established marker genes. For instance, in the cerebellum, it iden-
tifies Gabra6 (GCL, z-score = 8.66), which encodes a GABA_A
receptor subunit specifically expressed in granule cells; Grid2 
7 of 21



FIGURE 4 Accurate identification of the mouse brain cortical and hippocampal spatial structures using SAGE. (a) H&E-stained images of the 
mouse forebrain and hindbrain. The black box marks the hippocampal region (CA and DG), and the red box marks the cerebellar cortical layers. 
Anatomical annotations from the Allen Brain Atlas are shown below. (b) Spatial structure identification by SAGE, GraphST, and PROST on the 
corresponding brain sections (right), with the structural category legend (left). (c) SAGE accurately identifies the three-layer cortical structure of the 
cerebellum (domains 17, 21, and 26), and the dorsal and ventral hippocampal regions (domains 5 and 22). (d) Six representative spatial expression 
patterns identified by SAGE (top), including three from cortical regions (CTX) and three from cerebellar regions (CBX), along with top-weight marker 
genes and their z-scores for each topic (bottom). (e) Sagittal section of the mouse forebrain, showing H&E-stained images (upper left), spatial structure 
identification by SAGE (upper right), and comparison with eight other methods using ARI and NMI metrics (bottom). (f) Coronal section of the mouse 
hippocampus stained with H&E, annotated with CA1–CA3, and DG-sg regions (left). The clustering results of SAGE and five comparison methods in 
the hippocampal region (right). 
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(PCL, z-score = 7.57), a glutamate receptor subtype widely used
to label Purkinje cells; and Pvalb (ML, z-score = 16.69), which
encodes a calcium-binding protein predominantly expressed in
inhibitory interneurons of the molecular layer. 

In the CTX, SAGE also identifies layer-specific genes, including
Cux2 (L2/3, z-score = 3.01), a known marker of superficial exci-
tatory neurons; Fezf2 (L5, z-score = 4.61), a transcription factor
critical for pyramidal neuron development and predominantly
expressed in layer 5; and Tle4 (L6, z-score = 8.66), a well-
established marker of deep-layer neurons in layer 6. Notably,
SAGE identifies two atypical specific expression genes for the
Purkinje layer: Car8 (z-score = 16.8) and Fam107b (z-score = 7.59).
Although Car8 lacks enzymatic activity, it is highly expressed in
Purkinje cells and functions as a calcium signaling modulator,
suggesting a potential role in synaptic regulation [ 48 ]. Fam107b
shows restricted spatial enrichment in the Purkinje layer, and its
expression pattern reflects underlying molecular heterogeneity
within this neuronal population [ 49 ]. These results demon-
strate SAGE’s ability to resolve both anatomical boundaries and
molecular heterogeneity. (Figure S34d ; Data S6 ) 

Finally, as a complementary analysis, we perform spatial domain
analysis separately on the mouse forebrain and hindbrain slices,
aiming to resolve finer anatomical structures by increasing the
number of clusters. For the forebrain slice, we use the 52 manually
annotated labels provided by Long et al. [ 23 ]. as reference
(Figure 4e ; Figure S35c ), and evaluate performance using ARI
and NMI. SAGE achieves the highest scores on both metrics (ARI
= 0.429, NMI = 0.731), accurately delineating layered cortical
structures in both the forebrain and the hindbrain (Figure S35d,c ).
It also faithfully identifies key regions such as the main olfactory
bulb (MOB), caudoputamen (CP), and nucleus accumbens (ACB)
[ 50 ]. Compared with the Allen Brain Atlas, the spatial domains
inferred by SAGE show greater anatomical consistency. 

We further evaluate the capacity of each method to resolve fine-
grained hippocampal architecture in the coronal slice, using a
fixed number of clusters ( n = 15), guided by anatomical atlas-
based annotations (Figure 4f ). This choice ensures consistency
with prior anatomical knowledge while allowing fair comparison
across methods. SEDR fails to recover a coherent hippocam-
pal structure, and SCAN-IT only outlines coarse boundaries.
SpaGCN, PROST, and STAIG all merge the CA and DG into a
single domain. STAGATE identifies CA1 but merges CA2, CA3,
and DG. Both SAGE and GraphST distinguish CA1, CA2&CA3,
and DG; however, SAGE achieves finer-grained delineation,
with thinner, more precise domain boundaries that closely
match histological structures, whereas GraphST produces coarser
boundaries (Figure 4f ). These results further highlight SAGE’s
superiority in resolving complex brain architectures. 

2.5 SAGE Reveals the Spatial Heterogeneity 
Associated with Early Oncogenesis in Breast Cancer 
Tissue 

The progression of ductal carcinoma in situ (DCIS) to invasive
ductal carcinoma (IDC) is a critical event in breast cancer, yet the
Advanced Science, 2026
spatial transcriptomic programs and microenvironmental context 
that orchestrate this transition remain poorly resolved [ 51 ]. A
key challenge lies in the intrinsic heterogeneity of DCIS and the
difficulty in identifying subtle, pre-malignant changes within his-
tologically normal-appearing tissue [ 52 ]. Conventional histology, 
while foundational, offers limited molecular insight. To uncover 
the hidden spatial heterogeneity and molecular dynamics at the
tumor-normal interface, we applied SAGE to a human breast
cancer dataset [ 23 ]. We adopt the manual annotation provided by
Fu et al. [ 19 ] to support evaluation. Based on H&E-stained images,
pathologists delineate 20 tissue domains (Figure 5a ), further
grouped into four main morphology categories (Figure 5b ):
ductal/lobular carcinoma in situ (DCIS/LCIS), invasive ductal 
carcinoma (IDC), normal tissue (Healthy), and tumor edge. These
annotations serve as spatial priors essential for evaluating tumor
heterogeneity and method performance. 

We compare SAGE with eight benchmark methods, evaluate 
clustering accuracy using ARI and NMI, and visualize the
performance of each method (Figure 5c ; Figure S37c ). Among
all methods, SAGE achieves the best performance (ARI = 0.64,
NMI = 0.70), improving by approximately 14.33% over the second-
best SpaGCN (ARI = 0.56) and 1.48% over PROST (NMI =
0.69), respectively. SAGE accurately delineates regions of IDC 

and DCIS/LCIS, aligning well with expert annotations. In con-
trast, the clustering results of stLearn, SpaGCN, STAGATE, and
GraphST exhibit spatial fragmentation and fail to resolve the
tumor edge. While SEDR, SCAN-IT, and PROST exhibit relatively
high spatial consistency, their results still show considerable 
deviations from the manually annotated tumor boundaries. For 
example, SCAN-IT shows over-clustering in IDC_4, while PROST 
displays a similar issue in IDC_6. 

Using SAGE’s integrated analysis, we identify two key layers
of spatial heterogeneity with potential biological and clinical 
significance (Figure 5d ; Figure S38c ; Data S7 ). First, within
DCIS/LCIS regions, a distinct transcriptomic module (Topic 
13) is active in subtypes 1, 2, and 5 but absent in subtype 4.
This module is defined by concurrent upregulation of TFF1
(luminal), KRT6B (basal), and SERPINA3 (microenvironmental 
regulator), revealing a luminal–basal hybrid phenotype that 
has not previously been resolved in situ. The presence of this
hybrid program, together with pro-invasive signals, suggests that 
these DCIS subtypes represent a transcriptionally “primed” state 
with higher propensity for progression [ 53 ], whereas subtype 4
appears more indolent. Second, SAGE dissects the pathologist-
annotated “Healthy_1” tissue into two sub-clusters (Cluster 
14: 156 spots; Cluster 7: 230 spots; Figure 4e ), one of which
(Cluster 14) shows pronounced signatures of extracellular matrix 
(ECM) remodeling ( COL1A1 , COL1A2 , BGN ) and mesenchymal
transition—hallmarks of an activated precancerous niche embed- 
ded within morphologically normal tissue [ 54 ] (Datas S8 –S10 ).
This cryptic structure is uniquely detectable by SAGE due to
its sensitivity to subtle, coordinated gene-expression patterns 
that other methods obscure. Together, these findings provide 
spatial evidence of hybrid phenotypes within DCIS and reveal a
hidden precancerous microenvironment in histologically normal 
regions, offering fresh insight into the earliest stages of breast
cancer evolution. 
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FIGURE 5 Uncovering intra-tumoral heterogeneity in human breast cancer tissue using SAGE. (a) 10x Visium ST data of breast cancer sample 
with pathologist annotations, including IDC, DCIS/LCIS, tumor margins, and healthy tissue. (b) H&E-stained image with manually labeled regions. (c) 
Clustering results from SAGE, stLearn, SCAN-IT, GraphST, and PROST, evaluated by ARI and NMI. Additional comparisons are provided in Figure S37 . 
(d) Seven spatial gene expression topics identified by SAGE (top), along with representative marker genes and their corresponding z-scores (bottom). 
Additional patterns are shown in Figure S38 . (e) SAGE further resolves the annotated Healthy_1 region into two spatial subclusters, corresponding to 
domain 14 (156 spots) and domain 7 (230 spots). (f) Volcano plot showing differential gene expression (DGE) analysis between domain 14 and domain 
7. Each dot represents a gene, with the x-axis indicating log2 fold change and the y-axis representing –log10 p vals_adj. (|log2FC| > 1 and FDR < 0.001, 
Wilcoxon test). (g) Violin plots and spatial expression of selected DEGs ( COL1A1 , COL1A2 , VIM , TIMP1 , BGN ). (h) Functional enrichment analysis of 
DEGs using MSigDB_Hallmark_2020 (blue) and KEGG_2021_Human (pink). The y-axis denotes enriched pathways, and the x-axis indicates –log10 
p -values (Benjamini–Hochberg). 
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2.6 SAGE Unveils Fine-Grained 

Tumor-Microenvironment Interactions in Zebrafish 

Melanoma 

The interface between a tumor and its surrounding normal
tissue is the critical frontline of cancer invasion. However, the
precise spatial transcriptomic architecture of this interface—
whether it represents a simple, graded transition or is composed
of distinct functional compartments—remains a fundamental
open question. To address this, we apply SAGE to a zebrafish
melanoma model [ 53 ], a powerful system for studying tumor–
microenvironment interactions. We analyze three samples A, B,
and C (Hunter et al., 2021), each associated with H&E-stained
images and corresponding manual annotations (Figure 6a ),
which delineate tumor tissue, normal tissue, and the tumor–
muscle interface domain. This interface domain, highlighted by
red boxes, corresponds to the transition region at the tumor’s
invasive front. 

We first assess the ability of various methods to resolve the
complex structure at the tumor-invasive front. The spatial
domains inferred by SAGE exhibit the closest alignment with
manual annotations across all samples (Figure 6a,b ; Figures
S39–S41a ). In samples A and C (13 clusters each), most meth-
ods approximate the interface, with slight over-clustering or
inclusion of extra muscle cells. More importantly, as tissue
complexity increases (Sample B; 20 clusters), benchmark meth-
ods (SEDR, STAGATE, GraphST, SCAN-IT, and STAIG) either
oversimplify the interface as a single region or generate frag-
mented clusters. By contrast, SAGE consistently recovers a
coherent but subdivided structure. UMAP embeddings further
show that SAGE clearly separates tumor and normal tissue
regions (Figure 6b ; Figures S39–S41c ). Moreover, we quanti-
tatively assess clustering performance across the three slides
using Silhouette Coefficient (SC) and Davies–Bouldin (DB)
indices. SAGE achieves the highest clustering consistency (SC
= 0.26; DB = 1.28), corresponding to improvements of 18.18%
and 6.57%, respectively, over the second-best method, SCAN-
IT (SC = 0.22; DB = 1.37) (Figure 6c ; Figures S39–S41b ; Table
S28 ). 

To evaluate how well the learned embeddings preserve spatial
structure, we apply UMAP for low-dimensional visualization.
In sample B, SAGE clearly separates tumor and normal tissue
regions, with strong agreement to manual annotations, especially
at the tumor–normal interface (Figure 6d ). To molecularly deci-
pher the spatial organization revealed by SAGE’s embeddings, we
analyze the learned gene co-expression topics. These topics map
to broad anatomical regions such as the skin, heart, and pancreas
(Figures S42–S44b ), and their top-associated genes form distinct
clusters in transcriptomic space, confirming their specificity.
Notably, we also observe shared signatures between functionally
related tissues; for instance, the angiogenesis marker VWF is
co-enriched in topics corresponding to the heart and intestine,
reflecting common vascular programs [ 55 , 56 ]. This ability to
capture both tissue-specific and shared transcriptional modules
provides a robust foundation for interpreting finer-scale spatial

domains. 
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Notably, in sample B, SAGE reveals that the tumor–muscle
interface is not a unitary transition zone but is composed of
two functionally distinct spatial domains—a tumor-proximal 
“leading edge” (Domain 10) and a muscle-proximal “stress zone”
(Domain 12), which refines the interface domain manually 
annotated by Hunter et al. [ 53 ]. H&E-stained images (Figure 6f )
show that Domain 10 is located closer to the tumor region,
while Domain 12 lies nearer to the normal muscle tissue. This
segmentation more accurately captures the spatial complexity of 
the interface domains. To investigate the transcriptional hetero- 
geneity, we analyze differentially expressed genes and enriched 
GO biological processes in Domains 10 and 12 (Figure 6f,g ; Figure
S45 ; Datas S11 –S13 ). Domain 12 upregulates genes such as pvalb1 ,
myhc4 , hspb6 , and trim63a , linked to skeletal muscle contraction,
cellular stress response, and protein turnover. GO enrichment 
highlights muscle contraction, actin filament organization, and 
oxidative stress responses. In contrast, Domain 10 upregulates 
genes like macf1a , pmela , wsb1 , and ptprc , indicating cytoskeletal
remodeling, tumor-specific gene activity, and immune infiltra- 
tion [ 57 , 58 ]. Enriched GO terms related to mRNA splicing,
RNA processing, and post-transcriptional gene silencing suggest 
active regulation in the tumor microenvironment. These findings
reveal distinct transcriptional states in close proximity, offering 
a refined view of the tumor–muscle interface. This interplay
between tumor-driven “push” and the host tissue “response”
provides a more nuanced understanding of invasion. 

Collectively, these results establish a bipartite organizational 
principle at the tumor-invasive front, moving beyond the concept
of a simple transition zone. The discovery of functionally distinct
“leading edge” and “stress response” domains provides a new spa- 
tial framework for understanding cancer invasion as a structured
interplay between aggressive progression and host tissue defense 
(Figure S54 ). 

3 Discussion 

Although spatial transcriptomics (ST) has greatly advanced our 
understanding of tissue architecture and cellular heterogeneity, 
existing methods fall short in resolving complex spatial patterns,
modeling long-range functionally related regions, and interpret- 
ing spatial domains in a biologically meaningful manner. In
particular, while methods like SpaGCN, STAGATE, and GraphST 
have made significant progress, they are often limited by their
reliance on a single integrated graph, which can obscure the mod-
eling of non-local functional relationships and hinder biological 
interpretability. In this study, we introduce SAGE, a unified spa-
tial domain analysis framework that integrates multi-resolution 
clustering, topic modeling, and GNNs. SAGE aims to overcome
existing limitations by selecting cluster-relevant feature genes 
and learning embeddings through dual-view feature fusion. This
approach enables more accurate identification and interpretation 
of complex spatial tissue structures and cellular functional states,
thereby enhancing the interpretability of ST data. 

SAGE is designed to emphasize the critical role of feature (gene)
selection in guiding spatial domain segmentation. Unlike existing 
11 of 21



FIGURE 6 Fine-grained segmentation of the tumor–muscle interface domain in zebrafish melanoma dataset using SAGE. (a) H&E-stained image 
of zebrafish melanoma (Hunter et al., 2021), with tumor–muscle interface marked by red dashed box (top). Domains identified by SAGE on three samples 
(bottom). Baseline methods results are shown in Figures S39–S41 c. (b) Interface domains identified by SAGE across three samples. (c) Clustering 
performance (SC, DB) of SAGE and eight baselines on three samples (samples A and C contain 13 clusters each; sample B contains 20 clusters). (d) 
UMAP visualization of sample B showing tumor (left), normal (right), and interface domains (domains 10, 12). Related topics and marker genes are 
provided in Figures S42–S44 . (e) UMAP of the top 20 genes (z-score > 1.96) from six normal tissue topics. (f) Spatial maps and violin plots of DEGs 
(pvalb1, myhc4, macf1a) in domains 10 and 12. (g) DGE analysis between domains 10 and 12. Each point represents a gene; the x-axis indicating log2 
fold change and the y-axis representing –log10 ( p vals_adj). (|log2FC| > 1 and p vals_adj < 0.005, Wilcoxon test). (h) GO enrichment of DEGs between 
domains 10 and 12 (GO_Biological_Process_ 2018). The y-axis denotes GO terms, and the x-axis indicates –log10 p vals_adj (Benjamini–Hochberg). 
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methods that rely on single features (e.g., HVGs or SVGs) or
static graph structures, SAGE identifies high spatial-specificity
genes (HSGs) through the integration of multi-dimensional fea-
tures, improving both the accuracy and biological interpretabil-
ity of domain segmentation. Furthermore, through topological
optimization and dual-view graph embedding learning, SAGE
provides a more comprehensive perspective for dissecting tissue
heterogeneity. 

Through benchmarking on diverse ST datasets against other
representative methods, SAGE consistently demonstrates out-
standing performance in both algorithmic accuracy and bio-
logical interpretability. The framework enables precise spa-
tial domain segmentation and reveals interpretable gene co-
expression patterns, establishing it as a powerful tool for dis-
secting complex spatial architectures and tissue heterogeneity.
SAGE’s successful application in cross-platform spatial technolo-
gies (e.g., MERFISH [ 4 ], Slide-seq [ 5 ]) and complex biologi-
cal contexts (such as tumor microenvironments) highlights its
potential as a universal and efficient tool for spatial domain
analysis. 

The spatial domain segmentation results produced by SAGE not
only recapitulate known tissue annotations but also uncover
previously unrecognized heterogeneity. SAGE accurately iden-
tifies the trilaminar organization of the cerebellar cortex and
distinguishes the hippocampus in mouse brain slides, uncov-
ering hidden heterogeneity in human breast tumor tissue.
In rice embryonic spatial transcriptomics, using the spa-
tiotemporal transcriptomic atlas of rice embryonic cells dur-
ing seed germination (Yao et al., 2024 [ 59 ]), SAGE recapit-
ulates major embryonic compartments and their reorganiza-
tion across germination stages and achieves higher agree-
ment with anatomical annotations than competing meth-
ods, underscoring its applicability to plant developmental
biology 

Moreover, the application of SAGE in complex biological systems
such as zebrafish melanoma sections demonstrates its practical
utility in identifying tumor-normal transition zones, spatial het-
erogeneity, and differences in cellular states. It also uncovers
shared vascular signatures between anatomically distinct regions
like the heart and intestine, highlighting functional interactions
across tissues. These findings further underscore the broad appli-
cability and strengths of SAGE in elucidating diverse biological
processes. 

In conclusion, SAGE provides a powerful and precise tool for
analyzing multi-scale functional structures and tissue hetero-
geneity within ST. By deepening our systematic understanding
of functional regions and tissue heterogeneity, SAGE is poised
to advance studies of tissue microenvironment mechanisms
and disease progression, offering potential guidance for disease
diagnosis, prognosis, and precision therapy strategies. Moreover,
the framework demonstrates strong adaptability across scales and
species, making it suitable for a wide range of biological systems,
from normal tissue homeostasis to pathological transformations.
Future work can further refine the algorithm to handle larger,
more complex datasets and explore its application in emerg-
ing fields such as single-cell transcriptomics and multi-omics
integration. 
Advanced Science, 2026
4 Methods 

4.1 Data Preparation 

SAGE takes a gene expression matrix 𝑋 ∈ ℝ𝑁×𝐺 as input, where
N is the number of spatial locations (e.g., spots or cells depending
on the platform) and G is the number of genes, with Xij denoting
the expression (UMI count) of gene j at location i . The spatial
coordinate matrix 𝑆 ∈ ℝ𝑁×2 records the 2D position of each
location. Together,  = (𝑋, 𝑆 ) defines the spatial transcriptomics
dataset. SAGE does not rely on species-specific assumptions
and can therefore be directly applied to both animal and plant
spatial transcriptomics. In this study, all datasets—including 
human, mouse and the rice embryonic ST data during seed
germination—are processed with the same pipeline to construct
X and S , and SAGE shows accurate recovery of major embryonic
compartments and their reorganization across stages on the 
rice datasets (Figure S53 ; Data S14 ), illustrating its cross-species
applicability. 

4.2 Data Preprocessing 

Raw gene expression counts are preprocessed using the SCANPY
package [ 60 ]. Genes detected in fewer than 5 spatial locations
or with total counts ≤ 20 are removed. Highly variable genes
(HVGs) are identified using the Seurat v3 method (as imple-
mented in SCANPY), and the top 3,000 HVGs (optional) are
selected for downstream analysis. Expression vectors are library- 
size normalized to 10 000 counts per spot and subsequently
log-transformed using the natural logarithm. Specifically, let 
𝑋
(norm ) 

𝑖𝑗 denote the normalized expression level of gene j in spot
i . The log-transformed expression is then computed as 𝑋(log ) 

𝑖𝑗 =
log (𝑋

(norm ) 

𝑖𝑗 + 1 ) , which stabilizes variance and reduces the impact
of outliers. 

4.3 Multi-Resolution Consensus Clustering 

We select the top 3 000 HVGs from the preprocessed matrix
and apply Principal Component Analysis (PCA) to obtain the
top 200 principal components (optional). We perform multi-
resolution clustering using Leiden algorithms (default) to capture 
spatial domains with varying structural characteristics. Specifi- 
cally, Leiden clustering is applied across a range of resolutions to
detect modular and well-separated domains through resolution 
tuning. In contrast, for tissues exhibiting continuous gradients 
or layered architectures (e.g., DLPFC and Mouse Brain), we
additionally employ a Gaussian mixture model-based clustering 
(Mclust), which is better suited for identifying smooth spatial
transitions and subtle domain boundaries. In the Mclust set-
ting, we set the number of clusters based on prior biological
knowledge or baseline clustering results, and explore a small
range of values around this target to identify the most consistent
clustering solution. Each clustering result is represented by a label
vector 𝑙( 𝑡) = (𝑙

( 𝑡) 
1 , 𝑙

( 𝑡) 
2 , . . . , 𝑙

( 𝑡) 
𝑁 ) , where 𝑡 ∈ {1 , 2 , . . . , 𝑟 } indexes the

clustering result obtained from the t -th run. Here r denotes the
total number of clustering results used to build the consensus
matrix. To measure the co-occurrence frequency of cell pairs
across these clustering results, we compute the consensus matrix
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𝐶 ∈ [0 , 1 ] 
𝑁×𝑁 , where each element is given by: 

𝐶𝑖𝑗 =
1 

𝑟 

𝑟 ∑
𝑡= 1 

𝕀
(
𝑙
( 𝑡) 

𝑖 = 𝑙
( 𝑡) 

𝑗 

)
(1)

where 𝕀 ( 𝑙( 𝑡) 𝑖 = 𝑙
( 𝑡) 

𝑗 ) = 1 if location i and j are assigned to the
same cluster in clustering result t and 0 otherwise. Cij measures
the consensus frequency between locations i and j . Finally,
to obtain the preliminary spatial domain labels, we apply the
Leiden clustering algorithm to a graph with edge weights derived
from the consensus matrix C . The resulting cluster labels 𝐿init ∈
{1 , . . . , 𝑁cluster } 

𝑁 are used as the initial domain assignments for
downstream topic selection and topological refinement, where
Ncluster is the number of inferred spatial domains. Each element
Linit indicates the domain assignment of location i . 

4.4 NMF Topic Modeling 

SAGE applies non-negative matrix factorization (NMF) using
the scikit-learn package to decompose the preprocessed gene
expression matrix 𝑋 ∈ ℝ𝑁×𝐺 . The number of latent topics Ntopics 
is set to 30 by default. We empirically validate the robust-
ness of SAGE to this hyperparameter (Figure S46b ). Given the
inherent sparsity of ST data, particularly the prevalence of zero
expression values, we adopt non-negative double singular value
decomposition (NNDSVD) for initialization to improve stability
and convergence. The decomposition yields two non-negative
matrices: (1) 𝑊nmf ∈ ℝ𝑁×𝑁topics , representing topic weights per
spot/cell; (2) 𝐻nmf ∈ ℝ𝑁topics ×𝐺 , capturing gene contributions to
each topic. To simplify notation, we refer to Wnmf as Z and the
transpose of Hnmf as H , where 𝑍 ∈ ℝ𝑁×𝑁topics and 𝐻 ∈ ℝ𝐺×𝑁topics .
To facilitate downstream comparison, the columns of Z are
normalized to the range [0, 1] using column-wise min-max
normalization. This factorization enables the separation of the
original gene expression matrix into latent spatial topic patterns
( Z ) and their associated gene-level contributions ( H ). 

4.5 Topic Selection via Supervised Learning 

To enhance spatial coherence and discriminability of extracted
topics, SAGE proposes a two-step filtering procedure on the NMF-
derived topic matrix 𝑍 ∈ ℝ𝑁×𝑁topics . Given the spatial structure
inherent of gene expression, we first assess the spatial autocorre-
lation of each topic using Moran’s I statistic. Let 𝑆 ∈ ℝ𝑁×2 denote
spatial coordinates. For each topic vector 𝑧𝑖 ∈ ℝ𝑁 (i.e., the i -th
column of Z ), Moran’s I is computed as: 

𝑀𝑅𝐼𝑖 =
𝑁 

𝑊 

⋅

∑𝑁 

𝑗= 1 
∑𝑁 

𝑙= 1 𝑤𝑗𝑙 

(
𝑧𝑖𝑗 − 𝑧̄𝑖 

)
( 𝑧𝑖𝑙 − 𝑧̄𝑖 ) ∑𝑁 

𝑗= 1 (𝑧𝑖𝑗 − 𝑧̄𝑖 ) 
2 

(2)

where 𝑧̄𝑖 =
1 

𝑁 

∑𝑁 

𝑗= 1 𝑍𝑖𝑗 is the mean of topic vector zi , wjl denotes
the spatial weight between positions j and l , computed based on
Euclidean distance. 𝑊 =

∑
𝑗,𝑙 
𝑧𝑗𝑙 is the total weight. 

Topics with MRIi ≥ TMRI = 0.2 are retained to form the filtered
topic matrix 𝑍filtered ∈ ℝ𝐺×𝑁filtered . We empirically observe that
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topics with low Moran’s I values tend to lack spatial structure and
biological interpretability. 

Although topics are initially filtered using the MRI value, some
high-MRI topics may result from local noise. To remove these spu-
rious components, we further evaluate each topic’s discriminative
power using a random forest (RF) classifier trained on domain
labels. RF is chosen because it provides feature importance
scores, allowing us to directly evaluate each topic’s contribution
to spatial domain discrimination. Topics with low importance 
scores are discarded, ensuring the final set is both spatially
coherent and biologically relevant. Specifically, we assess the 
discriminative power of each topic in the filtered matrix 𝑍filtered ∈
ℝ𝑁×𝑁filt _t using a random forest classifier, where 𝑁filt_t is the 
number of retained topics. The preliminary domain labels 𝐿init ∈
{1 , . . . , 𝑁cluster } 

𝑁 serve as classification targets. A classifier 𝑓 ∶ 
ℝ𝑁×𝑁filt _t → {1 , . . . , 𝑁cluster } 

𝑁 is trained using the default config- 
uration in scikit-learn (v1.7.0), with the number of decision
trees set to (T = 100). After training, the importance of each
topic is computed based on the total Gini impurity reduction it
contributes across all trees. Let splits( tr ) denote the set of split
nodes in a tree tr , and let the Gini importance of topic i be defined
as: 

Im p𝑖 =
1 

𝑇 

𝑇 ∑
𝑡= 1 

∑
𝑠∈splits ( 𝑡) 

𝛿
( 𝑠) 

𝑖 ⋅ ΔGin i𝑠 (3) 

where T = 100 is the number of decision trees, ΔGinis is the
decrease in Gini impurity at split node s , and 𝛿( 𝑠) 𝑖 = 𝕀 (𝑖 ∈ topic s𝑠 ) ,
with featuress denoting the set of topics available at node s .
The indicator function 𝛿( 𝑠) 𝑖 equals 1 if topic i is used in split s ,
and 0 otherwise. To retain only the most informative topics, we
discard the bottom fraction (here p = 0.2) of topics based on
importance scores and select the top (1 − p ) × 100% to form
the final topic matrix 𝑍final ∈ ℝ𝑁×𝑁sel _t , where 𝑁sel _t = ⌊(1 − 𝑝 ) ⋅

𝑁f ilt _t ⌋. This refined matrix is used in subsequent gene selection
and graph-based spatial refinement. Notably, the RF classifier
here is used solely as an internal topic-importance estimator
and is trained on the full dataset, without train/validation/test
splitting or supervised performance evaluation, and we further
show in Figure S47 that the RF-based topic ranking is robust to
perturbations of the preliminary labels Linit . 

4.6 Construction of High Spatial-Specificity 
Genes (HSGs) 

The identification of HSGs in SAGE comprises four major steps:
1) selecting topic-specific genes based on their contributions to
latent topics; 2) preliminary filtering to remove non-topic-specific 
genes; 3) spatial consensus-driven joint optimization; and 4) 
final assembly of highly specific genes. Specifically, given the
topic representation matrix Zfinal , SAGE proceeds through the 
following detailed steps. 

1. Given 𝑍final ∈ ℝ𝑁×𝑁sel_t , we refer back to the original gene–
topic weight 𝐻 ∈ ℝ𝐺×𝑁topics derived from the NMF decompo- 
sition, where G denotes the total number of genes and Ntopics is
the total number of topics. Based on the selected topic indices
 ⊂ {1 , . . . , 𝑁topics } , which corresponds to the columns of
Zfinal , we extract the corresponding submatrix 𝐻 ∈ ℝ𝐺×𝑁sel_t 
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from the original gene–topic weight matrix H . For each topic
𝑡 ∈  , column-wise normalization is performed as follows:
𝐻𝑔,𝑡 =

𝐻𝑔,𝑡 ∑𝐺 
𝑔′= 1 𝐻𝑔′,𝑡 

, ∀𝑔 ∈ {1 , 2 , . . . , 𝐺 } yielding the normalized

gene–topic contribution matrix 𝐻 ∈ ℝ𝐺×𝑁sel_t . Each column
of 𝐻 is then sorted in descending order to determine a rank
of each gene’s contribution within its corresponding topic,
forming a rank matrix: Rg , t = rankt ( g ), where rankt ( g ) = 1
indicates the gene g with the highest normalized contribution
in topic t , and larger rank values indicate lower contributions.

2. For each topic t , SAGE selects genes based on their contri-
bution ranks, and then defines the lower and upper rank
thresholds 𝑟( 𝑙) 𝑡 and 𝑟( 𝑢) 𝑡 as the smallest integers such that
the cumulative contributions exceed the specified quantile
thresholds τl and τu , respectively: 

𝑟
( 𝑙) 
𝑡 = min 

{ 

𝑟 ∈ { 1 , . . . , 𝐺 } | 𝑟 ∑
𝑔= 1 

𝐻𝑔,𝑡 ≥ 𝜏𝑙 

} 

(4)

𝑟
( 𝑢) 
𝑡 = min 

{ 

𝑟 ∈ { 1 , . . . , 𝐺 } | 𝑟 ∑
𝑔= 1 

𝐻𝑔,𝑡 ≥ 𝜏𝑢 

} 

(5)

𝑍𝑔,𝑡 =
|||||
𝐻𝑔,𝑡 − 𝜇𝑡 

𝜎𝑡 

||||| , 𝜇𝑡 = 𝔼
[
𝐻⋅,𝑡 

]
, 𝜎𝑡 = Std 

[
H⋅, t 

]
(6)

where r ranges from 1 to G . These quantile thresholds are
empirically chosen to balance sensitivity and specificity in gene
selection and have demonstrated stable performance across a
range of datasets. Genes within the top 𝑟( 𝑙) 𝑡 ranks are further
evaluated through z-score normalization based on the final
gene–topic weight matrix 𝐻 : 

We define the set of topic-specific genes (TSGs) as: 

𝐺TSG =
{ 

𝑔 ∈ 𝐺 |𝑅𝑔,𝑡 ⟨ 

𝑟
( 𝑙) 
𝑡 ∧ 𝑍𝑔,𝑡 

⟩ 

𝜃
} 

, 𝑡 ∈  (7)

where Rg , t denotes the rank of gene g in topic t . We set θ =
1.96, corresponding to the 95% two-tailed cutoff under standard
normal assumption, to filter statistically enriched genes. A gene
is considered non-topic-specific if it consistently ranks below the
upper threshold 𝑟( 𝑢) 𝑡 across all topics. Formally, the preliminary
set of Non-TSGs is defined as: 

𝐺Init 
Non − TSG =

{ 

𝑔 ∈ 𝐺HVG | 𝑅𝑔,𝑡 > 𝑟
( 𝑢) 
𝑡 , ∀𝑡 ∈  

} 

(8)

1. Although NMF-based topic decomposition effectively cap-
tures dominant spatial patterns, it can potentially overlook
genes with strong spatial autocorrelation due to rank incon-
sistency or decomposition bias. To address this limitation,
SAGE further refines the candidate gene set using a joint
filtering strategy that incorporates both spatial autocorrela-
tion and topic rank consistency. This step aims to recover
spatially coherent genes that are underrepresented in the
initial decomposition. Specifically, for each gene g , we com-
pute its total topic rank sum 𝑆𝑔 =

∑𝑇 

𝑡= 1 𝑅𝑔,𝑡 , where 𝑇 = | |
is the number of selected topics, and Rg , t denotes the rank
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of gene g within topic t (lower values indicating higher
topic relevance). We then identify genes with high spatial
autocorrelation but low topic relevance by selecting those that
satisfy: 

𝐺Del 
Non − TSG =

{
𝑔 ∈ 𝐺Init 

Non − TSG |𝑀𝑅𝐼𝑔 > 𝜃mri ∧ 𝑆𝑔 < 𝜃𝑠 
}

(9) 

1. The final set of non-topic-specific genes is defined as:
𝐺Non − TSG = 𝐺Init 

Non − TSG ⧵ 𝐺
Del 
Non − TSG . To construct the final set 

of high spatial-specificity genes (HSGs), we begin with the
union of highly variable genes (HVGs) and topic-specific 
genes (TSGs): 

𝐺Add = 𝐺HVG ∪ 𝐺TSG (10) 

where θmri and θs are empirically defined thresholds based on the
distribution of Moran’s I scores MRIg and Sg values, respectively. 
These genes are removed from the non-topic-specific set 𝐺Init 

Non − TSG 
to ensure that spatially informative genes are not excluded due to
model bias. 

This unified candidate set incorporates both statistically variable 
and topic-relevant genes. However, a subset of genes within this
union may exhibit low spatial specificity—particularly those from 

HVG that are not topic-specific. To address this, we define a
refinement set 𝐺De l∗ ⊆ 𝐺HVG ∩ 𝐺Non − TSG , where gene 𝑔 ∈ 𝐺De l∗ is 
selectively removed based on a high value in Rg , t . 

Here Rg , t denotes the rank of gene g in topic t , with smaller values
indicating higher topic contribution. These genes are excluded 
from the candidate set to ensure biological specificity: 

𝐺HSG = 𝐺𝐴𝑑𝑑 ⧵ 𝐺De l∗ . (11) 

To preserve interpretability and ensure that gene filtering does not
remove more information than it adds, we impose the following
constraint on the size of the removal set: 

|𝐺De l∗ | ≤ |𝐺Add | − |𝐺HVG | , (12) 

where (| GAdd |) denotes the number of genes in unified candidate
set ( 𝐺HVG ∪ 𝐺TSG ) and (| GHVG |) is the number of HVGs. This
condition ensures that the number of genes removed never
exceeds the number of informative topic-specific genes added, 
guaranteeing a net gain in spatially relevant gene content. 

4.7 Consensus-Driven Graph Construction 

SAGE introduces a consensus-driven graph construction strategy 
that integrates spatial proximity and feature consensus. This
process involves two main steps: 

1. Construction of the spatial-based adjacency graph (SAG): 
SAGE first constructs a k -nearest neighbor ( k -NN) graph
based on spatial coordinates. Let 𝑥𝑖 ∈ ℝ2 denote the 2D spa-
tial coordinates of spot i and define 𝑘 ( 𝑖) as the set of k near-
est neighbors of i in Euclidean space. The initial adjacency
15 of 21
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matrix is constructed as: 𝐴init 
coord 

(𝑖, 𝑗 ) = {
1 , if 𝑗 ∈ 𝑘 ( 𝑖) 

0 , Otherwise 
. Addi-

tional, to support effective spatial information propagation
in downstream graph-based operations, the adjacency matrix
𝐴init 
coord 

(𝑖, 𝑗 ) is symmetrized via element-wise maximum with
its transpose to enable undirected connections. To reduce
redundant edges across tissue boundaries, SAGE introduces
an edge-pruning strategy. Given the consensus matrix 𝐶 ∈

ℝ𝑁×𝑁 , 𝐶(𝑖, 𝑗 ) ∈ [0 , 1 ] , derived from multi-resolution consen-
sus clustering, we define the pruned spatial adjacency matrix
Acoord by thresholding the initial spatial adjacency matrix
𝐴init 
coord 

as follows: 

𝐴coord ( 𝑖, 𝑗 ) = {
𝐴init 
coord ( 𝑖, 𝑗 ) , if 𝐶 ( 𝑖, 𝑗 ) ≥ 𝜏

0 , 𝑜 𝑡ℎ𝑒 𝑟 𝑤𝑖𝑠 𝑒 
(13)

1. Construction of the feature-based adjacency graph (FAG): To
complement the spatial adjacency structure, SAGE constructs
a feature-based adjacency graph 𝐴feat ∈ {0 , 1} 

𝑁×𝑁 , integrating
both consensus co-assignment probability and expression-
level similarity. 

where τ = 0.2 is a confidence threshold, empirically selected
based on performance in Figure S50 . Here, C ( i , j ) denotes the
frequency with which spots/cells i and j are co-assigned to the
same cluster across different resolutions or cluster numbers
during consensus clustering. A low consensus score indicates that
the two spots/cells are rarely grouped together across clustering
outcomes, suggesting potential transcriptional divergence or
boundary-like properties. Removing such low-confidence edges,
this step helps eliminate noise and spurious links, thereby
preserving only spatially coherent relationships for downstream
graph-based modeling. 

For each spot i , the consensus-based neighbor set is initially
defined as: cons ( 𝑖) = {𝑗 ≠ 𝑖 ∣ 𝐶(𝑖, 𝑗 ) = 1 } . If |cons ( 𝑖) | < 𝑛neighbors ,
additional spots with the next highest consensus scores C ( i , j )
< 1 are appended until |cons ( 𝑖) | ≥ 𝑛neighbors . Here, nneighbors is a
predefined hyperparameter that controls the maximum number
of candidate neighbors per spot. We investigate the effect of this
parameter choice in Figure S50 . Simultaneously, a similarity-
based neighbor set f eat ( 𝑖) is constructed by selecting the top
nneighbors spots (𝑗 ≠ 𝑖 ) with the highest cosine similarity to spot
i ’s feature vector xi , where 𝑥𝑖 ∈ ℝ𝑁sel_t denotes the feature vector
of spot i . The final candidate set is given by: 

f inal ( 𝑖) = cons ( 𝑖) ∩f eat ( 𝑖) (14)

For each node pair ( i , j ) in f inal ( 𝑖) , if the following conditions
hold: 

𝑖 ≠ 𝑗 , De gadd ( 𝑖) < 𝑛neighbors , De gadd ( 𝑗) < 𝑛neighbors (15)

then set Afeat ( i , j ) = 1 and Afeat ( j , i ) = 1, otherwise 0. Here,
Degadd ( i ) denotes the number of newly added (non-local) edges
for node i . This construction strategy ensures that only tran-
scriptionally similar and structurally plausible connections are
retained, enriching the graph with biologically meaningful non-
spatial relationships that are absent in the spatial adjacency. 
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4.8 Dual-View Graph Neural Network 

We propose a dual-view graph convolutional network that jointly
learns from the SAG and FAG. As shown in Figure 1b , the dual-
iew graph convolutional network comprises two GCN encoders, 
a self-attention fusion module, and three symmetric decoders. 
The encoders extract view-specific embeddings, which are fused 
into a unified representation and decoded to reconstruct the
input. 

After constructing the SAG, FAG, and the feature matrix 𝑋HSG ∈

ℝ𝑁 × 𝑑in , where din denotes the number of high spatial-specificity 
genes (HSGs) selected through the prior gene selection pipeline,
SAGE employs two separate graph convolutional network (GCN) 
encoders to learn spot representations from spatial and feature
perspectives. Each encoder consists of two layers: a GCN layer
with dhid hidden units, followed by a linear transformation
projecting the output to a latent embedding of dimension dout . The
GCN operation for each view is defined as: 

𝐻
( 𝑣𝑘 ) 
1 = 𝜎

(
𝐴̃( 𝑣𝑘 ) 𝑋HSG 𝑊1 

)
, 𝑘 = 1 , 2 (16) 

where 𝐴̃(𝑣𝑘 ) is the normalized adjacency matrix for view (Acoord 
or Afeat ), 𝑊1 ∈ ℝ𝑑in × 𝑑hid is a learnable weight matrix, and σ( ⋅)
denotes the ReLU activation function. The final view-specific 
embeddings are computed as: 

𝐸( 𝑣𝑘 ) = 𝐻
( 𝑣𝑘 ) 
1 𝑊2 + 𝑏2 , 𝑘 = 1 , 2 (17) 

where 𝑊2 ∈ ℝ𝑑hid × 𝑑out and 𝑏2 ∈ ℝ𝑑out are shared learnable 
parameters across views. As a result, this yields two node
embeddings: 𝐸(𝑣1 ) from SAG and 𝐸(𝑣2 ) from FAG, both in ℝ𝑁×𝑑out .
To integrate the two views, SAGE applies a self-attention fusion
layer. The two spot embeddings from the spatial and feature
views are stacked into a tensor 𝐸𝑠 𝑡𝑎 𝑐 𝑘 ∈ ℝ𝑁×2 ×𝑑out . For each spot
i , the view-specific embeddings are passed through a nonlinear
transformation: 

𝑣𝑖 = 𝑡𝑎𝑛ℎ
(
𝐸stack ,𝑖 ⋅ 𝑊𝜔 

)
, 𝛼𝑖 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 ( 𝑣𝑖 ⋅ 𝑢𝜔 ) (18) 

where 𝑊𝜔 ∈ ℝ𝑑out ×𝑑out , 𝑢𝜔 ∈ ℝ𝑑out ×1 and 𝛼𝑖 ∈ ℝ2 denotes the 
attention weights across the two views for spot/cell i . The final
fused embedding for each spot/cell i is computed as: 

𝐸
( 𝑣𝑎𝑡𝑡 ) 

𝑖 = 𝛼1 𝑖 ⋅ 𝐸
( 𝑣1 ) 

𝑖 + 𝛼2 𝑖 ⋅ 𝐸
( 𝑣2 ) 

𝑖 (19) 

Given the view-specific embeddings 𝐸(𝑣1 ) , 𝐸(𝑣2 ) , and the fused 
embedding 𝐸(𝑣𝑎𝑡𝑡 ) , SAGE employs three symmetric decoders 
to reconstruct the feature matrix 𝑋HSG ∈ ℝ𝑁×𝑑in . Each decoder 
mirrors the encoder with two linear layers, using the transposed
encoder weights: 

𝐻( 1) = 𝜎
(
𝐸( 𝑘) 𝑊(2) 

⊤
)
, 𝑋

( 𝑘) 

𝐻𝑆𝐺 = 𝐻( 1) 𝑊(1) 
⊤

, 𝑘 ∈ { 𝑣1 , 𝑣2 , 𝑣𝑎𝑡𝑡 } (20) 

where σ( ⋅) is a nonlinear activation function ReLU, and
W(1) , W(2) are the encoder weights. All decoders aim to mini-
mize the mean squared error (MSE) between reconstructed and
original features. 
Advanced Science, 2026



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.9 Joint Optimization Objectives 

To enable multi-view embedding learning and feature recon-
struction, the overall loss function comprises four components.
The first component is the reconstruction loss. Each decoder
reconstructs XHSG from 𝐸(𝑣1 ) , 𝐸(𝑣2 ) , and the fused embedding
𝐸(𝑣𝑎𝑡𝑡 ) , yielding three reconstructions 𝑋( 𝑘) 

rec , where k ∈ { v1 , v2 , vatt }.
The reconstruction loss is defined as the sum of MSE between
reconstructed features and the original input: 

recon =
∑

𝑘∈{𝑣1 ,𝑣2 ,𝑣𝑎𝑡𝑡 } 

𝑀 𝑆𝐸
(
𝑋HSG , 𝑋

( 𝑘) 
rec 

)
(21)

To preserve the graph structure within the learned embeddings,
SAGE compares the fused embedding 𝐸(𝑣𝑎𝑡𝑡 ) with both the spatial
and feature adjacency matrices. The reconstruction probabilities
are estimated via a sigmoid function applied to the similarity
matrix 𝐸(𝑣𝑎𝑡𝑡 ) 𝐸(𝑣𝑎𝑡𝑡 ) 

⊤
, and binary cross-entropy (BCE) losses are

computed: 

graph = BCE 
(
Acoord , 𝜎

(
𝐸( 𝑣𝑎𝑡𝑡 ) 𝐸( 𝑣𝑎𝑡𝑡 ) 

⊤
))

+ BCE 
(
Afeat , 𝜎

(
𝐸( 𝑣𝑎𝑡𝑡 ) 𝐸( 𝑣𝑎𝑡𝑡 ) 

⊤
))
(22)

Here, loss graph encourages the fused embedding to preserve
the original graph connectivity: connected nodes in the original
graphs are embedded with high similarity, while unconnected
nodes have low similarity. 

To encourage cross-view consistency, SAGE incorporates the
SwAV mechanism for contrastive clustering between 𝐸(𝑣1 ) and
𝐸(𝑣2 ) . After deriving cluster centers from 𝐸(𝑣𝑎𝑡𝑡 ) via K-Means, each
view’s embedding is assigned to these centers using softmax.
The assignment matrices 𝑄(𝑣1 ) and 𝑄(𝑣2 ) are normalized using
the Sinkhorn-Knopp algorithm [ 35 ]. The SwAV loss is defined as
the symmetric Kullback-Leibler (KL) divergence between these
distributions: 

swav = KL 
(
𝑄( 𝑣1 ) |𝑄( 𝑣2 ) 

)
+ KL 

(
𝑄( 𝑣2 ) |𝑄( 𝑣1 ) 

)
(23)

To prevent dominance by a single view and enforce balanced
attention, we introduce an attention regularization term. This
term imposes a regularization constraint on the attention weights
α learned during the fusion process, defined as: 

att = 𝔼
[
( 𝛼 − 0 . 5 ) 

2 
]

(24)

The overall loss function is defined as a weighted sum of the above
components: 

total = 𝜆1 recon + 𝜆2 graph + 𝜆3 swav + 𝜆4 att , (25)

where λ1 , λ2 , λ3 , λ4 are loss weights initialized to {10, 10, 5, 1}.
SAGE adopts a staged dynamic weighting strategy, adjusting these
coefficients during training to improve convergence and model
performance. 

4.10 Spatial Domain Identification 

After model training, we perform spatial domain clustering
analysis based on the latent embeddings 𝐸(𝑣𝑎𝑡𝑡 ) generated by
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SAGE. Specifically, we use the Mclust algorithm (from the R
package) or the Leiden algorithm (from the SCANPY package)
to cluster each spot/cell. When the ground truth is known, we set
the number of clusters to match the ground truth. In cases where
the number of clusters is unknown, we conduct a grid search
within the resolution range [0.1, 2.5] with a step size of 0.001,
calculating the Calinski-Harabasz (CH) score for each resolution
and selecting the resolution with the highest score as the optimal
value for clustering. 

Although dual-view embedding learning enhances feature 
expressiveness and clustering separability, we still observe 
that a small number of spots can be misassigned to incorrect
spatial domains. We treat these cases as outliers arising from
data noise or model uncertainty, which may affect downstream
biological interpretation. To mitigate this, we introduce an 
optional post-processing step in which suspected outliers are 
relabeled according to the most frequent cluster within their
local spatial neighborhood, defined as the 25 nearest spatial
neighbors (n = 25), i.e., the cluster with the highest local
“purity”. This local reassignment can, however, introduce 
over-smoothing in datasets with fine-grained spatial structure 
or complex micro-architecture. Therefore, we only apply 
this step to relatively coarse-resolution, spot-based Visium 

datasets (e.g., human DLPFC, human breast cancer, zebrafish 
melanoma), and omit it for high-resolution molecule- or 
pixel-based datasets(e.g., MERFISH, osmFISH, Stereo-seq). 
A dataset-level summary of whether local reassignment is 
used is provided in Supplementary Table S1 . In practice, we
recommend enabling this optional local reassignment only for 
coarse-resolution, spot-based datasets with robust macroscale 
domains, and disabling it for high-resolution or highly 
complex tissues where preserving fine-grained boundaries is a 
priority. 

4.11 The Ablation Studies of SAGE 

To systematically evaluate the contribution of key components 
in the SAGE framework, particularly the proposed high spatial-
specif icity genes (HSG) selection strategy and the dual-view
neural architecture, we conduct comprehensive ablation exper- 
iments on the DLPFC dataset. Four experimental settings are
tested: (1) a baseline model without HSG-based gene selection
and using only a single spatial view; (2) a model incorporating
HSG-based gene selection while still using a single view; (3) a
model applying conventional HVG selection with a dual-view 

architecture; and (4) the complete SAGE framework, which 
combined HSG-based gene selection with the dual-view design. 
As GraphST ranks second in clustering performance on the
benchmark DLPFC dataset, it is used as the baseline method for
comparison. The results show that both the HSG strategy and the
dual-view architecture contribute independently to substantial 
improvements in clustering performance, as evaluated by ARI 
and NMI. The complete SAGE model consistently outperforms
all other configurations, demonstrating its superiority in spatial 
transcriptomics clustering tasks. 

To further elucidate the role of the proposed HSG selection,
we conducted detailed comparative analyses between HVGs 
and HSG-based gene sets across all DLPFC slices. As shown
17 of 21



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

in Figure S49 , HSGs capture more spatially coherent patterns
with higher Moran’s I and lower Geary’s C values compared
to HVGs. Moreover, a cross-method evaluation presented in
Figure S50 demonstrates that integrating SAGE-based feature
selection universally improves clustering accuracy across mul-
tiple spatial analysis frameworks. In addition, to validate the
parameter robustness of the topic extraction and topology
optimization processes, we conduct extensive multi-parameter
robustness studies on these two modules within the SAGE
framework. Detailed results and analyses can be found in
Figures S46–S52 . 

4.12 Visualization of Dual-View Embeddings and 

Attention Weights 

To further illustrate the effect of the dual-view fusion mechanism,
we visualize the embeddings learned from each graph view and
from their fused representation. For four representative datasets
(DLPFC slice 151673, mouse brain anterior section, human breast
cancer, and zebrafish melanoma sample B), we extract three
types of embeddings from the trained SAGE model: the spatial-
view embedding from the spatial adjacency graph (SAG_emb),
the feature-view embedding from the feature adjacency graph
(FAG_emb), and the fused embedding produced by the dual-view
attention module (Fuse_emb). 

Each embedding is projected into two dimensions using UMAP
(as implemented in SCANPY), with the same parameter settings
across datasets to ensure comparability. For the dual-view atten-
tion module, we record the learned attention weights assigned
to the spatial and feature views, denoted as αcoord and αfeat ,
respectively, with αcoord + αfeat = 1 for each spot. These weights
are visualized both in the UMAP space and mapped back onto
the spatial coordinates of the tissue sections. The resulting
panels summarizing SAG_emb, FAG_emb, Fuse_emb and the
corresponding attention-weight distributions are presented in
Figure S54 . 

4.13 Usage of Comparative Methods 

To comprehensively evaluate the clustering performance
of SAGE in spatial domain identification, we conduct a
systematic benchmark comparison with several representative
spatial transcriptomics methods, including stLearn
( https://github.com/BiomedicalMachineLearning/stLearn ), 
SEDR ( https://github.com/JinmiaoChenLab/SEDR/ ),
STAGATE ( https://github.com/zhanglabtools/STAGATE ),
STAIG ( https://github.com/y-itao/STAIG ), GraphST
( https://github.com/JinmiaoChenLab/GraphST ), PROST
( https://github.com/Tang- Lab- super/PROST ), SCAN-
IT ( https://github.com/zcang/SCAN-IT ), and SpaGCN
( https://github.com/jianhuupenn/SpaGCN ). In all comparative
experiments, to ensure the comparability of clustering results,
we set the target number of clusters for each method to match
the cluster number in manual annotations and strictly follow
the recommended configurations and default preprocessing
pipelines in each method’s official code repository. Additionally,
to ensure the reproducibility of the experiments, we set a fixed
random seed across all experiments. 
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4.14 Performance Evaluation Metrics 

During benchmarking, we evaluate clustering performance 
across eight complementary metrics, each reflecting different 
aspects of segmentation quality: NMI, HOM, and COM assess
consistency with manual annotations; CHAOS, PAS, and ASW 

measure spatial coherence and structural compactness; while 
Moran’s I and Geary’s C evaluate the biological relevance of
clustering based on marker gene spatial expression. 

To facilitate cross-dataset and cross-metric comparison, we refer 
to the unified index designed by Yuan et al. [ 36 ]. Specifi-
cally, for each metric 𝓁 ∈ {1 , . . . , 𝑁metric } , a score matrix 𝑉( 𝓁 ) ∈

ℝ𝑁dataset ×𝑁method is constructed, where each element 𝑉( 𝓁 ) 

𝑖𝑗 records 
the performance score of method j on dataset i under metric 𝓁 .
Ndataset and Nmethod denote the number of datasets and methods, 
respectively. Each row of 𝑉( 𝓁 ) is sorted to produce a rank matrix
𝑅( 𝓁 ) ∈ {1 , . . . , 𝑁method } 

𝑁dataset ×𝑁method , where smaller values indicate 
better ranks. Ranks are normalized to the range [0,1] as follows: 

𝑅̃
( 𝓁) 

𝑖𝑗 =
𝑁method − 𝑅

( 𝓁) 

𝑖𝑗 

𝑁method − 1 
(26) 

The rank score (Figure 2c ) for each method j under metric 𝓁 is
then computed as the average normalized score across datasets: 

rank 
𝑗 

( 𝑚) 
= 1 

𝑁dataset 

𝑁dataset ∑
𝑖= 1 

𝑅̃
( 𝓁) 

𝑖𝑗 (27) 

Based on these scores, we define three aggregated overall metrics
to summarize method performance: 

Overal laccuracy =
1 

3 
( ran kNMI + ran kHOM 

+ ran kCOM 

) (28) 

Overal lcontinuity =
1 

3 
( ran kCHAOS + ran kPAS + ran kASW 

) (29) 

Overal lmarker =
1 

2 

(
ran kMoran′s I + ran kGeary′s C 

)
(30) 

Additionally, Adjusted Rand Index (ARI) is introduced in tissue-
specific analyses to further assess clustering consistency across
slices. To quantify the importance of each gene within its
associated topic, we adopt the z-score computation as previ-
ously described in “Construction of high spatial-specificity genes 
(HSGs)” section based on the gene–topic weight matrix 𝐻 . A 

higher z-score indicates that a gene is more specifically and
strongly associated with the given topic, thus contributing more
significantly to the biological interpretation of that topic. 

4.15 Identification of Differential Genes 

Differentially expressed genes (DEGs) are identified using the 
rank_genes_groups function from the SCANPY Python package 
(version 1.10.2), which implements a two-sided Wilcoxon rank- 
sum test. For most analyses in this study, we apply an FDR
cutoff of 0.001 to control for multiple hypothesis testing using
Advanced Science, 2026
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the Benjamini–Hochberg procedure, and we require an absolute
log2 fold-change of at least 1 (|log2 FC| ≥ 1) between groups.
Fold-change values are calculated from the group-wise mean
expression of each gene. For the zebrafish melanoma tumor–
muscle interface, we adopt a slightly relaxed threshold of FDR <

0.005 for Domains 10 and 12, because an FDR < 0.001 would yield
too few DEGs for stable and interpretable enrichment analyses,
while still providing stringent control of false discoveries. A gene
is considered cluster-specific if it is found to be differentially
up-regulated in a particular cluster compared to each of the
remaining clusters. 

In addition, SAGE implements an auxiliary strategy for domain-
specif ic marker gene discovery based on domain–topic cor-
respondence. This approach exploits the correlation structure
between spatial domains and latent topics to identify genes that
spatially co-vary with domain-level transcriptional programs. The
method consists of three steps: (1) Domain-to-topic mapping:
for each spatial domain, Pearson correlation coefficients are
computed between the domain assignment vector and all latent
topic activity profiles. The topic with the highest correlation is
selected as the representative topic for that domain. (2) Topic-
to-gene correlation: for the selected topic, Pearson correlations
are calculated between its spatial activity and the expression
levels of all genes across locations. (3) Marker gene selection:
genes with a correlation coefficient exceeding 0.3 are retained
and ranked in descending order. The resulting genes constitute
a candidate marker set for the domain. The threshold of r > 0.3
reflects a moderate effect size commonly used in co-expression
and spatial transcriptomics analyses, while ensuring biological
relevance. This correlation-based framework offers a biologically
grounded alternative for marker gene inference, particularly in
scenarios where conventional DE testing may be limited by
sample heterogeneity or low statistical power. By integrating topic
modeling with correlation analysis, it provides an interpretable
and data-driven means to explore the transcriptional architecture
of spatial domains. 

4.16 Gene Ontology Functional Enrichment 
Analysis 

GO functional enrichment analysis was performed using the
enrichr function from the gseapy Python package (version
1.1.4). The gene sets used included ‘MSigDB_Hallmark_2020’,
‘KEGG_2021_Human’, and ‘GO_Biological_Process_2018’. 

4.17 Statistics and Reproducibility 

All statistical tests and multiple-testing corrections follow the
procedures described in the corresponding Methods subsec-
tions. In particular, differentially expressed genes are defined
as described in “Identification of differential genes,” with FDR-
controlled Wilcoxon rank-sum tests and consistent fold-change
thresholds across analyses. 

No statistical method is used to pre-determine sample size. No
data is excluded from the analysis, all genes in datasets are
used throughout all analyses. The investigators are blinded to
allocation during experiments and outcome assessment. 
Advanced Science, 2026
Author Contributions 

Y.H. and S.W. conceived and designed the project. Y.H., Y.X., and L.D.
contributed to the overall design and implementation of the study. Y.H.
collected the datasets and conducted the experiments. Y.H. performed the
data analysis. Y.H. tested the software and validated the results. Y.H. and
S.W. drafted the manuscript. H.-D.L. and S.W. provided critical revisions
and supervision. Y.L. contributed methodological guidance. All authors
reviewed and approved the final version of the manuscript. 

Acknowledgements 

This work was supported in part by the National Key Research and
Development Program of China (No.2021YFF1201200), the National 
Natural Science Foundation of China under Grants (Nos. 62350004,
62332020). This work was carried out in part using computing resources
at the High-Performance Computing Center of Central South University. 

Funding 

This work was supported in part by the National Natural Science
Foundation of China under Grants (Nos. 62350004, 62332020), and
Hunan Provincial Natural Science Foundation of China (2025JJ20068).
This work was carried out in part using computing resources at the
High-Performance Computing Center of Central South University. 

Conflicts of Interest 

The authors declare no conflicts of interest. 

Data Availability Statement 

Data sharing is not applicable to this article as no new data were created
or analyzed in this study. 

References 

1 . C. Hu, M. Borji, G. J. Marrero, et al., “Scalable Spatial Transcriptomics
Through Computational Array Reconstruction,” Nature Biotechnology 43 
(2025): 1–7. 

2 . Y. Kim, W. Cheng, C.-S. Cho, et al., “Seq-Scope: Repurposing Illumina
Sequencing Flow Cells for High-resolution Spatial Transcriptomics,”
Nature Protocols 20 (2024): 643–689, https://doi.org/10.1038/s41596-024- 
01065-0 . 

3 . A. J. C. Russell, J. A. Weir, N. M. Nadaf, et al., “Slide-tags Enables Single-
nucleus Barcoding for Multimodal Spatial Genomics,” Nature 625 (2024):
101–109, https://doi.org/10.1038/s41586- 023- 06837- 4 . 

4 . K. H. Chen, A. N. Boettiger, J. R. Moffitt, S. Wang, and X. Zhuang,
“Spatially Resolved, Highly Multiplexed RNA Profiling in Single Cells,”
Science 348 (2015): aaa6090, https://doi.org/10.1126/science.aaa6090 . 

5 . S. G. Rodriques, R. R. Stickels, A. Goeva, et al., “Slide-seq: A Scalable
Technology for Measuring Genome-wide Expression at High Spatial Res-
olution,” Science 363 (2019): 1463–1467, https://doi.org/10.1126/science. 
aaw1219 . 

6 . D. Zhang, A. Schroeder, H. Yan, et al., “Inferring Super-resolution Tis-
sue Architecture by Integrating Spatial Transcriptomics With Histology,”
Nature Biotechnology 42 (2024): 1372–1377, https://doi.org/10.1038/s41587- 
023-02019-9 . 

7 . Anonymous“Analyzing Submicron Spatial Transcriptomics Data at 
Their Original Resolution,” Nature Methods 21 (2024): 1794–1795, https://
doi.org/10.1038/s41592-024-02416-1 . 

8 . S. Zhong, M. Wang, L. Huang, et al., “Single-cell Epigenomics and Spa-
tiotemporal Transcriptomics Reveal human Cerebellar Development,”
Nature Communications 14 (2023): 7613, https://doi.org/10.1038/s41467- 
023- 43568- 6 . 
19 of 21

https://doi.org/10.1038/s41596-024-01065-0
https://doi.org/10.1038/s41586-023-06837-4
https://doi.org/10.1126/science.aaa6090
https://doi.org/10.1126/science.aaw1219
https://doi.org/10.1038/s41587-023-02019-9
https://doi.org/10.1038/s41592-024-02416-1
https://doi.org/10.1038/s41467-023-43568-6


 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

9 . K. P. Matchett, J. Paris, S. A. Teichmann, and N. C. Henderson, “Spatial
Genomics: Mapping human Steatotic Liver Disease,” Nature Reviews
Gastroenterology and Hepatology 21 (2024): 646–660, https://doi.org/10.
1038/s41575-024-00915-2 . 

10 . A. C. Greenwald, N. G. Darnell, R. Hoefflin, et al., “Integrative Spatial
Analysis Reveals a Multi-Layered Organization of Glioblastoma,” Cell 187
(2024): 2485–2501, https://doi.org/10.1016/j.cell.2024.03.029 . 

11 . Y. Chen, C. Zhen, Y. Mo, et al., “Multiscale Dissection of Spa-
tial Heterogeneity by Integrating Multi-Slice Spatial and Single-Cell
Transcriptomics,” Advancement of Science 12 (2025): 2413124. 

12 . Y. Jin, Y. Zuo, G. Li, et al., “Advances in Spatial Transcriptomics and
Its Applications in Cancer Research,” Molecular Cancer 23 (2024): 129,
https://doi.org/10.1186/s12943-024-02040-9 . 

13 . Y. Hao, T. Stuart, M. H. Kowalski, et al., “Dictionary Learning
for Integrative, Multimodal and Scalable Single-Cell Analysis,” Nature
Biotechnology 42 (2024): 293–304, https://doi.org/10.1038/s41587-023- 
01767-y. 

14 . A. Vandenbon and D. Diez, “A Clustering-independent Method for
Finding Differentially Expressed Genes in Single-Cell Transcriptome
Data,” Nature Communications 11 (2020): 4318, https://doi.org/10.1038/
s41467- 020- 17900- 3 . 

15 . Q. Zhu, S. Shah, R. Dries, L. Cai, and G.-C. Yuan, “Identification of Spa-
tially Associated Subpopulations by Combining scRNAseq and Sequential
Fluorescence In Situ Hybridization Data,”Nature Biotechnology 36 (2018):
1183–1190, https://doi.org/10.1038/nbt.4260 . 

16 . E. Zhao, M. R. Stone, X. Ren, et al., “Spatial Transcriptomics at Subspot
Resolution With BayesSpace,” Nature Biotechnology 39 (2021): 1375–1384,
https://doi.org/10.1038/s41587- 021- 00935- 2 . 

17 . Z. Li and X. Zhou, “BASS: Multi-Scale and Multi-Sample Analysis
Enables Accurate Cell Type Clustering and Spatial Domain Detection in
Spatial Transcriptomic Studies,” Genome Biology 23 (2022): 168, https://
doi.org/10.1186/s13059-022-02734-7 . 

18 . Z. Xun, X. Ding, Y. Zhang, et al., “Reconstruction of the Tumor Spatial
Microenvironment Along the Malignant-Boundary-Nonmalignant Axis,”
Nature Communications 14 (2023): 933, https://doi.org/10.1038/s41467- 
023- 36560- 7 . 

19 . H. Xu, H. Fu, Y. Long, et al., “Unsupervised Spatially Embedded Deep
Representation of Spatial Transcriptomics,” Genome Medicine 16 (2024):
12, https://doi.org/10.1186/s13073-024- 01283- x. 

20 . Y. Wang, Z. Liu, and X. Ma, “MNMST: Topology of Cell Networks
Leverages Identification of Spatial Domains From Spatial Transcrip-
tomics Data,” Genome Biology 25 (2024): 133, https://doi.org/10.1186/
s13059-024-03272-0 . 

21 . S. Ren, X. Liao, F. Liu, J. Li, X. Gao, and B. Yu, “Exploring the
Latent Information in Spatial Transcriptomics Data via Multi-View
Graph Convolutional Network Based on Implicit Contrastive Learning,”
Advancement of Science 12, no. 21 (2025): 2413545. 

22 . K. Dong and S. Zhang, “Deciphering Spatial Domains From Spatially
Resolved Transcriptomics With an Adaptive Graph Attention Auto-
encoder,” Nature Communications 13 (2022): 1739, https://doi.org/10.
1038/s41467-022-29439-6 . 

23 . Y. Long, K. S. Ang, M. Li, et al., “Spatially Informed Clustering, Inte-
gration, and Deconvolution of Spatial Transcriptomics With GraphST,”
Nature Communications 14 (2023): 1155, https://doi.org/10.1038/s41467- 
023- 36796- 3 . 

24 . Y. Zong, T. Yu, X. Wang, et al., “conST: An Interpretable Multi-
Modal Contrastive Learning Framework for Spatial Transcriptomics,”
Cold Spring Harbor Laboratory (2022): 1–20. 

25 . J. Hu, X. Li, K. Coleman, et al., “SpaGCN: Integrating Gene Expres-
sion, Spatial Location and Histology to Identify spatial Domains and
Spatially Variable Genes by Graph Convolutional Network,” Nature
Methods 18 (2021): 1342–1351, https://doi.org/10.1038/s41592- 021- 01255- 8 . 
20 of 21
26 . C. Xu, X. Jin, S. Wei, et al., “DeepST: Identifying Spatial Domains
in Spatial Transcriptomics by Deep Learning,” Nucleic Acids Research 50
(2022): 131, https://doi.org/10.1093/nar/gkac901 . 

27 . J. Huang, X. Fu, Z. Zhang, et al., “A Graph Self-Supervised Residual
Learning Framework for Domain Identification and Data Integration of
Spatial Transcriptomics,” Communications Biology 7 (2024): 1123, https:// 
doi.org/10.1038/s42003-024-06814-1 . 

28 . Y. Yang, Y. Cui, X. Zeng, et al., “STAIG: Spatial Transcriptomics Anal-
ysis via Image-aided Graph Contrastive Learning for Domain Exploration
and Alignment-Free Integration,” Nature Communications 16 (2025): 
1067, https://doi.org/10.1038/s41467- 025- 56276- 0 . 

29 . C. Zuo, J. Xia, and L. Chen, “Dissecting Tumor Microenvironment
From Spatially Resolved Transcriptomics Data by Heterogeneous Graph
Learning,” Nature Communications 15 (2024): 5057, https://doi.org/10. 
1038/s41467-024-49171-7 . 

30 . Y. Ma and X. Zhou, “Accurate and Efficient Integrative Reference-
Informed Spatial Domain Detection for Spatial Transcriptomics,” Nature 
Methods 21 (2024): 1231–1244, https://doi.org/10.1038/s41592-024-02284-9 . 

31 . L. Shang, P. Wu, and X. Zhou, “Statistical Identification of Cell
Type-Specific Spatially Variable Genes in Spatial Transcriptomics,”
Nature Communications 16 (2025): 1059, https://doi.org/10.1038/s41467- 
025-56280-4 . 

32 . P. Sun, S. J. Bush, S. Wang, et al., “STMiner: Gene-Centric Spatial
Transcriptomics for Deciphering Tumor Tissues,” Cell Genomics 5 (2025):
100771, https://doi.org/10.1016/j.xgen.2025.100771 . 

33 . U. Chitra, B. J. Arnold, H. Sarkar, et al., “Mapping the
Topography of Spatial Gene Expression With Interpretable Deep 
Learning,” Nature Methods 22 (2025): 298–309, https://doi.org/10.1038/ 
s41592-024-02503-3 . 

34 . C. Zhong, K. S. Ang, and J. Chen, “Interpretable Spatially Aware
Dimension Reduction of Spatial Transcriptomics With STAMP,” Nature 
Methods 21 (2024): 2072–2083, https://doi.org/10.1038/s41592-024-02463- 
8 . 

35 . M. Caron, I. Misra, J. Mairal, et al., “Unsupervised Learning of
Visual Features by Contrasting Cluster Assignments,”Advances in Neural 
Information Processing Systems 33 (2020): 9912–9924. 

36 . Z. Yuan, F. Zhao, S. Lin, et al., “Benchmarking Spatial Clustering
Methods With Spatially Resolved Transcriptomics Data,”Nature Methods 
21 (2024): 712–722, https://doi.org/10.1038/s41592-024-02215-8 . 

37 . Y. Liang, G. Shi, R. Cai, et al., “PROST: Quantitative Identification
of Spatially Variable Genes and Domain Detection in Spatial Transcrip-
tomics,” Nature Communications 15 (2024): 600, https://doi.org/10.1038/ 
s41467- 024- 44835- w. 

38 . K. R. Maynard, L. Collado-Torres, L. M. Weber, et al., “Transcriptome-
Scale Spatial Gene Expression in the human Dorsolateral Prefrontal
Cortex,” Nature Neuroscience 24 (2021): 425–436, https://doi.org/10.1038/ 
s41593-020-00787-0 . 

39 . V. Petukhov, R. J. Xu, R. A. Soldatov, et al., “Cell Segmentation in
Imaging-Based Spatial Transcriptomics,” Nature Biotechnology 40 (2021): 
345–354, https://doi.org/10.1038/s41587- 021- 01044- w. 

40 . Y. Yamamoto, R. Mizuno, T. Nishimura, et al., “Cloning and Expres-
sion of Myelin-Associated Oligodendrocytic Basic Protein. A Novel 
Basic Protein Constituting the Central Nervous System Myelin,” Journal 
of Biological Chemistry 269 (1994): 31725–31730, https://doi.org/10.1016/ 
S0021-9258(18)31756-3 . 

41 . M. Renelt, V. B. Halbach, and O. B. Halbach, “Distribution of PCP4
Protein in the Forebrain of Adult Mice,” Acta Histochemica 116 (2014):
1056–1061, https://doi.org/10.1016/j.acthis.2014.04.012 . 

42 . D. D. Rupert and S. D. Shea, “Parvalbumin-positive Interneurons
Regulate Cortical Sensory Plasticity in Adulthood and Development
Through Shared Mechanisms,” Frontiers in Neural Circuits 16 (2022):
886629, https://doi.org/10.3389/fncir.2022.886629 . 
Advanced Science, 2026

https://doi.org/10.1038/s41575-024-00915-2
https://doi.org/10.1016/j.cell.2024.03.029
https://doi.org/10.1186/s12943-024-02040-9
https://doi.org/10.1038/s41587-023-01767-y
https://doi.org/10.1038/s41467-020-17900-3
https://doi.org/10.1038/nbt.4260
https://doi.org/10.1038/s41587-021-00935-2
https://doi.org/10.1186/s13059-022-02734-7
https://doi.org/10.1038/s41467-023-36560-7
https://doi.org/10.1186/s13073-024-01283-x
https://doi.org/10.1186/s13059-024-03272-0
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-023-36796-3
https://doi.org/10.1038/s41592-021-01255-8
https://doi.org/10.1093/nar/gkac901
https://doi.org/10.1038/s42003-024-06814-1
https://doi.org/10.1038/s41467-025-56276-0
https://doi.org/10.1038/s41467-024-49171-7
https://doi.org/10.1038/s41592-024-02284-9
https://doi.org/10.1038/s41467-025-56280-4
https://doi.org/10.1016/j.xgen.2025.100771
https://doi.org/10.1038/s41592-024-02503-3
https://doi.org/10.1038/s41592-024-02463-8
https://doi.org/10.1038/s41592-024-02215-8
https://doi.org/10.1038/s41467-024-44835-w
https://doi.org/10.1038/s41593-020-00787-0
https://doi.org/10.1038/s41587-021-01044-w
https://doi.org/10.1016/S0021-9258(18)31756-3
https://doi.org/10.1016/j.acthis.2014.04.012
https://doi.org/10.3389/fncir.2022.886629


 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

43 . M. Khalil, C. E. Teunissen, M. Otto, et al., “Neurofilaments as
Biomarkers in Neurological Disorders,” Nature Reviews Neurology 14
(2018): 577–589, https://doi.org/10.1038/s41582- 018- 0058- z . 

44 . J.-R. Wei, Z.-Z. Hao, C. Xu, et al., “Identification of Visual Cortex
Cell Types and Species Differences Using Single-cell RNA Sequencing,”
Nature Communications 13 (2022): 6902, https://doi.org/10.1038/s41467- 
022- 34590- 1 . 

45 . S. Hao, X. Zhu, Z. Huang, et al., “Cross-species Single-cell Spatial
Transcriptomic Atlases of the Cerebellar Cortex,” Science 385 (2024):
ado3927, https://doi.org/10.1126/science.ado3927 . 

46 . Q. Wang, S.-L. Ding, Y. Li, et al., “The Allen Mouse Brain Common
Coordinate Framework: A 3D Reference Atlas,” Cell 181 (2020): 936–953,
https://doi.org/10.1016/j.cell.2020.04.007 . 

47 . B. P. Tewari, A. M. Woo, C. E. Prim, et al., “Astrocytes Require
Perineuronal Nets to Maintain Synaptic Homeostasis in Mice,” Nature
Neuroscience 27 (2024): 1475–1488, https://doi.org/10.1038/s41593-024- 
01714-3 . 

48 . E. Shimobayashi and J. P. Kapfhammer, “Calcium Signaling, PKC
Gamma, IP3R1 and CAR8 Link Spinocerebellar Ataxias and Purkinje Cell
Dendritic Development,” Current Neuropharmacology 16 (2018): 151–159,
https://doi.org/10.2174/1570159X15666170529104000 . 

49 . L. N. Miterko, J. J. White, T. Lin, A. M. Brown, K. J. O’Donovan, and R.
V. Sillitoe, “Persistent Motor Dysfunction Despite Homeostatic Rescue of
Cerebellar Morphogenesis in the Car8 Waddles Mutant Mouse,” Neural
Development 14 (2019): 6, https://doi.org/10.1186/s13064- 019- 0130- 4 . 

50 . M. Ratz, L. von Berlin, L. Larsson, et al., “Clonal Relations in
the Mouse Brain Revealed by Single-Cell and Spatial Transcriptomics,”
Nature Neuroscience 25 (2022): 285–294, https://doi.org/10.1038/s41593- 
022- 01011- x. 

51 . A. M. Khaliq, M. Rajamohan, O. Saeed, et al., “Spatial Transcrip-
tomic Analysis of Primary and Metastatic Pancreatic Cancers Highlights
Tumor Microenvironmental Heterogeneity,” Nature Genetics 56 (2024):
2455–2465, https://doi.org/10.1038/s41588-024- 01914- 4 . 

52 . J. Jiang, Y. Liu, J. Qin, et al., “METI: Deep Profiling of Tumor
Ecosystems by Integrating Cell Morphology and Spatial Transcriptomics,”
Nature Communications 15 (2024): 7312, https://doi.org/10.1038/s41467- 
024-51708-9 . 

53 . S. B. Gosling, E. L. Arnold, S. K. Davies, et al., “Microcalcification
Crystallography as a Potential Marker of DCIS Recurrence,” Scientific
Reports 13 (2023): 9331, https://doi.org/10.1038/s41598- 023- 33547- 8 . 

54 . M. El-Tanani, S. A. Rabbani, R. Babiker, et al., “Unraveling the Tumor
Microenvironment: Insights Into Cancer Metastasis and Therapeutic
Strategies,” Cancer Letters 591 (2024): 216894, https://doi.org/10.1016/j.
canlet.2024.216894 . 

55 . H. M. Cangara, U. A. Miskad, T. Ishida, K. Hirata, and S. Wahid,
“Expression of Esam and Vwf as Angiogenesis Marker in Tumor Growth
and Metastasis of Carcinoma,” Annals of Oncology 25 (2014): v44–v74,
https://doi.org/10.1093/annonc/mdu435.23 . 

56 . R. D. Starke, K. Paschalaki, F. Ferraro, et al., “Von Willebrand Factor
(VWF) Regulates Angiogenesis: Studies in Blood-Derived Endothelial
Progenitor Cells From Von Willebrand’s Disease Patients and VWF-
Deficient Mice,” Blood 118 (2011): 5311, https://doi.org/10.1182/blood.V118.
21.5311.5311 . 

57 . J. He, D. Mo, J. Chen, and L. Luo, “Combined Whole-mount Fluores-
cence In Situ Hybridization and Antibody Staining in Zebrafish Embryos
and Larvae,” Nature Protocols 15 (2020): 3361–3379, https://doi.org/10.
1038/s41596- 020- 0376- 7 . 

58 . R. A. Martin, M. R. Viggars, and K. A. Esser, “Metabolism and
Exercise: The Skeletal Muscle Clock Takes Centre Stage,” Nature
Reviews Endocrinology 19 (2023): 272–284, https://doi.org/10.1038/s41574- 
023- 00805- 8 . 

59 . J. Yao, Q. Chu, X. Guo, et al., “Spatiotemporal Transcriptomic Land-
scape of Rice Embryonic Cells During Seed Germination,”Developmental
Advanced Science, 2026
cell 59, no. 17 (2024): 2320–2332, https://doi.org/10.1016/j.devcel.2024.05. 
016 . 

60 . F. A. Wolf, P. Angerer, and F. J. Theis, “SCANPY: Large-scale Single-
cell Gene Expression Data Analysis,”Genome Biology 19 (2018): 15, https://
doi.org/10.1186/s13059- 017- 1382-0 . 

Supporting Information 

Additional supporting information can be found online in the Supporting
Information section. 
Supporting File: advs73676-sup-0001-SuppMat.pdf. 
21 of 21

https://doi.org/10.1038/s41582-018-0058-z
https://doi.org/10.1038/s41467-022-34590-1
https://doi.org/10.1126/science.ado3927
https://doi.org/10.1016/j.cell.2020.04.007
https://doi.org/10.1038/s41593-024-01714-3
https://doi.org/10.2174/1570159X15666170529104000
https://doi.org/10.1186/s13064-019-0130-4
https://doi.org/10.1038/s41593-022-01011-x
https://doi.org/10.1038/s41588-024-01914-4
https://doi.org/10.1038/s41467-024-51708-9
https://doi.org/10.1038/s41598-023-33547-8
https://doi.org/10.1016/j.canlet.2024.216894
https://doi.org/10.1093/annonc/mdu435.23
https://doi.org/10.1182/blood.V118.21.5311.5311
https://doi.org/10.1038/s41596-020-0376-7
https://doi.org/10.1038/s41574-023-00805-8
https://doi.org/10.1016/j.devcel.2024.05.016
https://doi.org/10.1186/s13059-017-1382-0

	SAGE: Spatially Aware Gene Selection and Dual-View Embedding Fusion for Domain Identification in Spatial Transcriptomics
	1 | Introduction
	2 | Results
	2.1 | Overview of SAGE Workflow
	2.2 | Benchmarking Domain Segmentation Performance
	2.3 | SAGE Effectively Resolves Cortical Layer Organization in DLPFC With High Accuracy
	2.4 | SAGE Precisely Identifies the Hierarchical Structure and Functional Regions of the Mouse Brain
	2.5 | SAGE Reveals the Spatial Heterogeneity Associated with Early Oncogenesis in Breast Cancer Tissue
	2.6 | SAGE Unveils Fine-Grained Tumor-Microenvironment Interactions in Zebrafish Melanoma

	3 | Discussion
	4 | Methods
	4.1 | Data Preparation
	4.2 | Data Preprocessing
	4.3 | Multi-Resolution Consensus Clustering
	4.4 | NMF Topic Modeling
	4.5 | Topic Selection via Supervised Learning
	4.6 | Construction of High Spatial-Specificity Genes (HSGs)
	4.7 | Consensus-Driven Graph Construction
	4.8 | Dual-View Graph Neural Network
	4.9 | Joint Optimization Objectives
	4.10 | Spatial Domain Identification
	4.11 | The Ablation Studies of SAGE
	4.12 | Visualization of Dual-View Embeddings and Attention Weights
	4.13 | Usage of Comparative Methods
	4.14 | Performance Evaluation Metrics
	4.15 | Identification of Differential Genes
	4.16 | Gene Ontology Functional Enrichment Analysis
	4.17 | Statistics and Reproducibility

	Author Contributions
	Acknowledgements
	Funding
	Conflicts of Interest
	Data Availability Statement
	References
	Supporting Information


