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Spatial multi-omics enables the exploration of tissue microenvironments and
heterogeneity from the perspective of different omics modalities across dis-
tinct spatial domains within tissues. To jointly analyze the spatial multi-omics
data, computational methods are desired to integrate multiple omics with
spatial information into a unified space. Here, we present SMART (Spatial
Multi-omic Aggregation using gRaph neural networks and meTric learning), a
computational framework for spatial multi-omic integration. SMART leverages
a modality-independent modular and stacking framework with spatial coor-
dinates and adjusts the aggregation using triplet relationships. SMART excels
at accurately identifying spatial regions of anatomical structures, compatible
with spatial datasets of any type and number of omics layers, while demon-
strating exceptional computational efficiency and scalability on large datasets.

Moreover, a variant of SMART, SMART-MS, expands its capabilities to inte-
grate spatial multi-omics data across multiple tissue sections. In summary,
SMART provides a versatile, efficient, and scalable solution for integrating
spatial multi-omics data.

In recent years, spatial single-omics technologies, such as spatial
transcriptomics, epigenomics, and metabolomics have established a
vital role and are regarded as next generation techniques in biological
and medical research. The emergence of spatial multi-omics enables
simultaneous detection of different modal omics within the same tis-
sue section, which offers valuable perspectives for in-depth analysis
and understanding of gene regulation and microenvironment. Cur-
rently, the predominant spatial multi-omics technologies encompass
simultaneous detection of spatial transcriptomics and epigenomics,
such as CUT&Tag-RNA-seq' and MISAR-seq?, as well as the concurrent
detection of spatial transcriptomics and proteomics including SM-
Omics®, SPOTS*, GeoMX DSP°, Stereo-CITE-seq® and 10x Genomics

Visium CytAssist. Different omics can provide complementary infor-
mation of the tissues, but also pose an urgent demand for computa-
tional methods capable of integrating multi-omics data and accurately
identifying distinct spatial domains, such as anatomical structures or
cell types, within tissues.

The main challenge in integrating spatial multi-omics data lies in
the inherent biological heterogeneity across different omics, which
often exhibit distinct data dimensionalities and distributions. More-
over, the incorporation of spatial coordinate information complicates
the integration of these diverse omic data into a unified representa-
tion. Graph neural network-based approaches have demonstrated
promising performance in modeling spatial information within spatial
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transcriptomics, such as SpaGCN’, CCST®, STAGATE’, GraphST'",
conSTY, DeepST®, and SpaceFlow", but these approaches were ori-
ginally developed for spatial transcriptomics data and have not yet
been applied to spatial multi-omics data integration. Recently, multi-
modal machine learning methods have been proposed such as con-
trastive learning-based methods", dynamically learning modality
gap'®, and hierarchical multimodal metric learning”. Although
numerous computational methods have been proposed for multi-
omic integration, such as MOFA+*, StabMap*, scMM?, Seurat WNN?*,
CiteFuse”, totalVI®, SNF?°, MEFISTO?, and multiVI*®, they do not
incorporate the spatial coordinates and are therefore not demon-
strated the capability to identify spatial domains within tissue samples.
Recently,  SpatialGlue?’,  CellCharter’®, MISO*, COSMOS*,
SpaMultiVAE*, and PRESENT** were proposed to integrate multi-omics
data with spatial information. However, MISO, CellCharter, and Spa-
MultiVAE integrate multi-omics features merely through simple con-
catenation or basic operations, failing to effectively capture and utilize
the complementary characteristics among different omics layers,
which results in suboptimal integration performance. Although COS-
MOS constructs graph models based on spatial adjacency, such
approaches primarily capture local spatial information and may over-
look functionally similar regions that are spatially distant. SpatialGlue
constructs separate graphs for spatial coordinates and omics features
rather than generating a unified graph representation that jointly
models both types of information. Moreover, its dual-attention
mechanism leads to increased computational complexity with the
number of omics modalities and has not demonstrated to support
multi-section analysis. PRESENT mainly models specific omics mod-
alities, and its applicability and scalability to emerging omics tech-
nologies remain to be further evaluated. In addition, its
computationally intensive statistical parameter estimation process
further limits its performance. Therefore, there is an urgent need for a
computation method that can construct a unified spatial omics graph
representation and efficiently process the spatial multi-omics data
from both single and multiple tissue sections.

In this work, we propose SMART (Spatial Multi-omic Aggrega-
tion method using gRaph neural networks and meTric learning), an
unsupervised deep learning framework that leverages graph sam-
pling, aggregation and metric learning for spatial multi-omic inte-
gration. SMART constructs a unified graph by incorporating spatial
coordinates and omic features. It learns the graph representations
using graph neural networks and refines the aggregation process
based on the relationships among omic spots through metric learn-
ing, thereby integrating multi-omics data with spatial context into a
unified latent space. Furthermore, SMART is applicable to datasets at
different spatial resolutions and across multiple tissue sections. To
validate the effectiveness of SMART, we first conducted experiments
on simulated tri-omics data, which demonstrated that SMART theo-
retically outperforms other methods in both qualitative and quanti-
tative assessments. Subsequently, we applied SMART to jointly
detected spatial transcriptomics and proteomics data from human
lymph nodes, as well as jointly detected spatial transcriptomics and
epigenomics data from mouse brains. These datasets were generated
using a variety of spatial multi-omics technologies, encompassing
methods such as 10x Genomics Visium CytAssist, MISAR-seq?,
SPOTS*, Stereo-CITE-seq®. SMART demonstrated superior quantita-
tive performance and more accurate spatial domain identification on
real-world datasets. Finally, we applied the SMART-MS model, a
variant of SMART for Multi-Section analysis, to integrate spatial
transcriptomics and proteomics data from mouse spleen and thymus
across multiple tissue sections. This approach enabled more precise
identification of cell types and anatomical structures within the tis-
sues. These experimental results underscore the advantages of
SMART in analyzing spatial multi-omics data.

Results

Overall structure of SMART

SMART is a computational method using graph neural networks
combined with metric learning to integrate multiple omics modalities
and spatial tissue distribution into a unified latent representation
(Fig. 1a). It constructs a graph using spatial coordinates and omic-
derived principal components to capture spatial correlations across
tissue spots. Some spots may belong to the same cell type or anato-
mical structure but be spatially distant. To account for this, we applied
metric learning with triplet loss to adaptively adjust the latent repre-
sentation. The input of SMART includes omic matrices from tran-
scriptomics, proteomics, or epigenomics, along with corresponding
spatial coordinates indicating locations. SMART aims to derive an
integrated representation that can provide a more comprehensive
understanding of spatial domains within tissue samples and is applic-
able to datasets collected by diverse platforms, including 10x Geno-
mics Visium CytAssist, MISAR-seq?, SPOTS* and Stereo-CITE-seq®.

Instead of analyzing raw or highly variable omic features, we
applied principal components, which reflect omic variation and
synergy for further analysis, aligning with the biological premise that
genes function cooperatively. Moreover, spatial omics data are typi-
cally sparse due to limitations of current sequencing technologies.
Directly similarity calculations based on raw omic features can be
misleading, as zero expression from different spots may be incorrectly
interpreted as similar. Therefore, we applied principal component
analysis (PCA) to each omics, reducing high-dimensional expression
data to lower-dimensional representations that retain biologically
meaningful patterns. Its variant, SMART-MS, designed for multi-
section multi-omics integration, utilizes PCA and Harmony to
remove batch effects, and uses the processed data as input to the
model (Fig. 1b).

As cells communicate with their neighbors, each cell within a tis-
sue is influenced by its surrounding environment®?®. To model this
spatial context, SMART constructs spatial neighbor graphs based on
the spatial coordinates of tissue sections through k-nearest-neighbor
algorithm (KNN). To integrate omic features with spatial information,
we applied graph sampling and aggregation (GraphSAGE*’) -based
encoders to embed both the spatial neighbor graph and the low-
dimensional features obtained through PCA. A fully connected net-
work then integrates the embeddings from different omics to generate
unified representations, which can reconstruct omic-specific features
through GraphSAGE-based decoders.

However, the spatial neighbor graph only captures local spatial
context and neglects spots that are of the same type but located dis-
tally within the tissue. Therefore, our model assesses the similarity of
principal component between spots to identify similar groups. A
mutual nearest neighbor algorithm (MNN) is employed to detect pairs
of spots that in each other’s similar group. These spot pairs are then
designated as anchor-positive pairs for metric learning. For single-
section data, positive samples are selected from within the same sec-
tion, whereas for multi-section data, positive samples are drawn from
different sections. In both cases, negative samples are consistently
selected from within the same section as anchors (Fig. 1c). A triplet loss
is constructed to guide the spatial graph by adjusting the representa-
tion between spots based on their mutual similarity in principal com-
ponent space, even when they are spatially distant within the tissue.

SMART is designed to preserve the original omics-specific fea-
tures in the latent space while maintaining similarity between spots
and incorporating spatial context. Despite its simplicity, SMART is
effective for integrating datasets containing two or three omics layers
and is theoretically scalable to both single-omics and more complex
multi-omics scenarios. Moreover, SMART supports the integration of
spatial multi-omics data across different technologies, resolutions, and
tissue sections (Fig. 1d). To validate the design of SMART, we

Nature Communications | (2026)17:2876


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-026-70821-5

a RNA Omics-Specific Omics-Specific l
Transcriptomics 0l SAGEConv Encoder SAGEConv Decoder
™ - -= ety Recon
W 3 1 RNA Features econ
SN e R Features Multi-modal 1 econ ) | Loss
( @ I 1
\u 2 1 embeddings | 1 | cRNA
s recon
Section m spots U 1 1 ADT
1 1 . a 11 L
& —n ! ! spaﬂal graph = ADT Fealuresl o
00 i ADT Feat
20300 Proteomics : S : E Recon :
0000 @ o
& 2
& K I 1 S 1 Tnplet
28 & 1 1 > \ 1 Loss
5 m spots 1 1 S ATAC Featuresl
00 eaturesl! RNA
05 e TAC Features )\) u I I Recon) | ‘Ctriplel
Epigenomics ! I I igapr
1 I 1 triplet
Radndgs | I | pATAC
W% N | P4 Loriplet
5
< A Unified
S T spots representation
000 Embedding clusters
— 5000 KNN g
>|coco &
000
X
c Sp:.tlalt Adjacency PCA +
oordinates Matrix harmony
Multi-section RNA

Section A Section B Section C

! \
1 1
Section C ' 1
| P 1
15 1
""" 18 1 C Triplet Samples Construction with MNN
Section A 1 Multi-section ADT : < my+ mg+ mg spots : . f
~ 000 . X Single-section Multi-section
b .
e e.,;? : -
B ' g ! s
: o ' g ! 3
I 1
S 3
ooo oo%% ! o S— 1
1 my+ mg+ mg spots 1
Multi-section ATAC 1 |
)
! 1
<
1 1
1 % 1
12 1 )
[ 1 |<£
\ ’ <
<
S |
000 .
Aorsn ‘ KNN i1 Diagonal Concat @ Push
0000 2
— >| °ogé;og§ Positive Anchor Negative
- Triplet Samples
Spatial Adjacency Adjacency
Coordinates Matrix Matrix

Different sequencing techniques

Different resolutions Multi-section

Simulated data 10x Visium CytAssist

MISAR-seq

SpatialCUT&Tag

50 um 25um

100 pm

Fig. 1| Framework of SMART designed for spatial multi-omics integration.

a SMART overview. The SMART framework constructs a spatial neighbor graph
from spatial coordinates using k-nearest neighbors (KNN). For each modality,
normalized features are dimensionally reduced using principal component ana-
lysis (PCA) and used as model inputs. Anchor, positive, and negative samples are
determined via mutual nearest neighbor (MNN) matching for metric learning.
SAGEConv encoder processes the spatial graph and input features by sampling and
aggregating neighborhood information to generate node embeddings. Multi-
modal embeddings are concatenated and integrated through a dense layer to
produce unified representations. The model is optimized by jointly minimizing
feature reconstruction (Recon) loss and triplet margin loss in the SAGEConv
decoder. The transcriptomics, proteomics, and epigenomics icons were adapted

from BioRender.com and are licensed under CC BY 4.0 (https://creativecommons.
org/licenses/by/4.0/). b SMART-MS overview. The SMART-MS framework inte-
grates multi-section omics data through horizontal concatenation of expression
matrices across tissue sections, followed by joint dimensionally reduction and
batch correction with Harmony to generate a unified input matrix. For spatial
graph construction, the model employs diagonal concatenation of spatial graphs
from individual sections. The remaining pipeline maintains consistency with the
standard SMART framework. ¢ Triplet samples construction. Single-section triplets
use intra-section sampling, while multi-section triplets select positives from other
sections and negatives from the anchor’s section with MNN. d Downstream
applications of SMARTS and SMART-MS for spatial multi-omics data across tech-
nologies, resolutions, and multi-section analyses.
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conducted a series of ablation studies, evaluating different graph
neural network encoders (e.g., GCN**, GAT*, GraphConv*’), strategies
for selecting anchor and positive pairs in metric learning, alternative
loss functions and other architectural components (Supplementary
Table 1 and Supplementary Figs. 1-4).

Moreover, SMART allows for tuning the number of neighbors K in
the spatial graph construction and the weight of the triplet loss to bias
the embedding toward either cell type or spatial domain preferences
(Supplementary Fig. 5). SMART also supports multi-omics integration
in scenarios where spots are partially missing within a single section
(Supplementary Fig. 6a-e). These experiments demonstrate the
robustness and flexibility of the SMART framework.

Benchmarking SMART’s performance using simulated data

We initially evaluated the performance of SMART using simulated
spatial multi-omics data with known ground truth, generated following
the method proposed by Townes et al.”’. The ground truth of the
simulated data defines five distinct spatial factors: factors 1 through 4,
representing different cell types, and a background category (Fig. 2a).
The simulation includes three distinct modalities, RNA, ADT, and
ATAC, which exhibit markedly different expression distributions,
reflecting the complementary nature of multi-omics data (Fig. 2b). We
compared SMART against several representative methods for multi-
omics integration at a clustering resolution of 5 clusters, including
MOFA +2°, MEFISTO%, SpatialGlue”, SNF*, CellCharter*®, MISO?,
Seurat WNN*, PRESENT*, COSMOS*> and SpaMultiVAE*. Among
existing approaches, these are currently the only methods that sup-
port the integration of three omics modalities.

Principal components extracted from each individual omic par-
tially revealed 3-5 distinct factors but failed to clearly distinguish all
spatial regions (Fig. 2c), highlighting the necessity of integrating
complementary multimodal and spatial information. Although MOFA
+, MISO, SNF, PRESENT and SpaMultiVAE can integrate multiple omics,
they failed to resolve certain regions. SpatialGlue, MEFISTO and
COSMOS successfully identified all factors but struggled with precise
boundary delineation between spatial regions, whereas WNN intro-
duced substantial noise into the segmentation results. In contrast,
SMART and CellCharter not only accurately identified all factors but
also closely matched the ground truth, demonstrating superior per-
formance in spatial domain identification (Fig. 2c, d, Supplemen-
tary Fig. 6f).

Integration methods aim to generate a unified embedding
(representation) of multi-omics data that preserves the original rela-
tionships within each omic. To assess how well these relationships are
maintained, we evaluated the consistency between the pairwise dis-
tances among spots in the original omics and their corresponding
distances in the embedded space. Specifically, we calculated the
Euclidean distances for all pairs of spots before and after embedding,
and based on these, computed the Pearson correlation coefficient to
assess the similarity between the original features and the embedded
representations. SMART and MOFA+ demonstrated the highest con-
sistency between the original and embedded representations across all
modalities, particularly with RNA and ADT (Fig. 2e). These results
indicate that both methods maximally preserved the original features
of each omics modality during integration, while SMART further
incorporated spatial information throughout this process. Within the
clusters identified by SMART, we also demonstrated the correlation
between each cluster and the individual omics modalities. This analysis
reveals that certain clusters tend to be more associated with specific
omics features, reflecting the complementary integration of mod-
alities achieved by SMART (Fig. 2f). Moreover, since cells of the same
type are often spatially clustered, such as clone populations of T cells*?,
we evaluated the overall spatial coherence of the embeddings using
Moran’s /, a measure of spatial autocorrelation. A higher Moran’s /
value indicates a more orderly spatial distribution. However, for

certain datasets with complex spatial domain patterns, Moran’s | may
be relatively low. SMART achieved Moran’s | scores approaching 1,
demonstrating excellent spatial clustering performance (Fig. 2g).

To quantitatively compare the performance of SMART with
existing methods, we evaluated clustering accuracy using several
standard metrics: Adjusted Rand Index (ARI), Adjusted Mutual Infor-
mation (AMI), Normalized Mutual Information (NMI), Homogeneity
(Homo), Mutual Information (MI), FMI (Fowlkes-Mallows Index) and
V-Measure. Across all metrics, SMART consistently achieved the
highest performance, followed by CellCharter. In contrast, MISO and
SNF did not produce comparable results (Fig. 2h).

SMART is a robust model applicable not only to multi-omics data
but also to single-omics modalities. We evaluated its performance
separately on RNA, ADT, and ATAC data, as well as their combinations,
using various metrics (Fig. 2i). Repeated experiments conducted ten
times with different random seeds demonstrated that SMART achieves
strong performance even when utilizing only one modality, though
slightly lower than results obtained with three modalities. To investi-
gate differences in the embeddings produced by SMART between
single-omics and multi-omics data, we compared the k-nearest
neighbor graphs derived from SMART embeddings in both scenar-
ios. Specifically, we computed embeddings using SMART for each
individual modality (SMART-ADT, SMART-RNA, SMART-ATAC) as well
as for the integration of all three modalities (SMART-ADT + RNA +
ATAC). For each embedding, we constructed a graph using the
k-nearest neighbors (k=10) and recorded all edges. By comparing the
edges across these graphs, we found that only 12.1% of the edges in the
three-omics embedding were unique, which is lower than the pro-
portion of unique edges found in any single-omics embedding (ATAC:
21.2%; ADT:17.6%; RNA: 16.1%) (Fig. 2j). This indicates that the tri-modal
embedding captures complementary features by integrating infor-
mation from all modalities.

SMART integrates spatial transcriptomic and proteomic data
To evaluate the effectiveness of SMART on real-world data, we applied
SMART and several comparison methods to a co-detected tran-
scriptome and proteome dataset from human lymph node section Al,
generated using the 10x Visium Spatial Platform. Hematoxylin and
eosin (H&E)-based annotations were used as the ground truth (Fig. 3a).
The outer region of the tissue is primarily composed of pericapsular
adipose tissue and the capsule, while the inner region includes the
cortex, medullary sinuses, and medullary cords. In addition to the
previously compared methods, we also included scMM?*, TotalVI¥,
MultiVI*®, COSMOS** and SpaMultiVAE* for RNA-protein integration,
resulting in a total of thirteen comparison methods used to assess the
performance of SMART.

The results with a cluster number of 7 demonstrate that SMART
not only successfully identified the cortex (cluster 2) and pericapsular
adipose tissue (cluster 3), but also more accurately delineated the
medullary sinuses (cluster 1) and medullary cords (cluster 5) compared
to existing methods (Fig. 3b). In addition, SMART detected smaller
structures such as follicles (cluster 6) and the capsule (cluster 4,7)
(Fig. 3b, Supplementary Fig. 7). While most other methods were able to
reliably identify the cortex, medullary sinuses, medullary cords and
pericapsular adipose region, MEFISTO, SNF, COSMOS and CellCharter
fail to separate the medullary sinus from the medullary cords due to
over-integration of spatial information. In the UMAP (Uniform Mani-
fold Approximation and Projection) visualization, SMART, PRESENT,
MISO and SpatialGlue exhibit well-defined cluster boundaries corre-
sponding to the ground truth labels, demonstrating their effectiveness
in identifying distinct tissue regions (Fig. 3c).

We further compared the performance of different methods using
supervised evaluation metrics, and the results show that SMART
demonstrates a significant advantage in quantitative assessments
when the number of clusters is set to 7 (Fig. 3d). Considering that the
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Fig. 2 | Integration of simulated multi-omics data using SMART for accurate
spatial region identification. a Ground truth spatial domains of the simulated
data. b Joint distribution map of expression data across the three omics.

¢ Clustering results based on PCA features from RNA, ADT, and ATAC, compared
with spatial multi omics integration methods. d Umap plots with ground truth
based on PCA features from RNA, ADT, and ATAC, compared with spatial multi
omics integration methods. e Violin plots of Pearson correlation coefficients (PCCs)
between distance matrices derived from the integrated embeddings of different
methods and those computed from individual omics (7 = number of independent
distance matrix correlation computations for each method and modality). The
central white dot represents the median, the vertical bar represents the inter-
quartile range (25th-75th percentiles), the violin bounds represent the minima and
maxima, and the curvature represents the kernel density estimate of the data dis-
tribution. f Violin plots of PCCs between the distance matrix derived from SMART's

integrated embedding and those computed from individual omics across different
clusters (n =number of independent distance matrix correlation computations for
each cluster and modality). The central white dot represents the median, the ver-
tical bar represents the interquartile range (25th-75th percentiles), the violin
bounds represent the minima and maxima, and the curvature represents the kernel
density estimate of the data distribution. g Bar plot illustrating Moran’s I scores for
different methods. h Bar plot displaying seven evaluation metrics to assess the
performance of different methods. i Bar plots of five evaluation metrics evaluating
the performance of different omics combinations across ten replicate experiments.
Data are presented as mean * standard error of the mean (n =10 independent
replicate experiments). j UpSet plot showing the edge intersections of nearest-
neighbor graphs constructed from embeddings generated by SMART-uniomics
and SMART-triomics. Source data are provided as a Source Data file.
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features from RNA and ADT, compared with results from different integration
methods. d Bar plot showing seven evaluation metrics for different methods when
the number of clusters is fixed at 7. e Box plots of the seven evaluation metrics
across different methods, with the number of clusters varying from 5 to 10. In the
box plot, the center line denotes the median, box limits denote the upper and lower
quartiles, whiskers denote 1.5 times the interquartile range (n = 6 clustering results).
fBox plots of Moran’s I scores for different methods, with cluster numbers ranging
from 5 to 10. In the box plot, the center line denotes the median, box limits denote

PAX5

viM
CD163

<+ <
o 9
[SN=}
o

PCNA
ACTA2
PECAM1
KRTS
FCGR3A
CD68
CR2
PAXS
CXCRS5
PDCD1
MS4A1

w I\'\é
4aIeh
B8S8883%
3
I

CD274

the upper and lower quartiles, whiskers denote 1.5 times the interquartile range,
and data points beyond the whiskers represent outliers (n = 6 clustering results).
g Pearson correlation coefficients (PCCs) between distance matrices computed
from integrated embeddings of each method and those derived from individual
omics. The plot shows the distribution of PCCs (n = number of independent dis-
tance matrix correlation computations for each method and modality). h Pearson
correlation coefficients (PCCs) between the distance matrix computed from
SMART's integrated embedding and those derived from each omic across varying
cluster numbers. The plot shows the distribution of PCCs (n =number of inde-
pendent distance matrix correlation computations for each cluster number and
modality). i RNA expression of region-specific markers in SMART’s clusters.
jProtein expression of region-specific markers in SMART's clusters. Source data are
provided as a Source Data file.
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optimal number of clusters may vary across datasets, we additionally
evaluated the stability of SMART across a range of clustering resolu-
tions (from 5 to 10 clusters). The results indicate that SMART con-
sistently outperforms other methods under all settings, highlighting
its robustness across different clustering granularities (Fig. 3e). In the
spatial autocorrelation evaluation, SMART exhibits a moderate per-
formance, as its clustering results closely align with the ground truth
labels but do not display particularly pronounced spatial patterns
(Fig. 3f). Additionally, for each cluster, we calculated the Pearson
correlation coefficients between the original transcriptomic or pro-
teomic features and the unified embeddings generated by SMART by
comparing the pairwise relationship among spots before and after
embeddings. The results show that SMART exhibits a high degree of
consistency between the original and embedded representations
(Fig. 3g). Specifically, SMART placed greater emphasis on protein
features in clusters 1 and 2, while RNA features contributed more
prominently in clusters 3, 4, 5, 6 and 7 (Fig. 3h).

To validate the accuracy of the spatial domains identified by
SMART, we extracted spatially specific marker genes and proteins for
selected regions (Fig. 3h, i). For example, CD3E and CCR7 show high
expression in both RNA and ADT modalities within the cortex (Cluster
3), indicating that this region harbors a higher abundance of T cells
compared to other spatial domains (Supplementary Fig. 8). Similarly,
in the ADT modality, the medullary sinus (Cluster 1) may have been
grouped as a distinct class despite the absence of known spatially
specific marker proteins, but it can be reliably annotated based on the
expression of spatially enriched genes such as CCNI. These findings
demonstrate that SMART effectively leverages the complementary
strengths of transcriptomic and proteomic data to identify spatial
domains with high biological relevance.

We further evaluated SMART on an additional sample, human
lymph node section D1, and observed that it consistently out-
performed other methods. These results demonstrate SMART’s strong
generalization capability in integrating transcriptomic and proteomic
data (Supplementary Figs. 9-11).

SMART integrates spatial transcriptomic and chromatin
accessibility data

In addition to integrating spatial transcriptomic and proteomic data,
SMART can also fuse spatial transcriptomics with chromatin accessi-
bility. We evaluated SMART’s performance on brain datasets from four
developing mice at distinct embryonic stages (E11.0, E13.5, E15.5, and
E18.5)% These datasets were generated using MISAR-seq, a technique
that enables spatially resolved joint profiling of chromatin accessibility
and gene expression.

Since TotalVI and SpaMultiVAE is not applicable to epigenomic
data, we compared SMART with other representative methods,
including scMM, WNN, SNF, MultiVl, PRESENT, MOFA+, MEFISTO,
MISO, COSMOS, CellCharter and SpatialGlue. We used the unsu-
pervised clustering results from Jiang et al.” as artificial annotations,
which closely match the anatomical structures observed in H&E-
stained images of brain at different developmental stages. On the
E18.5_S1 brain section, the clustering results for ten regions showed
that only WNN, SMART and SpatialGlue produced clear boundaries
between different brain areas. Both methods successfully delineated
regions such as dorsal pallium (DPallm), portions of the diencephalon,
and hindbrain. while these region in other methods were disperse
(Fig. 4a, ¢). However, SMART additionally detected the boundary of a
small structure, cartilaga-1, which was not as smoothly defined by
SpatialGlue (Fig. 4¢). In the manually annotated UMAP visualizations of
different methods, the embeddings produced by SMART, WNN, and
SpatialGlue exhibited relatively clear boundaries between distinct
categories (Fig. 4b, ¢).

In terms of unsupervised evaluation, SMART better preserved the
original multi-omic relationships among spatial spots and ranked third

in spatial autocorrelation assessment (Fig. 4d), indicating its effec-
tiveness in identifying continuous spatial domains within the brain.
Moreover, we computed the correlations between the original tran-
scriptomic or epigenomic features and the embeddings generated by
SMART. The results showed that SMART embeddings exhibited strong
correlations with the original features (Fig. 4e), and each SMART
cluster tended to align more closely with one specific omic modality
(Fig. 4f). In the supervised evaluation using quantitative metrics,
SMART also achieved the best performance on the E18.5 Sl sec-
tion (Fig. 4g).

We further evaluated SMART on the remaining three sections:
E11.0 S1, E13.5.S1, and E15.5_.S1, which contain 5, 7, and 11 clusters,
respectively. The clustering results indicate that, compared with other
methods, SMART more effectively reconstructs brain structure across
developmental stages. For example, in E15.5.S1, SMART accurately
distinguishes the dorsal pallium medial (DPallm) and ventral (DPallv)
regions, while in E11.0_S], it clearly identifies the primary brain and
mesenchyme. Moreover, SMART outperformed most methods in
terms of supervised evaluation metrics, except on E11.0_S1 where it was
surpassed by MOFA+ (Fig. 4c, Supplementary Figs. 12-14).

To quantitatively compare the overall performance, we computed
supervised clustering metrics for the results of all spatial multi-omics
integration methods across the four sections. SMART consistently
achieved the highest scores, highlighting its effectiveness in identify-
ing spatial domains and integrating spatial transcriptomic and chro-
matin accessibility data (Fig. 4h). These findings further confirm the
robustness and superiority of SMART in analyzing spatial RNA and
ATAC-seq data.

SMART enables efficient integration of spatial multi-omics data
SMART is an efficient model with fewer parameters and lower com-
putational complexity, enabling the analysis of large-scale datasets. To
further demonstrate SMART’s advantages in computational efficiency
and resource utilization for multi-omics integration, we evaluated its
performance on one of the largest currently available spatial tran-
scriptomics and epigenomics datasets. This dataset, obtained by
CUT&Tag-RNA-seq, co-profiles transcriptomic data and H3K27me3
epigenetic marks in the P22 mouse brain, encompassing 9752 spots,
25,881 genes, and 70,470 peaks.

As the dataset lacks ground-truth labels, we determined the
number of clusters to be 12 based on internal clustering validation
metrics, including mean FMI, SCI (Silhouette Coefficient), and DBI
(Davies-Bouldin Index) (Supplementary Fig. 15a, b). While all methods
successfully identified major anatomical layers such as the cerebral
cortex (CTX), caudoputamen (CP), and genu of the corpus callosum
(ccg), SMART, COSMS, and CellCharter’s integration results exhibited
fewer noise artifacts and more clearly defined layer boundaries (Fig. 5a
and Supplementary Fig. 15c-e). While CellCharter, MEFISTO, and
COSMOS also showed relatively distinct cluster boundaries and
achieved high Moran’s I scores for spatial autocorrelation, they tended
to overemphasize spatial smoothness at the expense of preserving
true anatomical structures (Supplementary Fig. 15f). In comparative
analyses of runtime and memory usage, SMART consistently demon-
strated the shortest runtime and lowest memory consumption,
whereas MEFISTO required the most computational resour-
ces (Fig. 5b).

To further validate the efficiency of SMART, we applied it to a
large-scale spatial transcriptomics and proteomics co-profiling data-
set, the Stereo-CITE-seq dataset of the mouse spleen. Stereo-CITE-seq
is a multi-omics technology that integrates spatial transcriptomics
(Stereo-seq) with spatial proteomics (CITE-seq), achieving subcellular
spatial resolution of up to 500 nanometers. It enables simultaneous
measurement of both mRNA and protein expression levels on a single
tissue section. Given the high resolution (500 nm) of the raw spatial
data, neighboring detection points are commonly aggregated into

Nature Communications | (2026)17:2876


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-026-70821-5

MEFISTO

PRESENT

CellCharter

Manual Anno

Manual Anno SMART

MISO c

Multivi

(Spatial) (UMAP) (Spatial)

| Clusters
1

E18.5

LomNouAWN

5

SpatialGlue

COSMOS

o]

usters

(X1}
EHomNan AW

=1

E15.5

(A X X X ]
wswWwN R
20w~ o

(X X XN J
o

MEFISTO Multivi PRESENT

CellCharter

E13.5

MISO

“ouawne

E11.0

eseee
wawne

Manual Annotation

® Cartilage-2 © Cartilage-3 » Basal plateof hindbrain
© Mesenchyme ® Cartilage-1 © Muscle
® Diencephalonand hindbrain © Cartilage-4 ® Subpallium-2
® DPallm © Midbrain ® Primary brain-1
® DPallv ® Thalamus © Primary brain-2
® Subpallium-1
d - f 1.0
o 0.8 - é m
S T ) [ | [ . 0.5 05
Y06 | 0 v
“ BT 8 o
L 5 . 0.0 &
g 04 I . = 0.0
5]
. - 0 EEATAC  EEERNA
02 T T T T T EERATAC EERARNA _05 T T T T T T T T T T
S DB R 0RO, JREPCIN I 123 45 678 910
R N A E NSRRI Vb @ F S S P
» RS WO AN FETL TS T L
0 [ C & (}7’\ Q
h ARI NMI AMI Homo MI V-Measure FMI
EmMISO miso { lH 0] 1] 0] il 0] (1]
EmMultivI Multivi -HIll HITH HEEH HElH Hil HElH Hll
[CICOSMOS cosmos [ HH HH HIH HIH HH m
A, s i ] L] L Wi o (]
=SpatialGlue weristo 1 HIH I —i — —mm Il
ESNF spatiaiGlue 1 [HlIH [l - B —E B —A
EmCellCharter SNE] - B B a — B -
EEEPRESENT Celicharter I HIEH HIEH HIEH [y HE-
NN PRESENT M L] L] —il HElH B —E
EEMOFA+ wn o HEEH (i ] il HiH - i~ .
[EEISMART vora+ 4 HIl— [ = i HH Hill -~ .
SMART 4 ] o 1] i} "! m 5]

ARI

NMI AMI

Homo  V-Measure FMI Mi

Fig. 4| SMART integrates MISAR-seq multi-omics data and accurately identifies
spatial regions. a Clustering results based on PCA features of RNA and ATAC
modalities, compared with other spatial multi-omics integration methods. b UMAP
visualizations colored by manual annotation, based on PCA features from RNA and
ATAC, compared with results from other different integration methods. ¢ Manual
annotation, UMAP and clustering result integrated by SMART of four sections.

d Box plots of Moran’s  scores for different methods, with cluster numbers ranging
from 7 to 14. In the box plot, the center line denotes the median, box limits denote
the upper and lower quartiles, whiskers denote 1.5 times the interquartile range,
and data points beyond the whiskers represent outliers (n =8 clustering results).
e Pearson correlation coefficients (PCCs) between distance matrices computed
from integrated embeddings of each method and those derived from individual
omics. The plot shows the distribution of PCCs (n=number of independent
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distance matrix correlation computations for each method and modality).

f Pearson correlation coefficients (PCCs) between the distance matrix computed
from SMART's integrated embedding and those derived from each omics across
varying cluster numbers. The plot shows the distribution of PCCs (n = number of
independent distance matrix correlation computations for each cluster number
and modality). g Bar plot showing seven evaluation metrics for different methods
when the number of clusters is fixed at 8. h Box plot of seven evaluation metrics to
evaluate the performance of combinations of different omics with four sections
(E11.0_S1, E13.5_S1, E15.5_S1, E18.5_S1). In the box plot, the center line denotes the
median, box limits denote the upper and lower quartiles, whiskers denote 1.5 times
the interquartile range (n =4 independent datasets). Source data are provided as a
Source Data file.

larger spatial units, or bins, to facilitate analysis and improve the signal-
to-noise ratio. For instance, BinlO denotes the aggregation of 10 x 10
neighboring detection points into one unit, covering an area of
5um x 5 um for downstream analysis.

We extracted spatial grid data at six resolution levels from the raw
dataset (Bin200 to Bin10), with spatial resolution increasing progres-
sively from 100 um (Bin200) to 5um (Binl0). Correspondingly, the
number of spatial locations (spots) increased from 2001 to 756,430.
The dataset includes a total of 29,034 genes and 128 ADTs. Considering
that most state-of-the-art spatial multi-omics integration methods
support GPU acceleration, we compared their GPU memory

consumption and training time under a unified GPU environment to
evaluate scalability and computational efficiency.

For consistency, we set the number of clusters to 6 across all
analyses. SMART maintained strong spatial continuity in its clustering
results across different resolutions, with several spatial structures
stably identified across adjacent bin sizes. In contrast, clustering
results based on RNA or ADT modalities alone showed instability at
certain resolutions, with ambiguous cluster boundaries (Fig. 5c).
Regarding resource utilization, aside from SpaMultiVAE (which was
configured with a batch size of 2000), all methods used a batch size
equal to the number of spots, leading to GPU memory usage being
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methods. b Runtime and peak memory usage of various methods on the P22 mouse
brain dataset. ¢ Clustering results of the mouse spleen at multiple spatial
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resolutions using PCA features of RNA, ADT, and SMART’s integrated embedding.
d GPU memory usage of different methods across spatial resolutions in the mouse
spleen dataset. e Runtime comparison of different methods across spatial resolu-
tions in the mouse spleen dataset. Source data are provided as a Source Data file.

directly proportional to the number of spots. Under the same data
scale, SMART exhibited the lowest memory usage. Notably, all other
methods failed to complete computations on the Bin20 dataset with
about 190 K spots, whereas SMART ran smoothly even on the largest
Bin10 dataset with over 750 K spots (Fig. 5d). In terms of training time,
SMART completed training on the Bin10 dataset with over 750 K spots
in only 56 seconds, significantly outperforming all other methods
(Fig. 5e). This is attributed to the rapid convergence of the SMART
model and the high efficiency of the SAGEConv architecture when
handling large-scale graph structures.

In summary, SMART not only demonstrates strong adaptability
and stability in spatial multi-omics integration, but also significantly
outperforms existing methods in terms of computational efficiency
and resource usage, highlighting its broad potential for large-scale
spatial data analysis.

SMART enables the integration of multi-omics data across
multiple sections

Spatial omics data from biological tissue samples are often derived
from multiple tissue sections. To enable multi-omics integration
across sections, we developed SMART-MS, an extension of SMART that
supports multi-section data integration, batch effect correction, and
the construction of cross-section spatial neighbor graphs to align
omics features across tissue sections.

We first evaluated the performance of SMART-MS and other
methods on a human tonsil dataset. As a critical component of the
peripheral lymphoid system, the tonsil plays a central role in mucosal
immune defense. It exhibits complex internal architecture and

pronounced spatial heterogeneity, characterized by densely arranged
lymphocyte clusters. The follicular zone is enriched in B cells and often
contains germinal centers; the surrounding mantle zone also consists
primarily of B cells; and the interfollicular zone between folliclesisa T
cell-rich region. The outer regions include epithelial and connective
tissue areas, which may contain non-lymphoid cell types such as
plasma cells and epithelial-related cells.

The dataset consists of three tissue sections co-profiled with
spatial transcriptomics (RNA) and proteomics (ADT) using the 10x
Genomics CytAssist Visium platform. UMAP visualization of PCA-
reduced features revealed a clear batch effect in the third section,
likely due to the fact that the first two are consecutive sections and
thus more similar (Supplementary Fig. 16a). In addition, major tissue
regions were annotated based on H&E-stained images and used as
ground truth for computing supervised metrics.

We compared SMART-MS with several integration methods cap-
able of batch effect removal, including MultiVI, Present-BC, TotalVI,
and MOFA+, as well as RNA- or ADT-derived features corrected by
Harmony. When setting the number of clusters to 6, we observed that
all methods except TotalVI achieved good batch effect removal (Sup-
plementary Fig. 16b). Moreover, while all methods successfully iden-
tified the germinal center, MultiVI poorly distinguished the follicular
region, and Present-BC and TotalVI failed to accurately detect the
epithelial and connective tissue zones. In contrast, SMART-MS accu-
rately identified the follicular and germinal center regions, as well as
the outer tonsillar plasma cell/epithelial zones and the interfollicular T
cell-enriched regions (Fig. 6a, Supplementary Fig. 16¢). The utility of
SMART-MS clustering was further validated by the co-expression of
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Fig. 6 | SMART-MS integrates multi-omics and multi-section data while effec-
tively removing batch effects. a Clustering results of three human tonsil slices
using PCA features of RNA or ADT after Harmony correction, compared with results
from different spatial multi-omics integration methods. b Biological conservation
scores and batch correction scores across different integration methods. Biological
conservation performance was evaluated using ARI (adjusted Rand index), FMI
(Fowlkes-Mallows index), NMI (normalized mutual information), AMI (adjusted
mutual information), MI (mutual information), V-measure, and Homo (homo-
geneity). Batch correction performance was assessed using iLISI (integration local
inverse Simpson’s index) and kBET (k-nearest neighbor batch effect test). c RNA
expression of region-specific marker genes in clusters identified by SMART-MS.

d Protein expression of region-specific marker proteins in clusters identified by
SMART-MS. e Bar plot showing the proportion of spatial domains across the three
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slices. f Pearson correlation coefficients (PCCs) between the distance matrix
derived from SMART-MS’s integrated embedding and those derived from each
individual omic across different clusters. The plot shows the distribution of PCCs
(n=number of independent distance matrix correlation computations for each
cluster and modality). g Bar plots of ARI scores on the entire dataset, as well as
separately on slice 1, slice 2, and slice 3, with cluster numbers ranging from 4 to 8.
Data are presented as mean + standard error of the mean (n =5 clustering results).
h Box plots of Moran’s I scores on slice 1, slice 2, and slice 3 for different methods,
with cluster numbers ranging from 4 to 8. In the box plot, the center line denotes
the median, box limits denote the upper and lower quartiles, whiskers denote 1.5
times the interquartile range, and data points beyond the whiskers represent out-
liers (n =5 clustering results). Source data are provided as a Source Data file.
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marker genes and proteins, such as CD19 in the follicular zone, CR2 in
the germinal center, and CD3E and CD4in T cell-rich areas, across both
RNA and ADT modalities (Fig. 6¢c, d). Furthermore, the proportions of
spatial domains were highly consistent across sections (Fig. 6e), and
analysis of SMART-MS embeddings revealed modality-specific pre-
ferences for each cluster (Fig. 6f).

For quantitative evaluation, we used previously defined super-
vised metrics for biological signal preservation, and iLISI and kBET
scores to assess batch effect removal. SMART-MS achieved the highest
overall score among all compared methods and substantially out-
performed others in both biological information retention and batch
effect correction (Fig. 6b). To control for potential bias from fixed
clustering numbers, we also evaluated clustering performance across a
range of cluster numbers (4-8). SMART-MS consistently achieved the
highest ARI scores both across the three sections collectively and for
each individual section (Fig. 6g). In terms of spatial autocorrelation,
SMART-MS also attained the highest Moran’s I score (Fig. 6h). These
results demonstrate that SMART-MS effectively integrates multi-
section data and accurately identifies spatial domains.

To further demonstrate the generalizability of SMART, we con-
ducted additional experiments on two mouse spleen sections gener-
ated by SPOTS, three high-resolution mouse thymus sections from
Stereo-CITE-seq, and three mouse postnatal brain sections from spatial
ATAC-RNA-seq. Although these datasets lack manual annotations to
serve as ground-truth labels, SMART-MS was still able to identify dis-
tinct spatial structures, for example by distinguishing cell types in the
mouse spleen (Supplementary Fig. 17). The similarity metric used for
comparing the two sections is cosine similarity. Moreover, it con-
sistently outperformed other methods in terms of batch effect
removal and spatial autocorrelation (Supplementary Figs. 18-19).

Discussion

SMART is an unsupervised deep learning model based on graph neural
networks and metric learning, designed to integrate multiple omics
and spatial coordinate information into unified latent representations.
These embeddings are optimized to preserve both the modality-
specific features of each spot and the spatial similarity between spots,
enabling effective spatial multi-omics integration. We evaluated
SMART on simulated tri-omics datasets and real dual-omics datasets,
combining transcriptomics with either proteomics or chromatin
accessibility, generated using established techniques. Benchmarking
results demonstrated that SMART outperformed seven non-spatial
and two spatial multi-omics integration methods across a range of
metrics (Supplementary Table 2). To extend its capability to serial
sections, we developed SMART-MS, which reconstructs a more com-
plete molecular atlas by incorporating spatial context beyond indivi-
dual tissue sections, thereby enhancing both resolution and coverage.
The datasets used in this study span five platform technologies,
include between 1000 and nearly 20,000 spots, and cover spatial
resolutions from nanometer to micrometer scale, highlighting the
versatility, scalability, and efficiency of SMART.

To incorporate spatial information, SMART builds a k-nearest
neighbor graph based on spatial coordinates. Both message propa-
gation and node aggregation in the graph neural network are inher-
ently constrained by the spatial topology, ensuring that spatial
information is integrated from the beginning of training. Moreover,
SAGEConv, which aggregates information from spatial neighbors at
each layer, allows node embeddings to incorporate expression fea-
tures from nearby spatial locations, effectively imposing an implicit
spatial constraint. This design aligns with mainstream spatial tran-
scriptomics methods such as spaGCN’, STAGATE’, and STAligner*’. To
avoid overfitting to expression features and neglecting spatial struc-
ture, we introduced an early stopping mechanism based on the slope
of the loss curve. Training halts automatically when the change in

reconstruction or triplet loss stabilizes, helping preserve spatial
integrity in the learned embeddings.

In SMART, the trade-off between spot specificity and spatial
structure modeling can be adjusted via the triplet loss weight and the
reconstruction weight in the spatial graph. The triplet loss emphasizes
similarity among spots of the same type, regardless of their spatial
distance. In contrast, the reconstruction loss, computed through a
GraphSAGE-based neural network that incorporates spatial graphs
during message passing, constrains the embeddings to reflect the
underlying spatial structure. SMART introduces a tunable parameter
A €[0,1] to control the trade-off between spatial continuity and
expression specificity. Increasing A emphasizes spatial locality, while
decreasing it prioritizes expression-based spot type separation.
Moreover, the number of neighbors k in the spatial graph also affects
model behavior. It significantly influences spatial structure modeling.
For example, when k =0, the model performs well in identifying spot
types but poorly in capturing spatial domains (Supplementary Fig. 5).

To validate the design of SMART’s framework, we conducted a
series of ablation studies and comparison. We replaced the default
GraphSAGEConv with different graph encoders, GCNConv, GATConv,
and GraphConv, keeping other parameters constant. The GraphSA-
GEConv encoder consistently demonstrated better stability, faster
convergence, and higher clustering accuracy (Supplementary
Fig. 1c-e). To construct negative samples for triplet loss, we selected
the top 60% most distant nodes (measured in Euclidean distance) as
negatives. A sensitivity analysis across different thresholds (20%, 40%,
60%, and 80%) revealed that 60% yields the most stable and accurate
results across multiple datasets (Supplementary Fig. 2). This design
also aligns well with the concept of “semi-hard negatives” commonly
used in triplet loss strategies. We also studied the effect of the margin
parameter (7) in the triplet loss, comparing 7 € {0.1,0.2,0.5,1.0,2.0},
and found that 7=0.5 provided robust performance across datasets
(Supplementary Fig. 4a), which we adopt as the default value in
SMART. For the construction of anchor-positive pairs, we employed a
mutual nearest neighbors (MNN) strategy, in which we select node
pairs that are among each other’s top-n nearest neighbors. To evaluate
the effect of this design, we conducted an ablation study across dif-
ferent n values, and analyzed their impact on training stability and
representation quality (Supplementary Fig. 3g). To quantify the effect
of the triplet loss, we conducted experiments under three conditions:
using only the reconstruction loss, using only the triplet loss, and using
both losses together. We evaluated the spatial clustering consistency
using supervised metrics across multiple real datasets. The removal of
the triplet loss notably degraded the model’s ability to discriminate
expression structures, especially in tissues with complex organization
such as the human lymph node (Supplementary Fig. 4c). This supports
the conclusion that the triplet loss plays a key role in enhancing
semantic separation in the latent embedding space.

SMART integrates spatial information using graph neural net-
works and adopts GraphSAGE (Graph Sample and Aggregate), which
efficiently generates node embeddings via neighbor sampling, making
it particularly suitable for large-scale or sparse graphs. To integrate
multi-omics data, SMART employs a modular stacking design, enabling
it to handle datasets with any number of omics layers. This modular
design, which processes each omics layer independently, offers both
scalability and flexibility for accommodating emerging technologies
capable of profiling multiple omics simultaneously. Leveraging both
the GraphSAGE architecture and modular omics integration, SMART
demonstrates shorter training times compared to methods such as
PRESENT and SpatialGlue. Across diverse datasets, SMART converges
reliably within 100-300 epochs. For instance, on the largest
transcriptomic-epigenomic spatial dataset (CUT&Tag-RNA-seq mouse
brain, 9752 spots), SMART achieved the best performance with the
shortest training time and minimal memory usage. For instance, on the
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largest transcriptomic-epigenomic spatial dataset (CUT&Tag-RNA-seq
mouse brain, 9752 spots), SMART achieved the best performance with
the shortest training time and minimal memory usage. Similarly, on
Stereo-CITE-seq datasets with different spatial resolutions, SMART
also achieved optimal training time and memory efficiency. These
results highlight SMART’s computational efficiency and its suitability
for large-scale spatial omics applications. Moreover, SMART still per-
forms well on tissue types with high spatial heterogeneity. To further
validate this, we conducted additional experiments using tumor
datasets, including the 10X breast cancer and glioblastoma
datasets****. However, the lack of manual annotations in these datasets
limited their applicability for fully quantitative evaluation. Our results
show that SMART, when applied to multi-omics data (RNA and pro-
tein), can successfully identify continuous spatial domains even in
highly heterogeneous tissues (Supplementary Figs. 20-23). Compared
to using single-omics data alone, the integration of multi-omics data
significantly enhances the ability to capture spatial structure. Of note,
although SMART is primarily designed for spot-based data, it is
applicable to single-cell-segmented data. Here, spot-based data refer
to datasets where each spatial unit represents a fixed-size region that is
neatly arranged and may aggregate signals from multiple cells (Sup-
plementary Notes), whereas single-cell-segmented data refer to data-
sets in which each spatial unit corresponds to an individual biological
cell obtained via image-guided segmentation or imaging-based tech-
nologies (Supplementary Notes). In spot-based analyses, nodes cor-
respond to spots or bins, spatial graphs are built based on the
coordinates of spatial units using a k-nearest-neighbor (kNN) strategy.
In single-cell-segmented analyses, nodes correspond to individual
cells, with cell centroids used as spatial coordinates. KNN or radius of
one cell distance to select the nearest cells around can both be used in
spatial graph construction (Supplementary Fig. 24). Because SMART
formulates spatial multi-omics data as a graph over spatial units,
replacing spots with cells only changes the granularity of graph nodes
without altering the model architecture. Apart from the substitution of
spatial units, other model components, loss functions, and hyper-
parameters remain unchanged for single-cell-segmented data.
SMART was originally designed for spot-level spatial data as the
primary application scenario. However, it is also applicable to single-
cell-segmented data by simply replacing the meaning of nodes from
spots to cells without modifying the network architecture or optimi-
zation strategy. An additional experiment on cell-segmented data
derived from the same Stereo-CITE-seq dataset yields similar results
with those obtained from spot-based data (Supplementary Fig. 25).
When the same data source can simultaneously generate spot-level
data and single-cell segmented data, SMART does not exhibit a pre-
ference for any particular input form in our experimental results
(Supplementary Fig. 25). However, different input data quality may
influence the model’s performance. For example, in our Stereo-CITE-
seq experiment (Fig. 5c), settings with a bin size between 20 and 100
yielded better performance compared to finer or coarser spatial divi-
sions. For single-cell segmented data, spatial granularity is no longer a
primary factor, but model performance may be affected by the accu-
racy of the cell segmentation algorithm. For both input types, the
differences arising from the quality and characteristics of the input
data itself are likely much higher than those induced by the model.
For better usage of SMART, we would like to highlight three
typical situations where SMART is preferred: (1) SMART is preferred for
spatially discrete (non-contiguous) niches of the same type, such as
follicles in spleen. It is because SMART not only performs neighbor-
hood aggregation to capture spatially adjacent spots/cells but also
incorporates a triplet loss to detect similarities among distant spots/
cells, while CellCharter only conducts neighborhood aggregation. (2)
Multi-section spatial multi-omics data. For multiple sections, SMART
constructs cross-section triplets, which enables better capture of
relationships across sections. (3) For large-scale datasets. Owing to its

streamlined architectural design, SMART can reduce both computa-
tion time and memory consumption (Fig. 5b, d, e).

Despite its strong performance in identifying spatial domains and
discrete tissue structures, SMART also has limitations. SMART prior-
itizes feature-driven discrimination of spatial units and the accurate
identification of domain spots, rather than explicitly enforcing strong
spatial smoothness. As a result, in tissues where spatial domains vary
continuously with gradual transitions, SMART may yield embeddings
with unclear boundaries compared with methods that impose stronger
spatial continuity priors. This behavior reflects an inherent trade-off
between preserving molecular heterogeneity and enforcing spatial
smoothness. Moreover, while the modality-independent network
architecture of SMART offers notable advantages in computational
efficiency and scalability, the current lack of explicit modeling of inter-
modality relationships may limit SMART’s ability to capture complex
biological interplay across omics layers. SMART does not yet support
integration across sections with completely non-overlapping mod-
alities (e.g., RNA in one section and protein in another with no shared
spots) or with different omics compositions (e.g., integrating an
RNA + ATAC section and an RNA+protein section). In the near future,
we plan to incorporate modules that model inter-modality interactions
while preserving spatial domain identification. As cross-modality
interactions are critical for understanding molecular processes,
enhancing SMART in this way would improve integration accuracy,
interpretability, and support both modality-specific and shared
domain discovery.

Methods

Ethics statement

This study exclusively used publicly available datasets. No new human
or animal samples were collected, and no experiments involving
human participants or animals were performed by the authors.
Therefore, ethical approval was not required for this study. Sex and/or
gender was not considered in the study design or analysis, as this work
focuses on computational method development rather than biological
comparisons between sexes or genders, and sex- or gender-
disaggregated information was not consistently available across the
public datasets used.

Data
Simulated data were generated using the method outlined by Townes
et al.*, which is designed to produce synthetic datasets with specific
spatial structures, facilitating the validation of the model’s ability to
identify and process spatial features effectively. The simulation gen-
erated multivariate counts with spatial correlation patterns. We use the
ggblocks simulation which is based on the Indian Buffet Process, where
each latent factor represents a typical spatial pattern defined over a
36 x 36 grid of locations (N =1296 spatial locations). For the RNA and
ATAC modalities, we generated spatial expression matrices of size
1296 cells x 1000 genes (peaks) characterized by four factors and fol-
lowing a zero-inflated negative binomial distribution (ZINB). For the
protein modality, we generated a spatial expression matrix of size
1296 cells x 100 proteins characterized by four factors and following a
negative binomial distribution (NB). The negative binomial distribu-
tion introduces randomness by modeling the variability of discrete
events. This variability is considered noise, representing the uncertain
portion of the data and simulating the random fluctuations observed
in real-world data.

10x Genomics CytAssist Visium datasets were generated using the
10x Genomics CytAssist Visium platform, which enables the joint
profiling of transcriptome and protein expression. They include the
human lymph node dataset used in SMART for spatial transcriptomics
and proteomics integration, and the three-section tonsil dataset used
in SMART-MS for multi-section integration. This platform integrates
spatial whole-transcriptome sequencing with multiplexed protein
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detection on a single tissue section via next-generation sequencing
(NGS), with a spatial resolution of 55 um, a spot spacing of 100 um, and
an imaging area of 6.5 mm x 6.5 mm. The lymph node dataset consists
of two tissue sections: Human Lymph Node Al (3484 spots) and D1
(3359 spots), each containing expression profiles of 18,085 genes and
31 proteins. The tonsil dataset includes three sections with 4326, 4519,
and 4521 spots, respectively. Each section contains 18,085 genes; the
first two sections include 31 proteins, while the third section includes
35 proteins.

MISAR-seq mouse brain datasets were generated by measuring
spatial transcriptome and chromatin accessibility in the mouse brain
using MISAR-seq?, a microfluidic indexing-based spatial assay for
transposase-accessible chromatin and RNA sequencing. MISAR-seq
enables spatially resolved joint profiling of chromatin accessibility and
gene expression. In this dataset, the tissue is positioned on a micro-
fluidic chip, where a grid-based spatial barcoding system assigns
unique DNA barcodes across 2500 grids, each 50 x 50 um, covering
approximately 5-20 cells per grid. This dataset includes eight sections
of the mouse fetal brain at embryonic days, i.e., E11.0, E13.5, E15.5, and
E18.5. The number of grids covered by the sections ranges from 1263 to
2248, with a total of 32,285 sequenced genes and peak counts varying
from 60,112 to 143,879.

Spatial Epigenome-Transcriptome mouse brain datasets origi-
nate from the method proposed by Zhang et al., including spatial
ATAC-RNA-seq and CUT&Tag-RNA-seq, which enable simultaneous
detection of chromatin accessibility or histone modifications (e.g.,
H3K27me3, H3K27ac, or H3K4me3) together with gene expression
within a single tissue section at near single-cell resolution. In the P22
mouse brain coronal sections, a 100 x 100 barcode grid (pixel size:
20 um) was used to cover the entire hemisphere region, with most
pixels capturing 1-3 cells. The RNA + H3K27me3 dataset used to eval-
uate the scalability of SMART contains 9752 spots, 70,470 peaks, and
25,881 genes. Meanwhile, the RNA + ATAC dataset used to assess multi-
section integration with SMART-MS includes three sections with 2372,
2497, and 9215 spots, respectively, along with 161,514 peaks and
18,107 genes.

STARmap-RIBOmap-Align datasets were generated by applying
STARmap, a high-resolution spatial transcriptomics technology
developed by Wang et al.*’, and RIBOmap, a three-dimensional in situ
spatial translatomics method introduced by Zeng et al.*’, to con-
secutive mouse brain tissue sections, enabling joint measurement of
transcriptomic and translatomic profiles for 5,413 genes at single-cell
and molecular resolution. The STARmap section contained
59,165 spots, and the RIBOmap section contained 58,692 spots. Using
the CAST projection algorithm introduced by Tang*®, spots from the
STARmap section were aligned to those in the RIBOmap section,
resulting in dual-omics data for 58,692 spots.

The SPOTS mouse spleen dataset was generated using Spatial
PrOtein and Transcriptome Sequencing (SPOTS)* to profile spatial
transcriptomic and proteomic data for assessing multi-section inte-
gration with SMART-MS. Similar to 10X Human Lymph Node dataset,
SPOTS also offers a spatial resolution of 55um, with a distance of
100 um between spots, covering an imaging area of 6.5 mm x 6.5 mm.
This dataset includes two sections, SPOTS Spleen Replicate 1 and
SPOTS Spleen Replicate 2, containing 2647 and 2759 spots, respec-
tively, with each section capturing the expression of 32,285 genes and
21 antibody-derived tags (ADTs).

Stereo-CITE-seq datasets were generated using the method pro-
posed by Liao et al.°, which combines CITE-seq with Stereo-seq to
enable simultaneous profiling of the transcriptome and proteome on
the same tissue section at subcellular spatial resolution (0.5 um) with
high reproducibility and precision. This technique achieves a spatial
resolution of up to 0.22um, with a spot spacing of 0.5um and an
imaging area of 200 mm?2. The mouse spleen dataset used to evaluate
the scalability of SMART was processed into multiple resolution levels,

including Bin10 (5 um), Bin20 (10 um), Bin50 (25 um), Bin100 (50 um),
Bin150 (75um), and Bin200 (100 um), comprising 756,430; 189,867;
30,652; 7,782; 3507; and 2001 spots, respectively. In addition to spot-
level representations generated by spatial binning, we also used the
image-guided cell segmentation results provided by the Stereo-CITE-
seq pipeline (cellbin.gef), in which RNA and protein signals are
aggregated at the single-cell level. These data were used to evaluate
SMART’s applicability to single-cell-segmented spatial data. This
dataset includes expression data for 29,034 genes and 128 ADTs. For
evaluating multi-section integration with SMART-MS, we used three
mouse thymus sections at Bin50 resolution (25um), which contain
4253, 4646, and 4228 spots, respectively. Each section captures
expression profiles for 23,221 to 23,960 genes and 19 ADTSs.

Data preprocessing

Spatial transcriptomic data were preprocessed by first removing genes
expressed in fewer than 10 spots to minimize the impact of low-
abundance signals. The top 3000 or 5000 highly variable genes were
then selected to retain features contributing most to data variability.
Expression counts were normalized by scaling the total expression in
each spot to 10,000 to account for differences in sequencing depth,
followed by logarithmic transformation to reduce the influence of
highly expressed genes and approximate a normal distribution. The
data were subsequently scaled to zero mean and unit variance.

Spatial chromatin accessibility data were preprocessed by first
applying a TF-IDF transformation to accessible chromatin regions,
with a scaling factor of 10,000 to downweight commonly accessible
regions and emphasize features with higher variability across spots.
Peak counts within each spot were then normalized by scaling the total
signal to 10,000 to correct for differences in sequencing depth. A
logarithmic transformation was subsequently applied to stabilize var-
iance and reduce the influence of highly accessible regions, preparing
the data for downstream analyses.

Spatial protein data were preprocessed by first applying a cen-
tered log-ratio transformation to remove scale differences across
proteins. The data were then standardized to zero mean and unit
variance to ensure that all protein features were on a comparable scale
for downstream analyses.

The SMART framework
SMART is a deep learning model that leverages graph neural networks
and metric learning to integrate spatially-resolved multi-modal omics
into unified embeddings. For each modality, SMART extracts principal
components (PCs) using principal component analysis (PCA) and
constructs spatial neighboring graphs with PCs as node features.
Spatial graphs are built based on the coordinates of spatial units using
a k-nearest-neighbor (kNN) strategy. In spot-based analyses, nodes
correspond to spots or bins, whereas in single-cell-segmented ana-
lyses, nodes correspond to individual cells, with cell centroids used as
spatial coordinates. For single-cell-segmented data, radius within one
cell distance to select the nearest cells around can also be used in
spatial graph construction. Then, the model employs SAGEConv
(Sample and Aggregate Convolution) to aggregate both the spatial
information and the PCs from a specific modal omics, thereby syn-
thesizing a integrate representation of the omics. Ultimately, these
representations are combined into a unified intermodal embedding.

However, using spatial neighboring graphs for aggregation may
neglect the feature correlations even in long distance. Therefore, we
further adjust the graph aggregation using metric learning with triplet
loss to ensure the mutual correlation between spots or bins in the
original omics. The loss functions of reconstruction to the original
omics and the triplet loss are crucial to guarantee the representation of
the original omic intact after embedding with spatial information.

In a spatial multi-omics dataset featuring three distinct omics
modalities, the inputs to SMART consist of characteristics for each
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modality X; € R™*™, X, e R™*™, and X; € R™*" and the spatial
coordinates S € R™*2, Here m represents the number of spots in the
tissue section, while n;, n,, and n; correspond to the number of fea-
tures in the three omics modality, for example, the number of genes in
transcriptome. In the simulated spatial multi-omics data, X;, X,, and X;
represent the features of transcriptome, proteome, and epigenome.
The output of SMART is a unified embedded representation Ze RV */ in
the low-dimensional latent space, which integrates information from
multiple spatial omics. The parameter f is denoted as the dimension in
the latent space. If there are two omics, the inputs become X; €
R™*™M X, e R™™ and the rest of the operation is the same. Overall,
the main components of SMART can be categorized into five modules:
principal component analysis, spatial neighboring graph construction,
SAGEConv encoder, triplet construction, and SAGEConv decoder. Each
module is elaborated in the following sections.

Principal component analysis

We first apply PCA to the preprocessed data from each modality:
X; e R™*™M X, e R™*™, and X5 € R™*", in order to reduce the
dimensionality of the data to d;, d, and d; dimensions, respectively.
Specifically, after applying PCA, we obtain the dimensionality-reduced
feature matrices: X; € R™*%, X, e R™*% and X; € R™*%. By retain-
ing the most representative principal components, we achieve the
dimensionality reduction. Typically, the dimensionality of the tran-
scriptomics and chromatin accessibility modalities is reduced to 30,
while the dimensionality of the proteomics modality is determined
based on the number of ADTs.

Spatial neighboring graph construction

To learn the spatial coordination of omics, we constructed a spatial
neighboring graph with each spot or bin as node and principal com-
ponents as node feature. Each node (spot or bin) was connected to its k
nearest neighbors according to the Euclidean distance between spots
on the coordinates. Consequently, the spatially-resolved omics was
converted into an undirected spatial neighbor graph G=(V, E), where
V represents m spots and E represents the set of connecting edges
among the spots in their k nearest neighbors. The number of neigh-
bors k was set to 4 for datasets with a quadrilateral spatial layout (e.g.,
SPOTS, MISAR-seq, and Stereo-CITE-seq), and to 6 for 10X Visium data
with a hexagonal lattice. We denoted Ac R™*™ as the adjacency matrix
of the graph G and A; =1 when there is an edge between node i and
node j, otherwise A; = 0.

SAGEConv encoder and multimodal feature integration
SAGEConv (Sample and Aggregate Convolution) is a convolution layer
designed to efficiently capture the graph structure and learn high-
quality representation for graph features, particularly well-suited for
large-scale graph data in spatial multi-omics. It samples a subset of the
neighboring nodes and aggregates their features, thus reducing
computational complexity. SAGEConv employs various aggregation
functions and is stacked in multiple layers to enhance node repre-
sentation. For omics i(i € {1, 2, 3}), we use the principal components )Z,-
as input to SAGEConv encoder to learn the graph-specific repre-
sentation H; of each node. h,-f, represents node v’s representation of
the original feature of omics i through the [-th ( € {1, 2, - - -, L}) layer of
SAGEConv encoder. The formula is as follows:

h! ) =F (N () )

hyy=g(@(Wi' - hyy 'shi 1)) @)

where f(x) is an aggregator function and we use the mean function as
the aggregate function which formula is as follows:

1 _
fror= g hy " 3)

N (V)

N (v) represents the set of neighbors of node v in the spatial neighbor
graph G=(V,E). W; denote a trainable weight matrix and
o(x)= max(0, x) is a nonlinear activation function. The normalization
function g(x)= ﬁ applies L2 normalization to the updated node
embeddings, ensuring that the feature vector for each node has a unit
Euclidean norm.

In the output of omics i embeddings hi,L, e R/, f is the dimension
of latent embedded representation. By default, f is set to 64. We use
the fully connected layer to integrate the SAGEConv output of differ-
ent omics. Assuming integrating three omics, we first perform con-
catenation, i.e., h, = [hli; hzf,; h3ﬁ] e RY, and obtain latent embedded
representation Z € IR/ that integrates all modalities using fully con-
nected layer

Z=W.h,+b “4)

where W denotes a trainable weight matrix that transforms the input
into another feature space, and b denotes a trainable bias vector. The
number of GraphSAGE encoder layers was set to two based on the
results of an ablation study (Supplementary Fig. 1a).

SAGEConv decoder

SAGEConv decoder is designed to reconstruct the principal compo-
nents of different omics from the latent embedded representation. For
omics i(i € {1,2,3}), we the use final latent embedded representation Z
as input to SAGEConv decoder to reconstruct the graph-specific
representation h; of each node. The decoder is compgs[ed of multiple
stacked layers to enhance reconstruction capabilities. h;, is denoted as
the representation of node v reconstruction feature of omics i through
the [th ({ € {1,2, ---,L}) layer of SAGEConv decoder. In particular,
h;, =Z. The formula is as follows:

By s =V @) 5)

-1

. P
hw=g<a(w,- th ;h,-..»w)])> ©)

where f(x) is an aggregator function as same as formula (3). W; denote
a trainable weight matrix and o(x) = max(0, x) is a nonlinear activation
function. The normalization function g(x)= ﬁ applies L2 normal-
ization to the updated node embeddings, ensuring that the feature
vector for each node Ilzls a unit Euclidean norm. Finally, we get the
reconstructed feature h;, € RY of omics i. The number of GraphSAGE
decoder layers was set to two based on the results of an ablation study
(Supplementary Fig. 1a).

Reconstruction loss

To guarantee the latent representation appropriately encode and
preserve the information of expression features from all the omics, we
enforced that different omic features can be recover through the
SAGEConv decoder. We applied the reconstruction loss to maximize
the similarity between the output of the decoder and the principal
components of each omics. Assuming x; R% is principal compo-
nents of omics i for node v, which is the input to the SAGEConv
encoder, the reconstruction feature output by the SAGEConv decoder

Nature Communications | (2026)17:2876

14


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-026-70821-5

~L ~L
is h;, € R%. The target is to minimize the difference between h;, and
X; . Therefore, objective function of the reconstruction loss is:

_ o ~1|?

@)

F

where / represents the number of omics, a; is the weight factor used to
adjust the contribution of modality i, and N represents the number of
spots in the section, also referring to the number of nodes in the spatial
neighboring graph. SMART allows the adjustment of a to meet possi-
ble requirements on depending more on one or two omics. In our
experiments, we consistently set a to 1. During training, the model will
try to minimize the reconstruction 0SS % econ-

Triplet construction

The spatial neighboring graph is only based on spatial structure and
neglect the relationships among spots (for example, spots in the same
type) in relatively long distance. Therefore, we adjust the weight in the
graph aggregation using metric learning based on the relationship of
omic features. We construct triplets, including anchor points, positive
points, and negative points among omic features, and regulate the
graph aggregation using triplet loss.

To construct the triplets according to omic feature relationships, we
calculate the Euclidean distance between the principal components of
each omics. For each spot, we select the top k nearest neighbors to form
the nearest neighboring set (where k is set to 3 by default). If spot j and
spot i are mutually in the nearest neighbor set of each other, then spot i
and j serve as the anchor sample a; and positive sample p;. The negative
sample n, is chosen from the m x r farthest set of spot i, where m is the
number of the total spots r is a ratio set to 0.6 by default. For each omics,
a set of triplets T'={(ay,py, n,),(aypsn,), - ,(ag, pg,ng)}, s
represents the number of triples in the triplet set in this modality.

Triplet loss

To enable the adjustment of graph aggregation and unified repre-
sentation according to features, we apply triplet loss in metric learning,
specifically using the features’ relationship represented by triplet. Based
on the triplet set T4 ={(ay, py, ny), (a3, P, 03), -+ -+ . (@, ps, g, )} in
omics i, we try to ensure that the representation of anchor spots is
similar to the positive spots and different from the negative spots at the
same time. The objective function of triplet loss is given by the following
equation:

! 1 Si
2 triplet = Zai S Z max<)
i=1

!(a,p,neTt"

2
Zo-2)|, ~ |Za- 2l 7. 0)
®)

where / represents the number of modalities, a; is the weight factor
used to adjust the contribution of modality i, Z is the latent embedded
representation, and 7 (default 1.0) is the margin used to enforce the
distance between positive and negative pairs. SMART allows the
adjustment of & to meet possible requirements on depending more on
one or two omics. In our experiments, we consistently set a to 1. During
training, the object is to minimize the triplet 10sS % pje.-

Model training of SMART

To obtain a better unified representation of spatial multi-omics,
SMART includes spatial information and multi-omic relationships
using the reconstruction loss and triplet loss. The model is trained by
minimizing overall loss function as follows:

L=AL econ t (1~ A)g)triplet 9

where % ..., is the reconstruction loss described in Eq. (7) and
Luipler 1S the triplet loss described in Eq. (8), A represents the
weighting coefficient for the reconstruction loss in the overall loss
function. It takes a value between 0 and 1, and is typically set to 0.5,
assigning equal importance to the reconstruction loss and the
triplet loss.

The model was trained using the Adam optimizer, with training
parameters adjusted for different datasets. However, the batch size
was consistently set to one graph. To prevent the model from over-
fitting expression features while neglecting spatial structure, we
implemented an early stopping strategy based on the slope of the loss
functions. Specifically, training was automatically terminated when the
rate of change (slope) of either the reconstruction loss or the triplet
loss fell below a predefined threshold of 0.0001. This approach
ensures that the model does not excessively optimize expression
features at the expense of spatial structure in pursuit of lower recon-
struction loss, nor does it overemphasize similarity in expression
values via the triplet loss. The training process was conducted on a
single NVIDIA RTX 3090Ti GPU using the PyTorch and PyTorch Geo-
metric frameworks.

The SMART-MS framework and training

To integrate multi-sections spatial multi-omics data and map the cel-
lular features from different sections into a common latent space,
capturing the biological heterogeneity shared across tissue sections,
we developed the SMART-MS model, specifically designed for multi-
sections spatial multi-omics data. SMART-MS follows the design prin-
ciples of SMART, with the addition of modules for multi-sections data
integration, batch effect correction, and cross-section spatial neighbor
graph construction. The training process remains consistent with that
of SMART.

Multi-sections data integration
In a spatial multi-omics dataset, assuming there are ¢ sections of multi-
omics data, for section i and modality j, the raw input data is

X} e R™*" Here m; represents the number of spots in the tissue
section i, while nj’: corresponds to the eigenvalues of modality j in the
tissue section i. The final matrix obtained by integrating all sections for
t t i

modality j can be represented as X; € RO, where S0_,m,
represents the sum of spots in all sections and ﬂf;lnj‘: represents the
number of intersections of features across sections. If modality j is RNA
or protein, the intersection of features typically refers to the inter-
section of genes or ADTs. If modality j is ATAC, the intersection
operation N identifies overlapping regions that are accessible in the
chromatin in both datasets (i.e., peaks that appear in both datasets).
Specifically, the intersection operation detects portions of peak
regions from two ATAC-seq datasets that overlap, meaning that the
peaks in both datasets cover the same genomic region.

Batch effect correction
For modality j, we apply PCA to the preprocessed data from multiple
sections integration for dimensionality reduction, resulting in batch-

effect-corrected input data )~(j e ROZim) < , where p; is the dimen-
sion after dimensionality reduction. Next, we apply Harmony*’ to
remove batch effects from the input data. Harmony removes batch
effects by performing low-dimensional embedding and batch align-
ment, eliminating differences between batches while preserving the
biological variation in the data. It calculates batch differences and
iteratively adjusts the spatial representation of samples, enabling
samples from different batches to be reasonably aligned in a unified
latent space, thereby improving the accuracy of downstream analyses.
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Finally, the batch-effect-corrected feature matrix is denoted

t
asH; e RO %P,

Triplet construction in multi sections

In the multi-section integration task, to more effectively align omic
features across different tissue sections, we extended the construction
of triplets to a cross-section setting. Specifically, each triplet consists
of an anchor and a negative sample from the same section, while the
positive sample is selected from a different section.

The triplet construction proceeds as follows: we first enumerate
all possible section pairs and compute the Euclidean distances
between spots based on low-dimensional features obtained after
Harmony-based batch correction. For a spot i from section 1, which
serves as the anchor a, we identify the farthest N; xr spots within
section 1 as negative sample candidates, where N; denotes the total
number of spots in section 1 and r is a predefined ratio (default: 0.6).
One spot is then randomly sampled from this candidate pool as the
negative sample n. Concurrently, in section 2, if a spotj is among the
top k nearest neighbors of spot i in the cross-section feature space, and
i is also among the top k nearest neighbors of j, thenj is selected as the
positive sample p of a.

Assuming there are b sections in total, for each omics, the com-
plete triplet set for this omics can be expressed as the union over all
unordered section pairs:

Ttl'l -

U ™

10

1<x<y<b ( )
where 7% denotes the number of triplets generated from section pair
xand y.

Cross-section spatial neighbor graph construction
For each section i across multiple sections, we construct the spatial
neighbor graph A; € R™™™ for section i using the k-nearest neighbor
(kNN) algorithm, just as in SMART for constructing single-section
spatial neighbor graph. Finally, the cross-modal spatial neighbor graph
can be represented by the following formula:
A=diag(A,,A,, ..., A,) an

where ¢ represents the number of sections.

After obtaining the spatial neighbor graph A for multi-sections
integration and the feature matrix H; for modality H, the subsequent
steps are the same as those in SMART.

Evaluation metrics
To evaluate the model’s data integration and spatial recognition cap-
abilities, we utilized seven supervised metrics (ARI (adjusted rand
index), AMI (adjusted mutual information), NMI (normalized mutual
information), Homo (homogeneity), MI (mutual information),
V-Measure and FMI (Fowlkes-Mallows Index)) along with one unsu-
pervised metric, the Moran’s I score. To evaluate the batch effect
removal capability of SMART-MS, we employed two metrics: iLISI*” and
KBET*°.

ARI is a measure used to evaluate the similarity between two
clustering results by adjusting for the chance grouping of elements.
The ARl is calculated using the formula:

RI — E[RI]

ARI= ax(RD) — EIRI]

12)

where Rl is the Rand Index, E[R/] is the expected Rand Index for ran-
dom clustering, and max(R/) is the maximum possible Rand Index. If U
and V are two clustering results, Rand Index can be obtained from the

following formula:

13)

where True Positives (TP) represents the number of pairs of elements
that are in the same cluster in both U and V, True Negatives (TN)
represents the number of pairs of elements that are in different clus-
ters in both U and V. n represents the total number of elements in the
dataset and (Oexn2) represents the total number of pairs of elements
in the dataset.

Mutual Information (MI) is a measure from information theory
that quantifies the amount of information gained about one random
variable through the knowledge of another random variable. If U and V
are two clustering results, the Mutual Information between clustering
results U and V is given as:

i v ‘U m/‘

MIU, V)= ZZ

i=1 j=

14)

Where |U;| is the number of the samples in cluster U;, |V,| is the
number of the samples in cluster V; and N represents the total number
of elements in the dataset.

Normalized Mutual Information (NMI) is a normalization of the
Mutual Information (MI) score to scale the results between O and 1.
Normalized Mutual Information between clustering results U and V is
given as:

MIU, V)
= 15
avg(H(U), H(V) )
where H(U) is entropy of clusters U, measuring the uncertainty or
randomness within cluster, which can be obtained from the following
formula:

N e)

R VN (VA
H) ; N log
where k represents the number of clusters in U, |U;| is the number of
the samples in cluster U; and N represents the total number of ele-
ments in the dataset. The same applies to H(V).
Adjusted Mutual Information (AMI) is an adjustment of the Mutual
Information (MI) score to account for chance. Adjusted Mutual Infor-
mation between clustering results U and V is given as:

_ MI(U, V) — EIMIU, V)]
" avg(H(U), H(V)) — EIMI(U, V)]

17)

where E[MI(U, V)] is the expected Mutual Information, which repre-
sents the average M/ one would expect from random clustering, can be
obtained from the following formula:

n;; N.n;

2y y

N %8 ( a;b; >

w, v min(ab;)

EIMI(U, V)= Z Z Z

(=1 j=1 p;=(a;+b;-N)"

(18)
a;lb;|(N — a,-)!(N - bj)!
N!nU!<a,- - n,.j)!(bj - n,.j>!(N —a,— b, +n,.j)!
where a; = |U;| is the number of the samples in cluster Uy, b;=V)listhe

number of the samples in cluster V;, (a; + b; — N)" = max(l, a; + b N)
is the maximum of 1and a; + b; — N and N represents the total number
of elements in the dataset.
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Homogeneity (Homo) is a clustering evaluation metric, which
measures how well a clustering assigns all data points in a true class to
the same cluster, is defined as follows:

H(CIK)

Homogeneity =1 — HO)

9)

where H(C, |,K) is the conditional entropy of the true class labels C
given the predicted clusters K, can be obtained from the following
formula:

IK| Ic|
H(CIK)= - 3 P(k) ZIP(CIk) log P(clk) (20)

k=1 c=

where |K| is the number of clusters, |C| is the number of true classes,
P(k)= "t is the probability of a point being in cluster k with n the total
number of samples and n; the number of samples belonging to cluster
k, and P(c|k)= "n—kk is the conditional probability of class c given cluster
k with n_ , the number of samples from class c assigned to cluster k.
H(C) is entropy of the ground truth labels C and is given by:

IC
H(CO)= = " P(c)log P(c)

c=1

@y

where |C| is the number of true classes, P(c) = % is the probability of a
point being in cluster ¢ with n the total number of samples and n_ the
number of samples belonging to class c.

V-measure is a clustering evaluation metric that balances two
aspects of clustering quality: homogeneity and completeness. The
V-measure is the harmonic mean of homogeneity and completeness, is
defined as follows:

homogeneity x completeness
homogeneity + completeness

V — measure=2 x

(22)

where completeness=1— "1l is a clustering metric that evaluates

whether all members of the same true class are assigned to the same
cluster.

The Fowlkes-Mallows Index (FMI) is a metric used to evaluate the
similarity between two clustering results by measuring the geometric
mean of precision and recall between the predicted and ground truth
clusterings. The FMI is defined as:

M=/ 1P TP

(23)
TP+2FP TP+FN

where TP (True Positives) denotes the number of pairs of elements that
are in the same cluster in both the predicted clustering C and the
ground truth clustering G, FP (False Positives) denotes the number of
pairs that are in the same cluster in C but in different clusters in G and
FN (False Negatives) denotes the number of pairs that are in different
clusters in C but in the same cluster in G.

Moran’s I score is a statistic used to measure spatial autocorrela-
tion, indicating how similar or dissimilar values are among nearby
spatial units and is given as:

e,

(Z:‘V:IZJI‘V:IWU)Z?I:I(xi - x)?

where N is the total number of spatial units, x; is the value of the
variable at location i, X is the mean of the variable x over all locations,
wy is the spatial weight between locations i and j, indicating spatial
proximity or adjacency (often binary, where w;=1 if i and j are

neighbors, otherwise 0) and the summations S\, "' | are taken over
all pairs of locations.

Integration Local Inverse Simpson’s Index (iLISI) is a commonly
used metric for evaluating the quality of multi-batch data integration,
measuring the degree of mixing of different batches within each spot’s
local neighborhood. By calculating the diversity of batch labels among
neighbors, iLISI reflects the extent of batch effect removal. The metric
is typically normalized between 0 and 1, where O indicates complete
batch separation and 1 indicates perfect batch mixing. To accom-
modate integration methods based on graph structures, Graph iLISI*
improves the neighborhood definition by using shortest path dis-
tances within the graph instead of traditional Euclidean distances,
avoiding biases caused by embedding spaces and providing a more
accurate assessment of batch mixing in graph-structured data.

K-nearest neighbor Batch Effect Test (kBET) is an important
metric for evaluating the effectiveness of multi-batch data integration.
Its core idea is to assess whether the batch label distribution within the
k-nearest neighbors (kNN) of each spot matches the global batch dis-
tribution using a chi-squared test, thereby determining if batch effects
have been effectively removed. The kBET score is calculated as the
average rejection rate of all these tests; a lower raw score indicates
poorer batch mixing. For standardized interpretation, the score is
often normalized between O and 1, where higher values indicate better
batch mixing. kBET can be applied to integration methods based on
embeddings and can also be extended to graph structures, with
adaptations such as connected component analysis and neighbor
number adjustments enhancing its applicability.

Modality correlation analysis

Given that XP® ¢ R™*¢ represents the PCA-reduced features of a
modality, where m denotes the number of spots in the tissue section, p
denotes the reduced feature dimensionality after PCA. The aggregated
features from each modality using a certain method are represented as
X% ¢ R™*f where f represents the dimensionality of the aggregated
features. The distance matrices D*** and D' for the two types of
features, XP® e R™*P (PCA-reduced features) and X% e R™
(aggregated features), can be calculated as follows:

25

p 2
meij — \/Zk:l (chai'k _ chajy[()

Dlatij _ \/Zi:l (Xlati,k _ Xlatj,k>2 (26)
where DP“;; ¢ R™™ and D' ;j € R™ ™ represent the Euclidean dis-
tances between spots i and j in the PCA-reduced and aggregated
feature spaces, respectively. The Pearson correlation coefficient P; of
spot i between the modality-specific feature and the aggregated
feature can be computed as follows:

B
\/Zj <meij — Dp—cai)z . \/Zj (Dlatij _ DTmi)Z

For all spots, the correlation vector P={P,, P,, - --, P,,}" represents the
correlation coefficients between the modality-specific features and the
aggregated features.

@7)

Statistics and reproducibility

No statistical method was used to predetermine sample size. No data
were excluded from the analyses. The experiments were not rando-
mized, and the investigators were not blinded to allocation during
experiments and outcome assessment. Statistical analyses and
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reproducibility details are described in the Methods. For batch effect
assessment, kBET was computed using a chi-squared test with a pre-
defined significance threshold of a=0.05. All computational experi-
ments were conducted on a single NVIDIA RTX 3090 Ti GPU. Code and
data availability statements are provided to ensure reproducibility.

Algorithms availability. The benchmark algorithms used in this study
are publicly available.

WNN: https://github.com/dylkot/pyWNN

SpatialGlue: https://github.com/JinmiaoChenLab/SpatialGlue

CellCharter: https://github.com/CSOgroup/cellcharter

SpaMultiVAE: https://github.com/ttgump/spaVAE

COSMOS: https://github.com/Lin-Xu-lab/COSMOS

MISO: https://github.com/kpcoleman/miso

scMM: https://github.com/kodaim1115/scMM

PRESENT: https://github.com/lizhen18 THU/PRESENT

MEFISTO: https://biofam.github.io/MOFA2/MEFISTO

MOFA +: https://doi.org/10.5281/zenodo.3735162

MultiVI and totalVI were implemented using the scVI tools v1.1.6:
https://scvi-tools.org/

SNF was applied using muon v0.1.6: https:/github.com/
scverse/muon

WNN is implemented using Seurat v4: https://github.com/
satijalab/seurat

Detailed implementation settings for all benchmark algorithms
are provided in the Supplementary Information. All data analyses were
conducted using Python v3.9, with PyTorch v2.4.1, torch-geometric
v2.3.0, scikit-learn v1.5.1, and scanpy v1.10.2. The SMART software
developed in this study is publicly available at https://github.com/
Xubin-s-Lab/SMART-main.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The data used in this study were obtained from publicly available
repositories. The 10X Visium Human Lymph Node data can be acces-
sed from the Gene Expression Omnibus (GEO) with accession code
GSE263617. The MISAR-seq mouse brain data can be accessed from
National Genomics Data Center with accession number OEP003285.
The Stereo-CITE-seq data can be accessed from BGI STOmics Cloud
(https://cloud.stomics.tech/). The spatial CUT&Tag-RNA-seq and
spatial ATAC-RNA-seq mouse brain data can be accessed at GEO with
accession code GSE205055 or UCSC Cell and Genome Browser
(https://brain-spatial-omics.cells.ucsc.edu). The STARmap and RIBO-
map mouse brain data can be accessed from Zenodo (https://zenodo.
org/record/8041114) or Single Cell Portal (SCP) (https://singlecell.
broadinstitute.org/single_cell/study/SCP1835). The SPOTS mouse
spleen data can be accessed at GEO with accession code GSE198353.
The 10X Visium Human Tonsil data can be accessed from https://
zenodo.org/records/12654113/preview/data_imputation.zip?include_
deleted=0#tree_itemO. The data used as input to the methods tested in
this study have been uploaded to Zenodo and are freely available at
https://doi.org/10.5281/zenodo.17093158%% Source data are provided
with this paper.

Code availability

The SMART toolkit is accessible at https://github.com/Xubin-s-Lab/
SMART-main. The tutorial for implementing SMART to analyze spa-
tially multi-omics data is available at: https://smart-tutorials.
readthedocs.io/en/latest/.The Jupyter notebooks for reproducing the
results in this paper are available at https://github.com/Xubin-s-Lab/
SMART-main/tree/SMART-reproduce. The GitHub repository was
linked to Zenodo with the https://doi.org/10.5281/zenodo.1853814 7.
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