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Current tools for spatial omics analysis often face challenges in performing integrated
transcriptomics and metabolomics analysis, in-depth biological interpretation, and user-
friendly operation. To address this, we developed SMintegration, the first web-based
graphical platform designed specifically for integrated spatial metabolomics and
transcriptomics analysis. Built with R/Shiny and deployed using Docker
containerization, the platform provides a complete analytical workflow from data
preprocessing to functional annotation. Its core functions include: (i) cross-modal
spatial pattern recognition; (ii) flexible differential analysis of genes and metabolites
based on clustering results, user-defined regions, or cell type annotations; and (iii)
group-specific gene-metabolite network construction and interactive visualization.
Using adjacent mouse brain coronal sections (Stereo-seq transcriptomics and
AFADESI-MS metabolomics) as an example, SMintegration successfully identified
both the periaqueductal gray and subcommissural organ, which were missed by single-
modality clustering. Cell type analysis revealed an association between astrocyte-
enriched GABA metabolism and Slc6a11, while a comparison between the cornu
ammonis region and the midbrain periaqueductal gray dissected glutamatergic and
endogenous cannabinoid signaling pathway modules. With a zero-code interface,
SMintegration enables a wide range of researchers to deeply explore gene-metabolite
interaction mechanisms within microenvironments during development, homeostasis,
and disease.
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Abstract

Current tools for spatial omics analysis often face challenges in performing integrated
transcriptomics and metabolomics analysis, in-depth biological interpretation, and user-
friendly operation. To address this, we developed SMintegration, the first web-based
graphical platform designed specifically for integrated spatial metabolomics and
transcriptomics analysis. Built with R/Shiny and deployed using Docker
containerization, the platform provides a complete analytical workflow from data
preprocessing to functional annotation. Its core functions include: (i) cross-modal
spatial pattern recognition; (ii) flexible differential analysis of genes and metabolites
based on clustering results, user-defined regions, or cell type annotations; and (iii)
group-specific gene-metabolite network construction and interactive visualization.
Using adjacent mouse brain coronal sections (Stereo-seq transcriptomics and
AFADESI-MS metabolomics) as an example, SMintegration successfully identified
both the periaqueductal gray and subcommissural organ, which were missed by single-
modality clustering. Cell type analysis revealed an association between astrocyte-
enriched GABA metabolism and Slc6all, while a comparison between the cornu
ammonis region and the midbrain periaqueductal gray dissected glutamatergic and
endogenous cannabinoid signaling pathway modules. With a zero-code interface,
SMintegration enables a wide range of researchers to deeply explore gene-metabolite
interaction mechanisms within microenvironments during development, homeostasis,
and disease.

KEYWORDS: Spatial multi-omics; Spatial pattern analysis; Spatial differential

analysis; Gene-metabolite co-localization; Differential expression network
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Introduction

Spatial omics technologies have revolutionized molecular biology by enabling
localization of molecular information within tissue sections [1]. Spatial multi-omics,
integrating transcriptomics, proteomics, and metabolomics, was recognized by Nature
in 2022 as a “Technology to Watch” [2]. Integrating spatial transcriptomics and
metabolomics is particularly important as it links gene expression (genotype) with
metabolic products (phenotype), revealing mechanisms in development, disease, and
therapy. Recent studies highlight this power: Sun et al. [3] profiled gastric cancer
metabolic remodeling, while Vicari et al. [4] developed a protocol for simultaneous
profiling on a single slice. Such approaches enable spatial clustering comparisons [3,5],
identification of synergistic gene-metabolite modules [4,6], and cross-region
interaction analyses [3,6]. These insights clarify how spatially defined genes regulate
the metabolic microenvironment, advancing understanding of tissue development and
disease.

Despite progress, current computational tools face three main limitations. First,
modality compatibility is limited: platforms like SpatialGlue [7] and Giotto [8] mainly
address transcriptomics—proteomics, and SpaTrio [9] links single-cell multi-omics with
spatial transcriptomics. No standardized pipeline exists for transcriptomics—
metabolomics integration. Second, biological interpretation remains shallow. SODB
[10] allows data loading but not deep analysis; MIIT [11] supports registration but not
interaction studies. Third, accessibility is poor: tools like MISO [12] and SOAPy [13]
require programming expertise, while recent machine learning methods [14] are
complex and lack GUIs. These gaps hinder research on how gene regulation shapes
spatial metabolism, emphasizing the need for multimodal, analytical, and user-friendly
platforms.

To address this, we developed SMintegration, the first GUI platform for joint spatial
metabolomics—transcriptomics analysis. It provides a complete pipeline from

preprocessing to functional annotation, lowering technical barriers. Core functions
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include: (1) Spatial pattern analysis to identify co-varying features across omics; (2)
Differential analysis based on clustering, user-defined ROIls, or cell types, with
integrated functional enrichment; and (3) Network analysis and visualization to
construct differential expression genes (DEG)/ differential abundant metabolites
(DAM) correlation networks and explore spatial co-localization. Validated on mouse
brain data, SMintegration integrates both modalities, identifies fine brain structures,
reveals astrocyte and oligodendrocyte networks, and uncovers mechanisms of synaptic

plasticity and pain regulation, demonstrating strong potential for systems-level studies.

Methods

Software Implementation and Architecture

SMintegration is a web-based GUI implemented in R (v4.4.2) using Shinyproxy and
Docker, ensuring scalability and portability. Users access it via browser. The cloud
platform (128 CPUs, 1000 GB RAM) is available at

https://metax.genomics.cn/app/smintegration. Runtime benchmarks are in Table S1.

For very large datasets, local deployment is recommended. Source code is on GitHub

(https://github.com/mzlab-research/SMIntegration.qgit), with documentation, tutorials,

and example datasets accessible from the help interface (Figure S1).

Data Preparation and Spatial Registration

Input requires spatially registered metabolomics and transcriptomics data. Since
resolutions differ, higher-resolution data should be aggregated to match the lower (e.g.,
binning 500 nm transcriptomics by 100 to 50 um metabolomics). Registration can be
performed using SpatialData [15], which supports linear and affine transformations. A
tutorial and scripts are provided in Supplementary File 1 and GitHub

(https://github.com/mzlab-research/SMIntegration/tree/main/spatialdata). Two input

formats are supported: (1) text matrices containing feature name, spatial Xx/y
coordinates, and values (Figure S2A); (2) Seurat objects with coordinates and
abundance in designated slots (Figure S2B). Upload requirements are detailed on the

help page.
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Data Upload and Visualization

On the Overall Distribution Panel, users can upload datasets or use built-in test data
(Figure S3). The system performs format checks, retains overlapping pixels, and
generates abundance maps for both omics (Figure 1A).

Core Analysis Modules

Spatial Expression Pattern Recognition

This module applies SpaGene [16] to detect spatially variable features. High-expression
subnetworks are quantified using Earth mover’s distance (EMDg) and compared with
random permutations. Non-negative matrix factorization (NMF) partitions features into
modules (Figure 1B). Cross-omics associations are evaluated using Moran’s I [17].
Users can browse features within modules (Figure S4).

Pixel-level Spatial Clustering

Four clustering methods are available (Figure 1C): Louvain (LV), LM, SLM [18], and
K-means after UMAP [19,20]. Preprocessing includes normalization (LogNormalize),
variable feature selection (top 2000 genes/metabolites), and scaling. Integrated data
combines both modalities by pixel coordinates. A Sankey diagram compares clustering
concordance (Figure S5).

Cell Type Annotation

Cell types are annotated for transcriptomics using SingleR [21] with reference datasets
(MouseRNAseqData, HumanPrimaryCellAtlasData), then mapped to metabolomics
pixels (Figure 1D). Users may also upload custom annotations (Figure S6).
Differential Analysis

This analysis consists of two steps: ROI selection and differential testing. ROIs can be
defined in three ways (Figure 1E): Interactive Selection (manually drawing on
metabolomics ion maps or transcriptomics expression maps, Figure S7A), Clustering-
based Selection (Figure S7B), and Cell Type-based Selection (Figure S7C). After
defining ROIs, users specify groups (e.g., Region A vs. Region B). Each pixel is treated
as an independent sample, and Seurat’s FindMarkers function [18] with a Wilcoxon
rank-sum test identifies DEGs and DAMs. Results are Bonferroni-corrected [22], with

default thresholds of |log2FC| > 0.26 and adjusted p < 0.05. In addition to univariate
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analysis, UMAP visualization highlights expression differences across ROIs, and users
can view spatial distributions of identified DEGs or DAMs (Figure S8).
Group-specific Network Construction of Differential Features

This module reveals spatial co-expression relationships between DEGs and DAMs
under specific biological conditions (Figure 1E). For each comparison group,
differential genes and metabolites are first selected, and Spearman correlation
coefficients are calculated using pixel-level data. Pairs meeting adjusted p-value < 0.01
and |r| > 0.6 are retained as network edges. By enforcing the same node layout across
groups (Figure S9), users can intuitively observe changes in gene—metabolite
correlation patterns, facilitating understanding of group-specific regulatory
mechanisms.

Functional Association and Enrichment

This module integrates and interprets biological functions of DEGs and DAMs (Figure
1F). It performs pathway mapping (e.g., KEGG), then applies Fisher's exact test for co-
enrichment analysis to identify pathways synergistically enriched. Key pathway nodes
are displayed with up/downregulation, and users can view spatial distribution images
of all annotated genes and metabolites in any enriched pathway (Figure S10).

Spatial Imaging Visualization

SMintegration provides spatial visualization tools for exploring distribution patterns
(Figure 1G). It supports single-feature imaging to generate spatial maps for any gene
or metabolite, feature co-localization to display the top six positively and negatively
correlated genes and metabolites for a selected feature (Figure S11), and multi-feature
visualization, where two to three features can be mapped to RGB channels to generate
pseudo-color composite images (Figure S12). Together, these functions offer an
intuitive means to explore spatial multi-omics relationships.

Example Data and Validation

SMintegration includes datasets from adjacent coronal brain sections of a 7-week-old
male mouse. Spatial metabolomics data were acquired by AFADESI-MS (50 um
resolution), processed with Cardinal [23] and identified with SManalyst platform [24],

and vyielded 13,707 pixels and 560 metabolites. Spatial transcriptomics data from
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Stereo-seq were binned to 50 um, resulting in 14,605 pixels and 10,000 highly variable
genes. The two modalities were registered using SpatialData (Figure S13), followed by
KNN interpolation and filtering, yielding 14,530 valid pixels. A downsampled demo
dataset (500 genes and 500 metabolites) is also provided, allowing users to quickly test
platform functions via the “Use demo data” option in the Overall Distribution Analysis

panel.
Results and Discussion

Integrated Spatial Pattern Analysis Reveals Covarying Molecular Landscapes
SMintegration identifies spatially consistent regions and molecular patterns by offering
a variety of clustering algorithms and spatial pattern recognition methods. Joint
clustering of integrated spatial metabolomics and transcriptomics data demonstrates
improved spatial domain identification. We matched our mouse brain imaging data to
the Allen Mouse Brain Reference Atlas [25] using DeepSlice [26] to identify the closest
matching atlas plate, and then registered this atlas plate to our experimental images
using QuickNII [27], and Figure 2A shows the brain structure of the mouse after
registration. While separate spatial metabolomics clustering could only identify the
periaqueductal gray (PAG) (Figure 2B), and separate transcriptomics clustering could
only identify the subcommissural organ (SCO) (Figure 2C), the joint clustering of both
spatial metabolomics and transcriptomics data accurately identified both regions
simultaneously (Figure 2D). This highlights the potential of integrating different
modalities to resolve fine spatial heterogeneity. The relationship between the clustering
results of different modalities is visualized through a Sankey diagram (Figure S5),
which demonstrates the unique information and degree of correspondence contributed
by each omics layer to the spatial stratification.

In addition to spatial clustering, SMIntegration uses the SpaGene method to identify
molecular expression patterns. Figures 2E and 2F display the identified spatial
expression patterns for genes and metabolites, while Figure 2G shows the correlation
between these spatial patterns. Although the overall clustering distributions exhibit

similarities, the specific patterns differ. Some patterns appear to be complementary
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between modalities, such as metabolite pattern 2 and gene pattern 4 (r=-0.607).
However, conserved cross-modal patterns were also found, such as metabolite pattern
3 and gene pattern 2 (r=0.565), both of which are enriched in the mid-brain region
(Figures 2E, 2F). We performed functional enrichment analysis on the conserved
pattern pair (Figure S14). The results revealed significant co-enrichment of both
patterns in key pathways such as synaptic vesicle cycle and neuroactive ligand-receptor
interaction. This finding indicates that the co-localized module is deeply involved in
the regulation of synaptic signaling in the midbrain region. It is noteworthy that the
cAMP signaling pathway was also enriched. This pathway represents a classic
intracellular signaling cascade that translates neurotransmitter receptor activation into
changes in neuronal excitability and gene expression and is closely associated with
synaptic plasticity [28].

The above analysis demonstrates the powerful capability of the SMintegration
platform in identifying spatially co-localized multi-omic modules. By recognizing
coordinated spatial patterns of genes and metabolites, it can be directly linked to
functional synergy. This discovery provides a novel molecular framework for
investigating region-specific mechanisms of motor control and reward, highlighting the
unique value of integrated spatial multi-omics analysis.

Cell-Specific Metabolite Analysis

Deciphering gene expression and metabolite abundance changes within specific cell
types is crucial for a deeper understanding of cellular function. However, spatial
metabolomics data itself lacks direct cell type annotation capabilities. SMintegration
effectively addresses this challenge through its integrated cell type annotation and piexI
registration (Figure 1D), which allows researchers to directly compare metabolic
expression differences within regions enriched for different cell types. We demonstrate
this by comparing two functionally distinct glial cell populations in the mouse brain:
regions dominated by non-telencephalon astrocytes (NA) versus regions dominated by
Mature oligodendrocytes (MO) (Figure 3A, Figure S7C). UMAP analysis showed clear
differences in metabolite (Figure 3B) and gene (Figure 3C) expression between these

two cell types. Through differential screening, SMintegration identified 103 differential
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metabolites, with 58 upregulated in NA and 45 upregulated in MO. In terms of genes,
1313 genes were highly expressed in the NA region, while 427 were highly expressed
in the MO region (Figure 3D). Notably, the gene Slc6all and the metabolite gamma-
Aminobutyric acid (GABA) were jointly annotated to the GABAergic synapse pathway
(Figure S15A). Both were upregulated in the NA region (Figure S15B,
C). Slc6all encodes a sodium-dependent transporter [29], and its absence can lead to
GABA accumulation and an imbalance in neuronal excitability, affecting cognitive
function [30]. These differential results are consistent with the cellular functions of
astrocytes, which play a role in GABA synthesis and transmission.

Cell-type-specific metabolic regulatory networks provide a new perspective for
dissecting the mechanisms of metabolic-gene synergistic interactions. We constructed
correlation networks for these differential features in the NA and MO regions
separately. In the NA region, no significant correlation was observed between Bex2 and
spermidine (Figure 3E); whereas in the MO region, decreased expression of the Bex2
gene and upregulation of spermidine were detected, showing a negative correlation
between them (Figure 3F). Bex2 has anti-apoptotic and pro-proliferative properties
[31], while the effect of spermidine on the immune system is dose-dependent, with
higher doses being anti-inflammatory and lower doses enhancing cytotoxic immune
function [32]. This phenomenon reveals that the correlation between the molecules
Bex2 and spermidine is highly specific to cellular function: the significant negative
correlation observed in the MO region, where decreased Bex2 expression coincides with
increased spermidine levels, strongly suggests the presence of a finely tuned inhibitory
regulation—mediated by spermidine accumulation—targeting cell proliferation and
apoptosis. In contrast, the lack of correlation in the NA region may indicate a functional
decoupling between the two. Such specificity in interaction is likely closely related to
the immune microenvironment or neural activity demands of the cell population. These
results reflect the heterogeneity of transcriptomics and metabolomics at the cell type
level, validating the platform's utility in precisely dissecting cell-specific molecular
networks.

Differential Expression Between Brain Regions Reveals Functional Insights
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Beyond supporting differential analysis based on cell type annotations, SMIntegration's
flexible interactive selection feature (Figure 1E) also allows researchers to directly
select any region of interest to define comparison groups. We used the comparison
between the cornu ammonis (CA) region and the mid-brain periaqueductal gray (PAG)
region in a mouse brain coronal section (Figure S16, Figure 4A) as an example to
demonstrate SMIntegration's flexible differential analysis to reveal regulatory networks
in different brain microenvironments. Differential analysis identified 1484 differential
genes (Figure 4B), corresponding to 213 pathways, and 193 differential metabolites,
corresponding to 87 pathways. There were 55 pathways shared by both differential
genes and metabolites (Figure 4C).

Figure 4D shows the pathways significantly enriched with these differential
features. Genes and metabolites highly expressed in the CA region were significantly
enriched in pathways such as Glutamatergic synapse, Neuroactive ligand-receptor
interaction, and Long-term potentiation/depression. In particular, in the activated
Glutamatergic synapse pathway (Figure S17A), L-Glutamic acid (Figure S17B) and
Grin2a (Figure S17C) were upregulated. Glutamate is the main excitatory
neurotransmitter in the hippocampus, and its metabolic flux directly affects synaptic
plasticity. The gene Grin2a encodes the NMDAR, an ionotropic glutamate receptor.
The synergistic action of these pathways forms the molecular basis of hippocampus-
dependent learning and memory [33].

Pathways significantly enriched with genes and metabolites highly expressed in the
PAG region point to its core functions: pain modulation and defensive responses. In the
addiction-related neuroadaptations pathway (Figure 4E), both the metabolite gamma-
Aminobutyric acid (GABA) and the gene Slc32al were significantly upregulated
(Figure 4F). Slc32al encodes the vesicular transporter VGAT, which loads GABA into
synaptic vesicles, and GABA is an inhibitory tonic [34]. Studies have shown that the
analgesic effect of exogenous cannabinoids (e.g., A9-THC) in the PAG is achieved by
activating CB1 receptors to modulate vesicular release patterns and reduce the

probability of GABA release [34,35]. Furthermore, multi-feature imaging and spatial
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co-expression analysis also demonstrated the consistent high expression of Slc32al and

GABA in the mid-brain region, predominantly the PAG (Figure 4G).

Conclusion

SMintegration is the first zero-code platform for integrated spatial metabolomics and
transcriptomics, unifying spatial pattern recognition, differential analysis, network
construction, and functional annotation. It enables intuitive exploration of gene—
metabolite interactions and spatial heterogeneity, as demonstrated in the mouse brain
by revealing region- and cell type-specific networks and key processes such as
GABA/Glutamate balance and cannabinoid signaling. Future extensions will include
additional omics and machine learning—based modules, further advancing spatial multi-

omics research in both fundamental and translational biology.
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Figure legends

Figure 1 Overall architecture of SMIntegration

A. Data Upload. B. Spatial pattern analysis, identifying features with specific spatial
patterns. C. Clustering analysis. D. Cell type annotation analysis. E. Differential
analysis, allowing the selection of corresponding differential features through three
different methods. F. Functional association analysis of differential features. G.
Imaging visualization.

Figure 2 Integrated multi-omics clustering identifies conserved spatial domains
and correlated molecular patterns

A Schematic of mouse brain structure (atlas from
ABA Mouse CCFv3 2017 _25um.cutlas). B. Spatial metabolomics clustering. C.
Spatial transcriptomics clustering. D. Integrated two-omics clustering map. E. Spatial
pattern identification from spatial transcriptomics data. F. Spatial pattern identification
from spatial metabolomics data. G. Spatial correlation between spatial metabolomics
and spatial transcriptomics patterns. (The spatial pattern maps in B-F include brain
region outlines for easier identification.)

Figure 3 Cell type-based differential analysis reveals cell-enriched metabolites
and genes.

A. Group comparison selection based on cell types, with the experimental group being
non-telencephalon astrocytes (NA) and the control group being mature
oligodendrocytes (MO). B. UMAP analysis of genes in the MO and NA regions. C.
UMAP analysis of metabolites in the MO and NA regions. D. Number of differentially
expressed genes and metabolites in MO and NA. E. Correlation network between
differential metabolites and genes in the NA region. F. Correlation network between
differential metabolites and genes in the MO region.

Figure 4 Interactive spatial selection unveils region-enriched multi-omics
functional pathways

A. Group comparison selection based on brain regions, with the experimental group as

cornu ammonis (CA) and the control group as periaqueductal gray (PAG). B. Number
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of differentially expressed genes and metabolites in the CA and PAG regions. C.
Number of annotated pathways for differential genes and metabolites in the CA and
PAG regions. D. Pathway enrichment for differential features in the CA and PAG
regions. E. Pathway Retrograde endocannabinoid signaling enriched with metabolites
and genes in the PAG region. F. Abundance distribution maps of enriched genes and
metabolites in the PAG region. G. Spatial co-imaging (left) and co-expression (right)

of Slc32al and GABA.

Supplementary material

Supplementary File 1 Spatial metabolomics and transcriptomics data
registration tutorial

Table S1 Execution time and memory consumption across datasets of varying
sizes

Figure S1 Screenshot of the SMIntegration tutorial interface

Figure S2 Schematic diagram of data input formats.

A. Text Matrix Format: Requires metabolomics/transcriptomics data to be submitted as
a "feature-pixel” matrix, with each column containing the metabolite/gene name, spatial
coordinates (x/y), and feature value. B. Seurat Object Format: Requires both spatial
metabolomics and transcriptomics data to share identical structures. The feature-pixel
matrix is stored in the Spatial$counts slot (rows represent features and columns
represent pixels), while spatial coordinates are stored in the meta.data slot.

Figure S3  Screenshot of the data upload interface

Figure S4 Screenshot of the spatial pattern analysis interface

Figure S5 Screenshot of the spatial clustering interface

Figure S6 Cell type annotation

A. Screenshot of the cell type annotation interface. B. Requirements for user-defined
annotation file format: Must be a text matrix with three columns: spatial x/y coordinates
and cell type.

Figure S7 Screenshot of the differential analysis region selection interface
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A. Use the lasso tool to select ROI, then assign it as the experimental or control group.
B. Select clustering classes, then assign them as the experimental or control group. C.
Select cell classes, then assign them as the experimental or control group.

Figure S8 Screenshot of the differential analysis interface

Figure S9 Screenshot of the group-specific network interface

Figure S10 Screenshot of the functional association analysis interface

Figure S11 Screenshot of the single-feature visualization interface

Figure S12 Screenshot of the multi-feature visualization interface

Figure S13 Mouse brain data registration workflow

A. Total abundance imaging of spatial transcriptomics and spatial metabolomics data
before registration.

B. Total abundance imaging of spatial transcriptomics and spatial metabolomics data
after registration.

Figure S14 Enriched pathways in the conserved metabolite pattern 3 and gene
expression pattern 2

Figure S15 Annotation of enriched features in non-telencephalic astrocytes
within the GABAergic synapse pathway

A. Molecular annotation in the GABAergic synapse pathway. B. The spatial
distribution of Gamma-aminobutyric acid (GABA) abundance. C. The spatial
distribution of Slc6all expression level.

Figure S16 Schematic diagram of manual selection for CA vs PAG

Figure S17  Annotation of enriched features in CA region within the
glutamatergic synapse pathway

A. Molecular annotation in the glutamatergic synapse pathway. B. The spatial
distribution of L-Glutamic acid abundance. C. The spatial distribution of Grin2a

expression level.
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Figure 2 Integrated multi-omics clustering identifies conserved spatial domains
and correlated molecular patterns

A. Schematic of mouse brain structure (atlas from
ABA Mouse CCFv3 2017 25um.cutlas). B. Spatial metabolomics clustering. C.
Spatial transcriptomics clustering. D. Integrated two-omics clustering map. E. Spatial
pattern identification from spatial transcriptomics data. F. Spatial pattern
identification from spatial metabolomics data. G. Spatial correlation between spatial
metabolomics and spatial transcriptomics patterns. (The spatial pattern maps in B-F

include brain region outlines for easier identification.)
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as cornu ammonis (CA) and the control group as periaqueductal gray (PAG). B.
Number of differentially expressed genes and metabolites in the CA and PAG regions.
C. Number of annotated pathways for differential genes and metabolites in the CA
and PAG regions. D. Pathway enrichment for differential features in the CA and PAG
regions. E. Pathway Retrograde endocannabinoid signaling enriched with metabolites
and genes in the PAG region. F. Abundance distribution maps of enriched genes and
metabolites in the PAG region. G. Spatial co-imaging (left) and co-expression (right)

of Slc32al and GABA.
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Figure S2 Schematic diagram of data input formats.
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Figure S6 Cell type annotation
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Figure S7 Screenshot of the differential analysis region selection
interface
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Figure S8 Screenshot of the differential analysis interface
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Figure S9 Screenshot of the group-specific network interface
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Figure S10 Screenshot of the functional association analysis
interface
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Figure S11 Screenshot of the single-feature visualization interface
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Figure S12 Screenshot of the multi-feature visualization interface
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Figure S13 Mouse brain data registration workflow
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Figure S14 Enriched pathways in the conserved metabolite
pattern 3 and gene expression pattern 2
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Figure S15 Annotation of enriched features in non-telencephalic
astrocytes within the GABAergic synapse pathway
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Figure S16 Schematic diagram of manual selection for CA vs PAG
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Figure S17 Annotation of enriched features in CA region within
the glutamatergic synapse pathway
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Submission Type: Technical Note

Dr. Hongling Zhou

Editor, GigaScience

Dear Dr. Zhou,

On behalf of my co-authors, we are pleased to submit our manuscript entitled
“SMintegration: A Web Platform for Integrated Spatial Metabolomics and
Transcriptomics Analysis” for consideration for publication in GigaScience as
a Technical Note.

Spatial multiomics provides powerful insights into cellular heterogeneity and molecular
interactions within complex tissues. However, current computational tools often lack the

capacity to integrate multiple data modalities in a user-friendly and interpretable manner.

To bridge this gap, we developed SMintegration, a dedicated web-based graphical
platform that enables integrated analysis of spatial metabolomics and transcriptomics
data.

Built using R and Shiny and containerized with Docker, SMIntegration offers a
comprehensive workflow-from data preprocessing to functional annotation. Key features
include cross-modal spatial pattern recognition, flexible differential analysis across
custom regions or annotated cell types, and interactive construction of group-specific
gene-metabolite networks. Using adjacent mouse brain sections profiled by Stereo-seq
transcriptomics and AFADESI-MS metabolomics, we demonstrate that SMIntegration
uncovers spatial domains and metabolic-transcriptional modules that are not detectable
through single-modality analysis. The platform’s zero-code interface makes it accessible
to researchers across disciplines, facilitating exploration of cross-omics interactions in
development, homeostasis, and disease contexts.

We believe our work closely matches the scope and mission of GigaScience, by
providing an innovative methodology and an accessible computational tool for spatial
multiomics data integration and interpretation. We are confident that this contribution

will appeal to GigaScience readers engaged in both methodological and applied research.
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This manuscript represents original work, has not been published before, and is not
currently under consideration elsewhere. All authors have approved the manuscript and
its submission to GigaScience.

Thank you for your time and consideration. We look forward to hearing from you.

Sincerely,

Corresponding Authors:

Jin Zi

BGI, Shenzhen 518083, China
Email: zij@genomics.cn
Phone: +86-18118761065

Zhanlong Mei

BGI, Shenzhen 518083, China
Email: meizhanlong@genomics.cn
Phone: +86-15813736269
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Dear Editor,

On behalf of my co-authors, we are pleased to submit our manuscript entitled
“SMintegration: A Web Platform for Integrated Spatial Metabolomics and
Transcriptomics Analysis” for consideration in the GigaScience Special Issue on Spatial
Multiomics (article type: Web Server).

Spatial multiomics offers unique opportunities for understanding cellular heterogeneity
and molecular interactions in complex tissues, but current computational resources
gpbbiological interpretation. To address these challenges, we developed SMintegration,
the first dedicated, web-based graphical platform for the integrated analysis of spatial
metabolomics and transcriptomics data.

The platform, implemented in R/Shiny and containerized with Docker, provides a
complete workflow from preprocessing to functional annotation. Its distinctive features
include cross-modal spatial pattern recognition, flexible differential analysis across user-
defined regions or cell-type annotations, and interactive construction of group-specific
gene—metabolite networks. Using adjacent mouse brain coronal sections profiled by
Stereo-seq transcriptomics and AFADESI-MS metabolomics, SMintegration successfully
identified spatial domains and metabolic-transcriptional modules that were overlooked
by single-modality analyses. Importantly, the platform features a zero-code interface,
enabling researchers with diverse backgrounds to explore cross-omics interactions during
development, homeostasis, and disease.

We believe that this work fits well within the scope of the Special Issue, as it provides a
methodological advancement and an accessible computational tool for spatial multiomics
data integration and interpretation. We are confident that GigaScience

readers will find this contribution valuable for both methodological and applied research.

This manuscript is original, has not been published previously, and is not under
consideration elsewhere. All authors have approved the submission. We kindly request
that it be considered for inclusion in the Special Issue on Spatial Multiomics.

Thank you very much for your time and consideration. We look forward to your
feedback.

Sincerely,

Corresponding Authors:

Jin Zi

BGlI, Shenzhen 518083, China
Email: zij@genomics.cn
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TDS-Decision letter

Date: Oct 16, 2025
To: "Zhanlong Mei" meizhanlong@genomics.cn
From: "Genomics Proteomics and Bioinformatics" editor@big.ac.cn

Subject: Genomics, Proteomics & Bioinformatics - GPB-D-25-00503 - Decision

Ms. Ref. No.: GPB-D-25-00503

Title: SMIntegration: A Web Tool for Comprehensive Spatial Metabolomics and Transcriptomics Integrated
Analysis and Visualization

Genomics, Proteomics & Bioinformatics

Dear Dr. Zhanlong Mei,

I'm writing to you regarding manuscript GPB-D-25-00503 entitled "SMIntegration: A Web Tool for
Comprehensive Spatial Metabolomics and Transcriptomics Integrated Analysis and Visualization" which you
submitted to the Genomics, Proteomics & Bioinformatics.

I'd like to thank you for your interest in publishing in Genomics, Proteomics & Bioinformatics but regret to
inform you that your manuscript has not been selected for publication in the journal. While we will not be
considering the manuscript further for publication in our journal we would like to offer you the opportunity to
transfer your submission to an alternative journal via the OUP Transfer Desk.

Our partners in the OUP Transfer Desk, Straive (OUPTransferAssistant@straive.com), will be in touch
within the next 24-48 hours with details of how the transfer service works together with a list of alternative
submission venues for your manuscript. Accepting a transfer offer is entirely optional; the Transfer Desk will
never transfer your manuscript to another journal without your permission. Please note that accepting a
transferred article is entirely at the discretion of the receiving editors, who maintain editorial independence.

Thank you for considering the Genomics, Proteomics & Bioinformatics for the publication of your research. I
hope the outcome of this specific submission will not discourage you from the submission of future
manuscripts.

Yuxia Jiao
GPB Editorial Office
Genomics, Proteomics & Bioinformatics



