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Abstract

Cells function within intricate three-dimensional (3D) architectures to form tissues and organs. Constructing 3D tissue structure is critical for un-
derstanding cellular states, biological processes, and intercellular interactions. Herein, we describe a comprehensive 3D spatial omics resource,
So3D (http://bio-bigdata.hrbmu.edu.cn/So3D or https://so3d.bio-database.com/), which aims to construct 3D tissue architecture and dissect bi-
ological processes occurring in 3D space from multiple perspectives. We systematically collected 72 sets of 3D spatial transcriptome datasets,
involving 1 132 902 spots across 882 slices from four species, and matched reference single-cell RNA-sequencing data, covering 763 893 cells
from 28 datasets. So3D also provides multiple flexible analysis modules for retrieving and analyzing 3D tissue, such as inference of 3D spatial
domains and gene expression patterns across 3D tissue regions, 2D spatial slices, and single-cell datasets; mapping of cell type distribution and
cell-cell communication networks to explore intercellular crosstalk in 3D space; and functional annotation of biological pathways and signaling
networks within 3D tissue contexts. Collectively, So3D provides comprehensive insights for investigating biologically meaningful 3D spatial do-
mains, mapping local gene expression landscapes, functional state, and communication networks in tissue, and may also serve as an efficient
and reliable tool for understanding the tissue microenvironment and discovering biomarkers.
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Introduction - o :
conquering diseases, and designing biological systems, and its

Three-dimensional (3D) spatial omics is becoming the “next-  application boundary is still expanding rapidly [1, 2]. By in-

generation microscope” for understanding the life complexity, ~ tegrating molecular information with precise 3D position in

Received: August 12,2025. Revised: September 7, 2025. Accepted: September 10, 2025

© The Author(s) 2025. Published by Oxford University Press.

This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License
(https://creativecommons.org/licenses/by-nc/4.0/), which permits non-commercial re-use, distribution, and reproduction in any medium, provided the
original work is properly cited. For commercial re-use, please contact reprints@oup.com for reprints and translation rights for reprints. All other
permissions can be obtained through our RightsLink service via the Permissions link on the article page on our site—for further information please contact
journals.permissions@oup.com.


https://doi.org/10.1093/nar/gkaf998
https://orcid.org/0000-0003-4079-8945
https://orcid.org/0000-0002-1936-8513
http://bio-bigdata.hrbmu.edu.cn/So3D
https://so3d.bio-database.com/

D1282  Zhao et al.

tissue or organ, 3D spatial omics reveals the biological laws
of the “spatial dimension” that cannot be captured by con-
ventional omics. Notably, the 3D spatial transcriptomics tech-
nology has constructed the 3D view of gene expression, cell
types, and functional states within tissues and organs, reveal-
ing spatially continuous structures and biomarkers that are
invisible in two-dimensional (2D) slices [3]. For example, 3D
tissue reconstruction and structural analysis of breast can-
cer liver metastases have revealed independent subvolumes,
demonstrating spatially heterogeneous growth patterns, inva-
sive trajectories, and complex branching morphologies of the
tumor. Furthermore, specific molecular signatures have been
identified across different regions as follows: the proangio-
genic factor TYMP and the gene IGLC2, which is related to
immunoglobulin receptor binding [4]. Leveraging 3D mod-
els, researchers have further identified the spatial cell states
of Drosophila embryos and predicted potential transcription
factor regulators [5].

To elucidate the spatial regulation of gene expression and
decode the spatial organization of cells, several studies have
been conducted using spatial transcriptomics data. Current
spatial transcriptomics databases such as STOmicsDB [6],
SORC [7], CROST [8], SpatialDB [9], SpatialRef [10], and
SPASCER [11] primarily focus on collecting spatial transcrip-
tomic datasets across diverse species, organs, and diseases,
and encompass a standardized spatial transcriptome data pro-
cessing pipeline. However, biological organs inherently exhibit
complex 3D architectures, and most biological processes oc-
cur in the 3D space rather than on a single 2D slice. These
databases are limited to analyzing individual 2D slices and
lack the capability to construct or analyze 3D tissue archi-
tectures. Currently, there is no integrated 3D spatial omics
database that combines data collection, visualization, and sys-
tematic functional analysis. Existing research only provides
fragmented online access to 3D spatial transcriptomics results.
For example, VT3D is a visualization toolbox that enables 3D
transcriptomic data browsing via surface model plots and has
been applied to five published datasets (primarily Drosophila)
[12]. Flysta3D allows users to query 3D spatial transcrip-
tomics data in Drosophila, spanning from the embryonic to
the pupal stages [5, 13]. 3DSeTH allows the visualization of
gene expression using spatial transcriptomics data from six
patients with rheumatoid arthritis [3]. Therefore, it is particu-
larly urgent to develop a comprehensive resource for 3D spa-
tial transcriptomics data collection, visualization, and system-
atic analysis.

In light of the above, we develop So3D, the first comprehen-
sive, cross-species 3D spatial omics resource, which combines
large-scale data integration with interactive 3D visualization
and analysis tools to decode the spatial and functional com-
plexity of biological systems across various physiological and
disease states. So3D curates 72 sets of 3D spatial transcrip-
tomics datasets, which contain 4 species, 15 tissues, 5 diseases,
882 slices, and 1 132 902 spots, alongside with matched the
single-cell datasets, including 763 893 cells from 28 datasets.
In more detail, So3D contains: (i) 30 human datasets from
10 different organs, covering five disease categories; (ii) 33
datasets from Drosophila embryos and larval tissues; (iii) 5
mouse datasets focused on brain, hippocampus, and heart
tissues; and (iv) 4 datasets capturing the telencephalon tis-
sue of axolotl. Furthermore, So3D offers five powerful analy-
sis modules to gain in-depth biological exploration. Through
an intuitive interactive interface, researchers can effortlessly

perform data queries, visualization, and result downloads,
thereby facilitating efficient study of 3D spatial transcrip-
tomics data. This resource is invaluable for investigating 3D
spatial domains, characterizing local gene expression, analyz-
ing cell type interactions, and performing functional enrich-
ment within tissues. Moreover, So3D supports key research
applications including microenvironment analysis, biomarker
discovery, and tissue biology studies, helping uncover regula-
tory mechanisms in tissues under physiological and patholog-
ical conditions. Collectively, So3D could serve as a pivotal re-
source for investigating 3D tissue architecture and mechanistic
insights across diverse biological processes, such as embryoge-
nesis, organogenesis, and disease progression, from a uniquely
3D vision.

Materials and methods

Three-dimensional spatial transcriptomics data
collection

To systematically collect 3D spatial transcriptomics datasets,
we performed a comprehensive search across multiple public
repositories, comprising Gene Expression Omnibus, Human
Tumor Atlas Network (https://data.humantumoratlas.org/),
Mendeley Data (https:/data.mendeley.com/), Zenodo (https:
l/zenodo.org/), Spatial Transcript Omics DataBase (https:
//db.cngb.org/stomics/), and Single Cell PORTAL (https://
singlecell.broadinstitute.org/), using keywords such as “spa-
tial transcriptomics,” “three-dimensional,” and “3D.” Addi-
tionally, we further screened recently published studies re-
lated to 3D spatial transcriptome analysis to ensure cover-
age of all available datasets based on consecutive sections. Ul-
timately, we collected 72 sets of 3D spatial transcriptomics
datasets, spanning 4 species, 135 tissues, 5 diseases, 882 slices,
and 1 132 902 spots.

Three-dimensional spatial transcriptomics data
processing and clustering

For each 3D spatial transcriptomics dataset, we performed
systematic data processing to construct the training model us-
ing the Python package STitch3D [14]. Specifically, we first
incorporated the iterative closest point algorithm or PASTE
algorithms to align multiple slices by spatial spot registra-
tion, thereby building the global 3D neighborhood map for
spots in all slices. Then, we combined ST and single-cell
RNA sequencing (scRNA-seq) data to eliminate the batch ef-
fect between slices. The model training was carried out us-
ing Adamax for stochastic optimization, employing the de-
fault parameters (20 000 optimization steps, learning rate
Ir = 0.002, coefficients for computing running averages (81 =
0.9, B = 0.999), and weight decay parameter A = 0). Af-
ter training, STitch3D output latent representations to per-
form 3D spatial domain detection. Next, we applied the Lou-
vain algorithm to obtain the clustering result as spatial do-
mains. For the Louvain algorithm, we tested Louvain in dif-
ferent resolutions using the Adjusted Rand Index (ARI) and
selected the parameter resolution at 0.5 in the comparison
(Supplementary Fig. S1). And this value has been widely
adopted in spatial transcriptomics analyses to perform clus-
tering analysis and is consistent with previous studies [15, 16].
Finally, we visualized the results using UMAP dimensionality
reduction.
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Identification of cell types

For each 3D spatial transcriptomics dataset, we conducted
a joint analysis of spatially resolved gene expression matri-
ces with 2D spatial coordinates from multiple consecutive ST
slices and cell type—specific gene expression profiles from the
paired scRNA-seq reference dataset. Leveraging the STitch3D
deconvolution neural network, we accomplished 3D cell type
deconvolution tasks by inferring cell type composition pro-
portions at each spatial spot. Finally, the dominant cell type
for each spot was defined based on the highest proportion.

scRNA-seq data collection and processing

For scRNA-seq data, we prioritized the use of scRNA-seq
data matched with homologous samples for combined analy-
sis. For spatial transcriptome datasets lacking paired scRNA-
seq data, we selected the optimal scRNA-seq dataset, which
has been used in previous studies for joint analysis with this
spatial transcriptomics dataset. For scRNA-seq data process-
ing, we employed the Seurat R package following standard
quality control procedures [17]. The following criteria were
then applied to select cells: (i) the number of expressed genes
was >500; (ii) unique molecular identifier (UMI) count was
>1000. Cells with low total UMI counts or few detected genes
were filtered out. After raw data quality control and nor-
malization, we also identified highly variable genes and per-
formed principal component analysis for dimensionality re-
duction. We performed batch correction on the cells from dif-
ferent samples using the R package harmony [18], and applied
the Louvain algorithm for clustering. UMAP visualization was
used to characterize cell populations. Next, we manually cu-
rated tissue-specific cell type marker genes from the Annota-
tion of Cell Types database [19]. We used the ScType algo-
rithm to classify major cell populations based on these mark-
ers or define cell types based on existing biological knowledge
[20]. For cancer samples specifically, we established stringent
epithelial cell filtration criteria and applied the Cancer-Finder
algorithm to accurately distinguish tumor cells from epithe-
lial cells [21]. Marker genes of cell types were identified us-
ing the “FindAllMarkers” function in Seurat (min.pct > 0.25,
log (fold change) > 0.25, and padj < 0.05). A total of 763 893
cells from 28 datasets were integrated, covering 77 distinct cell
types, thereby supporting high-precision cell type localization
in 3D space.

Spatially differentially expressed genes

Detecting genes with spatially expression patterns in 3D
space is critical for deciphering location-specific cellular
states and functional mechanisms. First, we performed
the “sc.pp.highly_variable_genes” function in Scanpy to
identify highly variable genes. Next, we implemented the
“sc.tl.rank_genes_groups” algorithm in Scanpy to systemat-
ically evaluate differential expression patterns across 3D spa-
tial domains. Highly variable genes were defined as spatially
differentially expressed genes (DEGs) if they met the follow-
ing: pct_nz_group > 0.25, logy(fold change) > 0.25, and
padj < 0.05.

Functional analysis

We performed Gene Ontology (GO) [22] and Kyoto Encyclo-
pedia of Genes and Genomes (KEGG) [23] enrichment anal-

D1283

yses on cell type-specific DEGs of various species, including
human, mouse, and Drosophila, using the clusterProfiler tool
to uncover their underlying biological functions and pathway
characteristics. To further investigate functional heterogene-
ity across cell types in 3D spatial transcriptomics, we com-
puted single-sample gene set enrichment analysis scores for
each spatial spot [24], incorporating GO and KEGG gene sets
(human and mouse) from MSigDB database, and human cell
state gene sets from CancerSEA [25]. Additionally, we applied
hypergeometric testing to identify significantly enriched func-
tions based on the DEGs of cell types (FDR < 0.05).

Communication analysis

To decipher cell—cell interaction networks among spatially ad-
jacent cell types within 3D tissue architectures, we employed
CellChat to systematically infer spatially proximal cell—cell
communication from spatially resolved transcriptomic data
[26]. We collected literature-supported ligand-receptor inter-
actions from the built-in CellChatDB database, which in-
cludes both human and mouse data. Finally, we integrated
aligned spatial coordinates and gene expression matrix from
multiple tissue slices and ligand-receptor interaction database
as input for analyzing communication patterns in 3D space.

Database framework and web implementation

So3D is freely available at http://bio-bigdata.hrbmu.edu.cn/
So3D or https://So3D.bio-database.com/. The online web
server of So3D was constructed by Java Server Pages language
and deployed on Tomcat software (v9.0.93). All datasets
of So3D were documented and managed based on the
MySQL data source server (v5.6.50). To create the result
data and realize the image visualization and interaction, sev-
eral JavaScript packages were applied, including ECharts.min
and ECharts-gl.min. All data processing and statistical anal-
yses were performed using R software (v4.3.2) and Python
software (v3.9). Currently, the So3D website can be well
supported by state-of-the-art web browsers, such as Safari,
Google Chrome, Microsoft Edge, and Firefox. No registration
or login is required.

Database content and usage

Database overview

So3D is an integrated and user-friendly 3D spatial transcrip-
tomics resource that constructs 3D tissue architectures and
investigates biological processes occurring in 3D space from
multiple perspectives. Through a systematic review of pub-
lished papers up to 2025, So3D contains 72 high-quality 3D
spatial transcriptome datasets, spanning 4 species (human,
mouse, Drosophila, and axolotl), 15 tissue types, 5 disease
categories, 882 tissue sections, and 1 132 902 spatial spots
(Supplementary Table S1). To enable accurate cell type an-
notation for each spatial spot, So3D supplements with corre-
sponding scRNA-seq references, covering 763 893 cells from
28 datasets (Fig. 1A and Supplementary Table S2). For each
spatial transcriptome dataset, So3D provides a comprehen-
sive description, such as species, organ, disease category, se-
quencing technology, number of tissue sections, and number
of spots. Following quality control, the processed 3D spatial
transcriptomics datasets contain an average of 15 734 spatial
spots distributed across 12 tissue sections per dataset. Among
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resource.

them, the mouse heart dataset represents the most extensive
section collection with 74 tissue sections, while the Drosophila
larvae dataset contains the highest number of spatial spots at
63 603.

To elucidate the internal interactions and functional dy-
namics of complex biological systems, So3D introduces five
tools to retrieve and analyze data: (i) Domain3D identifies 3D
spatial domains with coherent gene expression patterns to an-
notate biologically meaningful tissue regions; (ii) CellType3D
maps the 3D spatial distribution of cell types in tissues by in-
tegrating single-cell datasets, which provides an in-depth un-
derstanding of the possible biological functions in the enrich-
ment regions of specific cell types; (iii) SpatialDEG3D pro-

vides spatially DEGs across 3D spatial domains and observes
their expression levels in 2D sections and single-cell datasets,
highlighting region-specific biomarkers; (iv) Function3D re-
veals biological functions and signaling pathways of cell type-
specific enrichment, pinpointing the core function linked to
the cell types; (v) Communication3D performs cell—cell com-
munication to explore the crosstalk between cell types that
are closely related in 3D space (Fig. 1B). Furthermore, So3D
presents the results in the comprehensively intuitive chart for-
mat and offers an interactive 3D visualization module that
supports multi-perspective data exploration, alongside seam-
less browsing, searching, and downloading of all available
data.



A comprehensive three-dimensional spatial omics resource

User interface

Data browser

So3D offers efficient data browsing functions, enabling users
to comprehensively explore the essential metadata of both 3D
spatial transcriptome datasets and single-cell datasets, includ-
ing species, disease categories, organ sources, sequencing tech-
niques, slice counts, spot counts, cluster counts, and related
literature. Users can also conduct multi-dimensional combi-
nation screening of datasets by species, disease category, or-
gan sources, and sequencing techniques. Users can click on the
target dataset to enter the dedicated analysis page and access
detailed analysis results. In addition, So3D provides a global
keyword search function to screen relevant data on a large
scale (Fig. 2A).

Three-dimensional spatial domain identification
Annotating meaningful 3D spatial domains can accurately
identify spatial functional units of biological significance.
So3D provides biologically interpretable 3D spatial domains
with similar gene expression profiles and spatial proximity.
For Domain3D, users can view it intuitively as follows: (i)
general information of dataset; (ii) 3D visualization and cross-
section 2D comparative views of 3D spatial domains and the
domain of interest; (iii) UMAP visualization based on 3D spa-
tial domains and tissue sections; and (iv) specific expression of
marker genes and statistical data in each 3D spatial domain.
These functions provide a basis for detecting meaningful tis-
sue structures related to biological functions and systematic
investigation of regional functional heterogeneity (Fig. 2B).

Three-dimensional cell type spatial distribution
So3D provides precise cell type annotations for each spot in
3D spatial transcriptomics data, and further analyzes and re-
constructs the 3D spatial distribution pattern of the cell types
within tissues. By integrating the scRNA-seq reference data
with spatial transcriptomics data, CellType3D offers the fol-
lowing: (i) interactive 3D visualization of the tissue distribu-
tion for all cell types and the cell type of interest; (ii) compar-
ison view of cell type proportion distribution across 2D sec-
tions; (iii) display of the basic information, cell type annota-
tion results, and cell type—specific markers of matched scRNA-
seq data. CellType3D provides a systematic research tool for
investigating the spatial heterogeneity in the tissue microen-
vironment and deciphering the enrichment regions of specific
cell types (Fig. 2C).

Identification of spatially differentially expressed
genes

Spatially DEGs serve as fundamental molecular determinants
of 3D spatial heterogeneity. Identifying spatially DEGs is cru-
cial for deciphering the functional specialization of distinct
3D spatial domains. Accordingly, SpatialDEG3D offers the
following features: (i) a rigorously curated list of spatially
DEGs and further statistics on the spatial domains and cell
types where each gene is specifically enriched; (ii) visualization
tools to compare their expression patterns across 3D space
and corresponding 2D sections; and (iii) exploring expression
levels of selected genes across different cell types in single-
cell datasets. This module helps researchers precisely pinpoint
region-specific biomarkers in 3D tissue regions and deeply

D1285

reveal the functional differences among different regions
(Fig. 2D).

Functional analysis of cell types in 3D space

To elucidate the functional roles of cell types within 3D spatial
domain, So3D integrates four analytical modules for system-
atic characterization of cell type-specific functional enrich-
ment: (i) Functional enrichment module for identifying sig-
nificantly enriched biological functions and pathways among
spatially DEGs across cell types; (ii) GO module for evalu-
ating the activity and statistical significance with cell types
of GO terms in 3D space, highlighting key biological pro-
cesses associated with cell types; (iii) KEGG module for as-
sessing the activity and statistical significance with cell types
of KEGG pathway gene sets in 3D space; and (iv) Cell state
module for detecting enrichment patterns of cell state gene sets
in 3D space. Users can dynamically filter results by cell types
or gene sets, presenting them in both tabular and graphical for-
mats. Through Function3D, users enable precise identification
of function linked to 3D cell types, facilitating mechanistic ex-
ploration (Fig. 2E).

Cell-cell communication in 3D space

Leveraging the comprehensive spatial relationship mapping
capability of 3D spatial transcriptomics, we inferred the inter-
actions among distinct cell types. Users can examine the signif-
icant interactions between cell types and the ligand—receptor
pairs that mediate the interactions. All pairs are presented
in the table, and the intensity and directionality of the inter-
action network are illustrated in the river diagram. Further-
more, Communication3D enables users to specify the ligand—
receptor pair of interest and 3D visualization of the ligand
and receptor expression and distribution in 3D space. Com-
munication3D serves as a powerful tool for investigating the
crosstalk between cell types in 3D space (Fig. 2F).

Example application of database

3D spatial analysis of breast cancer tissue

To systematically evaluate the potential application of So3D
in deciphering 3D tissue architecture and uncovering novel
biological insights, we analyzed 3D spatial transcriptomic
data from breast cancer (BRCA) patients, covering 1729 spots
across three consecutive 2D tissue sections (Fig. 3A). Using
Domain3D, we identified five biologically coherent 3D spa-
tial domains within the tumor tissue, defined as Cluster 0—4
(Fig. 3B). The consistency of these spatial domains across mul-
tiple sections demonstrated the accuracy of So3D in recon-
structing 3D tissues across sections. Leveraging cell type sig-
natures from scRNA-seq reference datasets, CellType3D de-
convoluted the cellular composition of each spot, revealing
distinct 3D spatial distributions of cell types (Fig. 3C). B cells
and macrophages were specifically localized to Cluster 0, sug-
gesting this domain as an immune-enriched region, while tu-
mor cells dominated other spatial domains (including Cluster
1, Cluster 2, and Cluster 4), indicative of tumor-enriched re-
gions. T cells were highly enriched in Cluster 3 (Fig. 3D). Sub-
sequently, we used SpatialDEG3D to evaluate spatially DEGs
in each 3D spatial region. Notably, the specific marker gene
IGHAT1 of B cells was significantly upregulated in Cluster 0
(Fig. 3E) [27]. The significantly upregulated gene DHCR24
in tumor cells was specifically highly expressed in Cluster 1
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Figure 2. User interface of So3D database. (A) Data browser page allows use
type, tissue source, and sequencing technique. (B) Domain3D shows 3D spat

rs to obtain 3D spatial transcriptomics dataset based on species, disease
ial domains with coherent gene expression patterns and provides marker

information in 3D spatial transcriptomics dataset. (C) CellType3D offers cellular component in 3D tissue and cell type annotation in single-cell dataset. (D)
SpatialDEG3D offers spatially DEGs and shows the expression of the selected gene in 3D spatial domains and cell types. (E) Function3D provides cell
type-specific functional enrichment. (F) Communication3D displays the significant interactions between cell types and the ligand-receptor pairs.

and Cluster 4 (Fig. 3E). This observation is consistent with the
previous finding that DHCR24, a key enzyme in cholesterol
biosynthesis, promotes breast cancer progression by enhanc-
ing tumor cell proliferation [28, 29]. Our tool successfully
established strong correlations between 3D spatial cell type
distributions and their corresponding marker genes, demon-
strating its effectiveness in uncovering biologically meaning-
ful spatial patterns. Analysis via Function3D module revealed

elevated proliferative, cell cycle, and metastatic activity in
tumor regions 1 and 4 of 3D breast cancer samples. Addi-
tionally, DHCR24-high 3D spatial regions 1 and 4 also ex-
hibited significant enrichment of cholesterol biosynthesis and
metabolism across consecutive tissue sections, further demon-
strating the spatial regulatory role of DHCR24 in the patho-
genesis of breast cancer (Fig. 3F). Finally, the Communica-
tion3D revealed that multiple ligand-receptor pairs mediate
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the intercellular interactions in breast cancer tissues (Fig. 3G).
For example, the interaction across immune cells was medi-
ated by RARRES2-CMKLRT1 pair to stimulate recruitment
of immune cells and inhibit tumor growth, aligning with the
chemerin signaling pathway reported previously [30]. In our
analysis, the ligand RARRES2 and its receptor CMKLR1 were
predominantly expressed in Cluster 0 (immune cell-enriched
region) and Cluster 3 (a mixed region containing both im-
mune and tumor cells), highlighting active immune communi-
cation within these areas. We also observed that tumor cells
interact through the APP-TNFRSF21 axis, thereby promoting
the formation of the immunosuppressive microenvironment
to facilitate tumor progression [31-33]. Notably, APP and
TNFRSF21 were simultaneously expressed in Cluster 4, a tu-
mor cell-enriched region, suggesting an autocrine-like tumor—
tumor signaling loop that may contribute to immune evasion.

3D transcriptomic landscape of the human
dorsolateral prefrontal cortex

To further demonstrate the utility of So3D in constructing
comprehensive 3D tissue panoramas, we analyzed the hu-
man dorsolateral prefrontal cortex dataset generated by the
10x Visium platform, comprising four tissue sections and
14 243 spots (Supplementary Fig. S2A). Using Domain3D,
we identified seven spatial domains, which showed consis-
tent patterns across all four slices and closely matched the
manually annotated regions [34] (Supplementary Fig. S2B).
Applying CellType3D, we visualized cell type deconvolu-
tion results and observed biologically meaningful distribu-
tions, in that oligodendrocyte subtype 1 was highly enriched
in Cluster 2, whereas subtype 3 was enriched in Clusters
2 and 6, corresponding to white matter regions. Astrocyte
subtypes were specifically enriched in Cluster 1, resembling
the layer 1, while excitatory cells were widely distributed
across Clusters 0, 1, 4, and 3, likely reflecting cortical lay-
ers 2-6 [34] (Supplementary Fig. S2C and D). Through
Spatial DEG3D, we further visualized the expression of spa-
tially DEGs. Marker genes of oligodendrocytes, such as PLP1
and MBP, were strongly expressed in Clusters 2, 3, and 6
(Supplementary Fig. S2E). Notably, MBP, a well-known white
matter marker, displayed clear spatial restriction, further vali-
dating that So3D can effectively identify biologically relevant
3D spatial domains. To dissect the functional heterogeneity
of cell types in 3D tissues, we applied Function3D, which re-
vealed that oligodendrocyte development was significantly en-
riched in oligodendrocyte subtypes 1 and 3, and had a higher
level of activity in the Cluster 2 (Supplementary Fig. S2F).
Finally, Communication3D uncovered cell—cell interactions
between oligodendrocytes and astrocytes mediated through
collagen signaling (Supplementary Fig. S2G). Specifically,
COL4AS was highly expressed in oligodendrocyte-enriched
regions (Cluster 2), while its receptors SDC4 and ITGAV
were also significantly enriched in Cluster 2. These findings
suggest that oligodendrocytes engage in astrocytic functions
via the COL4AS ligand-receptor pairs (SDC4, ITGBS, and
ITGAV).

3D spatial transcriptomic atlas of the Drosophila
embryo

Owing to rapid reproductive cycle, ease of genetic manipu-
lation, and high genetic homology with humans, Drosophila
serves as an ideal model for studying evolution, genetics, and

disease. Here, we reconstructed the 3D embryo model of
Drosophila in So3D, containing 21 tissue slices and 31 308
spots (Supplementary Fig. S3A). By integrating spatial tran-
scriptomics data from these slices, Domain3D enabled the
identification and visualization of seven consistent 3D spa-
tial domains (Cluster 0-6) (Supplementary Fig. S3B). Lever-
aging scRNA-seq atlases, CellType3D generated the 3D spa-
tial distribution of cell types within the embryo. We observed
that the central nervous system (CNS) was specifically local-
ized to Cluster 0 (Supplementary Fig. S3C and D), captur-
ing the morphology and position of the embryonic CNS [13].
Both the foregut and the hindgut were mapped to Cluster 3
(Supplementary Fig. S3C and D), and their tissue localiza-
tion during embryonic development is similar to that of the
original studies. Interestingly, midgut-enriched regions (Clus-
ters 4 and 5) were encapsulated within Cluster 3, reflecting
their anatomical position between the foregut and the hindgut
(Supplementary Fig. S3E and F). SpatialDEG3D further re-
vealed biologically meaningful markers (Supplementary Fig.
S3G). For example, Apolpp and Nplp2 were strongly ex-
pressed in the midgut-enriched regions (Cluster 4), highlight-
ing the regulation of cellular metabolism and functions in lipid
transport and storage [35-37]. In addition, we identified novel
tissue marker genes, such as CG32073 and CG42586, broadly
expressed in the midgut-enriched regions (Cluster 4). By Func-
tion3D, hindgut was found to be rich in protein synthesis-
related functions, with ribosomal genes such as RpL38 and
RpL41 expressed in both hindgut- and midgut-enriched re-
gions (Clusters 2 and 4), pointing to potential cross-tissue
functional connections (Supplementary Fig. S3H).

In summary, these findings validate So3D as a powerful tool
for 3D research of biological systems to precisely localize key
biological events within the microenvironment.

Discussion

3D tissue reconstruction marks a pivotal advance in spa-
tial transcriptomics, providing unprecedented opportunities
to study complex biological systems. While most exist-
ing databases are limited to 2D analyses [6-11], So3D
represents the first comprehensive cross-species 3D spa-
tial omics database that integrates large-scale datasets with
interactive visualization and systematic analysis modules
(Supplementary Table S3). The key innovation of So3D lies
in its ability to accurately reconstruct tissue architecture from
multi-slice datasets and to provide a unified platform that sup-
ports 3D spatial domain identification, precise cell type map-
ping, detection of spatially DEGs, functional annotation, and
cell-cell communication analysis. These modules collectively
enable researchers to decode the regulatory mechanisms gov-
erning tissue structure and function in the 3D context.
Recently, several benchmark methods, such as SpaMask
[38], SpaDAMA [39], SpaDiT [40], mclSTExp [41], SpalCL
[42], and SpaViT [43], have provided powerful computa-
tional strategies for advancing spatial transcriptomics analy-
sis on individual 2D slice. So3D functions as a comprehensive
resource that integrates large-scale, cross-species, multi-slice
spatial transcriptomics datasets with multiple analytical mod-
ules and interactive visualization, thereby catering to this de-
mand for reconstructing 3D panoramic views. Furthermore,
So3D facilitates the exploration of tissue microenvironments,
the identification of region-specific biomarkers, and the inves-
tigation of cellular interactions underlying the organ devel-
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opment and disease progression. By offering intuitive visual-
ization and efficient analytical workflows, So3D lowers the
barrier for researchers to perform in-depth 3D spatial omics
studies.

The rapid evolution of spatial multi-omics technologies (in-
cluding metabolomics and genomics) has yielded exponen-
tially growing high-resolution datasets. In the future, we will
continue to update So3D, including (i) integrating the latest
3D spatial transcriptomic data; (ii) designing additional anal-
ysis modules to provide deep understanding of 3D tissues; and
(iii) expansion of multi-omics data integration, such as spa-
tial metabolomics and spatial genomics. In conclusion, by in-
tegrating multiple parallel 2D tissue sections, So3D achieves
3D tissue reconstruction, providing researchers with profound
insights and new dimensions into tissue structure, local gene
expression landscapes, cell interactions within the tissue, and
biological functional regulation.
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