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Abstract

Genome-wide association studies (GWAS) have identified a large number of variants linked to complex traits and diseases, most of which
lie in noncoding regions and act in a tissue- and cell type-specific manner. However, how these genetic effects are distributed within the
spatial architecture of tissues remains poorly understood. Spatial transcriptomics (ST) profiles gene expression while preserving spatial co-
ordinates, offering a powerful way to localize genetic effects within tissue architecture. Here, we present the Spatial GWAS Atlas (https:
//zhaolab.cpl.ac.cn/spatialgwas), the first comprehensive resource systematically integrating GWAS summary statistics with ST data to map
trait-associated cells at single-cell resolution with spatial context. By leveraging 3854 curated GWAS datasets spanning diverse traits and 635 ST
datasets across multiple species, tissues, and platforms, we identified extensive trait-region and trait-spot associations. The database provides
keyword search, multicriteria browsing, interactive visualization, and bulk download capabilities. By linking genetic association signals to spatially
resolved transcriptomics, the Spatial GWAS Atlas enables high-resolution dissection of the cellular and spatial basis of complex traits, facilitating
mechanistic studies, therapeutic target discovery, and precision medicine applications.
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Introduction

Genome-wide association studies (GWAS) have identified a

GWAS summary statistics to identify trait-associated cell pop-
ulations at single-cell resolution. Building on these efforts,

large number of genetic variants associated with complex
traits and diseases, greatly advancing our understanding of
disease etiology and revealing potential therapeutic targets
[1-3]. Most GWAS-identified variants reside in noncoding re-
gions and exert regulatory effects that are often tissue- and cell
type-specific [4]. Linking genetic signals to their relevant cell
types and anatomical contexts is therefore a critical step to-
ward uncovering the molecular and cellular basis of complex
traits and diseases [5, 6]. Recent methodological advances,
such as scDRS [7], sc-linker [8], and scGWAS [9], have en-
abled the integration of single-cell transcriptomic data with

the development of sc2GWAS has provided a comprehensive
database documenting large-scale GWAS trait—cell regulatory
associations at single-cell resolution [10]. Collectively, these
approaches and resources have yielded important insights into
the cell-type and even single-cell specificity of genetic effects.

The development of spatial transcriptomics (ST) technology
has enabled high-throughput, transcriptome-wide profiling of
gene expression while preserving the precise spatial coordi-
nates of individual cells [11, 12]. By utilizing this capability,
numerous studies have explored the diversity and spatial or-
ganization of cells across diverse tissues [13-16]. Disruption
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of spatial organization and spatially resolved gene expression
patterns has been implicated in the onset and progression of
various complex diseases, including cancers [17], neurodegen-
erative disorders [18], and aging [16]. Despite its significance,
the spatial context of genetic variant effects within tissue ar-
chitecture remains largely unexplored. Recently, the geneti-
cally informed spatial mapping (gsMap) framework was de-
veloped to integrate ST data with GWAS summary statistics,
enabling spatially resolved mapping of cells to complex traits
and diseases [19]. This approach provides an unprecedented
opportunity to investigate the interplay between genetic varia-
tion and spatial cellular organization, allowing researchers to
localize genetic effects in situ and uncover microenvironmen-
tal patterns associated with disease.

However, there is currently no comprehensive resource that
systematically integrates GWAS summary statistics with ST
data across multiple traits and tissues. Existing tools and
databases typically focus on either single-cell resolution with-
out spatial context or spatial data without genetic association
mapping, limiting their ability to provide a holistic view of
trait-associated cells in tissue architecture.

To address this gap, we developed the Spatial GWAS Atlas
(https://zhaolab.cpl.ac.cn/spatialgwas), a genetically informed
atlas systematically mapping GWAS signals to trait-associated
cells at single-cell resolution with spatial context. By integrat-
ing a wide range of ST datasets spanning diverse platforms,
species, and tissue types, together with GWAS results cov-
ering a broad spectrum of traits and diseases, we systemati-
cally inferred the spatial distribution of trait-associated cells
using the gsMap framework. The current release comprises
635 ST datasets and 3854 GWAS datasets, yielding 1753 303
candidate trait-region pairs as well as a large number of can-
didate trait—spot pairs. This represents the most comprehen-
sive atlas of spatial spot—trait associations for human complex
traits to date, enabling high-resolution localization of genetic
risk within ST data. The platform provides advanced capabili-
ties for data exploration, interactive visualization, region-level
enrichment analysis, and trait-spot association mapping. By
bridging the gap between genetic associations and spatially re-
solved cell biology, the Spatial GWAS Atlas provides a unique
resource to explore the cellular basis of complex traits and dis-
eases, facilitating mechanistic insights, accelerating drug tar-
get discovery, and supporting translational applications in pre-
cision medicine.

Materials and methods

Spatial transcriptomics dataset collection and
processing

We retrieved ST datasets from five primary sources: the Spatial
TranscriptOmics DataBase (STOmicsDB) [20], the Macaque
Spatial Transcriptomics Atlas [15, 21], the Mouse Organo-
genesis Spatiotemporal Transcriptomics Atlas (MOSTA) [22],
and the Mouse Spatial Transcriptomics Atlas [23], as well
as various other published studies and projects. When raw
count matrices were available, they were used directly; oth-
erwise, normalized expression matrices were retrieved. For
each dataset, we collected and curated spot-level cell type and
anatomical region annotations, when available. Datasets with
too few spots to support analysis were excluded. Quality-
control thresholds embedded in the gsMap pipeline were ap-
plied, including exclusion of genes not expressed in any spot

and filtering out cell types represented by fewer than 30
spots.

In total, 635 ST datasets spanning three species—human,
macaque, and mouse—were assembled, covering a broad ar-
ray of tissues including brain, heart, liver, lung, lymphoid tis-
sues, spleen, testis, spinal cord, intestine, and embryo. These
datasets were generated using diverse ST platforms, such as
Stereo-seq, 10x Visium, and MERFISH, comprising a to-
tal of 68322222 spots and an average of 18119 detected
genes per spot. Each dataset was formatted as an AnnData
object containing the expression count matrix, cell anno-
tations, and spatial coordinates, and saved in HSAD for-
mat. A detailed summary of all ST datasets is provided in
Supplementary Table S1.

GWAS summary statistics collection and curation

GWAS summary statistics for complex traits and diseases
were obtained from publicly available databases and litera-
ture sources. For the UK Biobank (UKBB), we used the GWAS
summary statistics calculated from two robust methods: fast-
GWA [24] and fastGWA-GLMM [25], which effectively con-
trol for confounding effects such as population stratification
and relatedness. For the FinnGen, we used the released R9 re-
sults [26], covering hundreds of disease endpoints and quan-
titative traits. For the Million Veteran Program (MVP), we
used publicly available GWAS summary statistics from the ge-
netically inferred ancestry version, obtained from the recently
published study and the dbGaP database [27]. Moreover, we
obtained GWAS summary statistics from online repositories
including GWAS Catalog [28], COLOCdDb [29], PharmGWAS
[30], and Brain Catalog [31]. Finally, we collected the GWAS
results from some large-scale GWAS consortia and projects,
including the Psychiatric Genomics Consortium [32], Com-
plex Trait Genetics (https:/ctg.cncr.nl), Complex Trait Ge-
nomics (https://cnsgenomics.com/content/data), GWAS & Se-
quencing Consortium of Alcohol and Nicotine Use [33], the
International Multiple Sclerosis Genetics Consortium [34],
and the Sleep Disorder Knowledge Portal [35], among others.

Redundant datasets across sources were removed. Bi-
nary phenotype studies with a case proportion below 1%
were excluded to minimize low-powered results. After re-
moving molecular-level traits, we curated a total of 3854
GWAS datasets from European (EUR) populations, encom-
passing thousands of complex traits across anthropometric,
metabolic, cardiovascular, neurological, immune-related, and
behavioral domains, with sample sizes ranging from thou-
sands to over 1 million individuals. All datasets were harmo-
nized to the dbSNP 151 build. Header formats were standard-
ized, and missing statistics were imputed based on relation-
ships among available summary statistics. Specifically, if both
B- and P-values were reported, Z-scores were computed as
z =sign(B) x @ 1(1 — p/2), where &' is the standard nor-
mal quantile function. Metadata including sample size, an-
cestry, and release year were obtained from GWAS Catalog
or manually extracted from the original publications. A sum-
mary of GWAS datasets is shown in Supplementary Table S2.

Identification of GWAS trait—cell relationships in
spatial and single-cell resolution

First, ST datasets and GWAS summary statistics were pro-
cessed following the gsMap pipeline documentation. For ST
datasets, the spot-level gene expression matrices, spatial coor-
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dinates, and cell type or anatomical region annotations were
compiled into an AnnData object and saved in HSAD format.
Gene identifiers, including both gene IDs and Ensembl IDs,
were converted to official gene symbols. Moreover, the input
GWAS dataset was required to be a plain text file with five re-
quired columns: SNP (rsID), A1 (effect allele), A2 (non-effect
allele), Z (Z-statistic), and N (sample size).

Second, since currently available ST datasets cover only
a limited set of tissue types, we implemented a semiauto-
mated ontology-driven strategy to assign each GWAS trait to
its most relevant tissue. Each trait was queried against the
Ontology Lookup Service to retrieve the top three Experi-
mental Factor Ontology (EFO) terms. String similarity be-
tween the trait name and candidate EFO terms was calcu-
lated using the stringdist R package (Levenshtein distance),
and the highest-scoring EFO term was selected. Tissue in-
formation was then assigned by mapping the chosen EFO
term to Uber-anatomy ontology (Uberon) term. The confi-
dence score was defined as the similarity score, set to 0 if
no Uberon mapping was found. Traits without an automatic
mapping were manually assigned to the most biologically rel-
evant tissue, and if no suitable match was available, defaulted
to embryo. This hybrid strategy balances automation with
expert curation, improving reproducibility while minimizing
bias. Consequently, embryonic datasets were analyzed across
all traits, while tissue-specific ST datasets were restricted to
traits relevant to those tissues. This manual annotation en-
sured biologically meaningful and interpretable tissue-specific
analyses.

Finally, we employed the Quick Mode of gsMap to cal-
culate the association scores between each spatial spot and
each trait. This mode optimizes runtime and configura-
tion complexity by utilizing precalculated weights derived
from the 1000 Genomes Project European (EUR) reference
panel and protein-coding genes defined in the GENCODE
v46 GTF file. The gsMap framework is flexible and sup-
ports alternative LD reference panels from other popula-
tions as well as different GTF annotation file, including those
with noncoding genes, depending on study design. Accord-
ing to the recommendations of gsMap documentation, we
set the parameter num_neighbour to 21 and the parameter
num_neighbour_spatial to 101 for ST data generated from the
10X Visium platform. For Stereo-seq data and imputed MER-
FISH ST data [13], these parameters were set to 51 and 201,
respectively. When normalized gene expression matrices were
provided, the data_layer parameter was set to “SCT” to skip
gsMap’s preprocessing step. Additionally, we used the Cauchy
combination test to aggregate P-values from individual spots
within specific spatial regions or cell type annotations to quan-
tify the significance of trait-region or trait—cell type associa-
tions.

Database implementation

The Spatial GWAS Atlas is deployed on an Alibaba Cloud ECS
(Elastic Compute Service) instance running the Ubuntu 22.04
LTS (Long Term Support) operating system. Nginx v1.18.0
(https://nginx.org/en/) is configured as both an HTTP server
and a reverse proxy. MySQL v8.0.42 (https://www.mysq].
com) is used as the database engine. The backend REST-
ful web service is implemented using the Java Spring Boot
framework (https://spring.io/projects/spring-boot). The fron-
tend interface is developed with React (https:/reactjs.org)
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and structured using the UMI framework (https://umijs.org).
For the user interface components, we adopt Ant Design
(https://ant.design), which provides a set of high-quality, ex-
tensible components for building rich and interactive web
interfaces. Interactive data visualizations are rendered using
a combination of libraries, including Plotly.js (https://plotly.
com/javascript) and ECharts (https://echarts.apache.org).

Database content and usage

Overview of Spatial GWAS Atlas

Spatial GWAS Atlas aims to establish the most comprehen-
sive spatially resolved map of trait-associated cells to date. It
currently incorporates 3854 curated GWAS datasets from the
UKBB [36], FinnGen [26], MVP [27], the GWAS Catalog [28],
and multiple large-scale research consortia. In addition, it en-
compasses 635 ST datasets spanning 3 species, 10 tissue types,
and 3 experimental platforms. We implemented the standard
pipeline of gsMap to calculate the association scores between
spatial spots and traits by linking the high-resolution ST data
with GWAS results. The outline of Spatial GWAS Atlas is il-
lustrated in Fig. 1. At present, the database contains a total
of 1753303 genetically informed trait-region/cell type pairs.
Among all results, brain-related ST data account for ~56%
and embryo-related ST data ~41%. On the results browsing
pages, entries are by default sorted in descending order of sta-
tistical significance (P-values). To our knowledge, the Spatial
GWAS Atlas represents the first systematic and comprehen-
sive resource for decoding the genetic architecture of complex
traits within the spatial context.

User interface and functions

Spatial GWAS Atlas provides a user-friendly interface de-
signed for intuitive exploration, visualization, and data down-
load (Fig. 2). A keyword-based search function on the home-
page supports rapid queries across multiple item types, includ-
ing disease names, tissue types, and so on (Fig. 2A). Users can
also navigate the entire database through three main modules:
Browse, Search, and Visualization. All processed data in Spa-
tial GWAS Atlas are freely accessible.

The Browse module comprises four pages facilitating explo-
ration of ST datasets, GWAS datasets, and associated results. It
integrates extended interactive features, such as multicriteria
search and bulk download, to help users quickly locate data of
interest (Fig. 2B). The “Spatial Dataset” browse page provides
extensive meta-information, including species, tissue, plat-
form, number of spots, number of genes, PMID, title, publica-
tion year, and download links. Similarly, the “GWAS Dataset”
browse page contains key metadata such as trait type, trait
name, trait description, GWAS sample size, number of cases
and controls, PMID, title, publication year, and data sources.
Clicking a “Dataset ID” directs users to a detailed page for the
selected ST or GWAS dataset. This page displays the study’s
metadata, an overview heatmap of the top 1000 significant
trait-region/cell type pairs derived from the dataset, and a
comprehensive results table (Fig. 2D). Users can filter these
results by entering keywords such as trait, tissue, cell type an-
notation, or region annotation. Table columns can be sorted
by clicking their headers. Selecting an “Association ID” opens
a dedicated visualization page featuring detailed statistics and
interactive charts for that specific association (Fig. 2D).
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processing, data integration, data exploration, and data visualization.
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The Search module provides three primary functions:
querying ST datasets, GWAS datasets, and all trait-region/cell
type pairs across all datasets (Fig. 2C). Users can select a
search category, enter a keyword, and retrieve the correspond-
ing results. The trait-region/cell type association search sup-
ports multiple filtering criteria, enabling refined queries. From
the browse pages, users can access detailed information for a
specific trait-region/cell type pair by clicking on its “Associa-
tion ID.” In addition, all processed results are freely available
for download.

The Visualization module consists of three sections: two
panels display the metadata of the paired ST and GWAS
datasets, and the third panel presents an interactive scatter
plot (Fig. 2E). This plot can be colored using three alterna-
tive schemes: cell type annotation, region annotation (when
available), and —logy ¢ P-values representing the statistical sig-
nificance of trait—spot associations. Users can switch between
different paired ST-GWAS results and toggle color schemes
using the drop-down menus located above the chart.

Case study: identification of
schizophrenia-associated cell distribution in the
whole mouse brain

We conducted a case study using the recently published whole-
brain mouse ST dataset from Han et al. to demonstrate the ap-
plication of the Spatial GWAS Atlas. This dataset provides a
spatial transcriptomic atlas of the entire mouse brain at single-
cell resolution and includes 195 samples, 123 from one brain
and 72 from another [23]. We selected section T311, which
contains the largest number of spots, as the showcase exam-
ple. As show in Fig. 2D, the top five trait-region/cell type as-
sociations involved two traits: schizophrenia and bipolar dis-
order. We focused on schizophrenia, using GWAS summary
statistics from Pardinas et al. [37] as the target dataset. First,
we examined the distribution of schizophrenia-associated cells
in embryonic ST data from MOSTA, confirming their overall
enrichment in brain tissue (Supplementary Fig. S1) (Cauchy
P-value = 8.64e—12). However, these embryonic data lacked
the resolution to resolve subregional and cell-type specificity
within the brain. By leveraging the high-resolution cell type
and anatomical annotations in the Han et al. dataset, we
identified significant enrichment of schizophrenia-associated
cells in neurons (Cauchy P-value = 1.44e—135). Spatially, these
cells were concentrated in the cerebral cortex, hippocam-
pus, and thalamus (Fig. 2E). Previous large-scale GWAS-
magnetic resonance imaging integration study have revealed
that schizophrenia shares substantial genetic architecture with
cortical structure across most regions [38]. In addition, re-
duced hippocampal subfield volumes are strongly associated
with cognitive impairment in schizophrenia [39], and di-
minished thalamocortical functional connectivity, particularly
within key cognitive networks, has been linked to cognitive
deficits even at prodromal stages [40]. In summary, these re-
gions have been consistently implicated in schizophrenia by
prior studies, and our results provide spatially resolved, single-
cell-level evidence that further substantiates these established
associations.

Discussion and future directions

In this study, we present Spatial GWAS Atlas, a comprehen-
sive spatially resolved map of trait-associated cells by lever-

aging the gsMap framework that integrates GWAS data with
ST profiles. This database fills an important gap between ge-
netic association studies and spatially resolved cell biology.
It is particularly timely, as genetic variant effects are increas-
ingly recognized to be context specific [41,42], and the spatial
architecture of tissues can profoundly influence cellular phe-
notypes, signaling networks, and disease processes [43]. Our
work extends previous large-scale efforts such as sc2GWAS
[10], which maps GWAS signals to single-cell populations.
While single-cell atlases can reveal cell-type specificity, they
typically lack the anatomical context necessary to capture mi-
croenvironmental influences and regional variation within tis-
sues. Conversely, existing ST resources generally do not incor-
porate genetic association information [20, 44], limiting their
ability to link spatial gene expression patterns to disease risk
loci. By overcoming the limitations of existing approaches,
the Spatial GWAS Atlas enables researchers to precisely lo-
calize genetic effects within tissue architecture and elucidate
how neighboring cell types and the local microenvironment
modulate these effects.

The breadth of our curated datasets supports both trait-
centric and tissue-centric explorations. In particular, the in-
clusion of embryonic datasets for traits without a clear tis-
sue of origin allows exploratory mapping of genetic signals
in a developmental context, potentially providing insight into
early-life origins of complex diseases. Our platform also sup-
ports multitrait and cross-tissue comparisons, enabling users
to identify convergent spatial signatures across biologically re-
lated traits.

Despite these advances, several limitations remain. First,
the current coverage of ST datasets is uneven across tissues,
species, and experimental platforms, reflecting the field’s early
stage. While brain is relatively well represented, many human
tissues have limited or no high-resolution ST data, constrain-
ing the scope of trait mapping in those contexts. Second, tissue
assignment for GWAS traits, although supported by a semi-
automated ontology-driven strategy and manual curation, re-
mains approximate for traits with systemic or pleiotropic ef-
fects. As more multitissue ST data become available, it will be
possible to perform cross-tissue integration without relying on
preassigned tissue relevance. Third, the spatial resolution of
current ST platforms remains lower than true single-cell reso-
lution for many current ST platforms, meaning that spot-level
associations may reflect composite signals from heterogeneous
cell populations. Advances in high-resolution and multiplexed
spatial profiling will mitigate this limitation in future releases.

Looking ahead, we anticipate two directions for expan-
sion. First, the integration of spatial multi-omics data [45, 46],
such as epigenomics, proteomics, and metabolomics, could
further refine mechanistic links between genetic variants and
spatially resolved molecular phenotypes. Second, because all
GWAS summary statistics in the current database are derived
from European populations, generalizability across ancestries
remains limited. Future updates will incorporate data from
diverse populations to improve cross-ancestry applicability
and equity, thereby addressing the Eurocentric bias of current
GWAS resources.

In summary, the Spatial GWAS Atlas provides a unique and
valuable resource for exploring the spatial context of genetic
risk in complex traits and diseases. By systematically integrat-
ing GWAS findings with ST data across diverse tissues and
species, it sheds light on the interplay between genetic varia-
tion, cellular identity, and tissue architecture, thereby laying
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a foundation for both mechanistic understanding and transla-
tional applications. We anticipate that the Spatial GWAS Atlas
will serve as an important resource for the genetics and trans-
lational research communities, with substantial potential to
advance drug discovery and precision medicine.
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