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Abstract 

Expression Atlas ( https:// www.ebi.ac.uk/ gxa/ home ) is EMBL-EBI’s comprehensive knowledgebase for gene and protein expression 

across tissues, cell types, conditions, and multiple species. Since our last update, Expression Atlas has expanded substantially in both 

content and functionality, now comprising > 4500 studies from 67 species, with increased proteomics coverage and updated Genotype- 
Tissue Expression (GTEx) tissue profiles. The resource also includes hundreds of single-cell RNA-seq experiments spanning 21 species, 
among them externally analysed community datasets such as Tabula Sapiens and GTEx single-nucleus profiles, allowing exploration of 
curated atlases while maintaining their original analytical framework. Key methodological advances include a new marker gene analysis 
module for bulk baseline experiments, alongside workflow updates that improve reproducibility. Expression Atlas data are integrated 

into EMBL-EBI resources such as Ensembl, UniProt, and Europe PMC and disseminated through collaboration with model organism 

communities such as FlyBase and Gramene. The resource also supports translational research through the European Diagnostic Tran- 
scriptomic Library and integration with the Open Targets platform. Future directions include modernizing analysis pipelines, enhancing 

programmatic access, and delivering AI-ready data formats, strengthening Expression Atlas as a findable, accessible, interoperable, 
and reusable (FAIR) community-driven resource for both fundamental and translational discovery. 
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Table 1. Top 10 species represented in Expression Atlas, rank ed b y the 
number of studies 

Species 

Number of 
differential 

studies 
Number of 

baseline studies 

Homo sapiens 1528 123 
Mus musculus 1239 65 
Arabidopsis thaliana 615 18 
Rattus norvegicus 172 14 
Drosophila melanogaster 145 5 
Oryza sativa 98 15 
Zea mays 58 33 
Saccharomyces cerevisiae 49 2 
Gallus gallus 35 4 
Caenorhabditis elegans 32 1 

In addition to these species, Expression Atlas includes 216 differential and 
95 baseline studies across additional species. 
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Introduction 

Understanding where and under what conditions genes are ex-
pressed is fundamental to biology and medicine. Expression
Atlas ( https:// www.ebi.ac.uk/ gxa/ home ) was established in
2009 as an added-value knowledgebase to enable researchers
to query gene and protein expression patterns across tis-
sues, cell types, conditions, and multiple species, including hu-
man, model, and non-model organisms [ 1 ]. It aggregates high-
quality transcriptomics and proteomics datasets, re-analysed
through standardized pipelines and presented in an accessible,
integrated manner, in agreement with the principles of making
data findable, accessible, interoperable, and reusable (FAIR)
[ 2 ]. Transcriptomic datasets are primarily sourced from func-
tional genomics archives such as ArrayExpress [ 3 ] and Gene
Expression Omnibus (GEO) [ 4 ], including selected studies
under managed access in the European Genome-Phenome
Archive (EGA) [ 5 ] or NCBI’s Database of Genotypes and Phe-
notypes (dbGaP) [ 6 ], while proteomics datasets are obtained
through a close collaboration with EMBL-EBI’s PRoteomics
IDEntifications (PRIDE) database [ 7 ]. 

Initially, Expression Atlas featured two main study types:
baseline experiments reporting gene expression in normal (un-
treated) conditions across tissues and differential experiments
reporting changes in expression under various perturbations,
including diseases, treatments, genetic modifications, etc. Over
the past decade, these have grown to cover a wide taxonomic
breadth, now hosting 67 species and multiple data types, in-
cluding microarrays, bulk RNA sequencing, and mass spec-
trometry (MS)-based proteomics. 

In recent years, with the surge of single-cell genomics and
transcriptomics technologies, Expression Atlas was extended
with functionality to incorporate single-cell gene expression
data. Since 2018, this single-cell component of Expression At-
las [ 8 ] has provided dedicated support for single-cell RNA se-
quencing (scRNA-seq) studies. Together, the bulk and single-
cell views within Expression Atlas enable users to investigate
when and where genes are expressed, whether in normal tissue
contexts or in response to specific conditions. 

This article provides an update on Expression Atlas since
the last NAR ( Nucleic Acids Research ) Database Issue Report
in 2024 [ 9 ]. We summarize current content and statistics, de-
scribe new data types and species incorporated, and highlight
improvements in analysis pipelines and user features. We also
detail ongoing community collaborations and data dissemi- 
nation efforts that extend the Atlas’ reach, and outline future 
plans aimed at ensuring Expression Atlas data are readily us- 
able for machine learning approaches. 

D ata gr o wth and cont ent 

Expression atlas statistics 

At the time of writing, the latest release of Expression Atlas 
(release 43, 2025) contains 4562 studies from 67 species, rep- 
resenting substantial growth since our 2024 report [ 9 ]. These 
encompass ∼2900 legacy microarray studies, 1512 RNA-seq 

experiments, and 123 proteomics studies, adding up to > 160 

000 assays. The baseline layer now covers 375 experiments 
across 48 organisms, while the differential layer comprises 
4187 experiments across 67 organisms (Table 1 ). This makes 
Expression Atlas one of the largest uniformly re-analysed ex- 
pression resources globally, with unique breadth across hu- 
mans and both model and non-model organisms. 

Taxonomic expansion: first protist species in 

Expression Atlas 

The latest Expression Atlas release includes Dictyostelium dis- 
coideum , our first protist species, increasing the total number 
of represented organisms in the knowledge base to 67. The 

https://www.ebi.ac.uk/gxa/home
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ncorporated study examines terminally differentiated cells
spores, stalk, and cup cells) to provide insights into the ances-
ry and evolution of novel somatic cell types in slime moulds
nd serves as a resource for investigating multicellularity [ 10 ].
he inclusion of Dictyostelium highlights our ongoing com-
itment to cover evolutionary diversity. 

roteomics data 

ince the last update, we have expanded the proteomics con-
ent of Expression Atlas, in collaboration with the PRIDE
eam at EMBL-EBI, who provide uniformly re-analysed MS-
ased datasets [ 7 ]. Coverage has increased from 93 to 123
tudies since 2024, including 119 baseline and 4 differential
roteomics datasets. Most datasets come from healthy human
nd model organism tissues, as well as cancer cell line samples
 11 , 12 ]. 

New proteomics experiments include comprehensive base-
ine protein profiles from healthy pig tissues using data-
ependent acquisition (DDA) and from human tissues using
ata-independent acquisition (DIA). Furthermore, cross-links
ave been introduced between related transcriptomic and pro-
eomic experiments, supporting integration across modalities
 13 ]. The pilot collection of DIA experiments already in Ex-
ression Atlas [ 14 ], which covered cell lines, plasma, and hu-
an cancer samples, has been expanded with 15 additional
ublic studies profiling baseline protein abundances across a
ange of healthy tissue samples [ 15 ]. Updates to the DIA data
e-analysis pipeline included processing data with DIA-NN
1.8.1 [ 16 ] using an in silico entrapment spectral library [ 15 ];
hese datasets are tagged ‘Human2024_DIA.’ 

In addition to the human datasets, we have incorporated
he Arabidopsis proteomic tissue atlas [ 17 ] and 14 new DDA
aseline studies from pigs [ 18 ], including a large-scale dataset
panning nine tissues [ 19 ] and additional studies of the gas-
rointestinal tract, heart, skeletal muscle, liver, adipose tissue,
nd retina. Together, these additions underscore the growing
mportance of proteomics in Expression Atlas and highlight
ur commitment to supporting multi-omics integration. 

TEx integration and updates 

ne of the largest individual contributions to Expression At-
as is the Genotype-Tissue Expression (GTEx) project. We
ave updated to GTEx release 8 (V8), which comprises ∼17
00 RNA-seq samples collected from 54 distinct tissue sites
rom ∼948 post-mortem donors [ 20 ]. This provides near-
omprehensive coverage of human tissues with improved
uality control, underpinning cross-study comparisons and
ownstream analyses [ 21 ]. In Expression Atlas, users can ex-
lore GTEx expression profiles for their genes of interest, ex-
mine tissue specificity by selecting specific marker genes, and
ownload normalized counts for re-analysis (Fig. 1 ). By in-
egrating GTEx alongside many other human studies, Expres-
ion Atlas enables users to assess whether a gene is broadly ex-
ressed, tissue-restricted, or altered under specific conditions
nd diseases. This integration broadens the impact of GTEx
y situating its data within a wider experimental landscape,
aking it possible to move seamlessly from baseline tissue ex-
ression to differential expression across diverse contexts. 

ingle-cell expression atlas 

he latest release of Single Cell Expression Atlas (SCEA;
elease 21, 2024) contains a total of 383 single-cell RNA-
seq experiments, comprising > 10 million cells, across 21
species. The most represented organisms remain human and
mouse, with growing contributions from model species such
as Drosophila and Arabidopsis (Table 2 ). Notable additions
include the Aging Fly Cell Atlas [ 22 ] and a dataset of ∼850
000 cells from the developing Drosophila optic lobes, map-
ping transcriptional programmes of visual circuit assembly
[ 23 ]. Release 21 also introduced a new interactive human
gut anatomogram that provides a zoomable anatomical map
linked to cell-level data, enabling users to navigate from tissue-
scale views to specific cell-type heatmaps within the same
interface. 

Ingestion of externally analysed data 

In addition to our in-house processing pipelines, the lat-
est SCEA release introduces a new class of externally anal-
ysed data, ingested as pre-processed AnnData objects [ 24 ]
and assigned accession IDs in the format E-ANND-X. Se-
lected experiments from GTEx, Tabula Sapiens, the Human
Lung Cell Atlas, and the Developing Human Immune Sys-
tem Atlas were included and marked with an ‘E’ icon (Fig.
2 C). This approach enables SCEA to integrate large, high-
quality single-cell atlases without duplicating computation
and acknowledging the analytical choices of the original
consortia. 

The GTEx single-nucleus RNA-seq atlas profiles > 200 000
nuclei from 16 donors across 25 human tissues, providing a
comprehensive cross-tissue reference for healthy cellular com-
position [ 25 ]. For Tabula Sapiens, we include only the high-
coverage Smart-seq2 dataset ( ∼500 000 cells from 24 hu-
man tissues and 475 annotated cell types), which offers excep-
tional resolution [ 26 ]. The Human Lung Cell Atlas integrates
healthy and diseased lung samples, providing insights into
pulmonary cell diversity and pathology [ 27 ]. The Develop-
ing Human Immune System Atlas provides temporal profiles
of the immune system development from fetal to adult stages
[ 28 ]. 

Human Cell Atlas collection in SCEA 

The datasets mentioned earlier are all part of, or have been
used in, the HCA project [ 29 ]. Their addition brings the to-
tal number of HCA datasets in SCEA to 81, represented as
94 experiments and highlighted as a featured collection in
the experiments browser (Fig. 2 A). This collection includes
integrated atlases, underlying source studies, and other HCA-
ingested datasets (Fig. 2 B). Comprehensive information about
these datasets can be obtained through the HCA Data Portal
( https:// data.humancellatlas.org/ ). 

By supporting the ingestion of externally analysed datasets
in AnnData format, SCEA preserves author-driven analytical
decisions, such as batch correction and cell-type annotation,
while enabling users to explore gene expression, marker genes,
and metadata of high interest for the single-cell community
within our interface. This approach also represents an impor-
tant first step towards making SCEA more interoperable with
other community resources such as Bgee [ 30 ] or CZ CELLx-
GENE [ 31 ]. We plan to expand this mode of data ingestion
to additional community atlases and to formalize provenance
tracking, e.g. by following matrix and analysis metadata stan-
dards [ 32 ]. 

https://data.humancellatlas.org/
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Figure 1. Heatmap visualization of GTEx V8 expression profiles showing the most specific marker genes across 40 selected human tissues 
( https:// www.ebi.ac.uk/ gxa/ experiments/ E- GTEX- 8/). This view highlights tissue-restricted expression patterns and is representative of the new marker 
gene module implemented for all transcriptomic and proteomic baseline studies. 

Table 2. Top 8 species represented in Single Cell Expression Atlas, ranked 
by the number of studies 

Species Number of studies 

Homo sapiens 159 
Mus musculus 125 
Drosophila melanogaster 41 
Danio rerio 15 
Arabidopsis thaliana 14 
Gallus gallus 4 
Rattus norvegicus 3 
Oryza sativa 3 
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Methodolog y, analysis w orkflo w, and 

infr astructure impro v ements 

Marker gene identification for Expression Atlas 

baseline experiments 

Understanding which genes are most specific to a given tis-
sue or condition is key for interpreting baseline expression
data. To support this, we added a new analysis module that
identifies marker genes for each experimental group. Marker
Gene Finder in RNA-seq data (MGFR) computes whether
the highest expression for a gene occurs exclusively in one
tissue or condition group and assigns a specificity score be- 
tween 0 and 1, where lower values (closer to 0) indicate higher 
specificity and values nearer 1 indicate broad expression [ 34 ].
In the current implementation, marker gene lists are defined 

as having a specificity score < 0.3 and expression level > 0.5 

TPMs (transcripts per million) and are available from our 
FTP site ( https:// ftp.ebi.ac.uk/ pub/ databases/ microarray/ data/ 
atlas/ experiments/ ). 

By selecting the ‘Marker genes’ option in the interface of 
a baseline experiment, the heatmap displays expression lev- 
els for the top marker genes, with the current release show- 
ing marker genes across all selected conditions (Fig. 1 ). Future 
improvements to this feature will include additional filtering 
options based on biotype (e.g. protein-coding, lncRNA) and 

controls for adjusting the number of marker genes shown per 
condition. 

End-to-end Nextflow-based single-cell workflow 

For SCEA we completed the transition of the remaining 
Galaxy-based components to Nextflow, providing an end-to- 
end workflow with improved scalability , reproducibility , and 

containerization. The pipeline employs technology-specific 
quantifiers (e.g. Alevin/Salmon for droplet-based libraries) 

https://www.ebi.ac.uk/gxa/experiments/E-GTEX-8/
https://ftp.ebi.ac.uk/pub/databases/microarray/data/atlas/experiments/
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Figure 2. The Human Cell Atlas–Data Portal collection in SCEA contains data from 81 Human Cell Atlas (HCA) studies, out of which 32 are source 
datasets for 12 upcoming or existing integrated atlases. Of note, some studies are used across many atlases. ( A ) Screenshot of the SCEA web 
application panel ( https:// www.ebi.ac.uk/ gxa/ sc/ ) displaying the HCA collection of experiments alongside other featured collections such as the Fly Cell 
Atlas and COVID-19 Dat a Port al [ 33 ]. ( B ) Sank e y plot sho wing the shared studies between HCA and SCEA and the distribution of source datasets across 
atlases. ( C ) Example experiment page for the Human Lung Cell Atlas in SCEA, the first externally analysed HCA dataset included 
( https:// www.ebi.ac.uk/ gxa/ sc/ experiments/ E- ANND- 1/). These views illustrate how SCEA can integrate community atlases while preserving their 
original analyses. 
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nd includes updated quality control, doublet detection, and
atch-correction steps. Our downstream analysis remains
ased on Scanpy [ 35 ] and follows nf-core community stan-
ards where possible [ 36 , 37 ]. 
Following the move to Nextflow, our pipeline was further

efined during the March 2025 nf-core hackathon ( https://nf- 
o.re/ events/ 2025/ hackathon- march- 2025.html ), where our
eam actively participated alongside the broader community
o update specific components of our SCEA workflows. Key
mprovements include automated testing, updated clustering
lgorithms [ 38 ], and the adoption of semantic versioning. To-
ether these changes enhance reproducibility and sustainabil-
ty, making the workflow broadly usable beyond our team
hile aligning with community best practices. 

nfrastructure and deployment modernization 

longside data analysis and interface developments, we are
odernizing the underlying infrastructure by migrating to a

ully containerized application stack orchestrated with Ku-
ernetes. This shift improves scalability, fault tolerance, and
aintainability, enabling us to handle growing dataset vol-
umes and user traffic while simplifying deployment of new fea-
tures and services. Containerization and Kubernetes orches-
tration ensure a more reliable service, with automatic scaling
to meet demand, efficient resource use, and zero-downtime
updates. 

Data dissemination and community 

collaboration 

Data exports and integration with other EMBL-EBI 
resources 

Expression Atlas data are disseminated beyond the web inter-
face through regular exports to other EMBL-EBI services [ 39 ]
and external partners, ensuring that expression information
is findable and accessible across multiple entry points. These
integrations not only provide interoperability but also enrich
the recipient resources, enabling them to place expression data
in a cell, organ, or tissue context. 

Exports are used to generate direct cross-references in other
databases, for instance UniProt [ 40 ] ( https://www.uniprot.
org/ database/ DB-0004 ), enabling users to connect protein

https://www.ebi.ac.uk/gxa/sc/
https://www.ebi.ac.uk/gxa/sc/experiments/E-ANND-1/
https://nf-co.re/events/2025/hackathon-march-2025.html
https://www.uniprot.org/database/DB-0004
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function with gene expression. We have also recently estab-
lished links with Europe PMC [ 41 ], embedding Expression
Atlas datasets within publication records alongside existing
data links, so that literature searches can lead directly to the
underlying expression data (Fig. 3 ). 

Beyond cross-references, Atlas datasets are indexed in
EBI Search, a scalable text-search engine that provides
uniform access to EMBL-EBI resources [ 42 ]. Five dedi-
cated domains—atlas-experiments, atlas-genes, atlas-genes-
differential, sc-experiments, and sc-genes—enable targeted re-
trieval of baseline, differential, and single-cell data. Our ex-
port pipeline indexes data into EBI Search, thus providing a
unified metadata view for user queries ( https://www.ebi.ac.uk/
ebisearch/). 

Finally, Expression Atlas data can be accessed through
our embeddable heatmap widget. This visualization is in-
tegrated into multiple EMBL-EBI resources such as En-
sembl [ 43 ] and RNAcentral, providing contextual expres-
sion information directly on gene pages. The widget code
and integration instructions are openly available on our
GitHub repository ( https:// github.com/ ebi- gene- expression- 
group/atlas-heatmap ), allowing any resource to incorporate
Atlas visualizations, and have already been adopted by exter-
nal databases such as Gramene. In RNAcentral, for instance,
the widget highlights relevant studies and samples where a
given non-coding RNA is expressed (Fig. 4 ), with cross-links
back to the corresponding Atlas experiment for further explo-
ration [ 44 ]. 

Global consortia and model organism community 

collaborations 

We continue to collaborate with major consortia and model
organism communities such as the Human Cell Atlas, Fly-
Base [ 45 ], and Gramene [ 46 ] to ingest, analyse, and share ex-
pression data. These collaborations span both upstream and
downstream interactions: some partners help prioritize and
curate datasets for inclusion in Expression Atlas, while others
integrate Atlas outputs to enrich their own knowledge bases. 

Our collaboration with Gramene focuses on plant ge-
nomics, with Gramene serving as a key partner for identifying
and prioritizing plant datasets for inclusion in Expression At-
las. Currently, 1026 plant studies from 27 species constitute
> 20% of our total collection, representing one of the largest
collections of plant transcriptomic studies available through
a single resource ( Supplementary Tables S1 and S2 ). Gramene
provides expert curation support for crop species and helps
ensure agricultural research communities can easily access rel-
evant expression data across diverse plant species and condi-
tions. 

Our partnership with FlyBase enables seamless integration
of Drosophila expression data, where FlyBase assists with
curation of datasets, incorporates our processed single-cell
datasets, and provides enhanced gene expression summaries
to their users. The collaboration ensures that fly researchers
have access to both individual study results in Expression At-
las and cross-study comparisons through FlyBase’s familiar in-
terface. 

Other downstream partners include the Mouse Gene Ex-
pression Database (GXD) at MGI [ 47 ] and the Rat Genome
Database (RGD) [ 48 ], which import Atlas data to strengthen
their communities’ access to standardized transcriptomic in-
formation. For GXD specifically, TPM values are loaded from
Expression Atlas on demand as new relevant experiments be- 
come available, enabling integration of RNA-seq with clas- 
sical expression data—such as RNA in situ hybridization or 
northern blot—using consistent present/absent calls derived 

from Atlas TPM ranges. 

Clinical transcriptomics resource for diagnostics 

The European Diagnostic Transcriptomic Library (EDTL) 
aims to build reference panels for a molecular taxonomy of 
infectious and inflammatory diseases, which can be harnessed 

for rapid transcriptomic diagnostics. As partners in the DI- 
AMONDS consortium ( https:// www.diamonds2020.eu/ ) that 
brings together clinicians, researchers, and computational bi- 
ologists, we have added two initial datasets to the EDTL col- 
lection ( https:// www.ebi.ac.uk/ gxa/ edtl/ experiments ). Expres- 
sion Atlas provides curated data and analysis infrastructure 
for the DIAMONDS consortium, ensuring that datasets are 
findable and explorable by the broader research community.
Current data captures a diverse range of well-characterized 

infectious (e.g. malaria, tuberculosis, meningococcal disease,
and influenza) and inflammatory diseases (e.g. Kawasaki dis- 
ease, juvenile idiopathic arthritis, and multisystem inflamma- 
tory disease in children) [ 49 , 50 ]. The consortium plans to add 

further data from thousands more subjects as the project pro- 
gresses. 

Use of expression atlas in drug discovery 

Open Targets (OT) is a partnership between EMBL-EBI,
the Wellcome Sanger Institute, and five pharmaceutical com- 
panies, with the aim of identifying and prioritizing tar- 
gets for developing safer and more effective drugs [ 51 ].
OT collaborates with Expression Atlas through a meta- 
analysis of over 18 000 samples from 50 different tissues and 

> 30 cell types ( https:// platform-docs.opentargets.org/ target/ 
baseline-expression ). This meta-analysis uses Expression At- 
las baseline exports for RNA expression to assess whether a 
target is expressed in all tissues or selectively in specific tissues 
or cell types. The availability of target molecules in relevant 
locations is critical at different stages of the drug development 
process. Expression data can help in understanding which tis- 
sues and cell types are relevant in disease, which genes are dif- 
ferentially expressed in disease, and evaluation of specificity 
and distribution to understand how safe it may be to modulate 
a target and where to modulate it in the body for therapeutic 
effect. 

In the OT Platform ( https:// platform.opentargets.org/ ),
each contrast from independent studies capturing differen- 
tially regulated genes constitutes independent evidence. OT 

builds an Expression Atlas evidence score for target-disease 
associations, which takes into account three measures: scaled 

P -value from 0 ( P = 1) to 1 ( P < 1e −10 ), absolute log 2 fold
change divided by 10, and percentile rank divided by 100 

(Fig. 5 ). Expression Atlas weights are low because gene ex- 
pression is ranked below other evidence types for disease as- 
sociation; for example, GWAS associations are more likely to 

indicate causal variants, whereas expression changes may in- 
stead reflect downstream effects of disease progression. Future 
development in the OT Platform will integrate RNA expres- 
sion from Atlas in a comparative widget for different tissues 
offered to the user to investigate disease associations on the 
fly [ 52 ]. 

https://www.ebi.ac.uk/ebisearch/
https://github.com/ebi-gene-expression-group/atlas-heatmap
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1238#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1238#supplementary-data
https://www.diamonds2020.eu/
https://www.ebi.ac.uk/gxa/edtl/experiments
https://platform-docs.opentargets.org/target/baseline-expression
https://platform.opentargets.org/
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Figure 3. Example of Europe PMC web portal displaying embedded links to Expression Atlas datasets from the European Diagnostic Transcriptomic 
Library (EDTL) ( https:// europepmc.org/ article/ MED/ 37255317 ). Cross-references point to the corresponding RNA-seq data, visualized in Expression Atlas 
and archived in the ArrayExpress collection in BioStudies. The database links component of the Europe PMC record is accessible through the Europe 
PMC API at https:// www.ebi.ac.uk/ europepmc/ webservices/ rest/ MED/ 37255317/ datalinks . 
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Figure 4. RNAcentral gene page showing the Expression Atlas heatmap widget for human non-coding RNA RN7SL1 
( https:// rnacentral.org/ rna/ URS0 0 0 0 0478B7/9606 ). 
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Futur e dir ections 

Community data submissions and engagement 

We are developing enhanced mechanisms for community data
submissions and engagement, building on our existing col-
laborations with model organism databases and clinical re-
search consortia. These efforts will focus on streamlining
the submission process while maintaining our high curation
standards. 

Modernized analysis pipeline for expression atlas 

A modernized analysis pipeline for bulk Expression Atlas is
in development to replace the existing iRAP workflow [ 53 ].
The new pipeline will be designed using modern workflow
managers and will be modular and easily adaptable by the
wider community. This redesign will improve computational
efficiency, decrease computing carbon footprint, enhance re-
producibility , facilitate scalability , and enable easier integra-
tion with other bioinformatics tools and platforms. 
Meta-analysis dataset integration for bulk data 

A new analysis module is under development for Expression 

Atlas that will introduce a view summarizing gene expression 

across selected key tissues or organs by integrating data from 

multiple studies from an organism. It will include baseline ex- 
periments combined using meta-analysis and batch-correction 

methods, enabling researchers to obtain more robust expres- 
sion estimates by leveraging data from multiple high-quality 
studies. 

Enhanced Bioconductor package 

The current version of the ExpressionAtlas R package (v2.0.0) 
( https:// bioconductor.org/ packages/ ExpressionAtlas ) enables 
users to search and download microarray and bulk RNA-seq 

data from Expression Atlas. We are developing an enhanced 

version with capabilities for searching both bulk and single- 
cell expression atlas studies via EBI RESTful Web Services and 

the Expression Atlas API. The updated package will include 

https://rnacentral.org/rna/URS00000478B7/9606
https://bioconductor.org/packages/ExpressionAtlas
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Figure 5. Expression Atlas differential expression evidence in the OTs Platform for human gene NOD2 , a gene implicated in the development and 
pathogenesis of Crohn’s disease. ( A ) Availability of expression data visualized as a coloured circle. ( B ) Expanded panel displaying details of the 
underlying studies with direct links to Expression Atlas ( https:// platform.opentargets.org/ target/ ENSG00000167207/ associations ). 
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isualization functionality to plot heatmaps and clusters, mak-
ng it easier for R users to integrate Expression Atlas data into
heir analysis workflows and to customize plots. 

I-ready data formats for ML applications 

e are planning to update how we serve data by adopting
achine learning and artificial intelligence-friendly formats

or expression data. This initiative will enable Expression At-
as to serve as a robust source for model training applica-
ions and foundation models, with our wide taxonomic range
cross 67 species supporting the development of more com-
rehensive models of gene expression. The planned enhance-
ents include optimized data structures, standardized feature

epresentations, and batch download capabilities specifically
esigned for computational approaches. These developments
ill support the growing intersection of genomics and AI, al-

owing researchers to leverage Expression Atlas data for train-
ng predictive models, developing new analytical methods, and
dvancing computational biology applications. 
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Data availability 

Expression Atlas and SCEA are available at https:
// www.ebi.ac.uk/ gxa and https:// www.ebi.ac.uk/ gxa/ sc ,
respectively. The Expression Atlas web applications and data
analysis pipelines are open source and maintained within
the GitHub organization of the Gene Expression Group
at EMBL-EBI. The Expression Atlas web application is
available via https:// github.com/ ebi- gene- expression- group/
atlas- web- single- cell (DOI: 10.5281/zenodo.10021405) for
single-cell data and https:// github.com/ ebi- gene- expression- 
group/atlas- web- bulk (DOI: 10.5281/zenodo.10021637) for
bulk data. The embedded heatmap widget is available at
https:// github.com/ ebi- gene- expression- group/atlas- heatmap 

(DOI: 10.5281/zenodo.17401749) and the single-cell tertiary
analysis workflow at https:// github.com/ ebi- gene- expression- 
group/scxa- tertiary- workflow (DOI: 10.5281/zen-
odo.17401767). The ExpressionAtlas R/Bioconductor pack-
age ( https:// bioconductor.org/ packages/ ExpressionAtlas/ )
provides programmatic access to the resource. 

All relevant information about data processing and file ac-
cess is provided through the ‘Supplementary information’ or
‘Download’ tabs on each experiment page. These tabs link
directly to the corresponding folder on the Expression Atlas
FTP site ( https:// ftp.ebi.ac.uk/ pub/ databases/ microarray/ data/
atlas/ experiments/ ) as well as to the archives from which the
raw data (ENA [ 54 ] or EGA) and metadata (ArrayExpress or
GEO) were obtained. 

References 

1. Kapushesky M, Emam I, Holloway E et al. Gene expression atlas 
at the European bioinformatics institute. Nucleic Acids Res 
2010;38:D690–8. https:// doi.org/ 10.1093/ nar/ gkp936 

2. Wilkinson MD, Dumontier M, Aalbersberg IJJ et al. The FAIR 

guiding principles for scientific data management and stewardship.
Sci Data 2016;3:160018. https:// doi.org/ 10.1038/ sdata.2016.18 
3. Athar A, Füllgrabe A, George N et al. ArrayExpress update – from 

bulk to single-cell expression data. Nucleic Acids Res 
2019;47:D711–5. https:// doi.org/ 10.1093/ nar/ gky964 

4. Clough E, Barrett T, Wilhite SE et al. NCBI GEO: archive for gene 
expression and epigenomics data sets: 23-year update. Nucleic 
Acids Res 2024;52:D138–44. https:// doi.org/ 10.1093/ nar/ gkad965 

5. Freeberg MA, Fromont LA, D’Altri T et al. The European 
Genome-phenome Archive in 2021. Nucleic Acids Res 
2022;50:D980–7. https:// doi.org/ 10.1093/ nar/ gkab1059 

6. Tryka KA, Hao L, Sturcke A et al. NCBI’s Database of Genotypes 
and Phenotypes: dbGaP. Nucl Acids Res 2014;42:D975–9. 
https:// doi.org/ 10.1093/ nar/ gkt1211 

7. Perez-Riverol Y, Bandla C, Kundu DJ et al. The PRIDE database 
at 20 years: 2025 update. Nucleic Acids Res 2025;53:D543–53. 
https:// doi.org/ 10.1093/ nar/ gkae1011 

8. Papatheodorou I, Moreno P, Manning J et al. Expression Atlas 
update: from tissues to single cells. Nucleic Acids Res 
2020;48:D77–83.

9. George N, Fexova S, Fuentes AM et al. Expression Atlas update: 
insights from sequencing data at both bulk and single cell level. 
Nucleic Acids Res 2024;52:D107–14. 
https:// doi.org/ 10.1093/ nar/ gkad1021 

10. Kin K, Forbes G, Cassidy A et al. Cell-type specific RNA-Seq 
reveals novel roles and regulatory programs for terminally 
differentiated Dictyostelium cells. Bmc Genomics 2018;19:764. 
https:// doi.org/ 10.1186/ s12864- 018- 5146- 3 

11. Jarnuczak AF, Najgebauer H, Barzine M et al. An integrated 
landscape of protein expression in human cancer. Sci Data 
2021;8:115. https:// doi.org/ 10.1038/ s41597- 021- 00890- 2 

12. Robles J, Prakash A, Vizcaíno JA et al. Integrated meta-analysis of 
colorectal cancer public proteomic datasets for biomarker 
discovery and validation. PLoS Comput Biol 2024;20:e1011828. 
https:// doi.org/ 10.1371/ journal.pcbi.1011828 

13. Wang D, Eraslan B, Wieland T et al. A deep proteome and 
transcriptome abundance atlas of 29 healthy human tissues. Mol 
Syst Biol 2019;15:e8503. https:// doi.org/ 10.15252/ msb.20188503 

14. Walzer M, García-Seisdedos D, Prakash A et al. Implementing the 
reuse of public DIA proteomics datasets: from the PRIDE database 
to Expression Atlas. Sci Data 2022;9:335. 
https:// doi.org/ 10.1038/ s41597- 022- 01380- 9 

15. Prakash A, Collins A, Vilmovsky L et al. Integrated view of 
baseline protein expression in human tissues using public data 
independent acquisition data sets. J Proteome Res 
2025;24:685–95. https:// doi.org/ 10.1021/ acs.jproteome.4c00788 

16. Demichev V, Messner CB, Vernardis SI et al. DIA-NN: neural 
networks and interference correction enable deep proteome 
coverage in high throughput. Nat Methods 2020;17:41–4. 
https:// doi.org/ 10.1038/ s41592- 019- 0638- x 

17. Mergner J, Frejno M, List M et al. Mass-spectrometry-based draft 
of the Arabidopsis proteome. Nature 2020;579:409–14. 
https:// doi.org/ 10.1038/ s41586- 020- 2094- 2 

18. Wang S, Collins A, Prakash A et al. Integrated proteomics analysis 
of baseline protein expression in pig tissues. J Proteome Res 
2024;23:1948–59. https:// doi.org/ 10.1021/ acs.jproteome.3c00741 

19. Marx H, Hahne H, Ulbrich SE et al. Annotation of the domestic 
pig genome by quantitative proteogenomics. J Proteome Res 
2017;16:2887–98. https:// doi.org/ 10.1021/ acs.jproteome.7b00184 

20. GTEX Consortium. The GTEx Consortium atlas of genetic 
regulatory effects across human tissues. Science 
2020;369:1318–30. https:// doi.org/ 10.1126/ science.aaz1776 

21. Glinos DA, Garborcauskas G, Hoffman P et al. Transcriptome 
variation in human tissues revealed by long-read sequencing. 
Nature 2022;608:353–9. 
https:// doi.org/ 10.1038/ s41586- 022- 05035- y 

22. Lu T-C, Brbi ́c M, Park Y-J et al. Aging Fly Cell Atlas identifies 
exhaustive aging features at cellular resolution. Science 
2023;380:eadg0934. https:// doi.org/ 10.1126/ science.adg0934 

23. Kurmangaliyev YZ, Yoo J, Valdes-Aleman J et al. Transcriptional 
programs of circuit assembly in the Drosophila visual system. 

https://www.ebi.ac.uk/gxa
https://www.ebi.ac.uk/gxa/sc
https://github.com/ebi-gene-expression-group/atlas-web-single-cell
https://github.com/ebi-gene-expression-group/atlas-web-bulk
https://github.com/ebi-gene-expression-group/atlas-heatmap
https://github.com/ebi-gene-expression-group/scxa-tertiary-workflow
https://bioconductor.org/packages/ExpressionAtlas/
https://ftp.ebi.ac.uk/pub/databases/microarray/data/atlas/experiments/
https://doi.org/10.1093/nar/gkp936
https://doi.org/10.1038/sdata.2016.18
https://doi.org/10.1093/nar/gky964
https://doi.org/10.1093/nar/gkad965
https://doi.org/10.1093/nar/gkab1059
https://doi.org/10.1093/nar/gkt1211
https://doi.org/10.1093/nar/gkae1011
https://doi.org/10.1093/nar/gkad1021
https://doi.org/10.1186/s12864-018-5146-3
https://doi.org/10.1038/s41597-021-00890-2
https://doi.org/10.1371/journal.pcbi.1011828
https://doi.org/10.15252/msb.20188503
https://doi.org/10.1038/s41597-022-01380-9
https://doi.org/10.1021/acs.jproteome.4c00788
https://doi.org/10.1038/s41592-019-0638-x
https://doi.org/10.1038/s41586-020-2094-2
https://doi.org/10.1021/acs.jproteome.3c00741
https://doi.org/10.1021/acs.jproteome.7b00184
https://doi.org/10.1126/science.aaz1776
https://doi.org/10.1038/s41586-022-05035-y
https://doi.org/10.1126/science.adg0934


Expression Atlas in 2026 11 

2

2

2

2

2

2

3  

3

3
 

3

3

3

3

3

3

 

 

R
©
T
d

D
ow

nloaded from
 https://academ

ic.oup.com
/nar/advance-article/doi/10.1093/nar/gkaf1238/8376685 by C

old Spring H
arbor Laboratory u
Neuron 2020;108:1045–57. 
https:// doi.org/ 10.1016/ j.neuron.2020.10.006 

4. Virshup I, Rybakov S, Theis FJ et al. anndata: access and store 
annotated data matrices. J Open Source Software 2024;9:4371.

5. Eraslan G, Drokhlyansky E, Anand S et al. Single-nucleus 
cross-tissue molecular reference maps toward understanding 
disease gene function. Science 2022;376:eabl4290. 
https:// doi.org/ 10.1126/ science.abl4290 

6. The Tabula Sapiens Consortium, Jones RC, Karkanias J et al. The 
Tabula Sapiens: a multiple-organ, single-cell transcriptomic atlas 
of humans. Science 2022;376:eabl4896. 
https:// doi.org/ 10.1126/ science.abl4896 

7. Sikkema L, Ramírez-Suástegui C, Strobl DC et al. An integrated 
cell atlas of the lung in health and disease. Nat Med 
2023;29:1563–77. https:// doi.org/ 10.1038/ s41591- 023- 02327- 2 

8. Suo C, Dann E, Goh I et al. Mapping the developing human 
immune system across organs. Science 2022;376:eabo0510. 
https:// doi.org/ 10.1126/ science.abo0510 

9. Rood JE, Wynne S, Robson L et al. The Human Cell Atlas from a 
cell census to a unified foundation model. Nature 
2025;637:1065–71. https:// doi.org/ 10.1038/ s41586- 024- 08338- 4 

0. Bastian FB, Cammarata AB, Carsanaro S et al. Bgee in 2024: focus
on curated single-cell RNA-seq datasets, and query tools. Nucleic 
Acids Res 2025;53:D878–85. 
https:// doi.org/ 10.1093/ nar/ gkae1118 

1. CZI Cell Science Program, Abdulla S, Aevermann B et al. CZ 

CELLxGENE Discover: a single-cell data platform for scalable 
exploration, analysis and modeling of aggregated data. Nucleic 
Acids Res 2025;53:D886–900.

2. Sarfraz I, Wang Y, Shastry A et al. MAMS: matrix and analysis 
metadata standards to facilitate harmonization and reproducibility
of single-cell data. Genome Biol 2024;25:205.

3. Harrison PW, Lopez R, Rahman N et al. The COVID-19 Data 
Portal: accelerating S AR S-CoV-2 and COVID-19 research through 
rapid open access data sharing. Nucleic Acids Res 
2021;49:W619–23. https:// doi.org/ 10.1093/ nar/ gkab417 

4. El Amrani K, Alanis-Lobato G, Mah N et al. Detection of 
condition-specific marker genes from RNA-seq data with MGFR. 
PeerJ 2019;7:e6970. https:// doi.org/ 10.7717/ peerj.6970 

5. Wolf FA, Angerer P, Theis FJ SCANPY: large-scale single-cell gene 
expression data analysis. Genome Biol 2018;19:15. 
https:// doi.org/ 10.1186/ s13059- 017- 1382- 0 

6. Ewels PA, Peltzer A, Fillinger S et al. The nf-core framework for 
community-curated bioinformatics pipelines. Nat Biotechnol 
2020;38:276–8. https:// doi.org/ 10.1038/ s41587- 020- 0439- x 

7. Langer BE, Amaral A, Baudement M-O et al. Empowering 
bioinformatics communities with Nextflow and nf-core. Genome 
Biol 2025;26:228. https:// doi.org/ 10.1186/ s13059- 025- 03673- 9 

8. Traag VA, Waltman L, van Eck NJ From Louvain to Leiden: 
guaranteeing well-connected communities. Sci Rep 2019;9:5233. 
https:// doi.org/ 10.1038/ s41598- 019- 41695- z 
eceived: September 15, 2025. Revised: October 16, 2025. Accepted: October 16, 2025 
The Author(s) 2025. Published by Oxford University Press. 

his is an Open Access article distributed under the terms of the Creative Commons Attribution Lice
istribution, and reproduction in any medium, provided the original work is properly cited. 
39. Thakur M, Bosc N, Brooksbank C et al. EMBL’s European 
Bioinformatics Institute (EMBL-EBI) in 2025. Nucleic Acids Res 
2025;gkaf1078. https:// doi.org/ 10.1093/ nar/ gkaf1078 

40. UniProt Consortium T, Bateman A, Martin M-J et al. UniProt: the 
Universal Protein Knowledgebase in 2025. Nucleic Acids Res 
2024;53:D609–17. https:// doi.org/ 10.1093/ nar/ gkae1010 

41. Rosonovski S, Levchenko M, Bhatnagar R et al. Europe PMC in 
2023. Nucleic Acids Res 2024;52:D1668–76. 
https:// doi.org/ 10.1093/ nar/ gkad1085 

42. Pearce M, Basutkar P, Neto RCJ et al. EBI Search: providing 
discovery tools for biological metadata in 2025. Nucleic Acids Res
2025;53:W273–6. https:// doi.org/ 10.1093/ nar/ gkaf359 

43. Dyer SC, Austine-Orimoloye O, Azov AG et al. Ensembl 2025. 
Nucleic Acids Res 2025;53:D948–57. 
https:// doi.org/ 10.1093/ nar/ gkae1071 

44. Green A, Ribas CE, Jandalala I et al. RNAcentral in 2026: genes 
and literature integration. Nucleic Acids Res 2025. 
https:// doi.org/ 10.1093/ nar/ gkaf1329 

45. Gramates LS, Agapite J, Attrill H et al. FlyBase: a guided tour of 
highlighted features. Genetics 2022;220:iyac035.

46. Olson A, Kumari S, Wei X et al. . Gramene 2025: expanded 
comparative genomics and pathway resources, integrated search, 
and pan-genome portals for crop research. Nucleic Acids Res 
2025. https:// doi.org/ 10.1093/ nar/ gkaf1260 

47. Baldarelli RM, Smith CM, Finger JH et al. The mouse Gene 
Expression Database (GXD): 2021 update. Nucleic Acids Res 
2020;49:D924–31. https:// doi.org/ 10.1093/ nar/ gkaa914 

48. Vedi M, Smith JR, Thomas Hayman G et al. 2022 updates to the 
Rat Genome Database: a findable, accessible, interoperable, and 
reusable (FAIR) resource. Genetics 2023;224:iyad042. 
https:// doi.org/ 10.1093/ genetics/ iyad042 

49. Habgood-Coote D, Wilson C, Shimizu C et al. . Diagnosis of 
childhood febrile illness using a multi-class blood RNA molecular 
signature. Med 2023;4:635–54. 
https:// doi.org/ 10.1016/ j.medj.2023.06.007 

50. Jackson HR, Miglietta L, Habgood-Coote D et al. Diagnosis of 
multisystem inflammatory syndrome in children by a whole-blood 
transcriptional signature. J Pediatric Infect Dis Soc 
2023;12:322–31. https:// doi.org/ 10.1093/ jpids/ piad035 

51. Buniello A, Suveges D, Cruz-Castillo C et al. Open Targets 
Platform: facilitating therapeutic hypotheses building in drug 
discovery. Nucleic Acids Res 2025;53:D1467–75. 
https:// doi.org/ 10.1093/ nar/ gkae1128 

52. Cruz-Castillo C, Fumis L, Mehta C et al. Associations on the Fly, a
new feature aiming to facilitate exploration of the Open Targets 
Platform evidence. Bioinformatics 2025;41:btaf070. 
https:// doi.org/ 10.1093/ bioinformatics/ btaf070 

53. Fonseca NA, Petryszak R, Marioni JC et al. iRAP—an integrated 
RNA-seq analysis pipeline. bioRxiv, 
https:// doi.org/ 10.1101/ 005991 , 6 June 2014, preprint: not peer 
reviewed.

54. O’Cathail C, Ahamed A, Burgin J et al. The European Nucleotide 
Archive in 2024. Nucleic Acids Res 2025;53:D49–55. 
https:// doi.org/ 10.1093/ nar/ gkae975 
nse ( https:// creativecommons.org/ licenses/ by/ 4.0/ ), which permits unrestricted reuse, 

ser on 18 D
ecem

ber 2025

https://doi.org/10.1016/j.neuron.2020.10.006
https://doi.org/10.1126/science.abl4290
https://doi.org/10.1126/science.abl4896
https://doi.org/10.1038/s41591-023-02327-2
https://doi.org/10.1126/science.abo0510
https://doi.org/10.1038/s41586-024-08338-4
https://doi.org/10.1093/nar/gkae1118
https://doi.org/10.1093/nar/gkab417
https://doi.org/10.7717/peerj.6970
https://doi.org/10.1186/s13059-017-1382-0
https://doi.org/10.1038/s41587-020-0439-x
https://doi.org/10.1186/s13059-025-03673-9
https://doi.org/10.1038/s41598-019-41695-z
https://doi.org/10.1093/nar/gkaf1078
https://doi.org/10.1093/nar/gkae1010
https://doi.org/10.1093/nar/gkad1085
https://doi.org/10.1093/nar/gkaf359
https://doi.org/10.1093/nar/gkae1071
https://doi.org/10.1093/nar/gkaf1329
https://doi.org/10.1093/nar/gkaf1260
https://doi.org/10.1093/nar/gkaa914
https://doi.org/10.1093/genetics/iyad042
https://doi.org/10.1016/j.medj.2023.06.007
https://doi.org/10.1093/jpids/piad035
https://doi.org/10.1093/nar/gkae1128
https://doi.org/10.1093/bioinformatics/btaf070
https://doi.org/10.1101/005991
https://doi.org/10.1093/nar/gkae975
https://creativecommons.org/licenses/by/4.0/

	Introduction
	Data growth and content
	Methodology, analysis workflow, and infrastructure improvements
	Data dissemination and community collaboration
	Future directions
	Acknowledgements
	Supplementary data
	Conflict of interest
	Funding
	Data availability
	References

