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Abstract

Single-cell transcriptomics is reshaping the study of cellular physiology and pathology by revealing fine-grained cell functions and states. In-
terpreting these signals across cell types, organs, and species benefits from curated gene sets and tools for comparative analysis. Here, we
introduce scGeneBank (http://8.142.154.29/scGeneBank or http://www.genebank.info), a database and analysis portal for gene set-driven ex-
ploration at single-cell resolution. The resource integrates 1134 carefully selected single-cell transcriptome datasets, totaling 104.9 million cells
from 136 species and covering 430 organs and 1070 anatomical areas. It supports interactive analysis and visualization of 597 expert-curated
gene sets organized into 28 biologically meaningful categories. Eight linked modules address common use cases: GeneSets (curated gene-
set navigation), Species (dataset-level exploration), EvoScreening (cross-species comparisons within organs), OrganScreening (gene-set activity
analysis across 35 human organs at cell-type resolution), StemAtlas (stemness profiling across species and organs), AgingScope (aging-related
pathway analysis), PathoView (disease-associated gene expression analysis), and DeathMap (cell-death pathway activity visualization). Together,
these modules provide a unified framework for comparing gene-set activity across species, organs, and cell types, enabling systematic studies

of development, evolution, aging, disease, and cell death.
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Introduction

Single-cell RNA sequencing (scRNA-seq) has revolutionized
our ability to resolve heterogeneity and characterize gene ex-
pression dynamics at unprecedented resolution. It has deep-
ened our understanding of cellular behaviors [1-6], tissue ar-
chitecture and complexity [1, 6-9], individual development [4,
5, 10-12], disease [3, 13-18], and evolution [4, 6, 19-23].
However, despite substantial efforts to collect and organize
single-cell datasets, platforms that enable functional inter-
pretation of gene lists remain limited. Gene sets—collections
of genes grouped by shared biological functions, regulatory
mechanisms, or disease associations—are widely used to in-
terpret omics data [24]. Gene set analysis (GSA) is critical
for revealing heterogeneity among cell populations: by aggre-
gating signals from biologically related genes, GSA reduces
the stochastic noise inherent to single-cell data and increases
power to detect coordinated functional programs that may
be missed at the single-gene level [25-28]. It also facilitates
cross-cell-type and cross-condition comparisons while linking
observed expression patterns to curated biological pathways
[29]. Systematic evaluation of gene-set activity across diverse
biological contexts is therefore critical for deciphering com-
plex biological processes.

Several databases have been developed to support down-
stream analysis of transcriptomic data. For example, Can-
cerSEA [30] and GSCA [31] primarily target cancer-related
signatures in humans. A growing number of databases now
integrate single-cell datasets. Single Cell Portal [32] provides
interactive visualization of gene expression and, for some
datasets, pathway enrichment tools, making it one of the most
widely used platforms for data hosting and exploration. Other
databases, such as scMMO-atlas [33], OrganoidDB [34],
and TEDD [35], have expanded to include multi-organ and
multi-omics single-cell data integration. DRscDB [36] sup-
ports cell-type-specific gene exploration in model organisms,
while SPathDB [37] provides specialized pathway annota-
tions. EDomics [38] collects datasets from 12 species but lacks
gene-set-level scoring. Although these platforms have greatly
accelerated the interpretation of results from fundamental and
clinical research, few existing resources support large-scale,
gene set-based functional analysis at single-cell resolution.

To meet this need, we developed scGeneBank, a compre-
hensive platform for profiling functional gene-set activity at
single-cell resolution across species, organs, and cell types. The
current release integrates 1134 scRNA-seq datasets, covering
104.9 million cells in 136 species, spanning 430 organs and
1070 anatomical regions. scGeneBank compiles 597 expert-
curated gene sets organized into 28 biologically meaningful
categories, including key life processes such as stemness, aging,
disease, and cell death. All data sets are processed with a uni-
fied, standardized pipeline to compute gene-set activity, ensur-
ing comparability and reproducibility. Users can explore the
resource through eight interactive modules: GeneSets, Species,
EvoScreening, OrganScreening, StemAtlas, AgingScope,
PathoView, and DeathMap. Together, these modules establish
scGeneBank as a versatile, powerful resource for investigating
gene-set activity across development, evolution, and disease.

Materials and methods

Single-cell transcriptomics data collection and
curation

We systematically searched PubMed [39] using keywords
such as “scRNA-seq,” “single-cell transcriptomic sequenc-
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ing,” “whole-organism single-cell atlas,” “cross-species,” and
“evolutionary transcriptomics” to identify relevant single-
cell transcriptomic datasets. Only publicly accessible datasets
were included. Eligibility criteria required the availability
of raw count matrices with cell annotations, or data that
could be converted into expression matrices. Studies limited
to cell lines, bulk sequencing, or lacking cell-type annota-
tions were excluded. In addition, we prioritized datasets from
non-human and non-mouse species, as these organisms are
underrepresented in existing databases yet are essential for
cross-species comparative analyses. In addition, we collected
cross-species and whole-organism datasets from large-scale
resources, including CZ CELLxGENE Discover [40], Allen
Brain Atlas [41], Tabula Sapiens [42], SPEED [43], SCAN
[44], and VThunter [45]. Together, we compiled a compre-
hensive single-cell transcriptomic compendium spanning 136
species, 430 organs, and 1070 anatomical regions. Twelve rep-
resentative species were selected for cross-species screening
of gene set activity in EvoScreening module: human (Homo
sapiens) [6], crab-eating macaque (Macaca fascicularis) [46],
mouse lemur (Microcebus murinus) [47], mouse (Mus muscu-
lus) (48], pig (Sus scrofa) [49], cattle (Bos taurus) [50], don-
key (Equus asinus) [51], tiger (Panthera tigris altaica) [52],
domestic cat (Felis catus) [52], pangolin (Manis javanica)
[52], African clawed frog (Xenopus laevis) [53], and zebrafish
(Danio rerio) [54].

For metadata management, we retrieved author-provided
information from supplementary tables, GEO records, and re-
lated sources, and matched these to the processed expression
matrices through cell barcode alignment. To standardize meta
across studies, we added two unified fields:

i. “Tissue”: a harmonized tissue label summarizing fine-
grained anatomical regions into higher-level categories
(e.g. cortex and white matter & primary motor cortex

— brain).
ii. “LatinName”: the standardized species name based on
NCBI taxonomy.

Finally, for whole-organism atlases, we harmonized cell-
type annotations while retaining the integrity of the original
labels. Synonymous or ambiguous terms [e.g. “B cell” and “B
cell (Plasmocyte)”] were merged into unified categories, and
inconsistent formats (e.g. “stromal cell” and “Stromal_cell”)
were standardized. Very small subpopulations (<10 cells)
were removed to ensure consistency and comparability across
organs and species.

Gene-set collection and classification

We organized key biological themes into 28 major categories,
comprising 597 curated gene sets in total (Table 1). Categories
such as Stem, Death (cell death), CellType, Development,
BrainRegion, NeuralGenes, Immune, and CellCycle include
fundamental genes regulating cell fate, lineage specificity, and
organ-level organization. These sets are critical for decipher-
ing cellular heterogeneity and reconstructing developmental
trajectories [55-58]. Aging, Longevity, StressResponse, Circa-
dianGene, SleepDisorders, HypoxiaGenes, and Pain capture
organismal adaptation to intrinsic and extrinsic stress, and are
highly relevant to age-associated diseases, metabolic dysreg-
ulation, and mechanisms of homeostatic regulation [59-64].
We also included human pathologies- and therapy-related cat-
egories such as Diz (disease), Obesity, and DrugTarget, which
enable systematic identification of disease biomarkers and
potential drug targets [65-68]. Gene sets including TFsig,
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Table 1. Summary of the 28 curated gene-set categories in scGeneBank

ID Gene set category Description Gene set count
A001 Stem Stemness-related gene sets 29
A002 Aging Aging-related gene sets 12
A003 Diz Disease-related gene sets 35
A004 Death Cell death pathway-related gene sets 26
A00S Pathway Signaling pathway-related gene sets 14
A006 Metabolism Metabolism-related gene sets 86
A007 DrugTargets Drug targets-related gene sets 37
A008 VirusReceptors Virus receptor gene sets 94
A009 Development Development-related gene sets 15
A010 BrainRegion Brain region-related gene sets 6
A011 Immune Immune-related gene sets 14
A012 TFsig Human transcription factor family gene sets 73
A013 HominoidSpecificGenes Hominoid lineage-specific gene sets 5
A014 Pain Pain-related gene sets 5
AO015 HypoxiaGenes Hypoxia-related gene sets 5
A016 SpeciesEvo Species evolution-related gene sets 5
A017 NeuralGenes Neural-related gene sets 4
A018 CellType Cell type marker gene sets 44
A019 UltraConserved Ultra-conserved gene sets 3
A020 Obesity Obesity-related gene sets 9
A021 CircadianGene Circadian rhythm-related gene sets 5
A022 CellCycle Cell cycle-related gene sets 13
A023 SleepDisorders Sleep disorder-related gene sets 8
A024 Imprinting Imprinted gene sets S
A025 Longevity Longevity-related gene sets 6
A026 FishGenes Fish-related gene sets 4
A027 StressResponse Stress-related gene sets 3
A028 GlycoGene Glycosylation-related gene sets 32

For each category, the table lists the category ID, name, brief description, and the number of gene sets it contains.

Imprinting, Ultraconserved, HominoidSpecificGenes, Specie-
sEvo, and FishGenes highlight the evolutionary and epigenetic
dimensions of gene regulation [69, 70], supporting analysis
of conserved and species-specific mechanisms that shape gene
expression programs and evolutionary adaptation. Finally,
Pathway, Metabolism, VirusReceptor, and GlycoGene repre-
sent major signaling cascades, metabolic networks [71], host—
pathogen interactions [45], and glycosylation-related genes es-
sential for studying cell-environment interactions and infec-
tious disease mechanisms.

We followed a systematic workflow for the collection and
curation of gene sets. First, for each thematic category, we per-
formed targeted PubMed searches (e.g. “circadian gene signa-
ture,” “hypoxia response genes”) to identify relevant publica-
tions, from which candidate gene sets were extracted from the
main text and supplementary tables. Each dataset was man-
ually reviewed to ensure a clear biological context. In addi-
tion to literature-based curation, we integrated gene sets from
domain resources, including AnimalTFDB [72-74], CircaKB
[62], GeneCards [75], and PanglaoDB [76]. For gene sets de-
rived from human studies, gene identifiers (e.g. Ensembl ID
and Entrez IDs) were standardized by mapping to official gene
symbols using BioMart (v2.56.1) [77].

For gene sets originating from non-human species, all genes
were converted to their human gene-symbol equivalents to
ensure consistency and enable cross-species comparisons. In
cases where datasets provided only gene IDs rather than of-
ficial symbols, we used species-specific homology tables to
map both human and non-human IDs to standardized human
symbols. To resolve potential duplication issues arising from
many-to-one mappings (e.g. multiple IDs mapping to a sin-
gle symbol), we summed the corresponding expression values
into a single aggregated count.

Finally, all gene sets were manually curated to remove re-
dundancy and resolve inconsistencies, while adopting a uni-
fied naming convention. This process ensured that each gene
set is biologically well-defined, interpretable, and standard-
ized for direct use in downstream analyses and comparative
studies.

Extraction of homologous gene protein sequences

To place gene-set scores on a common scale across species,
we constructed ortholog tables linking genes from 135 non-
human species to their human counterparts. These ortholog
tables are downloadable from the Home and Species modules
(Fig. 2C and E). Using these mappings, all non-human gene
expression matrices were converted to human-ortholog space
before gene-set scoring.

To generate the ortholog tables, we first recorded the ref-
erence genome/annotation version used for quantification
in each dataset. For datasets aligned to Ensembl-derived
genomes, human ortholog information was retrieved via En-
sembl BioMart [77], using the full set of 70 711 human genes
as the reference query set. For datasets aligned to other refer-
ences, we obtained genome annotation (GTF) files and protein
sequence (FAA) files from NCBI RefSeq [78] or the publica-
tions’ supplementary materials. For each species, we retained
the longest unique protein isoform per gene and inferred pair-
wise orthology to the human protein-coding gene set (23 820
genes) using OrthoFinder (v2.5.5) [79].

For gene expression matrix conversion, one-to-one oOr-
thologs were directly mapped. For many-to-one orthologs, ex-
pression values of all corresponding non-human genes were
aggregated by summing across rows in the adata.X matrix,
with the result assigned to the matched human gene. Finally,
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the converted matrix was intersected with the human protein-
coding gene set to produce ortholog-converted count matrices.

Data processing and quality control

We obtained single-cell transcriptomic data via download
links cited in the source publications. Inputs varied by study:
for datasets with raw FASTQ files, we retrieved the latest ref-
erence genome from NCBI, built the appropriate reference,
and then performed read quantification with Cell Ranger
[80] (v7.1.0; 10x Genomics) to generate count matrices; for
datasets provided as raw matrices, RDS files, or H5AD files,
we extracted the expression matrix and standardized all in-
puts into a unified HSAD format using SCANPY (v1.9.3) [81]
in Python (3.10.13). Metadata for each dataset was manually
curated and matched to the processed matrices.

We retained single-cell transcriptomic datasets from 136
species and used the original cell-type annotations provided
by the source publications for each dataset; these annota-
tions served as the basis for downstream gene-set scoring. For
whole-body single-cell atlases used in our database, includ-
ing human (Homo sapiens) [6], crab-eating macaque (Macaca
fascicularis) [46], mouse lemur (Microcebus murinus) [47],
mouse (Mus musculus) [48], pig (Sus scrofa) [49], cattle (Bos
taurus) [50], donkey (Equus asinus) [51], tiger (Panthera tigris
altaica) [52], domestic cat (Felis catus) [52], pangolin (Manis
javanica) [52], African clawed frog (Xenopus laevis) [53], and
zebrafish (Danio rerio) [54], we manually curated and stan-
dardized cell-type annotations. To improve the robustness of
cell-type-specific statistics, we excluded any cell type repre-
sented by fewer than 10 cells within a given organ, minimizing
the impact of rarely represented cell types on gene-set scoring.

Cells with fewer than 200 or >6000 detected genes
were excluded to remove low-quality cells using the func-
tion sc.pp.filter.cells from SCANPY (v1.9.3). We employed
Scrublet (v0.2.3) [82] with default settings to identify and ex-
clude doublets. Expression matrices were normalized to a total
count of 10 000 per cell using sc.pp.normalize_total, followed
by log-transformation using sc.pp.log1p.

Dataset integration

For six modules—EvoScreening, OrganScreening, StemAt-
las, AgingScope, PathoView, and DeathMap—gene-set scor-
ing was performed at the species level based on integrated
multi-organ single-cell transcriptomic datasets. Depending on
the integration status reported in the original publication,
we adopted different preprocessing strategies. If a study pro-
vided a pre-integrated expression matrix or low-dimensional
embeddings across organs, we used those directly for down-
stream gene-set scoring. For datasets lacking such integration,
we performed batch correction with Harmony (v0.0.10) [83].
Harmony is efficient and accurate for large-scale single-cell
transcriptomic integration [83, 84] and operates on principal
component (PC) embeddings, facilitating downstream dimen-
sionality reduction and clustering without extensive param-
eter tuning. Within each species, we used Tissue or Library
as the batch label to account for organ-specific effects. To as-
sess the performance of this integration, we evaluated batch
effect removal using scIB [85], a benchmarking framework
that evaluates both batch mixing and biological conservation.
After Harmony integration, the overall scIB scores improved
consistently across multiple levels: cross-tissue, cross-dataset
within tissue, and cross-library within dataset. These results

demonstrate that Harmony effectively reduces batch effects
and improves the comparability and reliability of cross-organ
and cross-dataset analyses (see Supplementary Note 1).
Importantly, the integration step described earlier refers
only to the preprocessing and harmonization of multi-organ
data for visualization and clustering. All subsequent gene-set
scoring was conducted exclusively on normalized expression
matrices using the scanpy.tl.score_genes function. For cross-
species comparisons, we further applied ComBat [86] correc-
tion (sva v3.46.0) [87] at the gene-set score matrix level, ensur-
ing comparability while minimizing non-biological variation.

Gene set scoring and expression ratio calculation

We deployed different strategies for scoring at the individ-
ual dataset level and cross-dataset analyses. For individual
datasets, we used the scanpy.tl.score_genes function from
SCANPY (v1.9.3) [81] to compute per-cell activity scores for
597 gene sets. This function estimates the relative enrichment
of a gene set for each cell by subtracting the average expression
of a randomly selected control gene set from that of the tar-
get gene set. This provides a proxy for gene-set-specific func-
tion activity at single-cell resolution. To ensure scoring stabil-
ity and comparability across datasets with varying gene cover-
age, we scaled the ctrl_size parameter by the number of genes
from the target set detected in the dataset: if the overlap was
>50 genes, we set ctrl_size = overlap; otherwise, we used the
default ctrl_size = 50.

For cross-dataset or cross-species comparisons, gene-set
scoring was performed independently for each dataset. Then,
the resulting activity scores were batch-corrected using Com-
Bat from the sva package (v.3.46.0), with species specified as
the batch factor. ComBat applies an empirical Bayes frame-
work to adjust for both mean and variance across batches,
thereby reducing non-biological, species-specific effects and
improving comparability of gene-set activity across evolution-
ary lineages.

To quantify gene-set expression within a given organ or cell
type, we computed for each cell the fraction of genes in the set
that were expressed. Cells with >10% of set genes detected
were designated as gene-set-positive. The expression ratio was
then defined as the percentage of gene-set-positive cells among
all cells in the selected organ or cell type.

Visualization

Across the Species, EvoScreening, OrganScreening, StemAtlas,
AgingScope, PathoView, and DeathMap modules, results are
shown with interactive bubble plots as well as static violin
plots. In these plots, the y-axis lists the user-selected gene sets,
and the x-axis shows either multiple species (for cross-species
comparisons) or multiple organs within a single species (for
cross-organ comparisons). In bubble plots, color intensity rep-
resents the average per-cell gene set activity score, while bub-
ble size reflects the proportion of cells expressing the gene
set. In violin plots, color intensity denotes the median activ-
ity score across cells.

To facilitate within-species comparisons, the StemAtlas, Ag-
ingScope, PathView, and DeathMap modules also provide
horizontal bar plots. Here, the y-axis lists all annotated cell
types in the user-selected organ of the chosen species, and bar
length represents the average per-cell score of the selected gene
sets for each cell type.
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Database Info scRNA-seq Data Statistics Gene-Set Analysis Module

Publication Organs/

Name Species . Datasets Cells
Year Regions
scGeneBank - 136 430/1,070 1,134 104.9 million
CancerSEA 2019 1 2 74 93 thousand
(Cancer types)
33 4
Gsca 2023 ! (Cancer types) (Data sources) Bulk
SPathDB 2025 2 36 84 1.6 million spots
DRscDB 2021 5 24 90 1 million
scMMO-atlas 2024 2 27 70 3 million
OrganoidDB 2023 2 46 145 1.5 million
TEDD 2023 4 103 177 3.8 million
EDomics 2023 12 0.5 million

Gene Sets Homology Gene-Set Cross-Cell- Cross-Organ Cross-Species
Count Scoring Type Analyses Analyses Analyses

597 2.4 million Yes Yes Yes Yes

14 - Yes No Yes No

0 . Yes Yes Yes No

(User-provided)

114,998 0 Yes Yes No No

0 < 0.5 million No No Yes Yes

0 0 No No No No

0 0 No No No No

0 0 No No No No

0 0 No No No No

Figure 1. Comparative overview of scGeneBank and existing gene set-related databases by content and functionality. scGeneBank integrates 1134
curated single-cell transcriptomic datasets, encompassing 104.9 million cells from 136 species, 430 organs, and 1070 regions. It includes 597 manually
curated gene sets and supports ortholog mapping comprising 2.4 million gene pairs. In comparison to other resources such as CancerSEA [30], GSCA
[31], SPathDB [37], DRscDB [36], scMMO-atlas [33], OrganoidDB [34], TEDD [35], and EDomics [38], scGeneBank is the first and only platform that
enables large-scale gene set scoring with standardized processing pipelines and supports cross-cell-type, cross-organ, and cross-species functional

analyses with unified visualization tools.

Results

Overview of the scGeneBank database

scGeneBank applies curated functional gene sets at scale to
single-cell transcriptomic data. We curated 597 gene sets or-
ganized into 28 categories and scored them across 1134
single-cell transcriptomic datasets comprising 104 921247
cells from 136 species, spanning 430 organs and 1070 re-
gions. The resource encompasses major evolutionary lineages,
including vertebrates (mammals, birds, reptiles, amphibians,
and fishes) and invertebrates (e.g. arthropoda). The wide cov-
erage of species enables us to examine conserved and diver-
gent biological processes across the tree of life. Gene set ac-
tivity scores were computed across all datasets using a stan-
dardized method. To enable cross-dataset and cross-species
comparison, genes from non-human species were mapped to
their human orthologs. A total of 2493 878 orthologous gene
relationships are available to date (freely accessible at http:
1/8.142.154.29/scGeneBank/HomoGene.php).

Compared with existing resources, scGeneBank uniquely
enables functional gene set profiling across species, or-
gans, and cell types at single-cell resolution (Fig. 1).
Our website features eight core interactive modules—
GeneSets, Species, EvoScreening, OrganScreening, StemAtlas,
AgingScope, PathoView, and DeathMap—that facilitate ex-
ploration of evolutionary patterns, stemness, aging, disease,
and cell-death signatures. GeneSets module provides access to
all curated gene sets and their classification into 28 biological
categories. Species module allows users to browse and search
across 136 species by taxonomy and organ, and explore
dataset-level gene set activity with associated metadata. Evo-
Screening module and OrganScreening module enable users
to assess gene set activity across species or across human
organs, respectively. Results are visualized through bubble
plots and violin plots that reflect both activity levels and ex-

pression prevalence. StemAtlas, AgingScope, PathoView, and
DeathMap focus on distinct functional themes and applica-
tion scenarios (stemness, aging, disease, and cell death), allow-
ing users to examine gene set activity across organs and cell
types in 12 representative species.

scGeneBank provides multiple visualization tools, in-
cluding Uniform Manifold Approximation and Projection
(UMAP) projections, bubble plots, bar charts, and violin plots,
to help present results clearly. All outputs, including gene-set
activity scores and generated figures, are available for down-
load to facilitate further analysis. Overall, scGeneBank is a
user-friendly platform for functional gene set profiling and
cross-context analysis.

The Home page displays all gene-set categories and species
provided by scGeneBank (Fig. 2A). The Home page gives an
overview of our database and enables users to initiate ex-
ploration through intuitive visual elements. Clicking on the
gene set category images directs users to the GeneSets module
(Fig. 2B). Hovering over the species image on the Home page
brings up an information card displaying details such as the
species ID (SPID), taxonomic classification, common name,
Latin name, a download button for the homology table, and
dataset statistics related to the selected species (Fig. 2C). Click-
ing on the images redirects users to the Species module, where
they can select an organ of the selected species to view all as-
sociated single-cell transcriptomic datasets.

GeneSets module: curated functional gene sets
across 28 biological categories

The GeneSets module organizes 597 curated gene sets into
28 biological categories (Table 1), compiled from publicly
available studies. Users can enter any category by clicking
its image to view all associated gene sets. Selecting a spe-
cific gene set displays a detailed table listing each gene sym-
bol, Ensembl ID, and direct links to external resources like
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ortholog table download option. (D) GeneSets module workflow: Step 1, select a category; Step 2, select a gene set; results include a gene list with
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associated datasets with metadata and access to detailed dataset pages.



GeneCards [75], NCBI [88], Ensembl [89], and UniProt [90]
for further exploration. As an example, choosing “Diz” cat-
egory (Fig. 2D, Step 1) reveals all gene sets within that cate-
gory under the Step 1 panel. Users can browse the 35 avail-
able gene sets on the Step 2 panel and select one of interest,
such as AD_GWAS [91] (Fig. 2D, Step 2). Right-clicking on
the AD_GWAS image opens metadata (e.g. source and num-
ber of genes) for AD_GWAS and a ReferenceLink to the orig-
inal publication. Left-clicking the image loads the full table of
the 112 genes included in the set. To investigate a particular
gene (e.g. INPP5SD), users can follow the embedded links to
GeneCards, NCBI, and Ensembl.

Species module: exploration of single-cell
transcriptomics across 136 species

The Species module aggregates 1134 single-cell transcriptomic
datasets from 136 species and provides cross-species explo-
ration of gene expression and gene-set activity. After selecting
a species and an organ, the relevant datasets are displayed in a
table. Each row lists the species’ common name, organ, devel-
opmental stage, PMID, cell count, and links to detailed dataset
pages for interactive exploration.

To explore human-related datasets, users have two entry
points. First, enter the common name “human” in the filter
box beneath the header and select a human organ (e.g. brain)
to begin exploration (Fig. 2E, Step 1, Way 1). Alternatively,
left-click the “human” image in the Step 1 panel (Fig. 2E,
Step 1, Way 2) and then choose an organ in the Step 2 panel
(Fig. 2E, Step 2). Hovering over the “human” image reveals
two buttons: “View Datasets” and “Download Ortholog Ta-
ble.” Clicking “View Datasets” displays all available human
organs in the Step 2 panel, while “Download Ortholog Ta-
ble” provides a file of orthologous gene relationships between
humans and the selected species. After selecting the human
brain, 117 associated datasets and their metadata are dis-
played in a table (Fig. 2E, Result). For example, Data1798
(PMID: 37824663) [92] contains 71 180 cells from the adult
human brain. Detailed metadata, accessible via the “Detail”
link, indicate that samples originated from the human cere-
brovascular (CBV) region and were obtained from donors
aged 29,42, and 50 years under normal physiological condi-
tions. Single-cell sequencing libraries were constructed using
the Chromium v3 platform, and the corresponding expression
matrix can be downloaded via the “Click to download” but-
ton (Fig. 3A).

A dataset-specific exploration page is available via the
“ViewData” button. For example, clicking “ViewData” for
Data1798 opens its in-depth exploration page (Fig. 3). Sec-
tion 1 presents dataset metadata (Fig. 3A). To the right,
a ranked bar chart displays the top 10 enriched gene
sets (Fig. 3B) based on activity scores calculated with
Scanpy (scanpy.tl.scores_genes). The highest-scoring gene sets
highlight evolutionary conservation, for example, Intelli-
gence_Evo_Genes (from the SpeciesEvo category), CTF_NFI
(from the TFsig category), and Genes_Overlapping_UCEs (Ul-
traConserved). Strong enrichment of development-, stemness-,
and neuronal/neuroendocrine-related sets implies the presence
of developmentally plastic cell populations in the region. Sig-
nals from drug-target sets (e.g. Topiramate, Primidone) and
obesity/metabolism-related sets (Obesity-risk genes) suggest
potential involvement of CBV-resident cells in neurological
and metabolic disease pathways. Section 2 shows clustering

Cross-species screening of single-cell gene sets  D1257

results via UMAP, accompanied by bar plots summarizing cell-
type distributions and relative abundances. The UMAP and
bar plots (Fig. 3C) indicate that Data1798 captures the char-
acteristic cellular composition of the CBV region, with enrich-
ment of vascular and glial populations alongside other sup-
portive cell types.

To explore functional patterns within a selected dataset,
users choose a gene-set category and then a specific gene set;
Section 3 displays the results (Fig. 3D). For example, select-
ing the “Diz” category reveals all disease-related gene sets.
Choosing AD_GWAS [91], then evaluates its activity pattern
in Datal798. Three visualizations are generated: a UMAP
plot colored by gene-set activity across cells, an annotated
UMAP plot with cell-type labels, and violin plots compar-
ing gene-set scores across clusters. In Data1798, microglia ex-
hibit the highest AD_GWAS scores, consistent with a previous
study identifying microglia as a key cell type associated with
Alzheimer’s disease genetic risk [93].

Section 4 visualizes gene-set activity for a selected category.
A bubble plot summarizes the activity of all gene sets within
that category, for example, the “Diz” set across cell types in
Data1798 (Fig. 3E). Color intensity reflects the average gene-
set score, and bubble size indicates prevalence (the fraction of
cells in each cell type exhibiting the signal). All visualizations
and result tables can be downloaded for further analysis.

EvoScreening module: cross-species profiling of
functional gene set activity

EvoScreening enables cross-species profiling of gene-set activ-
ity within a selected organ. The module incorporates whole-
body atlases from 12 species: human (Homo sapiens) [6],
crab-eating macaque (Macaca fascicularis) [46], mouse lemur
(Microcebus murinus) [47], mouse (Mus musculus) [48], pig
(Sus scrofa) [49], cattle (Bos taurus) [50], donkey (Equus asi-
nus) [51], tiger (Panthera tigris altaica) [52], domestic cat (Fe-
lis catus) [52], pangolin (Manis javanica) [52], African clawed
frog (Xenopus laevis) [53], and zebrafish (Danio rerio) [54]
(Fig. 4A). The distribution and overlap of available organ
datasets across these species are summarized in an UpSet plot.
The plot highlights both shared and species-specific organ cov-
erage (Fig. 4B). Once an organ and a functional gene category
are selected, gene set activity is visualized in a bubble plot.
The color intensity represents the gene set score and bubble
size indicates the proportion of cells expressing the set within
the organ.

To examine pathway-related gene-set activity across
liver datasets from multiple species, users could select
the liver icon and then choose the “Pathway” category
(Fig. 4C). The resulting bubble plot indicates relatively
high activity for ERK/MAPK (BioCarta_Erk1/Erk2_signaling
and MAPK_Signaling), STING (Ishikawa_Signaling), NF-xB
(NFKkapaB_Signaling), and PI3K/Akt (PI3K/Akt_Signaling)
[94] pathways in liver, consistent with the organ’s homeo-
static roles in metabolic sensing and stress/innate immune
regulation. ERK/MAPK and PI3K/Akt mediate insulin- and
growth factor-driven metabolic and survival signaling [935,
96], whereas the STING-IRF3/NF-«B axis provides immune
surveillance against pathogens and cellular stress [97, 98]. By
contrast, Wnt/p-catenin and Hedgehog show lower activity
in the adult homeostatic liver and are typically induced dur-
ing pathological states [99-101]. Species-specific differences
are also apparent: Murine livers show elevated Erk1/Erk2 and
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Figure 3. Functional gene set visualization and analysis interface in the Species module. (A) Dataset metadata card showing species, anatomical origin,
developmental stage, sequencing platform, and download links [92]. (B) Ranked bar chart of the top 10 enriched gene sets by activity score; both the
figure and the full ranking table are downloadable. (C) UMAP embedding and bar chart summarizing cell-type clusters and their relative abundances. (D)
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(fraction of cells exhibiting the signal). All visualizations and underlying tables can be downloaded for further analysis.
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Ishikawa_STING activity. In Bos taurus, PI3K/Akt activity
is particularly pronounced, which may reflect adaptations to
ruminant-specific insulin and nutrient metabolism [102, 103].

OrganScreening module: cross-organ profiling of
functional gene-set activity

OrganScreening allows users to explore gene set expression
across 35 human organs [6] (Fig. 5A). By clicking on the cell
type image, users can select a cell type of interest and then
choose a functional gene category to perform the results. The
result shows gene activity across organs for the selected cell

type. It provides insight into organ-specific functional pat-
terns.

For example, users can apply OrganScreening to cross-
organ analysis of cell cycle gene activity in human
macrophages (Fig. 5B). In the resulting bubble plot, 12 of
13 cell cycle-related gene sets show consistently low scores
across organs (Fig. 5C). This suggests that, under normal
homeostatic conditions, most organ-resident and circulating
macrophages remain quiescent and non-proliferative. By con-
trast, the “Cancer-Essential_Cell-Cycle_Genes” [57] gene set
shows markedly elevated activity, most notably in the fallop-
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Figure 6. StemAtlas module for cross-organ and cross-species exploration of stemness-related gene sets. (A) Example workflow using the
“Mouse_ISSs"” [105] stemness-related gene set. Users select an organ (bone marrow) within a chosen species (mouse) [48] to view cell-type-resolved
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(Macaca fascicularis) [46], respectively. Created in BioRender. Qin, S. (2025) https://BioRender.com/2te2034.
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Figure 7. AgingScope module for cross-organ and cross-species analysis of aging-related gene sets. (A) Module workflow: users select an aging-related
gene set (e.g. Aging_Atlas_Sig [106]) and an organ of interest via direct atlas interaction or filter bar. Results include intra-organ bar plots showing
average gene set scores across annotated cell types and cross-organ bubble plots summarizing activity patterns across all organs within the species
[46]. (B-D) Example results for Aging_Atlas_Sig in representative organs from three species. Bar plots display the top-ranked cell types contributing to
aging-related gene set activity in each organ: cervix (human) [6], liver (mouse) [48], and gill (zebrafish) [54]. Created in BioRender. Qin, S. (2025)

https://BioRender.com/ge9xriv.

ian tube. This enrichment suggests the presence of a distinct
microenvironment within the fallopian tube that may enhance
macrophage transcriptional programs associated with prolif-
eration. Previous studies report that the fallopian tube epithe-
lium and nearby immune cells activate proliferative signaling
during ovulation and inflammatory episodes [104]. Cancer-
essential cell cycle genes are also known to be persistently ac-
tive in cancers and highly regenerative tissues [57]. Their ele-
vated expression in the fallopian tube may indicate increased
proliferative potential or heightened susceptibility to transfor-
mation.

StemAtlas module: atlas of stemness-related gene
set activity

StemAtlas, AgingScope, PathoView, and DeathMap are four
thematic modules that analyze gene-set activity related to
stemness, aging, disease, and cell death.

The StemAtlas module profiles stemness-associated gene
sets. It features a curated panel of 29 genes implicated in
stem cell function and regulation. Users can select a species,
choose target organs, and query specific gene sets. For each
query, gene-set scores are computed for all annotated cell
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Figure 8. PathoView module for cross-organ and cross-species analysis of disease-related gene sets. (A) Module interface for selecting a
disease-associated gene set (e.g. Kidney_Disease_GeneCards [113]). Intra-organ bar plots of gene-set scores across annotated kidney cell types for
human (B) [6], crab-eating macaque (C) [46], mouse (D) [48], and zebrafish (E) [54]. Bars represent average gene-set activity; greater height and color

intensity indicate higher activity.

types within the chosen organ and visualized as bar plots
to highlight relative activity across cell types. The module
also provides cross-organ activity profiles within each species,
enabling systematic comparisons of stemness characteristics
across tissues.

As an example, to explore the activity of the mouse inte-
grated stemness signatures (Mouse_ISSs) [105], click the gene-
set icon, navigate to the mouse panel, and either select an
organ (e.g. bone marrow) or examine the cross-organ activ-
ity panel at the bottom (Fig. 6A). In adult mouse bone mar-
row, Mouse_ISSs activity is highest in hematopoietic stem
cells, erythroblasts, and early B cells—populations that re-
main undifferentiated or possess high proliferative potential
(Fig. 6A). By contrast, mature immune cells such as neu-
trophils, T cells, and B cells score lower, consistent with
downregulation of stemness programs upon terminal dif-
ferentiation. Similar patterns are observed in other species.
In human bone marrow, erythroid progenitors, cord-blood

CD34* cells, and erythroid cells rank highest, indicating rel-
atively active stem cell programs (Fig. 6B). In crab-eating
macaques bone marrow, megakaryocyte-erythroid progen-
itors, late-stage erythroid cells, and pre-B cells show the
strongest activity (Fig. 6C). These cross-species trends provide
a useful reference for conserved stemness programs.

AgingScope module: atlas of aging-related gene
set activity

AgingScope focuses on aging-related transcriptional programs
and pathways. The module currently includes 12 curated gene
sets, encompassing aging biomarkers from Aging Atlas [106],
brain aging drug target genes [107], genes overexpressed or
underexpressed with age [108], and signatures associated with
cellular senescence [109]. Users can examine gene-set activity
across organs and cell types in 12 supported organisms. After
selecting a gene set (e.g. Aging_Atlas_Sig [106]), users choose
an organ via the filter bar or by clicking the corresponding
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Figure 9. DeathMap module for organ- and cell type-resolved analysis of cell-death-related gene sets across four species. (A) Module interface for
selecting a cell-death-related gene set (e.g. Apoptosis_Xie [116]). (B-E) Bar plots showing intra-organ average gene set scores for the liver (human [6],

crab-eating macaque [46], mouse [48], and zebrafish [54]).

region in the interactive anatomical diagram (Fig. 7A). Bar
plots then visualize gene-set scores results across annotated
cell types within the selected organ, revealing organ-specific
or conserved aging patterns. A cross-organ panel at the bot-
tom summarizes activity for the chosen gene set across organs
within the selected species.

Analysis of Aging Atlas_Sig reveals a consistent trend:
aging-related signals accumulate in organs and cell types that
function as barriers, metabolic hubs, or immune surveillance
sites. In humans [6], the highest activity appears in the cervix,
driven by epithelial and immune cells, including macrophages,
T cells, and dendritic cells. This aligns with the cervix’s role as
a mucosal barrier and its exposure to microbe-driven chronic
inflammation [110] (Fig. 7B). In the crab-eating macaques
[46], the skin shows the highest signal (Fig. 7A), dominated
by macrophages, stromal cells, and pericytes, aligning with
hallmarks of skin aging, such as matrix remodeling, immune
activation, and chronic inflammation [111]. In mice [48], the
liver ranks highest, with Kupffer cells and liver endothelial

cells contributing most of the activity (Fig. 7C). This sup-
ports the previous study that hepatic aging starts with vas-
cular and immune interface dysfunction, followed by pro-
inflammatory activation [112]. In zebrafish [54], the gills lead
the ranking, enriched in immune cells and multiple ionocyte
subtypes (Fig. 7D), reflecting their dual roles in barrier immu-
nity and ion balance. Together, these results point to a con-
served cross-species principle: aging signatures tend to con-
centrate in barrier-immune-metabolic niches.

PathoView module: atlas of disease-related gene
set activity

PathoView focuses on 35 disease-associated gene sets, cover-
ing conditions such as Alzheimer’s disease, Parkinson’s dis-
ease, diabetes, breast cancer, and stress susceptibility. It en-
ables exploration of disease-relevant signatures across the
whole-body single-cell atlas of 12 representative species. By
selecting a gene set (e.g. Kidney_Disease_GeneCards [113]),



users can visualize how disease-related transcriptional pro-
grams are distributed across cell types and organs within a se-
lected organ and across organs within the investigated species
(Fig. 8A).

Across species, the Kidney_Disease_GeneCards gene set
shows cell-type specificity and species divergence, with high
scores in macrophages (human), proximal tubules (monkey,
mouse), loop of Henle (human, monkey), and podocytes
(monkey) (Fig. 8B-D). These patterns are accompanied by evi-
dence of innate immune activation and stromal responses. The
pattern matches the well-established kidney disease pathway:
epithelial injury — immune/stromal activation — fibrotic pro-
gression [114, 115]. While in zebrafish, scores are generally
low (Fig. 8E). Overall, this cross-species trend underscores the
gene set’s ability to capture core pathological axes of mam-
malian kidney disease.

DeathMap module: atlas of cell death-related gene
set activity

DeathMap focuses on cell death-related transcriptional pro-
grams and includes 28 curated gene sets representing key path-
ways such as apoptosis, pyroptosis, ferroptosis, autophagy,
and others. Users begin by selecting a gene set (e.g. Apop-
tosis_Xie [116]), then choose an organ of interest from 12
supported species. Upon organ selection (e.g. liver), gene-set
activity scores are computed across all annotated cell types of
that organ and visualized as bar plots. The gene set activity
across organs within each display species is also provided in
this module (Fig. 9A).

Results show that the Apoptosis_Xie gene set is primar-
ily enriched in immune and vascular compartments of the
liver across mammals. In humans, macrophages, T cells, and
monocytes show the highest scores (Fig. 9B). In crab-eating
macaques, Kupffer cells rank first, followed by monocytes and
endothelial/dendritic cells, while hepatocytes and hepatic stel-
late cells display low or negative scores (Fig. 9C). Mice exhibit
a similar hierarchy, with Kupffer cells and endothelial cells
leading (Fig. 9D). In zebrafish, apoptotic activity is prominent
in macrophages, biliary epithelial cells, and endothelial cells,
moderate in hepatocytes, and low in erythrocytes (Fig. 9E).

Discussion

Here, we provide scGeneBank, which, to our knowledge, is the
first resource to support large-scale, gene-set—based functional
analysis across a wide taxonomic range at single-cell reso-
lution. The current release covers 1134 scRNA-seq datasets
from 136 species, totaling 104.9 million cells. All datasets
are processed with a unified pipeline: non-human genes are
mapped to human orthologs, and gene-set activity scores are
computed using a standardized method. We manually cu-
rated 597 gene sets, grouped into 28 biological categories.
Together, these elements enable comparative interrogation
of key biological processes such as stemness, aging, disease
progression, and cell death across species, organs, and cell
types.

scGeneBank enables cross-dataset and cross-species com-
parisons at single-cell resolution. The platform offers multiple
interactive modules to satisfy diverse analytical needs: Gene-
Sets for browsing 597 gene sets across 28 categories with stan-
dardized annotations and links to external databases; Evo-
Screening for cross-species comparisons of gene-set activity

Cross-species screening of single-cell gene sets  1D1265

within selected organs; OrganScreening for cross-organ anal-
yses across 35 human organs; and four thematic modules—
StemAtlas, AgingScope, PathoView, and DeathMap—that fo-
cus on stemness, aging, disease, and cell death, respectively,
leveraging whole-body atlases for 12 supported species. At
the dataset level, the ViewData page within the Species mod-
ule supports interactive exploration of gene-set activity and
cell-type composition with multiple visualization options. All
figures and result tables are downloadable to facilitate reuse
and publication.

In future updates, we will incorporate newly published
single-cell datasets and expand the catalog of functional gene
sets. Furthermore, we aim to integrate single-cell multi-omics
datasets to enrich functional analyses and facilitate more com-
prehensive interpretation of cellular states.
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