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Abstract

Single-cell transcriptome databases tell us which genes a cell type expresses, but what a
cell type does, and what happens to it when a gene is perturbed, remains scattered across
the literature. Cell IO (https://cell-io.riken.jp/) links these two kinds of knowledge
through Cell Ontology identifiers. Its transcriptome layer re-processes 10x Chromium single-
cell and single-nucleus RNA-seq experiments of human, mouse, and rat from the Sequence
Read Archive with a uniform pipeline, annotates clusters with Cell Ontology terms restricted
by the tissue of origin, and stores the cell type composition and UMAP embedding of every
experiment (currently 14,931 experiments and 82.9 million cells). Its literature layer holds
895,258 claims extracted with a large language model and verified in a second pass from
open-access abstracts, review articles, and gene perturbation studies in immunology and
neuroscience, each with the verbatim sentence, highlighted entity spans, evidence strength,
and ontology-normalized cell, gene, and context. The web interface lets users search cell
types by name, synonym, or identifier, find the experiments in which a cell type is most
abundant, inspect the composition and embedding of each experiment, read and filter the
claims about a cell type by knowledge base, direction, evidence strength, and organism, and
identify cell types whose functional characterization is missing from part of the literature.
Cell IO is freely available without registration.

1 Introduction

Single-cell RNA sequencing has made the transcriptome of individual cells a routine measure-
ment, and public repositories now hold tens of thousands of experiments and hundreds of millions
of cells. Several resources make these data browsable. Portals such as CZ CELLxGENE Dis-
cover [1] and the Single Cell Portal [2] collect processed matrices and annotations submitted
by authors, and CELLxGENE requires cell type and tissue annotations in the Cell Ontology
and Uberon so that collections can be queried together. Other projects re-process raw reads
from the Sequence Read Archive with one pipeline so that datasets become comparable: the
Single Cell Expression Atlas [3], PanglaoDB [4], DISCO [5], and most recently scBaseCount [6],
which uses language-model agents to curate SRA metadata at the scale of hundreds of millions
of cells. Uniform re-processing has a longer history in bulk transcriptomics, where recount [7]
and ARCHS4 [8] showed that consistent quantification and curated metadata turn a repository
into a queryable resource.

What these resources answer is which genes a cell expresses. What a biologist usually wants
to know next is what the cell does: which cells it activates or kills, which molecules it secretes,
how it behaves in a disease, and how it changes when a gene is deleted or overexpressed. This
knowledge is abundant but scattered through the literature. Cell-centered knowledge bases cap-
ture parts of it: the Cell Ontology [9, 10] defines cell types and their relations, marker databases
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Table 1: Comparison of Cell IO with related resources. Re-proc., uniform re-processing
from raw sequencing reads; CL, cell type annotation with Cell Ontology identifiers; Tissue ont.,
tissue annotation with an anatomy ontology; Lit. claims, literature-derived statements about
cell functions; Perturb., gene perturbation outcomes; Cross-link, navigation between expression
data and literature statements for the same cell type. Parentheses qualify a partial match:
Single Cell Portal collects Cell Ontology and Uberon identifiers through an optional metadata
convention [20]; scBaseCount predicts cell types with a classifier for human cells only; DISCO
labels cell types with its own hierarchical vocabulary built with the Cell Ontology as a guide-
line; PanglaoDB and CellMarker 2.0 curate marker genes, not functional statements, from the
literature; PubTator 3.0 annotates genes, diseases, chemicals, variants, species, and cell lines
but not cell types; scPerturb harmonizes author-provided count matrices.

Resource Re-proc. CL Tissue ont. Lit. claims Perturb. Cross-link

CZ CELLxGENE Discover [1] – ✓ ✓ – – –
Single Cell Portal [2] – (convention) (convention) – – –
Single Cell Expression Atlas [3] ✓ ✓ ✓ – – –
PanglaoDB [4] ✓ – – (markers) – –
DISCO [5] ✓ (own vocabulary) – – – –
scBaseCount [6] ✓ (predicted) ✓ – – –
CellMarker 2.0 [11] – ✓ ✓ (markers) – –
PubTator 3.0 [14] – – – (entities, relations; no cell types) – –
scPerturb [16] – – – – (datasets) –
Cell IO (this work) ✓ ✓ ✓ ✓ ✓ ✓

such as CellMarker [11] and PanglaoDB [4] link cell types to genes, and curated interaction
databases such as CellPhoneDB [12] and CellTalkDB [13] link cell types through ligand–receptor
pairs. Text-mining resources such as PubTator [14] and SemMedDB [15] recognize entities and
relations across all of PubMed, but they are not organized around cell types and do not represent
what a cell does as a claim. Repositories of perturbation experiments such as scPerturb [16] and
PerturBase [17] collect perturbation datasets, but the outcomes of gene perturbations reported
in the literature for a given cell type are, to our knowledge, not systematically collected in any
resource (Table 1). Large language models have recently made it feasible to extract structured
statements from biomedical text at scale with controlled precision [18, 19], which opens the
possibility of building a knowledge base of what cells do that is large enough to be matched
against single-cell data.

Here we describe Cell IO (https://cell-io.riken.jp/), a database that links cell types in
uniformly re-processed single-cell transcriptome data to literature-derived statements about their
functions and about the outcomes of gene perturbations (Figure 1). Cell IO re-processes 10x
Chromium experiments of human, mouse, and rat from the Sequence Read Archive, annotates
clusters with Cell Ontology terms restricted by the tissue of origin, and stores the composition
and embedding of every experiment. In parallel it extracts, with a large language model and
a second verification pass, three knowledge bases of claims from open-access abstracts, review
articles, and gene perturbation studies in immunology and neuroscience, and normalizes the
cells, genes, and contexts they mention to ontologies. Because both layers use Cell Ontology
identifiers, a user can move from a cell type to the datasets in which it is abundant and to the
sentences that describe its functions, and back. We describe the construction of the database, its
current content, the web interface, and representative use cases, and we discuss the limitations
of automated extraction and annotation and the planned extensions.

2 Materials and Methods

An overview of the construction workflow is given in Figure 2. Version numbers of the tools and
resources are listed in Supplementary Table S1.
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Figure 1: Concept of Cell IO. Cell IO organizes evidence around cell types defined in the Cell
Ontology. Each cell type is connected to three layers: its position in the Cell Ontology, Uberon,
and NCBI Taxonomy hierarchies (identity); the public single-cell RNA-seq experiments in which
it was identified, with per-experiment composition and embedding (transcriptome evidence); and
the claims about it extracted from the literature by three knowledge bases (literature evidence).
The layers are joined by Cell Ontology identifiers, and in the web interface every layer links to
the other two. Counts refer to the transcriptome release of 2026-10-29 and the literature release
of 2026-10-06.
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Figure 2: Construction workflow of Cell IO. Transcriptome lane: 65,285 candidate exper-
iments were collected from the Sequence Read Archive with the NCBI E-utilities, selected by
read-structure detection and exclusion rules, mapped from raw reads with STARsolo (STAR
2.7, in a fork of the scRecounter workflow run with Nextflow 25.04; GENCODE v49 and vM38,
Ensembl release 115), processed per experiment with Scanpy (Leiden clustering, ddqc quality
control, Scrublet doublet removal, UMAP), and annotated per cluster with Cell Ontology terms
from the CellMarkerAccordion database (v1.0.0), restricted to the markers of the sample’s tissue.
Metadata lane: Experiment, BioSample, and BioProject records were normalized to about 130
attribute keys, mapped to ontologies with a modified MetaSRA pipeline (Cell Ontology, Uberon,
Disease Ontology, Experimental Factor Ontology, Cellosaurus) that also predicts a sample type
with a confidence score, and the single-cell versus single-nucleus label was inferred with Gemma
4 31B served by vLLM; the Uberon term of each experiment restricts the markers used in the
transcriptome lane (dashed arrow). Literature lane: 248,793 abstracts, 26,684 review articles,
and 69,716 perturbation-related abstracts from the PubMed Central Open Access Subset were
processed with Qwen3.5-122B-A10B served by vLLM 0.26 under a JSON schema, verified in a
second pass, annotated by rules for evidence strength, provenance, and direction, normalized to
ontologies (Cell Ontology, HGNC, Gene Ontology, Uberon, and others, with SapBERT nearest
neighbors at cosine similarity of at least 0.8 and Schwartz–Hearst abbreviation expansion), and
evaluated on manually judged samples. The three lanes are joined by shared Cell Ontology,
Uberon, and NCBI Taxonomy identifiers in one PostgreSQL 16 database that serves a read-only
FastAPI interface and a Next.js 16 / React 19 frontend.
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2.1 Transcriptome data collection and processing

2.1.1 Selection of experiments

Candidate experiments were collected from the Sequence Read Archive (SRA) through the
NCBI E-utilities [21] with 26 queries, each restricted to Homo sapiens, Mus musculus, or Rattus
norvegicus, to the terms “10x Genomics” or “10x Chromium”, and to “RNA-seq”, combined
with one of 25 nervous-system keywords or the keyword “immune”. Records submitted to ENA
or DDBJ were included through the INSDC mirror at NCBI. The queries, run in November
2025, returned 65,285 experiments (211,793 runs, 57,148 BioSamples, 2,824 BioProjects). Runs
were split by organism and library layout, runs larger than 300 GB and reads shorter than 26 bp
were dropped, and an experiment entered the mapping stage only if a 10x barcode whitelist and
read structure could be identified from a sample of one million reads (at least 30% of reads with
a valid barcode). After processing, experiments whose SRA or BioSample text indicated non-
expression libraries were excluded by rule: V(D)J, antibody- or hashtag-derived tag libraries,
Perturb-seq and CROP-seq, AAV-based screens, MULTI-seq and CellPlex, pooled libraries, and
suppressed records. 10x Multiome gene expression libraries were kept.

2.1.2 Read mapping and quantification

Reads were downloaded with the SRA Toolkit and mapped with STARsolo [22, 23] inside a fork of
the scRecounter workflow of the scBaseCamp project [6], orchestrated with Nextflow [24]. STAR-
solo was run with Cell Ranger-compatible settings (CB_UMI_Simple, CellRanger4 adapter clip-
ping, 1MM_CR UMI deduplication, EmptyDrops_CR cell calling [25]) and the GeneFull_Ex50pAS
feature set, which counts intronic reads and is closest to Cell Ranger 7 and later. References
were GENCODE v49 on GRCh38 for human, GENCODE vM38 on GRCm39 for mouse [26], and
GRCr8 with Ensembl release 115 annotation for rat [27]. Barcode whitelists were taken from
Cell Ranger 9.0.1. Mapping ran on eight virtual machines of the RIKEN HOKUSAI Sailing
Ship system sharing a Lustre file system. A first pass that inadvertently capped the number of
reads per run was discarded, and the whole corpus was re-mapped from the full reads between
July and October 2026.

2.1.3 Quality control, clustering, and cell type annotation

Each experiment was processed independently with Scanpy [28] in a workflow we call Count-
DataProcessor. Counts were normalized to 10,000 per cell and log-transformed, 2,000 highly
variable genes were selected, and 50 principal components were computed. Cells were clus-
tered with the Leiden algorithm [29] at the default resolution on a 10-nearest-neighbor graph
over 30 components. Low-quality cells were removed cluster-wise with a data-driven procedure
(ddqc [30]) using a median absolute deviation threshold of 2 on counts, detected genes, and the
fractions of mitochondrial (upper bound 10%) and ribosomal reads. Doublets were removed with
Scrublet [31]. The retained cells were re-clustered and embedded with UMAP [32]. Clusters were
annotated with the CellMarkerAccordion marker database (v1.0.0) [33], scoring each candidate
Cell Ontology term by the weighted mean expression of its positive markers and assigning the
best-scoring term to the cluster. Candidate terms were restricted to the markers recorded for
the tissue of the sample, identified by the Uberon term derived from its metadata (see below);
samples without a tissue term were scored against all tissues of the species. Clusters without
applicable markers were labelled “Unknown”. Rat markers were derived from mouse markers
through Ensembl orthology. For every experiment the pipeline stores the Cell Ontology identi-
fier of each cell, the UMAP coordinates, and the number and fraction of cells per Cell Ontology
term. Pipeline runs are versioned per experiment, and the web application always reads the
most recent run.
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2.2 Transcriptome metadata curation

Run information, Experiment packages, BioSample records, and BioProject summaries were
retrieved for all 65,285 experiments through the E-utilities [21]. BioSample attribute names,
which vary freely between submitters, were normalized to about 130 canonical keys with a cu-
rated synonym table (for example “tissue source” and “source” to source_name) before any fur-
ther processing. The normalized attributes were mapped to ontology terms with the MetaSRA
pipeline [34], using the Cell Ontology [9, 10], Uberon [35], the Disease Ontology [36], the Ex-
perimental Factor Ontology [37], and Cellosaurus [38], and MetaSRA’s sample type classifier
assigned one of six categories (tissue, primary cells, cell line, in vitro differentiated cells, stem
cells, induced pluripotent stem cells) with a confidence score to each sample. We modified
MetaSRA to make tie-breaking between source attributes deterministic and to tolerate failures
in batch mode. The tissue used to restrict marker-based annotation was chosen per experiment
as the Uberon term, or failing that the Cell Ontology term, mapped by MetaSRA, lifted along
Uberon partonomy relations to the nearest tissue present in the CellMarkerAccordion database.
Whether an experiment profiled whole cells or nuclei was inferred from the Experiment title,
sample title, design description, library construction protocol, and sample attributes with the
instruction-tuned Gemma 4 31B model [39] served locally with vLLM [40], at temperature 0 and
with the output constrained to a fixed JSON schema. On 200 manually labelled experiments
(100 human, 100 mouse) the inferred label agreed with the manual label in 198 cases. The label
is shown on each experiment page together with the 10x chemistry version identified during
experiment selection.

2.3 Literature data collection and processing

2.3.1 Corpora

Three corpora were built from the PubMed Central Open Access Subset through the E-utilities
in July 2026. The abstract corpus comprises 248,793 original research articles indexed with the
MeSH term “Cells”, with “Humans”, “Mice”, or “Rats”, and with MeSH terms of the immune
system (157,376 articles) or the nervous system (105,692 articles), after excluding reviews, case
reports, clinical trials, meta-analyses, letters, and editorials. The review corpus comprises the
26,684 review articles excluded by that step; full-text JATS XML was available for 26,267 of
them and yielded 1,005,106 body paragraphs after removing non-body sections, citation markers,
and duplicates. The perturbation corpus is the subset of 69,716 abstracts (28.0%) of the ab-
stract corpus that contain a regular-expression cue for gene deletion, knockdown, overexpression,
mutation, or editing.

2.3.2 Extraction of claims

All language model stages used Qwen3.5-122B-A10B (FP8; the Qwen3 series [41]) served with
vLLM [40] on two NVIDIA GB200 GPUs of the RIKEN RIKYU system, at temperature 0, with
JSON-schema constrained decoding and without fine-tuning. Each abstract or paragraph was
first classified for the presence of a statement in which a cell type acts on something (“cell as
agent”), under a written definition shared by all prompts. Positive units were split into sen-
tences with pysbd [42] and shown to the model with sentence identifiers. The model returned,
per relation, the sentence identifier, the subject cell, the action, the target, and optional context,
condition, and organism, together with an expanded sentence in which anaphora and abbrevia-
tions are resolved by insertion only. Spans were verified mechanically to occur verbatim in the
sentence, and relations failing this check were discarded. For the perturbation corpus the model
returned findings with the perturbed gene, the kind of perturbation, the readout cell type, the
outcome, and its direction (increase, decrease, no change, change, or context-dependent); find-
ings without a named cell type were discarded. A second, independent pass asked one yes-or-no
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question per relation to reject statements about the cell’s own properties, expression, or loca-
tion, statements in which the subject is not a cell or not the agent, and mere associations, and
recorded an enumerated reason for every rejection. Rule-based annotation then assigned to each
claim an evidence strength (asserted, suggested, speculative), flags for negated, correlational,
and attributed statements, and a provenance (own result, prior knowledge, unclear). Actions
were further grouped into a taxonomy of 13 major and 49 minor concept classes, and targets
and outcomes into a shared taxonomy of 11 major and 51 minor classes, by the same model.

2.3.3 Ontology normalization

Cell mentions were mapped to the Cell Ontology and, where no term exists, to Cellosaurus,
BTO, the Gene Ontology cellular component branch, MeSH, or NCIt; actions to Gene On-
tology biological processes; contexts to Uberon, MONDO, and related vocabularies; genes to
HGNC [43]; and targets and outcomes to a wider set of vocabularies. Resolution proceeded
by lexical matching with variant generation, abbreviation expansion with the Schwartz–Hearst
algorithm [44] supplemented by model-derived and corpus-derived long forms, molecule detec-
tion, nearest-neighbor matching with SapBERT embeddings [45] at cosine similarity of at least
0.8, and phrase decomposition. Non-exact matches were confirmed or rejected by the language
model in a one-question-per-pair format. Rows were never dropped by normalization; unmapped
fields carry a null identifier.

2.3.4 Evaluation

Precision was estimated on manually judged samples. On 200 abstracts, classification reached
precision 0.91 and recall 0.77, sentence-level extraction precision 0.90 and recall 0.52, and relation
precision 0.96 after verification (0.72 before). On 100 review paragraphs relation precision was
0.95 after verification. Ontology mapping precision was 0.87 on 118 field–string pairs, concept
classification accuracy 0.92 (lenient) or 0.74 (strict) on 90 items, and evidence strength 0.82 on
28 items. These gold sets were judged by a single annotator, one of the authors (H.O.); the
current knowledge bases have not been reviewed by a panel of domain experts (see Discussion).

2.4 Data integration through ontology

The transcriptome and literature layers are joined by shared ontology identifiers rather than by
foreign keys. Cell Ontology identifiers connect per-experiment cell type fractions to literature
claims by exact match. Uberon identifiers connect experiments to tissues, and NCBI Taxonomy
identifiers connect experiments to organisms, which are matched to the literature’s organism
terms “Humans”, “Mice”, and “Rats”. Labels, synonyms, and is_a relations of the Cell Ontology
(release 2026-06-08; 3,335 terms) and labels, synonyms, is_a and part_of relations of Uberon
(release 2026-06-19; 14,975 terms) were loaded from the OBO releases to support search by
synonym and navigation of the hierarchies. Hierarchical relations are used for navigation and
are not used to aggregate evidence to ancestor terms (see Discussion).

2.5 Frontend

Data are stored in PostgreSQL 16. A read-only API implemented with FastAPI (Python 3.12)
serves a Next.js 16 and React 19 frontend behind an nginx reverse proxy; all services run
in Docker Compose on an Amazon EC2 instance and are exposed through a Cloudflare tunnel.
Aggregates for the literature browser are precomputed as materialized views. The UMAP viewer
uses Plotly.js.
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Table 2: Summary of the content of Cell IO. Transcriptome counts refer to the release
of 2026-10-29 (live since Cell IO v0.9.1) and literature counts to the knowledge-base release of
2026-10-06; values from figures/data/content_statistics.json.

Layer Item Count

Transcriptome Experiments (SRX) 14,931
Cells 82,852,125
Organisms 3
Tissues (Uberon terms) 81
Cell types (Cell Ontology terms) 697

Literature Claims, cell as agent (abstracts) 120,162
Claims, cell as agent (reviews) 705,334
Claims, gene perturbation 69,762
Publications with ≥1 claim (abstracts / reviews / perturbation) 49,724 / 22,638 / 27,382
Distinct Cell Ontology terms (any knowledge base) 1,783
Distinct identifiers, all vocabularies 3,615

Both layers Cell Ontology terms with transcriptome and literature evidence 585

3 Database content

3.1 Overview

Cell IO (https://cell-io.riken.jp/) organizes three kinds of evidence about cell types: their
position in reference ontologies, their occurrence and abundance in uniformly re-processed public
single-cell RNA-seq experiments, and the statements made about them in the literature (Fig-
ure 1). All three are keyed by Cell Ontology identifiers, so that a cell type page, an experiment
page, and a literature claim refer to the same term. Table 2 summarizes the content.

3.2 Transcriptome layer

Of the 65,285 candidate experiments, 16,850 were mapped, quality-controlled, and annotated,
and 1,919 of these were then excluded by the metadata rules, leaving 14,931 experiments. The
transcriptome layer therefore holds 14,931 experiments from human, mouse, and rat, each a 10x
Chromium single-cell or single-nucleus RNA-seq library deposited in SRA and re-processed from
raw reads, comprising 82,852,125 quality-controlled cells (release of 2026-10-29; Figure 3A–C).
Of these, 6,757 experiments are human (33,810,355 cells), 7,919 mouse (47,790,054 cells), and
255 rat (1,251,716 cells), and an experiment contains a median of 4,587 cells. Every experiment
carries one of 81 distinct Uberon tissue terms, the tissue whose marker set was used for annota-
tion; it is the MetaSRA tissue when the sample metadata yielded one, and otherwise the tissue
whose markers scored best across all tissues (Figure 3B). The most frequent tissues are brain
(4,432 experiments), blood (1,833), lung (1,276), and pancreas (1,034). Across experiments, 697
distinct Cell Ontology terms were assigned to clusters (573 in human, 455 in mouse, and 242 in
rat), with a median of 13 terms per experiment (Figure 3D). For each experiment the database
stores the number and fraction of cells per term, which drives the composition views and the
cell-type-centric sorting of the experiment browser, and the per-cell UMAP coordinates and
labels, which drive the embedding viewer. A MetaSRA sample type is available for 14,613 of
the 14,931 experiments: 7,567 are classified as tissue, 4,170 as primary cells, 2,202 as cell lines,
and 674 as stem cells, induced pluripotent stem cells, or cells differentiated in vitro (Figure 3E).

3.3 Literature layer

The literature layer holds 895,258 claims from three knowledge bases: 120,162 claims from 49,724
original research abstracts (cell as agent, abstracts), 705,334 claims from 22,638 review articles
(cell as agent, reviews), and 69,762 gene perturbation findings from 27,382 abstracts (Figure 3F).
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Figure 3: Content of Cell IO (transcriptome release of 2026-10-29; literature release
of 2026-10-06). (A) Number of experiments per organism. (B) Number of experiments
per tissue for the 20 most frequent Uberon terms; the remaining 61 terms are pooled. (C)
Distribution of the number of cells per experiment (logarithmic axis); the red line marks the
median of 4,587 cells. (D) Number of cells per cell type for the 20 most abundant Cell Ontology
terms, out of 697 terms in total. (E) Number of experiments per MetaSRA sample type,
stratified by the confidence of the prediction, for the 14,613 experiments with a sample type.
(F) Size of the three literature knowledge bases in claims, distinct publications, and distinct Cell
Ontology identifiers. (G) Overlap of Cell Ontology identifiers among the three knowledge bases
(1,783 identifiers in total). (H) Distribution of evidence strength, provenance, and direction of
claims within each knowledge base; for cell-as-agent claims the direction is the polarity of the
extracted action, for perturbation findings the direction of the outcome. (I) Overlap between
Cell Ontology terms that have transcriptome evidence and those that have literature evidence;
the intersection (585 of 697 transcriptome terms) is the set of cell types for which both views
can be cross-linked.
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Every claim retains the verbatim sentence, character spans for the cell, action, and target or
outcome, the source PMID, and the full output of the extraction pipeline. The subject cell is
mapped to an ontology term in 76% of abstract claims and 85% of review claims; in 67% and
73% the term is a Cell Ontology term, and the remainder are cell lines, tissues, and disease-
specific populations mapped to Cellosaurus, the BRENDA Tissue Ontology, MeSH, or NCIt. In
perturbation findings the perturbed gene is mapped to an HGNC identifier in 78% of cases and
the readout cell to a Cell Ontology term in 39%. In total 1,783 Cell Ontology terms carry at
least one claim (3,615 distinct identifiers when every vocabulary is counted); 401 of them are
covered by all three knowledge bases and 1,382 are missing from at least one (Figure 3G). The
two cell-as-agent knowledge bases differ in character: an abstract yields on average 0.7 claims
that mostly report the paper’s own result, whereas a review yields about 27 claims that restate
consensus knowledge, so their counts are reported separately throughout the interface and should
not be summed as independent observations. Among perturbation findings, 50% describe gene
deletion, 23% knockdown, 20% overexpression, and 5% mutation; the outcome decreased in 43%
and increased in 36% of findings, and 9% report no change (Figure 3H). Claims are labelled as
asserted in 85% of cell-as-agent claims and 93% of perturbation findings, suggested in 4–6%,
and speculative in 3–10%.

3.4 Overlap between the layers

Of the 697 Cell Ontology terms with transcriptome evidence, 585 (84%) also carry at least one
literature claim, 112 have transcriptome evidence only, and 1,198 terms have literature evidence
only (Figure 3I). For these terms the cell type page shows both evidence summaries side by side,
and the experiment browser and literature browser can be entered from the same page.

3.5 Web interface

Cell IO is delivered as a public, read-only web application (https://cell-io.riken.jp/) in
which a cell type, tissue, organism, or experiment can be viewed from three complementary
angles: its identity in a reference ontology, the single-cell transcriptome experiments in which it
appears, and the claims about it extracted from the literature (Figure 4). Every page links each
of these angles to the other two. A user who starts from an expression dataset can therefore
reach the published knowledge about the cells it contains, and a user who starts from a literature
claim can reach the experiments that measured those cells. The interface requires no login or
installation. All state that defines a view, such as filters, sort order, and page, is encoded in the
URL, so any result set can be bookmarked or shared as a link.

3.5.1 Entry points

The home page offers one search box and six entry panels. The search box has two targets. In
Cell type mode it matches the names, synonyms, and Cell Ontology (CL) identifiers of the cell
types represented in the database. After two characters it suggests up to six candidates and
shows which synonym was matched, for example the broad synonym “Treg” for regulatory T
cell (Figure 4A). A user who enters an exact CL identifier or selects a single candidate is taken
directly to that cell type’s page. In Literature mode the same box runs a keyword search over
the literature claims. Below the search box, six panels report the current size of the database,
namely the numbers of experiments, cell types, organisms, tissues, literature claims, and cells
(14,931 experiments, 697 cell types, 3 organisms, 81 tissues, 895,258 claims, and 82,852,125
cells for the data generation described here). The first five panels double as links into the
corresponding browsers. A persistent header gives one-click access to the experiment browser,
the cell type list, the literature browser, and the About page.
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Figure 4: The Cell IO web interface (v0.9.1, screenshots of 2026-10-30). (A) Cell type
search results for the query “Treg”: 13 Cell Ontology terms matched through their labels or
synonyms, each shown with its identifier and the synonym that matched. (B) Cell type page
for regulatory T cell (CL:0000815): synonyms, parents and children in the Cell Ontology, Tran-
scriptome Evidence with the numbers of experiments and cells and their breakdown by organism
and tissue, and Literature Evidence with the number of claims per knowledge base, the most
frequent outcome classes, and one example claim per knowledge base. (C) Experiment browser
filtered to regulatory T cell and sorted by composition ratio: facet filters for organism, tissue,
cell type, and sample type with its confidence threshold on the left; on the right the two cell-
type-specific columns giving the fraction and number of cells of that type in each experiment.
(D) Experiment page of SRX30741276 (mouse lymph node): organism, tissue, single-cell versus
single-nucleus label and 10x chemistry; the cell type composition table; and the UMAP embed-
ding colored by cell type with the hover tooltip showing the cell type and barcode of one cell.
(E) Literature browser (Claims view) for regulatory T cell with the facet rail; two cell-as-agent
claims from abstracts restricted to asserted evidence, with the cell, action, and target marked
in the sentence, and two gene perturbation findings in the three-line layout of perturbed gene,
readout cell, and outcome. (F) Cross view listing, for each cell type, the number of claims in
the three knowledge bases and the knowledge base from which it is missing; the default order
shows the cell types with the most claims that are absent from some knowledge base.
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3.5.2 Browsing by cell type, tissue, and organism

Cell IO provides a list page and a detail page for each of three organizing dimensions: cell type,
tissue, and organism. The list pages show, for every entity represented in the database, the
number of experiments and the number of cells, and can be filtered by name or identifier and
sorted by experiments, cells, or name.

The detail pages share a common three-part layout (Figure 4B). The first part states the
entity’s identity: label, identifier, and exact synonyms, drawn from the Cell Ontology for cell
types, from Uberon for tissues, and from the NCBI Taxonomy for organisms, with outbound
links to OLS4, BioPortal, or NCBI Taxonomy. The second part places the entity in its ontology.
Cell type pages list the immediate parents and children in the CL is_a hierarchy. Tissue pages
separate Anatomy (Uberon part_of : “part of” and “contains”) from Classification (is_a: “type
of” and “subtypes”), so that a lymph node is shown both as a type of secondary lymphoid organ
and as a part of the lymphatic system. Each neighbor is itself a link, so the hierarchy can
be walked without leaving the browser. The third part, Transcriptome Evidence, summarizes
what the expression data say about the entity. It reports the number of experiments and cells
together with horizontal-bar breakdowns of the other dimensions: for a cell type, the organisms
and tissues in which it was observed; for a tissue, its top cell types by cell count and organisms
by experiment count; for an organism, its tissues and cell types. A button labelled “Browse the
N experiments” opens the experiment browser pre-filtered to that entity.

Cell type and organism pages add a fourth part, Literature Evidence, which summarizes the
literature claims attached to the entity in the same “count, breakdown, link” form. It reports
the number of claims and of distinct publications (PMIDs), the number of claims from each of
the three knowledge bases including those with zero so that gaps in coverage are visible, the
five most frequent outcome classes, and one example claim per knowledge base rendered as a
compact claim card. A button opens the literature browser pre-filtered to the entity. Because
literature claims carry the organism as a free-text term such as “Humans” or “Mice” rather than
a taxonomy identifier, the organism page states explicitly which term was counted.

3.5.3 Browsing experiments

The experiment browser is the single table of experiments in Cell IO (Figure 4C). The cell type,
tissue, and organism pages deliberately do not duplicate it and instead link into it. Each row
is one SRA experiment (SRX accession) with its organism, tissue, number of cell types, and
number of cells. Experiments are filtered through three facets, organism, tissue, and cell type,
with the usual faceted-search semantics: values within one facet are combined with OR, facets
are combined with AND, and each facet’s counts are computed with only its own selection
removed so that alternative values remain selectable. A fourth filter, Sample type, exposes
the MetaSRA sample type prediction together with a confidence threshold, so that users can,
for example, exclude or isolate cells differentiated from induced pluripotent or embryonic stem
cells. The six values are tissue, primary cells, cell line, stem cells, in vitro differentiated cells,
and induced pluripotent stem cells. The table can be sorted by cell count, number of cell types,
or accession, and the page size can be set to 20, 50, or 100 rows.

When exactly one cell type is selected, the browser switches to a cell-type-centric view. Two
additional columns show the number and the fraction of cells of that type in each experiment,
two additional sort orders (“highest composition ratio” and “most cells of this type”) become
available, and a separate summary box totals the cells of that type across the matching exper-
iments. This is the view reached from a cell type page, and it answers the question of which
datasets are rich in a given cell type.

Clicking an accession opens the experiment page (Figure 4D). It shows the organism and
tissue, a table of the cell types identified in the experiment with their cell counts and fractions,
each linked to its cell type page, and nine curated sample metadata fields (organism, source
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name, tissue, cell type, age, sex, treatment, cell line, and developmental stage). An interactive
two-dimensional UMAP embedding of all cells, colored by cell type, lets the user hover over a
point to see its cell type and barcode. A link leads to the original record in the NCBI Sequence
Read Archive.

3.5.4 Browsing literature claims

The literature browser gives access to the three literature-derived knowledge bases, “cell as agent
(abstracts)”, “cell as agent (reviews)”, and “gene perturbation”, through three views that answer
three different questions.

The Claims view answers what the literature says (Figure 4E). Each claim is rendered as
a card showing the source sentence with the cell, the action, and the target or outcome high-
lighted in place using character offsets from the extraction pipeline. Roles are distinguished
by shape (outline, underline, fill) rather than by color alone. Chips on the card give the di-
rection of the effect (up, down, no change, context-dependent, or other), the evidence strength
(asserted, suggested, or speculative), whether the sentence reports the paper’s own result or re-
cites established knowledge, and flags for negated or correlational statements. Claims from the
perturbation knowledge base use a three-line layout (“perturbed”, “read out in”, “outcome”)
instead of an arrow, so that the card does not assert a causal relation the sentence did not
make. Normalized terms are linked: the cell to its Cell IO cell type page, genes to HGNC,
other ontology terms to OLS4, and the PMID to PubMed. A left rail supports free-text search
over the cell, target, and gene text and over the full sentence, a cell type filter that accepts
either a name or a CL identifier, and ten multi-select facets (knowledge base, direction, evidence
strength, provenance, flags, major and minor outcome class, organism, perturbation kind, and
verification status). Facet counts are shown against the whole collection so that they remain
stable while filters are toggled.

The Cross view answers which cell types are covered by which knowledge base (Figure 4F).
It lists, for each cell type, the number of claims in each of the three knowledge bases and names
the knowledge bases in which it is absent. By default it shows only cell types missing from
at least one knowledge base, since the most-cited cell types are present in all three and would
otherwise dominate the list. Selecting a cell type adds a breakdown of its claims by outcome
class and links to the filtered Claims view.

The Totals view answers how large and how balanced the knowledge bases are, with six
summary tables: the size of each knowledge base in claims, cell types, and publications; the
distributions of direction, evidence strength, provenance, and outcome class per knowledge base;
and the overlap of cell type identifiers across the three, including what would be lost by dropping
any one of them.

3.5.5 Accessibility and design conventions

The home page, header, and footer were redesigned to conform to WCAG 2.2 Level AA. The
search box is a keyboard-operable combobox whose suggestions are announced to screen readers,
the entry panels remain usable while counts are loading or unavailable, and the layout, including
Windows forced-colors (high-contrast) mode, degrades without losing the outlines of controls.
Conformance of the remaining pages has not yet been assessed. Two conventions are, however,
applied throughout the site. Information is never encoded by color alone: the three knowledge
bases are also distinguished by line pattern and icon, claim roles by shape, and effect direction
by arrow glyphs. All links are underlined, with an explicit marker for external destinations.
The layout is responsive from phone widths, where the header collapses into a menu, to wide
screens. The About page gives the contact address, funding, and the licences of the ontologies
used. The site has no separate help or tutorial page yet (see Discussion).

Cell IO is intended for interactive use. The frontend is backed by a read-only HTTP API,
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but the public site sits behind a bot-management challenge that admits browsers and verified
search-engine crawlers only, so the API is not currently offered for programmatic access. The
content of the database is released under the Creative Commons Attribution 4.0 International
licence (see Data availability).

4 Use cases

4.1 From a cell type to datasets that contain it

A researcher planning to study regulatory T cells can type “Treg” into the search box; the
synonym is resolved to regulatory T cell (CL:0000815) and the cell type page reports in how
many experiments and cells the term was assigned (Figure 5A). “Browse the N experiments”
opens the experiment browser sorted by the fraction of regulatory T cells, which identifies the
datasets in which the population is most abundant and shows their organism, tissue, and sample
type (Figure 5B). Opening one experiment shows the UMAP embedding with the population
highlighted and the link to the SRA record from which the raw data can be downloaded. In the
current release the term is assigned in 1,486 experiments and to 509,608 cells, and the experiment
shown in Figure 4D, SRX30741276, is a mouse lymph node dataset in which regulatory T cells
make up 34.6% of the cells (3,183 cells).

4.2 From a cell type to what the literature says it does

The Literature Evidence panel of the same page summarizes 27,438 claims from 6,091 publica-
tions (3,090 from abstracts, 23,992 from reviews, and 356 perturbation findings) and lists the
most frequent outcome classes, led by immune suppression (4,552 claims). Following the link
to the literature browser, the researcher can restrict the claims to asserted statements report-
ing the authors’ own results, to a given organism, or to a direction of effect, and read each
sentence with the cell, action, and target highlighted (Figure 5C). Switching to the perturba-
tion knowledge base lists the genes whose deletion, knockdown, or overexpression changed a
property of regulatory T cells, with the direction of the change (Figure 5D). In the current
release 356 findings name regulatory T cells as the readout; for example, deletion of Nr4a2 in
mouse regulatory T cells reduced Foxp3 expression and suppressive ability (PMID 21468021),
and knockdown of miR-126 reduced Foxp3 expression and impaired suppressive function (PMID
23301798, recorded as speculative because the sentence is hedged). Negative results are kept as
well: depletion of Foxp3+ regulatory T cells did not exacerbate allergic airway inflammation in
a mouse model (PMID 23071726), stored with the direction “no change” and the flag “negated”.
The genes with the most findings for this cell type are NAC1 (NACC1), Nox2 (CYBB), SRC-3
(NCOA3), and miR-126, each with 8 to 11 findings, which illustrates that the knowledge base
reflects the sampled open-access corpus rather than a curated gene list.

4.3 From a tissue to its cellular composition across studies

Starting from a tissue, for example hippocampal formation, the tissue page shows its position in
Uberon, the cell types identified across all experiments from that tissue ranked by cell count,
and the organisms studied. The experiment browser then lists the individual datasets, and the
sample type filter separates tissue samples from cell lines and from cells differentiated in vitro,
a distinction that users requested at a recent symposium.

4.4 Finding gaps in the literature

The Cross view lists cell types that are described in one knowledge base but absent from another,
for example cell types with many perturbation findings but no review-level statements, or vice
versa (Figure 4F). Combined with the transcriptome counts, this identifies cell types that are
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Cell (as written) Action Target Direction Organism PMID

Tregs attenuated oxLDL-induced
pro-inflammatory responses

down Humans 41181110

Treg inhibiting tumor associated
antigen-specific immune
responses

down Humans 17205133

T reg cells restraint of an MNP-IFN-I-driven CD8+

T cell response
down Mice 29980582

T-bet+ regulatory T
(Treg) cells

inhibit Th1 immune responses down Mice 25658840

Tregs prevent excessive immune responses down Mice 25807185

Figure 5: Use case: from a cell type to datasets and knowledge. (A) The Transcriptome
Evidence panel of the regulatory T cell page (CL:0000815) reports 1,486 experiments and 509,608
cells of this type and links to the experiment browser. (B) The experiment browser sorted by
composition ratio lists the datasets most enriched in regulatory T cells with their organism,
tissue, and chemistry; the UMAP of one experiment (SRX30741276) shows the population. (C)
Five cell-as-agent claims about regulatory T cells from the abstract knowledge base, restricted
to asserted statements that report the authors’ own result and whose outcome class is immune
suppression; the cell, action, and target are given as written in the sentence, and the direction
is the polarity of the action. (D) Two gene perturbation findings returned by the text search
“FOXP3” in the perturbation knowledge base: deletion of Nr4a2 reduced Foxp3 expression in
mouse regulatory T cells (PMID 21468021), and depletion of Foxp3+ regulatory T cells did
not change allergic airway inflammation (PMID 23071726), a negative result retained with the
direction “no change” and the flag “negated”.
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frequently observed in single-cell data but rarely characterized functionally in the literature,
which are natural targets for further study. For example, the finer term CD4-positive, CD25-
positive, alpha-beta regulatory T cell (CL:0000792) carries 720 review claims and 290 abstract
claims but no perturbation finding, whereas its perturbation findings are attached to the coarser
term regulatory T cell, and embryonic fibroblast (CL:2000042) has 101 perturbation findings
but only 8 review claims. On the transcriptome side, pinealocyte (CL:0000652) is assigned to
1,269,211 cells in 1,260 experiments but has four literature claims, and 112 of the 697 cell types
with transcriptome evidence have no claim in any knowledge base.

5 Discussion

Cell IO differs from existing single-cell portals in what it places next to the expression data.
Where CZ CELLxGENE Discover [1] or the Single Cell Expression Atlas [3] answer which genes
a cell type expresses, Cell IO adds, for the same Cell Ontology term, what the literature says
the cell type does and how it responds to gene perturbations (Table 1). The two layers were
built independently and meet only through shared ontology identifiers, which keeps each layer
replaceable: a new annotation run or a new extraction run replaces one side without touching
the other. Several limitations follow from this design and from the automated construction, and
they define the planned extensions.

5.1 Coverage of the transcriptome layer

The transcriptome layer is restricted to 10x Chromium libraries of three species found by keyword
searches centered on the nervous and immune systems, so it is not a census of public single-cell
data. Some libraries that are not gene expression assays, in particular V(D)J libraries, were
found in the corpus, because SRA metadata do not flag them reliably; a rule-based exclusion
removed 1,919 experiments, and an expression-based classifier is being developed to catch the
remainder. Cell lines are mapped by MetaSRA but not yet searchable as such, and extension
to further species, to non-Chromium protocols, to CITE-seq, and to perturbation screens is
planned. Users have also asked for download of the processed count matrices, which amount to
about 30 TB in h5ad format; a distribution route is under evaluation.

5.2 Quality of cell type annotation

Clusters are annotated by marker scoring against the CellMarkerAccordion database at a sin-
gle clustering resolution, without reference mapping or manual review. Annotations therefore
disagree with the original publications in some experiments, for example by assigning a devel-
opmental cell type to adult tissue, and populations that are not defined in the Cell Ontology
cannot be named. We evaluated reference mapping with scArches [46] and factor-based dis-
covery of unannotated populations, and neither was adopted; a recursive clustering in a shared
latent space is the current direction for defining subtypes below the Cell Ontology terms. Hier-
archical relations are loaded but evidence is not aggregated to ancestor terms, so a search for
a coarse term such as “T cell” does not return claims attached to its subtypes; hierarchy-aware
aggregation is planned.

5.3 Reliability of literature-derived claims

The literature knowledge bases were produced by a single large language model with a verification
pass, and their precision was estimated on samples judged by one annotator: 0.96 for abstract
claims, 0.95 for review claims, and lower for ontology mapping of targets (0.73) and for the
provenance label. Recall at the sentence level is about 0.5, so the knowledge bases should be read
as a precise sample of the literature rather than a complete record. Provenance is “unclear” for
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most claims, because rule-based detection of whether a sentence reports the authors’ own result is
weak. Review-derived claims restate consensus and are counted separately from abstract-derived
claims for this reason. The knowledge bases capture statements in which a cell acts on something
and findings in which a gene perturbation changes a cell; they do not capture expression facts,
changes in cell abundance under a condition, or cell–cell interactions as such, and the corpus
is limited to open-access articles in immunology and neuroscience. The knowledge bases have
not been curated by domain experts: the gold sets behind the precision estimates were judged
by one of the authors, and the immunologists and neuroscientists acknowledged below reviewed
output of an earlier version of the pipeline rather than the released claims. We therefore present
the claims as machine-extracted evidence that points to its source, not as expert-validated facts.
Every claim keeps the verbatim sentence, the character spans, and the PMID, so that users
can check a statement against its source in one click, and rejected relations are kept with their
reasons so that the verification step itself can be audited.

5.4 Planned extensions

Beyond the items above, we plan to release the database as RDF with a SPARQL endpoint in
collaboration with DBCLS, to offer the single-cell versus single-nucleus and 3′ versus 5′ chemistry
labels, which are currently displayed per experiment, as experiment filters, to report the overlap
between transcriptome and literature coverage per cell type inside the interface, and to add help
material for first-time users. Users at two recent meetings asked for four entry points that the
current interface only partly supports: identifying a user’s own cluster from a marker set, listing
characteristic genes and functions for a cell type, finding the cell types associated with a gene or
signature, and interpreting a user’s own data against the database. These define the roadmap
for the next release.

5.5 Conclusion

Cell IO provides, for human, mouse, and rat cell types defined in the Cell Ontology, a uniformly
processed view of their occurrence in public single-cell data and a verifiable, sentence-level view
of what the literature says they do. It is freely available at https://cell-io.riken.jp/.

Data availability

Cell IO is freely accessible at https://cell-io.riken.jp/ without registration. The content
of the database is released under the Creative Commons Attribution 4.0 International licence
(CC BY 4.0). The underlying sequencing data are available from the NCBI Sequence Read
Archive under the accessions listed on each experiment page, and every literature claim links to
its source article through its PubMed identifier.
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