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The Cell Ontology in the age of 
single-cell omics
Shawn Zheng Kai Tan1,2,25, Aleix Puig-Barbe   2,25, Damien Goutte-Gattat   3,4, 
Caroline Eastwood5, Brian Aevermann6, Alida Avola5, James P. Balhoff   7, 
Ismail Ugur Bayindir5, Jasmine Belfiore5, Anita Reane Caron   2, David S. Fischer8, 
Nancy George9, Benjamin M. Gyori10, Melissa A. Haendel   11, Charles Tapley Hoyt   12, 
Huseyin Kir5, Tiago Lubiana13, Nicolas Matentzoglu   14, James A. Overton15, Beverly Peng16, 
Bjoern Peters   17, Ellen M. Quardokus   18, Patrick L. Ray   19, Paola Roncaglia2, 
Andrea D. Rivera5, Ray Stefancsik   2, Wei Kheng Teh2, Sabrina Toro   11, Nicole Vasilevsky20, 
Chuan Xu21, Yun Zhang22, Richard H. Scheuermann22 ✉, Christopher J. Mungall   23 ✉, 
Alexander D. Diehl24 ✉ & David Osumi-Sutherland5 ✉

Single-cell omics technologies have transformed our understanding of cellular diversity by enabling 
high-resolution profiling of individual cells. However, the unprecedented scale and heterogeneity of 
these datasets demand robust frameworks for data integration and annotation. The Cell Ontology 
(CL) has emerged as a pivotal resource for achieving FAIR (Findable, Accessible, Interoperable, and 
Reusable) data principles by providing standardized, species-agnostic terms for canonical cell types, 
forming a core component of a wide range of platforms and tools. In this paper, we describe the wide 
variety of uses of CL in these platforms and tools and detail ongoing work to improve and extend CL 
content including the addition of transcriptomic types, working closely with major atlasing efforts 
including the Human Cell Atlas and the Brain Initiative Cell Atlas Network to support their needs. We 
cover the challenges and future plans for harmonising classical and transcriptomic cell type definitions, 
integrating markers and using Large Language Models (LLMs) to improve content and efficiency of CL 
workflows.
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Introduction
An ever growing array of single cell omics techniques are being used to generate massive and diverse datasets 
profiling single cells. These include techniques for single cell transcriptomics1,2, proteomics3, multiplexed imag-
ing of protein location4, metabolomics5, spatially resolved transcriptomics6, connectomics7,8, epigenetic profil-
ing9, and multimodal techniques such as patch-sequencing (patch-seq)10.

The substantial volumes of data generated by these techniques pose a significant challenge for biologists, 
clinicians, and bioinformaticians aiming to identify and integrate relevant data for analysis, generate hypotheses, 
and apply machine learning techniques across datasets. To best utilise these new datasets for hypothesis genera-
tion in biology and medicine, we need ways to connect omics data to traditional knowledge of cell types, includ-
ing their anatomy and physiology. This prior knowledge is primarily found in the research literature as free text 
in non-standardised forms. Integrating this knowledge with quantifiable ‘omics datasets is therefore a challenge.

Findable, Accessible, Interoperable, and Reusable (FAIR) data annotation principles11 can help to solve these 
problems by ensuring that data is structured and annotated consistently. Annotation with ontology terms is a 
key component of these principles. In the context of single cell data, ontologies provide unambiguous identifi-
ers12 for consistent annotation of cell type, tissue, developmental stage, and disease. Referenced textual defini-
tions attached to these identifiers ensure that the meaning of ontology terms is clear, while attached names and 
synonyms support searching with a wide range of commonly used names.

Ontologies also relate terms to each other in biologically meaningful ways. As a result, ontology annotation 
not only integrates data annotated with the same term, it can also integrate data annotated with related terms. 
This underlies the widespread use of the Gene Ontology for gene enrichment analysis13,14 - summarising the 
functions of genes in lists by mapping up from specific annotations of individual genes to more general terms 
in the ontology, e.g. mapping ‘CMG complex assembly’ to ‘lagging strand initiation’ to ‘DNA replication’. In the 
context of a cell ontology, a query for data annotated with an ontology term for ‘T cell’ might use the structure of 
the ontology to return data annotated with terms for the many known subtypes of ‘T cell’.

Relationships between ontology terms can extend beyond a single type of term, for example linking a cell 
type to terms recording its anatomical location, characteristic components, functions, and cell surface markers 
(see Fig. 1). Collectively, these relationships form a graph that can be used to support applications ranging from 
database search to gene set enrichment to machine learning and which is used as the backbone of knowledge 
graphs15,16. In the context of cell type ontologies, these relationships, combined with referenced textual defi-
nitions, provide links to classical and contextual knowledge about cell types. This context is useful not only to 
biologists but also as input to machine learning17,18.

The Cell Ontology.  The Cell Ontology (CL), the first version of which was released in 200419, is a founda-
tional resource for FAIR annotation of cell type data, and widely used to drive data integration and search in 
biomedical research by academia and their partners, government supported initiatives (Table S1), and industry 
(eg pharmaceutical companies, tech companies like Benevolent AI, and many others)20. CL represents canon-
ical (non-pathological/wild-type) cell types. It covers granular cell types in mammals, while also supporting 
general classes for other metazoa (e.g., muscle cell, neuron). It facilitates interoperability through mappings to 
species-specific ontologies for model organisms such as those for Xenopus, Zebrafish, and Drosophila.

As part of the OBO (Open Biological and Biomedical Ontology) Foundry21,22, CL adheres to standardized 
methods for defining relationships and classifications23,24 and integrates tightly with other OBO Foundry ontolo-
gies. CL is also used by phenotype25, disease26, and trait ontologies27 to record the cellular location of disease and 
phenotype and by the Gene Ontology (GO) to record the location of processes and cellular components28 - see 
Fig. 1 for examples. CL in turn uses GO to capture cell type functions and the characteristic components of cell 
types, and the anatomy ontology Uberon29 to record anatomical location of cell types. As the GO is a rich source 
of gene product annotation, links between CL and GO provide a potential route to map genes relevant to the 
transcriptomic and proteomic signatures of cell types.

Terms in CL are predominantly defined and classified based on classical structural, functional, and molec-
ular criteria (classical cell types). For instance, pulmonary alveolar type 2 cells (AT2 cell) (Fig. 1) are defined by 
their location in the alveolar epithelium, their columnar morphology and their function in surfactant produc-
tion, secretion and homeostasis30. Surfactant production requires the presence of an alveolar lamellar body, an 
organelle that is specific to these cells. These properties are all reflected in the CL textual and formal definition 
- which classifies the cell type as a columnar/cuboidal epithelial cell, records its alveolar location, and links it to 
GO terms for alveolar lamellar body and surfactant homeostasis (http://purl.obolibrary.org/obo/CL_0002063). 
As shown in Fig. 1 and Table 1, we can find genes that reflect the transcriptomic signatures underpinning the 
structure and function of this cell type by intersecting the set of genes annotated to these GO terms with markers 
derived from analysis of transcriptomics data annotated with the AT2 CL term.

CL supports diverse use cases by allowing terms to have more than one parent classification; for example, 
AT2 cells are classified both as alveolar epithelial cells and cuboidal epithelial cells (other alveolar epithelial cells 
are squamous). Similarly tracheal goblet cells are both goblet cells (which are found in many mucosal epithelia) 
and tracheal epithelial cells, reflecting both function and anatomical attributes. Such classifications leverage 
OWL logic to automate error checking and ensure consistency21–24.

Markers are practical tools for identifying cell types. Their practical application depends on both anatomical 
and experimental context. A gene (or set of genes) is a useful marker if its expression can be used to unambig-
uously identify (mark) a cell type in some context. Markers are often species-specific. Proteins are commonly 
used as cell-type markers, but protein and transcript levels often do not correlate well and proteins may be 
present when transcript has degraded31. Markers that are specific in a narrow anatomical context (e.g. a single 
brain region) may not be in the context of a whole brain (see Fig. 2). Many classical markers have their origin 
in the context of imaging prior to the advent of spatial transcriptomics. In this context, markers typically need 
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to distinguish cell types within the narrow anatomical context of a single imaged tissue slice or block, but large 
differences in expression compared to background are needed for thresholding to be able to mark cells. In con-
trast, markers derived from single cell transcriptomics often need to distinguish cells in the context of large and 
diverse tissue samples, and the typical approach to deriving markers, differential expression analysis, can take 
advantage of relative expression levels that would be too subtle to clearly mark cells in a traditional imaging con-
text. Variation in documented markers can also come from different marker differential expression algorithms 
producing different top marker gene lists6.

CL uses gene expression as one criterion for defining cell types in cases where expression is widely con-
sidered definitional for the cell type, for instance for immune cells, where cell type definitions have long been 
dominated by cell surface markers used for isolating cell populations. As detailed in this paper, we also use 
markers as a component of cell types defined with reference to transcriptomic data. However, CL does not aim 
to be a comprehensive source of cell type markers. The highly contextual and diverse nature of markers means 
that storing all markers would bloat the ontology and make it hard to use. A number of resources use CL terms 
to record markers in their species and anatomical context, including the HubMap Human Reference Atlas32,33, 
CellMarker34 and CELLxGENE Expression35. The SOULCAP initiative (Standardised Ontology Unique 
Labelling for Cytometry Annotation of Populations, https://soulcap.org/) is an international consortium of aca-
demic and industry researchers in flow cytometry who are developing an expert curated database of marker-cell 
type associations, primarily for immune cells, in collaboration with CL developers, as well as bioinformatics 
methods to standardize cell type identification across flow cytometry results.

Transcriptomic cell types.  Recent advances in single-cell omics technologies have transformed how sci-
entists study cell types by providing unbiased ways of characterising cell identity without relying on prior knowl-
edge. Progress has been made most rapidly in single cell transcriptomics, which has provided new means for 
typing cells based on shared transcriptomic profiles. This typically involves selection of informative (highly vari-
able) genes, dimensionality reduction, and clustering in latent space36. Types defined in this way can be mapped 
back to classically defined types based on expression of known markers, sometimes combined with gene set 
enrichment analysis providing evidence for functions/pathways diagnostic of particular cell types37.

Clusters of sufficient granularity often correspond well to classical cell types or subdivide them38,39. Where 
they do not, some researchers merge or split clusters to more closely match classical cell types or align with other 

Fig. 1  ‘Classical’, property-based definition of pulmonary alveolar type 2 cell (AT2 cell) in the Cell Ontology. 
In the Cell Ontology this term (CL:0002063) is defined as “A pulmonary alveolar epithelial cell that modulates 
the fluid surrounding the alveolar epithelium by secreting and recycling surfactants via specialized organelles 
called alveolar lamellar bodies… This cuboidal cell is thicker than squamous alveolar cells (AT1), has a rounded 
apical surface that projects above the level of the surrounding epithelium, and its free surface is covered by short 
microvilli”. Panel a shows this property-based definition as a graph linking the Cell Ontology term ‘pulmonary 
alveolar type 2 cell’ to the GO terms for ‘surfactant homeostasis’ and ‘alveolar lamellar body’. GO annotation 
records the function and of the Napsin-A protein in surfactant homeostasis and its location in the alveolar 
lamellar body. NAPA, the gene encoding Napsin-A, was identified as an AT2 cell marker via analysis of single 
cell transcriptomics data annotated with this cell type35. Panel b, shows an electron micrograph of an AT2 cell 
with many alveolar lamellar bodies (ALM) (adapted from Sun et al.138 licensed under CC-BY4.0).

Cell Type GO Term Mouse Markers Human Markers

pulmonary alveolar type 2 cell surfactant homeostasis Lamp3, Abca3, Lpcat1, Ctsh, Sftpd, Napsa SFTPD, NAPSA, ABCA3, CTSH

pulmonary alveolar type 2 cell alveolar lamellar body Abca3, Napsa, Sftpc, Sftpb, Ctsh ABCA3, NAPSA, SFTPB, SFTPC, CTSH

Table 1.  Mouse and human markers of AT2 cells that are annotated to a GO terms for a defining structure or 
function of this cell type.

https://doi.org/10.1038/s41597-026-07173-8
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modalities, whereas others treat cell types that are transcriptomically defined (T-types) as primary40. The latter 
approach is especially important in the central nervous system, where classical cell typing has only ever been 
able to provide a very limited and incomplete picture of the cell types present40. As well as defining types, tran-
scriptomic analysis is also used to define hierarchies of cell types based on transcriptomic similarity, including 
transcriptomic hierarchies covering the entire brain41.

In this paper we detail how CL is currently being used to help make data about cell types Findable, Accessible, 
Interoperable, and Reusable (FAIR). We explore how CL helps to form a bridge between different data modali-
ties, and between ‘omics views of cell types and classical cell type definitions. We also detail how CL is evolving 
to face new challenges, including extending to include T-types, defined via links to reference data and marker 
sets derived from reference data. Finally we outline how improved technical and community coordination and 
the use of large language models in the curation process42,43 is driving content improvements and new opportu-
nities for CL use.

Results
Application.  CL drives FAIR across multiple platforms, species and modalities.  With the huge influx of single 
cell ‘omics data, annotation with CL has become an important step in making single cell/nucleus RNA-seq (scR-
NAseq) data FAIR, and has become a key use of CL.

Consortia and platforms like HuBMAP (the Human BioMolecular Atlas Program)32, the Human Cell Atlas 
(HCA)44, and CELLxGENE35,45 mandate the use of CL IDs to annotate cell type terms in datasets—this has 
allowed better integration and findability of datasets. (For a more comprehensive list covering 19 different plat-
forms and tools, see Table S1).

This is perhaps best illustrated by its use in the CZ CELLxGENE (CxG) platform35, the largest and most 
widely used, consistently annotated database of single cell transcriptomics data. It uses CL to annotate single cell 
transcriptomics data and to drive many aspects of its functionality.

CxG mandates that CL be used for annotation of cell types in all submitted datasets via a well-defined stand-
ard for submission of annotated cell-by-gene matrices35. By providing terms for annotation at various levels of 
granularity, it allows for accurate but less specific annotations where annotators are not confident of the precise 
identity of the cells being annotated. On the CxG Discover platform, users can find datasets by the cell types 
they contain via a faceted browsing interface, which supports searching for cell types by name and browsing via 
a simplified version of CL hierarchy (Fig. 3c). An alternative view is provided by CxG CellGuide, which displays 
extended information and analysis about cell types and links to datasets featuring data about these cell types. 
CellGuide supports search for cell type and dataset by cell type name or synonym (from CL) and browsing of 
cell types and datasets via a more complete, interactive graph view of CL hierarchy (Fig. 3a&b). CellGuide also 
takes advantage of CL annotation and hierarchy to calculate marker genes by aggregating data about cell types 
across multiple datasets and multiple levels of granularity (Fig. 3d). CxG also provides integrated embeddings, 
combining data about specific cell types from across the CxG corpus. For example, the integrated embedding 
page for human T cells (https://cellxgene.cziscience.com/e/cellguide-cxgs/homo_sapiens/CL_0000084.cxg/) 
aggregates data annotated with over 60 terms for types of T cells from CL. CL annotation also plays important 
roles in CxG Census API functionality, supporting the generation of synthetic cell-by-gene matrices for specific 
cell types from across the census. In summary, CL is an integral component of CELLxGENE that is critical to 
much of its functionality.

CL is also used, along with Uberon, by the HuBMAP Human Reference Atlas32,46 and CellMarker34 to curate 
sets of cell-type specific markers in various tissue contexts from the literature. This allows the integration of 

Fig. 2  The contextual nature of markers. Panel a shows a UMAP embedding of >4 m cells covering the whole 
mouse brain41, with cells annotated as Cajal Retzius cells (CR) highlighted. Lhx1 is a classically known marker 
used to identify CR cells in microscopy139. It is not specific in the context of the whole brain (Panel b). However, 
the vast majority of CR cells surviving in the adult mouse brain are present in the hippocampus139. When 
we filter out cells from other brain regions, Lhx1 is a much more specific marker (Panel c). This figure was 
generated using the Allen Brain Cell Atlas (https://portal.brain-map.org/atlases-and-data/bkp/abc-atlas).

https://doi.org/10.1038/s41597-026-07173-8
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community curated markers from the HuBMAP Human Reference Atlas into multiple resources including the 
CxG CellGuide and the gene enrichment knowledge graph Enrichr-KG47.

While the primary focus of CL is on vertebrate and especially mammalian cell types, precise description of 
specialized non-mammalian cell types is delegated to species-specific ontologies. CL provides “bridges” between 
its general cell type terms to their species-specific counterparts. These bridges are routinely curated to ensure 
their continued accuracy, and the workflow used to produce them has recently been modernized (as further 
described in the Methods section). This supports integration of cell types specific to a much broader range of 
species including Zebrafish48, Xenopus49, Drosophila16,50, and C.elegans51. While some of these bridges are likely 
to represent convergent phenotypes, especially between vertebrates and invertebrates, recent transcriptomic 
evidence supports conservation of broad cell types (e.g. neurons and muscle cells) across the bilateria52.

These cross-species bridges do not explicitly encode whether related cell types are homologous or analo-
gous. However, single-cell transcriptomics is enabling more systematic evaluation of cross-species relationships. 

Fig. 3  The Cell Ontology supports findability of scRNAseq data on the CZ CELLxGENE platform35. 
CELLxGENE CellGuide (panels a and b) provides data about markers and other summary information about 
cell types as well as links to datasets. Panel a: CellGuide Search supports search by synonym, in this case the 
term ‘pulmonary alveolar type 2 cell’ is found via its synonym ‘type II pneumocyte’. Panel b: CellGuide supports 
browsing of related terms via a compact, interactive tree that shows the classification hierarchy of CL, annotated 
to show which terms have associated data. Selecting a term returns datasets annotated with that term and its 
subclasses. Panel c shows a search for datasets by cell type using the “CELLxGENE Discover” search interface. 
An initial lexical search step narrows down search terms from all those used. For ease of browsing the results 
are arranged in a 3-level hierarchy that combines curation of terms into 3 lists of terms at different levels of 
granularity (“class”, “subclass”, “type”) with links between the levels driven by the structure of CL. In the above 
example the ‘Class’ level term selected is ‘epithelial cell’, which restricts the ‘Subclass’ column terms to subclasses 
of ‘epithelial cell’ in CL including the selected term ‘lung epithelial cell’ of which the selected “Cell Type” term, 
‘pulmonary alveolar type 2 cell’ has been used in 15 of >1000 datasets on CELLxGENE. Panel d: Annotation 
with CL terms (in this case pulmonary alveolar type 2 cell) is used to aggregate single cell transcriptomic data to 
calculate marker genes.

https://doi.org/10.1038/s41597-026-07173-8
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Where transcriptomic analyses provide strong evidence for orthology, we are beginning to add grouping terms 
that unify cell types across species, as discussed further in the Discussion section.

CL support for integration across diverse species is well illustrated by the EBI Single Cell Expression Atlas53. 
For example, a search for enterocyte, for which evidence exists for conservation between vertebrates and inver-
tebrates54, finds data annotated with specific types of enterocyte in Drosophila, humans and mice (Fig. 4).

While much recent usage of CL has focussed on annotating transcriptomics data, one great strength of CL 
and the ontologies that extend it is their utility for annotating data across modalities. This can perhaps be best 
seen in the use of the Drosophila Anatomy Ontology to annotate 3D images (>100,000 images from confo-
cal and EM data), connectomics (>4 m pairwise connections) and transcriptomics data (240 cell types, 1560 
annotations, 2.5 m gene expression links) using cell type terms that extend CL16. CL is used directly to annotate 
microscopy images and support their Findability on the Cell Image Library55 and to annotate schematic images 
of cell types in anatomical context as part of the Single Cell Expression Atlas53.

CL use in Automated Cell Type Annotation.  Manual annotation of scRNAseq data is slow and labour inten-
sive. In tissues for which high-quality annotated reference data is available, automated annotation is critical to 
efficiently interpreting scRNAseq data in the context of disease and experimental manipulation56. CL is increas-
ingly integrated into tools for automated cell type annotation including the Azimuth annotation transfer tool57, 
CellTypist58,59, and scTAB60 which both feature mappings to CL. It is also used directly by multiple automated 
annotation tools as a source of knowledge to help drive annotation.

OnClass is an automated annotation system, built on annotated training data18, that uses CL as an input. 
Typically such systems are limited to annotating cell types that are present and annotated in their training data. 
Onclass takes advantage of the observation that relatedness in the ontology graph correlates with transcriptomic 

Fig. 4  Use of extended CL for cross-species data integration on the EBI single cell expression atlas. The central 
circle shows a general cell type (in this case enterocyte) found by lexical search on the atlas. The inner and 
middle wheel show the species and tissue of origin of the sample used as input to scRNAseq. The outer wheel 
displays subtypes of enterocyte used to annotate single cell transcriptomics data. Clicking on the outer wheel 
takes users to a list of highly expressed genes in the cell type and to individual studies. This search is made 
possible by an extended version of CL that folds in cell type terms from other, single-species ontologies (in 
the above example, the Drosophila Anatomy Ontology) via curated bridges between the two ontologies using 
SSSOM82 (see Methods for details).

https://doi.org/10.1038/s41597-026-07173-8
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similarity, along with similar correlations with text similarity of labels and definitions, to support annotation of 
cell types in transcriptomic data that are present in CL but not in the training data. The same team has further 
extended their work in a successor software that uses 8 different annotation methods, including OnClass, and 
CL, to create an ensemble of prediction models with a voting scheme61.

A similar approach is taken by CellO62, a discriminative, supervised machine learning approach for classify-
ing clusters of cells in human scRNA-seq data. CellO uses the structure of CL combined with extensive training 
data to support automated hierarchical annotation with CL terms.

Sfaira17,60) is Python software designed to enable scRNA-seq data curation, ontology-based database que-
ries and automated analysis with pre-trained neural networks using data from a variety of curated sources. 
It takes advantage of the structure of CL beyond the definition of sets of mutually exclusive cell types. Sfaira 
requires only that annotated cell types be related via a directed acyclic graph and so can take advantage of the 
multi-inheritance classifications hierarchies in CL. Sfaira also allows for ontology-aware subsetting queries, for 
example allowing for the selection of any T cell or subtype thereof, to build cross-study meta analyses.

Given that many standards like CELLxGENE45 require the use of CL for cell type annotation, by providing 
mappings to CL, these tools greatly aid in preparing data for submission.

Applications for viewing and querying the Cell Ontology.  The content of CL can be viewed on a variety of ontol-
ogy portals (Bioportal63,64), Ontology Lookup Service65–67) and queried via their APIs. More powerful query 
options are supported by UberGraph.

As already described, CL is tightly integrated with other OBO Foundry ontologies, which makes powerful 
new types of queries possible, leveraging the knowledge encoded in multiple linked ontologies. For example, we 
can take advantage of the thousands of asserted and inferred links from Uberon to CL to query for all cell types 
found in a specific tissue. These queries are exposed through Ubergraph68, which integrates a large and growing 
set of OBO Foundry ontologies and precomputes inferred relationships. The result is queryable via a SPARQL 
endpoint and a REST-API that wraps precomposed SPARQL queries. Wrapped queries include a query for cell 
type by location.

Community.  In keeping with the ethos of the OBO Foundry22, CL is built as an open, community-driven 
resource where the democratization of, contribution to, and editing of the ontology is a key consideration. This 
approach supports distributed maintenance and extension by a team of editors, funded by and engaging with 
multiple projects and organizations with an interest in its development, including the BRAIN Initiative Cell Atlas 
Network (BICAN)69, HuBMAP32,70, the HCA44, Cell Annotation Platform (CAP; https://celltype.info/), and the 
Chan Zuckerberg Initiative (CZI). As a result of this we have seen a large increase in engagement as measured by 
increased GitHub requests and substantial improvements in responsiveness since 2018 (see supplementary fig. 1 
for details).

The HuBMAP Human Reference Atlas32 is a major source of expert input to CL content. Groups of subject 
matter experts work with HuBMAP curators and developers to curate hierarchies of anatomical terms, cell types 
and markers covering human anatomy, mapping these terms to CL and Uberon. These efforts are a major source 
of expert feedback on missing terms, missing relationships, term naming, and term definitions. Additionally, 
validating these curated hierarchies against both asserted and inferred relationships in CL and Uberon provides 
feedback and correction for both CL and the curated hierarchies71.

CL editors also work closely with the Human Cell Atlas data-integration efforts to develop integrated atlases 
for specific organs and tissues, combining multiple independently generated datasets. One early success of this 
effort is an integrated atlas of the human respiratory system72. Ongoing efforts are centered around annotation 
of integrated reference datasets on the Cell Annotation Platform (CAP) including gut, eye, liver, lung, kidney, 
and breast. This collaboration has created a productive feedback cycle: CL editors manually review annotations 
from CAP-hosted atlases, using publicly available spreadsheets to suggest more granular existing CL terms or 
flag missing ones that are then added to CL to improve coverage across tissues. This hands-on process directly 
improves CAP annotations and expands the ontology. For example, while reviewing the trabecular meshwork 
dataset on CAP, we identified gaps and subsequently added missing cell types such as “Schlemm's canal endothe-
lial cell”, “juxtacanalicular tissue cell”, and “beam cells”.

In a similarly productive cycle with Brain Initiative Atlases, CL editors have utilised LLM Deep Search meth-
ods73,74 with information from transcriptomic type annotations (markers, neurotransmitters, location, neuro-
peptide) to search the literature to identify potential mappings between transcriptomic and classical types along 
with data and criteria that can be used to test those mappings. In an increasing number of cases, this supports 
both improved atlas annotation and the definition of terms in CL that unify transcriptomic and classical defi-
nitions. For example, we used Deep Search to identify papers and datasets that bridge classical interneuron 
types and transcriptomic types in the mouse Cerebellum. We then used annotation transfer to identify the same 
types in the BICAN mouse whole brain atlas, validating results against location from spatial transcriptomics. 
As a result we were able to improve annotation of the mouse whole brain atlas and types for mouse Lugaro and 
Candelabrum interneurons that bridge classical and transcriptomic definitions75–77.

The Cell Ontology increasingly provides a bridge between these atlas efforts by defining and linking terms for 
common cell types found across these tissues. For example, CL has a general term for ‘goblet cell’, which classifies 
terms for more specialised goblet cells present in the gut, lung and eye. In parallel, an ongoing collaboration aims 
to mine CZI datasets (covering a much wider range of datasets than those covered by HCA and BICAN) for new 
terms and to improve definitions of existing terms, with input from CZI data curators and experts as part of CZI 
organised expert jamborees.
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The BICAN-funded Human and Mammalian Brain Atlas (HMBA) is developing atlases of transcriptomic 
cell types across mice, humans and non-human primate brains, integrating these atlases across species. Extensive 
spatial transcriptomics and patch-seq data are being used to map the cell types defined in these atlases to brain 
regions, functions, and morphology. CL is working with the community developing these atlases to extend CL 
with classically defined cell types and, as consensus atlases become sufficiently stable, with data-linked transcrip-
tomic cell types.

Supporting community input to CL.  Building high-quality biomedical ontologies often requires close collabo-
ration between expert biologists, who may not have the technical expertise needed for editing ontologies, and 
ontology editors/engineers, who may not be as well-versed in specific biological knowledge. CL has taken a 
number of approaches to help bridge this gap.

A range of GitHub issue templates guide users to provide the required information for various types of edit, 
including addition of new terms and synonyms and edits to existing definitions and relationships. For example, 
when requesting a new term, we now ask for a preferred term label, synonyms with references, a definition with 
reference, the anatomical structure the cell is part of with instructions to use UBERON terms, the submitter's 
ORCID, and any notes or concerns. Submitters providing ORCIDs get attribution on edited terms, ensuring due 
credit and fostering better community relations.

Alternatively, users can request batches of related terms using a spreadsheet based standard: Minimal 
Information Reporting About a CelL (MIRACL)78. This has been successfully used to facilitate the addition 
of sets of terms specified by experts and curators from the HuBMAP Human Reference Atlas32,46,70. A Google 
Sheets plugin is available to support this79.

CL also supports the use of Knowledge Graph Change Language (KGCL)80 to facilitate direct editing of 
CL by non-experts. KGCL describes ontology editing operations (e.g. renaming a class, changing its parent, 
adding a synonym, etc.) using a syntax that is very close to natural English language. We allow the use of KGCL 
instructions on our issue tracker, so that users can directly specify edits in tickets, for example including a KGCL 
instruction such as “rename CL:0002075 to ‘brush cell of tracheobronchial tree’”. The specified edits are auto-
matically implemented (via GitHub Actions) and are instantly available for review by submitters and editors (via 
GitHub Pull Requests).

The Biomappings project81 enables community-driven curation of high quality, precise ontology mappings 
using the Simple Standard for Sharing Ontological Mappings (SSSOM)82. CL imports these using the ODK 
plugin for SSSOM, resulting in the addition of 81 mappings to the Medical Subject Headings (MeSH) and 74 
mappings to Brenda Tissue Ontology (BTO) at the time of writing. Relatedly, CL has used the Bioregistry83 to 
standardize references to external ontologies and vocabularies in its curated database cross-references.

Finally, we facilitate community review of proposed changes to CL (on GitHub Pull Requests) by displaying 
human readable summaries of changes to the ontology and their implications for automated classification of cell 
types. This makes review by editors and contributing experts easier, aided by GitHub social media functionality.

Improvements to quality control and release frequency.  Recent technological improvements have made the 
process of editing and maintaining CL more efficient and consistent. By adopting tools like the Ontology 
Development Kit (ODK)84, the editorial team can release updates more frequently—around once a month com-
pared to one or two releases per year before. The ODK also supports automated quality checks that catch com-
mon technical issues before they are incorporated and ensure that release artifacts are compliant with the OBO 
Foundry principles22. Additionally, CL ensures its compatibility with other related ontologies through advanced 
tools like Ubergraph, which conducts daily checks for cross-ontology consistency85.

Content.  The Cell Ontology has significantly expanded over the past few years, with a total of 3228 terms and 
3205 synonyms (release v2025-12-17) based on 1448 unique references86. Since 2019, we have added over 1000 
new cell type terms, and 1051 synonyms. Over 1100 definitions have been added or revised.

While many of these improvements to content have been driven by the needs of single cell transcriptomics 
atlasing projects, the majority86 of this work to date has focused on adding classically defined cell types—speci-
fying a general classification and a set of properties which distinguish that cell type and are practically useful in 
its identification. These definitions, as well as changes to names and the collection of synonyms, reflect evolving 
domain knowledge and terminology from various disciplines. This is sufficient to support annotation of sin-
gle cell transcriptomics data wherever annotated cell sets map cleanly to classically-defined cell types (subject 
to consensus agreement, backed by multi-modal marker evidence) or when further investigation of cell types 
defined by single cell transcriptomics determines properties that can be used for new classical cell-type defini-
tions in CL. An alternative approach, trialled in the Provisional Cell Ontology69, extends CL with cell types and 
classifications defined by reference single cell transcriptomics atlases. This approach is especially important for 
tissues and where classical cell typing has been overwhelmed by complexity and scale of cell types and tissue 
structure. This is a major issue for neuron types in the brain and CNS cell types40,87. It may also be key where 
transcriptomics is uncovering a wealth of previously uncharacterised diversity, for example, among fibroblasts88 
and amacrine cells of the retina89.

CL also remains committed to representing vetted and standards-compliant cell types defined by various 
communities of biologists. This work runs in parallel with work to associate findings of scRNAseq and other 
omics approaches with existing cell types and identify novel cell types. In this section we discuss some of the key 
improvements in the content of CL.
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Immune refactoring.  Significant prior work has gone into representing immune cells of various lineages in 
CL24,90,91, and it remains important for CL to stay up-to-date with cell type names that align with standard 
nomenclature used by immunologists. For example, innate lymphoid cells (ILC) are a group of related lym-
phocytes separate from B cells and T cells that have become widely studied in the past 15 years92,93. ILCs lack 
the adaptive immune receptors of T cells and B cells and rely on combinations of other receptors for activation 
and inhibition. ILCs are divided into three main groups, the ILC1, ILC2, and ILC3, based on functional and 
marker-based criteria92,94. Cell types within one ILC lineage, the natural killer cells, have been extensively stud-
ied over a much longer period and have been retrospectively grouped with the larger set of ILC1 cells. In collab-
oration with the Human Immunology Project Consortium and subject matter experts (Dr. Lewis L. Lanier), CL 
curators enriched CL with a full representation of these cell types, including both generic and human-specific 
forms axiomatized with their distinguishing surface markers and formal statements of species specificity. This 
resulted in the addition of new cell types, the revision of existing cell types, and the revision of the lymphocyte 
hierarchy to properly accommodate the ILC subgroup.

Unifying the representation of classical cell types across tissues.  CL editors collaborate with experts in the HCA 
integration networks, HuBMAP and community meetings organised by CELLxGENE to ensure that the rep-
resentation, naming and classification of classical cell types matches the needs of these atlases as closely as pos-
sible and is integrated into broader, cross tissue classifications.

This work includes ensuring term labels and synonyms correspond to current community usage (e.g. replac-
ing the outdated label ‘pneumocyte’ with the more widely used ‘pulmonary alveolar epithelial cell’), or to new 
standards emerging from integration efforts. Editors improve cell type classifications and definitions, aligning 
them across tissues, enhancing links to the Gene Ontology, and improving the accuracy of anatomical location 
links. Efficient improvement of textual definitions is supported by the use of Large Language Models (LLM) and 
standardised prompts, which provide first-pass textual descriptions with links to the literature. Editors then 
check the assertions in these descriptions for accuracy and relevance, refining the definition. We also make use 
of OntoGPT43 to mine the text for candidate links to Gene Ontology terms.

Textual definitions in CL are increasingly supplemented by longer, LLM generated, expert reviewed descrip-
tions from CellGuide. These are further reviewed for inclusion in CL by editors, and only rejected where there 
are clear errors or where very general term definitions are simply enumeration of subclasses. To date, 434 out 
of the 607 reviewed Cellguide definitions (71%) have been accepted and integrated into CL, with the remaining 
183 definitions awaiting future review and integration. While definition content needs to be relatively minimal, 
species-general, and apply to all subclasses, these descriptions have no such restrictions. They can therefore 
include broad, medically relevant context that would not be appropriate in a core definition. This is made clear 
by additional text attached to descriptions.

LLMs also help editors search for openly licensed figures to incorporate into Uberon and the Cell Ontology. 
Schematic figures that illustrate the location and anatomical context of cell types are particularly valuable for 
clarifying the meaning of terms to both editors and users. These figures are linked to terms via a standard 
schema supported by ontology portals including the Ontology Lookup Service, which makes linked figures 
visible on term pages.

A major focus of recent work has been on mucosal epithelial cells across many tissues including brush border 
cells, found in the choroid plexus, kidney tubules, and gut (enterocytes); goblet cells found in multiple mucosa, 
multiciliated epithelial cells found in many organs95 and tuft cells. Work on tuft cells (also known as “brush 
cells”) across various epithelial tissues and organs—including those in the gut, respiratory tract, gallbladder, 
thymus, pancreas, salivary gland and urethra—illustrates this approach well. Tuft cells are characterised by a dis-
tinctive “tuft” on their apical surface, allowing them to serve as chemosensors and modulate immune responses 
across tissues96. Through recent edits, we have transformed an incomplete set of terms that previously lacked key 
cell types, had missing links to GO, and only connected to general anatomical locations into a unified hierarchy 
of 23 tuft cell terms across 10 different organs. We added 12 new CL terms and revised existing terms within the 
hierarchy—ensuring each term has a detailed definition, appropriate links to GO terms (tuft, cytospinule), and 
a part of the relationship to a specific epithelium. Accompanying work in Uberon has ensured that the epithelia 
themselves are represented and classified correctly.

Our improvements highlight the unique characteristics and diverse roles of tuft cells across different tissues. 
In the thymus, tuft cells are distinguished by their lateral microvilli structure and MHC class II expression97. In 
recent edits, we have added this term and linked it to a richly-annotated GO process term ‘antigen processing 
and presentation of endogenous peptide antigen via MHC class II’, highlighting its role in central tolerance. 
In the intestine, we have expanded developmental relationships, linking intestinal tuft cells to intestinal crypt 
stem cells, reflecting their potential as reserve stem cells after damage98. In the nasal cavity, ‘tuft cell of olfac-
tory epithelium’99, has a definition leveraging both single cell transcriptomics data and microscopy data using 
markers uncovered by transcriptomics, and knockout phenotypes. The resulting definition includes molecular, 
functional properties, and location, as well as recording the terms used in scRNAseq annotation as synonyms. 
These changes collectively set a precedent for our future work on unifying the representation of cell types across 
tissues in CL.

To streamline the process of adding terms to CL, generating textual definitions for tuft cells across the hier-
archy was supported by the use of LLMs with standardised prompts. A manual editing step was included to 
validate the provided literature and refine the definitions as needed. An example of thymic tuft cells is illustrated 
in Fig. 5.

This process of refactoring and extending CL has been driven by the implementation of unified design pat-
terns for terms. One critical aspect has been unifying the general cell type (genus) terms used in logical defini-
tions, which is critical to ensure that classification can be automated. For example, in earlier version of CL, many 
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epithelial cell types, including multiciliated cells, were manually classified using a mix of subtypes of epithelial 
cell differentiated by origin (e.g. endo-epithelium), morphology (e.g. columnar), anatomical location or the 

Fig. 5  Panel a: A schematic of cell types in the intestinal villi of the small intestine (adapted from Zhu et al.140, 
licensed under CC-BY-4.0). This schematic is linked to gut cell type terms within CL. Many of these cell types 
are specific examples of more general types found across tissues, e.g. tuft cell and goblet cell. Edits to CL have 
focused on standardising the naming, representation and classification of these cell types across tissues—linking 
the terms to specific epithelial locations and GO terms for parts and functions. Panel b: A unified hierarchy of 
tuft (bush) cells. Panel c: Logical definition of the term ‘tuft cell’ and of one of its subclasses, ‘tuft cell of thymus’, 
following a standard design pattern. Panel d: An example for generating and refining cell type definitions in CL 
using large language models, illustrated by the tuft cell of thymus.
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presence of specialized cell components. As we work on improving epithelial cell type definitions for specific 
tissues or cross tissue type, we switch to classifying with a general epithelial cell term and classifying dynami-
cally by the properties asserted for individual cell types using an OWL reasoner. Figure 5 shows some example 
patterns for multiciliated cells.

To enable correct automated classification with a reasoner, sometimes an overhaul of more generalised classi-
fication is needed. For example, CL previously classified endothelial cells as a type of epithelial cell. While this is 
a defensible position, the majority of the biological literature and working biologists treat epithelial and endothe-
lial cells as distinct and non-overlapping categories. By switching CL to this view we are now able to dynamically 
classify epithelial cell types without automatically classifying endothelial cells under them. This work resulted in 
automated reclassification of over 40 cell types.

Extending the Cell Ontology with T-types.  Single cell transcriptomics data provides an opportunity to root cell 
type definition and classification in unbiased analysis of data covering near-complete profiles of gene expression 
across large populations of individual cells. CL is therefore committed to incorporating T-types—cell types 
largely defined by their shared transcriptional profiles. CL incorporates T-types based on an interconnected 
set of evidence criteria. First, we prioritize multimodal evidence beyond transcriptomics alone, incorporating 
anatomical location, morphology, or functional properties wherever possible. Second, we require that T-types 
be defined in an integrated sc/snRNAseq atlas from multiple sources or be supported by multiple independent 
atlases. Third, we require community agreement on reference datasets, typically mediated by official organiza-
tions such as the Human Cell Atlas, LungMap, or the Brain Initiative Cell Atlas Network (BICAN). Importantly, 
we treat all mappings as hypotheses and provide explicit documentation of supporting evidence, allowing users 
to assess reference quality for themselves.

CL terms require clear definitions that distinguish the cell types they denote from other cell types and can 
guide accurate annotation of data. Before we can generate definitions for T-types, we need sufficient community 
consensus on which reference data and analysis to use. Defining a T-type with reference to multiple, inde-
pendently generated datasets is challenging. While independently generated datasets may be mapped to each 
other via annotation transfer following statistical matching56, alignment is often imperfect due to experimental 
and computational differences. These include differences in anatomical regions used as input, e.g. whole cortex 
vs cortical region100, single cell vs single nucleus101, library preparation and sequencing differences. And some 
annotation transfer tools, like Azimuth and CellTypist, force annotations of novel cell types onto related cell 
types present in their reference56. Clustering can differ due to study-specific choices of parameters for dimen-
sionality reduction, nearest neighbor search, community detection (Louvain or Leiden), nonlinear embedding 
(tSNE or UMAP), and iterative/hierarchical clustering scheme (different resolution in each iteration)102.

Given this variation, we rely on community agreement on reference datasets, typically a single annotated 
dataset or integration of multiple datasets sanctioned via an official organization such as the Human Cell Atlas, 
LungMap, or the Brain Initiative Cell Atlas Network (BICAN) and released with cleanly referenceable versions.

Once we have a reference dataset, we define T-types via links to reference data (in versioned reference datasets) 
and via marker sets derived from this reference data, folding in additional classical properties where these map 
clearly, as illustrated in Fig. 6. Links to data follow a formal schema established in prior work on the Provisional 
Cell Ontology69,103). Marker sets are recorded along with key contextual information including species and ana-
tomical context and confidence scores (F-beta, precision, and recall) calculated using NS-Forest104, providing an 
objective measure of how useful marker sets are in identifying a cell type within the reference dataset. By selecting 
sets of markers, NS-Forest can provide the highest possible confidence marker sets for a given tissue context. Given 
that NS-Forest marker sets vary considerably in their F-beta scores, depending on data quality, cluster separability, 
and biological context, we provide the F-beta scores alongside the marker sets so that users can make informed 
decisions in their own analytical context. Wherever possible, we also fold transcriptomic classification into CL 
using the schema established for PCL69). Figure 6 shows an example and also shows how single cell transcriptomics 
can inform classification. Two transcriptomically distinct populations of GABAergic cortical interneurons express 
LAMP5. Classifying based on properties, we could define a Lamp5 neuron as any CGE derived cortical GABAergic 
interneuron that expresses LAMP5. However, doing so would define a class that subsumes Lamp5 Lhx6 neurons. 
In this case and for transcriptomic types in general, the transcriptomic hierarchy is primary.

Naming of T-types is often challenging. Where reference datasets are the result of dataset integration efforts, 
as is the case for the Human Cell Atlas integration efforts including the Human Lung Cell Atlas105), or naming 
is based on extensive annotation transfer, as in the Brain Initiative, the variety of names used in different source 
datasets need to be reconciled. In some cases, a large number of cell subtypes are identified, as is the case for 
amacrine cell subtypes in the Human Retina Atlas89, where CL editors are using cell type-specific marker genes 
from NS-Forest104 combined with the parent cell type in the ontology as an objective means for cell type naming. 
CL editors are actively involved in many of these naming efforts as part of annotation jamborees. A successful 
example of this approach is the Breast Atlas Jamboree organized by CZI, which facilitated data integration across 
studies89,106. This effort resulted in clusters that were previously named differently being unified under a single 
label approved by the mammary gland community107. Annotation of single reference datasets rarely provides 
names that are clear and unambiguous in the broader context of cell types defined in CL. In these cases, CL 
keeps names of cell types from reference datasets as synonyms and official symbols and generates longer, more 
informative official names that frequently include transcriptional biomarkers for these T-types.

Taxon constraints.  As CL aims to cover cell types across broad ranges of species, care must be taken to ensure 
that the ontology does not assert anything about a cell type that is not valid in all the species where that cell type 
is known to exist.
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For example, ‘taste receptor cell’ (CL:0000209), which is defined as a chemoreceptor cell involved in the 
sensory perception of taste, is a very generic cell type that has a broad applicability across the animal kingdom 
(many animal species have such cells). It would therefore be wrong to assert (as has been the case in earlier 
versions of CL) that taste receptor cells are part of the ‘tongue’ (UBERON:0001723), because not all species that 
have taste receptor cells have them in the tongue, or even have a tongue to begin with. Notably, arthropods do 
have taste receptor cells, yet lack a tongue, which is an anatomical feature specific to chordates.

To facilitate the detection of such incorrect assertions, CL formally describes whenever possible the known 
taxonomic constraints108 that apply to a cell type, such as “this cell type is known to exist in that taxon”, “this cell 
type is known not to exist in that taxon”, or “this cell type is known to be specific to that taxon” (see Methods for 
details on how those constraints are formalized). This makes it possible for a reasoner to flag any assertion that 
would violate said taxonomic constraints, and thereby allows CL editors to fix such an incorrect assertion before 
it is even committed to the ontology.

CL bridges classical definitions and transcriptomic definitions.  Links between GO and CL are an important part 
of defining terms in both ontologies. In CL they constitute a formalised part of the classical definition, defining 
key functions and cell components. By combining annotation of genes to these GO terms with transcriptomic 
data, we can extract the transcriptomic signatures of these functions and components. We ran this analysis 
across markers from the majority of which come from single cell data. We assessed markers from CELLxGENE, 
based on automatically generated transcriptomic data annotated with CL terms35 and CellMarker2.034, sup-
ported by high confidence annotation of genes to GO terms (those supported by experimental or evolutionary 
evidence, see methods for details) with direct links to CL terms. This approach finds transcriptomic signa-
tures (600 markers in total; 315 from CELLxGENE) for 252 distinct structures and functions of 136 cell types 

Fig. 6  Panel a shows the definition of a T-type (cell type defined in part by a transcriptomic reference) Lamp5 
Lhx6 neuron. Note the actionable link to transcriptomic data (linkouts include a dataset version specific link 
to data on CELLxGENE, not shown) and the NS-Forest markers derived from data141, confidence score and 
relevant tissue context. Panel b: UMAP of transcriptomic clusters in the reference dataset: CGE derived cortical 
interneurons from integrated samples from across the human cortex100. Panel c: LAMP5 expression. Panel d 
LHX6 expression. Note that Lamp5 Lhx6 forms a distinct transcriptomic cluster that is not a subset of LAMP5 
expressing cells.
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supported by 428 references. An example of this is shown in Fig. 1. Complete results are shown in supplemen-
tary tables S2 and S3.

In future we will extend this analysis to broader gene expression from transcriptomics data, concentrating 
on well-validated reference datasets to provide more general transcriptomic signatures of defining structures 
and functions of cell types. We will also extend it to take advantage of the broader semantics of GO, for example 
leveraging relationships between Cellular Components and Biological Processes for their assembly and mainte-
nance and functions. We will also make it a priority to extend GO-CL links, leveraging agentic AI approaches to 
make this efficient. This will make an increasingly rich set of transcriptomic profiles for the functions of cell type 
defined in CL available through the CL knowledge graph or via independent analysis.

Discussion
Data-linked definitions.  As cell typing becomes more data driven, CL faces new challenges in defining and 
naming cell types in a way that is relevant to data-driven annotation. CL and its PCL extension have risen to this 
challenge by developing and using formal data-linked cell-type definitions: computationally tractable links to 
reference data that can be used to retrieve and analyze this data and use it as a reference in automated annotation. 
At a minimum this requires resolvable links between ontology terms and files containing the relevant reference 
data and mechanisms to refer to specific defining data for a cell type. Data archives such as Nemo109 currently 
lack sufficient granularity for referencing files, and standardization of files is not always sufficient to unambigu-
ously reference data within them. The development of resources, such as CELLxGENE Census, that harmonize 
representation of single cell transcriptomics data across large numbers of datasets and provide APIs for accessing 
data provides easy solutions to this problem, as long as the reference data is deposited on such a resource.

Choosing reference data is also a challenge. Reference standards need to be sufficiently stable—a reference 
that changes rapidly in radical ways without clean mappings and migration paths between versions is not suit-
able for supporting reliable searching and browsing in integrative resources such as CELLxGENE Discover. 
For this reason, we have mostly so far restricted these types of definitions to the PCL. However, standard and 
relatively stable reference datasets are beginning to emerge from the work of the Human Cell Atlas integration 
efforts and the BRAIN Initiative. For example, CL uses standard references for gross cell types in the human 
cortex100 to define cortical cell type via a combination of textual definitions and formal links to data hosted on 
CELLxGENE Discover (see Fig. 6).

T-type hierarchy and naming.  Decisions on nomenclature are challenging for any ontology, but the rise 
of single-cell transcriptomics, the use of clustering in latent space to define T-types, and the increasing use of 
annotation transfer have brought new challenges. Classically defined cell types are typically named for their 
intrinsic and extrinsic properties. For example, L4 IT neurons in the cortex were originally named for their 
intra-telencephalic projection pattern (IT) and soma location in cortical layer 4 (L4). Similarly, VIP interneurons 
in the cortex were originally named for their expression of Vasoactive Peptide. However, recent papers have pub-
lished T-types with L4 IT in the name that refer to neurons in regions with no layer 4100,110, and T-types with VIP 
in the name where VIP expression is no higher than in many interneuron types not named VIP111. These names 
make perfect sense based on annotation transfer and clustering, but potentially violate community expectations 
around the meaning of names.

This poses a challenge for standard ontology definitions, where properties in the name are typically reflected 
in properties asserted for members of the class. One potential solution, trialed in PCL, is to append ‘-like’ to 
terms defined by links to reference transcriptomics that have subclasses that do not share the properties in the 
name. For example we could use L4 IT-like for the L4-IT T-type named above. However, this results in terms 
that do not reflect usage. Alternatively, CL can accept that names do not necessarily reflect actual properties and 
expression, acknowledging this in the formal structure of the ontology (only linking VIP expression to T-types 
where expression is above background) and making exceptions clear in comments attached to terms.

Transcriptomic types are also frequently organised into hierarchies based on transcriptomic similarity. This 
might be overall transcriptomic similarity based on highly variable genes or a more restricted subset of gene 
expression, such as transcription factor expression profiles41,110. These hierarchies are arguably more scientif-
ically grounded than traditional property-based classification and so it is important to represent them in cell 
ontologies. PCL already represents many such hierarchies representing assertions of homology between cell 
types using simple pairwise relationships69. With the emergence of increasing consensus on types in the mam-
malian brain, CL plans to integrate standard reference T-types and hierarchies from BICAN.

However, there are dangers in assuming that these hierarchies reflect simple subClassOf hierarchies down 
which properties are inherited. Markers that can be used to identify a very general T-type with high confidence 
may not be expressed in rare types nested under them in the hierarchy. Similarly, assertions about location or 
function based on mapping to spatial transcriptomics and patch-seq to one level in a taxonomy may not hold 
for all subtypes. This can be solved by moving many of these assertions to non-logical relationships (annota-
tion properties), which are not inherited down the subclass hierarchy, or by replacing subClassOf relationships 
between hierarchical T-types with a non-logical relation that specifically reflects transcriptomic hierarchy.

Bridging modalities with data.  Our understanding of the degree of correspondence between transcrip-
tomic and classically defined cell types is likely to increase with the use of multimodal techniques that provide a 
link to anatomy, morphology, and function. For example, location plays a critical role in defining and mapping 
many cell types in a combined single cell and spatial transcriptomics atlas of the mouse brain—classical markers 
that are insufficient to identify cell types in the context of the whole brain effectively identify them in a specific 
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anatomical location (Fig. 2)41,112. Similarly, morphology plays a critical role in defining and mapping cell types in 
a combined patch-seq and single cell atlas of the mouse motor cortex10,112.

Challenges of harmonizing cross-species cell types in CL.  General cell types are typically very well 
conserved across vertebrates even when their subtypes show species-specific specialization. This is most apparent 
in organs whose function is under strong selective pressure. For example, the retina is specialised in different 
mammals to support the acuity, color vision, motion tracking, contrast detection and energy efficiency required 
for their survival113–115. The three-layer structure of the retina and its major cell types (rod and cone photore-
ceptors, Müller glia, amacrine cells, bipolar cells, retinal ganglion cells and horizontal cells) is conserved across 
vertebrates115. However, there is significant variation in the structure, function, distribution, and connectivity 
of subtypes of these general classes particularly among the amacrine and retinal ganglion cell (RGC) subtypes.

Until recently, we had limited ability to map these more specialised cell types across species, relying on mor-
phology, function and a limited set of markers to do so116,117. As a result, there is a proliferation of RGC terms 
in CL derived from studies of single species, with only very limited cross species grouping. There are 68 RGC 
terms in total, the majority from studies in mice, but with non-overlapping sets of terms for rabbits and primates 
(including humans).

Single cell transcriptomics now provides data-rich evidence for cell type homology across species. For exam-
ple, Hahn et al.115 define RGC “orthotypes” based on single cell RNAseq analysis of 12 different mammalian 
species. Using this approach they find strong evidence that the midget ON & OFF RGCs of primates are homol-
ogous to much rarer cell types found in the mouse retina (c42 and c43) that have decreased in size and increased 
in number as primates evolved. Similarly, the Brain Initiative Cell Atlas Network is generating cross-species con-
sensus atlases integrating human and non-human primate brains, mapping types to mice where possible. This 
has resulted in the recent publication of a cross-species consensus atlas of neuron types in the Basal Ganglion118.

CL has recently added cross-species types, defined in part via links to reference atlas for both RGCs and 
basal ganglion neurons using standard formal schemas for linking69. However, we exercise caution in interpre-
tation: while transcriptomic similarity provides strong evidence for homology, it could reflect convergent evolu-
tion, particularly between distantly related taxa. These grouping terms link to the data and analyses supporting 
homology assertions, representing an initial step toward distinguishing homologous and analogous cell types 
without yet encoding this distinction explicitly in the ontology structure.

Markers.  While CL has always supported recording cell type markers, the proliferation of markers from omics 
data and their dependence on tissue context assay and analysis algorithms means that it is increasingly challeng-
ing to record markers consistently and comprehensively enough within CL to meet community needs without 
bloating CL content.

LLM pipelines show some promise in direct annotation of cell types with reasonable free text terms119. 
However, these lack the advantage of controlled annotation, are currently only accurate for very general cell 
types and are potentially prone to hallucination in the absence of curation.

To support community need for queries of markers linked to CL, we are building a Knowledge Graph exten-
sion to the Cell Ontology that folds in multiple sources of markers, including our own LLM aided curation, 
as well as anatomical and experimental context, evidence and provenance, including links to reference data 
and data driven validation via links to analysis of data on CELLxGENE. Where available, we will also fold 
in NS-Forest markers104,120, which provide machine learning-based optimal combinations for identification of 
markers in the context of a dataset, along with a confidence score for marker combinations relative to the dataset 
that they are derived from. This, we believe, provides a practical and objective standard for markers, while allow-
ing access to a broad range of markers used by the community.

The knowledge graph API will support searching for cell type markers by anatomical context, taking advan-
tage of Uberon structure to support a wide range of granularities. Results will be ranked based on the weight of 
supporting evidence and can be filtered for official sources (e.g. HCA official integration markers). The prove-
nance model employed will support full attribution and links to all original sources.

Integration of large language models.  Large Language Models (LLMs) are now a core component of 
our ontology editing pipelines. Editors primarily use Deep Search73 to generate draft cell type definitions with 
literature references, then review the output — checking the references, removing unsupported or irrelevant 
assertions and ensuring definitions align with CL standards. Rather than relying on one reference at a time, LLMs 
can quickly summarise current knowledge across multiple sources around a cell type, speeding up the drafting 
process. With well-engineered prompts, editors can produce definitions that closely follow the standards of CL. 
However, research on LLM-generated definitions shows that users with lower domain expertise are more likely 
to accept a generated definition on face value, even if incorrect42, so expert review remains essential. While Deep 
Search minimises LLM hallucinations, this can be further reduced by integrating it with Retrieval Augmented 
Generation (RAG), which automatically checks generated referenced text for consistency with references74.

To directly address this, we have developed CLARA (CL Accuracy Reference Agent) (https://github.com/
Cellular-Semantics/clara-agent), an agentic pipeline built using PaperQA274 that validates both formal and tex-
tual definitions against their supporting references. CLARA automatically retrieves references associated with 
a candidate term, breaks the text into individual assertions, and checks whether each assertion is supported or 
contradicted by the literature. In an initial pilot evaluation of 689 assertions, CLARA showed high precision 
and recall (over 0.9 for both). Future work will focus on more extensive validation of CLARA and integrating 
CLARA into GitHub Actions so that every proposed new term or edit in CL — including those generated by 
LLMs — is automatically validated, with any errors flagged before an editor reviews. This provides an additional 
layer of quality control and significantly reduces the risk of hallucinated or unsupported content entering the 
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ontology. Importantly, all content generated using LLM and agentic tools undergoes the same rigorous expert 
review process as the manually curated content prior to inclusion in CL.

Agentic AI is now fully integrated into our ontology editing workflows using GitHub Copilot (Fig. 7). These 
agentic tools operate within GitHub to interpret issues created by editors and automatically generate OWL edits 
via Pull Requests (PRs), allowing editors to focus on review rather than drafting changes from scratch. To date, 
73 PRs created by GitHub Copilot have been merged into CL, showing how agentic tools can speed up routine 
ontology editing. Although they are currently used for well-defined tasks, these tools have the potential to han-
dle broader, higher-level instructions and turn them into accurate, context-appropriate ontology updates as the 
technology continues to mature. In parallel, we are exploring multi-agent frameworks such as Aurelian (https://
github.com/monarch-initiative/aurelian), which coordinate complex tasks such as literature review, semantic 
annotation, and ontology navigation. These emerging approaches may help automate literature extraction for 
new cell types, propose candidate definitions and mappings, and support consistency checking across ontologies 
such as GO and Uberon. Ultimately, adopting scalable, agent-assisted curation workflows will be key for future 
data integration, allowing CL to evolve quickly and keep pace while providing accurate, standardised grounding 
for the rapidly growing number of cell types emerging from single-cell atlases.

Future prospects.  CL is a critical resource for making data about cell types FAIR. It provides consistent, 
well-defined cell type terms for large scale atlasing efforts, particularly those built on transcriptomics. By provid-
ing stable identifiers with machine readable axiomatization, CL provides the underpinnings for semantic data 
products that can be reliably reused, combined, and queried. Such semantically aligned data products not only 
enable symbolic reasoning, but are particularly well suited for connectionist AI systems which benefit from input 
data being structured, aligned, and grounded in ontologies121,122. Bridging classical and transcriptomic definitions 
it distills key prior knowledge about cell types using both well-refenced text and formal assertions (e.g. via links 

Fig. 7  Workflow for the creation of new ontology terms. A ticket is submitted by an editor or external 
contributor describing the proposed term(s). An editor then performs an initial review and triage to assess 
scope, priority, and outstanding questions, and to determine whether automated literature support is required. 
When appropriate, Deep Search is used to generate standardized draft definitions supported by literature 
references, which are subsequently reviewed and edited by the editor. Once all required details are present in 
the ticket, an AI agent implements the changes in the ontology and creates a Pull Request (PR). The ontology 
edits then undergo automated quality control to ensure that no structural or semantic errors are introduced that 
could affect reasoning or downstream data integration. Finally, a human curator reviews the PR and iterates 
with the agent until the changes are approved and merged into the main ontology branch.
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to the Gene Ontology. Increasing adoption of agentic workflows to edit CL combined with extensive community 
engagement are rapidly improving the scalability of CL development and its coverage of biology.

Rapid advances in Machine Learning (ML) and agentic AI are transforming the landscape of single cell 
research, bringing a constantly evolving set of new tools supporting data integration, analysis and interpretation. 
This generates new challenges and opportunities for CL use and further development.

Major training datasets for Machine Learning are ready-annotated with CL terms, the most prominent 
example being the CELLxGENE corpus. AlphaGenome123 is a model for predicting cell type and tissue specific 
prediction of regulatory effects on mutations, and uses the CL both in the preparation of training data, and at 
inference time. New ML models built on multi-modal embeddings identify cell types, the tissue ‘niches’ in which 
they are located and both known and uncharacterized gene programs that underpin their structure and func-
tion124–127. At least some of these models use morphology and transcriptomics to define cell types124 arguably 
reflecting a more classical approach to cell type definition than recent work in single cell transcriptomics.

New agentic frameworks are capable of running analysis and annotation pipelines and aiding atlas interpre-
tation using information mined from the literature and public databases and using gene enrichment analysis 
to map to pathways and biological processes128–130. At least some also use the cell ontology directly for annota-
tion128,129 or indirectly via tools that do130.

With all these advances, the need for high-quality standard frameworks as a locus of integration for data 
and prior knowledge remains. CL is uniquely well positioned to play this role while the workflows developed to 
extend and adapt it will ensure it has sufficient coverage and quality to remain relevant.

Methods
Implementing human readable diffs on GitHub PRs.  In order to simplify the review process, a GitHub 
actions automation automatically posts a comment on pull requests into the main branch, when given a specific 
command in the comment, that shows a human-readable report of differences between both unreasoned and 
reasoned files in the pulling branch and the main branch, prepared using a WHELK reasoner131). This is achieved 
by using the ROBOT “diff ” function through the ODK on GitHub actions84,132.

Implementing taxon constraints.  CL, in conjunction with the Uberon anatomy ontology, makes use 
of a handful of properties to formally represent known constraints between a cell type and a taxon. They are 
(1) “in_taxon” (RO:0002162), used to indicate that a cell type is specific to a given taxon; (2) “never_in_taxon” 
(RO:0002161), used to indicate, conversely, that a cell type does not exist in a given taxon; and (3) “present_in_
taxon” (RO:0002175), used to indicate that a cell type is known to exist in a given taxon, but without implying, 
contrary to RO:0002162, that it is specific to that taxon.

Those properties are intended to be used conjointly with a specific variant of the NCBI Taxonomy ontology 
that contains additional disjointness axioms between sibling taxa, and that can be used by an EL reasoner to 
detect whenever taxon constraints are violated.

RO:0002161 and RO:0002175 are annotation properties that are “expanded” at build-time into logical axi-
oms by ROBOT's “expand” command, according to a principle similar to OWLTools’ macros133. An annotation 
assertion like “CL:0002174 never_in_taxon NCBITaxon:50577” (“follicular cells of ovary don’t exist in insects”) 
is expanded into the following two axioms:

CL:0002174 DisjointWith: in_taxon some NCBITaxon:50577
CL:0002174 SubClassOf: in_taxon some (not NCBITaxon:50577)
Conversely, an annotation assertion like “CL:0000711 present_in_taxon NCBITaxon:9606” (“cumulus cells 

are known to exist in humans”) is expanded into a “witness class” W such as
W SubClassOf: CL:0000711
W SubClassOf: in_taxon some NCBITaxon:9606
The purpose of that witness class is solely to deliberately cause an incoherency in the ontology, should the 

taxon constraint ever be violated (for example, if CL:0000711 ended up being mistakenly classified as a subclass 
of a cell type that is specific to a taxon disjoint with humans).

Integration with taxon-specific ontologies.  CL maintains mappings between its own terms and equiv-
alent terms in taxon-specific ontologies. Historically and in many OBO ontologies, inter-ontology mappings have 
been represented by oboInOwl:hasDbXref annotations (aka “cross-references”). Recently, the Simple Standard 
for Sharing Ontological Mappings (SSSOM) has been devised to represent cross-ontology mappings without 
the shortcomings of cross-references82. The Drosophila Anatomy Ontology (DAO) has already switched to using 
SSSOM for its mappings with Uberon and CL, and CL has been updated to automatically fetch and use the 
DAO-provided, SSSOM-formatted mapping set. SSSOM brings several benefits over the old cross-reference for-
mat, such as the possibility to use meaningful mapping predicates from the SEMAPV vocabulary134, specifically 
intended to represent cross-species mappings, and the possibility to annotate each mapping with rich prove-
nance metadata. We are currently using the DAO-CL mappings as a testbed for using SSSOM-maintained map-
pings, and we hope to progressively generalize the use of SSSOM to the mappings between CL and all the other 
taxon-specific ontologies.

Regardless of their formats (cross-references or SSSOM), all mappings are ultimately used to generate “bridg-
ing axioms” between CL and the taxon-specific ontologies. For example, a mapping between CL term for ‘neu-
ron’ (CL:0000540) and the corresponding term in DAO (FBbt:00005106) is derived into an equivalence axiom 
of the form FBbt:00005106 EquivalentTo: CL:0000540 and (part_of some NCBITaxon:7227), in effect stating that 
a fly neuron (FBbt:00005106) is a generic neuron (CL:0000540) that is part of a fruit fly (NCBITaxon:7227). This 
ensures that when CL and DAO are merged together, the DAO term is correctly positioned within the resulting 
merged hierarchy (Fig. 8). We expose these mappings in a number of ways in order to provide infrastructure for 
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user facing applications. Firstly, we release a combined product “Composite Metazoan”, a single unified anatomy 
and cell type ontology that integrates a dozen of taxon-specific ontologies into the taxon-neutral framework of 
CL and Uberon. As such, Composite Metazoan is a convenient, readily available option for applications that 
require broad coverage of the animal kingdom. Second, we release taxon-specific bridge files, each containing 
the bridging axioms for a given taxon — these may be used by a third-party application to build an integrated 
cross-species ontology covering precisely the taxa that the application required. Lastly, we also publish the map-
ping themselves, as a single SSSOM82 mapping set, for downstream applications that require more flexibility 
than what the pre-made bridge files can provide.

Generating CL textual definitions using LLMs.  The improvements in the tuft cell hierarchy illustrated 
above was supported by LLMs. A standardised prompt was created, tested and refined to align with CL stand-
ards. This prompt is input into the default Perplexity Pro model to generate textual definitions for a given {cell 
type} (https://www.perplexity.ai/search/system-role-you-are-an-expert-V1D0txTvQxuE0ApqaG3ZTw). Editors 
may run the prompt multiple times for a better output. Editors then assess the LLM-generated definitions and 
supporting references, refining the definition accordingly. During manual editing, editors focus on removing 
redundant general information, validating assertions against provided references, and including species-specific 
information (with references) if unique markers are specified. An example of thymic tuft cell definition is shown 
above (Fig. 5). The text below represents the standardised prompt currently in use by CL to create LLM-generated 
textual definitions.

System Role: You are an expert cell biologist with extensive experience in creating precise and informa-
tive descriptions of cell types for ontologies.

User Role: I need you to create definitions for specific cell types to be included in the Cell Ontology.
Each definition should:

Fig. 8  CL and the species-specific anatomy ontologies each maintain their own hierarchy of terms separately. 
(Top) The hierarchies are bridged by means of cross-species equivalence axioms that connect species-specific 
terms to their CL species-neutral counterparts. (Bottom) A single, unified hierarchy is obtained by replacing the 
species-specific terms by class expressions that use the appropriate species-neutral term from CL.
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	 1.	 Avoid naming the cell type being defined directly. It should start with a statement of a general classifica-
tion for the cell type being defined, followed by the characteristics that distinguish it from other cell types 
within the same general classification.

	 2.	 Describe distinguishing characteristics, including structural features, functional roles, and anatomical 
context.

	 3.	 Include species-specific information when relevant, noting presence or absence in different organisms.
	 4.	 Mention key molecular markers, transcription factors, or genes only if they are crucial for identification or 

development of the cell type. When including molecular markers, specify the species in which they have 
been identified (e.g., “marker X in mice”, “marker Y in humans”).

	 5.	 For general cell types, focus on common features across different tissues or organs.
	 6.	 Include supporting references to key statements of the definition rather than listing them at the end.
	 7.	 Be concise yet comprehensive, aiming for 80–120 words in a single paragraph.
	 8.	 Use clear, scientific language accessible to biologists across various specialties.

Example output for a specific cell type: “A tuft cell that is part of the epithelium of pancreatic duct. Present 
in humans and rats, this cell is absent in the murine pancreas under normal conditions but emerges during 
acinar-to-ductal metaplasia triggered by injury, inflammation, or oncogenic mutations (1,2). It modulates the 
immune response and protects against pancreatic ductal adenocarcinoma progression by producing suppressive 
eicosanoids, such as prostaglandin D2 (3). A tuft cell in the pancreatic duct highly expresses the transcription 
factor POU2F3, which is essential for its development and presence (4).”

“Please generate a definition for the following cell type: ‘tuft cell of thymus’”

CL-Knowledge graph and GO-Marker cross-analysis.  The Ontology Based Application Starter Kit, 
OBASK135, is a well-tested, containerised pipeline that supports conversion of OWL ontologies and RDF into 
annotated nodes and edges in a Neo4J graph using a standard set of mappings from OWL axioms that relate only 
2 entities (classes, individuals). We used this pipeline to generate a graph representing a merge between the Cell 
Ontology (including markers recorded in CL) and the Gene Ontology, including relationships between terms in 
these ontologies in both directions.

We then folded additional edges into this graph representing links between cell types and their markers and 
between GO terms and genes annotated to them, focusing on GO terms that are directly related to CL terms in 
the graph.

More specifically, we added gene:cell type edges representing markers from CELLxGENE (generated from 
the CxG corpus of transcriptomic data annotated with CL35), CellMarker2.034 and the Scheurmann lab56. We 
queried the QuickGO API136 to identify all mouse and human genes annotated to the selected GO terms, 
where GO annotation used the evidence codes ‘biological aspect of ancestor evidence used in manual asser-
tion’ (ECO:0000318) and ‘experimental evidence used in manual assertion’ (ECO:0000269) or their descendant 
codes. These were loaded into the graph as GO-Gene edges.

Finally, we used Cypher to query the resulting knowledge graph for genes that are both markers of a specific 
cell type and implicated in a GO process or Cell Component directly linked to that cell type.

Keeping this updated with source ontologies and data sources simply requires re-running the pipeline.

Data availability
CL86 can be accessed via a variety of routes. It can be browsed on the Ontology Lookup Service65,66 and 
Bioportal64,137. A stripped down version of CL with links to markers can also be browsed on CZ CELLxGENE 
CellGuide (see Fig. 3).

CL is available for download from a set of standard persistent URLs in a variety of forms (see below) and for-
mats (OWL, OBO and OBOgraphs JSON). The main CL release is available from:

http://purl.obolibrary.org/obo/cl.{obo/owl/json}
All other releases are available via
http://purl.obolibrary.org/obo/cl/cl-{form}.{obo/owl/json}
Each download also includes a version URL—a permanently resolvable link to the version that can be used to 

reference versions used in analysis and annotation.
e.g.
http://purl.obolibrary.org/obo/cl/releases/2025-12-17/cl.owl
Downloads available by content (form):
• cl - The Cell Ontology plus merged imports, including from Uberon and the Gene Ontology
• cl-plus - combines the full Cell Ontology with the provisional cell ontology
• cl-base - The Cell Ontology with links to external ontologies recorded as bare IRIs. This is designed to be 

combined with other base ontologies to make integrated products and for use in generating import modules from 
CL.

• cl-simple - only CL terms and their relationships. No imports
• cl-basic - only CL terms and their relationships. Additionally the graph is guaranteed to lack cycles (these are 

perfectly legal in OWL but removing them makes it easier for some software to operate on it).
Each release also comes with a detailed, automated report of changes since the last release.
CL is also available as part of ‘composite-metazoan’—an ontology that combines, Uberon, CL and species-spe-

cific ontologies: Drosophila Anatomy Ontology (FBbt); C. elegans Gross Anatomy Ontology (WBbt); Zebrafish 
Anatomy and Development Ontology (ZFA); Xenopus Anatomy Ontology (XAO); Mouse Adult Gross Anatomy 
(MA) and Mouse Developmental Anatomy Ontology (EMAPA); Human Developmental Anatomy (EHDAA2); 

https://doi.org/10.1038/s41597-026-07173-8
http://purl.obolibrary.org/obo/cl
http://purl.obolibrary.org/obo/cl/cl
http://purl.obolibrary.org/obo/cl/releases/2025-12-17/cl.owl


1 9Scientific Data |          (2026) 13:946  | https://doi.org/10.1038/s41597-026-07173-8

www.nature.com/scientificdatawww.nature.com/scientificdata/

and the ontologies derived from the Allen Institute's brain atlases. The composite ontology is available at http://
purl.obolibrary.org/obo/uberon/composite-metazoan.owl.

Programmatic access is available via the Ontology Lookup Service API (https://www.ebi.ac.uk/ols4/api/ontol-
ogies/cl/), the Bioportal API (see http://data.bioontology.org/documentation), via the UberGraph68 SPARQL 
endpoint (https://ubergraph.apps.renci.org/sparql), and via the Ontology Access Kit (OAK). UberGraph sup-
ports queries of all asserted and inferred relationships between terms in CL and terms in a broad range of OBO-
Foundry ontologies that reference CL, including the Gene Ontology, Uberon, Human Phenotype Ontology and 
MONDO. A REST API is also available, featuring pre-rolled template queries of Ubergraph, for example allowing 
users to query for all cell types in a specific anatomical structure (https://grlc.io/api-git/INCATools/ubergraph/
subdir/sparql).

Code availability
The Cell Ontology is developed, documented and released via a GitHub repository (https://github.com/
obophenotype/cell-ontology) implemented using the Ontology Development Kit84. This includes all code and 
ontology files used in the development of the ontology, available under an open license, as well as a tracker for 
community requests. Code and data used for stats in this paper can be found at https://github.com/shawntanzk/
cl-manuscript.

All code used to build the knowledge-base can be found at https://github.com/Cellular-Semantics/CL_KG.
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