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Deciphering cell identity remains a central challenge in biology, as experimental profiling
can only capture a fraction of the molecular diversity across human cell states.
Computational modelling fills this gap by offering scalable predictions beyond what
experimental assays can measure. These models play key roles in classifying cell type,
discovering previously unknown states, interpreting perturbation responses, and
generating hypotheses for contexts that are experimentally inaccessible. The rapid
expansion of consortium-level data has enabled models to learn generalisable genomic
features of cell identity. In the present review, we examine 43 representative computational
methods utilising information extracted from genomic regulatory elements, marker genes,
or reference atlases and traditional machine learning or transformer-based approaches for
cell identity inference. By outlining biological rationales, applications, and limitations of
these methods in a minimally technical tone, the review serves as a practical guide for
biologists to choose appropriate methods for their specific analytical needs.

Introduction

Mechanisms governing cell identity are fundamental to every aspect of biological research. However,
deciphering how a single shared genome is precisely orchestrated to generate 37 trillion cells with
distinct identities in the human body remains a significant challenge. To address this, computational
models can offer a tractable framework by approximating biological reality. In the context of cell identity
inference, these models aim to capture the regulatory networks [1,2], gene expression patterns [3,4], and
epigenomic signatures [5,6] that distinguish one cell state from another. Therefore, model performance
depends on how effectively a given computational model captures the essence of cellular identity and the
molecular mechanisms that govern cell fate specification.

The necessity for computational modelling in cell identity inference arises from the impracticality of
assaying all possible molecular markers across all conceivable cell states. Even with advanced
high-throughput technologies, limitations in the number of samples [7,8], timepoints [9], and molecular
features [10] that can be simultaneously profiled create substantial gaps in our knowledge of cellular
diversity. Furthermore, cellular fluidity during development [11], differentiation [12], and disease
progression [13,14] means that current sequencing technologies, which provide static snapshots, cannot
capture the full spectrum of possible cellular identities. In contrast, computational models can provide
feasible predictions across the whole-cell identity spectrum.

But computational modelling of cell identity is not merely about predicting cellular identity. In many
cases, computational models also serve a critical role in discovering unknown cell types [15,16],
predicting cellular responses to perturbations [17,18], and uncovering regulatory relationships [1,2,6]
that are not apparent in experimental data. Additionally, predictive models enable hypothesis generation
about cellular behaviour under conditions that are experimentally challenging to test directly, such as
early human development [19] or rare disease states [20].

Computational modelling of cell identity has been driven by the emergence of consortium-level data
covering diverse biological contexts. Benefits of using the consortium-level data for cell identity
modelling include enhanced statistical power through large sample sizes, standardised experimental
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protocols, and comprehensive molecular profiling that encompasses transcriptomes and epigenomes from various
cell types. The scale and diversity of the consortium-level data enable models to learn generalisable patterns across
experimental conditions from different biological contexts.

For these reasons, researchers have actively adopted the consortium-level data to build computational models of
cell identity. While model complexity and prediction accuracy have evolved with the increasing scale of data and
computational power, the overall goal of computational modelling remains unchanged: to capture genomic features
that define cell identity and generalise these features to new or unseen data for accurate prediction. Recently, the
surge of available tools including machine learning (ML)-based approaches has substantially broadened the
landscape of computational modelling for cell identity.

The present review outlines widely adopted computational tools for modelling of cell identity. While many
computational methods exist for cell identity modelling, we selected those with broad community adoption and
suitability to represent four key algorithmic groups: 1. regulatory information-based, 2. marker or reference-based,
3. supervised or semi-supervised ML, and 4. transformer-based methods. Our goal is to provide succinct
descriptions of the difference between these groups in terms of their biological rationale and potential caveats. We
conclude the review with future directions and developments expected in this rapidly evolving field.

Consortium-level genomic data for modelling cell identity

Data resources capturing the molecular basis of biological diversity are essential for building generalisable
computational models. Consortium-level datasets require coordinated efforts to profile molecular features across
diverse biological contexts from various cell lineages, tissues, and diseases. Such datasets commonly include
multi-omics measurements including transcriptomics, epigenomics, and chromatin accessibility across a multitude
of samples with enhanced statistical power

Furthermore, consortium-level data offer enhanced statistical power, standardised experimental protocols,
uniform computational processing pipelines, and comprehensive metadata annotations that ensure data quality and
reproducible computational modelling. These benefits are exemplified by the discovery of thousands of
tissue-specific e€QTLs and fine-mapping of causal variants from GTEx data [21] and EpiMap, an integration of over
3000 datasets from multiple consortia including Roadmap and ENCODE [22-24].

Historically, the scale of consortium-level data has evolved with advancements of sequencing technologies
(Table 1). Early efforts established foundational genomic references, with the 1000 Genomes Project mapping
population-scale genetic variation [25] and ENCODE annotating functional elements in the human genome [26],
expanding to more than 23,000 functional genomic experiments in the latest update [24,27]. The advancement of
high-throughput sequencing techniques has also accelerated the release of epigenomic databases such as the
Roadmap Epigenomics project characterising 111 reference human epigenomes [23] and the International Human
Epigenome Consortium [28]. Additionally, initiatives for specific biological focus also emerged, including
BLUEPRINT (hematopoietic focus [29]), the Cancer Cell Line Encyclopedia profiling gene expression and variant
information from 947 cancer cell lines [30], CancerSEA providing cancer single-cell state annotations [133],
CistromeDB integrating large-scale TF ChIP-seq and chromatin accessibility datasets [132], and transcriptomic
profiling through FANTOM’s CAGE-based transcriptional network analysis [31]. This was followed by the
emergence of single-cell sequencing that has fundamentally transformed cell identity inference. These data
resources include the Human Cell Atlas framework [4], Single Cell Atlas [32], brain-specific PsychENCODE [33],
and multi-organ datasets such as Tabula Sapiens [34] and Tabula Muris [35]. Additionally, single-cell datasets
derived from specific biological contexts can provide more focused and in-depth resources for targeted
investigations, as exemplified by studies of fetal development [36,37], ageing [38,39], immune dynamics across life
stages [40], and cross-species retinal comparison [41].

In parallel with the development of sequencing techniques, advances in computational integration have enabled
efficient cross-dataset analysis and streamlined data processing across multiple databases. For example, the EpiMap
database imputes data across 10,000 epigenomic maps [22]; GTEx integrates RNA sequencing and genotypes to
calculate eQTLs [21]; and more recently, HUIBMAP has leveraged the development of spatial and single-cell
multi-omics to study tissue organisation [42].

Consortium-level data provide a critical knowledge base for building computational models capable of extracting
representative cell identity patterns. However, several limitations of consortium-level data need to be considered in
terms of leveraging their utility for modelling purposes. Firstly, many consortia-level data resources cover only a
limited number of data modalities (e.g. RNA versus epigenomic versus DNA), which restricts the use in forming a
holistic view of cell identity. Secondly, the scope of biological diversity is limited, resulting in ascertainment biases
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Consortium data (and

reference) Data types Scale Key contributions Year
BLUEPRINT [29] Transcriptomes, epigenomes >100 blood cell epigenomes Hematopoietic differentiation, 2012
https://blueprint-data.bsc.es/#!/ blood disease mechanisms

The Cancer Cell Line Transcriptomes, GWAS 947 cancer cell lines Cancer cell-focused data 2012
Encyclopedia [30] resource

https:

//sites.broadinstitute.org/ccle

ENCODE [26] Transcriptomes, epigenomes, TF More than 23,000 functional Functional genome annotation, 2012 (first)
https://www.encodeproject.org  ChlP-seq genomic experiments regulatory element maps

FANTOM [31] CAGE-seq ~3000 samples, 200,000 Transcriptional regulatory 2014 (first)
https://fantom.gsc.riken.jp promoters networks, enhancer dynamics

1000 Genomes [25] Whole-genome sequencing 2504 individuals Foundational human genetic 2015

https:

//www.internationalgenome.org

Roadmap [23]
https://egg2.wustl.edu/
roadmap/web_portal

The International Human
Epigenome Consortium [28]
https:
//epigenomesportal.ca/inec
CistromeDB [132]
http://cistrome.org/db/#/

Human Cell Atlas [4]

https://www.humancellatlas.org

PsychENCODE [33]

https://www.psychencode.org

HuBMAP [42]

https://portal.consortium.org

CancerSEA [133]
http://biocc.hrbomu.edu.cn/
CancerSEA

GTEx [21]

https:
//www.gtexportal.org/home

Tabula Muris

https://tabula-muris-senis.sf.

csbiohub.org

Descartes [36,37]
https:

//descartes.brotmanbaty.org

EpiMap [22]

https://compbio.mit.edu/epimap

Tabula Sapiens [34]

https:
//cellxgene.csiscience.com/
collections/e5f58829-1a66-
40b5-a624-9046778e74f5

Single Cell Atlas [32]

https://www.singlecellatlas.org

PanSci. [39]

https://cells.ucsc.edu/?assay=
snRNA-seq&ds=mouse-pansci

Epigenomes

Epigenomes

Epigenomes, TF ChlP-seq
Transcriptomes, epigenomes
Transcriptomes, epigenomes
Single-cell multi-omics

Single-cell transcriptome, Gene
signatures of 14 cancer states

Transcriptomes, whole-genome
sequencing, eQTLs

Single-cell transcriptomes

Multi-omics single-cell

Epigenomes

Single-cell transcriptomes

Multi-omics single-cell

Single-cell transcriptomes

Human Immune Health Atlas [40] Single-cell transcriptomes

https:

//apps.allenimmunology.org/aifi/

resources/imm-health-atlas/
Mouse aging ATAC atlas [38]

https://mouseagingatacatlas.org

Single-cell ATAC-seq

111 reference epigenomes

7000 reference epigenomes

18,366 human samples
Global effort, >400 cell types
1866 individuals, 79,000
enhancers

>30 organs, 2300 datasets

41,900 cancer single cells, 25
cancer types

49 tissues, 838 donors

104,000 cells from 23 organs

RNA-seq (4M cells from 121
tissues)

ATAC-seq (720K cells from 53
tissues)

10,000 maps, 833 samples

500,000 cells, 24 tissues

125 tissues, millions of cells

20M mouse cells in 623 tissues

1.8M cells from 108 healthy
individuals

>10M mouse nuclei across 21
tissue types

variation reference

Tissue-specific chromatin states,

regulatory landscapes

Reference genomes in both
healthy and diseased

Standardised curation and QC
between samples

Comprehensive human cell
census, cell type definitions
Brain cell identity, psychiatric
disorder mechanisms
Reference spatial maps of
functional tissues

Extensive cancer-focused
transcriptomes

Genetic regulation of gene
expression, tissue specificity

Reference data resource for
mouse cell types

Data resource for foetal
development

Comprehensive regulatory
annotation, disease variant
interpretation

Multi-organ cell atlas, cell type
characterisation

Cellular diversity, developmental

programs

Ageing process, specifically in
immunodeficiency context

Covers multiple age groups

Chromatin accessibility data
during ageing process

2015

2016

2016

2017

2018

2019

2019

2020

2020

2020

2021

2022

2024

2025

2025

2026
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that inherently affect model generalisability. The present issue is particularly important when contextualising the
model’s predictions in rare cell or disease conditions that are not sufficiently covered by much consortium-level data.

Computational tools for studying cell identity

Computational methods for studying cell identity inference generally fall into one of four groups based on their
design: 1. regulatory information-based methods, which infer cell identity from underlying transcriptional control
logic (e.g. epigenetics, transcription factors (TFs), and gene regulatory networks (GRNs)), 2. marker or
reference-based methods, which rely on pre-defined cell-type signatures or annotated atlases without requiring ML
approaches, 3. supervised or semi-supervised ML-based methods, which require ML training on reference data with
fully or partially known ground truth to learn decision boundaries or latent representations of cell identity, and 4.
transformer-based methods, which leverage self-supervised pre-training with attention mechanisms to capture
complex dependencies between biological units.

To assess each method’s utility, we first defined five key tasks closely associated with cell-type modelling; 1.
cell-type annotation (i.e. can the method directly assign cell types?), 2. regulatory inference (i.e. can the method
identify key regulatory genes or GRNs?), 3. cell fate dynamics (i.e. can the method infer cell reprogramming,
trajectories, or rare cell states?), 4. data integration (i.e. can the method harmonise and integrate multiple datasets?),
and 5. perturbation modelling (i.e. can the method simulate perturbation experiments, including drug response or
TF perturbations?). These tasks were defined to reflect each method’s primary functional capacity, rather than
secondary or indirect uses (e.g. while some tools may support downstream analyses through exported outputs, they
are not considered to directly perform those tasks). Second, we assessed each method’s usability by three criteria: 1.
source code availability (i.e. whether a repository for source code exists), 2. tutorial documentation (i.e. whether
detailed implementation guidance is provided), and 3. cloud accessibility (i.e. whether an interactive web-based
interface is available) (full links are provided in Supplementary Table S1). Lastly, we surveyed each method’s
implementation convenience by examining 1. the programming languages used (R or Python) and 2. whether a
single command-line execution is supported. Each method was manually reviewed against these criteria, and the
results are summarised in a table to help users to guide method selection based on their analytical needs and
computational expertise. While not exhaustive, these criteria capture the core functionalities of computational
methods for cell identity.

To further assist with implementation and method selection, we summarised the required input data, expected
outputs, and unique features of each tool in a separate table. To assist with interpreting ML terms for non-experts,
we provide a glossary of terms in Table 2.

Regulatory information-based methods

Regulatory information-based methods infer cell identity using regulatory signatures of cellular states, including
chromatin features, enhancer activity, TF circuitry, or GRN (Figure 1A). These methods are based on observations
that cell identity is more accurately represented by their regulatory mechanisms rather than transcriptional readouts
[12,23,43-45]. Furthermore, their reliance on high-level regulatory features allows these methods to generalise
across cell types and species when supported by sufficiently diverse training data. Additionally, these methods can
identify mechanistic drivers of cell identity and reveal transcriptional regulators, epigenomic control elements, and
cell fate determinants.

Epigenetic regulatory scoring methods

Methods such as TRIAGE [46], MARGE [47], and EpiMogrify [48] infer regulatory determinants of cell identity by
extracting biologically meaningful epigenetic signals embedded in global chromatin states. These approaches rely
on two key assumptions: regulators of cell identity exhibit characteristic epigenetic signatures across many tissue
and cell types, and these signatures are detectable only when projected on large-scale data covering broad biological
diversity.

TRIAGE [46] is driven by a simple but powerful rationale; developmentally regulated genes accumulate broad
H3K27me3 domains across a wide range of cell types. This rationale reflects a conserved PRC2 (Polycomb
Repressive Complex 2)-mediated mechanism that represses potent cell identity regulators except in cell types and
states where they are required. TRIAGE quantifies each gene’s propensity to acquire broad H3K27me3 across
hundreds of cell types from Roadmap, EpiMap, and ENCODE, into a single metric called the repressive tendency
score (RTS). This score can be directly applied to gene expression data to prioritise regulatory genes specific to a
given biological context. Furthermore, the RTS enables cross-species discovery of regulatory genes and provides a
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Term

Description

Attention mechanism

Autoencoder

BERT (bidirectional encoder representations

from transformers)
Contrastive learning

Decoder
Embedding
Encoder
Ensemble method

Generative model
GPT (generative pre-trained Transformer)
LLM (large language model)

Latent space (or dimension)
Logistic regression model
Machine learning

Manifold

NLP (natural language processing)
NMF (natural language processing)

Nearest neighbours

Neural network

PCA (principal component analysis)
Semi-supervised method

Supervised method

A feature that lets a model focus on the most important parts of the input data when making a
prediction.

A type of neural network that learns to compress data into a smaller representation and then
reconstruct the original data from that compression.

A model that reads sentences and other text in both directions to extract meaning of context.

A training method where the model learns by contrasting positive examples (similar data points) with
negative examples (dissimilar data points).

A part of autoencoder that takes a compressed representation and converts it back into an
interpretable output.

A numerical representation of a piece of data (like a word or a cell profile) that captures its meaning
and relationships with other pieces of data.

A part of autoencoder that takes the original data and compresses it into a smaller, meaningful
representation.

A technique that combines the predictions of several individual machine learning models to get a
more accurate overall result.

A model designed to create new data that resembles the data it was trained on.
A model designed to generate human-like text by predicting the next most likely word in a sequence.

A massive, advanced Al model, typically based on the transformer architecture, that is trained on
huge amounts of text to understand and generate human language.

A hidden, compressed mathematical space inside a model where important characteristics of the
data are stored as numbers.

A simple method used for predicting a category or class, often used to determine the probability of a
binary (yes/no) outcome.

The practice of teaching computers to learn patterns and make decisions or predictions directly
from data without being explicitly programmed.

A mathematical concept that describes the low-dimensional surface where complex
high-dimensional data lies.

A field of Al focused on enabling computers to understand, interpret, and generate human language.

A technique used to simplify complex data by breaking it down into two smaller matrices, often
representing parts and their weights.

A simple technique that classifies a new data point based on the majority class of the data points
closest to it.

A system of interconnected processing units, inspired by the human brain, that learns to recognise
complex patterns in data.

A statistical method used to simplify data by finding the most important underlying axes that capture
the maximum variability.

A training approach that uses a large amount of unlabelled data alongside a smaller amount of
labelled data to improve learning efficiency.

A training approach where the model learns from data that has already been labelled with the
correct answers.

regulatory axis that is often more stable than expression itself. The RTS has shown its utility in clustering single cells
and functional gene groups [49] and characterisation of genome loci at base-pair resolution [50]. However, its sole
dependence on H3K27me3 means that the RTS overlooks non-PRC2 regulatory mechanisms. Therefore, cell states
that deviate from canonical PRC2 behaviour may be poorly represented in this metric.

MARGE [47] quantifies a gene’s regulatory potential (RP) from proximal H3K27ac-marked regions. It models the
H3K27ac-to-gene relationship using an exponential distance function and aggregates these patterns across
hundreds of publicly available samples, resulting in an RP calculation that quantifies how strongly a given gene is
regulated by H3K27ac. This enhancer-driven backbone [51] allows MARGE to infer cell-type-specific master
regulators through the RP, serving as a foundational method for downstream approaches like BART [52] and LISA
[53] (discussed below). However, its dependence on a simplistic distance-based gene linking algorithm limits its
accuracy, as chromatin topology frequently violates this proximity assumption [54]. Furthermore, TF ChIP-seq data
used are context-mismatched in some cases, and this can potentially mislead their biological associations.

EpiMogrify [48] models cell identity through H3K4me3 breadth. It builds on earlier findings that broad
H3K4me3 correlates with transcriptional stability and regulatory potency of genes [55]. Hence, the method assumes
that any changes in peak breadth across tissues reflect reconfiguration of regulatory control during cell
differentiation. EpiMogrify uses these shifts to prioritise TFs that modulate cell fate transitions and provides a
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Methods Input Output Unique feature
TRIAGE?* RNA-seq, gene list Gene prioritisation Conserved epigenetics for cross-species regulatory inference
MARGE# Gene list, enhancer peaks TF prediction Regression using large Cistrome enhancer compendium
EpiMogrify*® RNA-seq Reprogramming factors Atlas-derived GRN for cell-fate conversion
LISAS Gene list TF enrichment Virtual ChIP-seq using public chromatin data
BARTS? Gene list, ATAC peaks TF ranking Matches cell-type signatures to massive TF ChlP-seq atlas
Mogrify® RNA-seq Conversion TF set Transcriptomic map of directed cell transitions
CellNets8 RNA-seq Cell identity score GRN fidelity assessment of engineered cells
SCENIC! RNA-seq Regulons; TF activity Coexpression + motif filtering for GRNs
SCENIC+%" RNA-seq, ATAC peaks Multiomic regulons Integrates expression + chromatin
CellOracle2 RNA-seq, pseudo-regulon Perturbation predictions In silico TF perturbation on editable GRNs

Figure 1. Regulatory information-based methods infer cell identity through epigenomic and gene regulatory logic.

(A) This group utilises genomic information that regulate transcriptional outcomes, including epigenetics, transcriptional factor
binding, and GRNs. (B) Comparison of methods for versatility, usability, and executability. Ticks indicate that a given method
supports the feature. The language column denotes the programming language where the method is implemented, R (blue) or
Python (red). (C) A summary table for input, output, and unique features of each method.

regulatory ranking tailored for cell reprogramming applications. Like TRIAGE and MARGE, however, its reliance
on a single epigenetic feature remains a central limitation.

Transcription factor-centric regulatory inference methods
LISA [53] and BART [52] utilises publicly available TF ChIP-seq libraries to infer transcriptional regulation in the
genome. LISA [53] first constructs a RP landscape by integrating DNase and histone modification data.
Subsequently, it simulates the removal of each TF’s binding profile to determine which TFs most strongly support
the regulation of an input gene set. This in silico TF deletion strategy provides interpretable outputs; TFs whose
removal destabilises the gene set are inferred as regulators. LISA is especially useful for identifying lineage
regulators in contexts where differential expression alone fails to reveal upstream drivers. Its major limitations stem
from reliance on sparsely profiled public TF datasets. This sparsity means that the perturbation analysis could
originate from unrelated cell types, and combinatorial TF behaviour might not be adequately modelled.

In comparison, BART [52] uses a simpler and faster strategy; it computes the association between enhancer
regions linked to a gene set of interest, which is derived from MARGE’s RP, and the TF binding profiles from large
ChIP-seq compendia. TFs whose binding patterns most consistently overlap these enhancer regions are identified as
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likely regulators. The method can efficiently identify candidate TFs controlling gene expression modules,
perturbation signatures, or scRNA-seq cluster-specific genes. Unfortunately, it inherits the same limitations of the
H3K27ac-gene linking model from MARGE. Furthermore, it is strongly influenced by the uneven representation of
TFs in public datasets (i.e. TFs with extensive ChIP-seq coverage tend to dominate rankings). Nonetheless,
statistical stability of LISA and BART and their ability to recover plausible regulators are only possible because of the
breadth of TF ChIP-seq data offered by ENCODE and Cistrome DB.

Gene regulatory network-based methods

GRN is a set of interacting molecules that control gene expression within a cell. Methods in this sub-category use
the GRN as the unit of cell identity. For instance, Mogrify [56] aims to identify TFs driving trans-differentiation
through assessing GRN differences between source and target cell types. The rationale is straightforward; cell fate
conversion is fundamentally a network reconfiguration problem; therefore, identifying TFs that occupy network
bottlenecks would enable rational transdifferentiation strategies. Its limitations mainly arise from the noisiness of
GRNss constructed from bulk RNA-seq data [57]. On the other hand, CellNet [58] uses a related but more
quality-control-oriented approach. Instead of predicting TFs required for cell fate transition, CellNet assesses how
well engineered cells recapitulate the GRN of true tissues. By comparing the GRNs of induced or reprogrammed
cells to reference networks derived from large transcriptomic datasets, CellNet quantifies how closely a generated
cell type is matched at the regulatory level. While this method reveals deficiencies in engineered cell identities, it
performs better for well-characterised tissues with high-quality reference networks.

On the contrary, SCENIC [1] takes a bottom-up approach; rather than starting with TFs, using public TF
databases JASPAR [59] and TRANSFAC [60], SCENIC first identifies modules of co-expressed genes, then uses
motif enrichment to infer which TFs regulate each module. This creates regulons (i.e. groups of genes) whose
activity is subsequently quantified in individual cells. A key advantage of using regulons compared with individual
genes is that this collective view is far more robust to transcriptional noise, especially in transitional cell states. For
this reason, SCENIC is particularly useful in developmental and cancer contexts where lineage bifurcations and rare
cell populations frequently emerge. However, its reliance on co-expression conflates simple correlation with causal
relationships between TFs and their downstream targets. To address this limitation, SCENIC+ [61] integrates
chromatin accessibility and enhancer-gene linking directly into the regulon construction. This multimodal
integration better captures context-specific TF-enhancer relationships and improves the accuracy of regulon
assignment. Undoubtedly, SCENIC+ benetfits from the growth of single-cell ATAC (assay for transposase-accessible
chromatin)-seq atlases and high-quality enhancer annotations from consortium-level data for the construction of
more effective models.

Finally, CellOracle [2] models how regulatory networks would behave under in silico TF perturbation. It
constructs a hybrid GRN by combining motif-by-accessibility priors with expression-based refinement, then
simulates cell transitions by TF perturbations. This allows estimation of how perturbation of specific TFs (i.e.
knocking down or over-expression) would redirect differentiation trajectories or disrupt lineage commitment.
Thus, CellOracle can be particularly effective in identifying candidate TFs driving lineage bifurcations, fate
decisions, and cell-state transitions.

Conclusion

Regulatory information-based methods offer mechanistic insight governing cell identity and generalise well across
different contexts. Overall, methods that utilise GRNs tend to have strong versatility (Figure 1B), as exemplified by
CellOracle, which builds comprehensive GRNs to model regulatory relationships between cell states. On the other
hand, LISA, BART, and CellNet provide user-friendly environments with accessible source code, tutorials, and
cloud-based interactive platforms for quick analyses. TRIAGE provides both Python and R implementations [62],
accommodating researchers with different programming backgrounds. For the implementation, RNA-seq remains
the most common input, while TRIAGE, MARGE, LISA, or BART can also take a pre-defined gene list or genomic
loci (Figure 1C). As these methods are primarily built on transcriptional regulatory information, however, their
output does not directly identify a specific cell type. Instead, they commonly return a set of predicted regulators for
the cell identity or a group of co-regulated genes or regulons.

It is important to note that the effectiveness of these methods is largely restricted by the features they rely on. As a
result, their predictions can miss cell states governed by noncanonical regulatory processes. Simplified assumptions
about genomic loci-gene connection and regulatory causality further limit prediction accuracy. Despite these
limitations, their intuitive design and focus on regulatory logic make them highly complementary to other
analytical approaches, particularly when the goal is to understand mechanisms of cell identity and state transitions.
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SingleR™ RNA-seq, reference Cell-type labels Per-cell reference-based single-cell matching

scmap”! RNA-seq, reference Cell or cluster labels Fast projection using nearest neighbour method
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Figure 2. Reference-based methods assign cell identity using known gene signatures and atlases.

(A) This group utilises knowledge from known marker genes or established atlases to perform cell type inference. (B) Comparison
of methods for versatility, usability, and executability. Ticks indicate that a given method supports the feature. Language column
denotes the programming language where the method is implemented, R (blue) or Python (red). (C) A summary table for input,
output, and unique features of each method.

Marker or reference-based methods

Reference-based methods represent arguably the most interpretable approaches for cell identity inference. These
methods rely on established biological knowledge on curated gene sets or annotated references. This group assumes
that cell identity can be identified by directly comparing a query transcriptome to known marker gene sets or
well-annotated reference atlases (Figure 2A). These methods are fast and highly interpretable, but they are
inherently constrained by the quality of the references.

Cluster-based marker enrichment models

scType [63] and scCATCH [64] embody the traditional workflow of performing unsupervised clustering of cells
first based on their gene expression profiles, followed by interpretation of each cluster with curated marker gene
databases. Their biological rationale is as follows: major cell types should form discrete transcriptional clusters, and
these clusters should be identifiable by canonical markers of a predominant identity. Thus, both methods require
cell clustering as the first step, which can introduce subjectivity in choosing cluster parameters. scType [63] collects
gene sets from CellMarker [65] and PanglaoDB [66] databases. Each gene set represents a specific cell type. Then
scType computes enrichment scores for these gene sets across pre-calculated cell clusters. These scores summarise
how convincingly a given cluster expresses the gene set. Similarly, scCATCH [64] annotates clusters via marker gene
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enrichment based on a manually curated tissue-specific cell taxonomy reference CellMatch derived from a large
number of tissues. Differentially expressed cluster-specific genes are identified and matched to the CellMatch
database using an evidence-based scoring strategy to prioritise genes with strong support in the literature. These
two methods provide highly interpretable cell identity predictions. However, both methods also share the same
limitations where clustering is sensitive to parameter choice and the outcome is dependent on the quality and scope
of reference marker gene resources, which limits their capacity to identify rare or previously unannotated cell types.

Cell-level marker and semi-supervised probabilistic models

Methods in this group take advantage of probabilistic approaches, which offers greater flexibility in cluster
assignment than clustering methods (like scType or scCATCH). SCINA [67] is a method that uses an
expectation-maximisation algorithm to identify the partition of cells whose expression patterns best match
pre-defined marker gene sets. The rationale behind this approach is that cells genuinely belonging to a given cell
type should separate cleanly from those that do not. This bimodal assumption may hold for cells in well-defined
states, but transitional or undiscovered, rare cells are less likely to separate cleanly from others. Similarly, CellAssign
[68] utilises a Bayesian hierarchical model that estimates the posterior probability of cells belonging to cell types
defined by marker gene sets. Its Bayesian formulation accommodates noisy or overlapping markers, but the entire
model still depends on the quality of the existing marker genes. CelliD [69] adopts a different strategy by projecting
both genes and cells into a shared low-dimensional space. This enables the extraction of per-cell gene signatures,
which are matched to known marker genes. Importantly, this enhanced granularity can be useful to improve
annotation of cells in rare or transitional states.

Atlas-driven similarity classifiers

Tools in this group directly map query cells onto annotated reference atlases using transcriptomic similarity metrics.
SingleR [70] compares each query cell to reference transcriptomes with cell type labels using correlation-based
similarity. This method assumes that a cell’s expression is most similar to the reference cell type it truly represents.
While this simplicity in rationale enhances interpretability, a correlation-based approach does not distinguish
different functional groups of genes. Similarly, Scmap [71] projects cells onto reference datasets through a
nearest-neighbour approach. Scmap also allows mapping cells between different experiments by addressing
technical variations. On the other hand, CHETAH [72] introduces a hierarchical cell type classification tree
constructed from the reference datasets and performs cell-type annotation in a top-down manner. This method
enables labelling of cells with a broad cell lineage when evidence for a more specific subtype is insufficient. While
this adjustment still cannot label unknown cell types, it improves prediction robustness by annotating only cells
with sufficient supporting evidence. Again, the approach is constrained by the correctness of the reference
hierarchy, as misannotations in the tree can propagate.

Cell anchor-based label transfer

This group incorporates underlying cell representations to effectively align query cells with annotated references.
For instance, Seurat v3 label transfer algorithm [3] learns cell anchors, which are pairs of mutual nearest neighbours
across reference and query datasets within a joint integration space. Using these anchors, cell type labels are
transferred from the reference to the query for cell-type annotation. The model assumption is that biologically
similar cell states should share intrinsic transcriptomic structure across datasets, and these structures can be
recovered through the anchor-based integration. This method is especially powerful for harmonising datasets from
different batches and platforms. Unfortunately, its efficacy can be compromised when reference and query datasets
are highly divergent or when batch effects overwhelm biological signal.

Conclusion

Marker or reference-based methods offer simplicity and high interpretability, making them appealing for routine
cell-type annotation and quick exploratory analyses (Figure 2B). However, this narrow focus generally limits their
applications primarily to direct cell-type annotation, although CelliD and Seurat can additionally support analyses
of cell fate dynamics and data integration, respectively. In terms of usability, methods in this group generally provide
strong user accessibility with detailed step-by-step tutorials, although their implementation typically requires basic
R programming skills. Methods in this group generally require RNA-seq as the input, while some methods can take
user-defined marker gene sets or reference data for the implementation (Figure 2C). As methods that directly rely
on reference data, however, their performance is fundamentally limited by the completeness and accuracy of the
reference atlases they depend on. Incomplete or biased references can directly lead to misclassification, especially for
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rare, novel, or transitional cell states. Furthermore, batch effects between query and reference datasets can distort
similarity metrics, leading to dubious matching. These methods also assume that all biologically relevant cell types
are present in the reference, an assumption that often fails in disease, developmental, or sparsely sampled contexts.
As a result, they may produce overconfident labels in situations where ‘unknown’ would be more appropriate.
Despite these limitations, their intuitive nature and transparent decision logic may appeal to many users.

Supervised/semi-supervised machine learning methods

This group covers ML-based methods that do not use transformer architectures. Depending on how decision
boundaries are learned for cell type prediction, methods in this group can be described as either discriminative (i.e.
each cell type exhibits a distinct transcriptomic pattern) or probabilistic (i.e. cells can be seen as ones lying in
continuous representations that reflect biological variation). Regardless of this classification, methods in this group
achieve cell identity prediction via projecting cells onto a latent space that effectively segregates cells of different
biology (Figure 3A).

Traditional machine learning classifiers

This sub-group utilises classical ML strategies that build cell type classifiers based on gene-cell-type relationships
learned from reference transcriptomes. By projecting query cells onto these learned structures, these methods assess
their biological relatedness to reference cell types. SingleCellNet [73] uses random forest classifiers trained on
gene-pair features. Each gene-pair feature encodes a binary outcome: whether gene A is expressed more highly than
gene B. A major benefit of the binary representation is its resistance against batch effects and cross-platform
variability. This enhanced robustness supports the method’s biological rationale, where gene-pair relationships
should stay stable within the same cell types, regardless of data source. SingleCellNet also flags intermediate states
or hybrid cell types by providing scores for all available reference cell types, although final biological interpretation
of these metrics is still left to users. Similarly, scPred [74] is well aligned with SingleCellNet in terms of its biological
rationale and goal. scPred uses support vector machines built on reduced dimensions of single-cell transcriptomes
and uses the most informative principal components for each cell type while regressing out technical variance in
data. Its reliance on linear assumptions from the principal component analysis is a noted limitation of scPred. Lastly,
scClassify [75] uses an ensemble approach with cell type hierarchy built from multiple reference data resources. Its
integration of multiple discriminative models helps to improve prediction accuracy and reduce the number of
unassigned cells through a post-hoc clustering procedure.

Some ML classifier methods leverage simplicity from linear learning structures for their scalability. For instance,
CellTypist [76] employs logistic regression to dissect cellular heterogeneity of immune cells. Using large-scale,
manually curated multi-tissue atlases as the reference for the model training, this method allows finely resolved
immune cell-type annotation. The effectiveness of this method, despite its simplicity, reinforces a widely accepted
view that stable biological information can be extracted independently of model complexity, provided the training
data are rich and biologically relevant [77-79].

Deep learning-based models
Cell-type annotation can be significantly affected by non-biological and technical variations between datasets,
stemming from differences in sequencing platforms, reagent kits, library preparation protocols, and independent
experimental batches [78]. This sub-group primarily aims to address these unwanted factors when integrating
multiple datasets, rather than solely aiming for cell identity prediction. These data harmonisation ultimately
facilitates an optimal label transferring between query and reference data by reconstructing informative
representations of cells while filtering out noise and technical artefacts. Methods in this group are based on the
following biological rationale: an optimal data harmonisation between reference and query datasets would enable
biologically meaningful cell-type annotation through label transferring, provided references are well-established
and of high quality.

scDHA [80] denoises complex single-cell datasets and extracts cell-level representative information in
low-dimensional embeddings. This method works optimally for large and heterogeneous datasets, but its learned
embedding is intrinsically sensitive to the training set composition, and the model may propagate confounded
structure (e.g., batch effects) if these dominate the training data. Furthermore, the classifier can struggle with
out-of-distribution states, since the embedding space is optimised only to distinguish known classes. Similarly,
scButterfly [81] improves cell-type annotation primarily by harmonising data from multimodal single-cell data. It
achieves this by aligning latent spaces of different modalities (i.e. expression and chromatin structure) through
training masked variational autoencoders (VAEs) to capture shared semantics (i.e. biological meaning of cells and
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Figure 3. Supervised or semi-supervised machine learning methods classify cell identity in learned latent spaces.

(A) This group identifies and utilises meaningful patterns in the data using ML-based approaches. These learned patterns are
projected onto a shared latent space to perform cell-type inference analysis. (B) Comparison of methods for versatility, usability,
and executability. Ticks indicate that a given method supports the feature. Language column denotes the programming language
where the method is implemented, R (blue) or Python (red). (C) A summary table for input, output, and unique features of each
method.

genes) between them. By doing so, it also removes technical variations specific to each data modality. This method
can be particularly useful for improving cell type prediction in incomplete datasets, as it projects well-annotated
reference datasets onto them. However, it is equally important to note that its prediction occurs indirectly through a
modality-translation step. As a result, errors introduced during this translation can propagate and reduce prediction
accuracy, potentially making these approaches less effective than models trained directly for cell type prediction.
Similarly, matrix factorisation methods such as LIGER [82] also offer a related strategy for improving cell-type
annotation through better data alignment rather than direct cell type classification, albeit they rely on a linear model.
scANVI [83] addresses modality-specific bias in the reference data by building on an unsupervised data
integration pipeline scVI [84]. In essence, scVI learns joint probabilistic distributions of cell transcriptomes across
multiple datasets to create a shared low-dimensional latent space (i.e. a compressed cell representation), and
subsequently scANVI projects existing cell type labels onto this latent space to further improve the data integration.
Notably, this framework yields corrected expression values suitable for a wide range of downstream analyses,
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including cell clustering, differential expression, and imputation, which are all closely interleaved with cell identity
analysis.

In addition, methods that utilise inter-cellular transcriptomic similarity as the basis for the cell-type annotations
also fall into this group. CellBlast [85] uses cell-to-cell similarity to annotate groups sharing similar gene expression
profiles derived from single-cell reference transcriptome data. By quantifying similarity between a given cell pair
using a custom distance metric (i.e. normalised projection distance) specially designed for cell embeddings, it
matches new cells to known cell types from the references. In doing so, the method classifies cell populations
without clear matching as novel cell populations. SCLSC [86] uses supervised contrastive learning to pull cells
towards their cell-type representations on the assumption that cells of the same cell type have maximal internal
consistency. The learned representation of cells is then annotated with k-nearest neighbors for cell type prediction
using the reference data. Lastly, Concerto [87] is a deep learning method that creates a unified representation of
cells by learning discriminative embeddings between referenced cell types, which enables it to identify rare or
disease-specific cell populations in complex samples, even those not in the referenced cell types.

Although powerful, all these deep learning-based approaches do come with significant computational burden for
model training. Some methods have successfully addressed this limitation. For example, scArches [88] reuses
pre-trained deep learning models but optimises only a small number of parameters necessary to align new data.
This approach not only substantially reduces computational demand but also helps preserve reference integrity
through sharing only required model parameters to enhance the model’s robustness. Furthermore, the model’s
design inherently flags data points that do not match the reference well, allowing researchers to potentially identify
novel cell types or disease states unique to their specific query dataset. This strategic application of transfer learning
facilitates independent data analysis using a common reference point and accelerates iterative atlas building across
the community.

Conclusion

Methods in this category address the non-linear complexity and technical noise inherent in single-cell data, excelling
in harmonising diverse datasets by capturing intricate biological relationships. Their probabilistic representation
using shared latent space makes them appropriate for large-scale data integration and robust cell-type label transfer.
Our comparative analysis shows that methods with data integration generally exhibit greater versatility (Figure 3B).
This suggests that the ability to effectively integrate data resources is an important determinant of a method’s utility,
as exemplified by Concerto and scArches. By contrast, traditional ML classifiers offer simplicity, computational
efficiency, and better interpretability of biological features behind their predictions (e.g., specific gene pairs).
However, these simpler models often rely on linear assumptions and fixed feature sets, which limits their robustness
against major batch effects and cross-platform variability. Conversely, deep learning-based ML models, while more
robust to these variations, introduce significant computational overhead, and their ‘black box’ feature renders them
less interpretable. Despite the ability of ML models to capture non-linear patterns and generalise better than direct
mapping approaches (e.g., marker- or reference-based methods), this group remains limited by the quality and
completeness of the reference data. A novel cell state absent from the reference may be misclassified, regardless of
the model’s complexity. Moreover, the reduced interpretability of these models can be a drawback in such scenarios,
as the biological basis of misclassification is often far more difficult to trace compared with direct mapping methods
(i.e. group 2). Despite limitations inherent to ML structure, input data requirements are relatively straightforward;
all methods covered in this group take RNA-seq (Figure 3C), while the output can be various forms including
cell-type labels and cell embeddings, which can be further explored for downstream analysis.

Transformer-based methods
In this sub-category, we examine the application of transformer-based architectures to annotate cell types. The
impact of transformers in biology is best exemplified by AlphaFold [89], the Nobel-winning model for protein
structure prediction. Although protein and molecular sequence models were not designed for inferring cell
identities, the broader class of foundation models provides a feasible framework. These models operate on tokens, a
fundamental numerical unit that represents cells by their gene expression or other molecular data (Figure 4A).
While the goal of classification through cell similarity is shared between transformers and other supervised models,
they have self-attention mechanisms [90,91] that reap multiple benefits where traditional models typically fall short.
One example is the unique ability to consider all cell tokens simultaneously, where traditional model architectures
like recurrent or convolutional neural networks are limited to processing cells one after another, often losing crucial
contextual information from cells that were processed earlier [91]. Transformers, therefore, overcome significant
computational bottlenecks in information gain, revealing complex dependencies and generalising well across
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Figure 4. Transformer-based foundation models learn context-aware representations of cell states.

(A) This group leverages the power of transformers for context-aware cell type inference. In the core of this approach, the
attention mechanism (step 1) plays a critical role in learning contextual information between tokens (i.e. units of genes or cells).
Subsequently, the transformer quantifies each token'’s relevance with all others by multiplying Query (i.e. what each token is
looking for?) and Key (i.e. what do other tokens have things to offer?) matrices, yielding a relevance score in the attention weight
matrix (step 2). By multiplying with the value matrix (i.e. actual information content), the transformer produces contextualised
embeddings, which are then used for further model tuning. (B) Comparison of methods for versatility, usability, and executability.
Ticks indicate that a given method supports the feature. Language column denotes the programming language where the method
is implemented, R (blue) or Python (red). (C) A summary table for input, output, and unique features of each method.

diverse contexts. In a cellular context, transformers generate an identity signature for each cell by precisely
quantifying its unique gene profile relationship with all cells in the assayed population. The mechanistic details of
transformers are well-explained elsewhere [92,93] and therefore excluded from the scope of the present review.
The first definition of foundation models was established in other domains, such as natural language processing
and computer vision [94,95]. They are trained on large, heterogeneous datasets and demonstrate broad adaptability
across downstream applications. Similarly, while transformer models in biology have been often constrained to a
single modality, such as single-cell transcriptomics and chromatin accessibility, these datasets come in large scale
and diversity, which provide theoretically sufficient heterogeneity for approximating a foundation for cellular
biology [96]. This heterogeneity comes from different biological conditions captured in the data, including
conditional activation of gene networks [97] and functional programs under different tissue contexts, hormonal
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signals, and drug perturbations [98,99]. Consequently, multi-modal training may not be strictly required to capture
the breadth of cell identity. Recent large-scale single-cell transcriptomic datasets, comprising tens of millions of cells
across tissues and perturbations, have enabled models to acquire broadly generalisable representations. These
models can be applied directly to diverse tasks, including cell-type annotation, or further fine-tuned to achieve
improved performance.

Three computational strategies for cell-type annotation

To enable cell-type annotation, foundation models apply three distinct computational strategies, each one processes
reference transcriptomic data differently to identify cellular identities [100]. The first approach converts gene
expression levels into ranked lists (i.e. ranking-based approach), recognising that cell types are often distinguished
by their relative gene expression patterns rather than absolute values. The second strategy transforms continuous
gene expression values into discrete categories (i.e. categorisation-based approach), converting cell-type annotation
into a classification problem more familiar to traditional ML approaches. This binning strategy recognises that for
cell-type annotation, the exact expression level of a gene has less biological impact than the broad expression
quantile it occupies (e.g., ‘high’, ‘medium’, low’). The third approach preserves the full resolution of gene expression
data by directly modelling continuous expression values (i.e. continuous value-based approach). For cell-type
annotation, this strategy maintains the nuanced expression differences that might distinguish closely related cell
subtypes or developmental states.

Different computational approaches to cell-type annotation provide distinct advantages. Ranking-based models
excel when the objective is to assess relative gene expression hierarchies. For cell-type annotation, this approach
excels at capturing the relative importance of marker genes, making them well-suited for identifying cell types when
the model prioritises the correct marker genes. For example, these models would recognise that in T cells, CD3
genes consistently rank higher than B cell markers like CD19, regardless of absolute expression values. Geneformer
[101], built on 30 million transcriptomes, and Cell2Sentence [102] represent outstanding examples of this category.
It improves on the ranking approach by focusing on predicting genes within different cellular contexts to learn gene
ranking signatures corresponding to distinct cell types. This makes it particularly powerful for cell-type annotation
across experimental conditions where absolute expression values might be more variable due to confounding
factors. In its most recent update [103], Geneformer is currently being retrained on over 100 million
transcriptomes. Other transformers include iSEEEK [104] and tGPT [105]. Although suitable for cell-type
annotation, users may prefer foundational models for their generalisability, which can reflect predictions of more
robust biological relationships.

Categorisation-based models demonstrate robustness to technical variation and prove effective in classifying
major cell types, especially when discrete marker expression states are most informative. This strategy transforms
continuous gene expression values into discrete categories, converting cell-type annotation into a classification
problem similar to traditional ML approaches. This binning strategy recognises that in cell-type annotation, the
exact expression level of a gene may be less important than the broad expression category it belongs to (e.g., Best
and Lowest Quantile), while requiring fewer computational demands. scBERT [106] exemplifies this approach by
binning gene expression values into discrete quantile buckets and treating cell-type annotation as predicting the
correct expression bucket for each gene. scGPT [107] enhances this categorisation approach with attention
mechanisms for autoregressive prediction, learning cell and gene representations simultaneously. It demonstrates
strength for discovering novel cell subtypes, as this hybrid approach can identify cells with unexpected
combinations of gene expression categories.

The third approach preserves the full resolution of gene expression data by directly modeling continuous
expression values. For example, scFoundation [108] pretrains on 50 million human cells to directly project raw gene
expression values using a masked autoencoder approach. For cell-type annotation, this strategy maintains the
nuanced expression differences that might distinguish closely related cell subtypes or developmental states.

Multi-modal approaches

While expression-based strategies dominate current annotation models, emerging work points toward integrating
regulatory and sequence-level signals from other biological modalities. While multimodal training may not be
strictly necessary to capture most cell identities, epigenetic states are particularly important, as they reflect core
aspects of cell identity as shown by the ChromFound [109] and EpiAgent [110] (i.e. single modal foundational
models built on chromatin accessibility). Incorporating multiple modalities provides a more comprehensive view of
cellular biology. SATURN [111] represents an early example that takes both scRNA-seq count data and protein
sequences of species as input. Its central focus is to generate universal cell embeddings based on latent gene
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programs. It involves mapping heterogeneous datasets into a macrogene space using an autoencoder, a component
of the transformer architecture. GET (general expression transformer) [112] is trained on both chromatin
accessibility across 213 cell types coupled with transcriptomes of 153 cell types. Although not designed as a cell
annotation model, GET provides a complementary pathway that could ultimately refine annotation in cases where
scRNA-seq data alone proves insufficient. Users may map GET’s embeddings to assist cell type classification. These
models illustrate a future trajectory where annotation models incorporate both expression profiles and the
regulatory grammar encoded in DNA, mixing modality-specific and multimodal foundations.

GeneCompass [113] bridges all three approaches described above. In addition to ranking, it encodes absolute
values and continuous expression simultaneously, layering it with a priori regulatory knowledge such as GRNs and
promoter sequences. This extends the interpretability and robustness of rank-based models to cross-species
annotation. On both human and mouse datasets, it consistently outperformed Geneformer [101] in F1 and accuracy,
demonstrating robust biological understanding and that rank-informed representations generalise across species.

Conclusion

Contextual information between genes and cell states is critical to improve model generalisability beyond the
biological scope covered in the reference data. In this regard, the transformer-based methods significantly benefit by
leveraging the attention mechanism. Their enhanced capacity to contextualise information gives them broad utility
beyond simple cell-type annotation, as reflected in our comparative analysis showing that most of these models can
perform multiple related tasks (Figure 4B). While many approaches rely on single-cell transcriptomics, models built
on other data modalities such as EpiAgent [110] and ChromFound [109] offer complementary regulatory insights.

Due to the extensive ML functionality available in Python packages such as TensorFlow [114], PyTorch [115],
and HuggingFace [116], methods in this group are primarily implemented in Python, although many also provide
command-line interfaces with adjustable parameters for easier execution. Furthermore, although these methods in
this group share the transformer architecture, their motivations differ, resulting in variations in outputs and
intended applications (Figure 4C). Therefore, the method choice ultimately depends on the analytical goals and the
specific biological context. For example, robust classification of major cell populations may favour categorisation or
marker-based methods due to clarity from the data discretisation, while rare or transitional cell types may be better
resolved by ranking or projection transformers that consider continuous values. Surprisingly, for other applications
such as predicting perturbation responses, a recent study demonstrates that foundation models do not consistently
outperform linear models [117]. In the double perturbation prediction tasks, multiple transformer-based models,
including scGPT [107], scFoundation [108], scBERT [106], and Geneformer [101], resulted in substantially higher
prediction errors. This finding indicates that the practical advantages of foundation models do not necessarily
translate into better classification performance. Also, these models inherit limitations from their complex model
architecture: high computational demand for extensive training of a large number of parameters and limited
interpretability. This observation, however, does not imply the impracticability of tuning the large number of
parameters, as larger LLM models with billions of parameters still demonstrate superior cell-type annotation
performance [118,119]. The real question is whether the added model complexity is justified by the performance
gained: 1. how much additional computational cost is acceptable to maximise the performance? and 2. where the
optimal balance between these two factors lies?

Despite these limitations, transformer-based frameworks are quickly becoming central to cell identity modelling.
Their scalability, ability to integrate multimodal inputs, and capacity to generalise across datasets position them as
foundation models for the next generation of cell identity analysis. As training resources continue to expand and
model architectures are refined for better efficiency, transformer-based methods are expected to deliver increasingly
stable, generalisable representations of cell states. This shift will likely accelerate the move toward unified models
capable of handling multiple related analyses, including data integration, cell-type annotations, perturbation
prediction, and regulatory inference within a single computational backbone.

Choosing appropriate methods for analysis

Choosing suitable methods ultimately depends on the analytical goals, input data type, and available computational
resources. Among these, the input data is often a key determinant of biological insights that can be derived from
downstream analysis. For this reason, here we outline three common analysis scenarios to guide method selection
based on input data (Table 3). These include 1. scRNA-seq with an available reference atlas, where annotation is
guided by existing knowledge; 2. scRNA-seq without a reference, which focuses on discovery of novel cell states; and
3. multi-omics datasets, where the integration of complementary data modalities allows deeper biological insight.
Each scenario is illustrated with representative research questions to demonstrate how multiple methods can be
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Table 3 Example pipeline recommendations as guidance for method selection

Scenario 1: scRNA-seq data with an available reference atlas
Description

Single-cell RNA-seq data from well-characterised tissues, where a suitable reference atlas or curated marker gene set is available for annotation.
Example research question

What cell types are present in a well-characterised tissue?

What regulatory programs define their identity?

Recommended pipeline

1. Prepare the data

e Pre-processing and quality control

o (Optional) Clustering of cells

2. Assign cell identities using reference

e Map cells to a reference atlas or annotated dataset

e Seurat, SingleR, scmap, CHETAH

o (Optional) Refine cell type assignments

e scType, scCATCH, SCINA, CellAssign

3. Downstream analysis using reference-based annotation

e |dentify key drivers

e SCENIC, TRIAGE

e Validate cell identity

e CellNet

e Trajectory modelling (e.g. cell differentiation)

e CellOracle

Benefits

e High interpretability and reproducibility of cell type assignments
e Computationally efficient

Limitations

e Limited capacity to identify novel cell populations

e Strong dependence on the quality of the reference atlas

e Bias towards pre-defined cell identities

Scenario 2: scRNA-seq without a reference
Description

Single-cell RNA-seq data from poorly characterised systems, such as developmental or disease contexts, where no reliable reference annotation is available.
Example research questions

What novel or previously uncharacterised cell populations exist in this system?
What are their functional properties?

Recommended pipeline

1. Prepare the data

e Pre-processing and quality control

e (Optional) Clustering of cells

2. Choose the method based on the analysis purpose

e Direct cell type assignment

e SingleCellNet, scPred, scClassify, CellTypist, SCLSC

o Cell clustering/annotation based on cell embeddings

o sCANVI, scArches, scDHA, CellBalst

3. Downstream analysis for interpretation of novel states
e |dentify rare/ransitional cell populations

e Geneformer, scGPT

e Interpret newly identified cluster functionally

e TRIAGE, SCENIC

e Compare across datasets

e sCANVI, scArches

Benefits

e Discovery of novel, rare or transitional cell states

e Flexible across diverse datasets and conditions
Limitations

e Reduced biological interpretability

e Greater sensitivity to model assumptions during training
e Requires additional validation for novel cell state

Scenario 3: Multi-omics data (e.g. RNA-seq + ATAC-seq)

Description

Multi-modal datasets combining transcriptomic and epigenomic measurements (e.g. ScCRNA-seq and scATAC-seq).
Example research question

How do gene expression and chromatin accessibility jointly define cell identity and regulatory mechanisms across conditions?
Recommended pipeline

1. Prepare the data

e Data pre-processing for each modality

2. Harmonisation and data integration

e LIGER, scArches, scButterfly, Concerto, SATURN, scGPT, Seurat, SCANVI

3. Cell identity analysis

e Cell-type annotation on integrated data using available reference

e Seurat

e Regulatory inference

e SCENIC+, CellOracle

Continued over
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e Cross-modal analysis using cell embedding

e GeneCompass

Benefits

e Enhanced biological resolution through multi-layers of information
e Cross-dataset and cross-condition comparisons

Limitations

e Increased computational and analytical complexity

e Sensitivity to batch effect and modality imbalance
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Figure 5. Functional clustering of 43 representative computational methods reveals specialised and versatile strategies
for cell identity analysis.

43 methods from all four categories are projected on UMAP spaces based on Jaccard distance calculated from a binary matrix
encoding their capacity to perform five key tasks (cell-type annotation, regulatory inference, cell fate dynamics, data integration,
and perturbation modelling). This representation reveals four distinct clusters of methods with similar functional profiles. Each
point represents a method coloured by its method category. For each cluster, insets show the proportion of methods supporting
each task, summarising the functional composition of the clusters.

applied sequentially to answer them. For instance, in scenario 1, cell types may first be annotated using Seurat or
SingleR, followed by regulatory inference using SCENIC or TRIAGE and then in silico validation by CellNet,
showing how complementary tools can be applied consecutively within a single analysis workflow.

We also provide a systemic comparison of all 43 methods across four categories by visualising their functional
similarity based on their capacity to support the five key tasks (Figure 5). The analysis reveals distinct clusters of
methods with shared functional profiles. For instance, transformer-based methods are clustered as the most
versatile group (Cluster 2), demonstrating broad capacity across all five key tasks. In contrast, cell-type annotation is
supported by methods from nearly all categories, except for regulatory information-based approaches (Cluster 3),
which are more specialised for regulatory inference and cell fate dynamics. A table of a complete list is also shown in
Supplementary Table S2.
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Perspectives on the future development

Advancements in computational methodologies and ML have substantially increased the sophistication of cell
identity models. Improved optimisation strategies, deep-learning frameworks, and the emergence of
transformer-based architectures have enabled models to capture subtle patterns and complex relationships between
cell states that were previously inaccessible. These developments have progressed in parallel with rapid
improvements in sequencing technologies, including higher throughput, greater sensitivity, and multimodal
profiling, all of which provide richer inputs for model training. However, despite these technological gains, current
computational models of cell identity remain fundamentally constrained by the quality and biological diversity of
reference datasets they are trained on.

In this regard, the future of computational cell identity modelling will depend less on the model’s architectural
development and more on the quality of the genomic data that underpin these models. Biased or noisy datasets can
propagate systematic errors and inflate prediction confidence even in incorrect predictions. As the field becomes
increasingly populated with transformer-based LLMs, which offer limited transparency into how data are processed
and how decisions are made within their complex structures, rigorous quality control of datasets in the first place
will become increasingly important.

To address this, several community-driven initiatives have sought to improve data quality, standardisation, and
accessibility. Foundational efforts including the Human Cell Atlas [4] and HuBMAP [42] established quality
guidelines for metadata annotations and experimental design, while more recent studies such as CELLxGENE
Discovery and the Single Cell Expression Atlas [120] and the Single Cell Expression Atlas [121,122] emphasise
scalable data curation and harmonised annotation across datasets. Together with the adoption of FAIR data
principles [123], these initiatives reflect a growing community recognition that high-quality, well-annotated datasets
are essential for reliable model development. On this point, curated resources such as the Stemformatics repository
[124] provide a concrete example of such community efforts. When applying stringent quality control criteria, they
found only about 70% of processed datasets met their acceptable quality threshold. This finding highlights not only
the importance of a collective effort within the research community to introduce quality standards, but also a
substantial gap between the data that is available and the data needed for effective model training.

From a practical perspective, improving data quality will require closer alignment between experimental design
and downstream computational use. This includes adopting standardised protocols, providing comprehensive and
structured metadata, ensuring adequate biological replication, and making both raw and processed data openly
accessible. Incentivising high-quality data generation may also benefit from stronger requirements from journals
and funding bodies for data deposition and annotation. Together, these efforts will ensure that advances in
computational modelling are aligned with the quality and reliability of the biological data that underpin them.

From the computational perspective, methods need to address current limitations in model interpretability (i.e.
how does the model predict?), causality (i.e. what is causing this observation?), and explainability (i.e. why did the
model make this specific prediction?) [125,126]. Deep learning and transformer methods often excel at
association-based prediction, but they struggle to reveal the causal relationships that drive cell identity. To address
these limitations, causal transformers [127,128], sparse autoencoders [129,130], and structure-disentangled latent
models [131] can offer new ways to interpret causal links between genetic regulators and cell identity. As
computational and experimental standards continue to evolve, the shift toward models that explain cell states
holistically, rather than serving as simple cell-state classifiers, is expected to accelerate, but with a growing emphasis
on molecular logic and the causal determinants of cell identity.
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