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Single-cell analyses have transitioned from descriptive atlasing
towards inferring causal effects and mechanistic relationships that
capture cellular logic. Technological advances and the growing
scale of observational and interventional datasets have fuelled the
development of machine learning methods aimed at identifying such
dependencies and extrapolating perturbation effects. Here, we review
and connect these approaches according to their modelling concepts
(including representation learning, causal inference, mechanistic
discovery, disentanglement and population tracing), underlying
assumptions and downstream tasks. We propose a unifying ontology
to guide practitioners in selecting the most suitable methods for
agivenbiological question, with detailed technical descriptions
providedinanonlineresource. Finally, we identify promising
computational directions and underexplored data properties that
could pave the way for future developments.
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Introduction

Cellular function varies across developmental stages, tissue types
and disease states, leading to molecular interactions that are highly
context-dependent. To capture this heterogeneity, single-cell technolo-
gies haveyielded high-resolution atlases of cell types, their transitions
and spatial organizationin tissues*. The construction of these founda-
tional maps has been empowered by computational innovations that
align and integrate single-cell and, more recently, spatially resolved
omics data®®, As these approaches mature, attention is increasingly
shifting towards computational models that yield causal and mechanis-
ticinsights, to explain not just how but why cells differ. Causal model-
ling frameworks, including causal graph models’ and latent variable
(orlatent factor) approaches'®, move beyond correlative insights and
aimtoinfer cause-effect relationships and/or generalize across condi-
tions. In causal graph models, nodes represent variables (such as genes,
disease or cell states) and edges encode potential causal dependen-
cies, whereas latent variable approaches estimate hidden factors that
structure the observed data and can be linked to causal hypotheses
under specific assumptions. Mechanistic models offer acomplemen-
tary strategy that builds on such directed dependencies by explicitly
modelling biochemicalinteractions", such as transcription factor (TF)
binding, post-translational modifications orintercellular interactions.

Both causaland mechanistic modelling strategies are tightly cou-
pled to advances in experimental designs that provide the data for
inference. Observational atlases, in particular those covering multi-
ple tissues, donors and pathologies, offer an expanded view of cellu-
lar heterogeneity'”. This intrinsic variability, driven, for example,
by genetic factors'?” or disease states'"", constitutes a rich set of
‘natural’ perturbations that can be leveraged to model causal effects
and reveal mechanisms across contexts. Nevertheless, the inherent
complexity of atlas-scale observational data and the unknown nature
of such endogenous shifts hinder the direct inference of causal links
and therefore require strong modelling assumptions™.

Experimental designs that capture temporal, spatial or mul-
timodal information offer complementary structural constraints,
reflecting intrinsic variation across multiple molecular layers and
spatiotemporal scales'®". Time-series data provide a natural ordering
of events, which enables the inference of directional effects by testing
whether past states can predict future ones'®. Spatial omics assays
account for spatial proximity and microenvironmental effects’ by
preserving the physical context of cells within tissues®. These spatial
cuesare critical for decoding cell-cell communication® and signalling
across scales”. Multimodal assays, such as the joint profiling of gene
expression and chromatin accessibility”*, provide opportunities to fur-
ther enrich mechanistic hypotheses by linking expressionto upstream
regulatory elements®.

Inaddition to therich set of signatures captured by observational
data, targeted pharmacological® or genetic**>° interventions com-
bined with single-cell readouts enable the direct, high-throughput
probing of causal dependencies®*'>* (Table 1). Through the deliber-
ate manipulation of specific signalling components, these interven-
tional assays can expose the role of each individual target. Currently,
such experiments are predominantly carried out in tractable in vitro
systems, such as immortalized cell lines***°, induced pluripotent
stem cells**° or, more recently, organoid models®. Moreover, apply-
ing these assays in combinatorial settings enables the systematic
mapping of joint perturbation effects that can reveal higher-order
interactions®, such as epistasis or potentiation. Finally, with recent
high-throughput advances in combinatorial indexing®?, it has been

possible to extend the sequencing scale to millions of cells across
thousands of perturbations.

Collectively, these different experimental designs and profiling
technologies reveal distinct yet complementary causal signatures
that can be systematically harnessed to model cellular responses
(Fig. 1). However, even the most advanced profiling technologies do
not directly yield robust causal insights, as any technology is subject
to inaccuracies, incomplete coverage and assay noise. For example,
off-target effects and heterogeneous intervention efficacy intro-
duce technical variability®®, necessitating computational®*~** or
experimental*~*° mitigation strategies. These challenges, together
with common biological factors, such asintrinsic cellular variation or
buffering mechanisms?®, can obscure causal links'®. More fundamen-
tally, the space of all possible interventions is virtually unbounded,
especially when considering combinatorial perturbations, interac-
tions between perturbants and their context-dependent properties.
Therefore, computational approaches are needed that can infer
context-sensitive responses from observational data under suitable
assumptions or generalize from interventional data.

Over the past years, the field has witnessed the adoption of diverse
computational strategies to translate the observed signatures of cellu-
lar responsesinto descriptive, causaland mechanisticinsights. Statisti-
calinference remains essential to characterize differential responses®,
either at the level of individual genes*® or coordinated effects of gene
programmes*. Building on these foundations, gene regulatory network
inference and causal graph models aim to reveal directed relationships,
either by using multi-modal data and prior knowledge? or by mak-
ing strong assumptions regarding the data-generating processes™.
Simultaneously, progress in deep learning has givenrise to a variety of
nonlinear models that infer flexible, data-driven representations, ena-
bling the extrapolation of perturbation effects to unseen conditions™.
Ongoing research further seeks to combine the expressive modelling
capabilities of such generative frameworks with causal assumptions'.
Another prominent family of models, based on optimal transport,
proposes a principled approach to align populations of cells across
conditions and modalities, providing a versatile framework to study
temporal, spatial and perturbational responses®*'. Finally, foundation
models, typically based on transformer architectures®**, are advanc-
ing as a versatile approach for learning generalizable cell representa-
tions from large-scale data, with growing interest inintegrating causal
reasoning®>**** and multimodal readouts*®.

Here, we review and systematically connect methods for causal
and mechanistic modelling to the signatures they leverage, their
overarching goals, their intended computational task and the mod-
elling concepts they share. Combined, these elements give rise to a
multi-layered ontology of current methods, which highlights com-
monalities across otherwise disparate approaches, guiding method
selection and benchmarking.

Aims of causal modelling

Alterations and causal responses are modelled broadly for three aims:
tounderstand and characterize the effects of cellular perturbation, to
extrapolate perturbation effects to unseen conditions, and to guide
future perturbation experiments (Fig. 2).

Understanding perturbation responses

Understanding biological processes ofteninvolves characterization at
multiple levels, with differential expression analysis of transcriptom-
ics data commonly serving as a starting point**%, To better capture
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Table 1| Interventional single-cell and spatial experimental technologies and their key parameters

Technology Description Modality Cells (n) Perturbations (n) Features measured Refs.
Perturb-seq Large-scale pooled experiments RNA From tens of From ~100to ~10,000  Whole transcriptome 28-30,
combining thousands (genome-scale) 36,39,
scRNA-seq and CRISPR-based up to several targeted single genes 42
perturbations million cells Available
Experiments often ~ combinatorial screens
performed in cell reach only ~100 gene
line models combinations
FiCS Industrialized workflow that chemically RNA ~8,000,000 cells Transcriptome-wide, Whole transcriptome 46
Perturb-seq fixes and cryopreserves cells prior captured in two targeting all human Deeply sequenced
to scRNA-seq. Deep sequencing was experiments protein-coding genes  capturing over 16,000
shown to enable dose-dependent effect UMIs per cell
estimation via gRNA abundance
ECCITE-Seq Multimodal assay that extends the RNA Tens of thousands ~ Up to ~100 genes Whole transcriptome 40,266
scope of single-cell CRISPR screens by Protein (can scale From several up to
simultaneously profiling transcriptomes, Clonotypes beyond that) ~50 (typically) surface
cell surface protein expression (via siEmel) proteins (recent CITE-seq
CITE-seq) and CRISPR perturbations panels provide higher
(gRNAs), with optional recovery of coverage)
antigen receptor clonotypes
Perturb-Multi In vivo pooled CRISPR screening platform  RNA ~55,000 for ~200 genes ~200 RNAs and 263
combining Perturb-seq and spatially Protein Perturb-seq 14 proteins for
resolved, multiplexed RNA and/or Morphology ~79.000 for spatial imaging
protein imaging (imaging) imaging data Transcriptome-wide
for dissociated data
CROP-Seq CRISPR screening method that combines ~ RNA Thousandstotens  ~10sto ~100s of genes  Whole transcriptome 274,275
pooled genetic perturbations with of thousands in in early experiments
single-cell transcriptome profiling. It early applications
pioneered the direct detection of gRNAs
by standard scRNA-seq protocols
Mix-seq Platform that uses SNP-based RNA ~14,000 cells in 13 chemical Whole transcriptome 26
demultiplexing to profile CRISPR and ~100 cancer cell compounds; 1 genetic
chemical perturbations across pooled lines perturbation
panels
Mosaic Chemical perturbation screen that RNA ~100 million cells 379 distinct Whole transcriptome 25
platform combines up to 50 cancer cell lines drugs across
as spheroids and uses combinatorial ~100 drug-dose
barcodes to identify perturbations, and combinations
SNP-based demultiplexing to identify
the cell line of origin
Perturb-Map Spatially resolved pooled screen RNA Millions of cells ~30-40 perturbations  Few dozen proteins 262
that links CRISPR knockouts to in situ Protein in imagining; (imaging) per cell or
phenotypes using expressed protein Morphology thousands of whole transcriptome per
barcodes, which are then characterized ) spots in spatial spot (multicellular wells)
by integrated multiplexed imaging and transcriptomics
spatial transcriptomics
PERTURB-CAST Spatially resolved, pooled perturbation RNA ~2,000-5,000 8 perturbations, Whole-transcriptome 264
screen using transposon-delivered, Morphology ~ SPots per 10X yielding potentially gene expression per spot
barcoded constructs to generate (imaging) Visium slide 256 genotype
and map higher-order combinatorial (12 in total) combinations across
interventions and their spatial phenotypes tumour foci
CRISPRmap Spatially resolved pooled CRISPR screen ~ RNA Hundreds of ~100s perturbations ~10-20 transcripts and 261
that links genetic perturbations to protein  protein thousands of cells  per study RNAs measured
and RNA phenotypes by sequential Morphology Pe" study at single-cell and
imaging (immunofluorescence) ) subcellular resolution

For more details, please see expert reviews on interventional technologies®**. CITE-seq, cellular indexing of transcriptomes and epitopes by sequencing; ECCITE-seq, expanded
CRISPR-compatible cellular indexing of transcriptomes and epitopes by sequencing; FiCS, fix-cryopreserve-single-cell RNA sequencing; gRNA, guide RNA; scRNA-seq, single-cell RNA
sequencing; SNP, single-nucleotide polymorphism; UMI, unique molecular identifier.

often cannot distinguish genuine biological signals from confound-
ing variation®®'. Recent methods address this challenge by applying
disentanglement principles to separate cellular variation into distinct
components that reflect specific perturbations, cell-type identities or

coordinated responses, expression profiles are often represented as
latent variables or gene programmes, which reflect the co-expression
patterns of biological systems™*®, However, although latent-factor
approaches can capture hidden structure in single-cell data, they
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biological pathways®*°*. Nevertheless, these latent programmesdonot  prior biological knowledge and/or additional omics modalities®™*,
typically reflect direct regulatory interactions. To enhance the direct  enforce conditional independence®®®’, or explicitly model controlled
interpretation of inferred components, other approaches integrate  interventions’® ">, Collectively, these advances increasingly aim to
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Fig.1|From perturbations to modelling causal cellular processes. Causal the mechanisms underlying cellular responses to perturbations. Leveraging
processes can be probed through endogenous (natural) and exogenous several core modelling concepts (representation learning, disentanglement,
(deliberate, controlled) perturbations, with their effects captured across causalinference, mechanistic discovery and population tracing; Box 1), machine
diverse profiling dimensions: temporal trajectories, spatial scales and multi- learning methods transform these signatures into partial views of causality.

omic layers. Jointly, these data modalities expose distinct causal signatures of
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infer mechanistic hypotheses about gene regulatory and causal
network structures.

Extrapolating to unseen conditions

A complementary goal is to extrapolate effects to previously unob-
served conditions, including perturbations or diverse contexts, such
ascelltypes and temporal states. The ability to accurately predict such

effectsin unobserved states (so-called counterfactuals) fundamentally
depends onamodel’s capacity to capture causal relationships between
genes'*’. From a practical perspective, extrapolating to unobserved
conditions canaccelerate biological discovery by inferring the effect of
avastnumber of perturbation and covariate combinations. This aim has
motivated several prediction tasks that target unexplored biological
conditions (Table 2). Perturbation responses can vary across cellular
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Table 2 | Computational tasks and tools to model molecular alterations and cellular responses to perturbations

Task Subcategory Description Methods Further
reading
Quantify Differential Identify features (i.e., genes) CellDrift”; scMAGeCK'®; Mixscale®’; Memento®; Taichi'®®; River®®; 48,91,
response analysis whose expression changes Perturbation Score®; SCEPTRE*; Vespucci'®®; MiloDE®®; AUGUR''; 92,241
across conditions scDIST'®%; LEMUR®
Perturbation Quantify the effectiveness of a SC-VAE'*; ContrastiveVI+?’; CINEMA-OT¥; CellOT®’; Mixscale*; MELD'%%; 34,40,
responsiveness successful (intended) intervention scRANK'®; Taichi'®®; MUSIC; Mixscape“’; Perturbation Score®; SCEPTRE®; 253
or the responsiveness to a Vespucci'®; AUGUR''; scDIST'®®
perturbant
Latent Linear gene Group features into co-expression MOFA+3; MEFISTO®; STAMP’; slalom'#*; cPCA'®*; CSMF?°°; cLVM'®; scPCA'Y’; 3,49,
structures programmes modules under linear assumptions PCPCA™®; CPLVMs"%; GSFA™®; scINSIGHT?"'; CellCap™'; Expimap'; 107
ontoVAE"™®; VEGA™; NicheCompass®’; EXPORT"S; MuVi'*; scETM™4;
Spectra'*?; Waddington-OT??’; GEDI?*; Memento®®; scITD"; scRANK';
MUSIC*'; Mixscape®®; MOFAcell"; DIALOGUE"®; Decipher™’; LEMUR®;
scDoRI™®
Nonlinear gene Group features into co-expression scVI“; scArches®; spaVAE®; ContrastiveVI%%; MultiGroupVI'™; inVAE'™?; 52,108,
programmes modules under nonlinear scDSA""?; sVAE+*%; ContrastiveVI+'?; DRVI®; scDislnFact®?; SIMVIY; 130
assumptions scFoundation'®; GEASS'®’; Hotspot™’; SubCell*”%; scGPT® Geneformer'®®;
GeneCompass'”’; scGenePT°; CellDISECT***
Discover Feature Infer associations between Celcomen'; MISTy"%; SpaCeNet®; Kasumi''; Memento®; Hotspot™*° 21
mechanisms  relationships molecular features
Generegulatory  Reconstruct directed regulatory Geneformer'®; scGPT®; LPM?°%; scGenePT?'’; GeneCompass'®; scPrint'*%; 24,164
networks interactions among transcription LINGER"; SCENIC+°%; CellOracle®; Dictys™?; RiTINI®; scRANK'; FLeCS™;
factors and their putative RENGE®®; scDoRI'"*®
target genes
Causal structure  Uncover the causal graph structures  SAMS-VAE®®; svae-ligr'’®; sVAE+>; CausCell*?; GSFA'®; CIV'®; NOTEARS®; 10,38,
of gene regulation NOTEARS-MLP"’; DAG-GNN"%; DCDI”'; NODAGS-Flow'®?; Bicycle’; 59
discrepancy-VAE??; DCD-FG’’; Dictys'®; AVICI™'; DCI"°; SEA"®; SENA™;
RITINI®’; FLeCS’%; RENGE®®; SCCVAE?*
Disentan- Unsupervised Learn independent latent factors MichiGAN'®; sparseVAE™®®; Celcomen'’®; DRVI®*; SIMVI?’; CINEMA-OT?; 61,186
glement without supervision to capture Decipher'®’; MOFA+°; MEFISTO®; STAMP’
distinct sources of biological
variation
Contrastive Optimize the latent space to cPCA'™; CSMF*%; cLVM'; cVAE; scPCA'”’; PCPCA™®®; CPLVMs"®; 62,195,
reveal case-control differences by ContrastiveVI®’; mmVAE?%; MultiGroupVI'%; scDSA"?; SC-VAE'"*; 198
contrasting perturbed and baseline  ContrastiveVI+?’; scDisInFact?*®; scINSIGHT?'; CellDISECT?**
samples (cells)
Multi-component Decompose data into multiple latent  inVAE'?’; SAMS-VAE®S; svae-ligr’®; sVAE+*’; CausCell???; SOFA™; 63,109
components, each representing GSFA™; TarDis***; FCR?%; CellCap™'; Biolord®; Spectra'®; scPrint'*;
a different process, such as discrepancy-VAE??; SENA'; SpatialDIVA?”; CPA’%; MultiCPA?%; CellCap™';
perturbations or covariates ChemCPA"™;
Predict Context Transfer perturbation effects across  svae-ligr’®; CausCell*”?; TarDis**>; trVAE”; DrVAE?"; scGEN’®; CellBox*’; 76,243
effects different contexts or covariates CPA’%; ChemCPA'*>; CODEX™®; PrePR-CT"™'; PDGrapher'*; Biolord®’;
(e.g., cell types, species, modalities  graphVCI™°; Squidiff®?; CellOT®’; CondOT?®; GWOT?*’; MMFM®'; MFM?%%;
or patients) scDiffusion?*’; CFGen™'; cellFlow™?; RITINI®?; SubCell””?; VirTues™;
OmiCLIP*%; Prophet?’; FLeCS’’; RENGE®’; scPRAM?*; Prescient®;
CellDISECT*
Seen Predict cellular responses to MichiGAN'®’; SAMS-VAE®; svae-ligr’®; sVAE+*"; CausCell**; FCR*%%; 94,203
perturbations that were seen during  scDisInFact®®®; trVAE”; DrVAE?"; CellBox**?; scPreGan?”’; LEMUR®*; MMFM®;
training, including different drug MFM?%; scELMo”"; discrepancy-VAE??; SENA'"; Prescient”*
dosage and severity
Unseen Predict novel perturbations not ChemCPA"*%; GEARS®; AttentionPert'“’; PRNet; CODEX™°; PDGrapher'®; 83,85
encountered during training Biolord®; cycleCDR™?; Squidiff®®; CondOT®; cellFlow'?; scGPT®;
C2S-Scale?’; LPM**; scGenePT#®; scFoundation'”*; GeneCompass'”’;
LLM+GP'"’; Prophet””; IterPert’®; SCCVAE**
Combinatorial Predict the combined effects of MichiGAN'®’; SAMS-VAE®®; CausCell*?*; scDisInFact®*; CellBox***; CPA’%; 84,213,
multiple simultaneous perturbations  MultiCPA?°®; GEARS®; AttentionPert'“’; CODEX"®; PDGrapher'*%; Biolord®?; 221
SALT&PEPER®; Squidiff®®; CondOT®; cellFlow™?; scGPT®; C2S-Scale”;
LPM?°%; scGenePT?'; scFoundation'?’; GeneCompass'®’; discrepancy-VAE??;
SENA'; IterPert™™; State°
Trace cell populations Infer couplings between cell states  CINEMA-OT?’; CellOT®°; CondOT®’; GWOT*’; MMFM®'; MFM?%; CFGen?®'; 50,51,
across conditions or timepoints cellFlow'*%; Waddington-OT%?; OT-CFM??°; MioFlow?’’; moscot?’; scPRAM?%; 226

using optimal transport, flow
matching or Schrodinger bridges

CoSpar?”’; Prescient®®; ARTEMIS?*; SBalign*’; DeepROUT**
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contexts”; therefore, transferring perturbational effects to unseen
covariates, such as cell type®>’* 78, studies’’, patients®® and species’*,
as well as time points®7>%"%2 s essential to capture context-sensitive
outcomes. Arelated challenge is that distinct perturbations can exhibit
non-additive interactions®®, which models attempt to address by pre-
dicting their combinatorial effects®*~*°. Finally, perturbants with similar
characteristics often elicit comparable responses®, which facilitates
the prediction of entirely unobserved perturbations®*55%59,

Guiding future experiments

Although extrapolating to new biological contexts enables the predic-
tion of unobserved responses, many methods rely on sophisticated
nonlinear architectures to enhance their predictive capacity. This
non-linearity aligns with and is motivated by the complex, multi-scale
nature of biological systems, butit often comes at the cost of reduced
interpretability, particularly in deep learning models, thus limiting their
utility in generating actionable hypotheses. Nevertheless, to effectively
guide future experiments, anideal model must balance capturing non-
linear, emergent cellular behaviours and providing clear insightsinto
their causal mechanisms®**.

A unifying ontology — from alteration to

causal response

To achieve the progressively complex goals of understanding and
extrapolating effects and ultimately guide future experiments, many
methods build on and integrate common modelling concepts to
address specific biological questions. At the same time, the diversity
of experimental technologies and their associated causal signatures
hasled toa proliferation of computational tools, with terminology and
foundational concepts being fragmented across specialized fields. To
highlight common principles, we position current methods along the
causalsignatures they use (Fig. 1), the computational tasks they address
(Table 2), and the recurring modelling concepts representation learn-
ing (also known as feature learning), causal inference, mechanistic
discovery, disentanglement and population tracing (Box 1). Together,
these axes and the underlying assumptions of each method yield an
ontology that conveys a taxonomy of existing methods with varying
causal complexity. (Fig. 3).

The ontology begins with single-gene alterations, moves to the
gene programmes that integrate these alterations, and, ultimately,
the directed regulatory mechanisms that govern them. Moreover, it
highlights methods thatisolate causal signals and track cellular states
across conditions, enabling robust prediction of perturbation effectsin
previously unseen conditions. Detailed information, along with techni-
cal descriptions of individual methods, is available as a queryable and
extendable online resource.

Examining alterations to decode effects

Causal and mechanistic models often build oninsights from single-gene
alterations, which have long provided afoundation for understanding
biological processes (Table 2); indeed, statistical inference and differ-
ential gene expression analysis usually represent the first go-to tools
for practitioners”. In observational single-cell studies, comparative
case-control analyses have been central to characterize gene expres-
sion changes across conditions*®, with existing methods accounting
for challenges such as scalability’®, pseudoreplication®? and con-
tinuous cell heterogeneity”™ . Nevertheless, differential expression
analysis is by design descriptive and does not reveal causal structures.
Recent methodological advances attempt to address this limitation

by explicitly integrating perturbation-induced variation with tem-
poral or spatial information. For example, CellDrift’® combines tem-
poral order with case-versus-control statistics to explain alterations
specific to cell types, perturbations and their interactions. In spatial
contexts, SIMVI” isolates gene expression variability into intrinsic cellu-
lar factors and extrinsic spatial influences to identify genes driving
perturbation-related niches. Furthermore, River®® reframes differential
statistical testing as a classification task to identify spatially coherent,
disease-relevant genes, for example, Prm1and Prm2, which were linked
to spermatogenesis pathology in diabetic mice®.

Unlike observational studies, interventional assays perturb
defined targets and thus enable the controlled inference of expres-
sion changes (Table 1). However, technical artefacts, most notably
variationinguide RNA efficiency and delivery, can confound identified
effects®®*’, Multiple approaches exist for the estimation of intervention
effectiveness, which enable the identification and exclusion of cells
that ‘escape’ the intervention®**~**?%19_For example, mixscape*°
estimates a perturbation score by comparing perturbed cells to their
closest non-perturbed neighbours, and classifies escaping cells using
a Gaussian mixture model. More advanced frameworks incorporate
effectiveness estimates directly into significance testing*>*; for
example, Mixscale*? extends mixscape’s*° binary (‘perturbed’ or ‘not
perturbed’) cell classifications to continuous perturbation scores,
which are used to weigh cell contributions in subsequent differential
expression testing (Table 3).

Inspired by studies showing that the same perturbations can
induce cell-state-specific responses'*®, another class of methods,
including AUGUR™ and MELD'?, aims to quantify their context
dependency at cell-type®”301011931%¢ or single-cell resolution'*>'%>1%¢,
More recently, Taichi'® and Vespucci'® have quantified responsive-
ness in tissue niches from observational, spatially resolved data. For
instance, Taichi'® combines spatially informed cell representations
with label smoothing across neighbouring cells to estimate spa-
tial regions that are most affected by a perturbation and delineate
perturbed and healthy niches.

Takentogether, these approaches are designed to capture observ-
ablealterationsinthe databut generally offer limited insightsinto the
coordinated responses underlying biological systems®"*®,

Capturing gene programmes

Gene expression changes commonly manifest as tightly co-expressed
programmes®® that can be captured as latent structures (Table 2) or
low-dimensional representations (Box 1), often using factor models'” or
variational autoencoders'®. Early representation-learning methods’ %,
including linear models such as MOFA+ or nonlinear counterparts
such as scVI*, focused on sample*® and modality integration®’ and
have since been extended to model temporal trajectories’ or embed
spatial information®”’.

Linear gene programmes. Building on these approaches, recent
frameworks use perturbation and covariate annotations to disen-
tangle altered gene programmes’>**>%"'2_ For example, GSFA'?,
asupervised factor model, enhances factor decomposition with sparse
multivariate regression to estimate the impact of each perturbation
onthelatent factors and their associated gene sets (Table 3). Although
such perturbation-aware models canreveal intervention-associated
patterns, understanding how gene programmes manifest across cell
populations requires tissue-scale''* or organ-scale” data. To extract
such multicellular programmes, recent methods often aggregate gene
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Box 1| Shared machine learning concepts that underpin causal and mechanistic

modelling methods

Representation learning. Within a single experiment, it is possible
to profile whole transcriptomes of millions of cells**. However,

the resulting high-dimensional expression matrices are inherently
noisy and sparse”*'. Representation learning (also known as feature
learning) addresses this issue by embedding high-dimensional count
data into compact latent spaces that retain biological structures
while attenuating technical variance and improving interpretability*’®
(see the figure). As a result, representation learning underpins
methods routinely used for preprocessing and visualization*®**' as
well as cross-sample®® and cross-modal integration®*®. Building on
these approaches, recent methods isolate perturbation-specific

Representation learning
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latent spaces™%3/81%9 delineate gene modules®”°*™ and extrapolate
perturbation effects’®%*%°, Recently, foundation models®2%1241%3,
trained on millions of cells, have been shown to capture shared cell
and gene manifolds across diverse experiments. These versatile
representations can then be readily adapted to different downstream
tasks®>*'%4182 ynifying the capabilities of earlier, task-specific models
within a single framework.

Assumptions: representation learning assumes the existence of
a manifold structure within the data and shared low-dimensional
patterns across cells. Without additional assumptions, it provides
purely associational structures that lack causal orientation.
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(continued from previous page)

Causalinference. Causal inference, as formalized in Pearl’s
do-calculus framework, defines causal effects in terms of explicit
interventions to a system?®. In single-cell omics, CRISPR perturbations
or drug treatments serve as experimental do-operations, enabling
direct estimation of how such interventions affect cellular
transcriptomes. However, high-dimensional readouts alone rarely
satisfy causal sufficiency’, as measured genes capture only a

subset of molecular causes, whereas confounders, such as the
microenvironment or cell-cycle stage, can still affect estimated
effects””®. To overcome these challenges, it is essential to learn
representations that are both disentangled from confounding
factors and invariant across different regimes, for example, via causal
representation learning'®. Once such representations are identified,
they support counterfactual reasoning by enabling predictions

of responses under hypothetical conditions (see the figure), for
example, the combined effect of two CRISPR edits.

Assumptions: causal inference methods assume that, after
adjusting for confounders, the observed interventions are the primary
drivers of observed differences between control and perturbed
samples. By explicitly modelling these interventions, the estimated
perturbation effects provide insights that extend beyond the
correlational patterns typically uncovered by representation learning.

Mechanistic discovery. Mechanistic discovery builds on causal
inference and seeks to infer directed, causal interactions (edges)
between specific molecules, for example, identifying transcription
factor binding events that drive target-gene expression (see the figure).
Early mechanistic models used time-series or perturbation-based
protein and phosphoprotein data, combined with prior knowledge and
mathematical formalisms such as ordinary differential equations®®
or logic-based models”. By contrast, single-cell experiments typically
produce high-dimensional static snapshots of transcriptomic
states, which necessitate the inference of signalling networks from
co-expression alone. These challenges have spurred the development
of diverse methods and strategies, such as integrating multimodal
and knowledge priors®®""'®®, causal graph models®*'”, temporal®>**
and spatial constraints®®'”, in silico graph interventions’*~® and
pre-training"***'®', to obtain generalizable regulatory interactions.
Assumptions: mechanistic discovery necessitates that the causal
relationships between molecules are accurately estimated from the
data. This process relies on observing all variables (molecules), the
generalizability of prior biological knowledge (if incorporated) and the
specificity of interventions to their intended targets, among other factors.

expression across cell types and samples, typically via pseudo-bulk
approaches*, followed by representation learning"* . Independ-
ent adaptations of MOFA+?, a multi-omics data integration method
based on multi-view factor analysis, have recently identified key
gene programmes across cell typesin cardiovascular disease™>"” and
multiple sclerosis™®, offering a tissue-centric perspective of disease
outcomes®.

Nonlinear gene programmes. Perturbation responses often exhibit
nonlinear changes due to feedback, saturation or threshold effects,
which cannot be captured by linear models. To model such responses,

Disentanglement. Cellular states are concurrently shaped by
overlapping biological processes, such as cell-cycle progression'*,
cell differentiation”” and microenvironmental signalling®. The
observed gene-expression counts are thus a mix of entangled
transcriptional programmes. Disentanglement seeks to decompose
this mixture into individual generalizable components, corresponding
to meaningful, known processes (see the figure). Representation
learning is commonly used for disentanglement, with unsupervised
methods attempting to isolate gene programmes via statistical
independence'®, regularization techniques®®"° or sparsity
constraints>**°9'*3 Alternatively, when cell annotations are available,
supervised and semi-supervised methods can incorporate such
information to contrast case-control scenarios®'*® or simultaneously
disentangle multiple perturbations and covariates®®/5%°,
Assumptions: disentanglement posits that the diverse sources
of variation in the data, such as inter-sample differences, can be
decomposed to yield distinct and meaningful factors that correspond
to individual, biologically relevant components.

Population tracing. Single-cell assays typically provide only a
snapshot of gene expression, as each cell is destroyed during
profiling, preventing paired (before-after) observations for the
same cell. Hence, estimating a cell’s specific changes induced by
an intervention cannot be directly computed. Optimal transport
provides a mathematically well-posed framework to pair potential
counterfactuals and learn transport maps that capture both
cellular heterogeneity and condition effects™ (see the figure). Many
specialized optimal transport solutions have been proposed to
model perturbations®®#'%°, temporal trajectories®?*"?*® and clonal
lineages®”, and align multimodal data®'?¢’?’®, Given its wide usage,
computational frameworks implementing optimal transport with
various cost metrics have been introduced®®' and tailored for
single-cell data?”®. Furthermore, a family of distribution-alignment
approaches, such as flow matching®'*®??°, diffusion models®*?*° and
Schradinger bridges**2*%, has been proposed to model complex
cellular dynamics and distributional shifts.

Assumptions: population tracing via optimal transport and related
approaches commonly assumes smooth, continuous transitions
between observed snapshots or condition states across cell
populations. Moreover, many methods leverage the derived
counterfactual mappings for extrapolation and other causal tasks,
making the validity of subsequent inferences highly dependent on
the accuracy of these mappings.

variational autoencoders and other nonlinear generative models have
been proposed. Adownside of their increased flexibility is that effects
cannot be directly attributed to individual genes, necessitating addi-
tional strategies toidentify the most relevant features (genes). A com-
mon solution to estimate the importance of each feature®***"*'?js to
apply post hoc metrics?°'* that quantify the contribution of each
gene to the model’s predictions. Alternatively, some deep learning
models are designed to provide directly interpretable representa-
tions. For example, recent transformer-based models®'*7%, such as
scGPT® and scPRINT'?, use attention weights to infer gene associa-
tions and programmes, effectively utilizing learned attention maps

Nature Reviews Genetics


http://www.nature.pubapi.xyz/nrg

Review article

Representation learning

Integration methods

& Prior knowledge representations

Masked autoencoders
Factor models Variational autoencoders * Expimap
* VEGA
w. MOFA+ * scVl » pmVAE
~— Iw MEFISTO w scArches ————> @ w NicheCompass
9 STAMP @ wa spaVAE )  OntoVAE
 EXPORT
* SCETM

Multicellular

Penalized
PRI factor models
e scITD
« DIALOGUE : ;lag’crt’:a
o MOFAGell [pete
W MuVi
Disentanglement Contrastive
Contrastive @ Spatial
factor models isolation
* CLVM Contrastive W SIMVIE
¢ CPLVMs autoencoders wi SpatialDiva
Unsupervised
* CVAE disentanglement
NMF-based o MultiGroupVI
e contrastiveVI+ * DRVI
° CSIIZ'gIGHT w contrastiveV| e sparseVAE
° se o scDisInFac  MichiGAN
. ggs/é\AE * Decipher 1 Latent
. . .
PCA-based o mmVAE fnvariance
w TarDis
« CPCA W inVAE
e PCPCA
* SCPCA
\ Causalinference Extrapolate effects Examine alterations Causal representations
Low-rank causal graphs
Interventional
generator models Isolate background effects « DCD-FG
o discrepancy-VAE
E SENA
- ClENE o CPA « cycleCDR .
wa Biolord . SCCVAE
& PDGrapher wi MultiCPA e scPreGan « CausCell
A P b o ChemCPA & * PrePR-CT
z Itgg:r'f“ &t * CellDISECT o CellCap
e LPM L eicandel] il Causal mechanism shift
o SVAE+
-li
Latent arithmetic Random-matching Conti : Z\fﬁsl-?/,rAE
ontinuous
regressors regressors gene * PDAE
alterations
: S?(\;,,EE & CODEX
« scDisInFact * Salt & Pepper  MiloDE .
o tr'VAE * PRNet e LEMUR Supervised factor models
e Hotspot W+ SOFA
& GEDI A GSFA

Intervention
effectiveness

e SCEPTRE

* SCMAGeck ¢ AUGUR

« Mixscale * SCDIST
e Pert. Score . SCRANK.
o Mixscape ———>— ¥ * Vespucci
* Memento @ * Taichi

* MUSIC * MELD

Perturbation responsiveness

Structured gene
alterations

1 CellDrift
Q RIVER
QI GEASS

———

w Multi-modal data & Prior knowledge

@ Spatial data

I Temporaldata Y Perturbations  * Preprint

Foundational mo

dels

Expression embeddings

X * Prophet « scFoundation
w* C2S-Scale & GeneCompass
X scGPT & Geneformer

\ * State & scPrint

@ w Image embeddings

e

e OmiCLIP
1 * SubCell
e VirTues

Prompt embeddings

¢ scELMO
* ScGenePT
e GP+LLM

Population tracing

I schrédinger bridges

Diffusion models

e SBalign X Squidiff
e DeepRUOT o PRESCIENT
o ARTEMIS e scDiffusion

Optimal transport

A cellOT

* MOSCOT

I CoSpar

o CINEMA-OT

* Waddington-OT
wy GWOT

Y CondOT

Y scPRAM

e OT-CFM

I Flow matching

X MFM w CFGen
\ MMFM X * CellFlow
* MIOFLOW e uniPort

Mechanistic discovery

Pre-trained N
discovery 1 I Dynamical models
w | INGER * RENGE
\ SEA « RITINI
X AvICI * FLeCs
X Insilico

interventions

Causal discovery

* Bicycle * DCI
o NODAGS-Flow * NOTEARS
« DCDI o NOTEARS-MLP
* CIV * DAG-GNN
. ) & Prior-knowledge
9 Spatially informed mechanisms
interactions
* GENIE3
* MISTY W CellOracle
* SpaCeNet W SCENIC/+
» Celcomen W * SCDORI
o Kasumi Sl
w Dictys

Nature Reviews Genetics


http://www.nature.pubapi.xyz/nrg

Review article

Fig.3|Anontology for modelling alterations and response. The ontology is
organized according to five shared modelling concepts: representation learning,
causal inference, mechanistic discovery, disentanglement and population
tracing (Box 1). Although many methods integrate multiple modelling concepts
(Table 3), we have assigned each method to the concept that best representsiit.
Moreover, distinct clusters group methods by their distinctive modelling choices
(such as contrastive disentanglement, supervised factor analyses or foundational
models). Methods labelled with a geolocation symbol integrate spatial
information and those marked with a helix symbol can process multi-modal

readouts; the database icon indicates integration of prior knowledge, the
lightning symbol represents the explicit modelling of perturbations and the
hourglass reflects the integration of temporal data. Symbols next to method
group titles indicate that all methods in the group incorporate the corresponding
information. Lines throughout the figureillustrate how the distinct methods

and their core modelling concepts are interrelated and influence one another.
Methods in preprint form are marked by an asterisk. NMF, non-negative matrix
factorization; PCA, principal component analysis.

asinterpretable proxies. Other methods, for example, ContrastiveVI®
(Table 3), combine specialized latent spaces®'?*"?° with proximity
metrics™® to recover altered gene programmes. Finally, autoencod-
ers often use linear decoders®”*'*’ to estimate the effect of individ-
ual factors on the expression of genes. This strategy is akin to factor
models**”°*"and thereby enables direct interpretation, albeit at the
cost of expressive power*$%,

Nevertheless, for both linear and nonlinear models, the out-
come commonly remains co-expression programmes, with limited
information about their correspondence to known regulatory or
signalling circuits.

Improving interpretations with prior knowledge. Enhancinginferred
co-expression patterns by integrating them with prior biological
knowledge improves interpretability and helps reveal known bio-
logical processes'’. Enrichment analysis provides a foundational
approach to identify over-represented pathways and gene sets'’;
however, it often relies on incomplete prior knowledge and does not
consider specific cellular contexts?**>*>*3_To address these limita-
tions, recent representation learning methods incorporate existing
knowledge either by penalizing factor loadings®**'**, that is, con-
straining the contribution of genes unrelated to a given process, or
by applying knowledge-informed masks®"*>331*14574 which restrict
the set of genes that can define a factor to those already linked to
a pathway. The inferred latent spaces are thereby guided towards
known biological processes. These context-aware functional rep-
resentations enhance interpretability without requiring additional
omics modalities.

Many methods build on autoencoders with linear decoders that
are masked using binary knowledge priors, ensuring that latent vari-
ables correspond to predefined gene sets®”31331314314¢ Eqr example,
NicheCompass®’ uses linear decoders to identify interpretable spatial
niches by linking its latent representations to intracellular and inter-
cellular signalling. Applied to a spatial transcriptomics dataset from
patients with non-small cell lung cancer'”, this approach highlighted
potential SPP1-mediated signalling between tumour cells and infiltrat-
ing macrophages®. Alternatively, Spectra'*’ integrated a gene-gene
network to align latent gene expression profiles with prior knowledge,
additionally incorporating cell-type annotations and immunologically
relevant priors. By disentangling cell-type-specific programmes from
global transcriptional patterns, it pinpointed T cell receptor signal-
lingand CD8* T cell exhaustion in breast cancer patients treated with
pembrolizumab (anti-PD-1)*,

Enhancing extrapolations with prior knowledge. Furthermore,
prior knowledge has been incorporated into methods focused on
extrapolation through diverse strategies, such as masked encoders',
graph neural networks®'*® and graph attention mechanisms™ >,

Some of these frameworks explicitly use biological priors to enhance
interpretability™”"*°. For instance, graphVCI refines an ATAC-seq-
derived regulatory network via a sparse graph neural network,
a step that has also been shown to improve the extrapolation of
gene-knockout effects to cell types not observed during training™°.
Other methods®>871#8149152°158 including GEARS®* and CODEX', incor-
porate prior knowledge to predict the responses of unseen perturba-
tions, in which experimental data are unavailable or held out. These
approaches typically use similarities between observed perturbations,
such as known interactions or pathway co-memberships®83148149155156
representations from pre-trained models’* ™%, or chemical
encodings™***1%81% with this information being integrated either
during training83,89,]48,]49,]527]54,156 or pOSt h0C63']55.

Collectively, these methods demonstrate that using biological
priors can improve interpretability while supporting generalization
to unseen conditions. However, the choice of priors and their inherent
biases can notably influence predictions™®¢*'®! — an issue that, with
someexceptions'®, remains largely underexploredin perturbation mod-
elling. Moreover, even with theincorporation of prior knowledge, gene
modules often captureindirect effects rather than genuine signalling
interactions'®?, thus warranting caution in their application.

Towards discovering causal mechanisms

Molecular signalling and regulation are inherently directional, pro-
gressing through distinct regulatory layers, in which upstream signals
initiated in specific tissue and cell compartments trigger downstream
molecular responsesin chronological sequences. Therefore, to under-
stand why gene programme alterations occur, the regulatory interac-
tions that drive them must be uncovered. Suchinteractions are typically
represented as directed mechanistic dependencies, for example,a TF
driving expression of its target genes**'*>,

Knowledge-guided approaches. Early methods estimated undi-
rected networks from observational data using correlation or mutual
information'*; however, such statistics lack any notion of directionality
or causality. This issue has motivated the incorporation of additional
information®*'®*, such as restricting candidate regulators to known
TFs'® or additionally filtering TF-gene associations by binding-motif
presence'?, to orient edges (interactions) along putative regulatory
interactions. Building on these earlier works, recent single-cell frame-
works have formalized these strategies to refine TF-gene pairings by
using multi-omics assays, enabling the inference of more accurate
and context-specific networks®>°¢11%13618 For example, SCENIC+
implements a multistep workflow to infer enhancer-driven regulatory
networks from single-cell multi-omic data, linking TFs to enhancers
and their target genes. Building on this concept, scDoRI"*® adopts a
scalable autoencoder architecture with coupled linear decoders to
model continuous enhancer-driven gene regulatory programmes
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Table 3 | Applications and trade-offs of representative methods

Method Concepts Causal signatures Summary and application Trade-offs Ref.
Mixscale Causal inference Perturbations Quantifies heterogeneous perturbation effects by Increased power for gene 42
projecting cells onto a perturbation vector and using alteration detection;
weighted regression. Applied to Perturb-seq across may overlook biological
six cell lines, identifying context-specific and shared heterogeneity or inflate effects
gene programmes by downweighing weakly
perturbed cells
CINEMA-OT Population tracing, Perturbations Uses ICA to remove confounding signals and OT Robust to cell-type abundance 37
disentanglement, to align perturbed/control cells. Applied to airway differences; limited to
representation organoids and PBMCs, revealing shared, cell-type- observed cell pairs, cannot
learning, causal specific, and synergistic responses extrapolate to unmeasured cell
inference types or perturbations
Dictys Mechanistic discovery ~ Multi-modal, Infers GRNs from single-cell multi-omics and Biologically constrained edges 168
prior knowledge TF footprints, by solving the steady state of the improve interpretability; results
Ornstein-Uhlenbeck process, smoothed with are unstable across runs
Gaussian processes
Applied to human blood, identifying cell-type and
time-dependent regulatory shifts
GSFA Representation Perturbations Bayesian factor analysis linking perturbations to latent  High power and interpretability; 109
learning, causal gene modules limited scalability due to
inference Applied to CRISPR repression in neural progenitors, Gibbs sanjpling, ‘."’hiCh.iS
identifying novel autism risk gene effects computationally intensive
ContrastiveVl  Disentanglement, Perturbations, Variational autoencoder that separates shared versus ~ Focuses on condition-specific 62
representation multimodal (optional)  salient latent spaces to capture condition-specific programmes rather than
learning changes individual genes; limited to
Applied to Mix-seq and ECCITE-seq, recovering case-control comparisons
perturbation-induced programmes
SAMS-VAE Disentanglement, Perturbations Generative model that disentangles perturbation Flexible causal representation; 86
causal inference, effects from background using sparse additive shifts; nonlinear architecture limits
representation it can be seen as a generalization of contrastive interpretability
learning approaches to multiple interventions
Applied to CRISPR activation screens, predicting
unseen perturbation combinations
scGPT Representation Perturbations Foundation (transformer-based) model processes Powerful embeddings; 85
learning, causal (via fine-tuning) each cell as a gene sequence, including expression interpretation relies on
inference, mechanistic and condition tokens. Fine-tuned on Perturb-seq post-processing
discovery to recover attention-based GRNs and pathway
programmes
FLeCS Mechanistic discovery, Perturbations, Infers GRNs from time-resolved data via ODEs and OT  Linear GRNs are interpretable 72
population tracing temporal order, Applied to myeloid progenitor development, but can miss complex
prior knowledge, revealing lineage-specific dynamics trajectories or stochasticity
multimodal (optional)
CellFlow Population tracing, Perturbations, Maps control/perturbed populations with OT and Transfers effects between 158

causal inference

temporal order
(optional), prior
knowledge (optional)

neural ODEs, transferring effects to new contexts
Applied to PBMCs and zebrafish embryo knockouts

samples; showed that
performance depends on
sufficient observed conditions
and quality of OT maps

An expanded version of this table can be found as Supplementary information. GRN, gene regulatory network; ICA, independent component analysis; ODE, ordinary differential equation;

OT, optimal transport; PBMCs, peripheral blood mononuclear cells; TF, transcription factor.

across cell typesinan end-to-end manner. Applied to asingle-nucleus
RNA and chromatin accessibility multi-ome glioblastoma atlas, this
model was shown to uncover disease-associated TF-enhancer-gene
networks, including previously unknown MYT1L-mediated repression
asabarrier to glioblastoma plasticity™®.

Spatiotemporal approaches. Incorporating temporal and spatial
scales can aid in distinguishing direct from indirect associations'®’.
Recent methods leverage temporal information from measured
time-series trajectories®’*% or inferred cellular progressions,

such as pseudotime’521% or RNA velocity-derived trajectories'”,

thereby modelling regulatory-network dynamics that emerge or
fade during cell differentiation or following perturbation response.
For instance, as reported in a recent preprint, FLeCS”> describes
time-resolved perturbation states using ordinary differential
equations to infer static regulatory networks from interventional
data (Table 3). Moreover, by incorporating spatial information, some
methods®®"""' including SpaCeNet®® and Kasumi'”’, aim to disentan-
gle intrinsic regulatory interactions from those mediated by neigh-
bouring cells. This separation of intrinsic regulatory programmes from
microenvironment-driven signals s critical for inferring mechanisms
of cell-cell communication®.
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Causal graph approaches. Alternatively, constraint-based causal
graph algorithms' can be used to remove spurious correlations and
derive aset of directed graphs from observational data, without relying
on mechanistic or spatiotemporal information. However, the con-
ditional independence tests these methods often build on are com-
putationally demanding and tend to be statistically unstable when
applied to sparse, high-dimensional single-cell data”*"°. As a more
computationally tractable alternative, score-based causal models use
continuous optimization to automatically orient edges®”"'”%, or select
only those regulatory links whose direct, conditional associations differ
across conditions'”, Another limitation of many causal graph methods,
such as NOTEARS® and DCI'”, is that they assume acyclicity to infer
interaction direction®’"">7718 — g simplification that contradicts
biological self-regulation and feedback loops. Moreover, in particular
for methods that solely rely on observational measurements®"”"8 itis
common that multiple causal graphs can explain the dataequally well.
Consequently, the inferred causal dependencies may not be identifiable
and are potentially ambiguous™'*,

Interventional data, and particularly targeted genetic perturba-
tions, can further elucidate causal processes and improve the inference
of regulatory interactions’®”"”>%2, A perfect CRISPR-Cas9 knockout, in
the case of a TF, eliminates its expression and theoretically its activity,
effectively removingits direct regulatory edges, which can be modelled
by deleting all its causal parents in the graph. By contrast, CRISPR
interference” represses but does not eliminate mRNA production,
whichis typically modelled as altered TF expression'®’. By replicating
interventions in learned graphs, recent methods”***'¥?, for example,
BICYCLE™, canrecover cyclic causal relationships while also facilitating
the extrapolation to unseen perturbations and combinatorial effects,
withoutrelying onadditional prior knowledge’*'®2. However, in practice,
both knockout and interference screens often only partially perturb
target TF activity and may introduce off-target effects® — challenges
that current graph intervention methods overlook™.

Pre-trained foundational approaches. Most mechanistic discovery
methods generate causal hypotheses solely from the data at hand.
However, recent foundation models attempt to learn universal gene-
gene structures by training on large-scale compendia®!%1237125183,
scPRINT'?, for example, demonstrated that such foundational repre-
sentations, whenintegrated with domain-specific priors, can enhance
the agreement betweeninferred context-specific networks and known
interactions, chromatin accessibility, and perturbation data. Another
method, LINGER™, pre-trained on large-scale bulk gene expression
and chromatin accessibility data, showed that fine-tuning using
single-cell multi-omic data can prioritize cell-type-specific, disease-
relevant regulators, such as STAT1 and FOSB in inflammatory bowel
disease, with STAT1’s predicted targets being significantly enriched
for known genetic risk loci. Similarly, recent amortized causal graph
frameworks”*'®!, pre-trained on large simulated perturbation data
with known ground-truth networks, were shown to enable faster
and more stable interaction inference when fine-tuned using real
single-cell data.

Collectively, mechanistic discovery approaches typically lever-
age curated knowledge or causal graphs to infer directed regulatory
interactions in high-dimensional, noisy single-cell data, with recent
extensions further integrating spatiotemporal scales, perturbations
and pre-training strategies, or combinations thereof. However, no pro-
posed approach integrates the full suite of causal signatures, leaving
critical gaps when inferring true mechanistic regulatory networks.

Isolating entangled cellular processes
Atits core, any form of causal inference relies on disentangling direct
effects from background variability and confounding influences’. This
approachincludes removing technical factors, such asbatch or sample
effects™**, Furthermore, isolating biologically meaningful signals
requires isolating perturbation-specific and covariate-specific pro-
grammes from intrinsic heterogeneity. Disentanglement methods,
such as independent component analysis (ICA)'®, achieve this aim
by factorizing variation into statistically independent and interpret-
able components'®. One example is CINEMA-OT?, which uses ICA as
apre-processing step to derive shared representations of control and
perturbed cells; these are then coupled via optimal transport (Box 1),
allowing the model to perform counterfactual inference tasks, such as
estimating the synergistic effects of combined treatments (Table 3).
Besides theindependence assumptions used in ICA™, contempo-
rary latent-variable methods commonly impose different regularization
terms (penalties) to separate the distinct sources of variation with-
out supervision®*??*7187188 Examples of such regularizations include
applying sparsity priors>*'%8, promoting latent independence™”’
and explicitly reducing inter-factor correlations”'*”'°, For instance,
DRVI** extends the popular probabilistic framework scVI*'*° with
additive decoders that explain each latent factor separately, facili-
tating the isolation and interpretation of genetic perturbation
effects, disease-specific variation and developmental signals®*.
However, such unsupervised approaches are limited. Although
ICA can, under certain assumptions, recover disentangled latent vari-
ables, itsinherent linearity restricts its flexibility in capturing complex
dependencies'®®. Conversely, nonlinear methods capture data com-
plexity; however, without additional information or strong assump-
tions, it can be difficult to recover the true latent variables®®*1711%,
which might compromise the quality of latent cell representations®.
Therefore, incorporating supervision into disentanglement models,
forexample, by leveraging known cell groupings or perturbationlabels,
canofferarobust and effective approach toisolate expected variations.
Much of the observed variability in perturbation studies arises
from background effects, such as lineage, cell cycle and other
intrinsic sources of heterogeneity. By isolating these background
effects, researchers can, in theory, obtain unconfounded perturba-
tion processes®”®*. Recent methods have considered the contrast
between perturbed (case) and unperturbed (control) cells to learn
latent representations that distinguish shared background variation
from perturbation-induced effects. Motivated by early contrastive
mixture models'*, contrastive principal component analysis'” and
its extensions*'” isolate the variation enriched in a target condi-
tion by subtracting the shared (background) variation. In an applica-
tion to pre-transplantation and post-transplantation bone marrow
mononuclear cells from patients with leukaemia, contrastive principal
component analysis was able to isolate shared processes associated
withstem cell transplants across patients'”. Since then, multiple exten-
sions of the general contrastive framework'*>'® have been proposed,
incorporating different probabilistic priors"®°*'?’, non-negativity
constraints"%*°%?°!, non-linearities®*">'*%°22 and count-based
likelihoods®*""*"2°_ Some of these contrastive methods explicitly
partition the latent space into ‘shared’ variables, capturing common
variation, and ‘salient’ variables, encoding perturbation-specific
signals®?10N2126127198199202 A core assumption of these models is that
both perturbed and control cells contribute to learning the shared
background representation, whereas only perturbed cells inform
the salient representation. Broadly, these implementations include
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factor models"*'*’ and variational autoencoders">'?6127198199202 wjth
the latter often further enhancing perturbation-specific signal isola-
tion through statistical independence constraints®>'2*198202203 ayxiliary
neural networks™ or a combination thereof'?. A notable example
is ContrastiveVI®?, which builds on scVI-tools**° and contrastive
autoencoders'?®?°2 to disentangle perturbation-specific signals
from transcriptomic and CITE-seq perturbation screens (Table 3).
Inspired by ContrastiveVI®® and in line with statistical frameworks
that incorporate intervention effectiveness***, recent methods*'*’
introduced auxiliary classifier networks to estimate the probability
of the intended perturbation in each cell, thus further facilitating the
isolation of perturbed gene programmes.

Although contrastive methods are effective for partitioning
the learned representations into perturbation-specific and back-
ground components, this binary grouping has limitations when
multiple perturbations or a richer set of covariates are considered.
Multiple methods address multi-condition disentanglement by
learning structured representations. Some methods, such as
scDisInFact?*® and MultiGroupVI'?, partition latent space into
perturbation-specific components along with a shared background
space'*?°12% whereas others also explicitly model covariate-specific
effects, such as those observed across different cell types or cell
lines®378150.153154.20¢ 'Many methods, including Biolord®® and SOFA™,
also account for residual variation from basal and/or unknown
sources’86 11128 13L150.152153.204207 whereas others explicitly model the
interactions between perturbations and covariates">?°,

Predicting counterfactual effects

Perturbation responses vary across individual cells, cell types and tis-
sues, driven by both stochastic fluctuations and intrinsic cues’™*’. To
accurately predict how cells might behave under unobserved condi-
tions and to make valid counterfactual predictions, methods must
identify the underlying causal mechanisms of cellular processes’. Ide-
ally, this task requires preserving both single-cell heterogeneity and
population-wide effects. Inturn, achieving this necessitates overcom-
ingthe destructive nature of single-cell sequencing, which prevents the
longitudinal tracking of the same cell. Although some methods, such
asregressor-based”**' or generator-based®>**"#1%151209 gpproaches,
focus on estimating the population-average effects of perturbations by
randomly matching control and treated cells or primarily relying on cell
annotations, they may smooth over cellular heterogeneity and over-
look cell-specific responses”®. To address this challenge, other methods
attempt to attribute variation across cells to specific sources, such as
treatment effects versus cell type-specific or basal expression, thus
disentangling them and enabling extrapolation®®7886131150.152153.206,207
Another class of approaches computationally traces cell populations to
map their distributions across conditions, thereby naturally capturing
general trends and individual-cell variability**', while also providing a
framework that can be adapted for counterfactual predictions®*"%,

Isolating and extrapolating perturbation effects. Disentanglement
provides one approach to capture heterogeneity, thereby potentially
improving not only interpretability but also accuracy for prediction
tasks such as predicting cellular responses’. As such, it bridges the
gap betweenunderstanding (Whatis?) and extrapolating (What could
have been?).

Early autoencoder-based methods drew inspiration from
case-control analyses toisolate population-level perturbation effects.
These methods first compress high-dimensional expression profiles

into a shared latent space. Using latent space arithmetic, they then
quantify the perturbation effect as the difference between the con-
trol and perturbed cells’*""*°>?"", A prime example is scGEN, which
computes a latent difference vector that is linearly added to the rep-
resentation of unperturbed cells and then decoded to predict their
(counterfactual) perturbed state, enabling, for instance, the prediction
of cell-type-specific IFNB response in unseen cell types’.

Building upon these early autoencoder approaches and intro-
ducingexplicitdisentanglement, recent methods isolate perturbation-
specific or covariate-specific effects within latent embeddings,
separating them from background expression’886131150.152153,204,206,208
To achieve this, CPA’® adopted an adversarial strategy that encour-
ages perturbation-specific and covariate-specific information to be
captured exclusively within their dedicated embeddings rather thanin
the basal representation. Inturn, thisapproach enables the prediction
of previously unseen combinations of conditions, including combi-
natorial perturbations’. Since then, multiple methods with distinct
disentanglement strategies have been proposed!?3015%204205207.208
For instance, some generate virtual counterfactuals or use
sequential autoencoders for case and control samples to construct
disentangled latent states™. Note that accurately capturing the effects
ofthe perturbations requires effectively disentangled states. However,
this remains a challenging task, in which suboptimal strategies can
compromise predictions®®¢19%193:213,

In contrast to methods that learn a mapping of transcriptomic
data into lower-dimensional latent representations, another class of
approaches®*$148149151209 b rimarily relies on perturbation and covari-
ate labels to generate counterfactual cell profiles. Given an experi-
mentwith balanced and unconfounded condition assignments, these
models canlearndisentangled representations for observed or known
attributes, thereby bypassing the need toisolate entangled cell-count
profiles and potentially enhancing extrapolation performance®**'*,
Nevertheless, although this strategy simplifies the generative pro-
cess, it is constrained to known cell annotations, which might limit
the capacity to account for subtle, cell-specific heterogeneity®**°'°,
Onesuchapproach, GEARS®, leverages gene co-expression networks
and computes prior-knowledge similarities between genes, based
on shared gene ontology annotations, to enable the extrapolation
to unseen perturbations. Applied to a CRISPR activation screen with
both single and paired gene perturbations®’, GEARS recapitulated
single-gene perturbations and combinatorial responses in which one
orboth target genes were unobserved®.

Complementary to these specialist models, foundation mod-
els are pre-trained on millions of single-cell profiles from diverse
experiments®1237125183210 and often additional priors'>*'*, with the
aim to learn versatile and context-specific representations. Their
resulting cell and gene embeddings, when combined with pertur-
bation models, such as CPA’® or GEARS®, were shown to improve
extrapolation performance compared with these specialist models
alone?*12157213214 Therefore, foundational models potentially provide
a distinct form of context-aware priors that capture complementary
biological facets'®"*>*,

Some foundational models also treat perturbation predic-
tion as an in silico editing problem, by altering gene-level inputs
(silencing, overexpressing or re-ranking genes) to infer perturba-
tion effects''®, a strategy that parallels in silico predictions from
observational data using network-propagation approaches®>¢10
orsome generative models”>'”>, Other foundational models combine
or fine-tune their representations, pre-trained on observational data,
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with perturbation effects estimated using subsets of randomly paired
control-perturbed cell profiles®*°. This approach enables scGPT* to
learnthe transition from baseline to perturbed states, which, combined
with perturbation tokens andits pre-learnt gene-to-geneinteractions,
allows the prediction of unseen post-perturbation expression profiles
without the need for additional priors (Table 3).

Although these advanced generative models have pushed the
theoretical boundaries of predicting perturbation effects, itis critical
toground their promise in empirical reality. Recent benchmarks have
shown that simpler linear or additive baselines can match or outper-
formthese models, eveninchallenging extrapolationtasks that should
favour complex, nonlinear methods®*72,

Learning causal representations. The recently formalized field of
causal representation learning sits at the intersection of disentangle-
ment and causal inference, combining latent spaces generated using
deep generative models with causal semantics™. Inspired by this field,
emerging methods learn causally disentangled gene programmes and
align each factor with known interventions®7°86147212.222,

Building on the theory that interventions affect only a sparse
subset of mechanisms'”®, SVAE+’ proposed a variational autoencoder
architectureinwhicheach perturbationis modelled as asparse on-off
mask over subsets of latent factors. This effectively maps explicit
graph interventions to latent spaces, yielding representations in
which perturbations act on shared biological processes®. A recent
extension’ further enabled the prediction of tumour expression
alterations under specific gene knockouts or cell-state shifts. Closely
related methods®**?, for example, SAMS-VAE®® (Table 3), proposed
modelling intervention effects as linear or sparse additive shifts that
formagraph, whose combined effects enable the prediction of unob-
served combinatorial perturbations®®??2, Notably, the sparsity priors of
these methods"? mirrorarich tradition®” of factor models>!*% 1-143144)
inwhich, in particular, GSFA'*’ uses known perturbation labels to infer
alinear graph frominterventions through factors to genes (Table 3).

Beyond constructing intervention-to-latent factor graphs, some
methods also learn links directly among latent programmes’>'+7#12224,
For instance, DCD-FG” learns interpretable low-dimensional graphs
from perturbation data. InIFNy-treated melanomacells, it recovered an
anticipated IFN-response programme, further linking its upstream driv-
ers IFNGR1/2 and JAK2 to downstream antigen-presentation genes’.
Similarly, discrepancyVAE*? constructs latent causal graphs by aligning
virtual counterfactuals with observed interventions, while enforcing
disentanglement between control and perturbed states to enable relia-
ble counterfactual predictions for combinatorial perturbations. SENA,
its pathway-informed successor'”, further connects latent dimensions
to curated biological knowledge, shown to improve interpretability
without sacrificing predictive performance.

By projecting high-dimensional expression profilesinto compact,
perturbation-aware latent spaces, these methods markedly improve
scalability over conventional causal frameworks*’¢, They also general-
ize robustly under out-of-distribution shifts**’>??>?**, while retaining
some mechanistic interpretability through the direct mapping of
interventions and learned biological processes.

Tracing and extrapolating across conditions. Optimal transport pro-
vides aframework for connecting unpaired samples across pre-defined
sample groups, such as control and perturbed cells*”**%?%, cells across
time points®?2°2?% or cells across spatial scales®*® (Table 2). These
optimal transport maps preserve the natural variability of cellular

populations and individual-level effects by re-establishing relation-
ships between control and perturbed cell states, as well as ancestral
pairs®. Forinstance, to model the development and estimate prolifera-
tion and death rates for induced pluripotent stem cells, a pioneering
work?” established optimal transport maps between successive time
points, allowing the identification of TFs and paracrine signals driv-
ing cell-fate decisions. To generalize across contexts, recent work has
proposed learning parameterized transport maps®®*° inwhich CellOT
trains a pair of convex neural networks that enable the transfer of per-
turbation effects to unseen species, patients and cell types®. A recent
extension® further considers perturbation covariates, such as drug
identity or dosage, tolearna context-conditioned global map, enabling
ittogeneralize to unseen treatments and perturbation combinations.

Optimal transport mappings are also routinely used to generate
counterfactual cell pairs as a pre-processing step by specialized flow
matching frameworks that trace each cell’s optimal transport trajec-
torywith neural differential equations®**??%2*! These frameworks can
model data-driven geodesics through the gene expression space” or
further condition the learned flows on experimental perturbations to
capture treatment-specific dynamics®*® or on cell-type labels to model
lineage-specifictrajectories™®*!, Therefore, in contrast to approaches
that approximate dynamics by modelling regulatory associations or per-
turbationsin static data’®'**'¥>**2 flow matching naturally extends tolon-
gitudinal settings, allowing drug-perturbation or genetic-perturbation
responses to be modelled over time®""®, For instance, CellFlow"® uses
conditional flows to predict the effects of chemical compounds and
developmental genetic perturbations (Table 3).

However, because most observational and interventional screens
often lack temporal ordering or contain only widely spaced discrete
time points, flow matching commonly uses linear trajectories between
time series or pre-perturbation and post-perturbation cell states as its
priors®5822822 pseydotime or velocity estimates, albeit being inferred
proxies of transcriptional dynamics, offer a more granular view on
potential cellular progression paths***** and can thus facilitate learn-
ing nonlinear state transitions. For example, TrajectoryNet** penal-
izesthe gradient of the learnt flow if it diverges from the RNA velocity
estimate, thereby ensuring that the inferred trajectories align with the
expected dynamics of gene expression. Similarly, FLeCS’* uses optimal
transport combined with linear differential equations to align cell
states across consecutive pseudotime bins and refines prior knowledge
networks to capture perturbation-dependent cell dynamics (Table 3).

Although flow matching assumes deterministic trajectories, cel-
lular development s a highly stochastic process, subject to unmeas-
urable extrinsic influences and intrinsic biological noise. Recent
frameworks couple cell states using Schrodinger Bridges** > or
generate biological data with diffusion processes®**>**, Schrodinger
Bridges infer probabilistic cell trajectories — making them a fitting
choice to model stochastic processes, such as differentiation and
bifurcation®%**®, Diffusion models, on the other hand, are nonlin-
ear generative models that typically use iterative denoising steps
to transform random noise into structured data®****°, Further-
more, cellular differentiation can be directly represented using a
diffusion process; for instance, PRESCIENT**’ models the evolution
of cellular states using a drift term in combination with Brownian
noise to predict both cell-fate transitions and outcomes of genetic
perturbations. Moreover, CausCell** integrates a causal graph with
adiffusion model to disentangle causally related biological patterns
and enable the controllable generation of counterfactuals. Applied
to mouse brain single-cell data, CausCell extrapolated cell profiles
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in later time points, recovering known gene expression trends and
ageing signatures®.

Taken together, these distribution-alignment approaches
offer an alternative to disentanglement-focused generative
methods’®86121150.152153.206208 hroyiding a principled solution to model
perturbation effects and describe cellular transition dynamics’*5"%8,
However, tracing cell populations often relies on optimal trans-
port formulations, which are typically computationally costly in
high-dimensional spaces and can result in suboptimal mappings for
highly divergent cell populations®**.

Modelling and evaluation challenges

Anotable challenge for many methodsis the mismatchbetween model
complexity and the completeness of information availablein the data.
Although single-cell datasets are rapidly growing in size and conditions
covered****¢, they remain noisy****!, composed of pseudo-replicates”*?,
and confounded by technical*® and biological artefacts**°. Additionally,
large-scale atlases capture realistic tissue contexts but are typically
not amenable to targeted perturbations. Conversely, although per-
turbation processes have animpact on entire tissues and organsin live
organisms>*, interventional screens cannot capture the full biological
context””** as they typically rely on simplified models, such as cell
lines or organoids, providing incomplete coverage of systems-level
dynamics'®, interactions across molecular layers* and spatial scales™.
Therefore, inferring causal dependencies is compounded by a lack of
causal sufficiency”, as essential factors — including temporal order,
post-translational modifications and microenvironmental cues — are
typically unmeasured”. Finally, as the expression of individual cells
can generally be measured only once, most single-cell assays cap-
ture unpaired transcriptomic snapshots. These gaps allow spurious
patterns to appear as causal links'**"7*?** affecting both interpreta-
tion and extrapolation. Consequently, many computational meth-
ods inherit these limitations and, without incorporating further
assumptions or datasignatures, remain restricted to observable gene
alteratiOns42,9(),93,96,98,100 or CO‘eXpreSSiOn programmeS67,1()9,11(),114,142,143.

To move beyond simple co-expression patterns, methods often
incorporate curated biological databases and established regulatory
l’elationships intO their prediCtion566,()7,72,82,95,11‘),123,132*136,142*144,146,147,1()(),168,183.
However, recent findings suggest that the observed performance
benefits may be attributable to implicit network sparsity encoded
by such priors rather than the biological information they contain®®.
Additionally, relying on existing curated knowledge can bias the results
towards well-studied biological pathways', often lacking cell-type
specificity***>"*>!*_ By contrast, causal graph methods® 782175179182
infer directed regulatory interactions from observational and inter-
ventional data without relying on prior knowledge. However, these
approaches are often computationally demanding and tend toimpose
strong assumptions. Moreover, the uniqueness of their inferred
causal relationships cannot be guaranteed in practice, often lead-
ing to unstable and divergent results”'**'”*, Finally, even advanced
mechanistic discovery methods, incorporating multi-omics data or
perturbational readouts, often fail to recover expected regulatory
relationships'¢%176244,

Despite their differences, many extrapolation-focused approaches
rely on deep learning models and shared principles. Commonly, per-
turbations are assumed to induce sparse effects that are confined
to a subset of genes or pathways**®, or to bring about cellular tran-
sitions that evolve smoothly and incrementally®°. However, these
assumptions falter under experimental settings that involve broad

transcriptional changes, such as distant time points or large-scale tissue
reorganization®*’, Furthermore, although the expressive capacity of
deep learning is well-suited to model the inherently nonlinear signal-
ling cascades, the non-independence of pseudoreplicates, limited
coverage and confounding sources of variation may render models
prone to overfitting. Therefore, although current methods perform
adequately when evaluated on data closely resembling their training
distribution, their extrapolative performance degrades when applied
tounobserved conditions, such as unseen perturbations or cell types.
These concerns are reinforced by recent benchmarks reporting that
simplelinear or additive baselines often match or outperform state-of-
the-art specialist and foundation models when predicting unseen
conditions?”??**¢ or combinatorial perturbations®?>?2°?? Specifi-
cally, several studies found that foundation models underperform,
even after fine-tuning”®**, suggesting their representations may fall
short of being generalist?”?'%?22%7_Although the strong compara-
tive performance of simple baselines may partially arise from sub-
optimal evaluation metrics?*°**%, these results possibly reveal a core
limitation: current methods capture systematic differences arising
from confounders or selection biases while omitting the specificity of
perturbations®’, and by extension, their context-dependent effects.
Collectively, these challenges underscore the importance of
standardized model evaluation and benchmarking efforts?*. To
objectively assess and quantify methodological advances, common
baselines®**?, biologically relevant metrics'®**321%220248230 representa-
tive benchmark datasets®” and reliable ground-truth information'*®'7
will be essential. Furthermore, adopting existing benchmarking
frameworks'¢%1¢+17623.217 platforms®' and community challenges*>**
can provide an additional level of transparency and reproducibility,
thus facilitating the uptake of emerging best practices or methods,
and ultimately accelerating their translation into clinical workflows*"’.

Outlook and conclusions

Single-cell resources have grown exponentially, with high-throughput
perturbation screens***¢, curated compendia®****>*** and auto-
mated agentic workflows™> continuously expanding the volume of
available data. Building on these resources, there are major oppor-
tunities to model the causal programmes that govern cellular alter-
ations and extrapolate responses to unseen conditions. In silico
predictions are already used to guide future experiments, with new
datasets in turn facilitating the evaluation and refinement of exist-
ing models. The field is also progressing towards a more automated,
closed ‘experiment-prediction’ loop****, as demonstrated by proof-of-
concept studies that build on active learning strategies™*'*° or autono-
mous agents*°, Currently, these iterative processes remain limited
by fragmented and context-specific views'; although some methods
incorporate spatial scales, temporal dynamics or multi-layered regu-
latory interactions, none can currently address all these dimensions
simultaneously. Advances therefore require integrating diverse data
types and causal signatures to resolve when, where and through which
molecular layers perturbations propagate.

Longitudinal experimental designs, along with inferred cellular
progressions®**?**, are increasingly used to model cellular dynam-
ics across time and under endogenous or deliberate perturba-
tions®72818296158168 Complementing inference from such snapshot
designs, technologies, such as clonal lineage tracing®’ or non-destruc-
tive live-cell sequencing”® and microscopy-based profiling”’, can
provide temporal resolution through progenitor fate mapping
and direct cell tracking. In parallel, recent experiments further add
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Glossary

Agentic workflows

A computational process in which
multiple task-specific models (agents)
autonomously collaborate to plan and
execute a sequence of tasks, attempting
to achieve a complex common objective
with minimal human intervention.

Autoencoders

Types of neural networks that learn
a compressed, low-dimensional
representation (encoding) of input
data and then reconstruct (decode)
the original input from the (typically)
compressed encoding.

Causal graph models

Statistical models that represent
cause-and-effect relationships through
a structured graph in which variables
are represented by nodes and causal
influences by directed edges.

Causal mechanisms

Directed, causal interactions between
specific molecules through which
signals propagate.

Counterfactual

A hypothetical outcome representing
what would have occurred under
alternative conditions or different
interventions from those actually
observed.

Diffusion models

A class of generative models that
systematically introduce noise into data
and attempt to reverse this process

to generate new data by modelling
complex probability distributions.

Embeddings
Low-dimensional vector (or matrix)
representations of an entity, such as
a sample, feature or condition, that
capture its relevant properties and
relationships.

Factor models

Statistical models that represent
observed variables as linear combinations
of lower-dimension latent factors plus
noise, in which each factor captures
shared variation among the variables.

Causal signatures

A set of observable variables that reflect
the underlying causal processes, such
as perturbations, cellular heterogeneity,
regulatory layers, and temporal and
spatial scales.

Conditional independence
The mutual status of two variables that
no longer provide information about
each other once other variables are
accounted for.

Confounders

Extraneous factors that, if not controlled
for, can produce misleading or spurious
associations between variables of interest.

Gene programmes

A coordinated set of genes that
represent shared biological functions
and responses.

Generalize

To maintain performance and validity
across datasets or conditions beyond
those used during development or
training, indicating robustness and
broader applicability.

Generative models

Models designed to learn the
underlying distributions of datasets,
in order to generate new, similar data
from them.

Identifiable

A model's parameters or solutions

are identifiable if they can be uniquely
determined from the available data
under the assumed model.

Interventions

Deliberate actions to manipulate a
biological variable or process within a
system to observe their effects.

Latent spaces

Abstract representations of the data
that capture the essential features
and relationships in low dimensions.

Latent variable

A hidden or unobservable

variable that cannot be measured
directly but is inferred from observable
data, ideally representing the
underlying factors or structures
influencing the observed
measurements.

Optimal transport

A method used to pair distributions

of cells (for example, control and
perturbed) in a cost-efficient way, while
preserving overall mass.

Ordinary differential equations
Equations or sets of equations

that describe a rate of change

of a quantity (for example, RNA
degradation rate).

Perturbations

Disturbances or deviations from
a system’'s normal or steady state,
which can be intentional or
unintentional.

Prior knowledge

Information about a biological

system, such as molecular interactions,
pathways or phenotypic relationships,
collected or estimated from diverse
experiments and data modalities.

Pseudotime

An estimate that orders cells

along a continuous trajectory,

such as differentiation, by using

the similarities in their gene expression
profiles.

RNA velocity

An estimate of the time derivative of
gene expression states, commonly
calculated by analysing the ratios of
spliced to unspliced messenger RNAs.

Spurious correlations
Relationships between pairs of
variables that seem to be causal
but are solely coincidental or owing
to the influence of third variables
linking them.

Supervised

A machine learning paradigm in
which a modelis trained on input
features paired with known labels
or outcomes.

Transformer

A neural network architecture based
on attention that processes data by
computing pairwise relationships
between elements in parallel.

Unsupervised

A machine learning paradigm in
which a model learns from input
data without access to known labels
or categories.

three-dimensional spatial mapping at consecutive time points*°, per-
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inlivingmouse models, which, when coupled with subsequent spatial

261-264

mitting the alignment of spatiotemporal cell trajectories**. Together,
these advances promise an integrated, dynamic view of continuous,
context-specific regulatory networks that not only trace the directed
signalling sequences triggered by perturbations®728215816 pyt also
reveal the niches within which these signals manifest. To translate
these context-specific networks into causal insights, experiments
must also resolve tractable interventions in vivo. Recent advances in
CRISPR-based perturbation technologiesinduce geneticinterventions

profiling , enable the probing of how tissue-scale heterogeneity
and controlled interventions interact. To fully leverage these pertur-
bations, existing spatially informed methods®®'”""'”* can be adapted to
model intervention status, spatial niches and cell-cell interactions,
thereby decomposing post-perturbation readouts into intracellular
and intercellular causal networks.

Complementary to such spatially resolved data, multi-omics infor-
mation continues to have a key role for inferring mechanisms from
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observational data®>**"**¢ with emerging interventional multi-modal
atlases further providing direct causal anchors across layers**263265266,
Theseresources will also help advance methods for cross-modal predic-
tion, opening up less accessible molecular readouts for mechanistic
analysis*****?¢2%° Technically, foundational models are already able
to learn representations from gene expression and biological text”°
or predict diverse readouts”’, with the promise of generalizing across
studies and modalities. Inaddition, whole-slideimages areincreasingly
used to complement omicslayers, with recent methods aligning image
datawithmolecular profiles to obtain versatile representations of mul-
tiplexed readouts and tissues?*****?”?, disentangle spatial cues®”>, and
support generalization to unseen molecules, tissues or patients?%>%,

Finally, as interventional atlases become available in relevant
contexts, we foresee new opportunities for integrating single-cell
profiles with natural genetic variants from (observational) population
studies®****°, Among other insights, this willadvance our understand-
ing of variant effects across cellular scales and reveal the molecular
makeup of genetic risk factors for human disease.

In conclusion, technological and methodological advances remain
inseparable. However, current datasets reveal only partial views of
the causal landscape, leading existing models to conflate correlation
with causation, thus limiting their mechanistic insights and extrapo-
lative capabilities. Resolving this gap will require new experimental
designs and models that jointly span multiple causal signatures —
extending current genome-wide screens towards combinatorial and
context-dependent perturbations, further embedding them in spa-
tially and temporally resolved settings, and integrating multi-omic
layers or curated priors. In the near term, progress will likely focus
on integrating the signatures that are already within reach and, over
time, combining theminto unified models spanning the full spectrum
of causal evidence.

Published online: 02 January 2026
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