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SUMMARY

Cell biology is fundamentally limited in its ability to collect complete data on cellular phenotypes and the wide
range of responses to perturbation. Areas such as computer vision and speech recognition have addressed
this problem of characterizing unseen or unlabeled conditions with the combined advances of big data, deep
learning, and computing resources in the past 5 years. Similarly, recent advances in machine learning ap-
proaches enabled by single-cell data start to address prediction tasks in perturbation response modeling.
We first define objectives in learning perturbation response in single-cell omics; survey existing approaches,
resources, and datasets (https://github.com/theislab/sc-pert); and discuss how a perturbation atlas can
enable deep learning models to construct an informative perturbation latent space. We then examine future
avenues towardmore powerful and explainablemodeling using deep neural networks, which enable the inte-
gration of disparate information sources and an understanding of heterogeneous, complex, and unseen
systems.
INTRODUCTION

Modeling and predicting the effects of perturbations is a key task

of systems biology, e.g., for identifying pathway components af-

ter knockdowns, cellular response to stimuli, or factors in tissue

growth and regeneration. Fundamentally, an accurate under-

standing of perturbation at the systems level—from binding or

docking, to downstream effects and organ-level phenotypes—

requires knowledge of the relationships between mechanisms

at a molecular, cellular, and tissue level. Perturbation experi-

ments, in which a basal cell-state changes due to an external,

controlled event, capture various pieces of these mechanisms,

as characterized by biomarkers, cell viability, and drug-protein

interactions, to name a few.

Historically, to capture these perturbation mechanisms at

scale, various institutes and consortia created systematic data-

bases. In vitro drug screens are a common starting point in

studying drug effect, so such results and annotations have

been collected in databanks such as the Genomics of Drug

Sensitivity in Cancer (Yang et al., 2013), the Cancer Therapeutics

Response Portal (Basu et al., 2013), and the Connectivity Map

(Lamb et al., 2006; Subramanian et al., 2017). Other databases

such as PharmacoDB (Smirnov et al., 2016, 2018) and DrugBank

(Wishart et al., 2018) do not have data per in vitro cell line but per

drug, recording general information such as compound targets

and chemical properties. To provide a common language for

describing compound effects, community efforts striving to

‘‘unify biology’’ curated the gene ontology (GO) (Ashburner

et al., 2000), with additional lists of phenotypes available within
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a landscape of enrichment tools (Huang et al., 2009; Chen

et al., 2013; Liberzon et al., 2015; Kuleshov et al., 2016). The

combination of these and other databases proved to be useful

for many discoveries in perturbation biology through computa-

tional and statistical power.

Following this data generation, the past decade of machine

learning (ML) for perturbation modeling has used these large-

scale data to develop, train, and test modeling approaches. By

combining these sources of information, classical ML models

have been able to solve tasks such as identification of protein

targets and compound-cell line IC50 prediction (Rees et al.,

2016; Yang et al., 2018b). More recently, deep learning (DL),

popular for its flexibility and power to learn complex relation-

ships, has been applied to chemistry and sequence data through

convolutions (Gao et al., 2015; Kuenzi et al., 2020), as well as

proving fruitful for toxicity prediction from chemical structure

(Yang et al., 2018a; Karimi et al., 2019), and cell line sensitivity

prediction from somatic mutations (Chang et al., 2018; Chan

et al., 2019), and emerged as a resource in perturbation

screening (Chandrasekaran et al., 2021). However, elucidating

the molecular mechanisms behind perturbation biology have

seen less success with deep neural networks, and differences

in cell response to perturbations remained poorly understood

for the vast majority of compounds.

This manuscript focuses on more recent developments that

have emerged as the increasing availability of high-throughput

multi-omic data hasmade it possible to leverage DLmethods to

establish more fine-grained and predictive models for the

above tasks (Zhou and Troyanskaya, 2015; Eraslan et al.,
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2019; Zheng and Wang, 2019; Wu et al., 2020). In particular,

single-cell profiling methods that generate data with a high

number of observations enable training DL models on the tran-

scriptional, proteomic, and epigenetic level, which was previ-

ously untenable due to the low number of observations (Hua

et al., 2005). This high sample size makes it possible to simulta-

neously model heterogeneous cellular responses along multi-

ple axes of variation. The foremost example is single-cell RNA

sequencing (scRNA-seq), which captures the full heterogeneity

of response in hundreds of thousands of cells, augmenting pre-

viously low-dimensional data like drug-cell line viability and

dose response curves (Goldman et al., 2019; Wu et al., 2020).

Because they provide more examples and more variation, sin-

gle-cell data potentially allow models to extrapolate to unseen

events, with fewer experiments. This is specifically made

possible by the core DL concept of latent space representa-

tion—a distilled representation of the genomic, epigenomic,

or proteomic features, which capture the cellular characteris-

tics relevant for understanding and predicting a cell’s response

to perturbation. This space is constructed as the model iden-

tifies and assigns importance to recurring patterns in the

data—the co-regulation of a set of factors in a pathway after

perturbation, or cell-type markers indicative of cell state,

thereby also providing insight into defining characteristics of

cells (Way and Greene, 2018). Another way to understand latent

space representations is by seeing them as a type of data

compression, similar to a PCA, t-SNE (van der Maaten and Hin-

ton, 2008), or UMAP (McInnes et al., 2018) representation but in

higher dimensions. For instance, a two-dimensional auto-

encoder latent space representation is very similar to t-SNE.

Generative models (Sohn et al., 2015; Lopez et al., 2018) use

this concept to allow implicit modeling of the interaction be-

tween cell states and sample (i.e., batch and treatment) effects.

Supervisedmodels, which compress the data into a bottleneck,

learn patterns of cell-state perturbations.

Despite these advantages, andmany approaches to perturba-

tions with microscopic or cellular readouts (Bray et al., 2016;

Subramanian et al., 2017; Ye et al., 2018), perturbation modeling

and DL in single-cell omics have been largely disparate fields.

The most likely contributing factor is a lack of at-scale single-

cell perturbation datasets, with a high number of perturbations

and/or conditions. DL is data hungry—complex models have dif-

ficulty learning generalizable solutions for high-dimensional

problems without both many samples and a large number of

perturbation conditions (classes). Furthermore, the confounding

of batch effect and different experimental variables make it diffi-

cult to combine perturbation datasets from separate experi-

ments. However, with appropriate data, perturbation model

development can see the same explosion in DL development

and performance that followed ImageNet (Russakovsky et al.,

2015) in the 2010s, which was driven by both standardized

data and benchmarks. With the goal of pushing single-cell

perturbation modeling along the same direction, we highlight

here similar steps that can be taken. We first propose a general

set of objectives of perturbation modeling for single-cell omics in

order to contextualize current approaches, as well as datasets

that address these objectives. We then discuss future directions

of the emerging field, which center around effectively

leveraging DL.
PERTURBATION MODELING OBJECTIVES

To provide a framework for summarizing the varied and some-

times scattered landscape of perturbation modeling, we outline

four objectives that the field aims to solve (Figure 1). We define

an objective as a solvable task, which comes with evaluation

metrics that quantify performance. Common themes in exam-

ining cellular response to perturbation include categorizing the

kinds of cellular states we hope for models to capture, as well

as the conditions that constitute a perturbation dataset, both

classically and in the more recent context of single-cell data.

We address this by asking models to reconstruct and quantify

cellular response, and predict drug targets, interactions, and

chemical properties (Figure 1). These objectives can serve as

guiding categories for scientists embarking on this field. More-

over, they can serve as benchmarking tasks for the ML models

themselves and through that, define a common language for es-

tablishing validity of methodology contributions to perturbation

modeling.

Perturbation response prediction
By predicting the unseen omic signatures and phenotypic mea-

surements in a cell line after perturbation (Figure 1A), a model

captures relevant associations of the biological underpinnings

of the effect of perturbation. An example of predicting omic sig-

natures (Figure 1Ai) might be predicting RNA expression of a cell

type after perturbation. Successful completion can be measured

by metrics such as the correlation between real and predicted

means and covariances (Lotfollahi et al., 2019, 2020b), with addi-

tional importance placed on the prediction of markers. An

example of predicting phenotypic measurements (Figure 1Aii)

might be predicting IC50 values for a cell line and a perturbation,

given the IC50s of the perturbation in other cell lines. Successful

completion can be measured by classical regression metrics.

Such phenotypic measurements are often immediately relevant

for drug discovery; for example, drug sensitivity prediction for in-

tratumoral heterogeneity (Shalek and Benson, 2017; Dagogo-

Jack and Shaw, 2018; Goldman et al., 2019) may apply when se-

lecting a chemotherapeutic tailored to a patient.

Target and mechanism prediction
Learning the features of and predicting underlying targets and

mechanisms (Figure 1B) is the primary way of making perturba-

tion modeling relevant for generating biological understanding

(Schenone et al., 2013). An example of this task is predicting

the protein targets and pathways activated by a compound.

Successful completion can be measured by classification met-

rics such as precision and recall using the putative pathways

and targets for well-characterized compounds. A model that

performs well in this task can be used for characterizing novel

compounds (Hu and Lill, 2014; Sydow et al., 2019), estimating

side effects (Ietswaart et al., 2020; Seo et al., 2020), or repurpos-

ing in drug discovery (Seo et al., 2020).

Perturbation interaction prediction
This task covers the broad category of characterizing and pre-

dicting the synergy (Meyer et al., 2019) between pairs of pertur-

bations (Figure 1C). Compound or genetic perturbation pairs can

either have categorical labels (e.g., synergistic and antagonistic)
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Figure 1. Perturbation modeling objectives as machine learning problems
Here, trapezoid blocks represent any machine learning model, with adjacent light blue rectangles indicating omic data input. Horizontal bar plots indicate in-
stances in which a model output might be categorical, and thus produce a prediction as a ranking from most to least likely.
(A) Perturbation response prediction. (i) Omics measurements: predicting the transcriptional or other omic signatures after a perturbation, where the input might
contain information about the control condition and variables describing the treatment. Themodel prediction (x̂) can be evaluated using the correlation of features
with respect to the true values (X). (ii) Phenotypic measurements: predicting continuous scalar descriptors of cell-line response such as IC50, area under the dose
response curve, toxicity, or viability.
(B) Target and mechanism prediction: predicting canonical targets and mechanisms of perturbations using omic measurements. Each red, blue, and green dot
represents a compound in somemodel representation, which can be used to predict compoundMoAs. Amodel which performswell will be able to assign anMoA
even to a previously uncharacterized compound (light blue).
(C) Perturbation interaction prediction: predicting combinatorial effects of perturbations, both to understand genetic wiring and synergistic effects. Illustration
adapted from Meyer et al., 2019. We can understand this problem as characterizing response curves across pairwise combinations of compounds. The graph
depicts an example problem, in which some drugs pairs are synergistic (green), some antagonistic (red), and a model is asked to predict the unknown interaction
between two drugs (black).
(D) Chemical property prediction: given an omic measurement, predict chemical properties of perturbations, like R groups, molecular fingerprints, pharmaco-
phores, or the complete compound. A model might provide probabilities for which chemical properties the compound contains or predict the compound itself.
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or continuous synergy scores, and successful completion can be

evaluated with classification or regression metrics, respectively

(Menden et al., 2019). This task has been increasingly relevant

for developing combination therapies (Bayat Mokhtari et al.,

2017). Alternatively, for genetic perturbations, understanding

the interactions between genetic targets elucidates network ef-

fects. An additional modeling consideration for genetic perturba-

tions is that, unlike in small molecule screens, information from

knock up, down, and out experiments (Xiao et al., 2015) can

be combined for training of a common model.

Chemical property prediction
Predicting cell-type-unspecific chemical qualities of perturba-

tions based on biological data (Figure 1D) is a primary way to

connect biology with chemistry (Camacho et al., 2018). An

example is de novo generation of small molecules given a tran-

scriptomic profile (Méndez-Lucio et al., 2020), or prediction of

classification labels such as R groups and pharmacophores.

For the former, successful completion can be measured by the

Tanimoto similarity of the in silico compound with an existing

compound, as well as comparing shared structures. For the

latter, standard classification metrics can be used. Connecting

biological features to chemistry features is critical for assessing

compound effect and toxicity without a need for in vitro experi-

ments. Alternatively, for genetic perturbations, this task is formu-

lated as predicting genetic sequence from omic profiles and

might make use of the biological structure, for example, by

modeling motifs or k-mers. Such a model would be able to

assess genetic perturbation effects without a need for in vitro ex-

periments and, as in the third objective (Figure 1C), potentially

elucidate network effects.

CURRENT APPROACHES FOR PERTURBATION
MODELING IN SINGLE-CELL OMICS

There exists a large body of literature that addresses the above

modeling objectives with both systems biology and DL ap-

proaches applied on bulk epigenomics, transcriptomics, and

proteomics, small molecule phenotypic screens, in vitro cell

line characterizations, and clinical measurements, which is re-

viewed, among others, by Patel et al. (2020) and Camacho

et al. (2018). In the context of the more recently developed sin-

gle-cell genomics and mass cytometry methods, the literature

is relatively scarce. The latter field (‘‘perturbational scRNA-

seq’’) first emerged from methods used to analyze data from

combined CRISPR and scRNA-seq experiments (Adamson

et al., 2016; Dixit et al., 2016; Datlinger et al., 2017). More

recently, single-cell perturbation experiments have become

more prolific, and perturbationmodeling starts to become estab-

lished as a distinct category in the field, with much expected

growth.

We provide a review of existing single-cell omics perturbation

models separated into categories based on commonly estab-

lished ways to categorize ML models (Table 1). All methods

except CellOracle (Kamimoto et al., 2020) can be used for pertur-

bations as defined by a before-and-after effect, which could

include healthy versus diseased phenotypes (Buschur et al.,

2020), or cross-species translation (Lotfollahi et al., 2019; Chen

et al., 2020a, 2020b). CellOracle is specific to genetic/single-
target perturbations as it infers effect through propagating signal

through a gene regulation network (GRN). While MUSIC (Duan

et al., 2019) also contains additional tailored functionality for as-

sessing CRISPR single-guide RNA transduction success, the

method is not CRISPR screen specific. With the exception of

DRUG-NEM, all of the following approaches have available im-

plementations on GitHub, which come with installation instruc-

tions and either a tutorial or example usage.

Linear/shallow classification and regression
Linear models learn how combinations of different expression

values correspond to various output values, which can be either

discrete (e.g., a protein target) or continuous (e.g. IC50). These

shallow classifiers and regressors perform well where the

amount of data is limited and are common in perturbation

modeling outside of single-cell genomics (Bagherian et al.,

2021). SCATTome (Mitra et al., 2016) tackles the task of predict-

ing cell-state-specific responses to compounds by using linear

regressions, while Augur (Skinnider et al., 2021) takes a similar,

albeit nonlinear, approach by using random forest models.

Both model how omic profiles can predict a scalar response la-

bel per single cell by training (in this case, ensembles of) regres-

sion models. MIMOSCA (Dixit et al., 2016) and one of themodels

in scMAGeCK (Yang et al., 2020) (scMAGeCK-LR) are similarly

set up, only that scRNA-seq vectors are the predicted labels

and there is no ensembling. MIMOSCA is also not strictly linear

as it is a regressor containing interaction terms to model cova-

riates.

Factor decomposition
Factor decomposition methods break down expression values

into different components of variation. Matrix factorization has

proven popular, both in bulk (Squires et al., 2020; Zhao et al.,

2020) and single cell (Mohammadi et al., 2020) genomics ana-

lyses, for its interpretability and scalability with larger datasets

(Stein-O’Brien et al., 2018); for example, decomposing expres-

sion values in scRNA can cluster and rank genes into groups

which are readily interpretable as mechanisms, pathways, or

processes, most often through GO enrichment. Using this

concept of factor decomposition, MUSIC (Duan et al., 2019)

groups genes as ‘‘topics’’ through topic modeling and is able

to quantify the size of the perturbational effect using the differen-

tial activation of all topics. DRUG-NEM (Anchang et al., 2018)

calculates a differential probability per proteomic feature per

cell and uses the probability matrix into a nested effects model

to derive drug combinations.

Nonlinear distribution modeling
Distributionmodeling has the advantage of being able to capture

the natural variation in biological data. However, these methods

are more difficult to interpret. While also applicable to bulk tran-

scriptomics (Umarov and Arner, 2020; Rampá�sek et al., 2019),

distribution modeling gained popularity in the single-cell field

as a way to describe population shifts and is especially tractable

given the number of cells. PopAlign (Chen et al., 2020a, 2020b)

fits a Gaussian and matches perturbed and unperturbed cell

populations after factor decomposition into a latent space

(with orthogonal non-negative matrix factorization, such that

PopAlign is also in part a factor decomposition model). PhEMD
Cell Systems 12, June 16, 2021 525



Table 1. Perturbation modeling approaches in single cell omics

Type Name Data Description

Modeling objectives/prediction types

Codea.i a.ii b c d

Shallow

classification

and regressions

SCATTome targeted

(qRT-PCR), cell

line sensitivity

semi-ensemble of linear predictors – x – – – R, https://github.com/bvnlab/SCATTome

Augur scRNA, scATAC,

STARmap,

MERFISH

measure response as the sampled cross-

val AUROC from random forest trained to

predict perturbation label

– x – – – R, https://github.com/neurorestore/Augur

MIMOSCA Perturb-seq linear regression on combinations with

interaction terms for covariates

x possible x x – python, https://github.com/asncd/

MIMOSCA

Factor modeling DRUG-NEM CyTOF nested effect model using drug-

subpopulation effect matrix, maximize

combined effect probabilities with fewest

compounds

– – possible x – not available

MUSIC CRISPR screens topic modeling decomposition of perturbed

conditions

– x – – N/A R, https://github.com/bm2-lab/MUSIC

scMAGeCK CROP-seq two separate models - LR for perturbations

and RRA for ranking genes from the

perturbed condition

– possible x – – R, https://github.com/weililab/scMAGeCK

Nonlinear

distribution

modeling

scGen scRNA VAE and perturbational effect modeled with

latent space arithmetic

x x – – – python, https://github.com/theislab/scgen

trVAE scRNA CVAE + maximum mean discrepancy to

handle multiple perturbations

x x – – – python, https://github.com/theislab/trVAE

PhEMD CyTOF, scRNA earth mover’s distance on cluster

proportions as embedded by PHATE

x x – x – R, https://github.com/

KrishnaswamyLab/phemd

MELD scRNA signal processing on the neighbor graph to

measure a response per single cell

– possible xb – – python, https://github.com/

KrishnaswamyLab/MELD

PopAlign scRNA alignment of subpopulations represented

as Gaussian probability distributions in

oNMF latent space

– x xb – – python, https://github.com/thomsonlab/

popalign

CPA scRNA, bulkRNA AE + advarsarial training to learn

perturbation and condition embeddings,

which can be used for new combinations

x possible possible x – python, https://github.com/

facebookresearch/CPA

Network models CellOraclea scRNA, scATAC signal propagation through inferred gene

regulatory networks

x possible x – N/A python, https://github.com/morris-lab/

CellOracle

The ‘‘data’’ column describes the data modality the model is based on as described in the original paper. We indicate which of the five modeling objectives (Figure 1) the method addresses with a

cross (x) or could perform but was not done (possible). scMAGeCK (Yang et al., 2020) is the combination of two separate models and has been categorized as a linear approach as we only discuss

scMAGeCK-LR.
aFor genetic perturbations
bRelies on classical differential expression methods
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(Chen et al., 2020a, 2020b) fits distributions on clusters and then

calculates the differential with Wasserstein distance, while

MELD (Burkhardt et al., 2019) fits a distribution on the nearest

neighbor graph between cells and assigns each cell a response

value. All three of these methods aim to use the difference be-

tween distributions to characterize perturbational effect at a

higher resolution than would be the case for distributions gener-

ated only from unsupervised clusterings. scGen (Lotfollahi et al.,

2019) and trVAE (Lotfollahi et al., 2020b) as well as Ghahramani

et al. (2018) fit perturbation distributions via DL architectures and

represent first ventures into deep learning and generative ap-

proaches for predicting treatment effect.

Network models
Network models leverage prior information to construct the rela-

tionships between input features. Systems biology has always

generated insight by using prior knowledge to contextualize

non-exhaustive new information (Yuan et al., 2019). In particular,

incorporating prior knowledge can present an opportunity to

produce predictive power despite amodel seeing zero instances

of the prediction objective—for example, predicting drug combi-

nations after only training on samples with individual drugs (Fröh-

lich et al., 2018). CellOracle is the only model on this list that simi-

larly leverages prior knowledge by constructing gene regulatory

networks through an understanding of transcription and tran-

scription factor regulation. CellOracle combines scATAC and

scRNA-seq data to create an interpretable network model

through which perturbational responses can be predicted,

despite the model having seen no perturbational data.

SINGLE-CELL DATASETS FOR PERTURBATION
MODELING

The limitations in both performance and achievable tasks of cur-

rent models owe much to limitations imposed by current data

availability. Both the design and performance of ML models

depend heavily on the data. Thus, to evaluate the current state

of available perturbational data for model development, we

compiled seventeen publications, which provide single-cell tran-

scriptomic and proteomic perturbation profiles (Table 2). The

majority of datasets are scRNA-seq measurements, and there

is no large perturbation dataset generated with single-cell epige-

nomic profiling.

Despite there being hundreds of single-cell omic datasets

(Svensson et al., 2020) and comprehensive expression atlases

such as the Human Cell Atlas (Regev et al., 2017), there are rela-

tively few perturbational single-cell screens. Srivatsan et al.

(2020) covers by far the highest number of conditions in a single

experiment, with 188 conditions across cell lines, doses, and

time points (Table 2). McFarland et al. (2020) comes in second

with an order of magnitude more cell line characterizations.

The vast majority of what serve as perturbation datasets are

pooled CRISPR screens with scRNA-seq, which provide an op-

portunity to obtain transcriptional profiles for hundreds of ge-

netic perturbations at a time and easily allow for combinationato-

rial perturbations. It is possible that some of these techniques

may be combined to more easily generate data with more condi-

tions. In particular, combination experiments outside of genetic

perturbations are extremely rare and could potentially reveal
much biological insight in combination with previously known

negative interactions (Dumbreck et al., 2015) or combination

therapies for complex indications (Bayat Mokhtari et al., 2017).

Toward a perturbation atlas
While the advent of sequencing in the past decade has greatly

advanced the characterization of biology, it was not until the

L1000 assay (Subramanian et al., 2017) that perturbations

were characterized transcriptionally at a scale comparable to

classical, low-dimensional measurements. Now, the increasing

availability of single-cell technologies and in particular, the

development of multiplex scRNA-seq via cell hashing (Cao

et al., 2017; Stoeckius et al., 2018; McGinnis et al., 2019; Shin

et al., 2019; Gehring et al., 2020; Srivatsan et al., 2020) presents

an opportunity for a greater breadth of characterization and an

understanding of the heterogeneity of perturbation biology

(Karen et al., 2020; Dixit et al., 2016). Cellular barcoding can

allow hundreds of perturbation treatments to be sequenced in

a single experiment (Srivatsan et al., 2020). The full heteroge-

neous perturbation profiles of complex model systems such as

organoids and patient-derived xenografts (Bhimani et al., 2020;

Kim et al., 2020) can be captured with single-cell omics that

scale to hundreds of thousands of cells (Subramanian et al.,

2019; Lukonin et al., 2020; Svensson et al., 2020). As the exper-

imental cost of single-cell measurements decreases, it is

increasingly feasible to add more conditions such as more per-

turbations, time, and dose.

We believe the generation of a ‘‘perturbation atlas’’—a charac-

terization of cell types under perturbation that encompasses the

broad variety of inducible cell states—will be a significant step

forward for basic biology and drug discovery and ascertaining

its current limits. It is hypothesized that current atlases will com-

plete cataloging of basal cell states (Camp et al., 2019). We ima-

gine that a perturbation atlas would encompass established cat-

alogs of cell types and tissues (Nieto et al., 2020; Malladi et al.,

2015; Regev et al., 2017). Measurements may then be systemat-

ically obtained across different conditions. In vitro cell cultures

can provide a point of integration with existing databases of an-

notations. Training ML models on an atlas promises to generate

joint latent distributions that describe the possible cellular pro-

files that can be feasibly characterized (Wagner et al., 2016)

(Figure 2) and allows for interpolation and extrapolation to un-

seen effects. The space of perturbations that is much larger

(arguably infinite) can be mapped to a finite space of possible

cell states. Finally, we might consider a ‘‘complete’’ perturbation

atlas to cover cellular phenotypes comprehensively, instead of

sampling such that every perturbation and combination of per-

turbations is tested. Nonetheless, in general, any perturbation

atlas will only be complete under the constraint of a fixed set

of perturbations.

Key points to keep in mind when characterizing the space of

perturbational effect are sources of biological variation and off-

target effects. Despite canonical tissue and cell-type categories,

biological variation can often result from genetic underpinnings

that predispose certain phenotypes, and patient data are a pri-

mary source for this variation. Furthermore, frequently in drug

discovery, a key point of interest is the off-target effects of per-

turbations. We view off-target effects as effects of a perturbation

but in an unexpected or unintended pathway, cell type, or
Cell Systems 12, June 16, 2021 527



Table 2. Perturbation modeling data

Treatment Method Source Omic type # perturbations # cell types # doses # timepoints Description Availability

Genetic

targets

Perturb-seq Dixit et al., 2016 RNA 10, 24 1 – 1–2 TFs followed by LPS treatment in BMDCs,

TFs in K562

SCP

Perturb-seq Adamson et al., 2016 RNA 9–93 (sgRNA) 1 – 1 contains combinatorial guide delivery processed

CRISP-seq Jaitin et al., 2016 RNA 8–22 1 – 1 TFs, in vitro hemato and in vivo data processed

CROP-seq Datlinger et al., 2017 RNA 3–29 1–2 - 1 3 experiments, targeting T cell receptors processed

CROP-seq Hill et al., 2018 RNA 32 1 – 1 targeting tumor surpressors in MCF10A

with doxorubicin

processed

CRISPRi Gasperini et al., 2019 RNA 1,119, 5,779 1 – 1 2 experiments, CRISPRi of enhancer region processed

TAP-seq Schraivogel et al., 2020 RNA 1,778 (enhancers) 1 – 1 targeted enhancers on two chromosomes

in K562

processed

CRISPRa Norman et al., 2019 RNA 278 1 – 1 induction of gene pair targets, single gene

controls

processed

Perturb-seq Jost et al., 2020 RNA 25 2 – 1 4 experiments, sgRNA variants with

mismatch

processed

Perturb-seq Ursu et al., 2020 RNA 200 1 – 1 100 variants each for 2 genes unavailable

Perturb-seq Jin et al., 2020 RNA 35 – – 1 in vivo mouse brain development SCP

perturb-

CITE-seq

Frangieh et al., 2021 RNA+protein 248 1 - 1 treatment resistant cancer samples, patient

derived

SCP

Small

molecules

sci-Plex Srivatsan et al., 2020 RNA 188 3 4 2 in vitro cancer cell lines and small molecules processed

multiplexed Shin et al., 2019 RNA 45 2 1 1 transfected bar codes label perturbation

conditions

unavailable

MIX-seq McFarland et al., 2020 RNA 1–13 24–99 1 1–5 4 small molecule experiments, one genetic processed

CyTOF Chen et al., 2020a, 2020b protein 300 1 1 1 breast cancer cells undergoing TGF-

b-induced EMT

–

scRNA-seq Zhao et al., 2020 RNA 2,6 6,1 – – compounds applied to patient resections processed

Seventeen published single-cell transcriptomic and proteomic datasets with a minimum of 6 perturbations and 30 features. The numbers listed represent a range for the number of different con-

ditions, across the experiments performed for the publication. Control time points are not included in the number of time points listed. The ‘‘availability’’ column describes whether the dataset is

publicly available, where SCP is short for Single Cell Portal (https://singlecell.broadinstitute.org/single_cell). Further information such as dataset access points can be found at https://github.com/

theislab/sc-pert.
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Figure 2. Example schematic of a perturbation latent space in which each dot represents one perturbation-condition pair in the perturbation
x condition matrix
Colored dots represent existing experiments and may be related to each other by covariates or labels such as dose, cell type, or pathway activations (Srivatsan
et al., 2020). Marked locations represent opportunities for additional sampling.
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tissue—as such, a perturbation atlas that provides characteriza-

tions for the wide array of compounds and tissues will also pro-

vide characterizations for ‘‘off-target’’ effects.

Furthermore, two recent developments make this feasible as a

distributed experimental effort: dataset integration (Butler et al.,

2018; Haghverdi et al., 2018) mitigates the batch effect down-

sides of generating the data in separate pieces, and datasets

have become easily loadable through single-cell data reposi-

tories (Regev et al., 2017; Fischer et al., 2020). An optimized

search algorithmmaymake a large collection even more tenable

(Lee et al., 2021). Importantly, training a model with such a com-

pendium of data may require systems infrastructure that is less

widely available; this can be circumvented in part by providing

smaller, representative data subsets, which resources such as

OpenProblems (https://openproblems.bio) seek to accomplish.

To tailor a perturbation atlas to perturbation modeling, it

should take into account perturbations and conditions that cap-

ture possible cellular states relevant to our objectives: for

example, varying response across cell types due to covariates,

different targets and mechanisms of perturbations, perturbation

interactions (Yofe et al., 2020), and biologically active chemical

or sequence features (Becker et al., 2020). Of particular rele-

vance for machine learning and DL, an atlas should capture

enough experimental variation so that an ML model can gener-

alize to many unseen situations, in addition to providing a collec-

tion of controlled experiments with many shared covariates. This

degree of coordination makes it possible to more efficiently and
effectively train ML models, interrogate additional conditions,

and gain certainty about potential new regulatory mechanisms.

To generate such an atlas iteratively, areas with greater uncer-

tainty in the latent representation or lower performance during

prediction can be focal points for increased data collection. As

confidence increases, it may be possible to annotate and vali-

date using lower-resolution, higher-throughput data.

DL OF PATTERNS IN PERTURBATION BIOLOGY

How can DL come to have a role in understanding biological sys-

tems after perturbation? DL achieved breakthroughs in fields

such as imaging and genomic sequence data through the avail-

ability of large datasets. In the same way, with the many and

large single-cell data now being generated (Svensson et al.,

2020), which simultaneously profile hundreds of perturbations,

it becomes possible for DL models to identify patterns of pertur-

bation effect. Indeed, the flexibility of deep neural networks has

often allowed them to outperform classical ML in situations with

increasing data size and complexity, also in biology (Wu

et al., 2020).

DL methodology is growing rapidly in improved performance,

real-world application, and interpretability, which further encour-

ages application to perturbation modeling. As an example of

how method development in one field can be transferred to im-

provements in biology, image classification architectures, which

have seen enormous improvements in performance and
Cell Systems 12, June 16, 2021 529
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Figure 3. Generative neural network modeling to learn a latent representation of single-cell omics with application to perturbation modeling
(A) An example autoencoder neural network architecture which learns a 2D latent representation, adapted from Eraslan et al. (2019).
(B) Visual representation of the learned latent cell type representation in 2D, illustrating that even in the extreme case of a 2D bottleneck, the network learns a latent
representation that preserves cluster structure (unknown to the algorithm), mimicking the common UMAP visualizations.
(C) A schematic of the perturbational effect learned in the latent space representation of scGen, a deep neural network perturbation model that imposes structure
via vector arithmetic on the latent space, adapted from Lotfollahi et al., 2019.
(D) Example single perturbation out-of-distribution (i.e., previously unseen) prediction of the response of CD8+ T cells from Lotfollahi et al. (2019), a problemwhich
falls in the category of zero-shot learning.
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interpretability (Russakovsky et al., 2015), have been applied to

medical images (Ching et al., 2018) and perturbation screens

(Cuccarese et al., 2020; Chandrasekaran et al., 2021) with

much success in prediction performance. In the following, we

outline DL concepts that we expect will contribute to setting

up single-cell perturbation models with enough flexibility to

address the above key modeling objectives.
Modeling structure with neural networks
Compressing the input data into latent space representations is

a key concept in DL for single-cell omics (Lopez et al., 2018).

Factorization methods and generative approaches can produce

latent structure in an unsupervised fashion. For example, au-

toencoders—unsupervised neural networks that are trained

by funneling data through a bottleneck before reconstructing

it—compress data into meaningful components that can be

visualized, just as PCA components project data along axes of

variation (Figure 3B). We can also use the same models in a su-

pervised manner; latent structure can also be imposed through

priors on the condition labels such as vector arithmetic as in

Lotfollahi et al. (2019), with maximum mean discrepancy as in

Lotfollahi et al. (2020b) (Figure 3C), or more generally with metric

learning. When applying these methods, model architectures

have been shown to make a large difference: those that take

into account existing structure in the data have performed better
530 Cell Systems 12, June 16, 2021
in learning and compressing data into meaningful latent repre-

sentations.

Neural network architectures have two well-characterized

sub-categories: architectures created to model local feature re-

lationships by using convolution (for example, one pixel is related

to the next in image data), or architectures created tomodel tem-

poral features by creating a model that retains information from

previous inputs. These models, which are constructed based

on human knowledge and intuition on the task, demonstrate su-

perior performance over fully connected neural networks in

capturing complex relationships in image, text, and time series

data (Russakovsky et al., 2015; Vaswani et al., 2017; Brown

et al., 2020).

Local feature relationships in single-cell omic data
Convolutions are frequently used to detect k-mer patterns in

genomic sequence data (Angermueller et al., 2016; Kelley

et al., 2018; Movva et al., 2019; Avsec et al., 2021). Similar ap-

proaches can be used with single-cell DNA-seq to provide an

avenue to investigate cancer treatment response heterogeneity

(Luquette et al., 2019; Velazquez-Villarreal et al., 2020), and con-

volutional DL approaches are candidates for variant identifica-

tion, predicting minimum residual disease, and tailoring drug op-

tions. We envision that the same questions can be asked at the

chromosome structure level, in particular given single-cell chro-

matin conformation capture techniques (Ramani et al., 2017; Lee
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et al., 2019). Convolution can also be applied at the intercellular

level; spatial transcriptomics make it possible to learn cell-cell

neighborhood and interaction patterns, similar to learning

pixel-pixel patterns in images. As further example, cell-cell rela-

tionships lacking spatial coordinates can be captured in graph

convolutions or attention networks (Ravindra et al., 2020). How-

ever, while convolutions may be one of the most common

methods for feature aggregation, message passing in graph neu-

ral networks is a recent advancement, which also performs

sparse feature aggregation (Duvenaud et al., 2015) without

requiring locality. In all of thesemethodologies, we will make sig-

nificant strides in gleaning mechanistic insight and novel biology

with perturbation labels (be it small molecules, time, etc.).

Temporal feature relationships in single-cell omic data
In single-cell omic data, amino acid sequences and cells are two

inputs that can have a biologically relevant ordering. Inspired by

the parallels to language, recurrent neural networks (RNNs) and

long short-term memory architectures (LSTMs) have been

applied to protein sequences (Bileschi et al., 2019; Karimi

et al., 2019). Protein-structure-related methods (Jumper et al.,

2020; Du et al., 2017) use neural network architectures heavily

influenced by sequence-structure determinants. Another recent

DL development, autoencoders architectures combined with

attention mechanisms, such as transformers (Vaswani et al.,

2017), may contribute to learning recurrent structures in genomic

data (Baid, 2018; Clauwaert and Waegeman, 2019; Ji et al.,

2020). We believe that what has been learned in these tradition-

ally bulk omics approaches will become relevant for single-cell

resolved data, too.

Cells themselves can also be assigned a temporal ordering:

recent RNA-labeling methods (Cao et al., 2020; Qiu et al.,

2020; Rodriques et al., 2020) would allow us to gather temporal

expression data from single-cell perturbation experiments and

can be modeled similarly to time series data (Bar-Joseph et al.,

2012; Love et al., 2014). Even without RNA labeling, RNA dy-

namics can also reveal temporal ordering in continuous trajec-

tories (La Manno et al., 2018; Bergen et al., 2020).

Chemical structure priors
No published single-cell perturbation models are yet able to pre-

dict chemical properties (modeling objective D), which requires

that models incorporate chemical information about perturba-

tions. The lack of such models is attributed in part due to the dif-

ficulty of understanding the path to incorporation with omic data

(Camacho et al., 2018). However, DL can flexibly combine these

sources of information from various single-cell modalities, with

chemistry features captured in graph neural networks (Wieder

et al., 2020). We anticipate approaches inspired by previous

work on encoding chemical structure (Yang et al., 2018a; Mén-

dez-Lucio et al., 2020). Additional priors such as compound

docking (Kitchen et al., 2004; Hu and Lill, 2014) could also see

use in perturbation characterization, particularly in the case of

known targets.

Tabular data
We would like to note at this point that the DL architectures

described above are applicable to structured data. However, cur-

rent single-cell omic data are most often tabular: groups of fea-
tures (e.g., a set of genes along the same pathway) can determine

overall response, but these multicellular programs (Jerby-Arnon

and Regev, 2020) differ from context to context, and there is no

universal or canonical inherent prior relationships between fea-

tures (even though graph convolutional networks with properly

initialized gene regulatory models may change this in the future).

As such, the predominant approach to DL models with single-

cell transcriptomic or proteomic input has defaulted to fully con-

nected neural networks, both with large input layers (Dixit et al.,

2016; Lopez et al., 2018; Lotfollahi et al., 2019; Brbi�c et al., 2020;

Skinnider et al., 2021) and a high number of features, potentially

increasing network complexity in non-beneficial ways. These ar-

chitectures can be improved by reducing the number of input fea-

tures with data agnostic approaches such as random projections

(Wójcik and Kurdziel, 2019). An advantage of the often shallow,

potentially feature-reduced models is easier interpretability than

the very deep models, but we expect models to increase in

complexity once larger-scale multi-site learning, e.g., learning

across the whole Human Cell Atlas (Regev et al., 2017) or Sfaira

(Fischer et al., 2020), is more commonly implemented.

Depending on the studied tissue, we believe that a structured

approach to single-cell omic data taking advantage of spatial

and temporal patterns will be more successful due to the

reduced parameters and possible integration of prior knowledge

(Lin et al., 2017; Fortelny and Bock, 2020; Gut et al., 2021). While

we encourage the application of existing state-of-the-art models

for structured data, we believe that intuitions regarding the pat-

terns present in biological, chemical, and perturbation data will

lead to cell biology-specific effective DL architectures with fewer

and more interpretable input representations.

LEVERAGING NOVEL DL CONCEPTS FOR
PERTURBATION LEARNING

The rich toolbox of neural networks offers many building blocks

(Goodfellow et al., 2016) that can be transferred to our biological

problem, thus enabling integration of novel datasets, other data

modalities, reuse of learned models or other tasks of model

generalization. Here, we outline these in the context of single-

cell perturbation learning.

Multi-task learning
Multi-task learning, in which ML models simultaneously learn to

predict multiple labels, can allow models to exploit shared

feature relationships between related tasks and learn better

regularized latent representations (Camacho et al., 2018), with

applications to perturbations (Jiang et al., 2020). Of the methods

cited in Table 1, only MIMOSCA is able to address four out of the

five model objectives. As the listed objectives draw upon shared

interactions between features, we believe multi-task learning will

be an important feature of powerful DL models.

Transfer learning
Transfer learning describes taking knowledge learned from one

task and applying it to a separate problem, augmenting perfor-

mance by preserving some previously learned patterns. DL

models are particularly amenable for transfer learning due to

the ease of carrying over part of the network structure and adapt-

ing the rest. Thus, DL has been proven to learn patterns agnostic
Cell Systems 12, June 16, 2021 531
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of the distribution shifts from dataset to dataset (Gulrajani and

Lopez-Paz, 2020; Koh et al., 2020), or to surmount domain shifts

through fine-tuning on the target domain (Tajbakhsh et al., 2016;

Lotfollahi et al., 2020c).We expect that transferringmodels (Dev-

lin et al., 2018) learned on a large perturbation atlas (Figure 2)

onto a small subset of cellular states together with non-per-

turbed single-cell atlases will allow models to better generalize

to unseen perturbations.

Multi-modal learning
Multi-modal models can simultaneously learn from multiple in-

puts, often by exploiting the relationships betweenmeasurement

modalities such as scRNA-seq, ATAC-seq, metabolomics, etc.

Current understanding of perturbation biology is extensively

grounded in RNA expression, especially as a proxy to protein

expression, despite the context dependency of RNA and protein

expression correlation (Liu et al., 2016). Furthermore, all of the

above methods used a single modality at a time except Cel-

lOracle, which was able to generalize to a large number of un-

seen situations as a result. Thus, while the general integration

of multiple modalities in a single model remains an open problem

with much potential, we believe modeling should first be guided

by biological understanding of how perturbational effect is

captured through multiple modalities, and the combination will

better inform each modality.

Out-of-distribution prediction
Out-of-distribution learning describes a category of problems in

which the model has seen no examples of the relevant class. DL

approaches to out-of-distribution or zero-shot learning (Snell

et al., 2017; Yu and Lee, 2019) such as generative models

(Wang et al., 2017), which act in this latent space regime, have

performed especially well (Xian et al., 2017). Because it is impos-

sible to comprehensively screen every perturbation condition

combination, this is the predominant problem format of interest

in perturbation modeling; for example, amodel is trained to char-

acterize a perturbation applied in hundreds of cell types and then

asked to predict the effect of perturbation in a new cell type as in

scGen. In the latent space of the model, cell types which have

similar effects under said perturbation are similar to each other.

When amodel learns to construct a latent space well, it identifies

general features of cell types, which are relevant for predicting its

response to perturbation. Leveraging advances in out-of-distri-

bution learning and quantifying when it fails will be key parts of

upcoming DL-based perturbation modeling approaches.

Interpretability
A common concern when using DL models is dissecting the

reasoning behind model output, especially when building confi-

dence about whether a perturbation model is truly performing

well on unseen experiments. However, the interpretability of

DL models has seen much progress. Feature attribution

methods developed in tasks such as natural language process-

ing or image recognition have proven to generalize to other con-

texts (Shrikumar et al., 2017; Hooker et al., 2019; Avsec et al.,

2020; Lauritsen et al., 2020), and their application to DL perturba-

tion models may be able to elucidate both key transcripts or pro-

teins and their contributions to perturbation response. Disentan-

glement learning, in which models are constructed to generate
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latent representations where individual variables represent

unique explanatory features, pushes a neural network to dissect

the contributions of omics features to perturbation response

directly and have been applied to scRNA-seq data (Kimmel,

2020; Lotfollahi et al., 2020a). Additionally, similar to how image

data help build intuition through visualizations, interpretability

techniques should be validated by constructing ways to discern

correctness. Examples of this are DeepLift’s in silico-generated

sequence data with two binding motifs (Shrikumar et al., 2017)

and transcription factor enrichment (Stein-O’Brien et al., 2018).

We expect similar techniques (applied to e.g., interpret the

learned latent space shift in scGen Figure 3C or in other pertur-

bation models) to contribute to understand the convolved latent

space structure. Overall, we anticipate that interpretability and

outputs with biological relevance are what will distinguish top

performers and promote certain methods to become standard

practice in analysis pipelines.

CONCLUSION

A perturbation model that is highly predictive captures biologi-

cally relevant interactions, even if not obvious at first sight. How-

ever, a highly predictive model also serves other ends; success-

ful interpolation and extrapolation to unseen conditions can

greatly reduce experimental cost in the case of drug screening,

or even make possible patient-specific treatments where data

collection is limited. In particular, a perturbation atlas that covers

substantial genetic variation might elucidate explanatory fea-

tures for inter-individual differences in response to perturbation,

and genetic differences might be considered a perturbation in

and of itself. While the current most cost-effective measure of

generating large-scale omic data is via transcriptomics, methods

such as single-cell whole-genome sequencing (Gawad et al.,

2016) and multi-omic sequencing (Ma et al., 2020; Zachariadis

et al., 2020) might provide an opportunity to introduce priors

on the relationships between transcriptomic features. Further-

more, perturbation datasets with non-transcriptomic single-cell

measurements are scarce, so it is unknown whether different

modalities might be better suited for characterizing drug

response.

With the expected advent of sufficiently complex perturbation

datasets, potentially integrated across cell types andmanymap-

ped conditions, we anticipate seeing an explosion of ML

methods for modeling single-cell perturbations. Community ef-

forts have already begun, with the DREAM (Bansal et al., 2014;

Costello et al., 2014; Menden et al., 2019) and Kaggle challenges

producing advances in the classical perturbation modeling

framework. The field is further bolstered by several ongoing,

potentially highly scalable benchmarking efforts centered sepa-

rately around single-cell (HCA OpenProblems) and drug discov-

ery (Therapeutic Data Commons; Huang et al., 2021). With more

standardized and accessible tasks and data, perturbation

modeling in single-cell omics could also become a topic at

venues such as the NeurIPS Competition Track. A large-scale

public DL challenge with clear objectives and evaluation metrics

will push forward imminent breakthroughs in perturbation

modeling in the same way AlphaFold2, GPT-3 (Brown et al.,

2020), and Inception (Szegedy et al., 2015) set the bar for future

methods and encouraged adoption by industry. DL presents an
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appealing solution to the multi-label, high-dimensional and

multi-modal problems of cellular perturbation characterizations,

which are intractable by shallow approaches. We look forward to

the integration of network architectures custom-designed to the

qualities inherent to biological and chemical data. Now is the

time for DL to become a fundamental contributor to single-cell

biology.
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