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Abstract

Single-cell transcriptomics has revolutionized our understanding of cellular hetero-1

geneity and drug perturbation effects. However, its high cost and the vast chemical2

space of potential drugs present barriers to experimentally characterizing the effect3

of chemical perturbations in all the myriad cell types of the human body. To4

overcome these limitations, several groups have proposed using machine learning5

methods to directly predict the effect of chemical perturbations either across cell6

contexts or chemical space. However, advances in this field have been hindered7

by a lack of well-designed evaluation datasets and benchmarks. To drive innova-8

tion in perturbation modeling, the Open Problems Perturbation Prediction (OP3)9

benchmark introduces a framework for predicting the effects of small molecule per-10

turbations on cell type-specific gene expression. OP3 leverages the Open Problems11

in Single-cell Analysis benchmarking infrastructure and is enabled by a new single-12

cell perturbation dataset, encompassing 146 compounds tested on human blood13

cells. The benchmark includes diverse data representations, evaluation metrics,14

and winning methods from our “Single-cell perturbation prediction: generaliz-15

ing experimental interventions to unseen contexts“ competition at NeurIPS 2023.16

We envision that the OP3 benchmark and competition will drive innovation in17

single-cell perturbation prediction by improving the accessibility, visibility, and18

feasibility of this challenge, thereby promoting the impact of machine learning in19

drug discovery.20

1 Introduction21

Examining gene expression in individual cells via single-cell RNA sequencing (scRNA-seq) provides22

high-resolution insights into cellular behavior within healthy and diseased tissue. One emerging23

application of single-cell technology is to profile cells under basal and perturbed states to characterize24

the changes in cellular states associated with chemical treatments and to associate these changes with25

healthy or pathological tissue phenotypes [1–5]. These technologies have the potential to transform26
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how drugs are discovered and bring new therapies to patients with unmet clinical needs [6–8]. Instead27

of focusing on single molecular targets for drug discovery, it is possible to analyze how compounds28

influence gene expression to shift cells from diseased to healthy states. This approach holds promise29

for treating complex diseases where single-target methods have been less effective, as it addresses the30

interplay of multiple genes and pathways within the cell.31

However, associating small molecules with changes in cell state is challenging. One approach is to32

brute-force screen compounds and measure the associated changes in gene expression, as has been33

done to discover drug candidates for heart valve disorders [9]. However, chemical space is vast. There34

are an estimated 1060 drug-like molecules [10]. Compounds can also have diverse impacts on gene35

expression across different tissues, cell types, and individuals. Moreover, scRNA-seq experiments are36

expensive and require highly-trained technicians to run. Hence, accurate prediction of the changes in37

gene expression induced by compounds across different chemical structures and biological contexts38

could provide immense time and cost savings.39

Recently, machine learning methods to predict the impact on gene expression of small molecule40

perturbations directly from chemical structures have been proposed [11–14]. However, understanding41

such models’ effectiveness is difficult due to a lack of independent evaluations and limited availability42

of benchmarking datasets [15]. Indeed, most existing datasets include only a single perturbation [16],43

a single donor, or are limited to homogeneous cancer cell lines [1, 17]. Although these studies44

represent important contributions to the field, a rigorous, standardized benchmark is needed to assess45

their performance in diverse cell types across a wide range of chemical perturbations.46

Here, we introduce the Open Problems Perturbation Prediction (OP3) benchmark, which is the first47

standardized benchmark for predicting chemical perturbation effects across cell types. It includes a48

formalized task, an open-source benchmarking platform, and a new dataset profiling 146 chemical49

perturbations in human peripheral blood mononuclear cells (PBMCs) from three donors. We hosted a50

NeurIPS 2023 Competition using this benchmark, and used the learnings and proposed methods to51

improve the benchmark. OP3 provides a continuously updated, extensible benchmark for perturbation52

prediction, promoting translation of these methods to applied science.53

2 Related work54

This work builds on previous efforts to generate single-cell chemical perturbation datasets and55

evaluations performed alongside method development for perturbation prediction algorithms.56

Chemical perturbation datasets Recently, several large-scale datasets with drug perturbations57

have been published. The popular sci-Plex [17] dataset profiles 188 compounds in three cancer cell58

lines, and its recent sequel, the sci-Plex-GxE [18] dataset, profiled 22 drugs combinatorially in three59

cancer cell lines. While these datasets feature a large number of compounds, their use of cancer cell60

lines limits their applicability, as cancer cell lines have a number of significant deviations from human61

tissue. These datasets also use nuclei sequencing technologies which are less sensitive and have62

higher noise compared to whole-cell sequencing used in our study [19]. In addition, a recent pre-print63

introduced a scRNA-seq dataset of drug-perturbed human PBMCs [20], but its lack of replicates64

makes it difficult to disentangle technical and biological noise from the drug perturbation signal.65

Finally, a harmonized collection of public single-cell perturbation datasets was recently published,66

but most datasets contain only a single cell type and few perturbations with overlap across datasets,67

making them unsuitable for our benchmarking task [15].68

Perturbation prediction evaluation The task of predicting the transcriptomic effects of small69

molecule perturbations in single-cell data has been tackled by a few machine learning models [13,70

14, 12, 21]. However, the evaluations of these models did not include drug perturbations on primary71

tissue, used evaluation methods that are biased toward natural transcriptional variation [22], and72

lacked assessments of stability across replicates and batches. No independent method evaluations73

exist to our knowledge, which is essential to fairly compare algorithm performance [23].74
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3 A living benchmark for perturbation prediction75

To drive innovation in algorithm development for single-cell perturbation analysis, we set up the76

OP3 benchmark, including a formalized task definition, a fit-for-purpose benchmarking dataset,77

and computational infrastructure to support continuously-updated, community-driven benchmarking78

(Figure 1a). We outline these features below.79

3.1 Task overview80

Chemical perturbations induce cell type-specific gene expression changes by interacting with target81

proteins and altering cellular processes. For example, tamoxifen, a breast cancer drug, binds the82

estrogen receptor and inhibits cell growth, thereby acting selectively on cells expressing the estrogen83

receptor [24]. However, the lack of knowledge about mechanisms of action for most compounds84

hinders predicting their effects on specific cell types.85

The goal of this task is to leverage data about chemical perturbations in some cell types to infer their86

impact on gene expression in other cell types. The data is a tensor with three axes: compounds,87

cell types, and genes. Each value in this tensor is a measurement of the impact on gene expression88

observed in a specific cell type under a specific chemical perturbation (Section 3.3). Models are89

provided with the changes in gene expression for all cell types for a subset of compounds. The90

remaining compounds comprise the test set. These compounds have their differential expression91

values masked for all genes for a subset of the cell types. The target of this task is to predict these92

masked differential expression values (Figure 1b).93

3.2 Generating a single-cell perturbation benchmarking dataset94

Considerations for data set generation We identified the following properties of an ideal dataset95

for benchmarking small molecule perturbation prediction:96

1. Disease-relevance: To reflect the downstream application to drug discovery, an ideal dataset97

ought to focus on a disease-relevant biological system.98

2. Balanced cellular heterogeneity: Cell types must exhibit distinct perturbation responses99

but be similar enough that translating compounds’ effects is tractable.100

3. Diverse perturbations: The compounds should perturb a range of biochemical pathways.101

4. Replicates across multiple donors: Capturing perturbation effects across multiple donors102

enables identifying effects that are preserved across diverse donors.103

5. Positive and negative controls: Because of the high degree of technical and biological104

variability in gene expression measurements, positive and negative controls are essential to105

accurately estimate the variation attributable to perturbation effects.106

6. Open access & informed consent: To ensure open access to benchmarking data collected107

from human donors, samples must be collected under IRB supervision. This ensures donors108

give informed consent for public sharing of any derived data.109

Dataset overview We generated a novel scRNA-seq dataset profiling 146 compounds in PBMCs to110

provide a high-quality reference benchmark dataset for single-cell perturbation prediction (Figure 1c).111

We also included multiome single-nucleus RNA and chromatin accessibility measurements at base-112

line to facilitate gene regulatory network inference. This effort represents, to date, the largest drug113

perturbation dataset on primary human tissue with donor replicates [15], and was specifically de-114

signed to satisfy all the criteria above. First, PBMCs comprise an important subset of the human115

immune system and play a key role in various pathologies, including cancer, autoimmune diseases,116

immunodeficiencies, and allergies. PBMCs also contain discrete cell types (including T-cells, B-cells,117

myeloid cells, and NK cells) that perform distinct biological functions while sharing key biological118

pathways, making perturbation prediction in PBMCs difficult yet tractable. The compounds in this119

dataset were selected to span a wide range of mechanisms of action. Additionally, two positive control120
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