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Abstract

Systematic mapping of cellular perturbations is fundamental to biomedical research.
Pioneering efforts like the Connectivity Map (CMap) established a landmark
paradigm by linking compound and gene interventions through their resulting bulk
cellular gene expression. More recent initiatives of Tahoe100M and X-Atlas/Orion
demonstrated the feasibility of large-scale single-cell transcriptomic profiling of
chemical and genetic perturbations, respectively. Yet they focus on single pertur-
bation domains, and there is currently no comprehensive perturbation resource
systematically integrates both domains at single-cell resolution. Therefore, we
propose to construct scCMap, an experimentally harmonized single-cell transcrip-
tomic perturbation map derived from both genetic and chemical screens, designed
to enable cross-domain perturbation connection, analysis, and modeling. scCMap
will capture complex multi-scale perturbation reagent information, extensive phe-
notypic matrices, and rich metadata. By providing a unified, high-quality data
resource, scCMap will drive a range of Al tasks, including multi-modal molecular
representation learning, cross-domain perturbation transfer, biological causal in-
ference, universal single-cell foundation model construction, and virtual Al cell
simulations. We anticipate scCMap to mark a new milestone in biomedical research
and accelerate Al-powered precision drug discovery.

1 Motivation

Over the past decades, drug discovery has undergone paradigm shifts—from early phenotypic screen-
ing to target-based strategies, and now toward integrated approaches [1H3]]. Artificial intelligence
is uniquely positioned to accelerate this transition, as its powerful representation and prediction
capabilities can simultaneously model drug—target molecular interactions and genetic—chemical
perturbation phenotypic associations. This trend underscores the central role of cellular perturbation
data and the need for richer and more comprehensive resources to enable Al-driven drug discovery.

2 Dataset Rationale

2.1 Limitation of existing large-scale perturbation resources

Low-resolution measurement Phenotypic profiling relied on bulk measurements before single-cell
technologies widely adopted [4} 5]]. Although projects like NCI-60 [6] and CMap [7, 18] conducted
broad screenings across diverse compounds, genes, and cellular contexts, their averaged bulk profiles
caused information collapse, obscuring cellular heterogeneity and rare subpopulation effects. More-
over, bulk data produce far fewer training samples than single-cell data, limiting the scale required
for generative biological foundation model development [9]].
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Low-content readouts Many large-scale perturbation screens, including GDSC [[10,[11], CTRP [12}
13]], gCSI [14], and DepMap [[15H17], generate only single-value endpoint (e.g. drug sensitivity, gene
dependency), which is limited to assess the relationships among diverse perturbations and to model
complex biological mechanisms.

Single-domain focus Recent perturbation projects of Tahoe100M [18]] and X-Atlas/Orion [19] have
scaled single-cell perturbation profiling to unprecedented levels. However, each remains confined to a
single perturbation domain (chemical or genetic), restricting cross-domain connection and modeling.

Non-molecular profiling Resources like RxRx3 [20] and JUMP-CP [21} 22] provide valuable
high-dimensional morphological phenotype profiles across both genetic and chemical perturbations.
However, these image-derived features lack direct molecular interpretability, limiting mechanistic
and causal modeling.

2.2 Proposed dataset: scCMap

scCMap is a systematically harmonized single-cell perturbation map spanning both genetic and
chemical screens, designed as a high-resolution evolution of previous bulk-level CMap project [8]]
(Table[AT)). The key characteristics of scCMap are as follows:

» Data types and resolution: Single-cell transcriptomic profiles derived from systematic
genetic and chemical screens, providing consistent molecular readouts.

* Scale and diversity: Perturbations covering thousands of genes and compounds across mul-
tiple cellular contexts, enabling broad perturbation coverage and context-specific responses.

* Metadata and annotations: Detailed experimental metadata (i.e., perturbation reagent,
dosage, treatment duration, time points, cell type, batch) to support analysis and repro-
ducibility.

2.3 Technology scalability

The feasibility of scCMap is underpinned by recent advances in multiplexed perturbation and single-
cell transcriptomic profiling technologies. For chemical perturbations, pooled cell line assays such
as PRISM [23]] and Mosaic [[18]] allow parallel measurement of drug responses across multiple cellular
contexts within a single experiment. For genetic perturbations, pooled screening (e.g. CRISPR,
RNAI) [24H27]] allows systematic functional interrogation of thousands of genes in parallel. These
complementary multiplexed strategies expand the diversity of perturbation reagent-context pairs
across both domains, and single-cell RNA-seq platforms (e.g., sci-Plex [28]], Perturb-seq [29]) further
scale the throughput of generating molecular-interpretable post-perturbation profiles. Together, these
innovations make cost-efficient, automatic, systematic, large-scale, and reproducible perturbation
mapping both technically feasible and scalable.

3 Applications

Multi-domain perturbation phenotype analysis and modeling By integrating multi-domain
perturbations in a unified single-cell representation space, scCMap enables connection and annotation
of genetic and chemical perturbation effects, as well as transfer learning across perturbation domains.

Mechanistic and causal inference Large-scale perturbation-induced molecular readouts enable
models to infer causal links from perturbations to phenotypes, facilitating discovery of drug mecha-
nisms, gene functions, and context-specific cellular responses.

Single-cell foundation models and virtual cell simulations By covering diverse cellular contexts
and data modalities, including large biomolecules, small molecules, and their perturbation phenotypes,
scCMap provides a training ground for constructing universal single-cell foundation models and
developing Al virtual cells [30].
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