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Cell Perturbation Experiments

• Groups of cells are perturbed (e.g. drug applied)

• Responses measured (e.g. gene expression)
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Small Scale Perturbation Studies
• AXL is a therapeutic target in inflammatory breast cancer.
• Tumor microenvironment (TME) plays important role in therapy
response

• How does altering AXL affect gene expression in TME
macrophages?
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Phi et al. [2025]



Large Scale Perturbation Studies: LINCS L1000

• ∼ 25, 000 perturbations, ∼ 70 cell lines

• ∼ 1.75 million possible cell line-perturbation combinations

• In vitro tested about 10% of possible combinations

• After perturbation, measure the expression of 1000 genes
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Subramanian et al. [2017], Zhao et al. [2020]



Perturb-seq: CRISPR + Single Cell Sequencing

Perturb-seq enables the profiling of thousands of genetic
perturbations with gene expression readouts.
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Databases of Perturbation Experiments

8 / 45



In Silico Perturbation Modeling
• Challenge:

• In vitro experimental resources are limited (time, money)
• Many perturbations of interest:

With 10,000 genes, ∼ 50M 2-gene perturbations
• Solution: In silico (computational) models are used to predict
the responses to perturbations.
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Recent In Silico Models

Method Name Model Type Year Evaluation Metrics

scGen [Lotfollahi et al., 2019a] DL/Autoencoder 2019 R2

XGBoost [Li and Li, 2019] Boosting 2019 MAE

trVAE [Lotfollahi et al., 2020] DL/Autoencoder 2020 R2

CellBox [Yuan et al., 2021] ODE/Causal 2021 R2

CPA [Lotfollahi et al., 2023] DL/Autoencoder 2021 R2

ENformer [Avsec et al., 2021] DL/Transformer 2021 R2

SI-A [Squires et al., 2022b] Causal 2022 R2, RMSE

Ensemble [Al Taweraqi and King, 2022] Ensemble 2022 R2

GEARS [Roohani et al., 2024] DL/GNN 2022 R2, MSE
CellOT [Bunne et al., 2023] Optimal Transport 2023 MMD

scGPT [Cui et al., 2024] DL/Transformer 2024 R2

Bicycle [Rohbeck et al., 2024] ODE/Causal 2024 I-MAE

scFoundation [Hao et al., 2024] DL/Transformer 2024 R2, PCC

SAMS-VAE [Bereket and Karaletsos, 2024] DL/Autoencoder 2024 R2

scPRAM [Jiang et al., 2024] DL/Attention+OT 2024 R2

GenePert [Chen and Zou, 2024] Regression/LLM Embed. 2024 R2, RMSE

scLAMBDA [Wang et al., 2024] DL/Autoencoder 2024 R2, Diff. Exp. Concordance

LPM [Brbić et al., 2025] DL/Transformer 2025 R2

CellFlow [Klein et al., 2025] DL/Flow Matching 2025 R2 + Others

scREPA [Li et al., 2025] DL/Autoencoder 2025 R2, WD

scDFM [Yu et al., 2026] DL/Flow Matching 2025 R2 + Distance Metrics
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Excitement Surrounding Models in Popular Press

“ ‘That’s going to be hugely revolutionary for the field of biology,’
said Bo Wang, a computational biologist at the University of Toronto
and the creator of scGPT. With this virtual cell, he speculated, it
would be possible to predict what a real cell would do in any
situation. Scientists could run entire experiments on their computers
rather than in petri dishes.”

Carl Zimmer, New York Times, March 10, 2024

https://www.nytimes.com/2024/03/10/science/ai-learning-biology.html
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https://www.nytimes.com/2024/03/10/science/ai-learning-biology.html


Prediction Competitions
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Targets of In Silico Models

• Drug perturbation versus genetic perturbations.
• Experimental readouts: gene expression, protein expression
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Notation
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Perturbations and Regulatory Networks

• Perturbations have direct effects
on response variables

• Example: Knockdown of
PTEN (D3) gene directly
effects gene expression of
PTEN (X3)

• Genes regulate expression of
other genes via regulatory
networks.

• Genes X4 and X8 are
downstream of PTEN and will
be affected by PTEN KD
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Causal Approach to In Silico Modeling

1. Causal Discovery: Use training
data to learn causal structure
(orange arrows)

2. Prediction: Assume direct effect
perturbation known and
propagate effect of perturbation
through the inferred causal
structure.
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Implementation of Idea
Linear Causal Structure (GRN) + Linear Interventions:

X = XA+DBT + ϵ

• X ∈ Rn×p training responses
• D ∈ Rn×q training predictors
• Aij = causal effect of Xi on Xj (GRN)
• Bil = direct intervention effect of Dl on response Xi

• ϵ = unmeasured experimental factors (independent of D)

• Causal Structure Learning (CSL) with B Known:

Â = argmin
{A:I−A≻0}

||X−DBT (I − A)−1||2F + λ||A||1

• Predict response
x̂ = dTBT (I − Â)−1.
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Causal / GRN In Silico Models
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Note on Regression Approach
• Least squares regression fit:

R̂ = argmin
R

||X−DR||2F

• Predict response:
x̂ = dT R̂.

• Compare prediction x̂ with ground truth x

Problem: R̂ not defined for denovo prediction (new perturbation
never applied in training data).

For details: Long, J.P., Yang, Y., Shimizu, S., Pham, T. and Do, K.A., 2025. Causal models
and prediction in cell line perturbation experiments. BMC Bioinformatics, 26(1), p.4.
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Overview of DL / AI Approaches

• General idea: Adapt AI/DL modeling strategies to biology

• Broad set of methods
• Auto–encoders
• Generative modeling
• Foundation models
• Fine tuning

• Often less interpretable than causal approaches

• Scalability: By leveraging AI/DL computing strategies, can
model huge data sets
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Benchmark Two Factor Model

Unrealistic Assumption: Perturbations have same effect across cell
lines / cell types.
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Autoencoders

Idea: Learn two factor model on latent space where invariance
assumption is better approximation.
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Examples
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Foundation Models

• Trained on huge datasets
• scGen (non-foundation): ∼ 14, 000 cells
• scGPT (foundation model): 33 million cells

• Model architecture:
• BERT (e.g. scBERT)
• GPT (e.g. scGPT)

• General models which can be fine tuned to specific tasks
• Cell type annotation
• Multi-batch integration
• Multi-omic integration
• Perturbation response prediction
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Model Evaluation: Standard Strategy

Evaluation metrics may be computed for each test perturbation.
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Example: scGen Lotfollahi et al. [2019b]
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Example: SI-A Squires et al. [2022a]

• 100 cell line-drug pair

• Predict expression of 1000 genes for each pair

• Compute normalized MSE for each pair
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Limitations of Metrics

• Sparse Perturbation Effects: Perturbations typically affect only a
small subset of genes. R2 / MSE metrics may be dominated by
the large number of unaffected genes.

• Biological Relevance: Unclear at what R2 level in silico model
can replace in vitro experiment.
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Proposal: Evaluate Quality of In Silico DE Analysis
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Precision, Recall, and AUPRC

• Rg = |log2(In Silico FC of gene g)|

• Zg =

{
1 if gene g is DE in vitro

0 otherwise

• At threshold r:

Precision =

∑
g 1Zg=1,Rg>r∑

g 1Rg>r

Recall =

∑
g 1Zg=1,Rg>r∑

g 1Zg=1

• AUPRC: Area under precision recall curve
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Kaggle Competition Example

• Goal: Predict gene expression of CD4+ T cells following
perturbation with Perhexiline

• Part of Kaggle 2023 competition

• In silico models tested:
• Benchmark: Perturbation, Cell type, Two Factor
• Synthetic Intervention - Action (SI-A) [Squires et al., 2022a]

• In vitro DE analysis detects 348 differentially expressed genes
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Kaggle Competition Example

At recall of 25%, precision is less than 10% for all methods.

36 / 45



PBMC Example

• At recall of 25%, precision generally > 80%

• Low precision if you seek most diff expressed genes.

• scgen and Two-factor have similar overall performance.
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Benchmarking
• Over-investment in new methods
• Under-investment in benchmarking (pre-2025)

• Recent benchmarking studies are cautionary
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Reverse (or Inverse) Problem

Gonzalez, G., Lin, X., Herath, I., Veselkov, K., Bronstein, M. and Zitnik, M., 2025.
Combinatorial prediction of therapeutic perturbations using causally inspired neural networks.
Nature Biomedical Engineering, pp.1-18.
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Uncertainty Quantification on Predictions
• In silico model may have:

• high confidence about how perturbation A changes expression.
• low confidence about how perturbation B changes expression.

• Current models do not report uncertainty.

• One Approach: Conformal Prediction
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Collaboration
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