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(A) Double perturbation prediction correlation
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(B) Prediction error stratified by the considered gene sets

genes sorted by expression genes sorted by differential expression
CP/
scFoundation scFoundation
10 10
S
s
5 No Change No Change
s GEARS GEARS
5 SCBERT SCRERT
5 /‘LSJCCE e
o g5 / Geneformer* 5 Geneformer*
-Additive Additive
0 T T 0 T T
1 100 10,000 1 100 10,000
top n genes (log-scale)
Extended Data Fig. 2 | Alternative measures of the double perturbation model. (b) Prediction error as a function of n, the number of read-out genes.
prediction performance. (a) The Pearson delta measure calculates the Left: genes ranked by expression in the control condition, right: by differential
correlation of the prediction and observations after subtracting the expression expression between observed value and expression in the control condition.

inthe control condition. The correlation for the no change predictions could not Note that sorting by differential expressionis only possible if access to the
be calculated because they were all zero. The horizontal red lines show the mean ground truthis available and can thus not be applied in real-world use cases. The
per model, and the dashed line indicates the correlation of the best-performing dashed lineat n=1000 is the choice in Panel aand elsewhere in this work.
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(A) Quantile-Quantile plot of the difference from the additive expectation (B) Empirical null decomposition
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Extended Data Fig. 3 | Distribution of the observed difference from the
additive model. (a) Quantile-quantile plot comparing the distribution of the
differences between observed expression values and the additive expectation
againstastandard normal distribution. The slope of the line is the standard
deviation of the null model. (b) Histogram of the differences with ared curve
overlayed that shows the null distribution fitted using locfdr. Values under the
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curveare grey, and the black bars show the observations that exceed what we
would expect under the null model. The vertical bar shows the upper and lower
thresholds for which the observations have a false discovery rate of less than 5%
(thatis, the grey fraction of the bars outside the vertical lines is 5%). The numbers
at the top count the observations per group.
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(A) Precision-Recall Curve (PRC)
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(B) Receiver Operator Curve (ROC)
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Extended Data Fig. 4 | Alternative measures how well each model detects parenthesis are the area under the curve (AUC) with the standard error across
geneticinteractions. (a) Precision-recall and (b) receiver operator curve for all five test-training splits. 7P: true positive, FP: false positive, FN: false negative,

models distinguishing interactions from additive combinations. The numbersin TN:true negative.
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(A) Reoccuring genes among top 100 interaction predictions
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(B) Reoccuring perturbations among top 100 interaction predictions
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Extended DataFig. 5| Reoccurrence of genes and perturbations for top facetted by the test-training split. The ground truth column shows the genes and
predictions. (a) Reoccurrence of genes and (b) perturbations among the perturbations sorted by observed difference from the additive expectation. The
100 predictions that differed most from the additive expectation. The data is highlighted genes and perturbations are the four most reoccurring ones.
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Analysis of the predicted and observed expression patterns for HBG2 and HBZ

against predicted value = for each double perturbation. The grey box in the background shows the additive range.
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(A) Variation of predictions across double perturbations for Norman
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Extended Data Fig. 7 | Variation of the predicted and observed expression
values. Histogram of the standard deviation per gene for the predicted and
observed expression values across perturbations facetted by the model. The red
vertical bar indicates the mean of the standard deviations for the ground truth

5000
4000
3000 4
2000
1000

scGPT

0 T
0.00 0.02

5000
4000
3000 4
2000
1000

0
0.00 0.02

2000+
1500 -
1000

500

0.00 0.02

2000
1500
1000 -

500

010 050

Geneformer*

0.10 0.50

scGPT

0.10
GEARS

0.50

1.50

1.50

1.50

for (a) the Norman dataset and (b) the Replogle K562 dataset. The datareflects
the variation for the 1000 most highly expressed genes and is aggregated across

five test-training splits. LM: linear model.
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(A) Single unseen perturbation prediction correlation
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Extended Data Fig. 8 | Alternative measures of the single perturbation
prediction performance. (a) The Pearson delta measure calculates the
correlation of the prediction and observations after subtracting the expression
inthe control condition. The horizontal red lines show the mean per model and
the dashed line indicates the correlation of the best-performing model.

(b) Prediction error as afunction of n, the number of read-out genes.

Top: genes ranked by expression in the control condition. Bottom: by
differential expression between observed value and expression in the control
condition. Note that sorting by differential expressionis only possible if access
to the ground truth is available and can thus not be applied in real-world use
cases. The dashed lineat n=1000 is the choice in Panel a and elsewhere in this
work. LM:linear model, DL: deep learning.
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Extended DataFig. 9 | Analysis how differential expression between K562 ofthe 122 double perturbations from five test-training splits. The blue line
and RPE1 effects prediction accuracy of transfer learning. (a) Scatter plot of shows thelinear fit with a slope indicated in the subtitle. (c) Scatter plot of the
the mean gene expression for shared genes between RPE1and K562 without Pearson delta score per perturbation for the RPE1 dataset against the differential
perturbation. The dashed line indicates the diagonal. (b) Scatter plot of the expression of the perturbation target gene between RPE1and K562. The blue
absolute prediction error per read-out gene against the differential expression line shows the linear fit with a slope indicated in the subtitle, and the shaded area
ofthat gene between RPE1and K562. Each point is one read-out gene from one indicates the standard error of the fit.
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For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Dataset  Availability (with link)
Norman Downloaded from scFoundation via Figshare (https://figshare.com/articles/dataset/scFoundation_Large_Scale_Foundation_Model_on_Single-
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cell_Transcriptomics_-_processed_datasets/240492007file=44477939)

Adamson Downloaded via GEARS from Harvard dataverse (https://dataverse.harvard.edu/api/access/datafile/6154417)
Replogle K562 Downloaded via GEARS from Harvard dataverse (https://dataverse.harvard.edu/api/access/datafile/7458695)
Replogle RPE1 Downloaded via GEARS from Harvard dataverse (https://dataverse.harvard.edu/api/access/datafile/7458694)

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender N/A

Reporting on race, ethnicity, or  N/A
other socially relevant
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groupings

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|X| Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size We chose publicy available datasets whose experimental designs, incl. sample size, were appropriate as a test case for the proposed method /
underlying scientific question.

Data exclusions  We did not exclude any data.

Replication All material to replicate our results are available at https://github.com/const-ae/linear_perturbation_prediction-Paper/ and https://
doi.org/10.5281/zenodo.14833202. However, we did not attempt to independently replicate our results.

Randomization  Not applicable. We present a complete combinatorial matrix of benchmarks of multiple computational methods each applied to multiple
datasets and thus could observe each software in all conditions and did not need to randomize software to condition assignment.

Blinding The analysts were not blinded while evaluating the benchmark. During the implementation of the benchmark, it is not possible to be blinded,
as each method requires custom code. And while reporting the results blinding was not necessary as we directly provide the results for
metrics that have previously already been used to measure the accuracy of perturbation effect prediction. To ensure that all methods were
fairly evaluated, we approached the authors of each method and asked them to scrutinize our implementation.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.




Materials & experimental systems

Methods

Novel plant genotypes  N/A

Authentication N/A

n/a | Involved in the study n/a | Involved in the study

|Z |:| Antibodies |Z |:| ChiIP-seq

X |:| Eukaryotic cell lines |:| Flow cytometry

|Z |:| Palaeontology and archaeology |Z |:| MRI-based neuroimaging
X |:| Animals and other organisms

X|[] clinical data

|Z |:| Dual use research of concern

X|[] Plants
Plants

Seed stocks N/A
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