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What is quality? Many definitions. E.g.:
● adherence to specifications
● fitness for

purpose

Henry Ford (possibly apocryphal): 
‘’If I had asked people what they 
wanted, they would have said faster 
horses.’’
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Goodhart's law

when a measure 
becomes a 

target, it ceases 
to be a good 

measure

Yo Yo Ma, Leipzig
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Benchmarking is really difficult

● Not even a matter of “ground truth”
● Usefulness (’All models are wrong but some are useful’)
● But what is useful?
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How to predict the effect of unseen perturbations?
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- Unseen drugs
- Unseen cell types
- Unseen single perturbations
- Double perturbations

- Cell fate
- Cell morphology
- Metabolome
- Transcriptome
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• K562 cell line
• CRISPR activation
• 101 single perturbations + 62 double perturbations
• 110,000 cells
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Average prediction error for tested models was larger than 
for the additive baseline
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Average correlation for tested models was lower than for the 
additive baseline
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And the effect is robust across different 
read-out gene sets
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But what about prediction of non-additive 
effects (Δ𝐴𝐵 ≠ Δ𝐴 + Δ𝐵)
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Observed expression 
minus additive expectation
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Observed expression 
minus additive expectation
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We can count how many of the most non-additive 
predictions are actually non-additive
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Observed expression 
minus additive expectation
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scGPT finds fewer non-additive expression 
changes than the no-change baseline
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All methods perform worse at identifying non-
additive interactions than the no-change baseline
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How to predict the effect of unseen gene 
perturbations?

17

Space of perturbationsSpace of gene 
expression

Gene

Perturbation
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A linear model performs as good or better than the deep 
learning models for single perturbation prediction
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Same trends for Replogle RPE1 and Adamson
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Pre-training on another perturbation 
dataset increases performance
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But maybe we are looking at the wrong 
metrics. Two alternative proposals:
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Systema: how good is the prediction relative 
to the other perturbations?
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Viñas Torné et al., Systema: a framework for evaluating genetic perturbation response prediction beyond systematic variation. Nature Biotechnology



Systematic differences between perturbations 
and control inflate the Pearson Delta score
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Using perturbation mean as 
reference for Pearson Delta 



Miller et al. propose to use metrics that 
separate positive and negative control
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Miller et al., Deep Learning-Based Genetic Perturbation Models Do Outperform Uninformative Baselines on Well-Calibrated Metrics. bioRxiv
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Miller et al. propose to use metrics that 
separate positive and negative control
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Miller et al., Deep Learning-Based Genetic Perturbation Models Do Outperform Uninformative Baselines on Well-Calibrated Metrics. bioRxiv

à MSE weighted by DE is “well calibrated”



What to measure?

• Mean squared error
• Pearson correlation
• Pearson Delta correlation

• Delta wrt. to control
• Delta wrt. to pert. mean

• Centroid accuracy
• Recall of truly non-additive 

genes
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Error calculated across
• All genes
• Highly expressed genes
• Differentially expressed 

genes

×
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Measure Pro Con
Mean squared error Interpretable Sensitive to outliers
Pearson correlation Interpretable Typically very close to 1
Pearson Delta wrt. to 
control

Interpretable Systematic effects increase 
mean predictor performance

Pearson Delta wrt. to 
perturbation mean

Robust to systematic 
changes

Less interpretable. Unclear 
what is a good baseline

Centroid accuracy Interpretable Output depends on 
perturbation similarity

Recall of truly non-
additive genes

Interpretable, relevant Only meaningful for double 
perturbations

Gene subset Pro Con
All Comprehensive Noise can dominate signal
Highly Expressed Informative Not always relvant
Most differentially 
expressed

Emphasizes affected 
genes

Lacks all negative examples
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Thinking inside vs outside the box

Inside: 
Finding the best metric to 
train a Deep Learning 
model for Perturb-Seq 
data
• MSE on highly expressed 

genes
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Outside: 
Predict
• Proliferation
• T cell exhaustion
• Contractile strength
• Cell-cell interactions
• …
learned from 
spatiotemporal data



Thank you for your attention
• Wolfgang Huber
• Simon Anders
• Constantin Ahlmann-Eltze
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https://www.nature.com/articles/s41592-025-02772-6


