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What is quality?

Many definitions. E.g.:

e adherence to specifications

e fithess for
purpose

Henry Ford (possibly apocryp

“If I had asked people what t
wanted, they would have saic
horses.”
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The current increased interest in evaluating the teaching of college and

university faculty has made course evaluations even more important tm
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Benchmarking is really difficult

o Not even a matter of “ground truth”
Usefulness (CAll models are wrong but some are useful’)
e But what is useful?
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How to predict the effect of unseen perturbations?

- Cell fate - Unseen drugs
- Cell morphology - Unseen cell types
- Metabolome - Unseen single perturbations

Double perturbations

Transcriptome




GENOMICS

Exploring genetic interaction
manifolds constructed from rich
single-cell phenotypes

Thomas M. Norman®?3*t, Max A. Horlbeck"*?*, Joseph M. Replogle”*3, Alex Y. Ge*>,
Albert Xu®*3, Marco Jost"*, Luke A. Gilbert**t, Jonathan S. Weissman’?3+

« K562 cell line

* CRISPR activation

« 101 single perturbations + 62 double perturbations
« 110,000 cells
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Generative

Data collection

GEO, HCA, EMBL-€8, hECA, DISCO, ...
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Additional models:
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Expression

Comparison of prediction errors

Predicted vs. Observed expression for CEBPE+CEBPB perturbation
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Average prediction error for tested models was larger than
for the additive baseline

a Double perturbation prediction error
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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

genes sorted by expression genes sorted by differential expression
CPA CPA
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But what about prediction of non-additive

effects (AAB # AA + AB)

d Classification of interactions

Training data

log expression of example read-out gene

No perturbation -
Perturbation A -

Perturblation B -

Observed/Predicted interaction
class of perturbation A + B

Additive

(non-interaction)

4

5

o > )

£ S

0] s S

- >

- %) Q

foa) o
Non-additive

@const-ae.bsky.social | @wkhuber.bsky.social

1041U0D 0} pGJEdUJOO OE N

_ acGPT
64 1,408 118,965
4 .
2 .
O -
-0.25 0.00

0.25

3,627

Observed LFC over additive expectation

Observed expression
minus additive expectation

Additive @ Other

Buffering

Synergy

13



Predicted expression

We can count how many of the most non-additive

predictions are actually non-additive
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Predicted expression

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

(F) Prediction of change relative to additiv

Baselines
No Change Additive scC
(2]
25 1 B
E®
58
o 3
55‘, 0 / /
Bo
o B =
T
a® 17 :
08 00 08 -08 00 08 -08 0

@const-ae.bsky.social | @wkhuber.bsky.social

(C) Accuracy of interaction predictions

)

scFoundation””

TP+FN

True Positive Rate (

/ Geneformer*

Additive @® Other Buffering Synergy

Other Deep Learning Models

Geneformer* GEARS CPA
‘e, % . sy I

230

08 00 08 -08 00 08 -08 00 08

—
8

False discovery proportion (

1.00

16



How to predict the effect of unseen gene

perturbations? /
O O O
o® o° o°
Space of gene Space of perturbations

expression
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A linear model performs as good or better than the deep
learning models for single perturbation prediction

a Single unseen perturbation prediction error
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Pre-training on another perturbation
dataset increases performance

€ Using pretrained embeddings in the linear model
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Evaluating the Utilities of Foundation Models in
Single-cell Data Analysis

Tianyu Liu®?
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nderstanding the relationships among genes, compounds, and their interact
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Abstract
their informed use, their improvement, and the interpretation of their predictiol

Accurately predicting cellular responses to perturbations is essential for understanding cell
behaviour in both healthy and diseased states. While perturbation data is ideal for building
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Genetic perturbations are key to understanding how genes regulate cell behavior,
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shot evaluations in development and deployment of foundation models in single-cell
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But maybe we are looking at the wrong
metrics. Two alternative proposals:

nature biotechnology View al
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Systema: a framework for evaluating genetic
perturbation response prediction beyond systematic
variation

Nitzan & & Maria Brbi¢ &
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Deep Learning-Based Genetic Perturbation Models Do Outperform
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Systema: how good is the prediction relative
to the other perturbations?

Centroid accuracy

Q
/ Mean<’.'—i. < ::g) =075
—Q

3 0
\#

Centroids

Inferred *

Calculate distances between inferred Groundtuth @O QO '
centroid and ground-truth centroids

Vifas 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

Using perturbation mean as
reference for Pearson Delta oo

Perturbed cell 1 X_true = pert_adata.layers['obs'][condition,:]
Control cells Perturbed cells erturbed cetis 2 X_pred = pert_adata.layers[ 'pred'][condition,:]
e

4 pert_mean = pert_adata.X.mean(axis=0)
5 ctrl_mean = ctrl_adata.X.mean(axis=0)
6
7

8 pearsonr(X_true, X_pred)

9

10 pearsonr(X_true - ctrl_mean, X_pred - ctrl_mean)
11

12 pearsonr(X_true - pert_mean, X_pred - pert_mean)
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Miller et al. propose to use metrics that
separate positive and negative control

L . o
B. Metric calibration assessment
Uncalibrated Calibrated
__ 4 e
8 ) ) Calibration-based
0) metric ranking

ctrl —
@e 0
e
(@)
Dynamic Range
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[ ]
[ ]
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Pert
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3

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

B. Metric calibration assessment

Uncalibrated Calibrated

Calibration-based
metric ranking

-> MSE weighted by DE is “well calibrated”

U
N
n
s [
: [
A\ 4

Metrics

Miller et al., Deep Learning-Based Genetic Perturbation Models Do Outperform Uninformative Baselines on Well-Calibrated Metrics. bioRxiv



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

Error calculated across
* All genes
* Highly expressed genes

* Differentially expressed
genes



Measure | ____Pro_____ Con

Mean squared error Interpretable Sensitive to outliers
Pearson correlation Interpretable Typically very close to 1
Pearson Delta wrt. to Interpretable Systematic effects increase
control mean predictor performance
Pearson Delta wrt. to Robust to systematic  Less interpretable. Unclear
perturbation mean changes what is a good baseline
Centroid accuracy Interpretable Output depends on
perturbation similarity

Recall of truly non- Interpretable, relevant  Only meaningful for double
additive genes perturbations
Genesubset ____|Pro___________|Con

All Comprehensive Noise can dominate signal
Highly Expressed Informative Not always relvant

Most differentially Emphasizes affected  Lacks all negative examples
expressed genes

@const-ae.bsky.social | @wkhuber.bsky.social
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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 Interpretable Systematic effects increase
control mean predictor performance
Pearson Delta wrt. to Robust to systematic  Less interpretable. Unclear
perturbation mean changes what is a good baseline
Centroid accuracy Interpretable Output depends on

perturbation similarity

Recall of truly non- Interpretable, relevant  Only meaningful for double
additive genes perturbations
Genesubset ______Pro___________[Con

All Comprehensive Noise can dominate signal
Highly Expressed Informative Not always relvant

Most differentially Emphasizes affected Lacks all negative examples
expressed genes
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Mean squared error Interpretable

Pearson correlation Interpretable

Pearson Delta wrt. to Interpretable

control

Pearson Delta wrt. to Robust to systematic
perturbation mean changes

Centroid accuracy Interpretable

Recall of truly non- Interpretable, relevant

additive genes

Con
Sensitive to outliers
Typically very close to 1

Systematic effects increase
mean predictor performance

Less interpretable. Unclear
what is a good baseline

Output depends on
perturbation similarity

Only meaningful for double
perturbations

Genesubset ______|Pro________[Con

All Comprehensive
Highly Expressed Informative

Most differentially Emphasizes affected
expressed genes

@const-ae.bsky.social | @wkhuber.bsky.social

Noise can dominate signal
Not always relvant

Lacks all negative
examples
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Thinking inside vs outside the box

Inside: Outside:

Finding the best metric to Predict

train a Deep Learning * Proliferation

model for Perturb-Seq T cell exhaustion

data | » Contractile strength

* MSE on highly expressed « Cell-cell interactions
genes

learned from
spatiotemporal data
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https://www.nature.com/articles/s41592-025-02772-6
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