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Curate Cell-Painting datasets and develop computational workflows

to cure diseases
WHAT WE PERTURB

Patient variants
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Compound screens
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Cell-image representations can be learned from images alone or by
combining images and biological information

Training objectives shape learned cell representations

Images alone Images + biological information
1 Match different views 3 Predict biological identity
{Globol views: . Cytoself DeepProfiler
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Image-based profiling and machine learning to understand genetic variants,
predict compound toxicity and accelerate drug development
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Protein mislocalization is a prominent phenotype of pathogenic genetic
variants and can be used as a phenotype for drug screening

|ldentify the phenotypes
Mislocalization rate vs ClinVar
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Lacoste, Haghighi et al., Cell, 2024
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The Variant Painting assay can profile the complex phenotypes
genetic variants

N o

Standard Cell Painting Variant Painting

( ) ( + Localization)

Different imaging channels and features were used to capture alterations in protein localization and cell morphology
GFP: Protein localization

of
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An automated machine learning workflow detects variant cells with
protein mislocalization using the CellProfiler single-cell features

Imaging wells Single-cell profiles for Distribution of AUROC scores
reference and variant cells between Ctrl-Ctrl and Ref-Var wells
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- Imaging Phenotype Score: is there a significant protein mislocalization between the Variant and |
Reference alleles? (based on the null distribution of AUROC from comparing the same control
alleles from different wells)
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MisLocus: a single-cell image benchmark for protein mislocalization
DNA Mito

Johan Fredin
Haslum

Segmentation
F All channels

AGP Protei
. 2 \ Quality control

Variant Painting:
Morphology + Localization

1. Mislocalization detection

Out-of-box models

[ Supervised model: XGBoost
[ Unsupervised method: copairs
o CellProfiler
08 ey pav Data cleaning MorphEm
[ Variant effect to clinical relevance SubCe’lIPoﬂﬁble
: AlphaMissense ~ ESM1b O Postprocessing '
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Finetuned subcell-embed

3. Protein subcellular localization

github.com huggingface
runxi-shen/MisLocus/ [ Distinguish protein localization pattern
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Three models for protein localization were benchmarked using their
out-of-box, fine-tuned, or re-trained versions

Cytoself: GFP + Nucleus, localization-specific
Retrained on our own data
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Similarity-based scoring detects variant-reference differences without
classifier training: faster and less risk of overfitting

Can we distinguish variant from reference? Plates

Distance between replicates of VAR and REF
Per variant calculate the mean Average Precision

Per variant score
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Normalized mean Average Precision across variant profiles
Permutation based significance scoring - mAP by chance?

Hit calling

Well-position effect scoring - 95th percentile cutoff
Above 95th percentile & significant mAP score
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rand AP =0.15

\ norm AP = 0.06/
X All replicates j norm mAP = 0.12

Kalinin et al., Nature Communications, 2025



CellProfiler has competitive mislocalization hit rates with the learned
representations under the supervised but not the unsupervised framework

Variants labeled as mislocalized by
Lacoste et al. shift toward higher i
supervised AUROC scores than °,,
variants not labeled as mislocalized 0
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| Mislocalization hits & Imaging phenotype scores

Mislocalization hits vs ClinVar classifications

| XGB | PA | XGB | PA
Representation Channel | Hits Hitrate AUROC Null pgs | Hits Hitrate mAPnpom | Precision ~ F;  Fisher pgy | Precision ~ F  Fisher pgy
SC ft/ViT EMBED | 274 29.2% 0.800 0.928 | 349 34.0% 0.354 81.6% 0.521 0.022 84.3% 0,529 0.002
SC ft/MAE EMBED | 275 29.3% 0.773 0.905 | 315 30.7% 0.336 81.3% 0.526 0.025 88.2% 0.508 le-4
SC rbg/MAE  EMBED | 226 24.1% 0.738 0.903 | 319 31.1% 0.291 83.5% 0.464 0.011 87.8% 0.493 le-4
SC rbg/ViT EMBED | 200 21.3% 0.739 0.915| 309 30.1% 0.274 81.6% 0.403 0.071 86.5% 0.452 0.001
MorphEM ALL 170 18.1% 0.757 0946 | 183 17.8% 0.164 | 76.7% 0.330 0.472 83.0% 0315 0.085
MorphEM GFP 334 35.6% 0.712 0.824 | 277 27.0% 0.287 87.0% 0.609 le-5 89.0% 0.498 le-4
Cytoself combined | 365 39.0% 0.694 0.790 | 203  19.8% 0.130 84.9% 0.617 le-4 89.4% 0.357 le-3
CellProfiler ALL 292 31.1% 0.796 0.952 || 37 3.6% 0.002 77.1% 0.505 0.322 94.7% 0.091 0.062
CellProfiler GFP 219 23.3% 0.796 0.952 || 49 4.8% 0.034 842% 0.449 0.008 92.0% 0.114 0.062
@ PURDUE
UNIVERSITY. Lacoste and Haghighi, et al. Cell 2024



Imaging phenotype scores are associated with ClinVar

variant

classifications and are highly correlated between methods
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Supervised XGBoost
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Nuisance variation in CellProfiler features reduces mislocalization hit
detection when comparing experiment vs control classifiers

Lower mislocalization hit-calling rates with CellProfiler features

GFP
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CellProfiler control-null classifiers are
dominated by protein-channel intensity features

Top 10 CellProfiler Features — GFP

Cetls_Intensity_MaxintensityEdge GFP
Cytoplasm_Correlation_K_GFP_AGP
Cytoplasm_Correlation RWC_GFP_DNA
Cells_Correlation_RWC_Mita_GFP
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Cytoplasm_Granularity_1_GFP
Muclei_Corelation_K_GFP_AGP

Celis_Correlation_Manders_GFP_Mito

Cells_Intensity_MinintensityEdge_GFF
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Mislocalization info is captured by representations,
but obscured by other features when using copairs

ClinVar P/B F1 vs K — PA mAP, top-K XGB-important features (T4, empirical)
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Learned embeddings better preserve protein-localization structure

U Feature space grouping by localization patterns

U

Finetuned models better reproduce the localization grouping in HPA
O All models are significant in at least one group, indicating meaningful feature spaces for encoding
protein-localization information.

Intermediate-filaments (n=8)
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JUMP-lite: Compact, reproducible benchmark of cell representations

(b) JUMP-lite size.
JUMP-lite MQ (92.0 GB, 0.08%)
JUMP-lite lossless (4.8TB)
T @ JUMP-lite subset (8.7TB)

7 (\ v \‘l..\ ;-2% Alan Fernando Johan Fredin
“\\ — Muiioz Gonzélez Haslum
I|l £ \
'\_,/\/{
JUMP-Cell Painting lossless
compression (72TB)
62.6%
« Cell Painting assay in U20S cells, 5 replicates
JUMP-Cell Painting (115 TB)
« 13,000 overexpressed genes , 100% -
£ % ” reguires ,%BZ" 4 Data annotations )
« 8,000 CRISPR knockouts (ks /L Segmnt m napt - 0.2
J B1 . Py ™
« 116,000 (+30,000) small molecules " B LA gtz Cooits B Y
oy Q
‘ % Eﬁ:é ¢ Curated annotations @@ ,
0. . . .. - mbe catures o @
1.6 billion single cells (entire Cell Painting Gallery: 2 billion) Fmbed - Feat € T Q& Y
2,378 plates (384 well) = 913,152 well e ™ B oM e T 0%
’ ptates well) = ’ wells Crop tiles Preprocess Process Data cleanup ®
200 TB of images, similar amount of extracted features Image to feature (ALIBY) . Postprocessing  Evaluation  copue
A huge dataset - hard to be benchmarked and re-used
Now a compact lite version exists 2 [ c% m‘m Sitmail Dikovz Hesien] Cpechanse ]

E UPI:I[IJ‘BI-]R:)SIIJ'I‘EY: https://arxiv.org/abs/2608.07632



https://arxiv.org/abs/2608.07632

A compressed and well-annotated JUMP-CP subset for benchmarking

Selection + compression
JUMP-lite: 92 GB

Selected images: 8.7 TB

- Select from full JUMP
1M5TB — 8.7 TB

Compress the selected images
8.7TB — 92 GB

~9%4x smaller with lossy JPEG XL (MQ).
Full JUMP release
115 TB

All CRISPR and ORF - Most annotated compounds

24,347 treatments retained after quality control.
Adapted from Mufioz, Fredin Haslum et al., JUMP-lite (2026).

@ PURDUE
UNIVERSITY.



Benchmarking on well-defined biological tasks: activity and consistency
of compounds and their relationship to genetic perturbations

Data annotations o @
Replicate CRISPR, ORF and compound wells versus same-plate controls. ﬁﬁ ﬁﬁ """'(5'):;..:)_12'51?;
Replicates Controls "4\ \@) ©)

Curated annotations & @

[v) 2
Compounds sharing a target versus compounds with different targets. @ —> st ‘
» Drug Target (

A5 FURDUE



Models: MorphEM and CellProfiler lead on raw images

MorphEM
CellProfiler
DINOv2
SubCell
OpenPhenom
Cell Count
ViT-random

. 0.944
I, 0.936
I, 0.721
I 0.715
e 0.688
N 0.402

I 0.252

0 0.5 1

Mean of per-task-normalized scores

Make comparison
reproducible

Nahual isolates model
dependencies.

Aggregate scores from Mufioz, Fredin Haslum et al., JUMP-lite (2026), Fig. 5. *CellProfiler uses more sites than the learned representations.

E PURDUE
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Moderate compression trades a little signal for much less storage

HQ MQ D20
JPEG XL distance 1 3 20
Image storage 2377GB  92GB 16.2GB
Storage reduction ~973% ~989% ~99.8%

Mean task-score change —-1.2% —6.5% —19.3%

Choose the trade-off for your task.

@ PURDUE
UNIVERSITY.



Poster 1, the manuscript is available

arxiv.org/abs/2608.07632

Work accepted at WACV 2027

@ PURDUE
UNIVERSITY.



Omics for Assessing Signatures for Integrated Safety (OASIS) Consortium

OAS:S

Omics for Assessing Signatures for Integrated Safety Consortium

"Successful drug discovery is like finding oases of safety and efficacy in
chemical and biological deserts." — Scannell, Nat Rev Drug Discovery 2022

e |

Transcriptomics (MRNA) NELISA (protein)
§ FEEEETED
§ st { I BioSpyder
§ EEEEEEEI
N
Y
PURDUE ' icity i
@ UNIVERSITY. PredICt Compound tOXICIty In humans Rouquié, et al. Tox Sci 2025



OASIS Consortium for toxicity assessment

Public and Cell model
private systems o Publicly
compounds with (of increasing Multi-omic Data accessible data
associated in complexity, profiling e bubliched
) physiological assays anatysis ublished
relevance, and methodologies
human data cost)

hepatocyte-like cell line

200 donated from QU205 human Cell Painting (images) QTranslating in vitro to UCommunity of Practice
industry partners osteosarcoma immortal o in vivo concentrations
01,400 from public cell line (qIVIVE) 4 ‘..,
domain UDistinguishing & .
interpreting ht “

QPrimary human

!
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1
1
. mechanisms
1

1

2
1
1
1
1
1
1
1

OHepaRG human .
1
1
1
1
1
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1
1

(1]

£ X

hepatocytes Qintegrating evidence
dPrimary rat hepatocytes across multiple data
. OHepG2 ) ; types/cell models
EI_I__l\Zr_ 5r_g_a_n_o_|(_jg,_ I:R/EF—_ ] nELISA (protein)
on-a-chip i Nomic bio

E PURDUE —' @AS S
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An automated computational workflow to predict drug bioactivity and
liver toxicity in humans and rats from simple cell cultures

Count Shapes, Sizes,
Intensities, Textures,
Learned Features, etc.

CellProfiler”

cell image analysis software |

|| Ll

.-.. Abstract numerical —
-... vectors describe the =
.... image representation 2
Tokenized =

image

Single-cell features

©)
Oo°
o o
Human DILI Rat in-vivo liver tox  Cytotox + MOA Machine Learning Model
DiLIrank 2.0 ToxValDB, TG-GATES, DrugMatrix ToxCast

E PURDUE
UNIVERSITY.



Diverse biological endpoints for cytotoxicity, bioactivity and hepatotoxicity
were curated from multiple databases

ToxCast Mode-of-Action Rat in vivo liver outcomes Human DILI

(1963 compounds (1471 compounds (1627 compounds
(1412 endpoints (163 endpoints (14 endpoints
1 Original data collected in QA ToxValDB[2, TG-GATESE], A DlLlrank 2.0
~20 different human cell DrugMatrix[4] dNo, Less, More, Ambiguous
typestl] (14 categories (1 Observational human data:
A Binary yes/no for ML A Binary yes/no limited info on dose and
dHave hit call, AC50, and (1 Associated Benchmark frequency
cell type information Dose/Lowest Observed dVery broad biological
Adverse Effect Level category

O Current curation is mostly based on manual data preprocessing and cleaning

0 Automated toxicity endpoint data curation using large-language models and Al agents is an

ongoing effort led by Ewald lab

Jess Ewald

‘@ PURDUE [1] U.S. EPA. ToxCast & Tox21 Summary Files from invitrodb_v4.1; [2] Patlewicz, G., et al. (2025). Development of the Toxicity Values Database;
UNIVERSITY. [3] Igarashi, Y., et al. (2015). Nucleic Acids Research; [4] Ganter, B., et al. (2005). Nucleic Acids Research; [5] Olubamiwa et al., 2025, Drug Discov Today



Morphological profiles outperform cell count and random baseline models

for predicting cytotoxicity and drug mode-of-action
In-vitro cytotoxicity

PHH U20s HepaRG RatHeps HepG2
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MorphEm and CellProfiler lead in predicting cytotoxicity, mode-of-action
and human drug-induced liver injury

Cytotoxicity and Mode-of-action predictions Human DILI predictions

Cytotoxicity Cell-based DILIv2_DropLess - agg=all - variant=Actual
a OASIS_RatHeps_Batches - n=100 bootstrap iterations

12 —— ‘ i
1.0 B
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g
0.2
0.2 £
0.0 0.0
CellProfiler Morphem  SubCell OpenPhenom DINOv2 CellProfiler Morphem  SubCell OpenPhenom DINOv2 CellProfiler Morphem SubCell OpenPhenom DINOv2
@ PURDUE Results are preliminary: the toxicological labels currently curated are still not “perfect” and we are still cleaning them up with LLM and agentic workflows.
UNIVERSITY. Gupta et al. bioRxiv, 2025; Agrawal et al. ICLR, 2026; Kraus et al., ICLR, 2025; Oquab et al. Transactions on Machine Learning Research, 2024



Deep learning features uniquely capture a few rat tox endpoints

Distinguish rat hepatotoxicity endpoints from each other

Per-endpoint AUROC — some-endpoint negatives (agg=all)
OASIS_RatHeps_Batches - mean across 100 bootstrap iterations

histo: Bile_duct_dilatation
gross-patho: Abnormal_morphology

Prediction of any rat in-vivo hepatic endpoint Qross patio: Discolored, e
liver-weight: Absolute_weight_increase
AUROC (median +95% Cl) histo: Vacuolization_hepatocyte
10 Foature histo: Hypertrophy_hepatocyte 061 068 057
histo: Steatosis 0.60 0.64 0.61
: ::A:;pg:my histo: Inflammation_macrophage 0.60 0.64 0.57
histo: Increased_blood flow 0.50 0.66 0.66
0.8 === Random ) ) s e
histo: Alteration_hepatocyte 0.59 0.57 0.54
histo: Hyperplasia_hepatocyte 0.53 0.64 0.54 ~06 Q
o 06 gross-patho: Hyperplasia_liver 0.47 0.47 0.59 g
@ = histo: Discolored_liver 0.54 0.59 0.44 8
03: — g. histo: Inflammation_eosinophil 0.53 0.50 0.40 8
= & histo: Hepatocyte_death 0.52 0.61 0.55 5
0.4 gross-patho: Degeneration_liver 0.49 0.58 0.54 ‘é
histo: Inflammation_leukocyte 0.41 0.55 0.59 -0.4 é
liver-weight: Relative_weight_increase 0.56 0.48 0.43
0.2 histo: § ic_lesions_| 0.53 0.51 0.45
histo: Atypia_hepatocyte ) 0.34 0.37 0.48
histo: Neoplasia_hepatocyte 0.65 0.47 0.45 0.43 0.47
0.0 gross-patho: Irregular_surface 0.37 0.54 0.57 0.50 0.47 0.2
CellProfiler ~ Morphem SubCell OpenPhenom DINOv2 histo: Hemosiderosis 0.47 0.46 0.61 0.41 0.46
histo: Lesion 0.35 0.48 0.54 0.36 0.55
histo: Fibrosis_stellate_cells 0.38 0.44 034 0.58 0.41
histo: Cytomegaly ~ 0.56 042 | 029 | 041
histo: Hepatic_cyst 0.36 0.38 o6
CellProfiler ~ Morphem SubCell OpenPhenom DINOv2
Representation
' PURDUE Results are preliminary: the toxicological labels currently curated are still not “perfect” and we are still cleaning them up with LLM and agentic workflows.
UNIVERSITY. Gupta et al. bioRxiv, 2025; Agrawal et al. ICLR, 2026; Kraus et al., ICLR, 2025; Oquab et al. Transactions on Machine Learning Research, 2024



Lessons learned

Figure out your biological questions
Define your evaluation tasks clearly — what do you want to achieve?

Pick the models that best fit your needs and choose the trade-off for your tasks (e.g.,

raw vs compressed images)

Fine-tuning the models helps if the model’s training datasets don’t perfectly match

your own data

There is no model that excels at all the tasks — try a few with our benchmarking

framework before you commit to a single one ©

Think about how to interpret your results at the end
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