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First EUOS Solubility Challenge set-up
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• Experimentally: Nephelometer measures undissolved sediment

• Classification into low, medium and high soluble with phenytoin 
and amiodarone as thresholds

• 70k training datapoints, 15k public leaderboard, 15k private 
leaderboard

• Stratified random sampling

Imbalance of data



Kaggle SLAS Solubility prediction
Winning model: 

OCHEM-generated consensus 
model

Andrea Hunklinger
SLAS Europe 2023
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Peter Hartog, Martin Šícho , Guillaume Godin, Igor Tetko

Hunklinger at al, DOI: 10.1016/j.slasd.2024.01.005



OCHEM https://ochem.eu 
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QSPR/QSAR modelling in OCHEM
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Molecular representation

Categorical boosting algorithm (decision-tree based)

Neural Network with seven layers

Convolutional Neural Network

Graph Convolutional Neural Network
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Quadratic kappa metric scores
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Each descriptor/method sees only part of a molecule

Blind monks examining an elephant, an ukiyo-e print by Hanabusa Itchō (1652–1724).
https://en.wikipedia.org/wiki/Blind_men_and_an_elephant

https://en.wikipedia.org/wiki/Ukiyo-e
https://en.wikipedia.org/wiki/Ukiyo-e
https://en.wikipedia.org/wiki/Ukiyo-e
https://en.wikipedia.org/wiki/Hanabusa_Itch%C5%8D




Highly imbalanced: 0.2% active for  fluorescence at > 450 nm
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fillipsPL: 3 days (72 hours) per target using 384 AMD EPYC 9684X CPU cores
itetko_euos & naibaF: hours to ten of hours of GPU card NVIDIA Tesla V100 per one method



Conclusions

• Representation learning models demonstrate great 
power

• Consensus/Ensemble/multimodal models demonstrate 
the highest accuracy*
• An access to HPC cluster is a great asset

• Select and combine best methods & descriptors
• Combine diverse methods
• Use correct validation metrics which match the task

• Most importantly: have a good luck! J
*Zhu, H.; Tropsha, A.; Fourches, D.; Varnek, A.; Papa, E.; Gramatica, P.; Oberg, T.; Dao, P.; Cherkasov, A.; 
Tetko, I. V. Combinatorial QSAR Modeling of Chemical Toxicants Tested against Tetrahymena Pyriformis. J. 
Chem. Inf. Model. 2008, 48 (4), 766–784. https://doi.org/10.1021/ci700443v - one of the first published 
consensus model

https://doi.org/10.1021/ci700443v
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