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• Aqueous solubility affects bioavailability/ bioactivity
• Prediction in early-stage drug development

Database with 100k compounds

Challenge Exploration Modeling



A. Kopp, I. Tetko 3
Andrea Kopp 3

93%

4% 3%

high medium low

• 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

Challenge Exploration Modeling

Challenge set-up

Imbalance of data
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COc1ccc(N2C(=O)NC(CC(=O)N3CCC(c4ccccc4)CC3)C2=O)cc1

https://ecbd.eu/compound/

Challenge set-up

Molecules given as SMILES strings

• Metric for prediction: quadratic kappa metric
• good for imbalanced and ordered categorical data
• Perfect alignment with κ2 =1
• Random alignment with κ2 =0

→ Challenge: Classification model with molecular features

Challenge Exploration Modeling
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Molecular descriptors
• https://www.ochem.eu

• Free to participate

• User-contributed database with focus on 
quality and verifiability

• Easy calculated descriptors organised in 
>20 descriptors blocks

• Download licence-free descriptor
packages

https://www.ochem.euChallenge Exploration Modeling



Data exploration
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86% explained variance

PCA UMAP

• ALogPS, OEstate descriptor set

• Classification with k-NN

• Optimisation of workflow

• Highest κ2 = 0.00832
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Workflow with OCHEM

https://www.ochem.euChallenge Exploration Modeling

Data preparation Model calculation

Evaluation

- Standardization
- Neutralize
- Remove salts
- Clean structure

Methods
- Linear Regression
- Random forests
- Boosting
- Deep neural networks
- Convolutional NN
- …

Metrics
- ROC-AUC
- (Balanced) accuracy
- RMSE

Descriptor sets
- ALogPS, OEstate
- CDDD
- RDKit
- Fragmentor
- …

Database
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OCHEM for modeling
• ~20 modern methods

• Estimation of Applicability and Accuracy

• Generate baskets for your modeling needs

• Stratified learning (bagging, cross validation) 
for imbalanced datasets

Open OCHEM: 
https://github.com/openochem

• Open-source OCHEM

• Local and private modeling

https://www.ochem.euChallenge Exploration Modeling
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OCHEM for modeling
• Graphical interface allows comprehensive modeling 

without explicit coding

• Implementation for GPU and CPU use

• Consensus models:

• Average over multiple models to improve 
prediction

• Orthogonal models

• Various descriptor sets/ molecular 
representations

https://www.ochem.euChallenge Exploration Modeling
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Workflow with OCHEM

Data preparation Model calculation

Consensus 
model

Evaluation

- Standardization
- Neutralize
- Remove salts
- Clean structure

Classification
with thresholds

Methods
- Linear Regression
- Random forests
- Boosting
- Deep neural networks
- Convolutional NN
- …

3300 properties
in 28 single models Average

Metrics
- ROC-AUC
- (Balanced) accuracy
- RMSE

Descriptor sets
- ALogPS, OEstate
- CDDD
- RDKit
- Fragmentor
- …

Database

Probability prediction of test molecules

Public scoring
Highest κ2 = 0.14731

https://www.ochem.euChallenge Exploration Modeling

Assumption of class frequencies
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Molecular representation

Categorical boosting algorithm (decision-tree based)

Neural Network with seven layers

Convolutional Neural Network

Graph Convolutional Neural Network

@Peter Hartog with BioRender.comChallenge Exploration Modeling



A. Kopp, I. Tetko 12
Andrea Kopp 12@Peter Hartog with BioRender.com

0.140 0.114

0.147 0.116

0.132 0.107

0.117 0.096

0.131 0.115

0.132 0.104

0.129 0.103

Public leaderboard Private leaderboardQuadratic kappa metric scores
Consensus 
modeling 
improves 
individual 

predictions

28 models

Challenge Exploration Modeling

8 models

9 models

10 models
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Private leaderboard

https://www.kaggle.com/competitions/euos-slas/leaderboard

Outcome
Solubility data

• Challenging task in general to predict solubility

• Very challenging dataset with an overall highest 
quadratic kappa score of 0.35 (0.6 is considered 
good)

• Systematic lower private score

• Three-classes and no numerical prediction
→ Limited use for experimental scientists

→ Publication in SLAS Discovery coming soon
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AIDD – Advanced machine learning for Innovative Drug Discovery 

Machine learning is changing our society, as
exemplified by speech and image recognition
applications. Also, the life sciences change
rapidly through the use of artificial intelligence,
and it is expected that fields like drug develop-
ment can take advantage of machine
learning. The main goal of the AIDD project is to
train and prepare the next generation of
scientists who need to have skills in both
machine learning and drug discovery and will,
after graduating, be able to contribute to speed
up the drug development process.

Marie Skłodowska-Curie Innovative Training Network European Industrial Doctorate (2020-today)

https://ai-dd.eu

http://bigchem.eu

