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Agenda

Overview of OCHEM
Need for open-source publishing platforms
OCHEM data structure
OCHEM methods
Which method should I use?
Representation learning
Analysis of SLAS challenge results
Applicability domain & detection of outliers
Multitask learning
Tasks for hackathon



Data storage and model development: http://ochem.eu
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Physiological and physical–chemical barriers affecting a drug 
bioavailability. 

Adapted from Kerns, E. H.; Di, L. Pharmaceutical Profiling in Drug Discovery. Drug Discov. Today 2003, 8, 316–323. 
Copyright (2003), with permission from Elsevier. 

See also Ratkova, E. L. et al Empirical and Physics-Based Calculations of Physical–Chemical Properties. In Comprehensive 
Medicinal Chemistry III, Chackalamannil, S.; Rotella, D. P.; Ward, S., Eds.; Elsevier: Oxford, 2017; Vol. 3, pp 393-428. 



Absorption Distribution Metabolism Excretion



ADMETox filters in Bayer

Göller, AH et al  Drug Discov. Today 2020, 25 (9), 1702-1709. 



Bayer workflow for model life cycle

Göller, A.H. et al.  Drug Discov. Today 2020, 25 (9), 1702-1709. 



Data storage and model development: http://ochem.eu
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Database schema: importance to store 
comprehensive information



Quantitative Structure Activity (QSAR)

Basic QSAR (Hansch, 1962):
activity = function (structure) 
y = f (descriptors(structure)) 

f - linear, descriptors – complex, derived from structure

Machine learning:
y = F(Representation(structure)) 

F - complex, non-linear functions, learnable
Representation – learnable descriptors (“descriptor-less”)



Traditional representation of chemical 
structures

Saccharin

1D 2D 3D

C7H5NO3S



Examples of descriptors



QSPR/QSAR modelling in OCHEM



Modeling iterative workflow

Select dataset
• Over >1M 

measured values
• Over 400 properties

Select descriptors
(24 packages:0D, 1D, 2D 

3D)

Build model
(MLR, ANN, KNN, 

Random Forest, SVM, 
FSMLR, WEKA-J48)

Validate
Internal (N-Fold cross-

validation, Bagging)
External validation



Examples of models for water solubility

Linear                                        Standard (shallow) NN                                    Advanced NN

Interpretability 

higher lower



Overall best performance
5CV/TEST 

RF + all: 0.84/0.84 

LS-SVM + MORDRED:  0.87/0.88

RF + EGF: 0.81/0.86

All + MOLD2: 0.82/0.84

Wu, L. et al  Trade-off Predictivity and Explainability for Machine-
Learning... Chem. Res. Toxicol. 2021, 34, 541-549 



Overview of the workflow used to analyze the Tox21 450k dataset. (a) Overall study design. (b) 
Construct and evaluate predictive model with selected predictor, modeling algorithm, and end point.

Wu, L. et al Chem. Res. Toxicol. 2021, 34, 541-549.



Prediction of AMES mutagenicity

Descriptors:           5                         10                        all                          all                  all                     all



Classification model for AMES test

Mopac2016 descriptors
• Y = 0.5378 - 0.3411*MullikenElectronegativity - 0.3277*LumoEnergy + 0.2389*IonisationPotential + 

0.1178*FinalHeat + 0.05051*DipolPointCharge

GSFRAG
• Y = 0.5372 + 0.1612*c10 + 0.1309*p1-1N - 0.1134*p2B + 0.05943*c3 + 0.05349*c9

E-state descriptors
• Y = 0.5375 + 0.09956*PSA + 0.08731*aCNOS - 0.08703*DONORS - 0.06814*SsCH3 - 0.04474*SssO

Dragon descriptors
• Y = 0.5375 - 0.1173*GATS1m + 0.0954*MATS1e - 0.06558*SpMax_AEA(dm) + 0.05933*J_D/Dt + 0.05496*nR03

Structural Alerts
• Y = 0.4733 + 0.191*Alert146 - 0.004113*Alert238- 0.1024*Alert213 + 0.1912*Alert214+ 0.01988*Alert196



Importance of ToxAlerts in Random Forest model



Text processing:   convolutional neural networks, transformers, LSTM
Graph processing: message passing neural networks

Saccharin:   c1ccc2c(c1)C(=O)NS2(=O)=O

Machine Learning directly from chemical structures



Machine Learning to canonise chemical structures

SMILES canonization can be done by machine learning!

ChEMBL database (1.7M) was used, >95% accuracy



Machine Learning directly from chemical structures

P. Karpov, G. Godin, I. V. Tetko, J. Cheminform. 2020, 12, 17.

https://github.com/bigchem/transformer-cnn

https://github.com/bigchem/transformer-cnn


Convolutional vs. Descriptor-based Neural Neural Networks

Coefficient of determination, r2. Transformer CNN provides similar or better accuracy compared to 
traditional methods based on descriptors even for small datasets (few hundrends compounds!). 
P. Karpov, G. Godin, I. V. Tetko, J. Cheminform. 2020, 12, 17.



AMES mutagenicit



Layerwise Relevance Propagation (LRP)

Bach, S. et al. PloS One 2015, 10, e0130140.
P. Karpov, G. Godin, I. V. Tetko, J. Cheminform. 2020, 12, 17.



Interpretation of models

P. Karpov, G. Godin, I. V. Tetko, J. Cheminform. 2020, 12, 17.

https://github.com/bigchem/transformer-cnn

https://github.com/bigchem/transformer-cnn


15 positions will be soon announced; first selection will be in September 

https://aichemist.eu/

Also see Twitter:  https://twitter.com/AiddOne

https://twitter.com/AiddOne


Interested about AI in toxicology? Read 
ChemResTox August SI



Winning model: 
OCHEM-generated consensus 

model

Andrea Kopp
SLAS Europe 2023

25.05.2023

Team of Igor Tetko with Peter Hartog, Martin Šícho and Guillaume Godin

Kopp at al, DOI: 10.26434/chemrxiv-2023-p8qcv

https://doi.org/10.26434/chemrxiv-2023-p8qcv


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 set-up

Imbalance of data



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

Assumption of class frequencies



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



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 
leaderboard

Quadratic kappa metric scores
Consensus 
modeling 
improves 
individual 

predictions

28 models

8 models

9 models

10 models

Kopp at al, DOI: 10.26434/chemrxiv-2023-p8qcv

https://doi.org/10.26434/chemrxiv-2023-p8qcv


Novotarskyi, S. et al. Chem. Res. Toxicol. 2016, 29, 768-75.



Best Balanced accuracy - Abdelaziz, A. et al. Front. Environ. Sci. 2016, 4, 2. 



Multi-task learning

  		A/B

A B



Multi-task learning
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Human data

Fat
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Liver
Kidney
Muscle

Problem:

• prediction of tissue-air partition 
coefficients 
• small datasets 30-100 molecules 
(human & rat data)

Results:

simultaneous prediction of several 
properties increased the accuracy 
of models

Varnek, A. et al J. Chem. Inf. Model. 2009, 49, 133-44.



Prediction of toxicity of chemical compounds:
REGISTRY OF TOXIC EFFECTS OF CHEMICAL SUBSTANCES (RTECS®) 

Different species
– Rat
– Mouse
– Rabbit
– …
– Human

• Different toxicities
– LD50
– TDL 
– NOEL
– LDLo

• Administartion
– Oral
– IPR (intraperitoneal)
– IVR (intravenous)

~ 129k records
~ 87k compounds
29 properties

Sosnin, S.; Karlov, D.; Tetko, I.V.; Fedorov, M.V. A comparative study of prediction of multi-
target toxicity for a broad chemical space. J Chem Inf Model. 2018, 59, 1062-1072. 



RMSE for different toxicities using CDK descriptors and DNN
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Sosnin, S.; Karlov, D.; Tetko, I.V.; Fedorov, M.V. A comparative study of prediction of multi-
target toxicity for a broad chemical space. J Chem Inf Model. 2018, 59, 1062-1072. 



Outlying point on the Applicability 
Domain plot

• Estimation of applicability domain of models
• Identification of outliers

Tetko et al, J Chem Inf Model, 2008, 48(9):1733-46. 



Accuracy of prediction

There are NO universal computational models that work well
on the whole chemical spaceIf x is small,

Sin(x) ≈ x



Accuracy of predictions for classification model

Sushko et al, JCIM, 2010, 50, 2094 - 2111.



Gaussian distribution and outliers detection



Applicability domain assessment (regression)

• Interactive Williams plot; each individual data point can be 
accessed and inspected

• Several applicability domain measures (bagging-based for all 
methods; standard deviation, correlation in the property 
space, leverage, etc.)

• Automatic exclusion of outliers based on p-value



275k Melting Point Dataset

Bergström 277

Bradley     2886
OCHEM     22404

Enamine 21883

PATENTS   228079

data

Bergström
Bradley
OCHEM
Enamine
Patents

Tetko et al J. Chemoinformatics, 2016, 8, 2. 

COMBINED: OCHEM + Enamine + Bradley + Bergström



Outliers identified with applicability domain (AD) plot



Functional group analysis of pyrolysis and MP data



Typical outliers

Polymers instead of monomers
Salts (chloride, bromide, etc.)
Text mining processing errors (chemical naming, MP 
errors)
Stereoisomers
Pyrolysis instead of melting point

Dibutyl(2Z)-2-butenedioate, -85 °C n-Butyl fumarate, -18 °C



Tasks for hackathon

Datasets:

1) BCF Tutorial (training)

2) T. pyriformis (training)

3) Ames challenge (training)

4) Tissue/air set   -- multi-task learning

Tasks:

1) Develop models using different methods (descriptor and 
representation learning)

2) Make consensus model (each method)
3) Compare results
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