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Modeling iterative workflow

Select dataset

•Over >5M 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



QSPR/QSAR modelling in OCHEM



Confidence intervals



Overfitting



Overfitting

https://en.oxforddictionaries.com/definition/overfitting

Overfitting is incorrect reporting of a model performance which overestimates 

its accuracyfor data from the same distribution as used for model development.



Examples of overfitting by neural networks



Examples of overfitting by neural networks



Overfitting by variable selection: Simulated Dataset

N = 74 molecules (Boiling point of alkenes)

100 random variables

Software WEKA: 

k-nearest neighbors

MLR (Multiple Linear Rgression)

Tutorial on Machine Learning. Part 2. Descriptor Selection Bias.

Conference: The Strasbourg Summer School on Chemoinformatics (1st Chemoinformatics Strasbourg Summer School)

DOI:10.13140/RG.2.2.26353.43361



Cross-validation strategies

A. Descriptors (+ model hyperparameters) 
are selected using the whole set  
(training + validation set); CV is done 
after selection

B. Descriptors and model are selected 
when estimating errors on the validation 
set; CV results are reported for the 
model optimized on the respective 
validation fold

C. Validation set is kept hidden, descriptors 
(and model) are selected using 
respective training set

Selection of descriptors and hyperparameter 
optimization of model can be done using any 
available method.



Comparison of validation performances

Strategy A:  correlation coefficient, R = 0.82 

RMSE = 27 °C

Strategy B: R = 0.55

RMSE = 39 °C

Strategy C: R = -0.28

RMSE = 54 °C ~ random

Strategy C – double or nested cross-validation; 

recommended!

The use of incorrect validation (strategy 1-2) contributes 

overfitting!



Strategy C: Double cross-validation

….

Internal training folds Internal validation fold

1 2 3 k

But… is it always required?

Initial dataset

Training Validation
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Modellling approach

Grid hyperparameter optimization on each step – 108 combinations of parameters; 
the lowest RMSE is stored.

• Hidden neurons size, depth, dropout, number of feed-forward layers.

• Hyperparameter optimization script sees all the data given to it.

• Use of ensemble of 5 models to improve the model accuracy.

• Use 8 repetitions to obtain confidence intervals.

• Two weeks using 1200 compute nodes (38,200 cores and 4800 GPU accelerators) 

• https://github.com/Mengjintao/chemprop

….

Training folds Validation fold

1 2 3 k

https://github.com/Mengjintao/chemprop
https://github.com/Mengjintao/chemprop


openOCHEM GitHub

Implementation:

https://github.com/openochem/openochem

https://solub.ochem.eu

https://github.com/aimat-lab/gcnn_keras

Reiser, P.; Eberhard, A.; Friederich, P. Graph Neural Networks in TensorFlow-Keras with 

RaggedTensor Representation (Kgcnn). Softw. Impacts 2021, 9, 100095. 

https://doi.org/10.1016/j.simpa.2021.100095.

https://github.com/openochem/openochem
https://solub.ochem.eu/
https://github.com/aimat-lab/gcnn_keras
https://github.com/aimat-lab/gcnn_keras
https://github.com/aimat-lab/gcnn_keras


Hypeparameter pre-optimisation

Tetko, I. V.; Karpov, P.; Bruno, E.; Kimber, T. B.; Godin, G. Augmentation Is What You Need! In Artificial Neural 

Networks and Machine Learning – ICANN 2019: Workshop and Special Sessions; Tetko, I. V., Kůrková, V., Karpov, 

P., Theis, F., Eds.; Lecture Notes in Computer Science; Springer International Publishing: Cham, 2019; pp 831–

835. https://doi.org/10.1007/978-3-030-30493-5_79 .

Karpov, P.; Godin, G.; Tetko, I. V. Transformer-CNN: Swiss Knife for QSAR Modeling and Interpretation. J. 

Cheminformatics 2020, 12 (1), 17. https://doi.org/10.1186/s13321-020-00423-w. 

Regression tasks Classification tasks

https://doi.org/10.1007/978-3-030-30493-5_79
https://doi.org/10.1007/978-3-030-30493-5_79
https://doi.org/10.1007/978-3-030-30493-5_79
https://doi.org/10.1007/978-3-030-30493-5_79
https://doi.org/10.1007/978-3-030-30493-5_79
https://doi.org/10.1007/978-3-030-30493-5_79
https://doi.org/10.1007/978-3-030-30493-5_79
https://doi.org/10.1007/978-3-030-30493-5_79
https://doi.org/10.1007/978-3-030-30493-5_79
https://doi.org/10.1186/s13321-020-00423-w
https://doi.org/10.1186/s13321-020-00423-w
https://doi.org/10.1186/s13321-020-00423-w
https://doi.org/10.1186/s13321-020-00423-w
https://doi.org/10.1186/s13321-020-00423-w
https://doi.org/10.1186/s13321-020-00423-w
https://doi.org/10.1186/s13321-020-00423-w


Comparison of Root Mean Squared Errors (RMSE) based 

on tuned and pre-set hyper-parameters („Org“ sets)

Dataset Published by Meng  at al (following 

hyperparameters optimisation)

Results from this study (using default 

hyperparameters of methods)

RMSE, validation by molecule

ChemProp AttFP ChemProp AttFP Transformer CNN

AQUA 0.58 ± 0.04 0.62 ± 0.03 0.58 ± 0.02 0.60 ± 0.02 0.56 ± 0.02*

PHYSP 0.55 ± 0.03 0.65  ± 0.02 0.57 ± 0.01 0.59 ± 0.01 0.56 ± 0.01*

ESOL 0.60 ± 0.08 0.64 ± 0.02 0.61 ± 0.01 0.59 ± 0.02 0.58 ± 0.02*

OCHEM 0.55 ± 0.02 0.60 ± 0.01 0.63 ± 0.01 0.65 ± 0.01 0.59 ± 0.01**

AQSOL 1.02 ± 0.04 0.83 ± 0.03 1. ± 0.02 1.01 ± 0.02 0.99 ± 0.01*

CHEMBL 0.92 ± 0.02 n/a 0.88 ± 0.01 0.93 ± 0.01 0.86 ± 0.01**

KINECT 0.401 ± 0.001 n/a 0.434 ± 0.002 0.465 ± 0.001 0.41 ± 0.002**

Pre-set hyperparameters provided better performance in 18 of 34 pairwise comparisons (and ca 10000x faster!)

https://www.zotero.org/google-docs/?sTmndu




Using power of OCHEM tools



Comprehensive modelling



Comprehensive modelling



Comprehensive modelling



Comprehensive modelling



Comprehensive modelling



Selection of best models



Consensus model development



Consensus model



Models’ overview: validation set



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


OCHEM modeling

• Comprehensive modeling

• Multitask learning (up to 100 properties)

• Feature net (“model in model”)

• Consensus models

• GPU + CPU modern methods ( ~20)

• Supports models 

• >1,000,000 compounds

• >200,000,000,000 descriptors*

• >1,000 servers

• up to 1GB in size (Java limit)

• Model private/publishing

• Export, import, web/REST services

• Conditions, external descriptors

• ToxAlerts screening

* Sparse format, DOI:10.1186/s13321-016-0113-y



Multi-task learning
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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.



Analysis of toxicity of chemical compounds

toxicity measurements 
from RTECS*129 142

unique molecular 
structures 87 064
toxicity endpoints29

*RTECS: Registry of Toxic Effects of Chemical Substances

Sosnin, S. et al.  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. 



Comprehensive model view



Comparison of different models to predict toxicity (RMSE)

single multi single

Sosnin, S. et al. A comparative study of prediction of multi-target toxicity 

for a broad chemical space. J Chem Inf Model. 2019, 59, 1062-1072. 



Incorrect multitask validation



Multi-task learning

 
 	



ToxAlerts

• Screening of compounds against published
toxicity alerts, groups, frequent hitters

• Filter alerts by endpoints or publications

• Create or upload custom SMARTS rules

Sushko et al, JCIM, 2012, 52(8):2310-6. Salmina et al, Molecules, 2015, 21.



Functional groups



Overrepresented functional groups for AMES

Active         Inactive

Using SetCompare functionality and selecting EFG as descriptors



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

Functional groups

Y = 0.4733 + 0.191*Alert146 - 0.00411*Alert238- 0.1024*Alert213 + 0.1912*Alert214+ 0.0199*Alert196



Importance of ToxAlerts in Random Forest model



Tox24 Challenge

EPA submitted an article in February with 
results of screening of TTR-intefering 
compounds

March-April: negotiation with EPA, 
ChemResTox, ICANN2024, AIDD to 
organize the challenge

May 17th – data are publicly available

• 1012 training set

• 200 LeaderBoard set

• 300 Blind Test set

August 15th

• LeaderBoard set is available

September 1st

• Results announced

Eytcheson, S. A.; Tetko, I. V. Which Modern AI Methods Provide Accurate Predictions of Toxicological End Points? 

Analysis of Tox24 Challenge Results. Chem. Res. Toxicol. 2025, 38 (9), 1443–1451. https://doi.org/10.1021/acs.chemrestox.5c00273. 

https://doi.org/10.1021/acs.chemrestox.5c00273


Tox24 Challenge results



Follow up study by the EPA (JCIM)



Descriptors from JCIM article



“Data matters!”

# Training 
set size

RMSE, 
5CV 

training 
set

RMSE, 
test 

set

Sensitivity, 
%

Balance 
accuracy,

1

%

Model

0 639 - - 77 80 Original study by EPA 

I 639 22.0±0.6 21 ± 1 88 87 https://ochem.eu/model/
1266

II 1298 22.7±0.6 19 ± 1 91 89 https://ochem.eu/model/
1212

III 639 23.5±0.6 21 ± 1 81 83 https://ochem.eu/model/
1268

IV 1298 24.3±0.6 20 ± 1 84 85 https://ochem.eu/model/
1267

I-II developed using the winning model protocol
III & IV are developed using logP/S + Extended Functional Groups*

Salmina, E. S.; Haider, N.; Tetko, I. V. Extended Functional Groups (EFG): An Efficient Set for Chemical Characterization 

and Structure-Activity Relationship Studies of Chemical Compounds. Molecules. 2015, 21 (1), E1. 

https://doi.org/10.3390/molecules21010001. 

https://doi.org/10.3390/molecules21010001


Model built using functional groups

MLRA model

Y = 27.47 + 12.72*ALogPS_logP + 16.58*TA1139 + 1.051*TA1301 -
1.289*TA1340 + 5.556*TA1343 + 9.262*TA1169 - 6.594*TA1315 + 

9.814*TA1152 - 5.707*TA1178

TA1139 – Phenols; TA1301 - Aromatic compounds;

TA1340 – Nonmetals; TA1343 – Chalcogens; 
TA1169 - Aryl chlorides; TA1315 - Aryl halides; 

TA1152 – Amines; TA1178 - Carboxylic acid esters;



MMP definition

A molecular matched pair (MMP) is a pair of molecules that have only a 

(minor) single-point difference.

The typical way is to define a minor difference as a changed molecular 

fragment with less than 10 atoms.



View historical facts

• Term was first introduced in 2005 by Kenny and Sadowski

• Popularized by works of A. Leach, J. Bajorath, etc.

• Commercially distributed by MedChemica

• Publicly available in KNIME, OCHEM, etc.

• 2013: Roche, AZ and MedChemica formed consortium with a 
goal 

“extracts the pre-competitive knowledge of how to design drugs, 

and combines these into a large database, which all the members 

of the consortium use”.



Why MMPs?

Keyword: interpretation

Small localized changes allow for interpreting activity

• Identification of interpretable activity cliffs

• Identification of “significant” transformations

• Interpretation of models



MMP example



MMPs and transformations



MMPs and transformations



MMPs for quantitative activity data



MMPs for quantitative activity data



MMPs for classification data (AMES mutagenicity)



Storage of Chemical Reaction as Condensed 

Graph of Reaction (CRG)



MMPs for CGRs



Regression Model for environmental toxicity



Identification of predicted MMPs

Sushko et al Prediction-Driven Matched Molecular Pairs to Interpret QSARs and Aid the Molecular Optimization 

Process. J. Cheminformatics 2014, 6 (1), 48. https://doi.org/10.1186/s13321-014-0048-0. 



LogP of Pt(II) + Pt(IV) complexes

Tetko et al. Prediction of logP for Pt(II) and Pt(IV) Complexes: Comparison of Statistical and Quantum-Chemistry 

Based Approaches. J. Inorg. Biochem. 2016, 156, 1–13. https://doi.org/10.1016/j.jinorgbio.2015.12.006.



Model for LogP for Pt complexes



Model for LogP for Pt complexes



Outlying point on the Applicability Domain plot



Prediction of logP for Pt complexes



Outliers of the model (functional groups descriptors)



Outliers of the model (Functional groups descriptors)



Outliers of the model (CDK descriptors)



Outliers of the model (Estate descriptors)



Model predictions (Bergström set)

Bergström 277

Bradley     2886

OCHEM     22404

Enamine 21883

data

Bergström

Bradley

OCHEM

Enamine

Tetko et al J. Chem. Inf. Model. 2014, 22;54(12):3320-9.



Model predictions (Bergström set)

Method RMSE MAE R2

Estate 36 ± 2 31 ± 3 0.49 ± 0.09

Consensus 34 ± 1 26 ± 2 0.63 ± 0.07

Karthikeyan et al 41.4 0.66

Bergström et al 49.8 0.54 

Nigsch et al 46.3 0.30

Hughes et al 52.8 40.7 0.46

Bergstrom, et al J. Chem. Inf. Comput. Sci. 2003, 43, 1177-1185. 

Karthikeyan, et al J. Chem. Inf. Model. 2005, 45, 581-590. 

Nigsch, et al J. Chem. Inf. Model. 2006, 46, 2412-2422. 

Hughes et al J. Chem. Inf. Model. 2008, 48, 220-232.

Tetko, I. V.; M Lowe, D.; Williams, A. J. The Development of Models to Predict Melting and 

Pyrolysis Point Data Associated with Several Hundred Thousand Compounds Mined from 

PATENTS. J. Cheminformatics 2016, 8, 2. https://doi.org/10.1186/s13321-016-0113-y. 



Predicted MMPs for Melting Point

Withnall, M.; Chen, H.; Tetko, I. V. Matched Molecular Pair Analysis on Large Melting Point Datasets: A 

Big Data Perspective. ChemMedChem 2018, 13 (6), 599–606. https://doi.org/10.1002/cmdc.201700303. 



An example of MMP transformation

Withnall, M.; Chen, H.; Tetko, I. V. Matched Molecular Pair Analysis on Large Melting Point Datasets: A 

Big Data Perspective. ChemMedChem 2018, 13 (6), 599–606. https://doi.org/10.1002/cmdc.201700303. 



An example of MMP transformation

Withnall, M.; Chen, H.; Tetko, I. V. Matched Molecular Pair Analysis on Large Melting Point Datasets: A 

Big Data Perspective. ChemMedChem 2018, 13 (6), 599–606. https://doi.org/10.1002/cmdc.201700303. 



Prediction of solubility using Yalkowsky’s equation

logS = 0.5 – 0.01(MP-25) – logP



Conclusions

o OCHEM is powerful platform for model development

o It provides best strategies for model development

o Cautions should be taken to avoid overfitting

o Validation techniques should match intended model use

o Use interpretable descriptors to interpret models

o MMP are useful for model interpretation
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