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Modeling iterative workflow

Select dataset

ÅOver >5M measured 
values

ÅOver 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 ðdouble or nested cross-validation; 

recommended!

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

overfitting!



Strategy  C: Double cross-validation

é.

Internal training folds Internal validation fold

1 2 3 k

Buté is it always required?

Initial dataset

Training Validation
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Modellling approach

Grid hyperparameter optimization on each step ð108 combinations of parameters; 
the lowest RMSE is stored.

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

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

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

Å Use 8 repetitions to obtain confidence intervals.

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

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

é.

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 ïICANN 2019: Workshop and Special Sessions; Tetko, I. V., KŢrkov§, V., Karpov, 

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

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 (ăOrgò 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 лΦру± лΦлп 0.62 ± лΦло 0.58 ± 0.02 0.60 ± 0.02 0.56 ± 0.02*

PHYSP лΦрр± лΦло лΦср ± лΦлн 0.57 ± 0.01 0.59 ± 0.01 0.56 ± 0.01*

ESOL лΦсл± лΦлу 0.64 ± лΦлн 0.61 ± 0.01 0.59 ± 0.02 0.58 ± 0.02*

OCHEM лΦрр± лΦлн 0.60 ± лΦлм 0.63 ± 0.01 0.65 ± 0.01 0.59 ± 0.01**

AQSOL мΦлн± лΦлп 0.83 ± лΦло 1. ± 0.02 1.01 ± 0.02 0.99 ± 0.01*

CHEMBL лΦфн± лΦлн n/a 0.88 ± 0.01 0.93 ± 0.01 0.86 ± 0.01**

KINECT 0.401 ± лΦллм n/a 0.434 ± лΦллн0.465 ± лΦллм0.41 ± лΦллнϝϝ

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



Modelsõ overview: validation set



Each descriptor/method sees only part of a molecule

Blind monks examining an elephant, an ukiyo-e print by Hanabusa ItchǾ(1652ï1724).

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

Å Comprehensive modeling

Å Multitask learning (up to 100 properties)

Å Feature net (òmodel in modeló)

Å Consensus models

Å GPU + CPU modern methods ( ~20)

Å Supports models 

Å >1,000,000 compounds

Å >200,000,000,000 descriptors*

Å >1,000 servers

Å up to 1GB in size (Java limit)

Å Model private/publishing

Å Export, import, web/REST services

Å Conditions, external descriptors

Å ToxAlerts screening

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



Multi -task learning
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Problem:

Åprediction of tissue-air 

partition coefficients 

Åsmall 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


