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Welcome to OCHEM! Your possible actions

Explore OCHEM data

Search chemical and biological data: experimentally
measured, published and exposed to public access by
our users. You can also upload your data.

Create QSAR models

Build QSAR models for predictions of chemical
properties. The models can be based on the
experimental data published in our database.

Run predictions
Apply one of the available models to predict property
you are interested in for your set of compounds.

Screen compounds with ToxAlerts
Screen your compound libraries against structural alerts
for such endpoints as mutagenicity, skin sensitization,
aqueous toxicity, etc.

Tutorials
Check our video tutorials to know more about the

OCHEM features.

Our acknowledgements

Feedback and help

User's manual
Check an online user's manual

Announcements

Apply for a

Check out the properties available on OCHEM

OCHEM contains 5493507 records for 706 properties (with at least 50 records) collected from 23972
sources
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Latest published models

‘\Q logPow model published by tcirino
2 months ago

‘Q Transmittance model published by itetko_euos
4 months ago

J Transmittance (qualitative) model published by
lucic
4 months ago

J Growth inhibition model published by
vkovalishyn
9 months ago

‘\Q TTR binding activity model published by
itetko_acs
about a year ago

‘@ heart block model published by ggbond
about a year ago




OCHEM Database schema

Properties
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Modeling iterative workflow

Select dataset

AOver >5M measured
values

AOver 400 properties

Validate Select
Internal (N -Fold descriptors

cross -validation,
Bagging) (24 packages:0D,

External validation 1D, 2D 3D)

Build model

(MLR, ANN, KNN,
Random Forest,
SVM, FSMLR,
WEKA-J48)




QSPR/QSAR modelling in OCHEM

Select the molecular descriptors

Recommended descriptor types (2D)
OEState

Bonds Indices
CJ Counts only

ALogPS (2)
] Mold2 (777)

[ CDDD

] JPlogP

[J SIRMS

[ ISIDA fragments

[J The in Hashed Atom Pair fingerprint (MAP4)

[ GSFragment (1138)

[J QNPR

[) Multilevel Neighborhoods of Atoms (MNA)

(] Structural alerts (ToxAlerts and Functinal Groups)

Recommended descriptor types (3D)

[ alvaDesc v.2.0.4 (5666/3D)

[[] Dragon v. 7 (6270/3D)

[] CDK 2.7.1 descriptors (256/3D)

] Chemaxon descriptors (499/3D)

[J RDKit descriptors (3D)

[ MORDRED descriptors (1826/3D)
] MOPAC2016 descriptors (35/3D)

7] KrakenX descriptors (MOPAC2016 derived)(124/3D)
[[] PyDescriptor descriptors (16251/3D)
[J MERA descriptors (529/3D)

] MERSY descriptors (42/3D)

[ "Inductive’ descriptors (54/3D)

() Spectrophores (144/3D)

Special descriptors (scaffolds, fingerprints):

[ Chemaxon Scaffolds
[ Silicos-It Scaffolds
[J ECFP Fingerprints
) MolPrint Fingerprints.

Create a model
Select the training and validation sets, the machine learning method and the validation protocol

Predictions by OCHEM's featured models

[] Ames levenberg

[ Toxicity against T. Pyriformis

] ALogPS 3.0

[] CYP1A2 Estate+ALogPS

[J CYP2C9 Estate+ALogPS

[J CYP2C19 Estate+ALogPS

[ CYP2D6 Estate+ALogPS

[J CYP3A4 Estate+ALogPS

[ Pyrolysis point prediction (best Estate)
[ Melting Point prediction (best Estate)

Select the training and validation sets:

Training set (required): peptidesregr [details]
Add a validation set

The model will predict this property:

LogD using unit: Log unit -

[ Water solubility model based on logP and Melti  [[] Skip model configuration and use the predefined settings

[J ALOGPS 2.1 logP
[J ALOGPS 2.1 logS

[J Outputs of other OCHEM models

Obsolete/Additional descriptor types

[ CDK 2.0 descriptors (256/3D)
[J] CDK 1.4.11 descriptors (256/3D)
[ E-state

[ Dragon v. 5.4 (1644/3D)

(] Dragon v. 5.5 (3224/3D)

[C) Dragon v. 6 (4885/3D)

[J MOPAC 7.1 descriptors (25/3D)

Conditions of experiments

O pH
O lonisable

Choose the learning method:

Suggested modeling methods:

O ASNN: ASsociative Neural Networks doi:10,1007/978-1-60327-101-1_10

O (New) Attentive FP doi: 10.1021/acs.jmedchem.9b00959

O ChemProp MPNN for property prediction (GPU) doi:10.1021/acs.jcim.9b00237

O CNF - Convolutional Neural Network Fingerprint (GPU) doi:10.1007/978-3-030-30493-5_79

O Transformer-CNF model

© Consensus model (based on models developed for the same set)

(O DEEPCHEM: several methods from DeepChem (GPU) arXiv:1703.00564

O (New) DIMENET - Directional Message Passing Neural Network arXiv:2003.03123

O Deep Learning Consensus Architecture (DLCA) doi:10.1021/acs.jcim.9b00526

© DNN: Deep Neural Network (GPU) doi:10.1021/acs.jcim.8b00685

O EAGCNG - Edge Attention based Multi-relational Graph Convolutional Networks (GPU) arXiv:1802.04944
O FSMLR: Fast Stagewise Multiple Linear Regression doi:10.1134/S0012500807 120026

O GNN - Graph Isomorphism Network (GPU) arXiv:1910.13124

O KNN: k - Nearest Neighbors

O KPLS - Kernel Partial Least Squares doi:10.1109/IJCNN.2006.246832

O LibSVM: grid-search parameter optimisation doi:10.1145/1961189.1961199

O LSSVMG: Least Squares Support Vector Machine (GPU) doi:10.1023/A:1018628609742

O MLR: Multiple Linear Regression

O PLS: Partial Least Squares doi:10.1016/S0169-7439(01)00155-1

O RFR: Random Forest regression and classification doi:10.1023/A:1010933404324

O Transformer-CNN - Transformer Convolutional Neural Network (GPU) doi:10.1186/s13321-020-00423-w
O Transformer-CNNi - faster Transformer-CNN (GPU) doi:10.1186/s13321-020-00423-w

O WEKA-J48: Weka C4.5 decision trees, only classification - use with bagging doi:10.1145/1656274.1656278
O WEKA-RF: Random Forest, only classification doi:10.1023/A:1010933404324

O XGBoost: Scalable and Flexible Gradient Boosting doi:10.1145/2939672.2939785

Model validation
Validation method: N-Fold cross-validation -
Number of folds: |5

[] Stratified cross-validation (classification only)
[[) Treat each record as a new molecule

You can create a model from template: import an XML model template or use another model as a template




Confidence intervals

Predicted property: log(IGC50-1) modeled in -log(mmol/L)

Training method: ASNN

Data Set # R2 q2 RMSE MAE
o Training set: T. pyriformis (training) | 644 records | 0.83 £ 0.02|0.83 £ 0.02 | 0.44 + 0.02 | 0.31 £ 0.01
o Test set: T. pyriformis (test) [x] 449 records | 0.81 £0.02| 0.8 +0.02 | 0.46 + 0.03|0.32 + 0.02
3.0
°
¢
o
2.0
1.0
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o
>
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Overfitting



Overfitting

English -
@ Oxford Liw‘ng Dictionaries  °'CT ONARY overfitting

We use cookies to enhance your experience on our website. By continuing to use our website, you are agreeing to our use of cookies

cookie settings at any time. Continue Find out more

Overfitting is incorrect reporting of a model performance which overestimates
for data from the same distribution as used for model development.

overfitting Q00

NOUN

Statistics
The production of an analysis which corresponds too closely or exactly to a particular set of
data, and may therefore fail to fit additional data or predict future observations reliably.

Origin
1930s; earliest use found in Quarterly Review of Biology. From over- + fitting.

Pronunciation @
overfitting / suve frtin/

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



Examples of overfitting by neural networks

J. Chem. Inf. Comput. Sci. 1995, 35, 826—833

Neural Network Studies. 1. Comparison of Overfitting and Overtraining

Igor V. Tetko," David J. Livingstone,*$ and Alexander I. Luik**

Biomedical Department, Institute of Bioorganic and Petroleum Chemistry, Murmanskaya, 1,
Kiev-660, 253660, Ukraine, ChemQuest, Cheyney House, 19-21 Cheyney Street, Steeple Morden,
Herts, SG8 OLP, U.K., and Centre for Molecular Design, University of Portsmouth,
Portsmouth, Hants, PO1 2EG, U.K.

Received January 27, 1995

Neural Processing Letters 6: 43-50, 1997.
© 1997 Kluwer Academic Publishers. Printed in the Netherlands.

An Enhancement of Generalization Ability in
Cascade Correlation Algorithm by Avoidance of
Overfitting/Overtraining Problem

IGOR V. TETKO'? and ALESSANDRO EP. VILLA!

! Laboratoire de Neuro-heuristique, Institut de Physiologie, Université de Lausanne, Rue du
Bugnon 7, Lausanne, CH-1005, Switzerland; * Department of Biomedical Applications, Institute of
Bioorganic and Petroleum Chemistry, Murmanskaya, 1, Kiev—-660, 253660, Ukraine

E-mail: Alessandro.Villa@iphysiol.unil.ch

Key words: cascade correlation algorithm, early stopping, overfitting, overtraining
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Examples of overfitting by neural networks

Neural Processing Letters 6: 43-50,1997. 43
© 1997 Kluwer Academic Publishers. Printed in the Netherlands.

An Enhancement of Generalization Ability in
Cascade Correlation Algorithm by Avoida
Overfitting/Overtraining Problem

IGOR V. TETKO'~? and ALESSANDRO E P. VILLA!

! Laboratoire de Neuro-heuristique, Institut de Physiologie, Université de Lausanne, Rue du
Bugnon 7, Lausanne, CH-1005, Switzerland; * Department of Biomedical Applications, Institute of
Bioorganic and Petroleum Chemistry, Murmanskaya, 1, Kiev—660, 253660, Ukraine

E-mail: Alessandro . Villa@iphysiol.unil.ch

Key words: cascade correlation algorithm, early stopping, overfitting, overtraining
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Figure 1. Training Data sets and Calculated Curves

Panels [a-c] refer to function g; () and panels [d-f] refer to function g3(z).

[a], [d]: circles represent 50 cases of the training data set and the thick line represent the
function g(x) over the interval [0.1,0.9].

[b], [e]: three examples of overtrained ANNS (thin lines) and an ensemble average of 100 such
ANN:Ss (thick lines);

[c], [f]: three examples of early stopping ANNs (thin lines) and an ensemble average of 100
such ANNS (thick lines).



Overfitting by variable selection : Simulated Dataset

N = 74 molecules (Boliling 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

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

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.
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‘ |
Descriptors selection ) Descriptors selection
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Figure 1. Internal (A, B) and External (C) cross-validation procedures.
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Comparison of validation performances

Strategy A : correlation coefficient, R = 0.82 A B
ASE - 97 ) )
- |
Y
Strategy B: R = 055 ¢
o
RMSE =39° C 5 gl s
© 0| w®
Strategy C: R =-0.28 3 3 3
& Sl &
RMSE =54° C ~random 8 ' 3| 8 ’
o o [&]
Strategy C 0 double or nested cross-validation; \ § \
recommended| | statistical evaluation é | statistical evaluation |

I_

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

overfitting!
Figure 1. Internal (A, B) and External (C) cross-validation procedures.
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Strategy C: Double cross-validation

¥ h
© Tmnng  Vaidaton

Internal training folds Internal validation fold

Buté is it always require



scientific data

") Check for updates

Boosting the predictive
anawvsis performance with aqueous
~solubility dataset curation

Jintao Meng ()¢, Peng Chen()%3**, Mohamed Wahib?3, MingjunYang*, Liangzhen Zheng?,
- Yanjie Wei'™, Shengzhong Feng>* & Wei Liu®

. Intrinsic solubility is a critical property in pharmaceutical industry that impacts in-vivo bioavailability

- of small molecule drugs. However, solubility prediction with Artificial Intelligence(Al) are facing

- insufficient data, poor data quality, and no unified measurements for Al and physics-based approaches.
- We collect 7 aqueous solubility datasets, and present a dataset curation workflow. Evaluating the

. curated data with two expanded deep learning methods, improved RMSE scores on all curated

. thermodynamic datasets are observed. We also compare expanded Chemprop enhanced with curated
- data and state-of-art physics-based approach using pearson and spearman correlation coefficients.

- Asimilar performance on pearson with 0.930 and spearman with 0.947 from expanded Chemprop

- isachieved. A steadily improved pearson and spearman values with increasing data points are also

- illustrated. Besides that, the computation advantage of Al models enables quick evaluation of a large
. set of molecules during the hit identification or lead optimization stages, which helps further decision
© making within the time cycle at drug discovery stage.

15



Data setup
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Modellling approach

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

A

To Do Do Do I

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

BN N N - S

Training folds Validation fold



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

openOCHEM GitHub

Implementation:

https://github.com/openochem/openochem

https://solub.ochem.eu
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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.
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Hypeparameter pre -optimisation

Coefficient of determination

Regression tasks

Classification tasks
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Tetko, I. V.; Karpov, P.; Bruno, E.; Kimber, T. B.; Godin, G. Augmentation Is What You Need! In Artificial Neural
Networks and Machine Learning i ICANN 2019: Workshop and Special Sessions; Tet ko, | . V., KTr kc

P., Theis, F., Eds.; Lecture Notes in Computer Science; Springer International Publishing: Cham, 2019; pp 8311
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.
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Comparison of Root Mean Squared Errors (RMSEpased
on tuned and pre-sethyper-p ar a me t @rgossety) a

Results from this studyusing default
_ . hyperparameters of methods)
Dataset Published by Meng at al (following
hyperparameters optimisation) RMSE, validation by molecule
ChemProp AttFP ChemProp AttFP Transformer CNN
AQUA nopyn eén 0.62+ n ®n 0.58+0.02 0.60+0.02 0.56+0.02*
PHYSP noppndn nocpn dn 0.57+0.01 0.59+0.01 0.56+0.01*
ESOL noenn dny 0.64+ n dn 0.61+0.01 0.59+0.02 0.58+0.02*
OCHEM noppndn 0.60+ n ®n 0.63+0.01 0.65+0.01 0.59+0.01**
AQSOL MDA HD DN 0.83+t ndn 1.£0.02 1.01+£0.02 0.99+0.01*
CHEMBL notun dn n/a 0.88+0.01 0.93+0.01 0.86+0.01**
KINECT 0.401+ n ®n | n/a 0.434+ nd®n pHO0.465t ndn npm041+ ndnn

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

HFF


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

Home > Journal of Cheminformatics > Article

Journal of
Cheminformatics -

Be aware of overfitting by
hyperparameter optimization!

Research | Open access | Published: 09 December 2024
Volume 16, article number 139 (2024) Cite this article

Journal of Cheminformatics

@ You have full access to this open access article
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Download PDF % [] Savearticle Submit manuscript >
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= in Drug Discovery
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Using power of OCHEM tools



Comprehensive modelling

%T Comprehensive modeling
3

Create multiple models simultaneously

Select the training and validation sets:

Validation set #1: T. pyriformis (test) [x] [details]
Add a validation set

The model will predict this property:
log(IGC50-1) using unit:

Method

w

lI] [none]

|FSMLR (to cache descriptors)
|ASNN (MTL, bias correction)
|KNN

IMLRA

IPLS

==
25
I

X
s
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S
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B
g2
=5
52
o E
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==

< In
25
s
35
T
[0}
3
~ @
o
=

8
@
o
@
&

IRFR

|_| DeepChem TexCNN (no descr, MTL, GPU)
% TRANSNNI 10/10 (no descr, MTL, GPU)
& Transformer CNF2 (no descr, MTL, GPU)
[/ TRANSNN [edif] [x]

KGCNN AttFP (no desc, MTL, GPU)
KGCNN ChemProp (no desc, MTL, GPU)
I Schnet [edit] [x]

I PAINN [edit] [x]

" GraphSAGE [edit] [x]

I GINE [edit] [x]

CIGIN [edit] [x]

+add a custom template

Show advanced options>>

Create the models

Training set (required): T. pyriformis (training) [details]

Select the methods you want to use for the modeling:

Descriptors Descriptor selection

[all] [none] [all] [none]

[lalvaDesc (3D) [“IUnsupervised forward selection
[ICDK 2.7.1 (3D) [ Pairwise de-correlation (R < 0.95)
"I Dragon v.7 (3D)

[ ALogPS + OEstate +add a custom template

Qo
ZU
Es
x'ﬂ
o
xm
w3
vz

w

=
=]
Fa
5
@
3
3
@
[=%
w
g

=
)
o
@
el

Eno desc. (Transformer, CGN, etc.)
[_IMW + # of carbons: (baseline model)
CIEPATES.T. (2D)

[“lalvaDesc 2D [edi] [x]

[1CDDD [edit] [x]

I GSFRAG [edit] [x]

[CIMNA [edit] [x]

|_IMORDRED 2D [edit] [x]
[_IRDKIT 2D [edit] [x]

[CISIRMS [edit] [x]

[CIOESTATE [edit] [x]

| ALogPS, StructuralAlerts [edit] [x]

+add a custom template

The comprehensive modeling feature allows you to simultaneously run multiple models with different machine learning methods, molecular descriptors and validation protocols.
Please note that running multiple models may require significant computational resources and time.

Model validation

[all] [none]

[ 5-fold cross-validation

[~15-fold cross-validation (stratified - classification only)
["IBagging with 64 models

["|Bagging with 64 models (stratified - classification only)

+add a custom template

Considering the selection 15 models are requested to be created. Only several models (depending on the number of users) will be processed simultaneously to decrease server load. Run several models with ¢



Comprehensive modelling




Comprehensive modelling

Predicted property: log(IGC50-1)
Training set: T. pyriformis (training)
Duplicate models: start

Predicted property: log(IGC50-1)
Training set: T. pyriformis (training)
Duplicate models: start

Metrics | RMSE - Root Mean Square Error v for| Training set + | Validation: | Cross-Validation (32

ASNN (CHEMAXON)‘ DNN Flspr‘esant.‘

ALogPS, OEstate ] . A : . Metrics | RMSE - Root Mean Square Error  ~ | for | Training set v | Validation: | Cross-Validation (32
ALogPS, StructuralAlerts B + 0.48 P + ASNN (CHEMAXON) | DNN | Represent. |
CDDD B + 05 + ALogP$, OEstate | . 053 N
CDK23 (cons,topol,geom,elect,hybr) 3D:rdkit3d ] + 0.52 P + ALogPS$, StructuralAlerts 2 N 0.48 | N
Dragoné (2D blocks: 1 28) | + 0.7 B + CcDDD 2 . 0.5 J .
Dragon7 (3D blocks: 1-30) 3D:rdkit3d B + 0.51 + CDK23 (cons, topol,geom,elect,hybr) 3D:rdkit3d N 052 N
EPA (TE.S.T) ) . 051 - Dragon6 (2D blocks: 1 28) | N 07, +
Fragmentor (length: 2-4) i + 048 + Dragon (3D blocks: 1-30) 3D:rdkit3d | N 051, .
GSFrag (F + L) } N 062 + EPA (TE.S.T) | . 051 R
InductiveDescriptors 3D:rdkit3d B + 0.51 P + Fragmentor (length: 2-4) B + 0.48 | +
JPlogP | . 051, . GSFrag (F +L) j . 062 .
MNA B + 0.79 /) + InductiveDescriptors 3D:rdkit3d B + 0.51 p +
MOLD2 B + 0.52 b + JPlogP | + 0.51 P +
MORDRED (2D) | . 053 , . MNA ) N 079, .
MORDRED (3D) 3D:rdkit3d B + 0.56 B + MOLD2 B + 0.52 b +
OEstate L 044(+Imodels) |, 048 . MORDRED (2D) 2 . 053 .
OSMORDRED ) . 0.51 / N MORDRED (3D) 3D:rdkit3d B + 0.56 J +
QNPR (length:1 - 3) 1 . 058 . OEstate L O044(+imodels) , 048 N
RDKIT (2D blocks: 1-3 5 10-11 15-16) | + 0.6 P + OSMORDRED ‘ + 0.51 A +
RDKIT (3D blocks: 1-11 15-16) 3D:rdkit3d " 056 , " QNPR (length:1 - 3) B + 0.58 | +
RDKIT (ECFP4) ) N 0.85 J . RDKIT (2D blocks: 1-3 5 10-11 15-16) B + 0.6 p +
SIRMS (labels: charge+logp+hbirefractivity) _ . 054 ) RDKIT (3D blocks: 1-11 15-16) 3D:rdkit3d . 056 N
alvaDesc (2D blocks: 1-1222:2529 32-33) N 054 . RDKIT (ECFP4) B + 085 | +
alvaDesc (3D blocks: 133) 3D:rdkitsd N 054, . LA EIE SR Sl v D i) | + WS +
CNF2 (F) (3D) 10/10 1 N N 0.46 ) alvaDesc (2D blocks: 1-12 22-25 29 32-33) ] + 0.54 y +
DEEPCHEM (F) (3D) TEXTCNN 10/10 1 N R 0.47 ) alvaDesc (3D blocks: 1-33) 3D:rdkit3d ] + 0.54 p "
KGCNN AttFP ] . . 0.42 ) CNF2 (F) (3D) 10/10 B + + 0.46 B
KGCNN ChemProp ] . . 0.43 ) DEEPCHEM (F) (3D) TEXTCNN 10/10 ] + + 047 ]
TRANSNN (F) (3D) 10110 1 N N 082, Ketiz"gh:::‘w p + + Z:z y
TRANSNNI (F) 10/10 | N N 043 4 + + : 4
TRANSNN (F) (3D) 10/10 B + + 0.52 y
TRANSNNI (F) 10/10 | N N 043



Comprehensive modelling

Predicted property: log(IGC50-1)
Training set: T. pyriformis (training)
Duplicate models: start

Metrics | RMSE - Root Mean Square Error

~ for | Training set

ALogPS, OEstate
ALogPS, StructuralAlerts
CDDD
CDK23 (cons,topol,geom,elect,hybr) 3D:rdkit3d
Dragoné (2D blocks: 1 28)
Dragon?7 (3D blocks: 1-30) 3D:rdkit3d
EPA (T.E.S.T)
Fragmentor (length: 2-4)

GSFrag (F + L)
InductiveDescriptors 3D:rdkit3d
JPlogP
MNA
MOLD2
MORDRED (2D)

MORDRED (3D) 3D:rdkit3d
OEstate
OSMORDRED
QNPR (length:1 - 3)

RDKIT (2D blocks: 1-3 5 10-11 15-16)
RDKIT (3D blocks: 1-11 15-16) 3D:rdkit3d
RDKIT (ECFP4)

SIRMS (labels: charge+logp+hb+refractivity)
alvaDesc (2D blocks: 1-12 22-25 29 32-33)
alvaDesc (3D blocks: 1-33) 3D:rdkit3d
CNF2 (F) (3D) 10/10
DEEPCHEM (F) (3D) TEXTCNN 10/10
KGCNN AttFP
KGCNN ChemProp
TRANSNN (F) (3D) 10/10
TRANSNNI (F) 10/10

| s

Ak b kb b b kb kb kb b b k kb & = b b b &k kb bk ks

ASNN (CHEMAXON) |

+
+
+
+
+
+
+
running
+
+
+
+
+
+
+
0.44 (+1 models)
+

+

4

DNN
0.53
0.48
0.5
0.52
0.7
0.51
0.51
0.48
0.62
0.51
0.51
0.79
0.52
0.53
0.56
0.48
0.51
0.58
0.6
0.56
0.85
0.54
0.54
0.54

~ | Validation: | Cross-Validation (41 models) |

A b kb k k

A A A b b b k kb k k bk k k k k b k kb k&

Rsprﬂsant.‘ FSMLR‘ KNN‘

+
+

+

0.46
0.47
0.42
0.43
0.52
0.43

Ak b b kb &

+

+

+

+
+
+
+
+
+
+
0.67
4
+
+

+

MLRA‘ PLS‘ LSSVMGA XGBDOST‘ RFRA SCI:CAT_BOOST|

+
+
+
+
+
+
+

0.59
+

+

+
+
+
+
+
+
+
0.49
4
+
+

+

+
+
+
+
+
+
+

0.62
+

+

+

+

+

+

+

+

+

+

+

Delete 1 matching models
Create 29 missing models
Create models for those saved in the first column

4




Comprehensive modelling

Predicted property: log(IGC50-1)
Training set: T. pyriformis (training)
Duplicate models: start

Metrics \ RMSE - Root Mean Square Error

v \for | Training set

v | Validation: | Cross-Validation (78 models) v |

ALogPS$, OEstate
ALogPS, StructuralAlerts
CDDD
CDK23 (cons,topol,geom,elect,hybr) 3D:rdkit3d
Dragon6 (2D blocks: 1 28)
Dragon7 (3D blocks: 1-30) 3D:rdkit3d
EPA (TES.T)
Fragmentor (length: 2-4)

GSFrag (F + L)
InductiveDescriptors 3D:rdkit3d
JPlogP
MNA
MOLD2
MORDRED (2D)

MORDRED (3D) 3D:rdkit3d
OEstate
OSMORDRED
QNPR (length:1 - 3)

RDKIT (2D blocks: 1-3 5 10-11 15-16)
RDKIT (3D blocks: 1-11 15-16) 3D:rdkit3d
RDKIT (ECFP4)

SIRMS (labels: charge+logp+hb+refractivity)
alvaDesc (2D blocks: 1-12 22-25 29 32-33)
alvaDesc (3D blocks: 1-33) 3D:rdkit3d
CNF2 (F) (3D) 10/10
DEEPCHEM (F) (3D) TEXTCNN 10/10
KGCNN AttFP
KGCNN ChemProp
TRANSNN (F) (3D) 10110
TRANSNNI (F) 10110

L s

ASNN (CHEMAXON) |

+
0.42
+
+
+
+
+
running

+

4

v

DNN
0.53
0.48
0.5
0.52
0.7
0.51
0.51
0.48
0.62
0.51
0.51
0.79
0.52
0.53
0.56
0.48
0.51
0.58
0.6
0.56
0.85
0.54
0.54
0.54

A b k kb kA kb k b b kb &k k

A A b k b kb b k k k h k&

Rnpmsant.‘ FSMLR‘ KNN‘

+
+

+

0.46
0.47
0.42
0.43
0.52
0.43

A b k b N

+
0.52

+
0.6
4
+

+

+

+
0.67
rl

MLRA‘ PLS‘ LSSVMG‘ XGBDOST‘ RFR‘ SCI:.CAT_BOOST

+

0.56
Fl

+

+

+

+

0.59
Fl

+
0.49
A
+
+
+
+

+
0.49
F

+
0.56
+
+
+
+

+
0.62

+
0.46

+

+

0.42
0.43
0.55
0.47
0.76
0.49
0.46
0.43
0.57
0.55
0.46
0.64
0.48
0.49
0.49
0.45
0.48
0.5
0.47
0.5
0.64
0.43
0.48
0.49
+

+

A b b k b h b k b kb k Kk

A b b b k b b b kb b kb b &



Selection of best models

Model profile

Statistical parameters, tables, charts - all the information related to the model.

mmﬂ Applicability domain

Training method: KGCNN

Model name: log(IGC50-1)_KGCNN AttFP [rename]
Temporal Public ID: 22966388 - use this link to share this temporal model (will be deleted after 3 months unless published)

Predicted property: log(IGC50-1) modeled in Hlog(mol/L)

Data Set # Rz qz RMSE MAE
o Training set: T. pyriformis (training) | 644 records | 0.84 + 0.01|0.84 £0.01 (042 £ 0.02| 0.3 £ 0.01
o Test set: T. pyriformis (test) [x] 449 records | 0.83 £0.02 | 0.83 + 0.02 | 0.44 £ 0.02 | 0.33 £ 0.01

&
6.0
50
40
ao| ©
20
10

3.0

&) Export this model 1 Create a copy of this model

4.0

Measured value
[Exclude duplicated records] [Exclude duplicated molecules]

= \liew configuration XML

5.0

6.0

52 Export configuration XML

LM

PUBLISH THE MODEL RECALCULATE MODEL AND STATISTICS APPLY THE MODEL TO NEW COMPOUNDS



Consensus model development

Model creator
Select model template and training set

Choose the individual models for consensus

In order to build a consensus model, you must select several (at least two) individual models based on the selected training set T. pyriformis (training).

[Add a model]

Model name Method

log(IGC50-1)_TRANSNNI (F) _ 10/10 TRANSNNI  [x]
log(IGC50-1)_KGCNN AttFP KGCNN  [x]
log(IGC50-1)_KGCNN ChemProp KGCNN  [x]
log(IGC50-1)_SCI:CAT_BOOST _[Fragmentor (length: 2-4)] - 554850 SKLEARN  [x]
log(IGC50-1)_SCI:CAT_BOOST _[ALogPS, StructuralAlerts] SKLEARN  [x]
log(IGC50-1)_SCI:CAT_BOOST _[ALogPS, OEstate] SKLEARN  [x]

log(IGC50-1)_SCI:CAT_BOOST _[SIRMS (labels: charge+logp+hb+refractivity)) SKLEARN  [x]

Consensus typ VR TN 2

Ignore errors Optimal average combination of models

- Median values

m Optimal median combination of models
Weighted by model accuracy
Weighted by molecule prediction accuracy

Best model for molecule



Consensus model

Model profile

Statistical parameters, tables, charts - all the information related to the model.

’ Applicability domain |

Model name: Consensus log(IGC50-1) [rename]
Temporal Public ID: 19562889 - use this link to share this temporal model (will be deleted after 3 months unless published)

Predicted property: log(IGC50-1) modeled in -log(mol/L)
Training method: Consensus

Data Set # R2 q2 RMSE MAE
o Training set: T. pyriformis (training) | 644 records | 0.87 + 0.01 [ 0.87 £ 0.01 | 0.38 £ 0.02 | 0.27 + 0.01
o Test set: T. pyriformis (test) [x] 449 records | 0.86 £ 0.02 (0.85+ 0.02| 0.4 £0.02 |0.29 £ 0.01

K
6.0
5.0
4.0
3.0
o
2.0
P
1.0

1.0 2.0 3.0 4.0 5.0 6.0
Measured value
[Exclude duplicated records] [Exclude duplicated molecules]




Model s O

over vi

e w

v al

dat

Metrics \ RMSE - Root Mean Square Error

v | for | Validation set

v \ Validation: | All validation protocols v \

ALogP8, OEstate
ALogPS, StructuralAlerts
CDDD
CDK23 (cons,topol,geom,elect,hybr) 3D:rdkit3d
Dragon6 (2D blocks: 1 28)
Dragon7 (3D blocks: 1-30) 3D:rdkit3d
EPA (TE.S.T)
Fragmentor (length: 2-4)

GSFrag (F + L)
InductiveDescriptors 3D:rdkit3d
JPlogP
MNA
MOLD2
MORDRED (2D)

MORDRED (3D) 3D:rdkit3d
OEstate
OSMORDRED
QNPR (length:1 - 3)

RDKIT (2D blocks: 1-3 5 10-11 15-16)
RDKIT (3D blocks: 1-11 15-16) 3D:rdkit3d
RDKIT (ECFP4)

SIRMS (labels: charge+logp+hb+refractivity)
alvaDesc (2D blocks: 1-12 22-25 29 32-33)
alvaDesc (3D blocks: 1-33) 3D:rdkit3d
CNF2 (F) (3D) 10/10
DEEPCHEM (F) (3D) TEXTCNN 10/10
KGCNN AttFP
KGCNN ChemProp
TRANSNN (F) (3D) 10/10
TRANSNNI (F) 10/10

L S S O O O S S S S N S

]

ASNN (CHEMAXON) |

+
043
+
+
+
+
+
running

+

Consensus:AVERAGE ]

Consensus log(IGC50-1) | 0.4

A

4

4

DNN
0.51
041
0.48
0.47
0.66
0.49
0.47
0.5
0.6
0.49
0.45
0.69
0.47
0.52
0.5
0.43
0.49
0.53
0.5
0.53
0.72
0.56

S
o
A A kb kb h b b kb kb b kb kb =k k& kb b kb b b kb k b kb kb

0.55

Rapresont.‘ FSMLR‘ KNN‘

+
+

+

+
0.45

0.46
0.44
0.48
0.5
043

A h b b bk b

+ +
0.49 0.58
F F

+ +
+ +
+ +
+ +
+ +
0.48 0.62
Fl Fl
+ +
+ +
+ +
+ +
+ +
+ +
+ +
0.49 y 0.6
+ +
+ +
+ +
+ +
+ +
+ +
+ +
+ +
+ +
+ +
+ +
+ +
+ +
+ +

MLRA‘ PL,S‘ LSSVMG‘ XGBOOST‘ RFR‘ SCI:.CAT_BOOST

+

+

05 0.48 A

+ +

+ +

+ +

+ +

+ +
0.53 b 0.44 B

+ +

+ +

+ +

+ +

+ +

+ +

+ +
0.49 0.48 p

+
0.53

+
0.48

N
0.44
A

0.43
0.44
0.53
0.46
0.7

0.47
0.44
0.46
0.58
0.56
0.48
0.58
047
0.48
0.48
0.48
0.47
0.48
0.45
0.48
0.57
0.46
0.48
047

A b kb h kb k k k k kb b =k b kb kb k k b k k kb k k k k



Each descriptor/method sees only part of a molecule

Blind monks examining an elephant, an ukiyo-e printby Ha n a b u s g1632i1¢24)0
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

Predicted property: LLNA skin sensitization
Training set: TRAINING-SARpy-SKIN-SENS-giugno20 OK.xlsx

A ComprehenSive mOdeling Metrics AUC for Training set Validation: Cross-Validation (84 models)
. . ) LSSVMG ASNN PLS KNN
A Multitask learning (up to 100 properties) ALogPS, OEstate | om |, o6, 0st, 064
A Feature net (O0Omodel in mod®d ¢6) 4 08, 07 0TS, 0Ty
CDK2 (cons,topol,geom,elec,hybrid) 3D:corina .~ 075 071 056 071
A Consensus models ChemaxonDescriptors (pH 0 - 14:1) 3D:corina | 076 07 059 088
Dragon6 (2D blocks: 1 28) 0.64 066 059 065
A GPU * CPU mOdern methOdS ( ~20) Dragon6 (3D blocks: 1-29) 3D:corina : 0.76 : 0.72 : 0.57: 0.65:
A Supports models Fragmentor (length:2 - 4) , 072 07 059 063,
GSFrag (F + L) , 069 , 069 , 061 081
A~ >1,000,000 compounds InductiveDescriptors 3D:corina , 08 , 071 , 057, 067
A >200,000,000,000 descriptors* JPlogP , 073 _ 074 059 067,
MAP4 0.71 065 059 067
A >1,000 servers MORDRED ( All) 3D:corina : 0.77 : 0.73 : 0.57: 0.68:
A up to 1GB in size (Java limit) Mera, Mersy 3D:corina , 073, 069 , 055 067
A Model private/publishing ofstare 4 0T RO, 08, 0B,
PyDescriptor 3D:corina i 0.71 p 0.71 ‘ 0.7 / 0.67 )
A Export, import’ web/REST services QNPR (length:1 - 3) , 088 062 058 058
o ] RDKIT (3D blocks: 1-11 15-16) 3D:corina 077 072 , 056 , 065 ,
A Conditions, external descriptors SIRMS (labels:charge+logp+hberefractivity) 076 073 059 067
A TOXAlertS Screening Spectrophores (accuracy=20) 3D:corina | 0.68 / 06 / 0.52‘ 0.6 /
StructuralAlerts , 067 , 064 058 051
alvaDesc (3D blocks: (only) 1-30) 3D:corina | 0.75 | 0.71 /) 0.5?‘ 0.68‘

* Sparse format, DOL: (1186/s1332-D16:0113y



Multi -task learning

Problem:

Aprediction of tissue-air
partition coefficients

Asmall datasets 30-100
molecules (human & rat data)

O Fat

[ Brain
M Liver

O Kidney
B Muscle

Results:

Mean Absolute Error

simultaneous prediction of
several properties increased
the accuracy of models

one several

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



Analysis of toxicity of chemical compounds

{ (on, @b, } {.... N ,‘%,,...} { D50, TDLo, LDLo |

Con

LDLo

129 142 toxicity measurements

from RTECS*

87 064  unique molecular

structures

2 9 toxicity endpoints

*RTECS: Registry of Toxic Effects of Chemical Substances

Sosnin, S. et al. J. Chem. Inf. Model

AT

(.| "

LD50

., 2018, 59:1062-1072.

LD50

0

v

.
Sy

G

LDLo

@

LD50

a molecule

a vector of
descriptors

deep neural
network

endpoints



RMSE for different toxicities using CDK descriptors and DNN

1.4

1.2

0.8

0.6

0.4

0.2

0

=o=single
<E=multi

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




