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HOW TO SUCCEED IN COLLABORATION? 2

» Understanding of the problem;
= Use of additional data;

= Data curation;

" Rigorous External Validation;

= AD vs. 100% coverage;

" Consensus modeling;

= Experimental validation.



DATA CURATION
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Dataset size
Curated
Original set VT NT GHS EPA
8,994 8,508 8,508 8,495 8,408

Fourches, D.; Muratov, E.; Tropsha, A. J. Chem. Inf. Model. 2016, 56 (7), 1243-1252.
Fourches, D.; Muratov, E.; Tropsha, A. Nat. Chem. Biol. 2015, 11 (8), 535-535.



GENERAL WORFLOW 4

Prediction of
Original Y-randomization
Dataset

Prediction Set

External validation
set

External validation
with applicability

domain
5-fold
Repeated for each
Curated Descriptor set of descriptors
Dataset calculation and each fold.
Curation

MuDRA

Modeling set
Analysis of chemical Modeling
space/applicability : using RF or
domain

Fourches, D.; Muratoy, E.; Tropsha, A. Nat. Chem. Biol. 2015, 11 (8), 535-535.
Fourches, D.; Muratov, E.; Tropsha, A. J. Chem. Inf. Model. 2010, 50, 1189-1204
Tropsha, A. Mol. Inform. 2010, 29, 476—-488.
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Multi-Descriptor Read Across (MuDRA): a simple
and transparent approach for developing accurate

QSAR models

Vinicius M. Alves®, Alexander Golbraikh?, Stephen I. Capuzzi?, Kammy Liu¢,
Wai In Lame, Daniel Robert Korn®, Diane Pozefsky*, Carolina Horta Andrade®,

Eugene N. Muratova", Alexander Tropsha?*



MuDRA 6

Chemical descriptor space 1 | Chemical descriptor space 2
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MuDRA vs. CERAPP MODELS
CCR

Sensitivity Specificity
CERAPP (n = 5) 0.73 (£ 0.05) 0.51 (£ 0.13) 0.95 (+ 0.05)
0.74 0.65 0.83
CCR Sensitivity Specificity
CERAPP (n = 4) 0.53 (£ 0.02) 0.11 (+ 0.09) 0.95 (+ 0.05)
0.52 0.05 0.99
CCR Sensitivity Specificity
CERAPP (n =9) 0.57 (£ 0.02) 0.27 (£ 0.11) 0.85 (+ 0.08)

0.58 0.35 0.81

CERAPP compounds are provided by Dr. Mansouri.



NON TOXIC MODELS
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TST_BA TST_F1 TST_SP TST_SN TST_mean(SN-SP) Coverage
® UNC (MuDRA) = FUG
UNC (MuDRA) FUG
Descriptors SiRMS, DRAGON, Morgan, RDKit MACCS
Algorithm MuDRA RANDOM FOREST
No. of compounds in 4,834 toxic 2,298 toxic
training set 3,661 not very toxic 2,298 not very toxic

The Statistics is provided to participants by Dr. Mansouri.



TST_BA

Descriptors

VERY TOXIC MODELS

TST F1 TST_SP

® UNC_1 (MuDRA)

UNC_1 (MuDRA)

SiRMS, DRAGON,
Morgan, RDKit

TST_SN
H UNC_2 (QSAR) FUG

UNC_2 (QSAR)
DRAGON

TST_mean(SN-SP)

Coverage

FUG
MACCS

Algorithm

MuDRA

RANDOM FOREST

RANDOM FOREST

No. of compounds
in training set

716 very toxic
7,790 not very toxic

385 very toxic
385 not very toxic

572 very toxic
572 not very toxic

The Statistics is provided to participants by Dr. Mansouri.



EPA MODELS
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TST_BA TST_F1 TST_median(SN-SP) Coverage
m UNC (QSAR) = FUG
UNC (QSAR) FUG

Descriptors SiRMS, DRAGON, Morgan, RDKit MACCS
Algorithm MuDRA RANDOM FOREST
No. of 464 extreme (cat. 1) 1,048 extreme/strong (cat. | and Il)
compounds in 1,099 strong (cat. Il) 1,048 (cat. Ill)
training set 5,840 (cat. Ill) 1,048 non-toxic (cat. IV)

1,005 non-toxic (cat. IV)

The Statistics is provided to participants by Dr. Mansouri.




GHS MODELS
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TST_BA TST_F1 TST_median(SN-SP) Coverage
H UNC (QSAR) FUG

UNC (QSAR) FUG
Descriptors SiRMS, DRAGON, Morgan, RDKit MACCS
Algorithm MuDRA RANDOM FOREST
No. of 458 extreme (cat. |) 512 extreme/strong (cat. | and Il)
compounds in 334 strong (cat. ) 512 (cat. 1lI)
training set 70 (cat. 1lI) 512 non-toxic (cat. IV)
3,297 non-toxic (cat. V)

The Statistics is provided to participants by Dr. Mansouri.
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Final prediction
ﬂ- LAT X Predicted as sensitizer
+ Predicted as non-sensitizer

& Cite This: ACS Sustainable Chem. Eng. 2018, 6, 2845-2859 pubs.acs.org/journal/ascecg

Chemistryz Engineering

A Perspective and a New Integrated Computational Strategy for Skin
Sensitization Assessment

Vinicius M. Alves,”* Stephen] Capuzm Rodolpho C. Braga,* joyce V. B. Borba,"® Arthur C. Silva,*
Thomas Luechtefeld,’ Thomas Hartung, Carolina Horta Andrade,” Eugene N. Muratov,* ol
and Alexander Tropsha*’



FINAL REMARKS

Correct identification and formulation of a problem is a must;

Use of additional data is extremely helpful;
Data curation and rigorous external validation is critical;

MuDRA is a simple, fast, and reliable approach that yields similar
accuracy with complex modeling ensembles with 100% coverage of the
prediction set;

We recommend use of AD for single models but 100% coverage for final
consensus ensemble;

Comparison of the accuracy of the models must be made using the
same compounds only;

Building smart consensus model is recommended — let the models help
each other;

Only experimental validation could demonstrate predictivity and utility
of a model.
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JOURMAL OF

CHEMICAL INFORMATION
AND MODELING

Application Mote

pubs.acs.orgfjcim

Chembench: A Publicly Accessible, Integrated Cheminformatics
Portal

Stephen J. Capuzzi,’ Ian Sang-June Kim,” Wai In Lam,” Thomas E. Thornton,” Eugene N. Muratov,’
Diane Pozefsky,** and Alexander Tropsha™® "

I_.ad:u:nr:atu:nrg,.r for Molecular Modeling, Division of Chemical Biology and Medicinal Chemistry, UNC Eshelman School of Pharmacy,
and Deparl:ment of Computer Science, University of North Carolina, Chapel Hill, North Carolina 27599, United States

Chembench

|
Home : My Bench Datasets | Modeling Prediction i MUDRA

https://chembench.mml.unc.edu/mudra/
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Food and Chemical Toxicology 112 (2018) 526534
5 . : _ o —
Contents lists available at ScienceDirect PoocEnc—je=
Toxicology | —
Food and Chemical Toxicology
journal homepage: www.elsevier.com/locate/foodchemtox ———

Chemical toxicity prediction for major classes of industrial chemicals: @Cmsswk

Is it possible to develop universal models covering cosmetics, drugs,
and pesticides?

Vinicius M. Alves *°, Eugene N. Muratov * ‘, Alexey Zakharov d Nail N. Muratov €,
Carolina H. Andrade °, Alexander Tropsha ™"

Cosmetics - XS
3,341 -400 - 400 600 800
4
220 “
29
. -600
Drugs 172 Pesticides
4,180 1,503 -800
- Compound from QSAR dataset Drug » Cosmetic

s Pesticide = Cosmetic and pesticide = Cosmetics and drug
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Implementation of QSAR models for use of the scientific community
JOURNAL OF

CHEMICAL INFORMATION
AND MODELING

pubs.acs.org/jcim

Pred-Skin: A Fast and Reliable Web Application to Assess Skin
Sensitization Effect of Chemicals

Rodolpho C. Braga,” "0 Vinicius M. Alves,T A0 Eugene N. Muratov, Judy Strickland, I
Nicole Kleinstreuer,® Alexander Trospsha, and Carolina Horta Andrade® "

www.labmol.com.br/predskin
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