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P ictive Models For i ing Cy icity On The Basis Of
Chemical Structures

Hongmao Sun’, Yuhong Wang, Dorian M. Cheff, Matthew D. Hall, Min Shen”
National Center for Advancing Translational Sciences (NCATS), 9800 Medical Center Dr. e 00 I
Rockville, MD 20850
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Abstract « =
Cytotoxicity is a critical property in determining the fate of a small molecule in the drug discovery o o
pipeline. Cytotoxic compounds are idenified and riaged in both target-based and cell-based
henorypic appronches e tothei ofFargettoxicy or on-arget and o mehanim toricy o 01'

=
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T this study, T icty ofnealy 10.000
compounds in NCATS annotated libraries against four ‘normal” cell lines (HEK 293, NIH 3T3.

e e e e e e All 5,241 0.810 0.995
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support vector classification (SVC) models trained with 80% randomly selected molecul

Sievd e e der e eciver o (AUC-ROO) of 035 onaverage - Train 4,192 0.805 0.995

forthereuining 20% componnds et et 10 epentin expeimert. Applicaon of x‘“-T'—°E|' E"Ol E'iE $_j I"O-I'o1 E%% nI'EEI'n1 !
£ method s ioved he veraged AUC-ROC 0030, Ay of °© = ==l Random

stuctural by cytotoxic s may offer chemists heuristic design RE Test 1.049 0.478 0.910
ideas to eliminate undesirable cytotosicity. The profiling of cytotosicity of drug-like molecules I x| 1' I .I = I. S EI:-II A 0“ I 01 st es g .
with annotated primary mechanism of action (MOA) will inform on the roles played by different J_'—E =2 CjjojE A 9'?-" = A(g C; 7 = '
targers or patlways 1y. The predictive models for cytotoxicity (accessible at
hitps?/tripod i, gov/vel eytoto himl) provide the scientific commnity a fast e relable A OlO .
A e a9le Train 4,192 0.823 0.996

Sphere
4 I d I
B ME =4 371 HolE Exclusion

(Bioorg Med Chem. 2020, 28, 10.) Test 1,049 0.274 0.836
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Chemprop: A Machine Learning Package for Chemical Property
Prediction

Esther Heid, Kevin P. Greenman, Yunsie Chung, Shih-Cheng Li, David E. Graff, Florence H. Vermeire,
Haoyang Wu, William H. Green, and Charles J. McGill*
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Advanced PK and Toxicity Profiling
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need for open-source and versatile software solutions that can be operated by
nonexperts. Among the current approaches, directed message-passing neural
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atom type, # bonds, formal charge, chralty,
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ABSTRACT: Deep learning has become a powerful and frequently  Molecule, atom, reaction, and multimolecule H : - = i LB Divor Tosicit

s N N el ¢ \ ! RdKit Descriptors  Toxicophores |
employed tool for the prediction of molecular properties, thus creating a properties from molecular graphs "~ : H Deep Analysis

: H

networks (D-MPNNs) have proven to perform well on a variety of property
prediction tasks. The software package Chemprop implements the D-MPNN

chemprop

i, Pybridesaton, aromatciy. atemic mass

@Edge-level features

P~

Confidence

00

architecture and offers simple, easy, and fast access to machine-learned bond iype, conjugated, in ring, sterso
molecular properties. Compared to its initial version, we present a multitude !

of new Chemprop functionalities such as the support of multimolecule C”j”\ (e
properties, reactions, atom/bond level pmpemes, and spectra. Further, we

incorporate various i i methods along

with related metrics as well as pretraining ;\nd transfer learning kel improved hyperp and other
customization options concerning loss functions or atom/bond features. We benchmark D-MPNN models tained using Chemprop
with the new reaction, atom-] level and spectra functionality on a vancty of property prediction data sets, including MoleculeNet and
SAMPL, and observe on the di artition reaction barrier heights,
atomic partial charges, and absorpuon spectra. Chemprop enables oul of-the-box training of D-MPNN models for a variety of
problem settings in fast, user-friendly, and open-source software.

—+Property

Complex Comparisons @

J. Chem, Inf. Model. 2024, 64, 1, 9.
github.com/chemprop/chemprop

Nucleic Acids Research. 2024, gkae254.
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MELLODDY: Cross-pharma Federated Learning at Unprecedented
Scale Unlocks Benefits in QSAR without Compromising Proprietary
Information

Wouter Heyndrick, Lewis Mervin, Tobias Morawietz, Noé Sturm, Lukas Friedrich, Adam Zalewski,
Anastasia Pentina, Lina Humbeck, Martijn Oldenhof; Ritsuya Niwayama, Peter Schmidtke,

Nikolas Fechner, Jaak Simm, Adam Arany, Nicolas Drizard, Rama Jabal, Arina Afanasyeva, Regis Loeb,
Shlok Verma, Simon Harnqvist, Matthew Holmes, Balazs Pejo, Maria Telenczuk, Nicholas Holway,
Arne Dieckmann, Nicola Ricke, Friederike Zumsande, Djork-Amé Clevert, Michael Krug,

Christopher Luscombe, Darren Green, Peter Ertl, Peter Antal, David Marcus, Nicolas Do Huu,
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ABSTRACT: Federated multipartner machine learning has been touted as an appealing and efficient method to increase the
effective training data volume and thereby the predictivity of models, particularly when the generation of training data is resource-
intensive. In the kindmark MELLODDY project, indeed, each of ten pharmaceutical companies realized aggregated improvements
on its own classification or regression models through federated learning. To this end, they leveraged a novel implementation
extending multitask learning across partners, on a platform audited for privacy and security. The experiments involved an
unprecedented cross-pharma data set of 2.6+ billion confidential experimental activity data points, documenting 21+ million physical
small molecules and 40+ thousand assays in on-target and secondary pharmacodynamics and pharmacokinetics. Appropriate
complementary metrics were developed to evaluate the predictive performance in the federated setting. In addition to predictive
performance increases in labeled space, the results point toward an extended applicability domain in federated leaming. Increases in
collective training data volume, including by means of auxiliary data resalting from single concentration high-throughput and

J. Chem, Inf, Model. 2024, 64, 7, 2331.
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