— ::ﬂﬂ:ﬂ: IO>XHO-YpanbCKum
R 93 rocynapCTBEeHHbINA
et = O YHUBEPCUTET
(.»-?(l)\ L J HaluMoHanbHbIA
B '(\ y UCcCcnenoBaTeNbCKUA
T 1943 YHUBEPCUTET

Computational chemistry artillery
against viruses

Jurica Novak

September 2022., Zagreb



pK_rwmtm

[1] JN et al. The Performance of Radial Distribution Function Based Descriptors in the Chemoinformatic Studies of HIV-1 Protease, FMC 12 (2020) 299
[2] JN et al. Novel radial distribution function approach in the study of point mutations: the HIV-1 protease case study, FMC 12 (2020) 1025
virtual screening and molecular dynamics study of a natural product database, FMC 13 (2021) 363-378




N=

(SF1) N Ry sFD \
Ho-+:<\ />t+-C‘H3-+{)H_’
# N
HO-+







anti-HIV activity
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Flavivirus
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Machine learning

* atechnique which uses computers to discover
patterns or information about data

Image

Structure Classification
Discovery Feature ® Customer

e Elicitation  Fraud @ Retention
Detection

Recommended y  UNSUPERVISED SUPERVISED
Systems LEARNING LEARNING

MACHINE = p Process
Optimization
LEARNING

New Insights

REINFORCEMNET |
| LEARNING |

Real-Time Decisions ® /@ Robot Navigation
GameAl ® @ Skill Aquisition

®
Learning Tasks

https://augnitive.com/introduction-to-machine-learnin,




ML scheme
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mean squared error
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molecular similarity

dropout_rate: [0.0, 0.1, 0.2, 0.3]
n_layers: [8, 16, 32, 64, 128]

n_neurons: [32, 64, 128, 256]

L2 weight_decay: [0.0, 0.1, 0.001, 1e-05]
Early stopping

Trainable params: 4080897
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MAE MSE RMSE MAE MSE RMSE

DNN 0.250 0.116 0.341 0.253 0.112 0.335
RF 0.159 0.049 0.221 0.413 0.285 0.534
SVM 0.188 0.082 0.286 0.404 0.300 0.548

XGB 0.134 0.032 0.184 0.352 0.232 0.482

Deep Neural Network
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