Development of a Machine Learning model for predicting atomic
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@) Maintain the accuracy of the method
- The octanol-water partition coefficient (logP) is a fundamental property in the drug design process. It is widely used @ Increase the computation time
for stablishing predictive models of the compound’'s pharmacokinetics characterized by the ADME properties

(Adsorption, Distribution, Metabolism and Excretion). From another side, it gives important information about the
(de)solvation, which determines the affinity of a potential drug with the receptor, guided by the 3D distribution of I

hydrophobic and hydrophilic regions and its complementary with the ligand. .- Solvation
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- The experimental measurement of the logP has a significant cost, which makes necessary the usage of predictive
models, specially considering the exponential growth of the chemical space, with libraries that contain billions of
compounds. te A Ocranol
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Field polarity
- In this context, the development of Artificial Intelligence (Al) models gives a computational efficient solution to the
problem, allowing the 3D hydrophobic description of the bioactive specie with a reduced computational cost, being |
applicable to virtual screening campaigns. v Polar
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Figure 1. IEFPCM/MST model for solvation
energy calculation.

Methodology

The developed Al models have been trained using data obtained from calculations
done using the IEFPCM/MST model at the semiempiric RM1 level'? applied to the Enamfne
molecules from the database.
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The predictive capacity of the obtained models has been tested using different interactions
architectures, such as Random Forest Regressor or Artificial Neural Networks. For both Electrostatic
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cases, the optimization of the parameters have been carried out using a Bayesian interactions CRCh KR n
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Optimization process. The partition among the test and the train set is the standard 0.2- J N k

0.8. . .
Atomic descriptors

D U D ® E Obtaining predictive
Models are developed for each element® individually. Computation of atomic Al model rainine nodels spedific for sach

Molecules library descriptors chemical element

We used a set of 50.000 molecules (from Enamine HTS) as training (80%) and test
sets (20%). An extra external validation set from Enamine HTS was also used,
containing 50.000 molecules.

Correlation with reference model Speed up; computational power
> Topology Dele: 6.5 Comparison of execution time for a set of

. . Dest: 7.2 Atomic logP Molecular logP 1.000 molecules
Bonds and group of connections which form logP RM1: -1.74 3076

the 2D enviornment of the atom. logP ML: -1 5/

Dele: 37.5

> Electrostatic interactions: D, oop AT 0.30 Dele: -18.5

| _ 3 | Dest: 292
Electron-withdrawing Electron-donating ~ logP ML: 0.39 _ 1 logP RM1: -0.45

environment environment _ logP ML: -0.59

R~2 = 0.97029, RMSE = 0.08277, MAE=0.04 {1 + R*2=0.91639, RMSE = 0.70098, MAE=0.50 1074
. . & p

ML predicted logP
Time of execution (h)
2

=10.0 -

[
=
N

—-12.5 o* E 0.05

, 1 Li T L] L] T T 1 1
. DEIE B? =125 =10.0 =-=7.5 -3.0 -2.5 0.0 2.3 5.0 1.5 RM1 MOPALC Model proposat ML

o : | Dest: 7.2 Reference method (semiempiric QM (RM1)) calculated logP Calculation method
> Steric interactions: D, logP RM1: -0.72 -
logP ML: -0.69 Specific results by element

Sterically Sterically
: . : Hydrogen rbon Ni n
accessible hindered Dest: 0 _ ydroge Carbo troge
Dest: 0 logP RM1:0.18 ' »  R"2 =0.96175, RMSE = 0.05685, MAE=0.03 ®71 «  R"2 = 0.90659, RMSE = 0.02536, MAE=0.02 o 1 ¢ R™2 =0.91262, AMSE = 0.21854, MAE=0.14

. logP RM1: 0.10 logP ML 0.20

+ logP ML: 0.11

Sample characterization

| 03 04 | i ~30 -25 -20 -15 -10 -05 00 05 10
Oxygen Sulphur Halogens

R™2 = 0.88254, RM5E = 0.29518, MAE=0.21 : . «  R™2=095709, RM3E = 0.14278, MAE=0.09 - R™2=0.95773, RM5E = 0.07373, MAE=0.05

Distribution of rotatable bonds 187 Distribution of Elements
108727546

ML predicted atomic logP

Maolecules
ot
a
=
a

28356 JR08

5 10 15 | ' 35 53
Mumber of rotaktable bonds Element {2}

-10  -05 00 05 1.0 1.5 02 00 02 04 06 08 10 12 14
Reference method (semiempiric QM (RM1)) calculated atomic logP

Conclusions
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- The balance between predictive accuracy (around 90%) and its computational cost Is - ':_"; DE CIENCIA, INNOVACION
very promising, indicating that the computational strategy is effective for its application in () Y UNIVERSIDADES
virtual screening of chemical libraries.

- - ’ - A 2000/2500-fold times faster calculation was obtained in comparison with the reference
Atomic contrbution o logP method (IEFPCM/MST-BRM1) using 1 AWS c5.12xlarge, providing a cost-effectives AGENCIA
methodology for calculating atomic and molecular logP, a key parameter in drug ESTATAL DE

discovery. INVESTIGACION
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