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Introduction

Multi-Parameter Optimization (MPO) is a major challenge in New Chemical Entity (NCE) drug discovery projects, and the inability to identify molecules meeting the Target Product Profile (TPP) in lead optimization (LO) is an important cause of NCE project
failure or delay. Several ligand- and structure-based de novo design methods have been published over the past decades, some of which have proved useful for multi-objective optimization (MPO) (ref 1-7). However, there is still need for improvement to better
address the chemical feasibility of generated compounds as well as increasing the explored chemical space while tackling the MPO challenge. Recently, promising results have been reported for deep learning generative models applied to de novo molecular
design (ref 8), but until now, to our knowledge, no report has been made of the value of this new technology for addressing MPO in an actual drug discovery project. Our objective in this study was to evaluate the potential of a ligand-based de novo design
technology using deep learning generative models to accelerate the discovery of an optimized lead compound meeting the TPP LO criteria.

Can Al help to design optimal compounds matching simultaneously all the objectives of the LO project?
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using deep learning LSTM generative models with
reinforcement learning inspired by similar
architecture (ref 9), was then used to design virtual
molecules fulfilling all 11 objectives according to a
proprietary multi-objective fithess function built
from the predictive QSAR models, as described in
the adjacent figure. In the reinforcement learning

H H Receiver operating characteristic for target NA_SITEz_INHIB%_lE—OSM.
QSAR predictive models i

serating characteristic for target hERG(h)(-)/Courant/CHO/Auto_INHIB%_
10 =

1) Molecules are
generated (95% of
SMILES validity)

Reinforcement
learning

04 . 0.6 0 10
False Positive Rate 0 250 500 750 1000

: . . Steps
setting, the molecule generator is the policy and 3) the wei :
P o _ ) _ ghts of the model are adjusted
the multi-objective function is the reward. It is Iktos molecule imi i 11 Independent B. Visualization of the convergence of the model towards
o _ _ _ - generator algorithm to maximize the probability of QSAR models ' or IVETL
optimised wusing a policy gradient algorithm generating molecules similar to those molecules maximizing the individual scores on each QSAR
adjusting the weights of the LSTM towards regions A. lllustration of the reinforcement taking place ~ Maximizing the global score using a models (x axis: nb of iterations; y axis: average score of the
of high rewards in the chemical space. at each iteration of the algorithm policy gradient algorithm. molecules generated on each QSAR model)
roject chronology (synthesis and test
e ReS u Its Molecule 1 p J gy ( y ) 780 830, 881 .
i e Objecti Activity 5-HT2A  5-HT2B 1 DI  Na,12  hERG RLM Hv ~ Caco2 Caco:2
) : : : -desi ectives ctivi - - a a, 1.
150 virtual compounds predicted to meet all 11 objectives W Aldesigned molectles _ AJI S d FAbs Efflux
simultaneously were proposed Igy \ktos qlg_qrithm. 20 com_poun_ds Percentage of molecules meeting each objective separately, per objective eitompgjggd“e 83 7 18 7 9 2 3 57 75 97 7
were selected based on synthetic accessibility, structural diversity, =
and score confidence. For 9 molecules the synthesis failed so 11 <o
compounds were fmglly_ tested. ao% Presence of a The 11 Al  designed
For most of the objectives, the new molecules outperformed the [1,2,3]triazolo[1,5-a]pyri molecules were measured
molecules of the initial dataset, including the 50 most recent ones. dine  moiety  which against all the objectives. In
The average number of objectives hit was 9.5 for the new 0 appears 6 times in the average those moleculles
molecules vs. 6.4 previously. Hit rate was >90% for all selectivity ° initial dataset. were found to reach 9 5/11
and permeability targets and 65% for activity. Metabolic Stability ™" objectives in average.
however was decreased with a 55% hit rate. More importantly, in  ** '
the 11 new compounds, 1 met simultaneously all 11 objectives Best Al designed compound, active and meeting
of the project, and 2 were good on 10/11 objectives, and just .- I I 11 objectives out of 11 (Active 11/11)
below the required threshold, within the margin of error of the - i
assay On the mlssed ObjeCtIVE Activity 5-HT2A 5-HT2B al D1 NaVv 1.2 hERG RLM HLM Caco-2 FAbs Caco-2 Efflux
9 Analysis :j
As shown below, the- 11 compognds gengrated by the Al algo-ri-thm d_isplayed functional groups -that were rare in the initial dataset The Al algorithm was able to identify the only 9 .
or that were never tried before in the project, showing the ability to identify favorable modifications with few data and to propose N permeable compounds within the 6,7-dihydro- 3
successful innovations, including introducing an aliphatic group at a place where only aromatic moieties had been tried before. _ :> 4H-triazolo[5,1-c][1,4]oxazine  series  while ?é U
«———— 7 Firstintroduction of an Ny maintaining safety and stability S S _ .
H:Nf e aliphatic group in that - .
CH; position
&£ e o .
? </:> N/\ The Al algorithm was able to identify n
@ Q Q @ K/N compounds with reduced efflux within the £ - .
p \ Q}“ =4 N\ 7\ pyridoisoxazole series while maintaining 3
w O:D) m O O o — safety and stability S
Active 9/11 Active 9/11 Active 10/11 Borderline* 10/11 Inactive 8/11
Presence of a pyrano[3,4]pyrazole moiety which appears 5 Presence of a 21,2-oxazol-5-yl)pyridine moiety &7 T T T
times in the initial dataset which appears 13 times in the initial dataset 625 & .
. D Preferred Chemical Space o s ® -
®

/7\ \ Iktos cmpds
i 575 . Servier cmpds

Size by Fsp3
S ize by Fsp
0]
NH 525

500

Most of the 11
compounds generated
= by the Al algorithm
were situated in a

" T

A
-

@ f - . favorable  chemical
/\/z . *° - space regarding
@) o) .
® Y0 ® D) @ Molecular Weight,
m kstN)' '\,N~N K,N~N/“ S O @ Property Forecast
Active 8/11 Borderline* 10/11 Inactive 8/11 Active 9/11 Inactive 9/11 g Index (Ref 10) and the
. . . - [ fraction of sp3 carbon
Presence of a pyranol,3 clpyrazole  presence of a [1,2,3]triazolo[4,3-][1,4loxazine moiety  Presence of a thieno[2,3-d]pyrimidine moiety . t P
moiety which appears S times in the which appears 4 times in the initial dataset which was absent from the initial dataset 0 atoms.

initial dataset

275

Property Forecast Index

* In the margin error of the Activity assay

@ Conclusion

Using a large dataset of 880 molecules, lktos DL-based de novo design algorithm was able to identify 150 virtual compounds meeting the project TPP in silico. The hit rate of the 11 compounds tested was impressive compared to the previous molecules and
3 of those 11 compounds were found to be "in" the TPP (2 being slightly below the limit on 1 objective out of 11). The algorithm was able to suggest functional groups that were rare or absent in the initial dataset and that proved very beneficial for the MPO.

To our knowledge, this is the first report of a successful application of deep learning for de novo design to solve an MPO issue in an actual drug discovery project, moreover on a large number of objectives. This is a demonstration of the potential of this
technology to bring substantial improvements to medicinal chemistry. The use of such approach in the earlier phases (hit to lead, early LO) is under investigation. Improvement needs have been identified and are being addressed regarding increasing the
synthetic accessibility and diversity of the suggested structures.
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