o

) PRACA ORYGINALNA - CHEMIA LEKOW

The use of machine learning-based sequential
virtual screening in the search for new ligands

of 5-HT_ receptor

Michal Sapa', Alicja Gawalska', Marcin Kolaczkowski', Adam Bucki'

!Jagiellonian University Medical College, Faculty of Pharmacy, Department of Medicinal Chemistry, Krakéw, Poland

Farmacja Polska, ISSN 0014-8261 (print); ISSN 2544-8552 (on-line)

Corresponding author

Adam Bucki,

Jagiellonian University Medical College,
Faculty of Pharmacy,

Department of Medicinal Chemistry.
Medyczna 9, 30-688 Krakéw, Poland
e-mail: adam.bucki@uj.edu.pl

Sources of financing
No sources of financing were indicated.

Conflict of interest
No sources of financing were indicated.

Received: 2022.12.16
Accepted: 2023.02.20
Published on-line: 2023.04.05

DOI
10.32383/farmpol/161474

ORCID

Michat Sapa - @ 0000-0001-9251-9261
Alicja Gawalska - @ 0000-0002-3131-9300
Marcin Kotaczkowski

- @ 0000-0001-8402-1121

Adam Bucki - @ 0000-0003-0451-9814

Copyright
© Polish Pharmaceutical Society

This is an open-access article
under the CC BY NC license

BY NC

https://creativecommons.org/licenses/
by-nc/4.0/

i@~ Tom 78 - nr11-2022

The use of machine learning-based sequential virtual screening in the search of new
ligands of 5-HT, receptor

5-HT, receptor takes part in learning and memory processes. For this reason, the
use of ligands of this receptor in the treatment of neurodegenerative diseases
such as Alzheimer’s disease, depression, or autism is being investigated. The
development of machine learning (ML) and access to large compound databases
allow for the increasing use of these methods in search of new drugs. The use of
ML in pre-clinical tests allows for a reduction in time and costs of drug discovery.
In this study, we used a sequential virtual screening approach in search of new
structures with potential affinity for the 5-HT, receptor. Data from the ChEMBL
database containing ligand binding affinities, measured as an inhibition constant (Ki),
was used as the training dataset. Each step of the screening was based on machine
learning models, the task of which was to classify compounds as potentially active
and inactive. The first step included a ligand-based drug discovery (LBDD) approach,
in which, using Klekota-Roth fingerprints and molecular descriptors of the ligands,

a classification model was developed to select a preliminary group of candidates
from the Otava chemical compound database. In the second step, a structure-

based drug discovery (SBDD) approach was used. For this purpose, compounds were
docked to the AlphaFold database-derived model of the 5-HT, receptor, previously
optimized by the Induced-Fit Docking tool and molecular dynamics. Docking poses

were scored by a trained Extra Trees classifier. Interactions of a reference ligand with
14 binding site residues were used as features for the trained model.

The use of machine learning as a scoring function allowed for improvement in

the virtual screening parameters compared to the Glide GScore scoring function.
Based on the obtained model, it was also confirmed that the location of a ligand
near Ser5.43 and Phe5.38 residues is important for binding. The procedure allowed
to select 20 candidates characterized by novel chemical structure and a relatively
low basic pKa compared to known ligands, and thus suspected to have a low
affinity for hERG channels and good brain penetration.

Keywords: molecular docking, machine learning, structure-activity relationship,
serotonin 6 receptor.
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Introduction

Serotonin 6 receptors belong to the large family
of serotonin receptors and like most of them are G
protein-coupled receptors (GPCR). They are pre-
sent mainly in the central nervous system and are
assigned to participate in the regulation of lear-
ning and memory processes. The presence of the
5-HT, receptors on GABAergic and glutamater-
gic neurons suggests that they may be involved
in the regulation of the transmission of these sys-
tems [1].

Due to their role in learning and memory pro-
cesses, ligands of the 5-HT, receptor are being
investigated for the treatment of neurodegenera-
tive diseases. The main studies are focused on the
use of 5-HT, receptor antagonists in the treatment
of Alzheimer’s disease. Although there were 6 can-
didates in clinical trials for the treatment of Alzhe-
imer’s disease, none of them passed phase I1 [2]. All
compounds tested in clinical trials were antagoni-
sts, however, both antagonists and agonists have
been shown to be pro-cognitive in animal models
[3, 4]. Additionally, 5-HT, receptor antagonists
have been tested for use in the treatment of depres-
sion, anxiety, autism, IBS disease, or obesity [5-9].

The increasing amount of available data and
rapid development of machine learning (ML)
allow for the widespread use of these methods
in the search for new drugs. Machine learning
can help reduce the costs associated with testing
new drugs in the early stages of drug discovery.
Thanks to machine learning, for example, QSAR
modeling or docking scoring has been impro-
ved [10, 11].

In this study, we used machine learning
methods in a 2-step sequential virtual screening,
in search of new ligands of the 5-HT, receptor. In
the first step, ligand-based drug discovery (LBDD)
was used to reduce the number of compounds in
the screened database. In the second step, struc-
ture-based drug discovery (SBDD) was used by
docking compounds to the 5-HT, receptor model.
ML classifier, trained by poses of known ligands,
served as a scoring function. The sequential appro-
ach aims to reduce the time and computational
costs of molecular docking in the second step [12].
The use of the machine learning model, in turn,

can improve the parameters of virtual screening
compared to classic scoring functions [13].

Aim

The aim of the study was to develop a sequen-
tial virtual screening procedure based on machine
learning models and to use this procedure to
search for new potential 5-HT, receptor ligands.

Methods

A dataset of known ligands and their binding
affinity (measured as an inhibition constant, K,
from the ChEMBL database [14, 15] (date of data-
base download: June 14, 2022) was used to train
and evaluate ML models (table 1). From a data-
set containing 5,205 records, missing values
were removed, resulting in 4,269 records. Sub-
sequently, duplicates were removed, resulting
in 3,620 records eventually. Ligands were labe-
led based on binding affinity - compounds with
K, < 100 nM were labeled as “active”, and those
with K, > 700 nM as “inactives” (Dataset A). These
thresholds ensured the separation of active from
inactive compounds, while providing a possi-
bly large number of “inactives”, which were
sparsely represented (ratio of inactives to acti-
ves above 0.25). Additionally, after clustering the
active compounds based on fingerprints, a group
of 65 structurally diverse ligands was selected and
3099 DUDE decoys were generated based on their
structures [16] (Dataset B). This dataset was used
to calculate the enrichment parameters of virtual
screening. In prospective virtual screening, the
Otava In-house Stock dataset (date of database
download: July 21, 2022) was used after filtering
structures with molecular weight (MW) values
ranging from 300 to 500.

The sequential virtual screening consisted of
2 main steps grounded in ligand-based (LBDD)
and structure-based drug discovery (SBDD). In
the first step, 1D, end 2D descriptors and Kle-
kota-Roth fingerprints were generated using
PaDEL-Descriptor software [17, 18]. Low variance
features were removed by VarianceThreshold
(threshold = 0.2) algorithm the from scikit-learn
library. The number of features was reduced from

Table 1. Datasets used in training and evaluations of ML models. For SBDD procedure, the number of poses is

given. K, - inhibition constant.

Dataset for training and testing ML models

2168 structures (K, < 100 nM)

615 structures (K, > 700 nM)

(Dataset A) 6127 poses 1482 poses
Dataset for evaluation of virtual screening 65 structures (K, < 100 nM) 3099 structures (DUDE decoys)
(Dataset B) 185 poses 7469 poses
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6304 to 616. PyCaret was used for further data
preprocessing and to compare the created ML
models [19]. Perfect collinear features were remo-
ved, data was standardized and the imbalance
between active and inactive ligands was removed
by SMOTE [20]. PyCaret comparison was perfor-
med with 10-fold cross-validation for 14 classi-
fiers (table 2 and table 4). The best model was cho-
sen based on Matthew’s correlation coefficient
(MCC). The chosen model was additionally tuned
using the default grid of hyperparameters. The
developed model (LBDD model) was used in the
virtual screening of the Otava dataset.

The model of the 5-HT, receptor was downlo-
aded from the AlphaFold platform [21, 22]. Then,
structure refinement was performed by Protein
Preparation Wizard (Schrédinger, LLC) [23]. Using
the induced-fit protocol, a selected group of rigid
ligands [24, 25] was docked to the refined receptor
structure [26]. The complex with CHEMBL2165519
ligand (a high-affinity, arylsulfonyl ligand of the
5-HT, receptor, K, = 1.0 nM) was selected for fur-
ther optimization as the best protein-ligand com-
plex, on the grounds of the literature description
of binding mode [27-30]. Next, a system of the
protein complex, membrane (DPPC 325K, based
on 4IAR - crystal structure of 5-HT,, receptor),
water (SPC model), and salt (NaCl 0.15 M) was
set. A 100 ns molecular dynamics simulation was
carried out for 325K temperature, 1.01325 bar
pressure, and 200 barxA surface tension using
Desmond Molecular Dynamics software and
OPLS2005 force field [31]. The obtained 500 tra-
jectories were clustered into 12 models, to which
the actives from set B were docked by Glide Ligand

Docking [32]. The best model was chosen based on
the number of successfully docked active compo-
unds (met the criteria of constraint - H-bond with
Asp3.32). For the selected model, only one active
compound was not docked.

During these studies, a crystal structure of the
5-HT, receptor was published (PDB: 7XTB) [33].
This automatically became a reference structure
for further modeling studies; however, the ali-
gnment of both models showed an RMSD value of
1.945 A and a favorable alignment score of 0.154.
In addition, only 26.2% of actives (from Dataset B)
were successfully docked (meeting the constraint
criterion - H-bond with Asp3.32), so the crystal
structure would require further optimization to
challenge the optimized AlphaFold model. Even-
tually, we decided to continue work on the latter
structure.

The second step started with generating 3D
structures of compounds by LigPrep (for pH = 7.0
and OPLS2005 force field) [34]. Then, the compo-
unds were docked to the selected model by Glide
Ligand Docking [32], setting SP protocol and
Asp3.32 as a constraint. For each compound, up
to 3 conformations were generated, increasing the
possibility of correct binding, regardless of the
GScore value. Interaction energy, van der Waals
interaction, Coulomb interaction, H-bond score,
and minimum distance (calculated by Glide) for
14 residues of the binding site were used as featu-
res. Results of Dataset A docking were used to train
and test classifiers. Using PyCaret [19], perfect col-
linear features were removed, data was standardi-
zed and the imbalance between active and inac-
tive ligands was removed by SMOTE [20]. Model

Table 2. Comparison of 14 classifiers built by PyCaret for the LBDD procedure, sorted by MCC value. AUC - area under the ROC
curve, F1 - F1 score, Kappa - Cohen’s kappa coefficient, MCC - Matthew’s correlation coefficient.

Light Gradient Boosting Machine 0.9162 0.9605 0.9539 0.9401 0.9469 0.7484 0.7495
Extra Trees Classifier 0.9127 0.9575 0.9462 0.9427 0.9443 0.7420 0.7431
Gradient Boosting Classifier 0.9097 0.9511 0.9417 0.9431 0.9423 0.7343 0.7352
Ridge Classifier 0.9037 0.0000 0.9238 0.9521 0.9375 0.7268 0.7292
Random Forest Classifier 0.9052 0.9550 0.9353 0.9432 0.9391 0.7248 0.7261
Logistic Regression 0.8982 0.9378 0.9231 0.9457 0.9341 0.7093 0.7111
SVM - Linear Kernel 0.8962 0.0000 0.9180 0.9480 0.9326 0.7064 0.7094
Linear Discriminant Analysis 0.8941 0.9190 0.9212 0.9424 0.9315 0.6980 0.6998
K Neighbors Classifier 0.8821 0.9114 0.9026 0.9445 0.9230 0.6719 0.6758
Ada Boost Classifier 0.8866 0.9330 0.9238 0.9313 0.9272 0.6700 0.6725
Decision Tree Classifier 0.8645 0.8079 0.9110 0.9159 0.9133 0.6029 0.6037
Naive Bayes 0.8460 0.8525 0.8648 0.9337 0.8978 0.5868 0.5945
Quadratic Discriminant Analysis 0.7908 0.5208 0.9974 0.7904 0.8819 0.0628 0.1547
Dummy Classifier 0.2168 0.5000 0.0000 0.0000 0.0000 0.0000 0.0000
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Table 3. Comparison of 14 classifiers built by PyCaret for the SBDD procedure, sorted by MCC value. AUC - area under the ROC
curve, F1 - F1 score, Kappa - Cohen’s kappa coefficient, MCC - Matthew’s correlation coefficient.

Model Accuracy AuC Recall Precision F1 Kappa MCC
Extra Trees Classifier 0.8977 0.9336 0.9361 0.9368 0.9364 0.6741 0.6745
Random Forest Classifier 0.8877 0.9270 0.9238 0.9361 0.9298 0.6494 0.6508
Light Gradient Boosting Machine 0.8721 0.9176 0.9072 0.9324 0.9194 0.6098 0.6128
K Neighbors Classifier 0.8436 0.8979 0.8489 0.9517 0.8972 0.5741 0.5912
Gradient Boosting Classifier 0.8269 0.8909 0.8375 0.9411 0.8861 0.5299 0.5462
Ridge Classifier 0.7807 0.0000 0.7815 0.9357 0.8514 0.4448 0.4724
Linear Discriminant Analysis 0.7807 0.8370 0.7815 0.9357 0.8514 0.4448 0.4724
Logistic Regression 0.7820 0.8369 0.7843 0.9346 0.8526 0.4454 0.4721
Ada Boost Classifier 0.7957 0.8416 0.8125 0.9248 0.8649 0.4528 0.4694
SVM - Linear Kernel 0.7587 0.0000 0.7636 0.9238 0.8359 0.3951 0.4220
Decision Tree Classifier 0.7995 0.7212 0.8501 0.8956 0.8722 0.4079 0.4111
Naive Bayes 0.4426 0.7955 0.3186 0.9701 0.4723 0.1376 0.2486
Quadratic Discriminant Analysis 0.4631 0.7387 0.3686 0.9364 0.5016 0.1163 0.2070
Dummy Classifier 0.1947 0.5000 0.0000 0.0000 0.0000 0.0000 0.0000

Table 4. Evaluation metrics of selected ML classifiers for the LBDD and SBDD procedures. AUC - area under the ROC curve,
F1 - F1 score, Kappa - Cohen’s kappa coefficient, MCC - Matthew’s correlation coefficient.

Model Accuracy AUC Recall Precision F1 Kappa MCC
LBDD procedure

Light Gradient Boosting Machine (tuned) 0.9167 0.9617 0.9513 0.9430 0.9470 0.7520 0.7529
Light Gradient Boosting Machine 0.9162 0.9605 0.9539 0.9401 0.9469 0.7484 0.7495
SBDD procedure

Extra Trees Classifier 0.8977 0.9336 0.9361 0.9368 0.9364 0.6741 0.6745
Extra Trees Classifier (the best poses by GScore) 0.8647 0.9141 0.9222 0.9100 0.9159 0.5687 0.5701

comparison was performed with 10-fold cross-
-validation for 14 classifiers (table 3 and table 4).
Extra Trees Classifier was selected as the best
model (SBDD model), further tuning of hyper-
parameters was unsuccessful. Additionally, the
best poses by GScore for each ligand were selected.
Then, they were preprocessed and compared like-
wise but the obtained classifier was worse than the
previous one (table 4).

The selected candidates were compared in
terms of structural similarity with the compo-
unds from the ChEMBL database, calculating the
Tanimoto coefficient for generated fingerprints by
the RDKFingerprint algorithm from RDKit Python
package [35]. Values of pK_ for the strongest basic
atom were calculated by InstantJChem from the
ChemAxon package [36].

Results and discussion
The evaluation of the importance of the LBDD
model features (table 5) showed that descrip-

tors describing the appearance of nitrogen
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atoms and van der Waals volumes are crucial for
5-HT, ligands. When it comes to fingerprints, the
KRFP4853, corresponding to many arylsulfo-
nyl derivates and the KRFP467, corresponding to
secondary nitrogen atoms, are the most important
in the ligand structure. The LBDD procedure allo-
wed for the selection of 1,599 potential candidates
from the Otava database of 195,942 compounds.

As to the SBDD model, the most important
features (table 6) revolved around Phe5.38 and
Ser5.43 residues located in the orthosteric site of
the 5-HT, receptor. This confirmed that interac-
tions with these residues, along with aromatic
interactions with Phe6.51/6.52 and ionic bonds
with Asp3.32 are crucial for ligand binding [27-
30].

The use of multiple docking poses allowed for
improveing parameters of the machine learning
model (table 4); however, it must be taken into
account that potentially inappropriate conforma-
tions of active compounds may be a bias for the
ML model. A possible way to deal with that issue
appears to be the use of a pose filter (accessible

Tom 78 - nr11-2022
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Table 5. Feature importance for the LBDD model (Light Gradient Boosting Machine).

Feature Value Description / SMARTS

VE3_Dzm 39 Logarithmic coefficient sum of the last eigenvector from Barysz matrix / weighted by mass
VR2_Dt 32 Normalized Randic-like eigenvector-based index from detour matrix

MDEC-33 28 Molecular distance edge between all tertiary carbons

minsssN 24 Minimum atom-type E-State: >N-

SpMAD_Dzs 23 Spectral mean absolute deviation from Barysz matrix / weighted by I-state

AATSC2v 22 Average centered Broto-Moreau autocorrelation - lag 2 / weighted by van der Waals volumes
VE3_Dzv 22 Logarithmic coefficient sum of the last eigenvector from Barysz matrix / weighted by van der Waals volumes
maxaaN 21 Maximum atom-type E-State::N:

SssNH 20 Sum of atom-type E-State: -NH-

KRFP4853 20 S(clcceecl)

KRFP467 20 [#1][CH2][NH]['#1]

in the Schrodinger package), which selects poses Table 6. Feature importance for the SBDD model (Extra Trees Classifier).
upon knowledge-based binding criteria. Never-

. > . Per-residue interaction Residue Value
theless, the predicted poses might still be bur-
. . . resA193_vdw Ser5.43 0.034755
dened with error and since the rate of success in
docking novel compounds may be only estimated resA188_vdw Phes.38 0.033314
based on the ability to reproduce the experimen- resA193_dist Ser5.43 0.032987
tal binding pose [37], the method of fast and relia- resAL06_Eint Asp.3.32 0.028502
ble selecting appropriate docking poses should be
. g Pprop &P resA188_Eint Phes.38 0.027725
considered in the future.

Using Dataset B, the evaluation of virtual scre- resA192_Eint Ala.42 0.027599
ening was carried out. Docking results were sorted resA193_Eint Sers.43 0.027246
by GScore values and the SBDD model scores, and resA188_dist Phes.38 0.023902
then virtual screening parameter§ were calculated resAL06. coul Asp3.32 0023262
for both rankings. ML-based scoring improved the

resA192_coul Alas.42 0.022040

ability to identify active compounds compared to
the GScore scoring function (figure 1 and table 7).
A particular improvement was made in early reco-
gnition, where the enrichment factor for 1% of the
dataset (EF1%) increased more than 7-fold.

The LBDD procedure reduced the number of
compounds from 195,942 to 1,599 in the screened
database (compounds with a score greater than
0.9). After docking the selected candidates and
the SBDD model prediction, a group of 20 compo-
unds was selected according to the SBDD model
score (equal to or greater than 0.85) (figure 2 and
table 8). In addition, several of the selected com-
pounds also had a high GScore value (for compa-
rison, for the best 1% Dataset B, the GScore values
range was -9.15 to -10.27).

Among the compounds selected from the Otava
database, the largest group was arylsulfonyloxa-
zole derivatives. Compared to the compounds
from the ChEMBL database, only CHEMBL1714441
(K, = 61 nM) [38] showed a high structural simi-
larity to the selected candidates (Tanimoto coef-
ficient > 0.8). Two of the highest-rated compo-
unds (14 and 15) are non-bases and therefore
they did not form a key ionic bond with Asp3.32.
However, provided that in vitro tests would verify

their activity, there’s a chance to find valuable
novel non-basic chemotypes of the 5-HT, recep-

tor ligands.

The poses obtained in the docking pro-
cess were aligned and the binding mode mostly

10

08

06

0.4

02

0.0

00

06

08 10

Figure 1. ROC plot for virtual screening results of Dataset B, ranked by
the SBDD model scores (blue line) and Glide GScore (green line).
TPR - true positive ratio, FPR - false positive ratio.
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Table 7. Virtual screening parameters for results of Dataset B docking, ranked by the SBDD model scores and
Glide GScore. BEDROC - Boltzman enhanced discrimination of the ROC curve, ROC - area under the ROC
curve, EF - enrichment factor.

Parameter Glide GScore SBDD model (Extra Trees Classifier)
BEDROC,,,1..9 0.208 0.693

ROC 0.74 0.85

EF1% (NEF1%) 6.08 (12.5%) 44.11(90.6%)

EF5% (NEF5%) 3.39(16.9%) 13.25 (66.2%)

EF10% (NEF10%) 3.23(32.3%) 6.93 (69.2%)

corresponded to that described in the literature
[27-30]. The key ionic bond with Asp3.32, the -t
interaction with the Phe6.51/Phe6.52 side chains,
the hydrogen bond acceptor (HBA) moiety near
Asn6.55 and Ser5.43, and an aromatic fragment
near Phe5.38 were present. An example of the bin-
ding method of one of the selected compounds is
presented in figure 3.

Ma et al. in their publication stated that com-
pounds with a basic pK, below 5.2 are probably
LBDD model weak inhibitors of hERG channels [39]. Among
the basic candidates, only compound 13 met this
criterion. Of the 5-HT, receptor ligands with an

1599 candidates

Figure 2. affinity lower than 100 nM, only about 14% have
Scheme of sequential basic pK, lower than 7.0. For comparison, 11 out
virtual screening with SBDD model of 20 candidates had basic pK, lower than 7.0
the number of selected 20 candidates (figure 4 and table 8) and these were compounds

compounds at each step. that had a basic nitrogen atom in the imidazole or

Table 8. Results for selected 20 compounds.

Glide GScore LBDD model SBDD model Smiles Strongest basic pK_
1 -8.74 0.95 0.96 0=5(=0)(clcce2c(c1)0CCO2)clne(-c2ccco2)ocINCCCnlcencl 6.53
2 -9.47 0.90 0.93 Ccleec(S(=0)(=0)c2nc(-c3cceee3)oc2NCCN2CCOCC2)ccl 5.23
3 -7.20 0.93 0.93 CN1CCN(c2ccc(NS(=0)(=0)c3cccac(c3)CCCC4)cc2)CCL 7.82
4 -9.60 0.96 0.92 Cclccc(s(=0)(=o)cznc(—c3ccccc3CI)oc2NCCN2ccoccz)cc1 5.23
5 -9.53 0.96 0.92 0=5(=0)(clccccel)clne(-c2ccccc2Cl)ocINCCCnlcencl 6.53
6 -8.20 0.92 0.92 CC(CNC(=0)clcec(S(=0)(=0)c2cceec2)ol)N1CCCCCL 7.90
7 -8.12 0.91 0.92 Ccleec(S(=0)(=0)c2nc(-c3ccece3)oc2NCCCN2CCOCC2)ccl 6.42
8 -8.95 0.94 0.91 Ccleec(S(=0)(=0)c2nc(-c3cceee3Cl)oc2NCCCN2CCOCC2)ccl 6.41
9 -5.44 0.91 0.89 Celnc(-c2cces2)c(CCC(=0)Nc2cec(N3CCN(C)CC3)cc2)sl 7.86
10 -9.29 0.92 0.88 0=5(=0)(clccceel)elne(-c2cccec2Cl)ocINCCNICCOCCL 5.23
1 -8.57 0.95 0.88 Cclcccccl-clnc(S(=0)(=0)c2ccc(Cl)cc2)c(NCCCN2CCOCC2)ol 6.42
12 -8.33 0.98 0.87 CCN(CC)CCn1c(N)c(S(=0)(=0)c2ccecc2)c2ne(C#N)c(C#N)nc2l 8.51
13 -7.62 0.98 0.86 Ccleec(S(=0)(=0)c2nc(C)sc2NCCN2CCOCC2)ccl 5.03
14 -5.61 0.94 0.86 CC(C)CCNC(=0)clcc(S(=0)(=0)C2CCS(=0)(=0)C2)ccclF -1.63
15 -5.35 0.95 0.86 COC(CNC(=0)clec(S(=0)(=0)C2CCS(=0)(=0)C2)ccclF)oC -1.94
16 -5.19 0.92 0.86 Celnc(-c2cces2)c(CC(=0)Ne2cec(N3CCN(C)CC3)ec2)st 7.86
17 -8.91 0.98 0.85 0=5(=0)(clcceeel)clne(-c2cces2)ocINCCNICCOCCL 5.22
18 -1.14 0.92 0.85 0=C(C1=C(0)C(=0)N(CCCN2CCOCC2)Clclcccol)clec2ccccc20l 6.69
19 -6.80 0.93 0.85 CN(C)CCCNe1nn2c(=0)c3c(-cacec(Cl)ccd)cse3nc2c2cccecl? 8.80
20 -6.74 1.00 0.85 CN1CCC(N(C)c20c(-c3cccee3Cl)nc2S(=0)(=0)c2ccecc2)CCL 7.97

612 Tom 78 -nr11-2022 {8
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Tyr7.43

Val3.33

R cor3.37

Ala5.42

Phe5.38

N\

Figure 3. Comparison of the binding mode of compound 1 (orange) and CHEMBL2165519 (blue). Both compounds formed ionic

bonds with Asp3.32. 2-(furan-2-yl)-1,3-oxazole and 3H,6H,7H,8H,9H-cyclohexa|e]indole moieties are aligned and formed n-n

stacking with Phe6.51. Additionally, arylsulfonyl moieties of both compounds are placed between Asn6.55/Ser5.43 and Phe5.38.

Top view, without ECL2. Side chains of selected residues are displayed.

morpholine ring. High basic pK, can also cause
poor brain penetration connected with low per-
meability and high P-gp (P-glycoprotein) interac-
tion. Therefore, compounds with pK, < 8.0 are tho-
ught to avoid the P-gp-mediated efflux [40]. In our
study, 18 out of 20 compounds met this criterion
(figure 4 and table 8).

Conclusions

The developed procedure allowed us to obtain
new chemotypes of potential 5-HT, receptor
ligands, differing from the existing structures.
Most of the selected compounds were arylsulfo-
nyloxazole derivatives, whereas, in the ChEMBL
database of known ligands, only one compound
had a similar structure. The compounds also had
relatively low pK,, therefore they may have gre-
ater brain penetration and a lower risk to bind
to the hERG channel. Further studies are needed
to verify the potential of these derivatives as
5-HT, receptor ligands.

The use of machine learning allowed for impro-
ving the parameters of virtual screening, com-
pared to the standard scoring function. Additio-
nally, on the basis of the ML model, it was possible

i@~ Tom 78 - nr11-2022
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Figure 4. Histogram of basic pKa values for the 5-HT, receptor ligands

with an affinity lower than 100 nM. Additionally, the basic pK_ values

for candidates were marked (orange dashed lines).

to determine the importance of the interactions
necessary for active compound binding. The SBDD
model confirmed that Phe5.38 and Ser5.43 resi-
dues are the most important in recognizing active
molecules.
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