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ARTICLE INFO ABSTRACT

Keywords: A structural class of forty glycine transporter type 1 (GlyT1) inhibitors, was examined using
QSAR molecular modeling techniques. The quantitative structure-activity relationships (QSAR) tech-
GlyT1

nology confirmed that human GlyT1 activity is strongly and significantly affected by constitu-

SEEAE'TOX tional, geometrical, physicochemical and topological descriptors. ADME-Tox in-silico
DAT pharmacokinetics revealed that L28 and L30 ligands were predicted as non-toxic inhibitors with a

Molecular docking good ADME profile and the highest probability to penetrate the central nervous system (CNS).

MD simulations Molecular docking results indicated that the predicted inhibitors block GlyT1, reacting specif-
ically with Phe319, Phe325, Tyr123, Tyr 124, Arg52, Asp475, Alal17, Ala479, 1le116 and Ile483
amino acids of the dopamine transporter (DAT) membrane protein. These results were qualified
and strengthened using molecular dynamics (MD) study, which affirmed that the established
intermolecular interactions for (L28, L30-DAT protein) complexes remain perfectly stable along
50 ns of MD simulation time. Therefore, they could be strongly recommended as therapeutics in
medicine to improve memory performance.

1. Introduction

About 25% of the worldwide population suffers from neurological disorders, according to the World Health Organization (WHO)
report, published in 2001 [1]. Many of these neurological diseases are the result of memory dysfunctions [2]. The present work aims to
discover successful candidate drugs that can improve memory performance. To achieve this objective, we have processed with the
assistance of molecular modeling techniques, a set of forty pyrrolo [3,4-c]pyrazole and azetidine-based analogs, acting as selective
glycine transporter type 1 (GlyT1) inhibitors, considering that GluT1 is one of the most essential neurotransmitters that control
learning and memory functions [3,4].

Over the last decade, the glycine transporter type 1 (GlyT1) has received enormous interest as it is one of the key constituents of
glycine metabolism in the central nervous system (CNS). Whereas, the amino acid glycine is an excitatory and inhibitory
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neurotransmitter in the vertebrate central nervous system. In the cortex, hippocampus, and thalamus areas, glycine regulates excit-
atory neurotransmission as a mandatory co-agonist at N-methyl-p-aspartate (NMDA) receptors (glycine B sites). Inversely, it acts as an
inhibitory neurotransmitter at strychnine-sensitive glycine receptor ion channels (glycine A sites) mainly present in the brainstem,
cerebellum, and spinal cord [3,5]. Hence, GlyT1 inhibitors have been introduced into the clinic as potent treatments for
obsessive-compulsive disorder (OCD), negative and cognitive symptoms associated with schizophrenia, addiction, depression, and
Parkinson’s disease [3,5,6]. Nowadays, computer-assisted drug design (CADD) based on in silico techniques has gained enormous
importance and has been widely reported in the literature. In this regard, we examined all 40 GlyT1 inhibitors, through the use of
CADD technology, to detect and identify non-toxic, highly effective CNS drug candidates, that will be able to produce highly stable
chemical bonds between these candidate inhibitors of glycine transporter and the membrane protein of drosophila melanogaster
dopamine transporter (DAT), which would be intended to treat memory impairments [7].

In the first stage, we started this task, using quantitative structure-activity relationships (QSAR) as a technique largely applied in
the field of drug discovery, predicting the human GlyT1 activity of 40 pyrrolo [3,4-c]pyrazole and azetidine derivatives, based on two
mathematical QSAR models, which were established thanks to the use of multiple linear regression (MLR) and multiple non-linear
regression (MNLR) respectively, to model the linear and nonlinear relationships between human GlyT1 activity and different types
of molecular descriptors [6,8].

In the second part, we have predicted adsorption, distribution, metabolism, excretion, and toxicity (ADMET) properties for forty
selective inhibitors of glycine transporter type 1, with the aim of discovering qualified drugs with a favorable ADMET profile [9,10].
Subsequently, we have performed the molecular docking study for the predicted ligands that traverse the central nervous system, to
identify the established intermolecular interactions towards the amino acids from DAT protein encoded as 4M48. pdb [11,12].

Lastly, this work has been concluded using molecular dynamics simulations during 50 ns, to verify the stability of (predicted
ligands-protein target) complexes, and monitoring the total free energy variation in Kcal/mol of each complex based on the MM-GBSA
approach [6,13,14].

2. Materials and methods
2.1. Experimental database

The current study includes forty pyrrolo [3,4-c]pyrazole and azetidine-based derivatives (Fig. S1) having human GlyT1 activities
[3,5], that were subsequently expressed on a logarithmic decimal scale (pICso = - log1¢ ICsp), as presented in Table S1.

2.2. Molecular descriptors calculation

To model the quantitative structure-activity relationships (QSAR), various types of molecular descriptors have been calculated as
presented in Table S2. With the help of Gaussian 09 software [15], we have calculated the quantum descriptors, to optimize the 3D
geometries and ensure molecular stability with minimized energies using the density functional theory (DFT) coupled with
B3LYP/6-31 + G (d,p) basis [16,17]. Then, we executed the thermodynamic, topological, and physicochemical descriptors based on
the MM2 technique using the ChemBio3D software [18]. Finally, the constitutional descriptors have been processed through the
ACD/chemsketch software [19].

2.3. Statistical methods

To minimize the size of the molecular descriptors into a reduced number of factorial axes (or principal components), we have
applied the principal component analysis (PCA), as a very important step to identify the most predictive variables that can influence
the biological activity of inhibitors [20]. Thereafter, two statistical methods were performed on the training set (N = 32) to develop a
predictive QSAR model using XLSTAT 2014 software [21]. The first one is the multiple linear regression (MLR) technique, which is
widely used to investigate the linear relationship between the biological activity of pICs, order and the previously calculated molecular
descriptors. The second, is the multiple non-linear regression (MNLR) analysis, which is adapted to examine the nonlinear relationship
established between the inhibitory activity and the calculated descriptors [22]. Next, the MNLR and MLR QSAR models were checked
with external validation for a test set (N = 8) and further evaluated with internal validation using the leave-one-out (LOO) procedure of
the cross-validation (CV) technique. Additionally, the Tropsha and Golbreikh criteria, applicability domain, and the Y-randomization
test were also utilized to evaluate the predictive potential and robustness of the developed QSAR models [23,24].

2.4. In silico pharmacokinetics, drug-likeliness, and ADMET depiction exploration

To obtain a novel medication with high efficiency and less experimental investigation time, it’s mandatory to evaluate their ab-
sorption, distribution, metabolism, excretion, and toxicity (ADMET) properties in the human organism before beginning any clinical
trials, verifying the five rules of Lipinski [25], and respecting the Veber, Ghose, Egan and Muegge violations number of drug candidates
[26-30]. For this purpose, we have predicted in silico pharmacokinetics and ADMET properties of the candidate’s molecules as GlyT1
inhibitors enhancing memory performance, using pkCSM and online SwissADME servers, respectively [31,32].



M. El fadili et al. Heliyon 9 (2023) e13706

2.5. Molecular docking simulation

Molecular docking is an accurate, quick, and successful technology in the field of drug discovery [33]. It is largely applied to
examine the intermolecular interactions established between the candidate drug and the targeted protein. For this goal, we have
extracted the 3D coordinates of the drosophila melanogaster dopamine transporter encoded as 4M48 from the data bank of proteins
(pdb) [34], with a resolution equal to 2.96 A, using the X-ray diffraction method [35]. With the assistance of the Discovery Studio 2021
(BIOVIA) software package [36], we have deleted the water molecules (H,0) and suspended ligands that were bound to the protein,
such as nortriptyline (C19Hz1N), cholesterol (C27H460), chloride and sodium ions (Na+, Cl-). Then, we added the polar hydrogens, to
ensure that the performance of the cavity method is improved [37]. Thereafter, we launched the prepared protein, L28, and L30 li-
gands in AutoDock 4.2 software [38], going from PDB to PDBQT format. With the assistance of the AUTOGRID algorithm, the grid box
dimensions were fixed on (—42.56 A, —0.46 i\, —55.07 A), choosing the 3D-structure sizes on (110, 110, 110) with a spacing of 0.375
A, and running ten genetic algorithms for twenty-five million evals. Lastly, 3D and 2D intermolecular interactions of candidate
drug-targeted protein complexes were visualized with the help of Discovery Studio 2021 (BIOVIA) software [36,37].

2.6. Molecular dynamic

To ensure the intermolecular interactions stability of protein-ligand complexes, we have performed the molecular dynamics
technique during 50 ns using Desmond software, a package of Schrodinger LLC [39]. The output files of molecular docking were
defined as input files of molecular dynamic simulations, which were prepared by Protein Preparation Maestro, which optimizes and
minimizes the pre-treated complexes in the System Builder utilizing a solvent model having an orthorhombic box of transferable
intermolecular interaction potential 3 points (TIP3P) type, and an OPLS-like force field [40]. In addition, the models were neutralized
with the insertion of water molecules and counter ions, where the physiological conditions were reproduced in 0.15 M salts (Na+, Cl-),
under a temperature and pressure of 300 K and 1 atm, respectively. After every 10 ps of evaluation, we recorded the trajectories, and
we examined the stability of the simulations, studying the root mean square deviation (RMSD) for each complex. Thereafter, we have
supervised the root-mean-square fluctuation (RMSF), polar surface area (PSA), solvent accessible surface area (SASA), gyration radius
(Rg), and molecular surface area (MolSA) variations [6]. Lastly, the free energies of the protein-candidate drug interactions were tested
at 50 ns of simulations time, with the help of MM-GBSA technology [41].

3. Results and discussion
3.1. Principal component analysis

To minimize the dimension of molecular descriptors in a reduced number of principal components, we have focused on the cor-
relation matrix given by the principal component analysis (PCA) technique, as one of the most applied multivariate analyses [42]. We
have started this task with a database of 40 molecules and 40 different descriptors as illustrated in Table S2. Then, we reduced this
uncontrollable number of descriptors into 25 uncorrelated descriptors, as the strongly correlated descriptors between them (Pearson
correlation coefficient>0.9) were removed, so to facilitate the development of QSAR mathematical models.

3.2. Experimental database

The present study is intended to develop a mathematical QSAR model between the structural descriptors of human GlyT1 inhibitors
and their biological activities of pICsg order. For this reason, we have worked on an experimental database of forty compounds and
twenty-five uncorrelated descriptors. Then, we based on thousands of randomizations with a ‘stepwise’ option, dividing our statistical
database into training and test sets. The first set contains 80% of global data (32 molecules) taken to establish the QSAR model, and the
second set includes 20% (8 molecules) selected to validate the established model [6,37,43].

3.3. Multiple linear regression

The first QSAR model was constructed for a training set of thirty-two molecules (N = 32) using multiple linear regression (MLR) as a
statistical method capable to evaluate the linear relationship between the molecular descriptors and the inhibitory activity [44]. The

Table 1
The significant weights of the selected descriptors.
Source Value Standard deviation t Pr> |t Lower terminal (95%) Higher terminal (95%)
Constante 3.823 1.307 2.926 0.007 1.137 6.509
MwW 0.010 0.002 5.608 < 0.0001 0.007 0.014
NRB —0.321 0.056 —5.769 < 0.0001 —0.436 —0.207
Log P 0.280 0.095 2.950 0.007 0.085 0.474
TD —0.222 0.105 —2.118 0.044 —0.437 —0.007
PSA 0.045 0.010 4.453 0.000 0.024 0.065
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process was based on the best values of the correlation, determination, and adjustment coefficients (R, R? and Rzadj). So, the optimal
MLR QSAR model was developed in Eq. (1):

pICso = 3.82 + 0.01 x MW —0.32 x NRB + 0.28 x Log P —0.22 x TD + 0.045 x PSA 1

The predictive QSAR model introduces the following selected descriptors: molecular weight (MW), partition coefficient (Log P),
number of rotatable bonds (NRB), polar surface area (PSA), and topological diameter (TD), as included in Table S3.

The slope of each selected descriptor has a probability inferior to 5%, as indicated by the significance test in Table 1. So, the selected
variables have a significant impact on the activity at a confidence interval of 95%. Molecular weight, partition coefficient, and polar
surface area have a positive effect on activity, but the number of rotatable bonds and topological diameter influence it negatively, as
illustrated in Fig. 1. Thus, the compound can be highly active if it’s defined by a small value of TD and NRB and given by higher values
of MW, Log P, and PSA. According to Fisher’s statistical test, the null hypothesis (HO) is rejected because the analysis of variance
(Anova) proves that the critical value: [F (32, 5) = 2.51, p < 0.0001] is much smaller than its calculated value (F = 13.832), as
presented in Table 2. Thus, the dependent variable (pICsp) and the independent variables (5 selected descriptors) are defined by a
homogeneous variance. In addition, the correlation, determination, and adjustment coefficients are equal to R = 0.85, R’ = 0.73, and
R?adj = 0.67, respectively. Which confirms a solid relationship between the inhibitory activity and the molecular descriptors, and a
strong predictive performance of the MLR QSAR model, with a minimal root mean square error (RMSE = 0.297). Consequently, we
conclude that human GlyT1 activity is strongly and significantly correlated with constitutional (MW), physicochemical (Log P),
geometrical (NRB), and topological (PSA and TD) descriptors.

3.4. Multiple non-linear regression

To model the non-linear relationship between the previously selected descriptors and human GlyT1 activity, we have applied the
multiple non-linear regression (MNLR) technique [45], for a training set of thirty-two molecules (N = 32) using the following pro-
grammed function Eq. (2) [6]:

Y=a0+ > (ai x Xi+bi x Xi’) @

i=1

Where, Y: is the predicted activity with MNLR QSAR model, a0: is the constant of the mathematical model, Xi: is the selected
descriptor, ai and bi: are the slopes of each molecular descriptor for 1 and 2°, respectively [6]. Thus, we have obtained the second
QSAR model as presented by Eq. (3):

pICso = - 0.487 + 0.006 x MW - 0.629 x NRB + 0.577 x Log P - 0.477 x TD + 0.232 x PSA + 3.887E-6 x MW"2 + 0.024 x NRB*2-0.055 x
Log PA2 + 0.010 x TD*2-0.001 x PSA"2 3)

This predictive model is qualified by a strong correlation coefficient of R = 0.88, a good determination coefficient (R? = 0.78) and a
low root mean square error (RMSE = 0.296).

In conclusion, the MLR and MNLR QSAR models noted in Equations (1) and (3) respectively, affirm that human GlyT1 activity is
actually affected by five selected descriptors. Where, the weight of active molecule (MW), its lipophilicity in octanol/water solvent
(expressed by the partition coefficient: Log P), and the region of its polar surface area (PSA) have all a positive impact. While, the
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Fig. 1. The impact of molecular descriptors on the biological activity.
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Table 2
Analysis of variance using the fisher test.

Source DDL Total square Mean square F Pr>F
Model 5 6.086 1.217 13.832 <0.0001
Error 26 2.288 0.088

Adjusted total 31 8.374

topological diameter (TD) and the number of rotatable bonds (NRP) have a negative effect on GluT1 activity.

3.5. Validation of predictive QSAR models

3.5.1. Applicability domain

To examine the applicability of quantitative activity-structure relationship models, we have performed the applicability domain
(AD) technology. Using IBM SPSS Statistics 22 software. Based on William’s diagram shown in Fig. 2. The warning leverage (h* = 0.56)
was indicated using Eq. (4) [46]:

=[x @+ 1D/nl(p=5n=32) &)

Where, p: is the number of selected descriptors. n: is the number of molecules in the training set, and 3: is the absolute value limit of the
standardized residuals interval on the Y-axis [47]. We note that all molecules in the training and test sets have a leverage under the
critical leverage value, and they are all placed in the confidence interval of [-3, +3], except two molecules (19 and 29) of the test set,
which are considered as outliers because they have a standardized residual of —4.601 and —3.785, respectively. So, the QSAR model
was correctly predicted, where the outliers were removed and the 38 remaining molecules were successfully examined in the appli-
cability domain [6,43,48].

3.5.2. External validation

To evaluate the reliability of the QSAR predictive model and to ensure its application, it is strictly necessary to validate it on some
novel compounds comprised in the test set using the external validation technique [49]. Based on a training test of thirty-two mol-
ecules, we have tested six new compounds from the test set and we have obtained the results of predicted activities using the linear and
nonlinear regression techniques, as displayed in Table 3.

The first QSAR model, which was developed using the multiple linear regression (MLR) technique, is given by an external vali-
dation correlation coefficient equal to R%ext = 0.867, as presented in Fig. 3, and the second QSAR model, developed by multiple non-
linear regression (MNLR) technique, is defined by an external validation correlation coefficient of R%ext = 0.946, as illustrated in Fig. 4.
Thus, MLR and MNLR QSAR models are externally validated because they are characterized by an external validation correlation
coefficient greater than 0.6.

3.5.3. Internal validation
The leave-one-out procedure (LOO) of the cross-validation technique (CV) was performed to validate internally the developed
QSAR models. For this purpose, we tested each molecule once, with the development of a new mathematical model on thirty-one

@® Training set

0% .0
i ° “. % o @ Testset
.1 @ Je@ °
17 )
CrY ® .
2 ¢ ° —h
-3
21 @29
e 19
-5 — } } } } } ;
0O 01 02 03 04 05 06 07 08 09 1

Fig. 2. William’s diagram of the predictive QSAR models. (Green and red dots display the molecules of training and test sets, respectively. The red
line indicates the warning leverage, and the green lines show the confidence interval of [-3, +3])
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Table 3

The observed and predicted activities of pICso order using MLR and MNLR QSAR models.

Heliyon 9 (2023) e13706

Molecules number Observed pICso Predicted pICso (MLR) Predicted pICso (MNLR)
4 7.638 8.044 7.897
10" 7.796 7.825 7.908
14° 8.222 8.323 8.410
17 7.569 8.017 7.954
18" 7.921 8.069 8.012
317 6.848 7.076 7.200

2 Indicates the test set molecules.

pICs

Pred(pICs) / pICso

Pred(plCs,)

@ Actives @ Validation

Fig. 3. The correlation among the predicted and observed activities using multiple linear regression. (Green and red dots indicate the molecules in

the training and test sets, respectively)
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Fig. 4. The correlation among the predicted and observed activities using multiple nonlinear regression. (Green and red dots indicate the molecules
in the training and test sets, respectively)

compounds (N-1 = 31) and prediction of the inhibitory activity of this tested molecule [50], as resulted in Table 4, this process was
repeated for all training set molecules [46]. Thereafter, we calculated the quadratic coefficient (Q2 cv) of cross-validation using Eq. (5)

[43]:
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Table 4
The observed and predicted activities using MLR, MNLR and CVLOO techniques.
Molecules number Observed pICsg Predicted pICso (MLR) Predicted pICso (MNLR) Predicted pICso (CVLOO)
1 7.824 7.551 7.601 7.541
2 8.097 7.802 7.844 7.780
3 7.638 7.836 7.866 7.856
5 7.921 8.097 7.976 8.128
6 7.770 7.559 7.563 7.528
7 7.638 7.709 7.732 7.721
8 8.000 7.743 7.734 7.704
9 7.420 7.329 7.387 7.325
11 8.000 8.067 8.042 8.105
12 8.155 8.119 8.148 8.105
13 8.000 8.081 7.983 8.114
15 8.398 8.376 8.458 8.370
16 7.538 7.775 7.833 7.824
20 7.108 7.056 6.887 7.047
21 7.161 7.298 7.361 7.307
22 7.745 7.351 7.406 7.318
23 6.678 6.813 6.691 6.833
24 6.979 6.712 6.616 6.645
25 6.947 7.205 7.266 7.267
26 7.678 7.258 7.322 7.156
27 6.356 6.878 6.970 7.027
28 7.699 7.376 7.511 7.233
30 7.260 7.592 7.562 7.650
32 7.481 7.602 7.684 7.625
33 7.678 7.485 7.522 7.418
34 7.721 8.098 7.660 8.259
35 7.569 7.073 7.208 6.944
36 6.201 6.797 6.569 7.075
37 6.658 6.882 6.825 7.019
38 7.367 7.257 7.316 7.230
39 7.585 7.493 7.580 7.473
40 7.824 7.823 7.973 7.823

i(Yabs — Ypred)®
L R — 5)
S (Yobs — Ymean)®

i

Where, Yobs: signifies the observed activity, Ypred: is the predicted activity, and Ymean: presents the average of the observed activities.
Although the obtained value of quadratic coefficient (Q%cv=0.55) is higher than 0.5, the established QSAR model is robust, reliable,
and has a stronger internal predictivity.

3.5.4. Validation using Y-randomization test

Golbraikh and Tropsha’s study argues that the internal predictive accuracy of the quantitative structure-activity relationships
(QSAR) model, explained by a large value of the quadratic coefficient of leave one out cross-validation (CVLOO), has a tendency to be
overestimated and may be the result of a lucky correlation. For this reason, the Y-Randomization test is necessary [6,51]. With the
assistance of java Platform SE binary, we have tested the quality of the established QSAR model running 100 randomizations as

Table 5
Tropsha and Golbraikh conditions to examine the accuracy of generated MLR QSAR model.
Parameter Equation Model score Threshold Comment
R2 _ 2 0.73 >0.6 Accepted
R? —1_ >~ (Yobs Ycal)2 P
>~ (Yobs — Yobs)
R2adj Rladj - (N-1)R?>-p 0.67 >0.6 Accepted
N-p-1
R2test Rltest — 1 3 (Yeal(test) — Y obs(test))? 0.87 >0.6 Accepted
>~ (Yobs(test) — Y obs(train))*
2cy Yeal — Y 2 0.55 >0.5 Accepted
Q Qv =1 > (Yeal obs)2 P
>~ (Yobs — Yobs)
R?rand Average of the 100 R’rand (i) 0.16 <R? Accepted
Q%cv ‘LOO’ rand Average of the 100 Q?cv ‘LOO’ rand (i) —0.30 < Qv Accepted
cR%p 0.65 >0.5 Accepted

cR’p =R x \/R? — (Average Rgpa)*
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resulted in Table S4. The results of the Y-Randomization test indicate that the value of the cR?p criteria is 0.65, which is greater than
0.5. Additionally, the values of correlation, determination, and cross-validation with the leave-one-out procedure coefficients of the
original model are so much higher than the resulting values for all one hundred randomizations. As a consequence, the human GlyT1
activities as predicted by the originally designed model are not due to random chance [6].

3.5.5. Statistical criteria of golbreikh and Tropsha’s study
The predictive MLR QSAR model given in Equation (1), successfully meets the postulated threshold conditions of Tropsha and
Golbraikh’s theory, as illustrated in the following Table 5.

3.6. In silico pharmacokinetics ADMET prediction

In the beginning, we predicted the human GlyT1 inhibitors using BOILED-Egg as an accurate predictive model, very practical in
medicinal chemistry to discover the candidate drugs as presented in Fig. 5. We have noted that 28 and 30 molecules in blue are part of
the yellow Egan-egg, so they are predicted as inhibitors with the greatest ability to cross the blood-brain barrier (BBB) and predicted to
be effluated from the central nervous system (CNS) by the P-glycoprotein. Thus, 24 molecules and the nortriptyline as a co-crystallized
ligand bound to the membrane protein of dopamine transporter (DAT), as colored in red, are also part of yellow Egan-egg, but they are
predicted not to be effluated from the central nervous system (CNS) by the P-glycoprotein. In contrast, the compounds that are part of
the white Egan-egg, are predicted as molecules passively absorbed by the gastrointestinal tract [52]. At the second stage, we have
predicted the nortriptyline as a co-crystallized ligand compared to 28 and 30 inhibitors which are considered as candidate inhibitors
able to penetrate the blood-brain barrier (BBB) and evacuated from the central nervous system (CNS) by the P-glycoprotein in the basis
of Lipinski, Egan, Veber, Ghose, and Muegge rules, as shown in Table 6. Thus, we have noted that these candidate drugs respect all
Lipinski rules like as: MW < 500, 40< MR < 130, NRB<10, Log P(octanol/water) < 5, HBA<10, and HBD<5 [43]. Additionally, they
satisfy Veber, Egan, Ghose, and Muegge regulations [53]. In the last step, we studied the pharmacokinetic properties of adsorption,
distribution, metabolism, excretion, and toxicity (ADME-Tox) of the candidate molecules. Which were compared to the obtained
results for nortriptyline, as resulted in Table 7. We have noticed that L28 and L30 ligands have an excellent human intestinal ab-
sorption (HIA superior than 96%), good distribution because they are defined by the human distribution volumes higher than —0.44
Log L/kg, and characterized by a BBB and CNC permeability values greater than —1 Log BB and included in (-2 to —3) Log PS,
respectively. So, they are well permeable to the blood-brain barrier (BBB) and the central nervous system (CNS). Moreover, they are all
predicted as potent inhibitors of 2C9, 2C19 and 3A4 cytochromes. Then, they present a total clearance of 0.563 and 0.711 Log
ml/min/kg respectively, without any toxicity on the human body. Therefore, we have concluded that L28 and L30 ligands are suc-
cessfully predicted as not toxic inhibitors of 2C9, 2C19, and 3A4 cytochromes, respecting Lipinski, Veber, Egan, Ghose, and Muegge
rules, and they are estimated to penetrate the blood-brain barrier (BBB) with the highest probability. So, they are designed as powerful
central nervous system (CNS) agents.

°p @ BBB
]
HIA
8 0 PGP+
%8 8§
°o 39 8 Q 0 PGP—
o 8000
o @g 0°
Nortriptyline 280
240 o
-]

Fig. 5. BOILED-Egg model of nortriptyline and forty pyrrolo [3,4-c]pyrazole and azetidine derivatives. (BBB: blood-brain barrier; HIA: human
intestinal absorption; PGP: P-glycoprotein).



Table 6

Prediction of physico-chemical parameters of 128, L30, and nortriptyline ligands based on Lipinski, Egan, Veber, Ghose, and Muegge regulations.
Ligands Physical and chemical properties Lipinski Veber Egan Ghose Muegge

b iolati iolati iolati iolati iolati
number Molecular weight Molar refractive ~ Rotatable bonds Log P (Octanol/  Hydrogen H-bond donors viofations viotations viotations viotations viofations
(g/mol) index Number Water) Bond Number
acceptors

Threshold MW < 500 40< MR < 130 <10 <5 <10 <5 Yes/No Yes/No Yes/No Yes/No Yes/No
L28 448.47 124.97 4 3.35 6 0 Yes Yes Yes Yes Yes
L30 423.44 120.78 4 3.23 5 0 Yes Yes Yes Yes Yes
Nortriptyline 263.38 86.06 3 3.22 1 1 Yes Yes Yes Yes No

0 3 pof 11 W
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Table 7
ADMET-Tox pharmacokinetic properties of L28, L30, and Nortriptyline ligands.
Absorption Distribution Metabolism Excretion Toxicity
Ligands Intestinal Absorption VDss (human) BBB CNS Substrate Inhibitor Total Clearance AMES toxicity
number (human) permeability permeability P
2D6 3A4 1A2 2C19 2C9 2D6 3A4
Numeric (% Absorbed) Numeric (Log L/ Numeric (Log Numeric (Log Categorical (Yes/No) Numeric (Log ml/min/ Categorical (Yes/
kg) BB) PS) kg) No)
L28 96.007 0.234 —0.818 —2.839 No Yes No Yes Yes No Yes 0.563 Not toxic
L30 98.673 0.219 —0.353 —1.865 No Yes Yes Yes Yes No Yes 0.711 Not toxic
Nortriptyline 97.482 1.575 0.808 -1.196 No Yes Yes No No Yes No 0.929 Not toxic

0 3 pof 11 W
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3.7. Molecular docking

Although L28 and L30 ligands are engineered as potent inhibitors with a favorable ADMET profile, thus we have studied their
intermolecular interactions towards the drosophila melanogaster dopamine transporter (DAT) of 4M48. pdb code, as a transmembrane
protein able to extract the neurotransmitter dopamine out of the synaptic cleft and transfer it into the cytosol of neighboring cells [6,
54-56]. The molecular docking simulations of (L28, L30-protein) complexes were done in the active sites of tricyclic antidepressant
nortriptyline (as co-crystallized ligand linked to the targeted protein in his A-chain) which resulted from the ProteinsPlus online server
[57], like Tyr124 A, Phe325 A, and Phe43 A amino acids, as presented in Fig. 6.

The molecular docking results presented in Fig. 7, indicate that L28 and L30 ligands have several common intermolecular in-
teractions such as: Two stacked Pi-Pi chemical bonds, established between Phe325 and Phe319 amino acids of the targeted protein and
the candidate drugs. A common Pi-Sigma chemical bond was formed between the candidate drugs and Ile116 amino acid with a
nuclear distance of 5.91 A. Three Pi-Alkyl chemical bonds were produced with Ala479, 1le483, and Alal17 amino acids of the
responsible protein. A common bond of attractive charge with the nitrogen atom was created with Asp475 amino acid. Additionally,
we note that the 128 ligand formed at 6.44 A a bond of Alkyl type towards Tyr124 amino acid. And created for each one of its two
fluorine atoms, a hydrogen bond with Tyr123 amino acid, rendering the L28-protein complex more stable. Also, the L30-protein
complex was stabilized via the formation of a hydrogen bond between the candidate drug and the Arg52 amino acid of the tar-
geted protein. Therefore, we conclude that Phe325, Phe319, Ile116, Ala479, 11e483, Alal17, Asp475, Tyrl24, Tyr123, and Arg52
amino acids are the responsible sites of human glycine transporter type one (GLUT1) inhibitory activities to improve memory
performance.

3.8. Docking validation protocol

The efficiency and accuracy of the molecular docking algorithms were examined through the re-docking method, based on the
superposition of the co-crystallized ligand on the docked nortriptyline ligand. The overlay results shown in Fig. 8C, reflects a root mean
square deviation (RMSD) of 0.552 f\, which is inferior than 2 10\, so the prediction pose is precise and accurate. In addition, 2D and 3D
intermolecular interactions, successively presented in Fig. 8A and B, reveal that docked nortriptyline ligand of cyan color, reacts to
Tyr124 and Phe43 amino acids, which are the same sites as those experimentally produced. As a result, the docking validation protocol
was successfully examined [6,37,58].

3.9. Molecular dynamic simulation
To examine the stability of intermolecular interactions, produced between L28 and L30 candidate drugs and the targeted protein

encoded as 4M48. pdb, we have performed the molecular dynamics simulations of these two complexes during 50 ns [6,14].
The results of dynamic conformational changes of (the L28-DAT protein) complex shown in Fig. 9A, illustrate that protein root

Alad79A
Val120A

Phe325A

Fig. 6. The active sites of co-crystalized ligand bound to 4M48. pdb protein in A-chain.
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Fig. 7. 2D (left) and 3D (right) inter-molecular interactions, produced between L28 and L30 ligands and DAT protein of 4M48. pdb code with
binding energies of —8.72 kcal/mol and —8.70 kcal/mol, respectively. (The left colored rectangles show all types of intermolecular interactions,
produced between the candidate ligands and the target protein, while the right key show the donor and acceptor effects in the studied complexes).

Donor

mean square deviation (RMSD) in the left Y-axis. Fluctuates around the mean thermal structure during 50 ns of simulation time,
because deviation changes in the range of 1-3 A are acceptable for small globular proteins. Thus, the simulation was well-balanced. In
addition, the evolution of the ligand RMSD in the right Y-axis through the heavy atoms, reveals the ligand stability with respect to the
protein targets, when the studied complex was first aligned with the reference protein backbone, as the observed values of ligand
RMSDs are nearly the same as the protein RMSDs values. Thus, the ligand had not diffused away of its primary binding site. Moreover,
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VAL120 TYR124

Interactions

D van der Waals -
- Conventional Hydrogen Bond D Alkyl

D Carbon Hydrogen Bond Pi-Alkyl

- Pi-Sigma

Pi-Pi T-shaped

Fig. 8. 2D (A) and 3D (B) visualization of intermolecular interactions created between the docked nortriptyline and 4M48. pdb protein with a
binding energy of —8.36 kcal/mol, and re-docking pose (c) defined by a RMSD value of 0.552 A (docked nortriptyline in cyan and co-crystallized
nortriptyline colored by the atomic elements). (The key-colored rectangles show all types of intermolecular interactions, produced between the
nortriptyline and the target protein)

the evolution of the root mean square fluctuation (RMSF) was also controlled to investigate the influence of ligand binding on the
internal dynamics of DAT protein over 50 ns, in which C- and N-terminal tails tend to fluctuate more than any other protein part.
Similarly, alpha helices and beta strands as secondary structure elements are generally more rigorously rigid than the non-structured
protein part, so they fluctuate considerably less than the buckle regions. Just one oscillation of 3.7 A, has been detected in the buckle
region of the residue 390. In contrast, all other fluctuations were inferior to 3 A, as noted in Fig. 9B, which indicates the absence of a
conformational change of the protein caused by its binding towards the ligand, and the stability of the produced complex. The values of
gyration radiuses (-Gyr) have oscillated in a relatively short range of 4.40-5.35 A along the simulation time, as noticed in Fig. 9C,
which reveals a few conformational changes in the compactness of the L28 ligand, so the DAT protein has an acceptable flexibility after
being bound to the candidate drug. Also, the evolution of solvent accessible surface area (SASA), was done to evaluate the solvent
accessibility of (L28-DAT protein) complex over 50 ns of simulation time, as we have recorded a minimal oscillation, included between
20 and 90 A2, which demonstrates that the drug structure was approximately unchanged during the simulation process. Moreover, the
molecular surface area (MolSA) associated with a Van Der Waals surface was calculated with a probe radius of 1.4 108, has been
fluctuated between 400 and 430 A2, Furthermore, we have noticed that the polar surface area (PSA) which is mainly influenced by
nitrogen and oxygen atoms, changes between 75 and 145 A2, with some very small maximum and minimum fluctuations. Eventually,
the graph of total energy, obtained using the MM-GBSA approach, displays some minimal oscillations around the mean of —58.360388
kcal.mol-1, which are progressively stabilized from 25 ns until the end of the simulation as displayed in Fig. 9D.

Regarding the second complex, we noticed that the DAT protein was also characterized by a root mean square deviation (RMSD)
included between 1 and 3 A, where the observed values of the ligand RMSD oscillate in parallel with those of the protein RMSD, as
presented in Fig. 10A. So, the simulation was well equilibrated for the (L30-DAT protein) complex, and the candidate drug had not
diffused away from its primary link site. Additionally, the graph of root mean square fluctuations (RMSFs), indicates only two
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fluctuations greater than 3 A. The first one was recorded at 4.6 A for residue 230, and the second one was detected at 4.7 A for residue
480, as shown in Fig. 10B, indicating that the DAT protein binds to the drug with extremely small conformational changes. Subse-
quently, we have monitored the evolution of gyration radiuses (r-Gyr), solvent accessible surface area (SASA), molecular surface area
(MolSA), and polar surface area (PSA) properties, which are generally subject to very small fluctuations as displayed in Fig. 10C. So,
the drug structure remained approximately unchanged during 50 ns of simulation time, and the DAT protein has an agreeable flex-
ibility during its interaction with the L30 candidate drug. Finally, the total energy graph of the (L30-DAT protein) complex, given with
the assistance of the MM-GBSA approach, displays slight fluctuations about the mean of —61.193294 kcal.mol-1, as shown in Fig. 10D,
which means that the complex remains very stable over the simulation time.

Consequently, we conclude that intermolecular interactions produced in the (DAT protein-L28, and L30 ligands) complexes are
dynamically more stable because their studied properties remained in equilibrium throughout the MD simulation. Moreover, they
present similar stability compared to MD calculations of nortriptyline as a positive control molecule crystallized to the DAT protein
complex. Where the RMSD values do exceed not 3 A, and RMSF values display just negligible fluctuations. Furthermore, the variation
of free energies obtained with the use of MM-GBSA approach remains stable during the molecular dynamics simulation time, as
displayed in Fig. 11.

4. Conclusion

An in silico investigation was performed for forty pyrrolo [3,4-c]pyrazole and azetidine-based derivatives, to discover an effective
drug for enhancing human memory performance. In the beginning, two predictive QSAR models were developed using MNLR and MLR
techniques and were successfully validated by internal and external validation, Y-randomization test, applicability domain, Tropsha,
and Golbreikh criteria, indicating that MW, Log P, NRB, PSA, and TD descriptors have a key function in the human glycine transporter
type one (GlyT1) activity. Afterward, a pharmacoinformatic-based approach revealed that 1.28 and L30 ligands were predicted as non-
toxic inhibitors of 2C9, 2C19, and 3A4 cytochromes, with a desirable ADMET profile, meeting the rules of Lipinski, Egan Veber,
Muegge, and Ghose. So, they are designed as candidate drugs, most likely to penetrate the central nervous system (CNS). For this
reason, they were specially selected for molecular docking simulation, which revealed that they react with Phe319, Phe325, Tyr123,
Tyr 124, Arg52, Asp475, Alal17, Ala479, 1le116, and [1e483 amino acids of a membrane protein from the dopamine transporter (DAT)
of 4M48. pdb code. Finally, the stability of intermolecular interactions produced between the candidate drugs and the targeted protein
was successfully examined through the molecular dynamics technique along 50 ns of simulation time. Therefore, L28 and L30 drugs
could be safely and securely applicable as therapeutics in medicine to enhance human memory performance.
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