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Abstract: This work reports on a complex in silico assessment of the ADME properties of Salubrinal
(S1) and 54 of its structural analogues containing a cinnamic acid residue (§2-540) or a quinoline
ring (S41-S55). In the work for (Q)SAR forecast, the online servers SwissADME, ADMETlab, admet-
SAR 2.0, Molinspiration, ALOGPS 2.1, pkCSM, SuperCYPsPred, and Vienna LiverTox were used.
In addition, using AutoDock Vina, molecular docking studies were performed with transporter
proteins and metabolic enzymes, which were intended to interact with the test compounds. In silico
assessment of the ability of the S1-S55 compounds to be absorbed in the intestine was carried out
using the SAR classification models implemented in these servers, as well as on the basis of two
empirical rules—Lipinski’s and Veber’s. Most of the studied compounds had moderate lipophilicity
(MLogP < 4.15) and a polar surface area of less than 140 A2. They complied with Lipinski’s and
Veber’s rules, and are predicted to have good intestinal absorption. In silico analysis of the distri-
bution of the S1-S55 compounds throughout the body, the volume of distribution at steady-state
(V4ss), the ability to bind to blood plasma proteins and cross the blood-brain barrier (BBB) were
taken into account. Most compounds are predicted to have low or medium V44 and the ability to
cross the BBB. Molecular docking studies were carried out with the structures most important for
drug binding of blood plasma proteins, human serum albumin (HSA), and alpha-1-acid glycoprotein
(AGP). The studies showed that these substances can effectively bind to blood plasma proteins.
When assessing metabolism, the prediction of inhibitory and substrate activity to cytochromes P450
(CYP1A2, CYP2C9, CYP2C19, CYP2D6, and CYP3A4) was carried out. For most of these enzymes,
the analyzed compounds are likely to be potential inhibitors, as indicated by the molecular docking
data. For all studied compounds, a low total clearance (CLt. <5 mL/min/kg) and a half-life time
(T1/2 < 3 h) are predicted.

Keywords: salubrinal; (Q)SAR; molecular docking; human serum albumin; alpha-1-acid glycoprotein;
cytochrome P450

1. Introduction

The development of new highly effective and safe drugs is one of the most important
and urgent tasks of modern pharmaceutical science. Among the obstacles standing in
the way of modern pharmaceutical research and development, the main ones are their
high cost [1-3] and huge financial risks [4]. Large pharmaceutical companies are forced to
invest billions of dollars in new drug development projects. Usually, such projects have
extremely low chances of success, and the likelihood that the developed drug will enter
the pharmaceutical market and make a profit is very small [1,4]. The balance between risk
and reward has been and remains a major problem in the pharmaceutical industry [4].
The inability of a new drug to enter the pharmaceutical market is usually associated with
efficacy and safety issues, which are in part due to absorption, distribution, metabolism,
excretion (ADME) properties, and toxic (side) effects [5,6]. Modern methods for assessing
ADME/T properties are very expensive, time-consuming, and labor-intensive [6,7]. Usually,
such studies require a large number of tests on animals [8], which, especially at the initial
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stages, is not justified from an ethical and economic point of view [9-11]. The solution
to these problems can be seen in the application of rational drug design methods using
modern computing resources [12-14].

At the moment, a large number of QSAR/SAR models have been developed [15], and
special programs (online servers) based on them [16,17] allow highly accurate predictions
of the ADME/T properties of chemical compounds. The use of in silico experiments
at the initial stages of drug development makes it possible to screen out most of the
candidate compounds with unfavorable properties even before the start of in vivo and
in vitro tests [12,13]. This can significantly reduce financial investments, time, and labor
costs, and also saves the lives of millions of laboratory animals [18,19]. The main goal of
this work is a comprehensive in silico assessment of the ADME properties of Salubrinal
and a number of its structural analogues.

Salubrinal slows down the synthesis of proteins in the cell and thereby helps it to get
out of the state of stress of the endoplasmic reticulum [20]. The stress of the endoplasmic
reticulum is a molecular pathological process. It is observed during functional overload
of the ER caused by the accumulation of a large number of unfolded or incorrectly folded
proteins [21]. This process poses a threat to the cell, can lead to its death through the
apoptosis system [22], and underlies many serious diseases [23-27]. The mechanism of
action of Salubrinal is associated with inhibition of the holoenzyme complex GADD34:PP1,
which, by dephosphorylation, activates one of the key participants in protein synthesis,
eukaryotic translation initiation factor 2o (elF2«) [28]. It is elF2« that triggers the synthesis
of the peptide chain, facilitating the binding of the 40S-subunit of the ribosome with
tRNAjmet. As a result, the ribosome recognizes the mRNA start codon and begins protein
synthesis [29]. Thus, Salubrinal reduces the intensity of protein synthesis processes, thereby
facilitating the release of a cell from a state of stress and, literally, saves its life.

For the first time, the cytoprotective activity of Salubrinal was reported by M. Boyce et al.
in 2005 [28]. Since then, this drug has been intensively used in biomedical research to study
ER stress [20,30-32]. There are a large number of works devoted to the practical use of
this drug, which show its promise in the treatment of diseases of the central nervous sys-
tem [33-37], liver [38,39], urinary organs [32,40-42], cardiovascular [43-45] and endocrine
systems [46,47], disorders associated with the integrity of bone tissues [48-50] and other
diseases [20,51]. Salubrinal directly exhibits antitumor activity [52,53] and also reduces the
resistance of tumor cells to other chemotherapeutic agents [54-56]. This drug has shown
promising results in combination therapy for malignant tumors [57-60]. There are several
studies devoted to the search for analogues of this drug (Figure 1) [61-64] and the study of
its toxicity [65].

Information regarding the ADME properties of Salubrinal is scarce and scattered. It
can be argued with confidence that this drug and some of its analogues are capable of
being absorbed from the gastrointestinal tract (GIT) into the systemic circulation after intra-
abdominal injection in experimental animals [23,61,63]. In addition, Salubrinal appears to
cross the blood-brain [23,36,66—-68] and ophthalmic barriers [69]. In this work, using open
access online servers [16], we have performed in silico prediction of the ADME properties
of Salubrinal and 54 of its structural analogues containing a cinnamic acid residue (S2-S40)
or a quinoline ring (S41-S55) (Figure 2). Molecular docking studies have been carried out
with transporter proteins and metabolic enzymes that are intended to interact with the
studied compounds [70].
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Figure 1. The structure of Salubinal and some of its analogues [28,61-63].
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Figure 2. Structures of the studied Salubrinal analogues containing a cinnamic acid residue (S2-540)
or a quinoline ring (S41-S55).

2. Materials and Methods

The structures of the S1-S55 compounds for in silico studies were taken from the
SciFinder database (Tables S1 and S2). Before predicting ADME properties, the structures
of all compounds were preliminarily converted to SMILE format using the OpenBabel
2.3.1 program [71]. The open online servers SwissADME [72], ADMETlIab [73], admetSAR
2.0 [74,75], Molinspiration [76], ALOGPS 2.1 [77], pkCSM [78], SuperCYPsPred [79] and
Vienna LiverTox [80] were used for prediction (Table S3). Molecular docking studies with
transporter proteins and metabolic enzymes of the P450 family (CYP) were carried out
at AutoDock Vina [81] based on the PyRx 0.8 platform. The Chimera 1.14 program was
used to prepare the structures of protein molecules for docking [82]. Before docking, the
structures of the studied compounds §1-5855 and reference drugs were optimized in the
ArgusLab 4.0.1 software package [83-87] using the semi-empirical PM3 method [88]. The
structural features of Salubrinal and its structural analogues were discussed earlier in [64].
The molecular docking results were visualized in PyMOL 0.991rc6 [89].
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2.1. Absorption

In silico assessment of the ability of the studied compounds to be absorbed in the
intestine was carried out using the web servers ADMETLab [73], admetSAR 2.0 [74,75]
and SwissADME [72], as well as on the basis of two empirical rules—Lipinski’s [90] and
Veber’s [91] (Table S4).

The HIA forecastin ADMETLab is based on the N.-N. Wang and co-authors’ model [92]
constructed using a modified random forest (RF) approach [93] from a dataset of 970 com-
pounds. For forecasting HIA, admetSAR 2.0 uses the model of ]. Shen and co-authors [94],
which is built using an approach based on the recognition of the substructure image
followed by the use of the support vector machine (SVM) algorithm [93]. SwissADME
predicts intestinal absorption of small molecules using the BOILED-Egg method (Brain or
IntestinaL. EstimateD), which is based on the calculation of parameters such as lipophilicity
index (WLOGP) and polar surface area (TPSA) [95]. All forecast results obtained by the
above methods have categorical values. ADMETLab and admetSAR 2.0 provide predicted
probabilities for the results (+ or —). For ADMETLab these values must be higher than 0.5,
otherwise, the result belongs to a different category, and for admetSAR 2.0 they have a value
from 0 to 1. SwissADME does not provide a probability value, but only a category—High
or Low.

According to Lipinski’s rule (rule of 5, Ro 5), a substance will be well absorbed in
the intestine, provided that it has a molecular weight (M,y) of less than 500 a.m.u., less
than five hydrogen bond donors (N1 pond donors), l€ss than ten hydrogen acceptors bonds
(NH bond acceptors) and the calculated CLOGP value [96] is less than five (for MLOGP [96] it
is less than 4.15) [90]. If a substance does not meet two or more criteria, its absorption in the
intestine will be low. Veber’s rule takes into account only two parameters: the number of
bonds, around which free rotation is possible (N, ponds), and the polar surface area (PSA).
For poor oral bioavailability, Nyt ponds must be over 10, and PSA must be over 140 A2,
Calculation of parameters such as My, NH bond donors NH bond acceptors, and Nyot. bonds Were
carried out using the online server Molinspiration [76]. Various methods and approaches
were used to calculate LogP and PSA (see Sections 2.1.1 and 2.1.2).

In addition, the ability of drugs to be absorbed in the intestine can be significantly
influenced by the transmembrane efflux transporter, P-glycoprotein (P-gp) [97]. The struc-
tures of the S1-S55 compounds were analyzed in silico for substrate and inhibitory activity
towards this transporter.

2.1.1. Calculation of the Lipophilicity Coefficient (LogP)

Since at the moment there are no experimental data on the value of the lipophilicity
coefficient of Salubrinal and its analogues, we used various calculation methods to de-
termine it. In this case, only the MLOGP value was taken into account as a parameter
for assessing the analyzed structures for compliance with Ro 5 [90]. The LogP values
obtained by other methods were used solely for comparative assessment (Table S5). We
used substructure-based methods, which conditionally cut the structure of a molecule
into separate atoms (atom-based methods) or fragments (fragmental methods). The final
LogP value was calculated as the sum of the contributions of each atom or fragment [96].
Among the atom-based methods, we used the original Ghose-Crippen (ALOGP) [98] and
its modification (WLOGP) [99], as well as the method developed by the Shanghai Institute
of Organic Chemistry at the Chinese Academy of Sciences (XLOGP3) [100]. Among the
fragmental methods, we used the approach implemented in Molinspiration (miLOGP) [96].
To calculate the LogP, we also used property-based methods. Two methods are based on
topological descriptors—the Moriguchi method (MLogP) [101,102] and the method devel-
oped by Tetko et al. (ALOGPs) [96,103]. One more method, based on the GB/SA approach
(Generalized Born (GB) model augmented with the hydrophobic solvent accessible surface
area (SA)), was developed by A. Daina et al. (ILOGP) [104]. We also used the hybrid
fragmental / topological method proposed by SILICOS-IT. In addition, we calculated the
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consensus LogP value obtained as the arithmetic mean of all LogP values obtained by the
above methods.

The calculation of LogP by the above methods was carried out using the web servers
admetSAR 2.0, ADMETLab, SwissADME, Molinspiration, and ALOGPS 2.1. ADMETLab
and admetSAR 2.0 use the Ghose-Crippen method for calculation and, as a result, give
the identical ALOGP values. SwissADME calculates LogP using five different methods
and, as a result, gives the iLOGP, XLOGP3, WLOGP, MLOGP values, and the LogP value
calculated in program Filter-it™ using a method developed by SILICOS-IT. Molinspiration
and ALOGPS 2.1 use their methods to calculate LogP and give the miLOGP and ALOGPs
values, respectively.

2.1.2. Calculating the Polar Surface Area (PSA)

The polar surface area (PSA) of a molecule is the surface that belongs to polar atoms. To
calculate it, we used 2D PSA /TPSA (topological PSA) and 3D PSA approach (Table S6). The
TPSA calculation method is based on the summation of the tabulated surface contributions
of polar fragments [105]. We used Molinspiration and SwissADME to calculate the TPSA.
Molinspiration considers only nitrogen and oxygen atoms as polar atoms, taking into
account the adjacent hydrogen atoms. SwissADME also takes into account sulfur atoms
and -SH groups [106]. The 3D PSA was calculated by a static method based on atomic Van
der Waals radii [107] using the PyMOL 0.99rc6 program [89]. Three different 3D PSA values
were obtained for all studied compounds. In the first case, the atoms of N and O were taken
into account, in the second—N, O, and S, and in the third, for comparison, the total area of
the polar surface of the molecule (total PSA) was calculated. In all cases, adjacent hydrogen
atoms were taken into account. For the calculation, we used the following commands [108]:

set dot_density, 4

set dot_solvent, off

get_area elem N + O or get_area elem N + O + S or get_area all.

2.1.3. Interaction with P-glycoprotein (P-gp)

P-glycoprotein (P-gp, ABCB1) belongs to the superfamily of transmembrane trans-
porters ABC [109]. It is concentrated in the cells of most of the body’s biological barriers
(small intestine, blood-brain barrier, liver, and kidneys). P-gp is an efflux transporter and is
able to remove drugs from the cell, thus affecting their intestinal absorption [109,110]. For
structures S1-S55, the ability to inhibit P-gp or act as a substrate for it was predicted. The
forecast was carried out using the online servers ADMETIab, admetSAR 2.0, and Vienna
LiverTox (Table S7).

The prognosis of inhibitory activity in ADMETlab and admetSAR 2.0 was based on
models built using data from F. Broccatelli et al. [111] and L. Chen et al. [112]. The F.
Broccatelli’s database includes 1275 compounds (666 P-gp inhibitors and 609 P-gp non-
inhibitors), and the L. Chen’s database includes 1273 compounds (797 Pgp inhibitors and
476 Pgp non-inhibitors). The final model in ADMETLab was built using an extended-
connectivity fingerprint of diameter 4 (ECFP4) [113], and in admetSAR 2.0, using Atom-
Pairs [113]. In both cases, the SVM algorithm was used to construct the model [93]. Sub-
strate activity was predicted by the ADMETIab online server based on a model created
using data from Z. Wang et al. [114] and D. Li et al. [115]. Z. Wang’s work includes 332 com-
pounds (127 P-gp substrates and 205 P-gp non-substrates), and D. Li’s work includes
933 compounds (448 P-gp substrates and 485 P-gp non-substrates). The SVM algorithm and
ECFP4 fingerprints were used to build the model. To predict substrate activity, admetSAR
2.0 used a model based on data from [114,115]. The resulting classification model contains
718 P-gp substrates and 847 P-gp non-substrates. To construct the model, the SVM algo-
rithm [93] and Morgan fingerprints [116] were used. The prognosis of inhibitory activity in
Vienna LiverTox is based on the model constructed from data by F. Broccatelli et al. [111],
and the substrate activity is based on the work of G. Szakacs et al. [117], which includes
48 known substrates.
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For the structures of all studied compounds, molecular docking studies were carried
out with the cryo-EM P-gp structure in the inward-facing conformation (Table S7). The
P-gp structure was downloaded from the Protein Data Bank, PDB ID 6QEX [118]. For
molecular docking, molecules of all non-protein components were previously removed
from 6QEX: taxol (TA 11320), 1,2-diacyl-SN-glycero-3-phosphoethanolamine (3PE 1321,
1322), 2-acetamido-2-deoxy-beta-D-glucopyranose (NAG 1301-1303), cholesterol (CLR
1304-1319). In addition, chains B and C of the antigen-binding fragment (Fab) of the
inhibitory antibody UIC2 were removed from 6QEX. Hydrogen atoms were added to the
P-gp structure before molecular docking. All the above operations to prepare the protein
structure were performed using the Chimera 1.14 program [82]. During molecular docking,
the docking site on the protein target was determined by creating a grid with dimensions
of 25.0 x 25.0 x 25.0 A. The grid was centered on amino acids Ile 306, Ile 340, Phe 343, Phe
728, Val 982 [119], center coordinates—X: 174.4, Y: 168.7, Z: 157.2 A.

2.2. Distribution

In silico analysis of the distribution of the studied compounds throughout the body,
the volume of distribution parameter, the ability to bind to blood plasma proteins and cross
the blood-brain barrier were taken into account (Table S8).

2.2.1. Volume of Distribution

The volume of distribution (apparent volume of distribution, V) is a hypothetical
volume of fluid, in which an injected amount of a drug could be distributed to create a
concentration corresponding to that in blood plasma [120]. To predict this parameter, we
used the online servers ADMETLab and pkCSM. Both servers calculate the volume of
distribution at steady-state (V4ss), which is the most significant among similar parameters
in drug development [121]. ADMETLab and pkCSM use a predictive model built using
the RF method based on the database by R.S. Obach and co-authors’ containing informa-
tion on the pharmacokinetic parameters of 670 drugs [122]. According to the prediction
results, ADMETLab and pkCSM gave the values of the decimal logarithm of V4, for
the convenience of interpretation, the obtained values were extracted from the lagorithm
function. When interpreting the results obtained, a V44 value less than the total body water
content (0.6 L/kg) was considered low, V4 from 0.6 to 5.0 L/kg—moderate, and more
than 5.0 L/kg—high [121].

2.2.2. Blood Plasma Protein Binding

The ability of a substance to bind to blood plasma proteins is one of the key factors
determining its pharmacokinetics [123,124]. In silico evaluation of this property for the
$1-S55 compounds was carried out using the online servers ADMETLab and admetSAR
2.0. The forecast in ADMETLab is based on a database of 1822 compounds collected by
developers from literary sources [125-128] and the DrugBank database [129]. admetSAR 2.0
uses the model of L. Sun’s et al., [130] which was built using the random forest method and
contains 1209 compounds. Both online servers provide the prediction result as a percentage
of the protein-bound drug fraction (f,,%).

Among the large number of different blood plasma proteins involved in drug bind-
ing, human serum albumin (HSA) and alpha-1-acid glycoprotein (AGP) play a primary
role [131]. We have carried out molecular docking studies with the structures of these
proteins. As a target for docking, we chose the X-ray structure of HSA in a complex with
indomethacin (PDB ID 2BXM) with a resolution of 2.50 A [132]. Before docking, hydrogen
atoms were added to the crystal structure, and all non-protein components were removed:
myristic acid (MYR 1001-1007), indomethacin (IMN 2001, 2002), and water molecules.
Molecular docking was performed at two main binding sites, the first of which (site 1) was
located in the ITA sub-domain, and the second one (site 2) was located in IIIA. In the first
case, a grid with dimensions 25.0 x 25.0 x 25.0 A was centered on the amino acids Tyr 150,
Lys 195, Lys 199, Trp 214, Arg 218, Leu 219, Arg 222, Phe 223, Leu 238, His 242, Arg 257,
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Leu 260, Ile 264, Ser 287, Ile 290 and Ala 291, and in the second case—on the amino acids
Arg 410, Tyr 411, Lys 414 and Ser 489 [131]. The coordinates of the grid center were X: 32.0,
Y:12.6,Z:10.0 A, and X: 6.6, Y: 3.1, Z: 18.3 A, respectively.

In human blood plasma, AGP is represented by two main genetic variants—A and
F1*S. The molar ratio of the variants A and F1*S usually ranges from 1:3 to 1:2 [133]. The
F1*S variant has a significantly larger binding pocket compared to the A variant and less
selectivity for drug interactions [134]. Molecular docking was performed with the protein
structures of both variants. From the Protein Data Bank, we selected the structure of the
A variant with a resolution of 2.10 A (PDB ID 3APU) [135] and the F1*S variant with a
resolution of 1.80 A (PDB ID 3KQO0) [136]. All non-protein components were removed from
both crystal structures before docking. Tetraethylene glycol (PG4 190) and water molecules
were removed from the 3APU structure, and the (2R)-2,3-dihydroxypropyl acetate (JIM
193) molecule, chlorine ion, and water molecules were removed from the 3KQO structure.
Furthermore, hydrogen atoms were added to both structures. During molecular docking,
the docking site on both protein targets was determined by creating a grid with dimensions
of 25.0 x 25.0 x 25.0 A. In the case of the A variant structure, the grid was centered on the
amino acids Tyr 27, Phe 49, Phe 51, Leu 62, Arg 68, Leu 79, Val 88, Arg 90, Leu 101, Leu 110,
Phe 112, and Tyr127, and in the case of the F1*S variant structure—on the amino acids Tyr
27, Phe 49, Phe 51, Leu 62, Arg 68, Leu 79, Ile 88, Arg 90, Leu 101, Tyr 110, Leu 112 and Tyr
127 [131]. In the first case, the coordinates of the grid center were X: 8.7, Y: 2.1, Z: 16.7 A,
and in the second case—X: 20.4, Y: —1.6, Z: 6.0 A.

2.2.3. Overcoming the Blood-Brain Barrier

The blood-brain barrier (BBB) is a unique biological barrier that consists of microvas-
cular endothelial cells of the central nervous system (CNS). These cells filter everything
that enters and exits the brain. The main role of the BBB is to maintain homeostasis in
the central nervous system by limiting the transport of toxic substances and removing
metabolites from the brain [137]. For most modern drugs, the BBB is an insurmountable
obstacle [138]. In silico assessment of the ability of Salubrinal and analogues to cross the
blood-brain barrier was carried out using the online servers ADMETLab, admetSAR 2.0,
and pkCSM. ADMETLab uses datasets of H. Li et al., for forecasting [139], and contains
data on 415 compounds, and the work by J. Shen et al., [94], containing data on 1840
compounds. The model was built using the support vector machine [93]. The molecules of
compounds from the training set were represented by Extended-Connectivity Fingerprints
(ECFP2). Furthermore, admetSAR 2.0 also uses J. Shen’s model for forecasting [94]. Since
both online servers use binary models, the forecast result is a categorical value—if the
substance is capable of penetrating the BBB (+) or not (—). In ADMETLab and admetSAR
2.0, forecast accuracy is indicated as a value of the probability with which this ability of a
substance will be detected in a biological experiment. The higher the probability value, the
greater the forecast reliability.

The prediction of the ability of a substance to cross the BBB into pkCSM is based on the
model by A. Yan’s et al., [140], which contains 320 data points. The result of the prediction
is the LogBB value, defined as the logarithm of the ratio of the drug concentration in the
brain to the concentration in blood measured at a steady state. According to the prediction
results, substances with a value of LogBB > 0.3 were those that easily cross the BBB, and
substances with LogBB < —1.0 were those that were difficult to cross [141].

2.3. Metabolism

In the metabolism of drugs, xenobiotics, and other exogenous products, heme-containing
enzymes of the P450 family (CYP) play a primary role. These enzymes are predominantly
associated with the membranes of the smooth endoplasmic reticulum and mitochondria of
hepatocytes and intestines. To date, 57 P450 isoforms have been identified in humans [142].
Five of them are of primary importance for drug metabolism: CYP1A2, CYP2C9, CYP2C19,
CYP2D6, and CYP3A4. These enzymes are involved in the metabolism of more than 80%
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of all known drugs [143]. For in silico assessment of the inhibitory and substrate activities
of Salubrinal and its analogues towards these five isoforms, we used the online servers
ADMETLab, admetSAR 2.0, pkCSM, SwissADME, and SuperCYPsPred (Tables S9-513). All
the listed online servers use classification models for forecasting, i.e., whether the analyte
will exhibit inhibitory and substrate activity towards P450 of a particular isoform or not
(+ or —). At the same time, ADMETLab, admetSAR 2.0, and pkCSM provide a value for
the probability of forecast accuracy. In the case of ADMETLab, it should be from 0.5 to
1.0, otherwise, the forecast result will be assigned to another category, and in the case of
admetSAR 2.0 and pkCSM, the probability takes a value from 0 to 1.

In ADMETLab, the prognosis of inhibitory activity is based on a dataset prepared by M.
Rostkowski et al. [144], which contains information on the inhibitory activity of 17,143 com-
pounds obtained using quantitative high-throughput screening with in vitro biolumines-
cence assay [145]. Predictive models were constructed using RF or SVM methods and an
extended-connectivity fingerprint with a diameter of either 2 or 4 (ECFP2/4) [113]. admet-
SAR 2.0 uses models built by F. Cheng et al. [146], which contain more than 24,700 unique
compounds in the dataset retrieved from the open PubChem database [147]. The models
were constructed using the SVM algorithm and the molecular ACCess system (MACCS)
keys [148]. pkCSM, like admetSAR 2.0, uses a dataset of F. Cheng et al. [146]. This predic-
tion is based on distance-based graph signatures using the Cutoff Scanning algorithm [149],
which was adapted to represent the structure and chemical composition of small molecules.
For forecasting, SwissADME uses models based on data from H. Veith et al. [145] using the
SVM algorithm. The developers of SuperCYPsPred used datasets from two open databases
to build predictive models: PubChem BioAssay database (AID: 1851) [150] and SuperCYP’s
own database [151]. When creating the models, the RF algorithm was used with the use
of two types of fingerprints—MACCS [148] and Morgan [116]. We used both types of
fingerprints for the forecast.

Before molecular docking, we searched the admetSAR database for known cytochrome
P450 inhibitors, which are structurally similar to the studied compounds (the Tanimoto coef-
ficient was more than 0.7). We selected 13 compounds (E1-E13) containing a trichloroethyl-
carboxamide fragment (CCl;CHNHC(O)R), for which the ACs( value was at least 10 uM
(Table S14). The structures of the reference compounds E1-E13 were optimized (Figure S6)
and subsequently subjected to a docking procedure. Molecular docking for compounds
E1-E13 and S1-S55 was carried out simultaneously. Furthermore, the results obtained for
E1-E13 were used to construct correlation dependences.

For all studied compounds, molecular docking studies were carried out with X-ray
structures of the main five P450 isoforms, which were downloaded from the Protein
Data Bank, PDB ID: 2HI4 (CYP1A2, resolution 1.95 A) [152], 10G5 (CYP2C9, resolu-
tion 2.55 A) [153], 4GQS (CYP2C19, resolution 2.87 A) [154], 3QM4 (CYP2D6, resolution
2.85 A) [155] and 1WOE (CYP3A4, resolution 2.80 A) [156]. These protein structures were
prepared for molecular docking using the Chimera 1.14 program [82]. Previously, water
molecules and all non-amino acid components, except for hemes, were removed from
the proteins. The 2-phenyl-4H-benzo[/]Jchromen-4-one (BHF 800) molecule was removed
from the 2HI4 structure, the S-Warfarin (SWF 502) molecule was removed from the 10G5
structure, and the molecule of (4-hydroxy-3,5-dimethylphenyl)(2-methyl-1-benzofuran-
3-yl)methanone (0XV 502) and three glycerol molecules (GOL 503-505) were removed
from the 4GQS structure, and the Prinomastat molecule (PNO 503) was removed from the
3QM4 structure. In addition, due to the identity with chain A, chain B was removed from
structures 10G5 and 3QM4; and chains B, C, and D were removed from the 4GQS structure
as well. Hydrogen atoms were also added to the structures. In all cases, during molecular
docking, the docking site on the protein target was determined by creating a grid with
dimensions of 25.0 x 25.0 x 25.0 A. For CYP1A?2, the grid was centered on amino acids
Thr 124, Phe 125, Thr 223, Phe 226, Phe 260, Gly 316, Thr 321, Ile 386, Leu 497 [143], center
coordinates—X: 2.6, Y: 16.8, Z: 18.5 A. In the case of CYP2C9, on the amino acids Arg 97,
Arg 108, Val 113, Phe 114, Gln 214, Asn 217, Asp 293, Thr 364, Ser 365, Phe 476 [143], center
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coordinates X: —21.7, Y: 89.3, Z: 36.5 A. When docked with CYP2C19, the coordinates of
the grid center were X: —81.3, Y: 25.1, Z: —44.4 A, and the grid was centered on the amino
acids Phe 114, Asn 204, Ile 205, Ala 292, Asp 293, Gly 296, Ala 297, Ile 362, Phe 476 [143].
For CYP2D6, the grid was centered on the amino acids Phe 112, Phe 120, Ala 209, Lys 214,
Phe 247, Asp 301, Ala 305, Thr 309, Val 374, Phe 483 [143], center coordinates X: —8.3, Y
—9.8,7:30.1 A. In the case of CYP3A4, on the amino acids Phe 57, Asp 76, Arg 106, Phe
108, Ser 119, Phe 213, Phe 215, Thr 224, Phe 304, Thr 309, Met 371, Arg 372, Glu 374, Gly
481 [143], center coordinates—X: 63.0, Y: 86.6, Z: 13.7 A.

Prediction of substrate activity for the S1-S55 compounds was carried out using the
online server ADMETLab (for all five P450 isoforms), admetSAR 2.0 (for CYP2C9, CYP2De6,
and CYP3A4), and pkCSM (for CYP2D6 and CYP3A4) (Tables S9-513). The forecast in
ADMETLab is based on models built using the RF algorithm and ECFP4 fingerprints.
Compounds for the training set were taken from M. Carbon-Mangels et al. [157], ]. Zaret-
zki et al. [158], and the PubChem BioAssay database (AID: 1851) [150]. admetSAR 2.0
also uses models based on data from M. Carbon-Mangels et al. [157], built using MACCS
fingerprints and SVM algorithm. The pkCSM online server uses models built by admetSAR
developers for operation, the forecast is based on graph signatures based on distances
using the Cutoff Scanning algorithm [149].

2.4. Elimination

In silico analysis of how Salubrinal and its analogues under consideration are ex-
creted from the body, we predicted two most important pharmacokinetic parameters: total
clearance (CLyot.) and half-life time (T /») (Table S15).

Clearance is a pharmacological parameter that quantifies the rate of irreversible re-
moval of a drug from the body [159]. Since medicinal substances can be excreted from the
body by various organs (kidneys, liver, lungs, salivary, mammary glands, etc.), several
types of clearance are also distinguished—renal (CL;) [160], hepatic (CLy,) [161], etc. For
the §1-555 compounds, we predicted the total clearance, which is the sum of all types of
clearance. To calculate this parameter, we used the online servers ADMETLab and pkCSM.
ADMETLab predicts the clearance value based on the RF model and uses the data collected
by R.S. Obach et al. [122]. The online server pkCSM uses 503 data points from C.W. Yap et al.
to predict this parameter. [162]. The prediction is based on distance-based graph signatures
using the adapted Cutoff Scanning algorithm [159]. Both online servers use regression
models for forecasting and, as a result of the forecast, give continuous clearance values in
mL/min/kg. In this case, ADMETLab directly gives the value of CLy, and pkCSM—in
the form of the value of logCLot.. To unify the results obtained, the values obtained using
pkCSM were extracted from the lagorithm function.

The half-life time is the time required for the concentration of a drug (usually in blood
or plasma) to fall to half of the initial value [163]. To calculate this parameter, we used the
ADMETLab online server, which uses a model for forecasting based on data collected by
R.S. Obach et al. [122] constructed using the RF method. The model used is regression and
the forecast results have continuous Tj /; values in h.

3. Results and Discussion
3.1. Absorption

The oral route of administration has many advantages over other routes of drug
administration, making it the most common [164]. One of the key processes that determine
the oral bioavailability of drugs is their absorption in the small intestine. An in silico
assessment of the ability of the studied compounds to be absorbed in the intestine was
carried out based on the N.-N. Wang et al., model [92] (implemented in ADMETLab),
the model by J. Shen et al. [94] (implemented in admetSAR 2.0), and the BOILED-Egg
method [95] used in SwissADME [72].

admetSAR 2.0 predicted the capacity for absorption in the human intestine for all
55 analyzed compounds, the probability was 0.831-0.964. ADMETLab predicted HIA
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for 52 compounds (probability 0.520-0.739) and SwissADME predicted high absorption
capacity for 47 compounds (Table S4). The obtained prediction results turned out to
be contradictory and did not make it possible to take away substances with potentially
low HIA. According to the prediction results in ADMETLab, compounds S7, S20, and S21
should be poorly absorbed in the intestine, while other methods predict good absorption for
these compounds. A similar situation is observed in the case of the forecast in SwissADME,
according to which compounds S$17, §23, S24, S31, S33, S34, S54 and S55 should have
low absorption capacity. In this regard, we had to resort to two empirical rules that have
already become classics—Lipinski’s [90] and Veber’s [91].

3.1.1. Calculation of the Lipophilicity Coefficient (LogP) and Ro 5

The calculation of such parameters as Mw, NH pond donors a1d NH bond acceptors Was not
difficult and was successfully carried out using the online server Molinspiration [76] (Table
54). There are many different methods and approaches for calculating LogP [96]. In their
classic work, Lipinski and colleagues suggested using the CLOGP (value should be <5)
or MLOG (value should be <4.15) [90]. To assess the analyzed structures for compliance
with Ro 5, we took into account the MLOGP value. In total, to calculate the lipophilicity
coefficients of the analyzed compounds, we used eight different methods ALOGP, iLOGP,
XLOGP3, WLOGP, MLOGP, SILICOS-IT, miLOGP, and ALOGPs. We also calculated the
consensus LogP value as the arithmetic mean of all LogP values obtained by the above
methods (Table S5).

The calculated LogP values obtained by these methods generally correlate well with
each other. The R? value was 0.38-0.92 (Figure S1). The best correlation was observed
between the ALOGP, ALOGPs, and XLOGP3 methods, R? > 0.90. The same methods gave a
better correlation with LogPconsensus, R2—0.93-0.96 (Figure S2). When comparing the LogP
values calculated by the Moriguchi method with other methods, R? was 0.39-0.66. The best
correlation was observed with the XLOGP3 and ALOGPs methods. When comparing the
MLOGP values with Logl’comensus—R2 was 0.73. Salubrinal and Sal 003 had the MLOGP
values of 2.71 and 4.09, respectively. They satisfied Lipinski’s rule for other criteria as well,
and therefore should have good oral bioavailability. For the four analyzed compounds S29,
$30, S31, and S50, the MLOGP value exceeded the threshold value of 4.15. However, only
the S31 and S50 compounds did not satisfy two parameters at once (M, > 500 a.m.u.) and,
therefore, did not correspond to Ro 5 (Table S4). It is noteworthy that the replacement of
the chlorine atom in the structure of Sal 003 by bromine (S50) led to a significant increase
(by 1.3) in MLOGP (Figure 3).

3.1.2. Polar Surface Area (PSA) Calculation and Veber’s Rule

Veber’s rule is based on two parameters, the number of bonds around which free
rotation is possible (Nt ponds) and the polar surface area (PSA). Molinspiration was used
to calculate Nyt ponds (Table S4). The calculation of the polar surface area of Salubrinal
and its analogues was carried out using 2D PSA /TPSA (topological PSA) and 3D PSA
methods. To calculate 3D PSA, we used $1-S55 structures optimized by the PM3 method.
It was noted that for various conformers, including containing an intramolecular hydrogen
bond NH ... O=C [64,165], the 3D PSA value remains practically unchanged (Figure 4).
Therefore, the calculation was carried out by a static method based on atomic Van der Waals
radii. For both TPSA and 3D PSA, two values were obtained; in the first case, nitrogen
and oxygen atoms were taken into account, and in the second case, sulfur atoms were also
taken into account (Table S6). In the case of 3D PSA, the total polar surface area of the
molecule (total PSA) was additionally calculated.
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Figure 3. The MLOGP, LogPconsensus and My, values for Salubrinal (S1), Sal 003 (S27), N-(2,2,2-
trichloro-1-(3-(2-chloro-5-(trifluoromethyl)phenyl)thioureido)ethyl)cinnamamide (S31) and N-(1-(3-
(4-bromophenyl)thioureido)-2,2,2-trichloroethyl)cinnamamide (S50).
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Figure 4. The PSA values for two Salubrinal conformers, one of which contains an intramolecular
hydrogen bond (a), and the other does not (b).

The results of PSA calculation by the TPSA and 3D PSA methods correlate well with
each other (Figure 5). R? for the PSA values calculated with allowance for nitrogen and
oxygen atoms was 0.94, and with an additional allowance for sulfur atoms—0.93. The
PSA values obtained by the topological method are about 25-30 A2 higher than by the 3D
method. In this case, both methods for all studied compounds, except for S34 (TPSAnos
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153.79 A2), gave the PSAno and PSANQs values < 140 A2, As the final PSA value, we took
the PSAnos calculated by the 3D method. According to the results obtained, only tert-butyl
(4-(3-(2,2,2-trichloro-1-cinnamamidoethyl)thioureido)butyl)carbamate (S7) did not meet
Veber’s rule, since it had 14 bonds, around which free rotation was possible.
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Figure 5. Correlation of PSA calculation results obtained by the topological and 3D methods.

3.1.3. Interaction with P-glycoprotein (P-gp)

P-glycoprotein (P-gp, ABCB1) is an efflux transporter, and is able to influence the
absorption of drugs in the intestine, removing them from the cell [109,110]. The structures
of all studied compounds were analyzed in silico for inhibitory and substrate activity
towards P-gp. The forecast results were not unambiguous. ADMETLab, with a probability
of 0.506-0.900, predicted for all 55 compounds the ability to inhibit P-gp and the role of
the substrate was not predicted for any of them (Table S7). Vienna LiverTox also did not
predict substrate activity for compounds $1-S55 but inhibiting one, with a probability of
0.530-0.750, for 14 compounds (S1, S22, S31, S36, S45, S47-S55). According to the forecast
in admetSAR 2.0, three compounds (S33, S51, and S52), with a probability of 0.597-0.634,
were potential inhibitors of P-gp, and only compound S7 (a probability of 0.527) was
assigned the role of a substrate. In this regard, we carried out molecular docking studies of
compounds §1-S55 with the P-gp structure.

At the moment, there is no atomic structure of human P-gp obtained by the X-ray
diffraction method in the protein data bank. However, there are several cryo-EM structures
of this transporter. For molecular docking, we chose the P-gp structure with the best
resolution (3.6 A), which was in the inward conformation [118]. Inhibitors and substrates of
P-gp interact with an identical active site. Therefore, based only on the position in the P-gp
pocket, the ligand cannot be unambiguously assigned to one or another. However, it was
noted that inhibitors form somewhat stronger complexes with the active site as compared to
substrates [166]. We selected Zosuquidar and Mibefradil, ICsj 0.02 and 1.90 , respectively,
as reference drugs capable of inhibiting P-gp [167]. Topotecan [168] and Colchicin [169]
were used as reference substrates (Figure S3).

According to the results obtained, Zosuquidar and Mibefradil formed stronger com-
plexes with P-gp compared to Topotecan and Colchicin. The energy of the complex
for Zosuquidar was —11.3 kcal/mol, and for Mibefradil——8.0 kcal/mol. Zosuquidar
and Mibefradil bound to the active site not only through hydrophobic interactions but
also formed two intermolecular hydrogen bonds with the amino acids of the active site
(Figure 6). Zosuquidar was in contact with amino acids GIn 341 and Phe 343; the bond
lengths were 3.1 and 3.2 A, respectively. Mibefradil formed hydrogen bonds with the amino
acids Tyr 310 (3.1 Ain length) and GIn 725 (3.0 Ain length). The Topotecan molecule did
not form hydrogen bonds with the amino acids of the active site P-gp but was fixed only
due to -7t contacts and non-polar interactions. The Colchicin molecule formed a hydrogen
bond 2.8 A long with the amino acid Gln 725. For Topotecan and Colchicin, the AG value
was —7.6 and —7.2 kcal/mol, respectively.
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Figure 6. Position of inhibitors (Zosuquidar and Mibefradil) and substrates (Topotecan and

Colchicin) in the active site of P-gp according to the results of molecular docking. (a) Zosuquidar,
AG = —11.3 kcal/mol. (b) Mibefradil, AG = —8.0 kcal/mol. (c) Topotecan, AG = —7.6 kcal/mol.
(d) Colchicin, AG = —7.2 kcal/mol.

According to the results of molecular docking, Salubrinal and all its analogues under
study were superior to Topotecan and Colchicin in terms of the strength of the complex
formed with P-gp (AG from —8.0 to —10.6 kcal/mol). Most of them were superior to
Mibefradil, except for compound S7, for which AG was also —8.0 kcal/mol. At the same
time, S§1-555 compounds were inferior to Zosuquidar. The strongest complexes with P-gp
formed compounds containing the naphtholine ring: N-(2,2,2-trichloro-1-(3-(quinolin-8-
yl)thioureido)ethyl)-2-naphthamide (S52) (AG = —10.6 kcal/mol), N-(2,2,2-trichloro-1-(3-
(naphthalen-1-yl)thioureido)ethyl)cinnamamide (S3) (AG = —10.2 kcal/mol) and N-(2,2,2-
trichloro-1-(3-(naphthalen-2-yl)thioureido)ethyl)cinnamamide (S4) (AG = —10.2 kcal /mol).
The molecule of compound S52 was additionally fixed in the active site due to intermolecu-
lar hydrogen bonds with the amino acids Tyr 310 and GIn 990, the bond lengths were 3.3 and
3.1 A, respectively (Figure 7). The molecule of compound S3 formed three hydrogen bonds
with the amino acids of the active site, two of which, 3.0 and 3.3 A long, with the amino
acid Gln 990, and one, 3.2 A long, with the amino acid GIn 725. The S4 molecule did not
form intermolecular hydrogen bonds but was fixed due to 7-7t contacts and hydrophobic
interactions. When docked, Salubrinal (S1) showed average results, AG = —9.3 kcal/mol.
The Salubrinal molecule in the active site P-gp formed two hydrogen bonds with the amino
acid GIn 990, 3.0, and 3.1 A in length.
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Figure 7. Position of molecules N-(2,2,2-trichloro-1-(3-(quinolin-8-yl)thioureido)ethyl)-2-
naphthamide (852), N-(2,2,2-trichloro-1-(3-(naphthalen-1-yl)thioureido)ethyl)cinnamamide (S3), N-
(2,2,2-trichloro-1-(3-(naphthalen-2-yl)thioureido)ethyl)cinnamamide (S4) and Salubrinal (S1) in the
active site of P-gp based on the results of molecular docking. (a) S52, AG = —10.6 kcal/mol. (b) S3,
AG = —10.2 kcal/mol. (c) S4, AG = —10.2 kcal/mol. (d) S1, AG = —9.3 kcal/mol.

Based on our results, the S1-S55 compounds are potential inhibitors of P-gp. As P-gp
is a factor in the development of multiple drug resistance of cancer cells to chemotherapeutic
agents [170,171], further research in this area will be very promising. It is likely that the
mechanism of action of Salubrinal in combination therapy for cancer may be associated not
only with inhibition of GADD34: PP1 but also P-gp.

3.2. Distribution
3.2.1. Volume of Distribution

According to the results of the forecast carried out in ADMETLab for 53 studied
compounds, Vg4 has a low value (<0.6 L/kg) and only for compounds S38 and S40—an
average value (0.6 < Vg5 < 5.0 L/kg) (Table S8). The pkCSM online server predicts a
low Vg4 value for nine compounds (S5-S7, S20-S22, S32, S34, and S41), and an average
value for the remaining 46 compounds. Even though ADMETLab and pkCSM use the
same database compiled by R.S. Obach et al. [122], the forecast results correlate very
poorly with each other, R? = 0.58 (Figure S4). This is probably due to the use of various
descriptors. In both cases, the highest value of the volume of distribution is predicted for
compounds S38 and S40 containing the piperidine and piperazine cycles. V4 is 0.711
(2.506) and 0.845 (3.141) L/kg, respectively. For Salubrinal V 44 is significantly lower—0.418
(1.327) L/kg, and for Sal 003 (S27) even lower values are predicted—0.366 (0.873) L/kg.
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3.2.2. Blood Plasma Protein Binding

Plasma protein binding is an important criterion in the development of new drugs.
Only the free form of the drug can overcome biological barriers and have a pharmacological
effect. According to the results of in silico evaluation carried out in ADMETLab, all studied
compounds effectively bind to blood plasma proteins. The proportion of the bound fraction
of the drug (f,) was 73.8-96.2%. The forecast results in admetSAR 2.0 are radically opposite,
the f,, value was about 1%. Due to the ambiguity of the results obtained, we carried out
molecular docking studies of the S1-S55 structures with blood plasma proteins, which play
a major role in drug binding.

We selected human serum albumin (HSA) and alpha-1-acid glycoprotein (AGP) struc-
tures as potential targets. HSA predominantly binds acidic molecules, while AGP is mainly
involved in the binding of basic drugs [131]. Most drugs are capable of binding to both
proteins with varying degrees of affinity [172]. We took Warfarin (Figure S5) as a reference
drug, which is known to bind to both targets [173].

According to the results of molecular docking, Warfarin was effectively bound to its
active site in the HSA (drug site 1), which was located in the IIA sub-domain [174]. The
energy of the complex was —9.3 kcal /mol. For comparison, we also docked to site 2, located
in the IIIA sub-domain. As expected, in this case, the AG value was lower and amounted
to —8.9 kcal/mol (Figure 8a). When Salubrinal and its analogues docked with site 1, seven
compounds (~13%) surpassed Warfarin in the strength of the formed complex with HSA
(Table S8). However, according to calculations, Salubrinal and all its analogues bound more
efficiently, not to the Warfarin active site, but to site 2 (Figure 8b,c). The exceptions were the
$45 and $47 compounds, which, when coupled with both sites, gave the same AG values
equal to —9.5 and —9.1 kcal/mol, respectively. If we do not take into account the position
of the binding site on the protein molecule, and take only the energy of the formed complex
as a criterion, then Warfarin is inferior to 28 out of 55 analyzed compounds (~51%),
with six more compounds having the same AG value. The strongest complexes with
HSA formed compounds containing substituents with several aromatic rings—N-(2,2,2-
trichloro-1-(3-(quinolin-8-yl)thioureido)ethyl)-2-naphthamide (S52), N-(2,2,2-trichloro-1-
(3-(naphthalen-2-yl)thioureido)ethyl)cinnamamide (S4) and N-(2,2,2-trichloro-1-(3-(4-((E)-
phenyldiazenyl)phenyl)thioureido)ethyl)cinnamamide (S33) (Figure 9). Apparently, non-
polar interactions played a primary role in the interaction with active site 2. Of the three
compounds forming the strongest complexes with HSA, the presence of intermolecular
hydrogen bonds was characteristic only for §52. The $52 molecule was additionally fixed
in the active site 2 through three hydrogen bonds, two of which were formed with the
hydroxyl group of the amino acid Ser 489 (2.9 and 3.2 A long) and one with the oxygen
atom of the peptide bond formed by the amino acid Arg 485. For S52, the value of
AG was —10.7 kcal/mol. For S4 and S33, the AG values were equal and amounted to
—10.6 kcal/mol. In this case, both §4 and S33 did not form intermolecular hydrogen bonds
with the amino acids of the active site at all. For comparison, Salubrinal formed one
hydrogen bond with the oxygen atom of the peptide bond of amino acid Leu 387. The
bond length was 3.4 A. However, at the same time, AG was lower than for the S4 and S33
compounds and amounted to —9.9 kcal /mol.

Taking into account the fact that in human blood plasma AGP is represented by two
main genetic variants—A and F1*S, we carried out molecular docking with the protein
structures of both variants. Warfarin formed a more durable complex with the structure
of the AGP A variant than the F1*S. In the first case, AG was —9.1 kcal/mol, and in the
second it was —8.7 kcal/mol. It is noteworthy that when docked with the structure of the A
variant, the Warfarin molecule formed three intermolecular hydrogen bonds, and with the
F1*S variant—four bonds (Figure 10). In the case of the A variant, hydrogen bonds were
formed with the participation of the hydroxyl group Ser 125 (bond length 3.1 A) and with
the oxygen atoms of the peptide bonds of amino acids Val 88 (bond length 3.2 A) and His
97 (bond length 3.3 A). Among the amino acids of the active site of the F1*S variant, Ser 30,
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Ser 125, Arg 90 (bond lengths of about 3.1 A), and Glu 64 (bond length 3.2 A) participated
in the binding of the Warfarin molecule through hydrogen bonds.
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Figure 8. Results of molecular docking with HSA: (a) Position of the Warfarin molecule in site 1
(green, AG = —9.3 kcal/mol) and site 2 (red, AG = —8.9 kcal /mol); (b) Position of Salubrinal and its
analogues (red) in the active site 2, the Warfarin molecule in site 1 (green); (¢) Comparison of the AG
values after docking of Salubrinal and its analogues with active site 1 (black) and active site 2 (red).
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Figure 9. Position of molecules N-(2,2,2-trichloro-1-(3-(quinolin-8-yl)thioureido)ethyl)-2-
naphthamide (852), N-(2,2,2-trichloro-1-(3-(naphthalen-2-yl)thioureido)ethyl)cinnamamide (S4), N-
(2,2,2-trichloro-1-(3-(4-((E)-phenyldiazenyl)phenyl)thioureido)ethyl)cinnamamide (S33) and Salubri-
nal (S1) in active site 2 of HSA based on molecular docking results. (a) S$52, AG = —10.7 kcal/mol.
(b) S4, AG = —10.6 kcal/mol. (c) S33, AG = —10.6 kcal/mol. (d) S1, AG = —9.9 kcal/mol.

Figure 10. Position of the Warfarin molecule in the active site of the AGP A variant (a) and F1*S
variant (b) according to the results of molecular docking.

According to molecular docking results, Salubrinal formed a stronger complex with
the A variant structure (Figure 11a). The AG value was —9.9 kcal/mol, while for the F1*S
variant it was —9.5 kcal/mol. The Salubrinal molecule was additionally fixed in the active
site through the formation of two hydrogen bonds with the Tyr 127 hydroxyl group, bond
lengths 2.9 and 3.0 A. Among the considered analogues of Salubrinal, some substances
were more efficiently docked with both the AGP A variant and the F1*S variant (Table S8).
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In general, we can conclude that this is a purely individual feature of each compound. It
should be noted, however, that compounds containing the quinoline ring predominantly
formed stronger complexes with the AGP A variant, whereas compounds without this
cycle formed stronger complexes with the F1*S variant (Figure 11b). In this case, out of
17 compounds containing the quinoline ring (S1, S2, S41-S55), only two (S2 and S52)
interacted predominantly with the structure of the F1*S variant, and the rest interacted with
the structure of the A variant. In turn, of the 38 remaining compounds that did not contain
the quinoline ring, only five formed more stable complexes with the A variant, and 32 did
with the F1*S variant. Compound S38 was an exception. When coupled with the structures
of both variants, it gave the same AG values equal to —8.8 kcal/mol. The formation of
predominantly more stable complexes between substances containing the quinoline ring
and the active site of the AGP A variant was most likely associated with the predominant
contribution of polar interactions. The presence of a nitrogen atom of the piridine type in the
quinoline ring accompanied the formation of an additional intermolecular hydrogen bond
with the hydroxyl group of the amino acid Tyr 127. When docking with the active site of the
AGP FI*S variant, nonpolar interactions played the main role. For example, if the quinoline
ring in the Salubrinal structure was replaced by a naphthalene one (compound S3), then
the interaction with the AGP F1*S variant would be preferable (AG = —9.8 kcal/mol) than
with the A variant (AG = —8.9 kcal/mol). The replacement of the cinnamic acid residue
in Salubrinal with a more bulky and lipophilic naphtholine cycle (S52) also accompanied
the formation of a more stable complex with the F1*S variant (AG = —10.3 kcal/mol) than
with the A variant (AG = —10.0 kcal/mol). In the case of compound S2, in which the
quinoline ring was linked to the thiourea fragment through the C7 atom rather than C8, as
in Salubrinal, the formation of an intermolecular hydrogen bond between the nitrogen atom
of the quinoline ring and Tyr 127 became spatially impossible, and therefore non-polar
interactions occurred.

Compounds S1-S55

-10 -

AG, kcal/mol
-]

-11 4

-12 -

(b)

Figure 11. Results of molecular docking with AGP: (a) Position of the Salubrinal molecule in the
active site of variant A; (b) Comparison of the AG values after docking Salubrinal and its analogues
with A (black) and F1*S (red) options.

Among the Salubrinal analogues studied with an active site of the AGP A variant, the
most stable complexes were formed by S48, S47, and S49, and with the F1*S variant—by
S52, S4, and S49 (Figure 12). For S48, AG of the complex with the structure of the A
variant was 10.8 kcal /mol, while for S47 and S49, the AG values were equal and amounted
to —10.6 kcal/mol. The analysis of the results of molecular docking showed that polar
contacts played a significant role in the interaction of the studied compounds with the
structure of the AGP A variant. For example, the S48 molecule was fixed in the active
site of the AGP A variant through three intermolecular hydrogen bonds, two of which
were formed with Tyr 127 (bond lengths 2.9 and 3.1 A), and one was formed with Glu
92 (bond length 3.6 A). The S47 molecule also formed a hydrogen bond with Tyr 127
(bond length 2.9 A) and one more with Ser 125 (bond length 3.3 A). S49 was characterized
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by the formation of four hydrogen bonds, two of which with Tyr 127, bond lengths 2.8
and 2.9 A, and two more—with amino acids Ser 40 and Ser 125, bond lengths 3.1 and
3.3 A, respectively. In turn, interactions with the active site of the AGP F1*S variant were
predominantly non-polar. For example, the S52 molecule in the active site formed only one
hydrogen bond with Glu 64, 2.9 A long (AG = —10.3 kcal/mol). The S4 molecule interacted
with the amino acids of the active site of the AGP F1*S variant only through non-polar
contacts (AG = —10.3 kcal/mol). The S49 compound formed one of the strongest complexes
not only with the A structure but also with the AGP F1*S variant (AG = —9.9 kcal/mol). At
the same time, Figure 12 clearly shows how the orientation of the molecule changes in the
active sites of these structures. So, in the case of the A variant, the molecule is focused on
the formation of the maximum number (four) hydrogen bonds, and in the case of the F1*S
variant, on lipophilic interactions with the residues of Phe 32, Phe 49, Phe 114 and other
amino acids. At the same time, in the active site of the F1*S variant, S49 formed only one
intermolecular bond with Tyr 127, bond length 2.9 A.

Figure 12. Position of molecules of the S48, S47, S49 compounds in the active site of the AGP A vari-
ant, and molecules of the S52, S4, S49 compounds in the active site of the AGP F1*S variant according
to the results of molecular docking. (a) S48in active site of AGP A variant AG = —10.8 kcal/mol.



Future Pharmcol. 2022, 2

179

(b) S52 in active site of AGP F1*S variant AG = —10.3 kcal/mol. (c) S47 in active site of AGP A
variant AG = —10.6 kcal/mol. (d) S4 in active site of AGP F1*S variant AG = —10.3 kcal/mol. (e) S49
in active site of AGP A variant AG = —10.6 kcal/mol. (f) S49 in active site of AGP F1*S variant
AG = —9.9 kcal/mol.

The results obtained indicate that the S1-S55 compounds can bind rather effectively to
blood plasma proteins. However, taking into account the literature data on the high biologi-
cal activity of Salubrinal and some of its analogues in vivo [61-63], it can be concluded that
either the fraction of the unbound form is sufficient to provide a pharmacological effect, or
the binding to proteins is reversible.

3.2.3. Overcoming the Blood—Brain Barrier

The ability of drugs to cross the BBB is a very important pharmacokinetic indicator.
Only substances that have overcome the BBB can affect the physiological processes oc-
curring in the brain. Salubrinal and Sal 003 are widely used in experimental medicine
in the study of brain diseases and their treatment [33,175-177]. Considering this fact, the
ability to cross the BBB seems to be a very desirable property for the Salubrinal analogues
under study. According to the results of in silico assessment carried out in ADMETLab and
admetSAR 2.0, all studied compounds can cross the BBB with a probability of 0.719-0.992
and 0.972-0.981, respectively. The online server pkCSM predicts LogBB to be less than —1.0
for 15 studied compounds, i.e., these substances will have difficult crossing the BBB. For
the remaining 40 compounds, moderate BBB crossing is predicted (0.3 < LogBB > —1.0).
The calculated LogBB values for Salubrinal and Sal 003 were —0.063 and 0.014, respectively.
Based on the results obtained and the available literature data, it can be concluded that the
substances under study are predominantly capable of crossing the BBB.

3.3. Metabolism
3.3.1. Inhibitory Activity

Enzymes of the P450 family through oxidation reactions take part in the metabolism
of most known drugs [143,178]. The results of in silico evaluation of the inhibition of
the five main P450 isoforms (CYP1A2, CYP2C9, CYP2C19, CYP2D6, and CYP3A4) by
Salubrinal and its analogues using the online servers ADMETLab, admetSAR 2.0, pkCSM,
SwissADME, and SuperCYPsPred turned out to be very ambiguous (Tables S9-513). In this
regard, we carried out molecular docking studies of the §1-§55 compounds with X-ray
structures of the five main P450 isoforms. When carrying out molecular docking, we used
known P450 inhibitors—E1-E13 (Table S14) as reference compounds. They were selected
from the admetSAR database, which is currently one of the most extensive (contains
over 24700 inhibitor /non-inhibitor and CYP substrates/non-substrates structures). The
E1-E13 compounds have a high degree of similarity with the studied compounds, contain
a trichloroethylcarboxamide fragment, and some (E1-E4) also contain a thiourea fragment.
It is noteworthy that among the selected reference compounds was Sal 003 (527), which in
this case was assigned the E1 cipher.

Inhibition of CYP1A2

CYP1A2 is responsible for the biotransformation of approximately 8.9% of drugs
to be metabolized in the liver [143]. The online server ADMETLab predicted inhibition
in CYP1A2 for 52 out of 55 analyzed compounds with a probability of 0.524-0.978. The
exceptions were compounds S37, S39, and S40 containing sulfolane, morpholine, and
piperazine rings in the thiourea fragment. According to the prediction results in admetSAR
2.0, 47 compounds were potential inhibitors of CYP1A2, and the probability value was
0.537-0.929. At the same time, the prediction results in ADMETLab and admetSAR 2.0 were
quite well compared, so if admetSAR 2.0 did not predict inhibitory activity for compounds
S5, 520, S21, and S34, then ADMETLab gave these compounds only a small probability of
this activity (0.524-0.690). The only exception was compound S16, which was classified
by ADMETLab with a high probability (0.906) as a CYP1A2 inhibitor, and admetSAR
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2.0 was classified as a non-inhibitor (probability 0.500). The rest of the online servers
gave less unambiguous results, as pkCSM classified 26 out of 55 studied compounds as
CYP1A2 inhibitors, SwissADME—36 compounds, and SuperCYPsPred using MACCS
fingerprints—1 compound and using Morgan fingerprint—11 compounds.

Among the reference compounds, CYP1A2 inhibitors were E1, E3-E8, E10-E13, for
compounds E2 and E9 no inhibitory activity was observed, or the ACs, value was more
than 10 p. Molecular docking results with these compounds were in very good agree-
ment with experimental data (Figure 13a), the R? value was 0.80. Of the 55 analyzed
structural analogues of Salubrinal, the strongest complexes with the active site CYP1A2
formed Sal 003 (S27), S43, S42, and S48. Sal 003 and S43 formed complexes with a bind-
ing energy of —9.8 kcal/mol (Figure 13b,c), while §42 and S48 formed complexes with
—9.0 kcal/mol (Figure 13d,e). The calculated pACsj value for these compounds was 5.2
and 4.8, respectively. Salubrinal with an active site CYP1A2 formed a very weak complex,
AG = —5.9 kcal /mol, which corresponded to a pACsg value of 3.0 (Figure 13f). Apparently,
nonpolar contacts played the primary role in the interaction with the active site of CYP1A2,
which was also observed for other compounds [179-182]. Of the four hit compounds, only
Sal 003 and S42 formed one hydrogen bond each with the amino acids of the active site. Sal
003 formed a hydrogen bond with Asp 320 (bond length 3.1 A) and S42 formed a hydrogen
bond with Gly 316 (bond length 3.0 A). The rest of the compounds were fixed in the active
site of CYP1A2 only through lipophilic interactions.

Inhibition of CYP2C9

Under the action of the CYP2C9 enzyme, approximately 12.8% of drugs subject to
biotransformation in the liver are metabolized [143]. According to the prediction results in
ADMETLab, 54 out of 55 analyzed compounds were inhibitors of CYP2C9 with a probability
of 0.551-0.969. The only exception was compound S37 containing the sulfolane ring. Online
server admetSAR 2.0 predicted the ability to inhibit CYP2C9 for 50 compounds, the value
of the prediction probability was 0.509-0.933. The exception was also the S37 compound
and the S38-S40 compounds containing piperidine, morpholine, and piperazine rings
in the thiourea fragment. In addition, the absence of inhibitory activity was predicted
for S34 containing phenylsulfonamide fragment. It was in the case of this compound
that the most significant contradictions arose in the results of the forecasts carried out in
ADMETLab and admetSAR 2.0. ADMETLab for S34 predicted inhibitory activity with a
probability of 0.883, and admetSAR 2.0 predicted its absence with a probability of 0.714.
The forecast results in ADMETLab, admetSAR 2.0, pkCSM, and SwissADME were very
well comparable. pkCSM classified 43 out of 55 studied compounds as CYP2C9 inhibitors,
SwissADME—all 55. At the same time, the results obtained with SuperCYPsPred were
controversial. When using MACCS fingerprints, inhibitory activity was predicted for
47 compounds (probability 0.503-0.690); while using Morgan fingerprints, this activity was
not predicted for any compound.

All selected reference compounds were inhibitors of CYP2C9, with the only exception
being compound E3, for which there was no information on this activity. Molecular docking
results for the remaining compounds correlated well with the experimental pACs, value,
the R? value was 0.82 (Figure 14a). In the docking of $1-S55 structures with the active site of
CYP2C9, the main role was played by non-polar interactions, which was observed earlier in
the docking of other compounds with this enzyme [181,183-185]. According to the results
of molecular docking, the strongest complexes with this enzyme were formed by S3, S4,
Salubrinal (S1), S2, and Sal 003 (S27, E1). The binding energy for these compounds ranged
from —9.8 to —10.6 kcal/mol, which corresponded to the pACsg value of 6.3-6.8. None
of the hit compounds were characterized by the formation of intermolecular hydrogen
bonds with the amino acids of the active site (Figure 14b—f). Amino acids with non-polar
radicals—Val 113, Phe 114, Phe 476, etc., were of paramount importance in ligand binding.
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Figure 13. Results of molecular docking with CYP1A2: (a) linear correlation between binding energy
(AG, AutoDock Vina) and the experimental pACs value; (b—f) position of the molecules of Sal 003
(827, E1), S43, S42, S48 and Salubrinal (S1) in the active site of CYP1A2, respectively. Heme is
depicted in pink. The calculated pACs value is given for Sal 003. (b) S27(E1), AG = —9.8 kcal/mol
(pACsp =5.2). (c) S43, AG = —9.8 kcal/mol (pACsp = 5.2). (d) S42, AG = —9.0 kcal/mol (pACsy = 4.8).

(e) S48, AG = —9.0 kcal /mol (pACsy = 4.8). (f) S1, AG = —5.9 keal /mol (pACs = 3.0).
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Figure 14. Results of molecular docking with CYP2C9: (a) linear correlation between binding energy
(AG, AutoDock Vina) and the experimental pACs value; (b—f) position of the molecules of Sal 003
(827, E1), S3, S4, Salubrinal (S1) and S2 in the active site of CYP2C9, respectively. Heme is depicted in
pink. The calculated pACs value is given for Sal 003. (b) S27(E1), AG = —9.8 kcal/mol (pACsy = 6.3).
(c) 83, AG = —10.6 kcal/mol (pACsp = 6.8). (d) S4, AG = —10.3 kcal/mol (pACsg = 6.6). (e) S1,
AG = —10.1 kecal/mol (pACsg = 6.5). (f) S2, AG = —10.3 kecal /mol (pACsg = 6.5).

Inhibition of CYP2C19

CYP2C19 is responsible for the biotransformation of approximately 6.8% of drugs that
are metabolized in the liver [143]. According to the prediction results in ADMETLab, out
of 55 analyzed compounds, 52, with a probability of 0.541-0.961, were potential inhibitors
of CYP2C19. The exceptions were the S20 and S21 compounds containing a benzoic
acid residue, as well as compound S37. admetSAR 2.0, with a probability of 0.530-0.913,
predicted the presence of inhibitory activity in 50 compounds. There were no significant
contradictions between the forecast results in ADMETLab and admetSAR 2.0. Although



Future Pharmcol. 2022, 2

183

admetSAR 2.0 predicted the absence of inhibitory activity for the S5 and $34 compounds,
ADMETLab predicted its presence with an extremely low probability—0.556 and 0.541,
respectively. The rest of the online servers also gave very good comparable results, so
PkCSM classified 47 out of 55 studied compounds as CYP2C19 inhibitors, SwissADME—54.
The exception was the results obtained using the SuperCYPsPred online server, which,
when using MACCS fingerprints, did not predict inhibitory activity for any of the studied
compounds, and when using fingerprints, Morgan assigned only compound S19 to the
CYP2C19 inhibitors. Notably, all online servers, except for ADMETLab, did not predict
inhibitory activity for S34.

All selected reference substances E1-E13 were CYP2C19 inhibitors. The results of their
molecular docking with the active site of this enzyme were in very good agreement with the
experimental data, R? = 0.93 (Figure 15a). When interacting with the active site of CYP2C19,
not only were lipophilic interactions important, so too were polar contacts. For example,
Sal 003 (S27, E1) with the amino acid Asp 293 formed two intermolecular hydrogen bonds,
3.1and 3.2 A in length (Figure 15b). The AG value was —8.2 kcal /mol, which corresponded
to the calculated pACsg = 5.6. Of the 55 compounds analyzed, the strongest complexes with
the active site CYP2C19 were formed by S52, S48, S46, and S31. The S52 compound was
additionally fixed in the active site by one hydrogen bond with Asp 293, 3.1 A in length
(Figure 15¢), and formed a complex with a binding energy of —11.0 kcal/mol (pACsg =7.3).
S48 was characterized by the formation of three intermolecular bonds, one with Asp
293 (bond length 3.4 A) and two with the amino acid Gly 296, 2.9, and 3.1 A in length
(Figure 15d). The energy of the complex was —10.6 kcal/mol (pACsg =7.0). The S46 and
S31 compounds formed complexes with CYP2C19 with AG = —10.3 kcal/mol. In this
case, S46 formed three hydrogen bonds with the amino acids of the active center, and
S31—two bonds. In both cases, the interactions involved the amino acids Asp 293 and
Gly 296. With Asp 293, the S46 and S31 compounds formed one hydrogen bond each
(bond lengths 3.4 and 3.3 A), respectively. With the amino acid Gly 296, the S46 compound
formed two hydrogen bonds, 3.1 and 3.2 A in length, and the S31 compound -only one,
3.1 A in length (Figure 15¢,f). A detailed analysis of the orientation of the molecules of the
studied compounds in the active site of CYP2C19 indicated a large number of lipophilic
contacts with Phe 100, Val 113, Phe 114, Phe 476, and other amino acids. This was observed
earlier when other compounds were docked with this enzyme [186-189].

Inhibition of CYP2D6

By means of CYP2D6 biotransformation is subject to approximately 20% of drugs that
are metabolized in the liver [143]. The online server ADMETLab, with a very low proba-
bility (0.500-0.660), predicted the ability to inhibit CYP2D6 for 14 out of 55 compounds
studied. admetSAR 2.0 predicted the presence of this activity in 16 compounds. In this
case, the probability value was 0.510-0.893. At the same time, there were no significant
contradictions between the forecast results in ADMETLab and admetSAR 2.0. Both online
servers predominantly predicted the absence of inhibitory activity in the studied com-
pounds. The greatest contradictions arose in the case of structures S3, S11, and S25, for
which ADMETLab, with a probability of 0.388-0.445, predicted the absence of this activity,
and admetSAR 2.0, with a probability of 0.635-0.789, predicted its presence. The rest of
the online servers also predominantly indicated that the S1-S55 compounds could not
inhibit CYP2D6. For example, pkCSM classified nine out of fifty-five studied compounds as
CYP2D6 inhibitors, SwissADME—twelve compounds. The online server SuperCYPsPred,
using MACCS fingerprints, predicted inhibitory activity for five compounds (probabil-
ity 0.505-0.563) and using Morgan fingerprints classified only compounds as CYP2D6
inhibitors S38 and S40, with a probability of 0.535 and 0.552, respectively.
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Figure 15. Results of molecular docking with CYP2C19: (a) linear correlation between binding energy
(AG, AutoDock Vina) and the experimental pACs value; (b—f) position of the molecules of Sal 003
(527, E1), S52, S48, S46 and S31 in the active site of CYP2C19, respectively. Heme is depicted in pink.
The calculated pACsg value is given for Sal 003. (b) S27(E1), AG = —8.2 kcal/mol (pACsy = 5.6).
(c) 852, AG = —11.0 kcal/mol (pACsy = 7.3). (d) S48, AG = —10.6 kcal/mol (pACsy = 7.0). (e) S46,
AG = —10.3 kecal /mol (pACsg = 6.9). (f) S31, AG = —10.3 kcal/mol (pACsg = 6.9).

Of the thirteen selected reference compounds, only seven were CYP2D6 inhibitors:
E1-E4, E6, E7, and E11. For the rest of the compounds, no inhibitory activity was observed,
or the ACsp value was more than 10 p. Molecular docking results with these compounds
were in very good agreement with experimental data (Figure 16a), and the R? value was
0.78. Of the 55 analyzed compounds, S1, S52, S3, and S48 formed the strongest complexes
with the active site CYP2D6. An analysis of the orientation of the molecules of the studied
compounds in the active site of CYP2D6 indicated an essential role of polar contacts with
the amino acids Glu 216, Asp 301, and Ser 304 [190]. For example, Sal 003 (S27, E1) formed
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three intermolecular hydrogen bonds with the amino acids of the active site. Two bonds,
32 A long, were formed with Glu 216 and Ser 304, and the third with the amino acid Asp
301, 3.5 A long (Figure 16b). The AG value was —10.0 kcal/mol, which corresponded to
the calculated pACsg = 5.2. The strongest complexes with the active site CYP2D6 formed
Salubrinal (S1) and S52, AG = —11.8 ka/mol, which corresponded to a pACsg value of 7.2.
Salubrinal was additionally fixed in the active site due to four intermolecular hydrogen
bonds, three of which, 3.0-3.2 A long, were formed with the Ser 304 residue and one
more—with Asp 301, bond length was 2.8 A (Figure 16c). S52 was characterized by the
formation of three intermolecular bonds, all with the participation of Asp 301 (bond lengths
were 2.9 and 3.3 A). The S3 and S48 compounds formed complexes with the active site
CYP2D6 with a binding energy of —11.5 kcal/mol (pACsy = 6.8). In this case, S3 was
additionally fixed due to only one hydrogen bond with Asp 301, bond length was 3.5 A.
The S48 compound formed four hydrogen bonds, all with Asp 301. Two bonds were 2.9 A
in length and the rest were 3.2 and 3.3 A. In addition to polar contacts, when the considered
compounds interacted with CYP2Dé, lipophilic interactions with Phe 58, Phe 112, Phe 120,
Phe 247, Phe 483, and other amino acids also occurred. These amino acids seemed to also
control the orientation of the aromatic rings of these ligands in the enzyme cavity. The
active participation of Glu 216, Asp 301, Ser 304, and the considered amino acids with
nonpolar radicals was observed earlier in the molecular docking of other compounds with
CYP2D6 [190-193].

Inhibition of CYP3A4

CYP3A4 is the most clinically significant member of the cytochrome family. It partici-
pates in the metabolism of 30.2% of drugs that are metabolized in the liver [143]. According
to the prediction results, the online server ADMETLab classified 53 compounds out of 55
analyzed ones as potential inhibitors of CYP3A4, and the probability value was 0.544-0.947.
The exceptions were the S6 and $41 compounds, containing the residue of the methyl
ester of acetic acid and the acetamide fragment, respectively. admetSAR 2.0 predicted the
presence of inhibitory activity in 52 compounds with a probability of 0.522-0.921. The
exceptions were the §33, §39, and S40 compounds. It is in the case of these compounds,
as well as S41, that the most significant contradictions arose between the forecast results
in ADMETLab and admetSAR 2.0. The rest of the online servers gave more contradic-
tory results, for example, pkCSM predicted inhibitory activity for 41 out of 55 studied
compounds, SwissADME—for 51 compounds. The online server SuperCYPsPred did not
predict inhibitory activity for any of the studied compounds using MACCS fingerprints,
and when using Morgan fingerprints, only compounds S36 and S54 were assigned to
CYP2C19 inhibitors.

All selected reference substances E1-E13 were CYP3A4 inhibitors. The AG values
obtained as a result of molecular docking with the active site of this enzyme correlated
very well with the experimental data pACsg, R? = 0.90 (Figure 17a). When interacting
with the active site of CYP3A4, nonpolar interactions played the main role, which was
observed in the molecular docking of other compounds with this enzyme [182,194-196].
According to the results of molecular docking, the strongest complexes with the active
site of CYP3A4 were formed by S3, S47, S31, and S52. The binding energy for these
compounds and CYP3A4 ranged from —10.8 to —10.5 kcal/mol, which corresponded to
the calculated pACs value of about 5.6. For Sal 003 (S27, E1), the AG value was slightly
lower and amounted to —9.7 kcal/mol (pACsp = 5.3). None of the studied compounds
were characterized by the formation of intermolecular hydrogen bonds with the amino
acids of the active site (Figure 17b—f). Amino acids with nonpolar radicals Phe 57, Phe 108,
Ile 120, Phe 213, Phe 215, Phe 304, etc., were of paramount importance in ligand binding.
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Figure 16. Results of molecular docking with CYP2D6: (a) linear correlation between binding energy
(AG, AutoDock Vina) and the experimental pACs value; (b—f) position of the molecules of Sal 003
(827, E1), S1, S52, S3 and S48 in the active site of CYP2C19, respectively. Heme is depicted in pink.
The calculated pACsg value is given for Sal 003. (b) S27(E1), AG = —10.0 kcal/mol (pACsq = 5.2).
(c) 81, AG = —11.8 kcal/mol (pACsy = 7.2). (d) S52, AG = —11.8 kcal/mol (pACsy = 7.2). (e) S3,
AG = —11.5 kecal/mol (pACsg = 6.8). (f) S48, AG = —11.5 kecal/mol (pACsg = 6.8).
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Figure 17. Results of molecular docking with CYP3A4: (a) linear correlation between binding energy
(AG, AutoDock Vina) and the experimental pACs value; (b—f) position of the molecules of Sal 003
(827, E1), S3, S47, S31 and S52 in the active site of CYP2C19, respectively. Heme is depicted in pink.
The calculated pACsy value is given for Sal 003. (b) S27(E1), AG = —9.7 kcal/mol (pACsg = 5.3).
(c) 83, AG = —10.8 kcal/mol (pACsg = 5.6). (d) S47, AG = —10.6 kcal/mol (pACsy = 5.6). (e) S31,
AG = —10.5 kcal/mol (pACsg = 5.6). (f) S52, AG = —10.5 kcal/mol (pACs = 5.6).

Substrate Activity

For the §1-5§55 compounds, the ability to inhibit enzymes of the P450 family was
predominantly predicted, the role of a substrate was assigned only for some compounds
and, as a rule, with a very low probability. For example, ADMETLab classified 38 out of 55
analyzed compounds as CYP1A2 substrates. At the same time, the value of the probability
of the forecast accuracy was 0.503-0.690. The same online server classified 35 compounds
as CYP2C9 substrates, with a probability of 0.503-0.684. Online server admetSAR 2.0
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predicted substrate activity towards this enzyme for six compounds, and the probability
value was 0.596-0.809. The role of the substrate of the CYP2C19 enzyme was assigned
only to the S40 compound by the online server ADMETLab, probability 0.627. Concerning
the CYP2D6 enzyme, ADMETLab predicted substrate activity for three compounds, the
probability was 0.507-0.584, pkCSM—for 36 compounds, and admetSAR 2.0 did not predict
this type of activity for any compound. Substrate activity towards CYP3A4 was predicted by
ADMETLab for 21 compounds (probability 0.504-0.732), admetSAR 2.0—for 51 compounds
(probability 0.500-0.623), and pkCSM—for all 55 compounds.

Based on the obtained SAR prediction results, as well as molecular docking data, it can
be concluded that the analyzed compounds are likely to behave as inhibitors of cytochrome.
At the same time, we do not exclude that the same compound may exhibit inhibitory
activity for one isoform of the enzyme and substrate activity for another. Of course, the
presence of inhibitory activity can lead to potentiation of the action of other drugs [197,198],
especially if we also take into account the potential ability to inhibit P-gp [199,200].

3.4. Elimination

The prediction of the total clearance (CLy.¢) for the studied compounds was carried
out using the online servers ADMETLab and pkCSM (Table S15). The obtained quantitative
results of the CLyt values predicted by these servers were very poorly correlated with each
other, the R? value was 0.34 (Figure 18). For example, for Salubrinal and Sal 003, according
to ADMETLab, the total clearance values were very close and amounted to 0.780 and 0.781
mL/min/kg, respectively. While the pkCSM for Salubrinal predicted significantly greater
clearance compared to Sal 003, CLt were 0.682 and 0.333 mL/min/kg, respectively. At
the same time, both online servers predicted a low CLy. clearance for all compounds
<5 mL/min/kg. According to the forecast in ADMETLab, the value of CL, lay in the
range of 0.495-1.108 mL/min/kg, and according to the forecast in pkCSM—in the range of
0.256-1.592 mL/min/kg.
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Figure 18. Correlation of the CLt values (mL/min/kg) for Salubrinal and its analogues calculated
in ADMETLab and pkCSM.

ADMETLab also predicted a low half-life time (T; /, < 3 h) for all studied compounds.
The obtained T, /, values ranged from 50 min to 2 h. For example, for Salubrinal and Sal
003, the elimination half-lives were 1 h 55 min and 1 h 37 min, respectively.
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4. Conclusions

In this work, a complex in silico assessment of the ADME properties of Salubrinal
and 54 of its analogues containing a cinnamic acid residue or a quinoline ring was carried
out. It has been shown that almost all 55 studied structures comply with Lipinski and
Weber’s rules, and good absorption in the gastrointestinal tract is predicted for them. The
exceptions are S31 and S50, which do not correspond to Ro 5, as well as §7, which does
not meet Weber’s rule. For the studied compounds, the absence of substrate activity for
P-gp has been predicted. The question of whether the studied compounds are capable of
inhibiting this transporter remains open. However, the results of molecular docking and,
in part, SAR predictions indicate the potential presence of this property.

Salubrinal and its analogues are predicted to have from low to moderate V445 value
and the ability to cross the blood-brain barrier. The results of SAR predictions regarding
the ability of the studied compounds to bind to blood plasma proteins are ambiguous.
However, the results of molecular docking have indicated very effective binding to human
serum albumin (HSA) and alpha-1-acid glycoprotein (AGP). In addition, low total clearance
(CLtot.) and elimination half-life time (T7 /») have been predicted for all compounds studied.

For the considered compounds, the ability to inhibit the activity of liver microsomal
enzymes of the P450 family has been predicted. This fact is also indicated by the results of
molecular docking. In this case, the substrate activity concerning P450 for these compounds,
if predicted, is with an extremely low probability.

Considering all of the above, out of 55 studied structures, we do not recommend three
of them, S7, S31, and S50, for in vitro and in vivo studies, since they are likely to be poorly
absorbed in the gastrointestinal tract. The remaining 52 compounds have successfully
passed the stage of in silico testing of ADME properties and can be recommended for
further research. It should be noted that it is necessary to pay special attention to their
testing for the ability to inhibit P-gp, CYP1A2, CYP2C9, CYP2C19, CYP2D6, and CYP3A4,
as well as to bind to blood plasma proteins.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/ futurepharmacol2020013/s1, Figure S1: Correlation of the LogP
values for Salubrinal and its analogues calculated by different methods. Figure S2: Correlation of the
LogP values for Salubrinal and its analogues calculated by different methods with LogPConsensus.
Figure S3: Zosuquidar, Mibefradil, Topotecan, and Colchicin structures optimized using the semi-
empirical PM3 method in the ArgusLab 4.0.1 software package. Figure S4: Correlation of the Vdss
values for Salubrinal and its analogues calculated using online servers pkCSM and ADMETLab.
Figure S5: Warfarin structure optimized using the semi-empirical PM3 method in the ArgusLab
4.0.1 software package. Figure S6: Structures of compounds E2-E13 optimized by the PM3 method
in the ArgusLab 4.0.1 software package. Table S1: Structures of Salubrinal analogues containing
a cinnamic acid residue. Table S2: Structures of Salubrinal analogues containing quinoline ring.
Table S3: List of online servers used in the work. Table S4: Prediction results of the absorption of
Salubrinal and its analogues in the human intestine. Table S5: Lipophilicity (LogP, /) prediction
results for Salubrinal and its analogues using various online servers. Table S6: Calculation results of
2D PSA and 3D PSA by different methods. Table S7: Prediction results of the inhibitory and substrate
activity of Salubrinal and its analogues concerning the transmembrane transporter P-gp. Table S8:
Results of in silico analysis of the distribution of Salubrinal and its analogues in the body. Table S9:
Prediction results of the inhibitory and substrate activity of Salubrinal and its analogues concerning
the metabolic enzyme CYP1A2. Table S10: Prediction results of the inhibitory and substrate activity of
Salubrinal and its analogues concerning the metabolic enzyme CYP2C9. Table S11: Prediction results
of the inhibitory and substrate activity of Salubrinal and its analogues concerning the metabolic
enzyme CYP2C19. Table S12: Prediction results of the inhibitory and substrate activity of Salubrinal
and its analogues concerning the metabolic enzyme CYP2D6. Table S13: Prediction results of the
inhibitory and substrate activity of Salubrinal and its analogues concerning the metabolic enzyme
CYP3A4. Table S14: Molecular docking results for reference compounds E1-E13 with enzymes of the
P450 family. Table S15: Predicted results of the total clearance (CLiot,) and half-life time (T ;) for
Salubrinal and its analogues.
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Abbreviations

ABC ATP-binding cassette;

ADME/T absorption, distribution, metabolism, excretion / toxicity;
AGP alpha-1-acid glycoprotein;

ATF4/6 activating transcription factor 4/6;

BBB blood-brain barrier;

BOILED-Egg  Brain Or IntestinaL EstimateD;

CNS central nervous system;

cYp cytochrome P450;

elF2« eukaryotic translation initiation factor 2«;
ER endoplasmic reticulum;

GIT gastrointestinal tract;

HIA human intestinal absorption;

HSA human serum albumin;

MACCS molecular ACCess system;

P-gp P-glycoprotein;

(Q)SAR (quantitative) structure-activity relationship;
RF random forest;

Ro 5 Lipinski’s rule or rule of 5;

SVM support vector machine;

(T)PSA (topological) polar surface area.
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