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Abstract: Adenylate kinase 3 (AK3) is an enzyme located in the mitochondrial matrix involved
in purine homeostasis. This protein has been considered a potential therapeutic target in chronic
lymphocytic leukemia (CLL), because the silencing of the AK3 gene has inhibited cell growth in
CLL in vitro models. This study aimed to design potential AK3 inhibitors by applying molecular
modeling techniques. Through the mapping of AK3 binding sites, essential interaction fields for
pharmacophore design were identified. Online libraries were virtually screened by using a phar-
macophore model, and 6891 compounds exhibited the functional groups for interaction with the
target. These compounds underwent molecular docking simulations through Surflex and GOLD
programs. After visual inspection, we selected 13 compounds for pharmacokinetic properties toxi-
cology prediction via admetSAR and Protox web servers. Finally, six compounds were chosen for
further analysis.
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1. Introduction

The adenylate kinase (AK) isoenzyme family consists of proteins that catalyze a
reversible high-energy phosphoryl transfer reaction between purine nucleotides [1]. AKs
perform an important role in the level maintenance of adenine nucleotides, which are
essential to cell metabolism, either as a source of chemical energy or as mediators of cell
signaling pathways [2]. Adenylate kinase 3, also called GTP:AMP phosphotransferase, is
located in the mitochondrial matrix and promotes the reversible transfer of a phosphate
group from GTP to AMP, generating GDP and ADP [3]. Thus, AK3 promotes a GDP
formation for the next acid citric cycle and substrate availability for ATP production.

AK3 levels are increased in peripheral blood mononuclear cells of chronic lymphocytic
leukemia (CLL) patients [4]. CLL is the most common form of lymphoid malignancies in
adults and is characterized by the progressive accumulation of small mature B cells in the
peripheral blood and lymphoid organs. Conventional therapeutic options for CLL patients
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include chemoimmunotherapy, alkylating agents, and purine analogs [5]. High-risk pa-
tients are often resistant to first-line treatments, and therapeutic options for them include a
tyrosine kinase inhibitor, ibrutinib or Bcl-2 inhibitor, and venetoclax [6,7]. However, these
treatment approaches still have significant limitations, such as the occurrence of side effects
due to high levels of toxicity, the selection of leukemia clones, and drug resistance [8-10].

Despite AK3'’s role in leukemic cells, the relationship to the pathophysiology is
still unknown, and the literature data have shown that AK3 gene silencing has inhib-
ited immortalized CLL cell growth in vitro [4]. This finding suggests that AK3 could
play an important role in CLL progression, as it is a potential therapeutic target for new
therapeutic approaches.

The modern drug-discovery strategies include a wide range of computational tech-
niques. When the structure of a biological target is available, methods can be applied
to investigate whether or not a potential ligand can bind with high affinity to the ac-
tive target site in order to inhibit or enhance its function. These structure-based drug
design (SBDD) methods enable the identification of new lead compounds in time- and cost-
effective manners, including such techniques as the virtual screening of ligand databases,
pharmacophore modeling, and molecular docking [11,12].

The combined use of virtual screening through pharmacophore modeling and molec-
ular docking has been used to find potential leads with high selectivity [13—15]. In this
setting, while structure-based pharmacophore modeling is useful in selecting compounds
with chemical and spatial complementarity, while molecular docking studies seek to pre-
dict the ligand position inside the target binding site and its intermolecular interactions in
the region of interest [12,16].

Given the limitations of the available treatments, the rise of AK3 as a potential ther-
apeutic target, and the lack of known AKS3 ligands, this study aimed to design potential
AKS3 inhibitors through molecular modeling techniques.

2. Materials and Methods
2.1. Generation of the Structure-Based Pharmacophore Model

A three-dimensional (3D) crystallographic structure of AK3 (PDB ID: 1ZD8 [17]) was
retrieved from the Protein Data Bank (www.rcsb.org (accessed on 27 June 2021)). FTSite [18]
and FTMap [19] web servers were then employed to characterize hot spots and the potential
binding site of an inhibitor. The obtained results were analyzed according to the frequency
of predicted interactions per amino acid residue, using the BIOVIA Discovery Studio
software [20], according to a previous study [21]. AutoGRID software was also employed
to map the binding pocket of AK3, aiming to identify the most energetic favorable regions
to perform H-bonds, Van der Waals, and ionic interactions [22-24]. The FISite, FTMap,
and AutoGRID results were then compared to knowledge from the literature about AK3
binding sites to guide the creation of the pharmacophore model.

Structure preparation was carried out by using the Sybyl X 2.1 Biopolymer module [25]
by removing the water molecules, setting up the amino and carboxyl-terminal groups as
charged, and adding the hydrogen atoms. The atomic charges were also calculated using
the Merck Molecular Force Field (MMFF94) [26]. After energy optimization, the binding
site spheres were defined based on chemical features (hydrophobic, H-donor, H-acceptor,
and electrostatic favorable interaction amino acids), previously obtained from AK3 binding
sites and hot-spot prediction analysis, employing FISite and FTMap web servers and
AutoGRID results. The structure-based pharmacophore model was then generated by
using Unity Software that was implemented in the Sybyl X 2.1 computational package.

2.2. Pharmacophore-Based Virtual Screening of Compound Libraries

Four compound libraries were employed in this first virtual screening, using the phar-
macophore model. The first was the Enamine REAL Drug-Like database
(www.enamine.net (accessed on 15 February 2018)); however, to reduce computational
processing time and costs, its content was refined, employing a filter of useful chemical and
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physical properties. The compounds were filtered, which showed up to 3 chiral centers,
1 to 5 H-bond donor groups, and 2 to 10 H-bond acceptor groups, as well as a formal charge
between —1 and +1. As a result, the total number of ligands applied for virtual screening
from the Enamine Real Drug-like Database declined from 5 million to 1,673,417 compounds.
A preliminary version of the Brazilian Compound Library [27] was employed with the
Drug-Bank FDA Approved Drugs [28] and the NuBBE Natural Products [29].

The ligand library included 1,678,724 compounds. Prior to the screening, the com-
pounds’ ionization states were calculated, using the fixpka software; implemented in the
QUACPAC computational package [30]; and followed by the calculation of the lowest
energy conformer, using the OMEGA 2.5.1.4. software [31]. The ligands were then finally
screened against the pharmacophore model, employing a 3D Flex Search mode. Only com-
pounds able to fit the molecular features and their respective distances were considered
hits. Furthermore, a fitting function QueryFit (Qfit) was calculated for each compound.

2.3. Molecular Docking Simulations

The pharmacophore-based filtering as an initial step of the virtual screening protocol
allows for the exclusion of compounds that do not have the molecular requirements to bind
the AK3 binding site. Therefore, to predict the binding mode of ligands, a docking study
was applied by using the pharmacophore hits. Firstly, molecular docking calculations were
performed by using the Surflex-Dock GeomX (SFXC) mode of Surflex Docking [32] software.
For these simulations, a maximum of 20 poses by ligand, 12 rotations for each fragment,
a maximum of 100 rotations per molecule, and up to 20 fragmented initial conformers
were set up. The CScore scoring function was employed to rank the compounds with high
binding affinity. The first 100 ligands with favorable binding energy were selected for
visual inspection. The first 50 hits were also visually analyzed and ranked according to the
QueryFit (Qfit) value, previously obtained in the pharmacophore screening step. Although
the Unity Manual does not recommend the use of Qfit for compound ranking [25], its value
was used in order to enrich the analyses. Moreover, a third form of ranking, denominated
“Consensus”, was obtained by using the average value between the compounds’ ranking
positions according to Cscore and Qfit. The top 50 ranked compounds in the consensus
method were also visually inspected, with the intention of including hits with similar poses
to both docking simulation and pharmacophore fitting. All of the visual analyzes were
carried out by using the Sybyl X 2.1 [25] computational package.

The second docking study was performed by using the GOLD 5.1 software [33]
with the hits that interacted with at least two residues from predicted hot spots in the
previous analyses. Compounds that have similar pose/conformation in the consensus
prediction were also included. One hundred poses per ligand were generated by using a
genetic algorithm, and the compounds were then ranked by using two different scoring
functions: ChemPLP and GOLDscore. In the visual inspection, the highest scored poses
were compared according to ChemPLP and GOLDscore functions, as well as to the Surflex
Docking. Finally, ligands with similar poses in the three applied docking simulations
(using Cscore in Surflex Docking, and GOLDscore and ChemPLP in GOLD) were selected
for in silico ADMET analysis.

2.4. In Silico ADMET Prediction

The compounds selected in the docking simulations were subjected to ADMET calcu-
lations. Parameters, such as aqueous solubility, human intestinal absorption, permeability
through Caco-2 cells, cell distribution, hERG inhibition potential, carcinogenicity, and
AMES toxicity, were all predicted through the admetSAR web server [34]. Moreover,
toxicity class and LDsp were determined by using the ProTox web server [35].

2.5. Molecular Dynamics Simulations

The complexes obtained from docking studies were used for molecular dynamics
simulations. Initially, the six ligands obtained by virtual screening were parameterized
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by calculating the charges, using the Restrained Electrostatic Potential (RESP) model and
single-point calculations (retaining the atomic coordinates obtained by molecular docking
simulations). The method for obtaining the partial atomic charges was the Hartree-Fock
and 6-31G * basis set implemented in the Gaussian 09 software [36-38]. After calculating the
atomic charges of the ligands, we used the Antechamber program for the parameterization
of the compounds. The Tleap module (implemented in the Ambertools 18 program) was
used [39] to prepare the structures of the complexes. Finally, a visual inspection was carried
out by using the USCF Chimera 1.4 software [40].

The TIP3P water model (10 A octahedral box) was used to construct the periodic coor-
dinates (solvation boxes). After preparing the systems, the molecular dynamics simulations
were performed in the Amber18 program, using the PMEMD parameters (Particle Mesh
Ewald Molecular Dynamics) and force field 99SB (ff99SB) [41-43]. The enzyme’s structure
in Apo form was also prepared to compare flexibility with simulations of the complexes.
The six complexes and Apo form enzyme were subjected to seven minimization steps in
triplicate, aiming to remove possible bad contacts from the molecular structures of the
systems. In the first minimization, only the hydrogen atoms were minimized, while, in the
second, all water molecules in the systems were minimized. The systems in their entirety
were then minimized, following four steps (enzyme, water molecules, neutralizing ions,
and ligands). Finally, in the seventh minimization step, the simulations were performed by
using all degrees of freedom.

After minimization, all complexes were subjected to ten equilibrium stages with
heating. These stages had temperature variations, in which, for each stage, the temperature
increased by 25 K, until reaching the final equilibrium stage, where the temperature reached
300 K. These steps were carried out in a total time interval of 29 ns, where the first step
was simulated with 1 ns, the following eight steps were calculated with three ns each, and
the tenth and last step with 10 ns. These simulations were also carried out by using the
Langevin thermostat (ntt = 3) and the Monte Carlo barostat. Finally, after the systems
obtained thermodynamic equilibrium, the productions of the molecular dynamics were
simulated in a timescale of 300 ns, with the same parameters used in the equilibrium steps.

At the end of all molecular dynamics simulations, the results were submitted to the
CPPTRA] module (implemented in Ambertools 18) to perform the RMSD (Root-Mean-
Square Deviations) and RMSF (Root-Mean-Square Fluctuations) analyses. After that, the
most stable sub-trajectories (with minor variations in the RMSD) were used to estimate the
AG of enzyme binding in the presence of the ligands.

2.6. Free-Energy Calculations
The next step consisted of predicting the affinity of the six hits to the target by estimat-
ing the AG values by using the solvent interaction energy (SIE) method with the SIETRA]
program. This program performs the calculation of the Poisson-Boltzmann equation, using
the Boundary Element Method (BEM). Through Equation (1), it is possible to verify the
parameters used in this technique.
AGhing = & |EGH (Din) + MG, (Din) + Egfiy + 7 (p, Din) AMSA (p)] +C (1)

inter

where EC9% is Coulomb’s intermolecular energy, AGR

inter desolv
EYW is the van der Waals's energy, AGZGPS olp 18 the n(?n—polar free energy of desolvation,
p is the derivation factor of Born’s atomic radius, Din is the inner dielectric constant of
the solute, - is the stress coefficient of the molecular surface, and AMSA is the molecular

surface area of the solute on the bond [44,45].

is the free energy of desolvation,

2.7. Free-Energy Decomposition

Free-energy calculations by decomposition of residues were performed in order to
obtain more information about AK3 and ligand predicted interactions. This method uses
implicit solvation to estimate the decomposition of interaction energies between amino
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acid residues and ligands. These calculations were performed by using the MM-GBSA
method, with a salt concentration at molarity equal to 0.100 M. Equation (2) shows the
terms used to calculate free energy by decomposing residues [46—48].

AGp, = AGygw — AGEle — AGgp )

where AGy, is the free energy of amino acid residues for ligands, AG,yy is the contribution
of van der Waals, AGgy, is the electrostatic contribution, and AGgg is the solvent contribu-
tion calculated by the generalized Born method (GB). From the application of this method,
it was possible to obtain the estimate of the free energy that each amino acid residue has
for the interactions between AK3 and the studied ligands.

3. Results and Discussion
3.1. Mapping of AK3 Binding Sites and the Generation of a Pharmacophoric Model

As a prerequisite to the human AK3 binding site mapping, the only structure avail-
able is the PBD (PDB ID: 1ZD8 [17]); resolutions equal to 1.48A and R-factor and R-free
were 0.24 and 0.224, respectively, elucidated by the X-ray diffraction method, which was
selected for this study. In view of the analysis of the main features of the model, the AK3
crystallographic structure was considered reliable and suitable for this study [49]. The
obtained structure corresponds to the open conformation of AK3, that is, its conformation
in the absence of interaction with the substrate/inhibitor. The use of the open structure
allows for the design of a ligand that binds to the active site and prevents the necessary
conformational changes for the catalytic activity [2]. In addition, the crystallographic
structure related to the closed conformation, as well as the structure corresponding to the
interaction of the enzyme with a ligand, is not available.

From the FTSite results, three favorable regions were predicted for interaction with
a ligand (Figure 1A). The FTMap predicted seven clusters of molecular probes, indi-
cating that there are different hot spots for interaction with a ligand (Figure 1B). The
clusters were identified from 0 to 6, and the results obtained by the two web servers were
compared visually.

The favorable sites for interaction with a ligand found in both prediction studies agree
with the binding sites for AK3 substrates: GTP and AMP. According to Reference [17], the
GTP-binding region is a glycine-rich region that comprises the following residues: Gly16,
Ser17, Gly18, Lys19, Gly20, and Thr21 (Figure 1D). The AMP-binding regions include the
following residues: Lys63, Leu64, and 1le65, as well as Gly-90, Phe91, Pro92, and Arg93
(Figure 1D). It was also possible to notice that the active site predicted by the simulations is
located inside a cavity. This fact was already expected, since the enzyme binding sites are
normally located in protruding areas or in cavitary regions [49].

From the analysis of the predicted interactions, only 20 amino acid residues are
involved in at least one type of intermolecular bonding. The residues that contributed most
to intermolecular interactions were Ser17, Gly18, Lys19, Ser37, Ile65, and Asp89. The region
comprising the Ser17, Gly18, and Lys19 residues corresponds to the GTP-binding site, and
both Ser37 and Ile65 are in the AMP-binding domain (also called NMP). Asp89, on the
other hand, is not located in any known binding site of the enzyme, but it is adjacent to
one of the AMP binding sites. Moreover, the volume occupied by the AK3 binding cavity
predicted by the CASTp 3.0 server [50] is equal to 652.427 A3,

From FTMap results, the calculated interactions between molecular probes and AK3
were quantified in order to predict the most favorable amino acid residues that could
interact with an inhibitor. Hydrogen bonds make up 80.46% of the predicted interactions,
while the hydrophobic and electrostatic bonds correspond to 14.94% and 4.60%, respec-
tively. Among the hydrogen bonds, the molecular probes which acted as donors (HBDs)
and as acceptors (HBAs) were equal to 62.86% and 37.14%, respectively. Asp89 was the
predominant residue that interacted with HBD probes (26.92%), and Gly18 residue was
present in 20.45% of the interactions with HBA probes (Figure 2A,B).
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The frequency of participation of residues in hydrophobic interactions was also evalu-
ated (Figure 2C). Ile59 and Lys19 were the residues that contributed most to interactions of
this type and were responsible for 30.77% and 23.08% of all hydrophobic bonds, respec-
tively. Regarding electrostatic interactions, only the Asp39 and Asp89 residues participated
in the connections (Figure 2D), with the Asp89 residue being the main contributor to this
type of interaction.

Energetically favorable regions for hydrophobic interactions were predicted close to
Lys19 and Ile59 residues (Figure 3C). An energetically favorable region for a ligand to act as
HBD has been mapped around Asp89 (Figure 3A). The molecular field close to Alal4 was
analyzed and discarded for the following steps (construction of the pharmacophoric model).
Although this residue has contributed significantly to the intermolecular interactions
predicted by the FTMap, its region of interaction conflicts with the region of hydrophobic
interaction with Lys19. Two more regions of interest were also found: one close to Gly18,
with a fragmented aspect and favorable for a ligand to behave similar to HBA (Figure 3B);
and another around Asp89, conducive to electrostatic interactions (Figure 3D).

Figure 1. Results obtained from FTSite (A) and FTMap (B), as well as the predicted binding sites
overlapped with the molecular probes clusters (C). Structure of AK3 with GTP and ATP binding sites
highlighted in cyan and red, respectively (D). AK3 cartoon representation is colored in dark grey; the
three predicted sites by FTsite are colored in salmon, blue, and green (A,C); and FTmap predicted
clusters are colored in yellow, orange, purple, blue, cyan, and green sticks (B,C).
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Figure 2. Frequency of hydrogen bond donors (A) and acceptors (B), hydrophobic interactions (C),
and ionic interactions (D) per amino acid residue from the analysis of FTMap calculations.

Figure 3. Molecular interaction fields of the HBA (blue contours, (A)), HBD (yellow contours, (B)),
hydrophobic (orange contours, (C)), and electrostatic (transparent purple contours, (D)) probes
calculated with AutoGRID software.

Using the information obtained in the previous steps, we generated a pharmacophoric
model by using the structure of the biological target for screening libraries of molecules.
The favorable regions for hydrophobic interactions around residues Lys19 and Ile59 were
selected as regions for the identification of hydrophobes. In addition to being located inside
the enzymatic cavity, these residues were those that most contributed to the hydrophobic
bonds in the prediction studies of the AK3 active site. The energetically favorable spaces
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for hydrogen bonds were also considered in the elaboration of the model. The area close
to the Gly18 residue was chosen as the region to identify a hydrogen bond acceptor. The
region around Asp89 was selected to identify a hydrogen bonding donor and/or a cation.
Gly18 and Asp89 are also located in the enzyme cavity and contributed considerably to
the hydrogen bonds in the mapping simulations of the protein binding site. The spatial
arrangement of the interaction sites was established manually, from the determination of
coordinates in the target’s three-dimensional structure (Figure 4).

Figure 4. Representation of constructed pharmacophore model in the AK3 represented as cartoon
style (A) and vdW-scaled spheres atoms (B). Gray sphere represents a cation, red spheres represent
HBA, blue sphere represents HBD, and orange spheres represent hydrophobic groups.

3.2. Virtual Screening

From the 1,678,724 compounds subjected to screening, only 6891 remained after
pharmacophoric search due to having the necessary chemical features. After the first
docking analysis, 11 top-ranked compounds interacted with two or more residues of
interest (Gly18, Lys19, Ile59, and Asp89); 35 compounds were also chosen, which presented
a pose similar to the pharmacophore fitting and formed at least one interaction with the
residues of interest. Thus, 46 compounds were submitted to molecular docking by the
GOLD 5.1 software.

A visual analysis of the poses of the compounds was performed, examining the in-
teractions between the ligands and the protein. In addition, the poses of the compounds
ranked according to the ChemPLP and GOLD Score functions were compared. The pre-
dicted binding mode of each ligand in each score function was also evaluated in relation to
the previous docking study, which was carried out in the Surflex program. Compounds
that did not interact with the residuals of interest and that were predicted to bind in a
completely different manner, using ChemPLP, GOLD Score, and Cscore (Surflex) scoring
functions, were discarded. After visual inspection, 13 compounds were considered promis-
ing, among which six presented remarkably similar poses in the three docking runs, using
different scoring functions, and, for this reason, they are here discussed (Figure 5).

All six compounds that showed a high pose similarity in molecular docking studies
came from the Enamine repository. The best ranked pose of Compound 1 (Figure 6),
according to the ChemPLP scoring function, was rescored and ranked as most favorable
by using the GOLD Score function. This ligand has several heteroatoms in its structure
(electronegative regions), which is predicted to interact with positive polar regions of the
target (Figure 6), such as the methoxy group attached to the pyrimidine ring and the NH
group of the amide. In addition, the hydrogen of the amine function is suggested to have a
favorable orientation and distance to form an ionic interaction with Asp89. There is also a
hydrophobic interaction between the benzene ring and the lipophilic cavity (Figure 7). The
volume occupied by this ligand is 420.3558 A3,

Compound 2 has several points of interaction, such as the ionic interaction between
the amine and Asp89. In addition, the methoxy group attached to the aromatic ring in a
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positive polar region can also be noted, possibly acting as an acceptor for the hydrogen of
Gly18 (Figure 6). Hydrophobic interactions have also been identified between the methyl
group and the furan ring with a highly lipophilic region, which corresponds to the region
occupied by Tle59 (Figure 7). The volume occupied by this ligand is 358.6428 A3.

The docking simulation suggests that Compound 3 forms a hydrogen bond with
Asp89. This residue also appears to form an ionic interaction with the amine. In addition,
the oxygen atom from the ether and the ring are in positively charged regions, suggesting
polar interactions (Figure 6). Finally, the 2,3-dihydro-benzofuran ring is predicted to fit in a
hydrophobic cavity, which favors the occurrence of hydrophobic interactions between the
ligand and the target (Figure 7). The volume occupied by this binder is 370.2162 A3.

Cﬁ{\%{t \ {3
2:0 CHy
NH é

OH

-,
rad
-

0—CH,

compound 1 compound 2 compound 3
(Z1002566344) (Z2828033263) (Z2955346685)

HC—0 4]

O HyC ‘(
P_/NH nﬁfb_%—\>_\n}cm u,c?{‘”"m):o

o )
o
s = Q é‘ <n
x } o> ‘:<‘o CH,
compound 4 compound 5 compound 6
(Z1016986064) (Z1475103113) (Z2593989424)

Figure 5. Structure of the 6 selected compounds from pharmacophore and docking screenings.

Compound 4 Compound 5 Compound 6
I
negatively neutral positively
charged charged

Figure 6. Poses of the six hits with the AK-3 enzyme displayed in surface colored by electrostatic potential.
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Compound 4 Compound 5

EENE 0 O .
hydrophilic hydrophobic

Figure 7. Poses of the six hits with the AK-3 enzyme displayed in surface colored by lipophilic potential.

Compound 4 has several rings and therefore has more affinity for non-polar regions.
It is possible to notice two regions of hydrophobic interactions between the ligand and
the target: one involving the aromatic ring and the other related to the seven-membered
aliphatic ring containing the amine (Figure 6). Both predicted interactions occur at strongly
hydrophobic sites. A polar interaction point can also be identified, involving oxygen from
one of the structure’s rings (Figure 7). The volume occupied by this ligand is 460.2759 A3.

Compound 5 and the Asp89 residue are predicted to form two types of interaction,
namely an ionic interaction with the amine and a hydrogen bond, when they behave as
acceptors of the hydroxyl H. Furthermore, it is possible to notice the electron pair of the
oxygen of the methoxy group predicted to bind in a positively charged cavity, which favors
polar interaction between this region of the ligand and the target (Figure 6). There is also a
hydrophobic interaction between the aromatic ring and the lipophilic region that covers
Tle59 (Figure 7). The volume occupied by this ligand is 386.3404 A3.

Finally, the docking suggests that Compound 6 forms an ionic interaction with Asp89.
The oxygen in one of the amide functions and fluorine are in positively charged regions,
thus favoring the occurrence of polar bonds (Figure 6). Regarding non-polar interactions,
the probable interaction between the methyl groups and the highly hydrophobic region
corresponding to Ile59 was observed (Figure 7). The volume occupied by this ligand
is 372.4277 A3

3.3. Pharmacokinetic and Toxicity Predictions

The selected compounds were submitted to the admetSAR and ProTox servers to
predict pharmacokinetic and toxicity properties (Table 1). All selected molecules had a
LogS value between —4 and —2, indicating a satisfactory aqueous solubility for bioavail-
ability and renal excretion [51,52]. The compound'’s oral availability was analyzed by using
predictions of the permeability in Caco-2 cells [53] and the human intestinal absorption [54].
The ability of drugs to penetrate through membranes is an important feature to be evalu-
ated in drug planning, since it influences the absorption and bioavailability of the active
principle. Only Compound 2 was predicted to be permeable in both Caco-2 cells and
intestinal cells. All other compounds showed disagreement between the two models of
prediction of permeability: compounds predicted to have good intestinal absorption were
not predicted to be permeable in Caco-2 cells and vice versa. The predicted permeabilities
in Caco-2 presented low confidence predictions (P) compared to the predicted intestinal
absorption values, suggesting that perhaps the intestinal absorption predictions are more
accurate. Nevertheless, as there was no agreement between the prediction models for most
compounds, more in silico and in vitro studies related to permeability are needed to predict
oral absorption more accurately. In addition, the compounds from the Enamine library are
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substances in agreement with the drug-like rules proposed by Lipinski and Veber, with a
lipophilic profile that is theoretically optimal for oral bioavailability [55-57]. In addition,
there are good examples of anticancer drugs administered by administration routes other
than oral, including intravenous and intramuscular [58], and there are several formulations
designed to improve oral bioavailability, for example, pharmaceutical nanotechnology
solutions such as prodrugs, nanoemulsions, dendrimers, micelles, liposomes, solid lipid
nanoparticles, and nanoparticles of biodegradable polymers [59]. Furthermore, all of the
analyzed compounds were predicted to have an affinity for mitochondria. This result was
satisfactory, since the biological target is located in the mitochondrial matrix [3].

Table 1. Prediction of pharmacokinetic and toxicity endpoints for the six hits.

Compound1 Compound2 Compound3 Compound4 Compound5 Compound 6
71002566344 72828033263 72955346685 71016986064 71475103113 72593989424

pharmacokinetics predictions

LogS —3.7449 —2.4312 —3.2553 —3.4296 —2.9741 —3.6493

HIA (P) @ +(0.9828) +(0.8411) +(0.7078) +(0.7093) —(0.6149) +(0.8960)

Caco-2 permeability (P) b —0.6692) +(0.5649) —(0.6844) —(0.6379) +(0.5409) —(0.5473)
Cellular distribution mitochondria  mitochondria  mitochondria  mitochondria  mitochondria  mitochondria

toxicity predictions
hERG-1 inhibition (P) WI (0.7073) WI (0.9693) WI (0.9899) WI (0.9047) WI (0.6851) WI (0.9120)

hERG-2 inhibition (P) 4 1(0.7353) 1(0.5564) NI (0.6431) 1(0.7064) 1(0.8003) 1(0.8882)
AMES (P) € NT (0.6134)  NT(0.6926)  NT(0.6807)  NT(0.6069)  NT (0.6774)  NT (0.7279)
Carcinogenicity (P) { NC (0.7627)  NC(0.8482)  NC(0.9053)  NC(0.9079)  NC (0.8816)  NC (0.7699)
LDs 729 mg/Kg 3000 mg/Kg 840 mg/Kg 980 mg/Kg 800 mg/Kg 1000 mg/Kg
Toxicity class & 4 5 4 4 4 4

Note: @ +, absorbed; —, not absorbed; ? +, permeable; —, not permeable; ¢ WI, weak inhibitor; d 1 inhibitor; NI, non-inhibitor; ¢ NT, not
toxic; f NC, non-carcinogenic; & 4, >300-2000 mg/kg; 5, >2000-5000 mg/kg.

Toxicity was assessed by predicting the toxicity class, LDsq [60], and the inhibition
potential of the hERG protein, which used two different models [61]. According to the
Globally Harmonized System of Classification and Labeling of Chemicals (GHS), the
toxicity class and LDs( are parameters that correlate, and both are related to acute oral
toxicity (Table 1). To check the reliability of the model, drugs already commercially available
were submitted to the server. Nimesulide and paracetamol, for example, showed LDs
values identical to those deposited in the DrugBank [62]. However, one should bear in
mind that such drugs may have been used for the construction of the prediction model.
Concurrent values were also found for venetoclax. According to the LDs, the toxicity
class, and the AMES test [43], all compounds were predicted to be of low toxicity. The
carcinogenicity was also assessed by the prediction model used by the server and all
compounds were predicted as non-carcinogenic [63]. This property is essential, since an
inhibitor of potential therapeutic effect in leukemia is planned. Therefore, it is not desirable
for such an inhibitor to be able to promote additional mutations.

Finally, the potential for inhibition of the hERG protein was predicted through two
models. The hERG protein is a potassium channel that plays an important role in cardiac
repolarization; therefore, its dysfunction can cause arrhythmias and sudden death [64]. All
compounds were predicted to be weak hERG-1 inhibitors, and only Compound 3 was pre-
dicted to be a hERG-2 non-inhibitor. Additionally, a search was performed in the ChEMBL
database [65], and none of the six selected compounds has known experimental data.

3.4. Molecular Dynamics Simulations

After obtaining the conformations of the six ligands at the AK3 binding site obtained
by virtual screening, the molecular dynamics simulations performed throughout the 300 ns,
we constructed the RMSD plots of the trajectories (Apo form and complexes), and the
conformations of the complexes at 150 and 300 ns are presented in Figures 8 and 9.
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Figure 8. RMSD plots of the two complex (AK3-ligands) (red and black) and ligands (blue) at the AK3 binding site, as well
as representative snapshots of the complexes at 0, 150, and 300 ns: (A) Compound 2 and (B) Compound 3.



Future Pharmacol. 2021, 1 72

=
A Ons | 7_“ N 150 ns

RMSD (A)

o s e b b b et P P B NI NI IR NI BT P P P e
0 25 50 75 100 125 150 175 200 725 250 27‘3 300 0) 25 50 75 100 125 150 175 200 225 250 275 300
ns ns
—Apo form —— Complex 4 (AK3 + Compound 4) ——— Compound 4
B ons - o 300 ns
> WY b & )
il p & - G
» ‘ h Y
. S % Vs
%" < -'r‘)‘mv ¥ e ‘
* - o § ] ) o ey
wh 3 y ¢ =X ;
S 4§ N . £
4 3 (.,:i} :, o W N y
e ‘ He—H 3 : ) S
& v b v > t:(‘ e o
4 - ~ / s & = 8
LNE A ‘ ).~
o : o
4 i =3 A W ¥
<
G
= ok
=z a
= 2]
o
z 2
x
L] PRSI PRI P FEUTE NI PETEE RESI FUTTE FETE T Fewe 0
0 25 50 75 100 125 150 175 200 225 250 275 300 O 25 50 75 100 125 150 175 200 225 250 275 300
ns ns
Apo form Complex 5 (AK3 + Compound 5) ———— Compound 5

Figure 9. RMSD plots of the two complex (AK3-ligands) (red and black) and ligands (blue) at the AK3 binding site, as well
as representative snapshots of the complexes at 0, 75, and 150 ns: (A) Compound 4 and (B) Compound 5.

Initially, it was possible to obtain the RMSD plots of the complexes (AK3-ligand). In
Figures 8 and 9, four graphs are shown, verifying that Compounds 1 and 6 did not stay
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in the region of the AK3 binding site. These molecules left the active site region in the
equilibrium step. The RMSD plots (with the indication of the time the molecules left the
site) of these molecules can be seen in the Supplementary Figure S1. Several procedures
have been carried out, and the non-permanence of these ligands in the active site suggests
that they may be inactive or have low biological activity against the AK3 target.

The RMSD plots show higher flexibility of the AK3-ligand complexes; when the
ligands are docked at the AK3 binding site, the target has greater mobility because the target
performs conformational changes to couple the ligands at their binding site. Furthermore,
Teague [66] shows that the importance of the flexibilization of targets related to drugs is
shown, since, from the flexibility of the targets, it can achieve a greater affinity between
target and ligand. In this way, it is possible to verify that the four complexes present
greater flexibility (mainly the AK3-Compound 2 complex) about the Apo form of the
AKS target. From the four presented RMSD plots (Figures 8 and 9), MD results suggest
that the simulated complexes with Compounds 3 and 4 reached structural stability when
compared to the Apo enzyme simulation. By comparing ligand RMSD values along the
trajectories, we see that Compounds 2 and 5 showed high fluctuations, while Compounds 3
and 4 presented a more consistent positioning when compared to the initial conformations.
However, Compound 3’s RMSD profile showed lower variations around 3A.

Another essential piece of information to be discussed is that the RMSD variations
shown in the graphs are high due to the long loop regions presented in the molecular
structure of the AK3 target. RMSF plots were also formulated to better understand enzyme
mobility, and the data are presented in Figure 10.
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Figure 10. RMSF plots of the four complex (AK3+ligands, in red) and the AK3 without ligand (in
black): (A) Compound 2, (B) Compound 3, (C) Compound 4, and (D) Compound 5. All RMSF plots
were calculated by using the trajectory of the stabilized system: Apo structure and complexes with
Compound 2 and Compound 5 used the trajectory from 100 to 200 ns; AK3 + Compound 3 complex
used the trajectory from 200 to 300 ns; and the AK3 + Compound 4 complex used the trajectory from
150 to 300 ns.

The RMSF graphs shown in Figure 10 show the fluctuations of the amino acid residues
of AK3 in Apo form and ligands. It is possible to verify that the loop regions present
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significant movement, possibly showing why the variations of RMSD and RMSF are high.
It is also possible to notice that, as shown in the RMSF graphs, the residues between 25 and
75 positions present lower or equal mobility than Apo form when it forms complexes with
Compounds 3 and 4. However, both complexes (AK3 and Compounds 3 and 4), which were
suggested to have reached structural stability, showed similar RMSF profiles, specifically
by reducing the overall movement of amino acids at the 20-30 sequence positions, which
were important to ligand binding calculated with the FTMap/GRID analyses.

Thus, from the results obtained by the molecular dynamics simulations, it was possible
to verify the mobility of the AK3 target in the presence of the ligands, but these data are
not sufficient to suggest which of the ligands may have better interaction with the target.
Therefore, an analysis of the intermolecular interactions of ligands in the active site of AK3
was performed. This analysis was made from a stable conformation obtained by RMSD
analysis for each complex (the same structures used in the free-energy calculations of
binding) and was performed in the Discovery Studio Visualizer program [20]. The results
of this analysis are presented in Figure 11.
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Figure 11. Analysis of intermolecular interactions of Compounds 2, 3, 4, and 5 with the AK3 binding site.

The results presented in Figure 11 show the intermolecular interactions of the four
complexes in the most stable trajectories obtained by the molecular dynamics simulations.
These results show the distances and intermolecular interactions of the types: hydro-
gen bonds; attractive electrostatic interactions and m—cation; and Alkyl, m—Alkyl, and
m—i—Alkyl stacked hydrophobic interactions. From Figure 3, it is possible to observe that
Compounds 2 and 3, and the most important interactions, are hydrophobic interactions
(including Alkyl and 7 types). In addition, Compound 3 forms a m—cation interaction that
is stronger than the others, suggesting a high affinity to AKS.

The analysis of intermolecular interactions corroborates the analysis of the RMSF
graphs shown in Figure 10. In these results, it is possible to verify that Compounds 2
and 3 have intermolecular interactions with the I1e59 and Ile65 residues, which most
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likely contribute to stabilizing the enzyme in these complexes. AK3 and Compound 5
interacts with the Asp89 residue, and the RMSF plot shows that this residue is more stable
in the presence of this ligand than in the Apo form. Thus, these data suggest that these
compounds are promising for AK3 inhibition. Some interactions shown in the docking
results do not appear in the molecular dynamics simulation results, possibly because the
ligands are a function of time, and the enzyme, due to the long loops, has great mobility.

Compounds 4 and 5 form ionic interactions with Asp157 and Asp84, respectively. In
this sense, the ionic interaction predicted by FTMap and GRID analyses were confirmed by
MD analysis from these two compounds. Hence, these compounds potentially inhibit the
AKS3 enzyme, as the predicted binding mode is similar to that expected during the binding
site’s mapping step. Thus, for a better understanding of the activity of the ligands under
study, the binding free energy values were estimated by the SIE method.

3.5. Free-Energy Calculations

After obtaining the trajectories of AK3 and the complexes of virtual screening hits, the
final 200 ns (the sub-trajectory of stable complexes) were employed to calculate the binding
free energies, using the SIE method. The obtained values are presented in Table 2.

Table 2. Values of free energy of binding (AG in kcal/moL) obtained for AK3 with four ligands.

Compound SIE
2 —6.53
3 —7.55
4 —6.95
5 —6.71

SIE: solvent interaction energy.

From Table 2, it is possible to verify the estimated free-energy values for the four
studied ligands. The values obtained by the SIE method show that the four ligands may
act on the target AK3, and the results obtained suggest that Compounds 3, 4, and 5 have
a higher affinity for the AK3 target. However, the difference of energy is relatively small
(around 1 kcal/moL). Thus, the estimate of free energy between AK3 and ligands presented
in this work suggests that both molecules can inhibit the biological target. After the SIE
calculations, free-energy-by-residue-decomposition calculations were performed for a
better understanding of the interactions between AK3 and the ligands.

The more stable trajectories used in the SIE calculations were also used to estimate
the values of free energy by residue decomposition. Thus, from Figure 12, it is possible
to verify the attractive and repulsive contributions of each amino acid residue about the
studied ligands.

From the graphs shown in Figure 12, it is possible to verify the behavior of AK3
residues in the presence of ligands in their active site. The results show that, for the
essential residues shown in the molecular docking simulations, the Asp89 residues present
attractive contributions to the ligands in all cases, while the Ile59 presented an attractive
interaction with Compounds 2 and 3. For the Lys19 residue, it is possible to verify that the
contribution is attractive only for Compound 5. These results corroborate those obtained
by the SIE method, as these two ligands present a more significant number of attractive
contributions concerning essential residues. Therefore, from the free-energy calculations
(SIE and decomposition by residues), it was possible to estimate the action of the ligands
under study regarding the AK3 target.

Finally, computer-aided drug-planning methodologies, including approaches based
on the structure of the molecular target, are widely used in the process of discovering
compounds with biological activity. The availability of the three-dimensional structure of
the biological target and the absence of known inhibitors were facts that led to the choice of
an SBDD strategy. In this work, the crystallographic structure of the AK3 enzyme was used
as a starting point in the search for ligands with the potential to inhibit it. This protein has
recently been associated with CLL, and, although its role in the progression of the disease
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has not yet been fully elucidated, experimental evidence places it as a potential target for
the development of therapies.
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Figure 12. Free-energy plot by decomposition of AK3 residues in the presence of the four ligands.

Molecular modeling techniques, such as virtual screening employing a pharma-
cophoric model and molecular docking studies, have been successfully conducted in
the search for compounds with the potential to bind to the AK3 active site. The use of more
than one docking program was of great importance in predicting the pose of the ligands
at the receptor site, since it enabled the selection of compounds with the same theoretical
binding mode predicted by different methods.

By predicting pharmacokinetic and toxicity properties, 11 compounds have shown
promise for future tests. Among them, six compounds were chosen for acquisition or
synthesis, as they satisfy the criteria established by docking studies and satisfactory phar-
macokinetic properties. Compound 3 was considered the most promising in this study. In
addition to interacting with the residues of interest in the predicted binding site of AK3
and presenting similar poses in all docking simulations, this compound has good oral
absorption properties and low toxicity, according to the prediction models.

4. Limitations Section

The first limitation is that our work is an in silico pipeline, and, naturally, it requires
experimental validation of the findings. Of course, we employed several stages of pre-
dictions (binding site mapping, pharmacophore search, three different docking protocols,
molecular dynamics, and binding energy calculations) to decrease, as much as possible,
the intrinsic error of the virtual screening campaign. The second limitation is that there
is no known AK3 ligand to perform any kind of comparison in molecular docking and
molecular dynamics simulations which led us to use filters and visual inspection solely
based on empirical findings from computational studies.
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5. Conclusions

The AK3 enzyme has been considered an important target to the chronic lymphocytic
leukemia treatment. Therefore, the mapping of the most important amino acid residues to
interact with a potential inhibitor was performed, followed by a pharmacophore model
construction. After, a virtual screening campaign was carried out that combined a phar-
macophore search, docking studies, pharmacokinetic and toxicity profile predictions, and
molecular dynamics simulations. From the selected hits, Compound 3 was predicted to
have the highest affinity according to free energy calculations, as well as the most suitable
profile against hERG inhibition. Since the CLL is considered an incurable disease and
evidence in the literature points to the therapeutic potential of the AK3 enzyme, continued
research on the role of this enzyme and its potential target for the development of CLL
therapies looks promising.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/futurepharmacol1010006/s1. Figure S1: RMSD graphs of the equilibration steps of ligands 1
and 6 in the AK3 biding site.
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