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ABSTRACT: Among non-dopaminergic strategies for combating Parkinson’s disease (PD), antagonism of the A,, adenosine
receptor (AR) has emerged to show great potential. In this study, on the basis of two crystal structures of the A,, AR with the
best capability to distinguish known antagonists from decoys, docking-based virtual screening (VS) was conducted to identify
novel Ay, AR antagonists. A total of 63 structurally diverse compounds identified by VS were submitted to experimental testing,
and 11 of them exhibited substantial activity against the A, AR (K; < 10 uM), including two compounds with K; below 1 uM
(compound 43, 0.42 uM; compound 51, 0.27 uM) and good A,,/A, selectivity (fold < 0.1). Compounds 43 and 51 demon-
strated antagonistic activity according to the results of cAMP measurements (cAMP ICy, = 1.67 and 1.80 uM, respectively) and
showed good efficacy in the haloperidol-induced catalepsy (HIC) rat model for PD at doses of up to 30 mg/kg. Further lead
optimization based on a substructure searching strategy led to the discovery of compound 84 as an excellent A, AR antagonist
(Aja K = 54 nM, Ay, /A, fold < 0.1, cAMP ICg, = 0.3 uM) that exhibited significant improvement in anti-PD efficacy in the HIC

rat model.

B INTRODUCTION

Parkinson’s disease (PD) is a chronic neurodegenerative dis-
order that affects about 1% of the population over the age of
65."7% The treatments for PD are primarily based on dopami-
nergic replacement strategies to restore dopamine functions.
These dopamine-targeted therapies provide symptomatic relief
of the PD-related motor disturbances but do not alter the
disease process. In addition, with continued treatment, these
drugs show reduced efficacy and produce undesirable side
effects, including on—off effects, hallucination, and dyskine-
sia.*”® Furthermore, the currently available dopaminergic drugs
have very limited effects for the treatment of nonmotor
symptoms that frequently accompany PD, such as mood,
postural instability, and cognitive disturbances."” Therefore,
there is an urgent need to develop effective and durable
symptom- and disease-modifying therapies for the long-term
management of PD.
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Among non-dopaminergic strategies for the treatment of PD,
pharmacological blockade of the A,, adenosine receptor (AR)
has received considerable attention in the past decade.®”"?
Adenosine is an important neuromodulator that exerts its func-
tions through interactions with the A}, A),, A, and A; AR
subtypes, which belong to the G-protein-coupled receptor
(GPCR) superfamily. In the striatum, the A,, AR colocalizes
and associates with the dopamine D, receptor physically. A,,
AR antagonists enhance D,-dependent signaling by inducing
immediate early gene c-fos expression in the striatopallidal
pathway and facilitate other D,-mediated responses.'> More-
over, a number of A, AR antagonists have been shown to nor-
malize motor function in animal models of PD without
inducing dyskinesia."*
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Representative A,, AR antagonists that have progressed into
clinical trials are shown in Figure 1. Istradefylline (KW-6002),"
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Figure 1. Chemical structures of four representative A,, AR
antagonists.

which has shown efficacy in numerous preclinical models of
PD, is the most advanced A,, AR antagonist. In 2013, istrade-
fylline was approved for clinical use in Japan as the adjunctive
treatment for PD. This breakthrough, along with other advances
in preclinical/clinical studies, has boosted interest in findin
more promising A, AR antagonists for the treatment of pD.5!

Although a number of promising A,, AR antagonists with
good affinity and selectivity have been identified successfully by
using structural optimizations/modifications, most of them,
such as purine and xanthine derivatives, generally have high
molecular weights, contain a furan group that is prone to
oxidative metabolism, and have limited structural diver-
sity.”'*"'? Consequently, there remains an ongoing need to
find promising antagonists of the A,, AR with novel scaffolds.

Virtual screening (VS), especially structure-based VS, has
been widely used in hit identification.”*>* To date, there have
been several attempts to identify potent A,, AR antagonists
by using docking-based VS based on protein structures
derived from homology modeling or exgerimentally deter-
mined crystal structures of the A,, AR>7* 1n 2010, using the
crystal structure of the A,, AR (PDB ID 3EML*), Carlsson
and co-workers identified seven A,, AR antagonists with
affinities between 200 nM and 9 uM through docking-based
VS, and the most potent candidate is structurally novel and
has good selectivity for the A,, subtype versus the A; and A3
subtypes.25 Similarly, using the A,, AR crystal complex (PDB
ID 3EML*'), Katritch et al.*® identified 23 Ay, AR antagonists
with affinities (K;) below 10 #M, and 10 hits were proved to be
A, AR antagonists by functional assays. It needs to be pointed
out that almost all structure-based VS for A,, AR has been
carried out using the same A,, AR crystal complex (PDB ID
3EML') or Aj, AR structures generated from homology
modeling.*>~** Previous studies showed that the predictions of
molecular docking based on different structures of the same
target may be quite different because the binding patterns
characterized by these different complexes are varied.*>™>*
Therefore, comparing the performances of docking-based VS
based on different protein crystal structures for a specific target
and using the reliable crystal templates to screen commercial
databases seems to be a more reasonable approach to identify
promising active compounds.

In the current study, on the basis of nine available crystal
structures of the A,, AR, the performances of docking-based
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VS for all of the crystal structures were compared by using
two independent validation data sets (VD1 and VD2). Then
the two A,, AR crystal complexes with the best discrimination
power for VS were used to identify 61 potential A, AR ligands
with diverse chemical structures from the ChemDiv database,
which were submitted to experimental testing. Eleven of them
exhibited significant binding activity against the A,, AR (A, K|
< 10 uM), including the two most potent hits with K; below
1 uM (compound 43, 0.42 uM; compound 51, 0.27 uM),
which were also confirmed as functional A,, AR antagonists.
Furthermore, these two hits exhibited reasonable selectivity
over the A; AR (A,4/A, fold < 0.1). In addition, when dosed at
30 mg/kg, compounds 43 and 51 showed satisfactory efficacy
in the haloperidol-induced catalepsy (HIC) rat model for PD.
Finally, substructure searching was applied to discover
more promising antagonists of the A,y AR based on the core
scaffolds of compounds 43 and 51. Several potent A,, AR
antagonists were found in the 12 analogues of compound 43
and 20 analogues of compound 51, and the most promising
candidate, compound 84, demonstrated excellent A,, AR
antagonist activity (Ay, K; = 54 nM; cAMP ICg, = 0.3 uM),
good selectivity (A4/A; fold < 0.1), and good efficacy in the
HIC rat model for PD at three doses (3, 10, and 30 mg/kg).

B MATERIALS AND METHODS

Preparation of Crystal Structures and Validation Data
Sets. The crystallographic structures of the A,, AR in com-
plex with antagonists were retrieved from the RCSB Protein
Data Bank (PDB).*’ To date, nine crystal structures of A,,
AR—antagonist complexes have been released, including PDB
IDs 3EML,*' 3REM,* 3REY,* 3PWH," 3VG9,*' 3vVGA,*
3UZA,*” 3UZC,*” and 4EIY.* For each complex, the Protein
Preparation Wizard module in Schrodinger 9.0 was used to
remove all crystallographic water molecules, add missing side
chains and hydrogen atoms, assign protonation states and
partial charges with the OPLS200S force field, and minimize
the whole crystal structure until the root-mean-square devia-
tion (RMSD) of the displacement of the non-hydrogen atoms
reached <0.3 A.

Two independent validation data sets for decoys were used
to evaluate the performance of docking-based VS based on
different crystal structures.***>** Validation data set 1 (VD1)
was directly extracted from the GPCR decoy database (GDD)
compiled by Gatica and Cavasotto.** In the spirit of GDD, for
each A,, AR antagonist, 39 decoys were selected from the
ZINC database,*® ensuring the similarity of six physiochemical
properties (molecular weight, formal charge, hydrogen bond
donors/acceptors, rotatable bonds, and logP) but structural
dissimilarity (Tanimoto coefficient < 0.75). As reported by
Kriiger and Evers,*® the use of commercial databases is also
an effective way to represent the chemical space of a decoy set.
Validation data set 2 (VD2) was also employed in our study.
For each A,, AR antagonist deposited in the GDD, 39 decoys
were randomly selected from the ChemDiv database on the
basis of the two-dimensional (2D) similarity (Tanimoto coeffi-
cient) of the FCFP_4 fingerprints using the Find Diverse
Molecules protocol in Discovery Studio 3.1 (DS3.1).° At last,
VD1 had 361 antagonists and 14 079 decoys from ZINC, and
VD2 had 361 antagonists and 14 079 decoys from ChemDiv.

Comparative Docking-Based Virtual Screening. Prior
to VS, the performances of molecular docking based on dif-
ferent A;, AR complex structures were investigated systemati-
cally. All of the chemicals in VD1 and VD2 were processed
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using the LigPrep module in Schrodinger.” For each antagonist
or decoy, the ionized states and tautomers/stereoisomers were
generated using Epik at pH = 7.0. For the known antagonists of
the A,, AR with 3D structures, the original chiralities were
preserved, and for the decoys without 3D structures, different
combinations of chiralities were generated. The maximum
number of stereoisomers for each decoy was set to 32, and the
other parameters for Ligprep were set to the default values.
Finally, the number of prepared antagonists of the A,, AR was
380, and the numbers of decoys for VD1 and VD2 were
14 681 and 14 173, respectively.

Next, by means of the Receptor Grid Generation component
of Glide in Schrodinger, the binding pocket with the size of
10 A X 10 A X 10 A was defined for each A,, AR complex and
centered on the center of mass of the cocrystallized antagonist.
The default settings in Glide were used for grid generation.
All of the chemicals in the two validation data sets were docked
into the binding pockets of the nine A,, AR complexes and
scored using the standard precision (SP) and extra precision
(XP) scoring functions of Glide. Five thousand poses per
chemical were generated during the initial phase of docking,
out of which the best 400 poses were selected for energy
minimization by 100 steps of conjugate-gradient minimizations
with a dielectric constant of 2.0. The performances of the Glide
SP and XP scoring functions for the nine A,, AR complexes
were evaluated and compared.

All of the compounds in the ChemDiv database were
screened against two Ay, AR crystal complex structures (3PWH
and 4EIY). For all of the compounds in ChemDiv, the ionized
states and tautomers were generated at pH 7.0 + 2.0 using
Epik. Besides, the different combinations of chiralities were also
generated by setting the maximum number of stereoisomers for
each compound in ChemDiv to 32. At last, the final VS library
had more than 2.65 million compounds. For each complex,
the ChemDiv compounds were docked and scored by high-
throughput virtual screening (HTVS) scoring of Glide first, and
the 100 000 top-ranked compounds were retained. Then the
saved compounds were redocked into 3PWH or 4EIY using the
SP scoring function of Glide, and the 10 000 top-ranked com-
pounds were redocked and scored using the XP scoring func-
tion of Glide.

The nonduplicated top-ranked 1000 chemicals scored by the
XP scoring function of Glide for each A,, AR complex were
evaluated by Lipinski’s rule of five,*” the drug-likeness filter
developed in our group,48’49 and the rapid elimination of swill
(REOS)* filters to remove non-drug-like molecules and
molecules with toxic, reactive, or undesirable groups. Then
the remaining compounds were structurally clustered into
100 clusters on the basis of the Tanimoto coeflicients com-
puted using the MACCS structural keys, and the compound
with the lowest docking score in each cluster was chosen.
At last, 63 chemicals were eventually purchased from ChemDiv
and tested experimentally.

Initial Pharmacological Screening in Vitro. The
purchased compounds were dissolved in 100% dimethyl sulf-
oxide to a stock concentration of 10 mM. The initial binding
assay was conducted at a final concentration of 100 uM for
each compound. Competition binding was performed using
stably transfected A,,R-HEK293 cell membrane with [*H]-
7ZM241385 (50.00 Ci/mmol ART 0884) at a final concen-
tration of 0.1 nM to detect specific binding as previously
described by us.'® Nonspecific binding was examined using
5'-N-ethylcarboxamidoadenosine (NECA) at a concentration

1476

of 10 uM. The hit compounds capable of inhibiting no less than
80% were determined.

A,a AR Membrane Binding. Each compound that elicited
more than 80% inhibition of receptor binding as described
above was further subjected to a binding affinity assay to
measure the K; value. Membranes were obtained from stable
A,y R-HEK293 cells grown on 100 mm X 20 mm plates in 5%
CO, at 37 °C. At 95% confluence, cells were washed twice with
cold phosphate-buffered saline (DPBS). After 1 mL of DPBS
was added, the cells were collected into 1.5 mL tubes and cen-
trifuged for 10 min at 1000g. The cell pellet was resuspended
and homogenized in 250 puL of cold lysis buffer (S0 mM Tris,
pH 7.4, 2 mM EDTA, protease inhibitor mixture) and then
centrifuged for 10 min at low speed (100g). The supernatant
was transferred to new cold 1.5 mL microcentrifuge tubes and
centrifuged at 30000g for 20 min at 4 °C. The pellet was frozen
at —80 °C for later use or resuspended in cold binding buffer
(50 mM Tris, pH 7.4, 100 mM NaCl) for immediate use in a
membrane-binding assay. The protein content was determined
using the BCA protein assay. For competition binding, A,,R-
HEK293 membranes were incubated at room temperature with
[*H]ZM241385 radioligand (0.1 nM) and the nonradioactive
competitor NECA with increasing concentrations from 1 nM to
100 yM or 10 uM to measure nonspecific binding. Reactions
were carried out in 12 mm X 75 mm borosilicate glass tubes at
37.5 °C for 30 min and terminated by rapid filtration through a
12-well filter plate (Millipore, USA) equipped with Whatman
GF/B filter papers. The filters were washed and dried. Radio-
activity was determined using a Beckman LS-6500 counter
(PerkinElmer, Waltham, MA, USA). Data were analyzed with
GraphPad Prism 5.0 software. ICy, values were generated and
converted to K; values using the Cheng—Prusoff equation
(K = ICs/[1 + ([L]/Ky)]).

Adenosine A; Receptor Membrane Binding. Com-
pound binding affinities for the A; AR were tested to verify
selectivity. Competition binding assays were performed using
A, AR-expressing HEK293 cells. Cells were cultured and mem-
branes were obtained according to the methods described
previously.'*'®'® For competition binding, A;R-HEK293 cell
membranes were incubated for 30 min with [PH]DPCPX
(0.3 nM) and either nonradioactive competitor (1 nM to
100 uM) to assess nonspecific binding of the A; AR. The
reactions were carried out using the same protocol as for A,,
AR membrane binding.

cAMP Functional Assay. A cAMP functional assay was
performed using stably transfected A,,R-HEK293 cells. When
cells were grown to about 85% confluence on 100 mm X 20 mm
plates, they were washed and detached with 0.25% Trypsin-PBS
solution. Then the cells were collected at 1100 rpm for 3 min at
room temperature and resuspended in Hank’s balanced salt
solution (138 mM NaCl, S mM KCl, 1.3 mM CaCl,, 0.5 mM
MgCl,, 0.4 mM MgSO,, 0.3 mM KH,PO,, 0.3 mM Na,HPO,,
5.6 mM glucose, pH 7.4) containing 100 uM 3-isobutyl-1-
methylxanthine (Sigma, cat. no. 17018) as a phosphodiesterase
inhibitor. The cells were loaded into 384-well plates
(~4000 cells/well) and preincubated with tested compound
(1 nM to 100 #M) for 30 min at room temperature, followed
by addition of 100 nM NECA. After 10 min at room
temperature, the cAMP concentration was measured according
to the manufacturer’s instructions for the cAMP kit as described
recently.” ICj, values were determined from the concentration—
response curves (GraphPad Prism $.0) after log transformation.
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Table 1. Docking Power and Discrimination Power of Glide Docking for the Nine A,, AR—Antagonist Complexes for

VD1 and VD2
discrimination power (P value)
docking power (RMSD/A) VD1 VD2
PDB ID ligand Sp XP Sp XP Sp XP
3EML ZMA 2.86 9.13 6.96 x 1077 546 x 1074 8.08 X 10772 5.07 x 107%°
3RFM caffeine 3.05 3.96 733 x 107* 2.68 X 107 1.05 x 1073¢ 147 x 107%
3REY XAC 7.09 5.62 2.88 X 107% 2.70 x 107 3.16 x 1073 1.85 x 107!
3PWH ZMA 2.60 231 1.65 x 107 621 x 107 4.59 x 1072 6.02 x 107
3VGY ZMA 4.14 5.61 436 x 107! 1.50 x 107 6.09 x 107 2.85 X 107%
3VGA ZMA 1.92 1.90 512 X 107 3.40 X 1073 1.96 x 107% 1.80 X 107
3UZA T4G 0.50 0.46 147 x 107% 224 x 107 6.71 x 107 1.37 x 1078
3UZC T4E 1.67 1.65 233 x 107 322 x 107%* 6.65 X 107% 3.92 x 107%°
4EIY ZMA 1.55 3.66 2.65 X 107* 142 x 107 594 x 107% 2.67 X 107

Behavioral Testing. Catalepsy was induced by haloperidol
in male Wistar rats (180—220 g). Haloperidol was administered
intraperitoneally (ip.) 1 h prior to the tested compounds.
One hour after ip. drug administration, the behavioral test
trial (maximum duration of 180 s) was begun by placing the
forepaws of rats on a 10 cm high bar (horizontally placed) and
their hindquarters on a platform. The time was recorded
when the animal fully removed both paws from the bar or
climbed onto the bar with all of its limbs as described pre-
viously.'®!

Substructure Searching. The substructure searching func-
tion embedded in Molecular Operating Environment (MOE)**
was utilized to find the analogues with the core scaffold
architectures (Murcko framework)>” of the two promising A,,
AR antagonists (compounds 43 and 51) from the ChemDiv
database. For compounds 43 and 51, 12 and 20 analogues,
respectively, were identified and purchased for bioassays.

B RESULTS AND DISCUSSION

Performance of Docking-Based Virtual Screening.
First of all, the “docking power”, which is an important index
of docking reliability for reproducing the experimental binding
modes of antagonists, was evaluated. For each Ay, AR complex,
the antagonist was extracted from the crystal structure and
then redocked into the respective binding pocket. The RMSD
between the docked pose and the original conformation of the
antagonist for each complex was calculated, and RMSD < 2.0 A
was used as the criterion of successful docking. As shown in
Table 1, Glide docking successfully recognized the near-native
conformations of the cocrystallized antagonists for four of the
nine A,, AR complexes using the SP or XP scoring function of
Glide.

Next, the “discrimination powers” of molecular docking to
distinguish the known antagonists from the decoys in VD1 and
VD2 for the nine complexes of the A,, AR were examined and
compared. In comparison with the docking power, the dis-
crimination power is more important for a practical VS cam-
paign. Student’s t test was applied to assess the significance of
the difference between the means of the two distributions of
the Glide SP or XP scores for the known antagonists and
decoys. As shown in Table 1, we found that Glide docking
could efficiently distinguish the known antagonists from the
decoys in VD1 for the nine complexes, as indicated by
the relatively low P values (<107%°). The best discrimination
power (P value = 2.65 X 107°*) was obtained using the SP
scoring function of Glide and 4EIY as the docking template.
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The distributions of the SP and XP scores with the best
discrimination power for each complex are depicted in Figure 2.
Besides, Glide docking can also achieve satisfactory distinguish-
ing power for VD2 (Table 1 and Figure 3). With 3PWH as the
docking template, the best discrimination power can be achieved
using the SP scoring function for VD2 (P = 4.59 X 107%).
Our results illustrate that the comparison of the performances
of Glide docking based on different A,, AR complexes is quite
necessary. According to the discrimination power, 4EIY and
3PWH were selected as the initial templates for the Glide-
docking-based VS.

A,x AR Membrane Binding Assay. A total of 63 potential
hits predicted by the docking-based VS based on two A,, AR
crystal complexes (4EIY and 3PWH) were purchased. Com-
petition binding assays were performed using stably trans-
fected A,,R-HEK293 cell membranes with [*H]ZM241385
(50.00 Ci/mmol ART 0884). As shown in Table S1 in the
Supporting Information, we found that 11 compounds (6, 25,
35, 37, 41, 43, 47, 49, 51, 61, and 62) exhibited over 80%
inhibition (hit rate = 17.5%). These 11 compounds were
then subjected to the saturation binding assay. As shown in
Table 2, the 11 identified compounds exhibit satisfactory
binding affinity, with K; < 10 yM. Among them, two com-
pounds have affinities under 450 nM (compound 43, 420 nM;
compound 51, 270 nM). The radioligand competition binding
curves for compounds 43 and 51 against the A,4 AR and a
schematic representation of the predicted interactions derived
from Glide docking between the A,, AR and compound 43 or
51 are depicted in Figure 4.

The chemical structures of the 11 identified ligands of
the A,, AR are shown in Figure 5. The structures of these
11 identified A,, AR ligands were compared with the known
antagonists of the A,, AR deposited in the BindingDB
database.*® The pairwise similarity (Tanimoto coefficient) of
each identified ligand to each known A,, AR antagonist was
calculated using the Find Similarity Molecules by Fingerprints
protocol in DS3.1.° The statistical results illustrated that the
11 identified A4 AR antagonists did not share high structural
similarity with any known A,, AR antagonist, as indicated by
quite low Tanimoto coefficient (~0.35; Table 2). For the two
most potent A,, AR ligands, compounds 43 and 51, the
Tanimoto coefficients are only 0.24 and 0.28, respectively.
In addition, as shown in Table 2, the 11 identified ligands of the
A,y AR have quite desirable physiochemical properties and
acceptable ligand efficiencies (better than 0.2 kcal/mol per
heavy atom). Finally, it should be noted that for the 11 iden-
tified ligands of the A,, AR, five were identified by the Glide
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Figure 2. Distributions of the docking scores of VD1 for the nine A,, AR crystal complexes with the best discrimination power.

docking based on 4EIY and six by the Glide docking based on Adenosine A,,/A; Binding Selectivity. In order to
3PWH, suggesting that VS based on different crystal structures is examine the A,,/A; selectivities of the 11 identified A,,
quite necessary. These ligands are structurally novel and may be AR ligands, the binding affinities for the A; AR were
used as promising leads for further optimizations/modifications. tested. Competition binding assays were performed using
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A, AR-expressing HEK293 cells with [*H]DPCPX as described
in Materials and Methods. In general, compounds with
fold < 0.1 are considered selective for the A,, AR, while those
with fold > 10 are considered selective for the A, subtype.

As shown in Table 2, the A,,/A, selectivities for eight
compounds (25, 35, 37, 41, 43, 47, 51, and 61) are lower
than 0.1, indicating that these compounds are selective for
the A,, AR
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Table 2. Binding Affinities and Representative Molecular Properties of the 11 Identified Ligands of the A,, AR

K, + SEM (uM)*

compd Ajp A Aju/A,
preladenant 2.18 + 0.27 (nM)
6 549 + 0.10 4.85 + 0.94 1.13
25 225 + 0.15 ND* <0.1
35 297 + 0.20 ND <0.1
37 2.59 £ 030 ND <0.1
41 3.89 + 0.28 ND <0.1
43 0.42 + 0.04 6.78 + 0.47 0.06
47 3.54 £ 0.03 ND <0.1
49 2.89 + 0.34 1.87 + 0.42 1.55
S1 0.27 + 0.06 ND <0.1
61 1047 + 2.49 ND <0.1
62 2.15 + 0.20 0.38 + 0.04 5.66

MwW? pK; logP* LEY similarity® templatef
503.56 8.66

422.87 5.26 345 0.24 0.24 4EIY
440.50 5.65 5.33 0.23 0.25 3PWH
411.51 5.53 593 0.21 0.24 3PWH
469.58 5.59 4.56 0.24 0.25 3PWH
422.49 541 5.00 0.23 0.24 3PWH
425.49 6.38 5.08 0.29 0.24 3PWH
394.48 545 5.58 0.25 0.31 3PWH
395.51 5.54 3.33 0.30 0.35 4EIY
333.39 6.57 5.36 0.26 0.28 4EIY
450.55 4.98 5.80 0.23 0.21 4EIY
386.46 5.67 4.54 0.31 0.23 4ETY

“Displacement of [*H]ZM 24138S binding at the human A, or A; AR expressed in HEK293 cells. Data are expressed as geometric mean values of at
least two runs + standard error of the mean (SEM). “Molecular weight. “Predicted octanol/water partition coefficient. “Ligand efficiency, defined as
LE = 1.37pK;/heavy atom. “Pairwise similarity based on the FCFP_4 fingerprints for each identified antagonist with the known antagonists of the
Azs AR ICrystal complex structure of the A, AR used in the Glide docking. $Not determined.
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Figure 4. (a, b) Radioligand competition binding curves for compounds (a) 43 and (b) 51 against the A,, AR. (¢, d) Schematic representations of
the predicted interactions derived from Glide docking between the A,, AR and compounds (c) 43 and (d) SI.

cAMP Functional Assays for the Identified A,, AR
Antagonists. Compounds 43 and S1 are the most potent
compounds, with K; values below 1 M. In order to confirm
that compounds 43 and 51 are functional antagonists, they
were profiled in a cell-based cAMP assay. Preladelant was used
as the control compound (ICs, = 3.1 nM). The potential
antagonist activities of the two compounds against the A,, AR
were assessed over a full range of concentrations. Both 43 and
S1 induced significant suppression of the A,, AR, as indicated

1480

by the cAMP—compound concentration curves (Figure 6).
Compounds 43 and $51 inhibited cAMP production (ICs, =
1.67 uM and 1.80 uM, respectively), suggesting that both of
them are functional antagonists of the A,, AR.
Haloperidol-Induced Catalepsy Rat Models. The HIC
rat model for PD was then employed to evaluate the in vivo
activities of compounds 43 and 51. Preladenant (3, 10, and
30 mg/kg ip.) was used as the positive control. The results
for compounds 43 and 51 are presented in Figure 7. Both

DOI: 10.1021/acs.jcim.7b00188
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Figure S. Chemical structures of the 11 identified A,, AR antagonists using comparative-docking-based VS.
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Figure 6. Levels of intracellular cAMP production at compound concentrations of 100 #M to 1 nM for compounds (a) 43 and (b) 51.

43 and 51 demonstrated significant reversal of HIC at a dose of
30 mg/kg. There was no significant effect at doses of 3 and
10 mg/kg, indicating that a minimum effective dose was
reached at 30 mg/kg, probably reflecting the suboptimal A,,
AR antagonist activities of these two compounds. Nevertheless,
our preliminary study proved that compounds 43 and 51 had
potential anti-PD effects in the HIC rat model.

Lead Optimization Based on Substructure Searching.
On the basis of the scaffolds of compounds 43 and 51,
substructure searching was conducted to screen the ChemDiv
database, and 12 analogues of compound 43 (Table 3) and
20 analogues of compound S1 (Table 4) were identified and
purchased for bioassays. The 32 analogues of the two identified
A,, AR antagonists were subjected to a radioligand competition
binding assay using stably transfected A, R-HEK293 cell mem-
branes with [*H]ZM241385 at a final concentration of 0.1 nM
to detect specific binding. According to the results shown in
Tables 3 and 4, two analogues of compound 43 (compounds
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Figure 7. Effects of compounds 43 and 51 in the HIC bar test. Mean
descent latency (+standard error) in seconds is shown. The vehicle
bar represents the mean and standard error from four experiments.
*, p < 0.05 and **¥¥, p < 0.001 vs vehicle controls.

70 and 71) and six analogues of compound 51 (compounds 79,
80, 82, 84, 86, and 87) had percent inhibition over 85% in
the initial test. The further binding affinity assays of the eight
identified analogues were conducted. The two analogues of

DOI: 10.1021/acs.jcim.7b00188
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Table 3. Binding Affinities and Chemical Structures for the
12 Analogues of Compound 43
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“Homologous screening was performed using membranes of
mammalian cells overexpressing the A,, AR with a compound
concentration of 100 M. "Displacement of [*H]ZM241385 binding
at the human A,, AR expressed in HEK293 cells. Data are expressed as
§eometric mean values of at least two runs + SEM. “Molecular weight.
Predicted octanol/water partition coefficient. “Not determined.

compound 43 did not have improved binding affinities toward
the A4 AR (K, values below 10 M) compared with the parent
compound 43. Encouragingly, five out of the six analogues of
compound 51 showed better A,, AR binding affinities than
compound 51 (A,, K; < 025 uM). Among them, two most
potent compounds (compounds 79 and 84) have affinities for
the A,, AR of 0.048 and 0.054 uM, respectively (Table 4).
Besides, compounds 79 and 84 also have satisfactory
physicochemical properties and optimal ligand efficiencies™*
(better than 0.36 kcal/mol per heavy atom; Table 4). The
interaction pattern between compound 84 and the A,, AR in
the predicted binding pose and the radioligand competition
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Table 4. Binding Affinities and Chemical Structures for the
20 Analogues of Compound 51
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“Homologous screening was performed using membranes of mamma-
lian cells overexpressing the A,, AR with a compound concentration of
100 4M. “Displacement of [*H]ZM241385 binding at the human A,,
A; AR expressed in HEK293 cells. Data are expressed as geometric
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Table 4. continued

mean values of at least two runs + SEM. “Molecular weight.
“predicted octanol/water partition coefficient. “Not determined.

binding curve for compound 84 are illustrated in Figure 8a and
Figure 8b, respectively.

The five analogues of compound 51 that showed improved
binding affinities toward the A,, AR (compounds 79, 82, 84,
86, and 87) were subjected to the A,,/A,; selectivity testing
(Table 4). We found that two compounds (84 and 87)
exhibited high selectivity for the Ay, AR (A,,/A; fold < 0.1).
Furthermore, the most promising analogue, compound 84, was
profiled in the cell-based cAMP assay. As shown in Figure 8c,
compound 84 induced significant suppression of cAMP (ICg, =
0.3 uM), suggesting that it is a functional antagonist of the
A,, AR Finally, the HIC rat model was also applied to validate
the potential anti-PD efficacy of compound 84. As shown in
Figure 8d, compound 84 demonstrated significant reversal of
HIC at all three tested doses (3, 10, 30 mg/kg) and exhibited
better efficacy than its parent compound.

In order to understand the differences in the antagonist
activities among compound 51 and the five promising ana-
logues of compound 51 (compounds 79, 82, 84, 86, and 87),
the binding patterns predicted by Glide docking for the six
compounds were compared (Figure 9) and the interaction
spectra between the key residues and those compounds were
analyzed using MM/GBSA free energy calculations and decom-
positions (Figure 10; detailed information on the calculations
can be found in the Supporting Information).3*3*°57%% First,
the six ligands of the A,, AR were docked into the crystal
complex of the Ay, AR with the best discrimination power for
VS (PDB ID 4EILY) using the XP scoring function of Glide. The
results demonstrated that the predictions from Glide docking

can rank the binding affinities of the six antagonists of the A,,
AR efficiently, as indicated by the high correlation coefficient
between the docking scores and experimental antagonist
activities (r* = 0.905). The MM/GBSA free energy decom-
position analysis was utilized to discern the contribution of each
residue to antagonist binding. As shown in Figure 10b,d), the
two most promising A, AR antagonists (compounds 79 and
84) share similar interaction patterns with the residues in the
binding pocket of the A,y AR. For compound 79, the residues
AlaS9, Val84, Pro168, Leu283, Asn253, and Ile274 serve as the
key residues for the binding, and their contributions to the
binding (AG,q) are all lower than —1.5 kcal/mol. Compared
with compound 79, compound 84 has similar key binding
residues (Val84, Pro168, Leu249, Asn253, and Ile274) and the
only difference is 1e80 (—1.81 kcal/mol) instead of AlaS9
(—0.08 kcal/mol). A similar phenomenon can also be observed
for the other four compounds (compounds 51, 82, 86, and 87).
According to the residue—antagonist interaction spectra of
the dominant amino acids for the six antagonists depicted in
Figure 10, we can see that residues Ala61, Val84, Prolé6s,
Leu249, Asn253, and Ile274 play a very important role in
achieving promising antagonist activity against the A,, AR. For
example, the core structure of the six investigated antagonists,
1H-pyrazolo[3,4-d]pyrimidine, can form hydrogen-bonding
interactions with Asn253 and z—x stacking interactions with
residues Phel68 and Ieu249. The other residues around the
binding pocket of the A,, AR, such as Ala63 and Ile80, also
have positive contributions. This finding may guide us to design
more optimal A, AR antagonists in the future.

B CONCLUSIONS

In the current work, we compared the performances of the
Glide-docking-based VS based on different A,y AR complex
crystal structures and identified two crystal templates with the
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Figure 8. (a) Interactions between compound 84 and A,, AR in the predicted pose. (b) Radioligand competition binding curve of compound 84.
(c) Levels of intracellular cAMP production at compound concentrations of 100 uM to 1 nM for compound 84. (d) Effect of compound 84 in the
HIC bar test. Mean descent latency (+standard error) in seconds is shown. The vehicle bar represents the mean and standard error from four

experiments. *, p < 0.05 and **%, p < 0.001 vs vehicle controls.
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Figure 9. 2D schematic diagrams of the binding patterns predicted using the XP scoring function for Glide docking of compounds (a) 51, (b) 79,
(c) 82, (d) 84, (e) 86, and (f) 87.

submitted to bioassays, and 11 of them exhibited substantial

most reliable prediction capacity in docking-based VS. A total
activity against the Ay, AR, including two compounds (43 and 51)

of 63 potential hits predicted by the docking-based VS were
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Figure 10. Contributions of the important residues to the binding of compounds (a) 51, (b) 79, (c) 82, (d) 84, (e) 86, and (f) 87 to the A,, AR.
All of the structures are average conformations generated from the last 3 ns of the molecular dynamics trajectories. The average energetic
contributions of the dominant residues from the MM/GBSA decomposition analysis are also plotted.

with A,, AR K; values below 1 yM. The two compounds were
confirmed as functional A,, AR antagonists with good
selectivity for the A,y AR. Further optimization based on the
core structural scaffolds of compounds 43 and S1 led to the
discovery of compound 84 as an excellent A,, AR antagonist.
Compound 84 exhibits an A,, affinity under 60 nM, good
A,,/A, selectivity, and improved efficacy in the HIC model.
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