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Butyrylcholinesterase (BChE) is recently considered as a new target for the treatment of Alzheimer’s disease
(AD). There is an increasing interest in the development of BChE inhibitors. In the present study, a set of
pharmacophore models for BChE was developed and validated. Based on the models, virtual screening was
performed on five compound collections, from which seventeen potential hits were retained for biological in-
vestigation. In total, eight of these seventeen potential hits showed selective BChE inhibitory activity. Moreover,

four compounds displayed ICso, values in sub-micromolar range on egBChE and three displayed ICsg
values < 2 pM on huBChE. The diverse scaffolds of the active compounds provided good starting point further
development of selective BChE inhibitors. As far as we concerned, here we disclose the first selective pharma-
cophore model targeting BChE. The high rate of the model in the identification of active hits indicates it is a
valuable tool for the development of selective BChE inhibitors, which may benefit the treatment of AD.

1. Introduction

Alzheimer’s disease (AD), the most common form of dementia, ac-
counts for 50-75% of all cases [1]. The prevalence of dementia shows
an almost exponential increase with age. It is higher than 24% in people
aged 85 years or older in the Western world [2]. Until now, no therapies
or drugs were able to slow or reverse the course of the disease. Huge
number of patients and heavy financial burden make it one of the great
challenges of human health and social issues [3]. The memory and
cognitive impairment are the major symptoms associated with de-
mentia, and it is mainly due to the loss of neurotransmitter cholines-
terase from the neurons of the central nervous system [4-6]. Choli-
nergic dysfunction is one of the main pathological hallmarks of AD [7].
Mainly, two types of cholinesterase enzyme, namely acet-
ylcholinesterase (AChE) and butyrylcholinesterase (BChE), take charge
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of hydrolyzing the acetylcholine (ACh) in human [8]. AChE has long
been considered as a key target for regulating the activity of the cho-
linergic system in view of that ACh is mainly hydrolyzed by AChE under
normal conditions. However, experimental evidence demonstrated the
significant role of BChE during disease onset and progression, especially
in the AChE-deficient brains of AD patients [9]. Indeed, AChE activity
in the brain of AD patients declines while BChE activity remains un-
changed or increases. This makes the role of BChE as Ach-hydrolyzing
enzyme progressively increasing during the disease evolution [10].
Furthermore, BChE knockout mice showed no physiological dis-
advantage, and silent BChE mutations in humans showed a slower rate
of cognitive decline [11]. Hence, it is expected that inhibiting BChE
could benefit AD patients the same way AChE inhibition does. Experi-
ment in vivo supported this hypothesis that specific BChE inhibitors
were able to restore ACh levels in mice and improve the cognitive
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impairment caused by the amyloid-f} peptide, yet without peripheral
adverse side effects, which are known to be the defect of traditional
AChE inhibitors [12].

Besides, BChE is also found to correlate positively with the forma-
tion of plaques and neurofibrillary tangles (NFTs) in human AD brain
tissue as well as in plaques in AD mouse models [13]. In 5XFAD mouse
model, BChE knockout mice diminished deposition of fibrillar A3 in AD
[14]. It has been suggested that BChE could play a noticeable role in the
transformation of AB from an initially benign form to an ultimately
malignant form of amyloid plaques causing brain tissue degeneration
and clinical dementia in disorders [15]. A research recently published
highlighted the predictive value of BChE as a biomarker for timely di-
agnosis of AD [16]. In summary, selective BChE inhibitors could be of
importance for treatment of AD and exploration of the pathogenesis of
AD.

Up to now, only a few selective BChE inhibitors were reported, such
as heterobivalent tacrine derivatives [17], benzofurans [18], iso-
sorbide-based compounds [19], cymserine analogs [20] and naphtha-
mide compounds [21]. There is currently an urgent call for the dis-
covery of selective BChE inhibitors. In this paper, we described the
construction of a structure-based pharmacophore model which leaded
to the discovery of several BChE inhibitors. A highly selective BChE
inhibitor with naphthoquinone amide group (Fig. 1) was chosen as the
temple. Starting from the complex of BChE and 1 (PDB: 5DYW), we
created and validated several pharmacophore hypotheses. The one with
best performance was used as three-dimension (3D) entry to search
several commercial databases. Docking stimulation and clustering
helped us choose 17 compounds for bioassays. The employed screening
workflow that had allowed us to identify selective BChE compounds
was depicted in Fig. 2. Finally, 8 compounds with diverse scaffolds were
identified as selective BChE compounds. The discovery of new emer-
ging molecules with different structural skeletons enriched the struc-
tural types of highly selective BChE inhibitors and provided lead
compounds for the subsequent optimization for medicinal chemists.

2. Results and discussion
2.1. Pharmacophore model generation

The pharmacophore model was generated by using Discovery Studio
3.0 (DS). The 3D structure of BChE bound with compound 1 was chosen
as input. By means of this automated structure-based model generation,
we obtained ten 3D pharmacophore hypotheses representing the main
interactions.

The reliability of the SBP (i.e. ability to discriminate between in-
hibitors and non-inhibitors) was assessed and improved using a dataset
of 10 active compounds (Fig. S1) retrieved from Chembl or documents
and 360 decoys. The actives were chosen based on following criterias:
BChE ICso < 1uM and SI (BChE ICso/AChE ICso) > 10. The decoys
were generated by DecoyFinder tool (http://URVnutrigenomica-
CTNS.github.com/DecoyFinder) [22]. DecoyFinder tool, disclosed in
2012, is an easy-to-use python GUI for building target-specific decoys
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Fig. 1. The structure of naphthoquinone amide.
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set [23]. The principle of selecting decoys is based on that their simi-
larity to active ligands according to five physical descriptors (molecular
weight, number of rotational bonds, total hydrogen bond donors, total
hydrogen bond acceptors and the octanol-water partition coefficient).
In the case of the decoy set, all compounds were prepared retaining the
chirality and then were minimized in DS. Multi-conformational
screening of these compounds was carried out and the signal-noise ratio
was determined using a receiver operating characteristics (ROC) curve
(Tablel, Fig. S2). The model (Hypo_07) exhibited an excellent sensi-
tivity in retrieving 89% (16 out of 18) of the active compounds
(Fig. 3A).

The chemical features of the final model mainly represent ligand-
enzyme interactions detected at the center of the catalytic cavity. This
model consists of one positive ionizable interaction (PI) and one hy-
drophobic contact (HYD) with Tyr332, one HYD with Ph329, Leu286,
and Trp231; two H-bond acceptor (HBA) with Thr120, and one ring-
aromatic (RA) with Trp82 (Fig. 3B). Exclusion volumes were defined as
forbidden areas to represent the steric constraints of the pocket.

2.2. Virtual screening

After validation of the 3D pharmacophore, the model was used for
virtual screening of six commercial compound collections: Chemdiv
(915527), DruglikeDiverse (5384), Enamine (2188917), Interbioscreen
(547040), PPi (25000), Speces (212221). Compounds passed the
pharmacophore filter were ranked using the pharmacophore fit value
and only the compounds whose fit value > 3 were retained.

In order to reduce the amount of compounds to handle prior to
biological investigation, druglike descriptors, docking and structural
clustering were utilized. Firstly, druglike descriptors of Lipinski and
veber rules helped discarding the compounds with unfavorable physi-
cochemical properties. Then, the CDOCKER module of DS was used to
dock all selected virtual hits into the BChE active site (PDB code 5DYW)
to check that their interactions in the binding site of BChE. We focused
on checking whether the compounds interacted with Trp82 which is an
important amino acid of BChE. Furthermore, 463 compounds retained
were subjected to structural clustering within Cluster Ligand module of
DS. These compounds were divided into 10 clusters by fingerprint and
the top ten in each cluster were chosen for visual inspection.
Considering the binding mode and structural diversity, seventeen can-
didates (Fig. 4) were selected and purchased from Topscience (www.
tsbiochem.com) for biological determination.

2.3. Biological evaluation

Seventeen compounds have been first evaluated for their ability to
inhibit BChE from equine serum (egBChE) and AChE from electro-
phorus electricus (eeAChE) at a concentration of 10uM. This pre-
liminary assay resulted in eight hits which exhibited over 50.0% in-
hibitory effects on BChE (Fig. 5). Most interestingly, all these showed
no more than 30% inhibitory against AChE at the concentration 10 pM.
The results demonstrated that the eight compounds were selective
BChE inhibitors. They were subsequently assayed for dose-dependent
inhibitory activity against eqgBChE (Fig. 6A), and their ICs, values were
calculated (Table 2). Eight compounds showed inhibitory on BChE
range from 0.3 + 0.1 M ~ 13.5 = 2.2 uM while four compounds (2,
5, 11 and 13) showed micro-molar inhibitory activity (0.6 + 0.2 puM,
0.3 = 0.1uM, 0.7 = 0.2uM, 0.7 £ 0.2uM, respectively). Further-
more, the dose-dependent inhibitory activity of eight hit compounds
against BChE from human (huBChE) (Fig. 6B) was performed. The ICsq
of four compounds (10, 11, 13 and 17) on huBChE was equivalent to
that of eqgBChE while the others were far worse. The two most potent
compounds (11 and 13) showed the IC5y on huBChE of 1.3 = 0.6 uyM
and 1.4 + 1.9 uM. The results require further verification to eliminate
interference of accidental factors. Even so, these compounds provide a
variety of structural types available for subsequent optimization.
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Fig. 2. Overall workflow of the screening procedure. The six commercial databases were Chemdiv, DruglikeDiverse, Enamine, Interbioscreen, PPi and Speces.

Table 1

Statistical parameters for validation of hypo-07.
Parameters Values
Total positives 18
Total negatives 515
True positives 16
True negatives 279
False positives 236
False negatives 2
Sensitivity 0.89
Specificity 0.54
ROC 0.81

2.4. Kinetic studies

To gain more information on the mechanism of the inhibitory of
BChE, four compounds (10, 11 13 and 17) were selected to perform
kinetic studies with BChE by Lineweaver-Burk reciprocal plots as de-
scribed previously. Generally, Lineweaver-Burk plots can be described
by reciprocal rates versus reciprocal substrate concentrations for dif-
ferent inhibitor concentrations resulting from the substrate-velocity
curves for BChE. Besides, kinetic studies of compounds 2 and 5 were
also analyzed. We did not consider them in the follow-up evaluation

because of the big differences between their activities against egBChE
and huBChE. The enzyme kinetic data of these two compounds are
placed in Fig. S3.

For all four compounds, the Lineweaver-Burk plot showed increased
slopes (increased Vy,,x) and invariable intercepts (fixed K,,) at in-
creasing concentrations of the inhibitors (Fig. 6A, B, C and D), leading
to a competitive inhibitory pattern. It indicates that all compounds may
bind to catalytic “anionic” site (CAS) when interacting with BChE.

2.5. Docking stimulation of hit compounds

Detailed binding patterns of the four compounds (10, 11, 13 and
17) to BChE were investigated by the CDOCKER module in DS.
Generally, these compounds bound to BChE in similar U-shaped con-
formations. In detail, for 10 (Fig. 7A), the benzene group was inserted
into the bottom of the acyl pocket and formed hydrophobic contacts
with Trp82, which are key residue in the CAS of BChE. Furthermore, the
furan group formed with Gly116 Trp231 and Leu286. The 3,4-dihy-
droquinazolin group interacted with Tyr332 by - T-shaped. Besides,
the protonated N atom of piperazine can form salt bridge with Asp70,
which further enhanced the inhibitory.

For 11 (Fig. 7B), the benzyl moiety inserted into the CAS of BChE
and interacted with Tyr82. The 3,4-dimethylbenzene group provides -
7t T-shaped with Trp329 and Gly116, while formed several m-alkyl in-
teractions with Trp231 and His438. The piperazine ring formed a -

Fig. 3. (A) The pharmacophore model of hypo-07, to better elucidate the model, the excluded volume was deleted. (B) The pharmacophore model bound with
complex. The compound is shown in yellow stick mode. Key residues of BChE are depicted in blue thin stick mode. Only polar hydrogen atoms are shown. In the
pharmacophore model, the hydrogen bond acceptor, cation, aromatic ring, hydrophobic portion and excluded volumes are colored green, red, orange and gray,

respectively.
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Fig. 4. Chemical structure of compounds selected for in vitro tests.

alkyl interaction with Tyr332. The additional H-bonds with Pro285
further improved activity.

For 13 (Fig. 7C), the positively charged tetrahydroisoquinoline ni-
trogen formed attractive charge with Asp70 in peripheral site. The
benzene group of tetrahydroisoquinoline moiety interacted with Trp82
via ni- T-shaped. The 1H-Indole created st T-shaped with Trp329 and
amide-r stacked with Gly116. Though acetyl and methyl groups on the
side chain did not formed any interactions with protein, they stabilized
the U-shaped conformation. This may explain why compound 13 has
high selectivity on AChE.

For 17 (Fig. 7D), the unsubstituted benzyl inserted into the CAS and
formed hydrophobic interactions with Trp82 and Ala328. The ni-
trobenzene group formed x-mt stacked with Tyr332. Furthermore, the

120

protonated tertiary amine formed attractive charge with Asp70 in
peripheral site.

As told above, we can summarize that four compounds interacted
with CAS such as Trp82. The results of docking studies were consistent
with the results of enzyme kinetics.

2.6. Molecular dynamics

To evaluate the stability of each system of BChE in complex with
small molecules, molecular dynamics simulations were conducted in
Amber. The docking poses of 10, 11, 13 and 17 with BChE underwent
100 ns. MD simulations and stable MD simulations trajectories were
utilized for data extracting and binding free energy calculating. The
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Fig. 5. ChEs IR(%) of hit compounds under 10 pM (A and B); ICs curves of eight hits against egBChE (C) and huBChE (D), respectively.

root-mean-squared deviation (RMSD) values of the protease backbone
atoms during the MD simulation relative to their crystal structures were
provided in Fig. S4. The total binding free energy of 10, 11, 13 and 17
was calculated with the MM-PBSA method (Table 3). The total binding
free energy was —50.45, —53.00, —36.29 and —29.04 kcal/mol for
the complexes of BChE-10, BChE-11, BChE-13 and BChE-17, respec-
tively, in agreement with the ICso except 10. As the docking studies
demonstrated, the p-methylbenzoyl group played role of forming the U-
shaped conformation for better protein bound, which may explain the
higher binding free energy.

Residue contributions of potential hot residues were also performed
to evaluate the contribution of residues in the binding pocket of BChE
with the MM-PBSA method. Meanwhile, energy decomposition of po-
tential hot residues was performed to explore which interactions
dominated in the binding free energy. Usually, a residue is considered
to be important for recognition of ligands if the interaction energy with
ligand is lower than —1 kcal/mol [24]. For 10 (Fig. 8A), the results
suggest that the residues may be important for inhibition of 10 on
BChE: Trp82 (—1.01kcal/mol), Trp231 (—1.55kcal/mol), Phe329
(—2.53 kcal/mol). Among these residues, Phe329 mostly contributed to
the total binding free energies. The interaction with Asp70 in the PAS
(0.65 kcal/mol) seemed like unfavorable. It is agreed with kinetic re-
sults that the compound 2 simultaneously bind to CAS when interacting
with the targets.

For 11 (Fig. 8B), Phe329 (—2.2kcal/mol) seemed like the only
important residue while Gly116 (0.22 kcal/mol) and His438 (0.02 kcal/
mol) were seen as unfavorable. We speculated that the rigidity of the
benzenesulfonyl group is too large. The formation of s-it T-shaped with
Gly116 needed to overcome larger energy. Further modification can

focus on increasing flexibility while maintaining the interaction with
Gly116. The results showed that 11 was a competitive inhibitor which
is inconsistent with kinetic result. We conclude that the conformation of
11 may be not the dominant conformation when bounding to protein.
The specific explanation needs further research.

For 13 (Fig. 8C), Trp82 (—3.14 kcal/mol) and Phe329 (—1.42 kcal/
mol) played a major role in binding free energy. And it was similar to
compound 5, Trp82 contributed more than Phe329. Therefore, com-
pound 13 was a competitive inhibitor favoring competitive, either.

For 17 (Fig. 8D), Trp82 (—2.66 kcal/mol) Phe329 (—1.35kcal/
mol) and Tyr 332 (—1.88 kcal/mol) played a major role in binding free
energy. And it was similar to compound 13, Trp82 contributed mostly
to the total binding free energies. Therefore, compound 17 was a
competitive inhibitor.

The result of energy decomposition of potential hot residues de-
monstrated that van der Waals energy is important and polar solvation
energy is adverse for all four compounds. The effect of Electrostatic
energy and non-polar solvation energy on binding free energy is lim-
ited.

2.7. Antiproliferative assay

To determine the potential cytotoxic effects of hit compounds on
neuronal cell line SH-SY5Y, the cell viability was evaluated by 3-(4,5-
dimethylthiazol-2-yl)-2,5-diphenyltetrazolium (MTT) assay [25]. In
general, all tested showed similar effects on SH-SY5Y with weak or no
toxicity at concentrations of 10 and 50 uM (Fig. 9) except compound 5.
Compound 5 was safe at the concentration of 10 uM (109.8 + 2.9%),
however it caused greater toxicity at the concentration of 50 uM
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Fig. 6. Lineweaver-Burk plot of compound 10 (A), 11 (B), 13 (C), 17 (D) resulting from sub-velocity curves of BChE activity with different substrate concentrations
(0.5-20 uM) in the absence and presence of the compounds with different concentrations.

Table 2
The inhibitory activities against ChEs of the hits from virtual screening.
Compound ID number AChE BChE IR (%) or ICso (UM)
IR" (%)
IR" (%) eqBChE huBChE
2 716278154 26.2 = 0.1 61.7 = 0.3 0.6 = 0.2 21.8 = 70.0
3 719109045 19.2 + 0.5 19.7 + 25 nd® nd
4 7425617508 214 = 0.7 17.5 = 5.6 nd nd
5 G396-0941 141 £ 1.0 84.3 = 0.3 0.3 £ 0.1 9.3 = 20.7
6 C036-0014 18.4 + 0.8 19.0 + 3.8 nd nd
7 C036-1009 125 £ 0.4 4.0 = 1.0 nd nd
8 72654588491 19.5 £ 0.7 37.8 = 0.3 nd nd
9 C528-1247 8.6 + 1.3 19.3 = 2.8 nd nd
10 757362660 18.7 £ 0.7 66.0 = 0.3 22+ 0.2 7.5 £ 5.0
11 C769-1472 225 = 1.7 74.7 = 0.6 0.7 = 0.2 1.3 = 0.6
12 C481-1228 16.0 £ 1.0 514 = 1.3 13.5 = 2.2 78.4 = 100.1
13 7343973836 11.8 £ 0.2 90.5 = 0.5 0.7 = 0.2 1.4 £ 1.9
14 7105648980 11.8 £ 0.3 51.1 = 2.0 73 = 1.1 NA!
15 STOCKS5S-92892 19.2 £ 0.1 24.52 * 2.3 nd nd
16 764830473 11.5 £ 0.5 8.4 + 0.6 nd nd
17 72164597606 9.3 £ 0.4 61.9 = 0.9 1.3 £ 0.3 1.7 £ 2.7
18 746480114 20.8 = 0.7 146 = 0.3 nd nd
Tacrine 89.3 = 0.1 919 = 0.2 0.009 =+ 0.002 0.003 = 0.004

All data are shown as mean * S.E.M. of three experiments.
2 AChE (EC 3.1.1.7) from electric eel.
b BChE (EC 3.1.1.8) from horse serum.
¢ nd = not determined.
4 NA = no active.

(11.0 = 2.4%). More interestingly, six compounds showed better (10uM:121.8 + 6.5%, 50 uM:161.3 = 1.3%) and 17(10 uM:108.0 +

performance at concentration of 50 uM than 10 uM, especially com- 0.5%, 50puM: 133.1 + 4.8%). The results indicated that hit com-
pound 2 (10pM: 99.5 = 1.5%, 50puM: 131.1 = 1.8%), 10 pounds except 5 showed preliminary safety on neuronal cell SH-SY5Y.
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shown in yellow stick mode. Only polar hydrogen atoms were shown. H-bonds are represented by light green dotted lines.

Table 3

Predicted Free Energies (kcal/mol) for Binding of 2, 5, 11 or 13 to Human BChE by the MM/PBSA Method.

Energy terms (kcal/mol) 10 11

13 17

VDWAALS* —52.13 + 4.38 —53.23 £ 2.78 —46.50 + 4.49 —41.74 £ 2.78
EEL" —141.21 * 19.62 —141.02 * 13.43 —111.41 + 17.87 —137.42 £ 9.67
EGB® 149.40 = 16.06 147.32 = 12.30 127.16 = 17.93 155.53 + 10.18
ESURF! —6.50 = 0.45 —6.06 = 0.29 —554 = 0.55 —5.12 = 0.26
DELTA G gas® —193.34 + 19.85 —194.25 * 14.45 —157.91 + 20.74 —179.15 = 10.29
DELTA G solv’ 142.90 + 16.13 141.26 + 12.21 121.62 + 17.61 150.11 + 10.17
DELTA TOTAL® —50.45 £ 8.24 —53.00 = 4.77 —36.29 £ 5.29 —29.04 £ 3.40

van der Waals energy.
Electrostatic energy.

Polar solvation energy.
Non-polar solvation energy.
¢ Total gas phase free energy.
f Total solvation free energy.
8 Total binding free energy.

a
b
c

d

2.8. ADMET in silico prediction

As shown in Table 4, all compounds appeared to have moderate or
poor solubility in aqueous media and have high hydrophobicity,
whereas it possessed good absorption except compound 5 and 11.
Fortunately, two compounds with better inhibitory activity (compound
5, 11) were predicted to have very high blood-brain barrier (BBB)
penetration, which is a favoured property for the treatment of AD.
Compounds with PSA-2D > 80 (12, 14, 17) are difficult to penetrate
the BBB. Further modification can be done in consideration of de-
creasing PSA-2D to improve the BBB penetration. All compounds may

123

not bind to CYP2D6, which would be beneficial for ensuring the effi-
cacy of compounds and avoiding the potential side effect. All com-
pounds may be highly bound to plasma proteins except compound 13.
In this prediction, however, most compound exhibit hepatotoxicity
except (2, 5, 13), and further biological experiments are required to
obtain additional data.

3. Conclusion

In the present study, we demonstrate the effectiveness of using a
hierarchical structure-based virtual screening work owing to identify
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Fig. 8. Residue contributions of potential hot residues and energy decomposition of potential hot residues of 10(A), 11(B), 13(C) and 17(D); For all energies, unit is

Kcal/mol.

new BChE inhibitors. Developed pharmacophore features were vali-
dated by ROC curves, and the best-performing model was selected for
screening six commercial databases containing 3.9 million compounds.
Molecules passed drug-like filters were further studied by docking and
cluster. Compounds with good docking scores and showing structure
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diversity were evaluated for their in vitro enzyme inhibition activity.
Among 17 compounds selected for bioassay, 8 of them exhibited the
inhibition of < 20 uM on egBChE and 7 showed ICs, < 100 uM on
huBChE. No compounds showed inhibition on AChE. The ICs, of three
most active compounds (11, 13 and 17) on huBChE were 1.3 uM,
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Fig. 9. The cytotoxicity of hit compounds on SH-SY5Y cells.

1.4 pM and 1.7 puM, respectively. All these compounds with diverse new
scaffolds were selective BChE. The strategy we used in this study may
have a wide application in further rational drug design. These com-
pounds will no doubt provide a very good starting point for the dis-
covery of highly selective BChE inhibitors.

4. Experimental section
4.1. Pharmacophore model generation

The 3D structure of the human BChE was downloaded from Protein
Data Bank (PDB ID 5DYW) and imported into BIOVIA Discovery Studio
3.0 (DS, BIOVIA, San Diego, CA, USA). The protein was prepared within
protein preparation module as the basis of pharmacophore generation
and docking. The pharmacophore models were constructed using the
Receptor-Ligand Pharmacophore Generation protocol of DS. The para-
meters for pharmacophore generation were set as follows: Minimum
Features 4, Maximum Features 6. Other parameters were set as default.
The exclusion volume was added to the pharmacophore model as de-
fault.

To evaluate the performance of the model, a dataset contained ac-
tives and decoys was prepared. The Decoy-Finder was used to generate
a set of decoys starting from 10 active compounds. The protocol gen-
erated 36 decoys from Zinc database for each active. The parameters for
pharmacophore generation were set as follows: conformation genera-
tion: fast; Maximum Conformations: 100; fitting method: rigid. Other
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parameters were set as default. Receiving Operator Curve (ROC) was
employed to assess the quality of models.

4.2. Virtual screening

For the pharmacophore model, virtual screenings were performed
based on the query fit. The 3D database of six commercial databases
was prepared using the Build 3D Database module. Align Ligand was set
to True, and Search Method was set to Best. Other parameters were set
as default. The hits from the pharmacophore screening were filtered by
filtered by property module. The druglike filter was performed with the
Filter by Lipinski and Veber rules module in DS. Docking stimulation
was performed with the CDOCKER module implemented in DS. The
protein used for pharmacophore generation was used here. The binding
sites were defined as a site sphere (in 10A radius) around the native
ligand. Other parameters were maintained as the defaults. Cluster
Ligand with DS was used to cluster ligand. The number of cluster was
set as 10 and the predefined set was FCFP_6. Other parameters were
maintained as the defaults. Finally, 17 hits were purchased from
Topscience (www.tsbiochem.com), with purity > 95% (liquid chro-
matography-mass spectrometry, LC-MS).

4.3. Biological evaluation

The assay followed the method of Ellman et al., using a Thermo
Fisher Scientific spectrophotometer. AChE (EC 3.1.1.7, Type VI-S, from
Electric Eel, C3389), BChE (EC 3.1.1.8, from equine serum, C0663),
BChE (EC 3.1.1.8, from human serum), 5,50-dithiobis (2-nitrobenzoic
acid) (DTNB, D218200), acetylthiocholine iodide (ATC, A5751), and
butyrylthiocholine iodide (BTC, B3253) were purchased from
SigmaAldrich (St. Louis, MO, USA).

The test compounds were dissolved in dimethyl sulfoxide to stock.
For each compound, a dilution series of six different concentrations (10
4 to 10° M) were prepared. For measurement, a cuvette containing
3.0 mL of phosphate buffer, 100 uL of AChE or BChE, and 100 pL of the
test compound solution was allowed to stand for 5 min before 100 pL of
DTNB were added. After the addition of 20 uL of ATC or BTC, the re-
action was initiated and the solution was mixed immediately. Two
minutes after substrate addition, the absorption was determined at
25°C at 412 nm by Thermo Fisher Scientific spectrophotometer. 100 pL
of water replaced the enzyme solution were used to determine the blank
value. All measurement was performed in triplicate in parallel. The
inhibition curve was drawn by plotting the percentage enzyme activity

Table 4

Predicted pharmacokinetic properties of hits.
Comp. AlogP98* PSA-2D" Solubility Level® Absorption Level” BBB Level® PPB' CYP2D6? Hepatotoxic”
2 5.216 55.629 2 0 1 true false false
5 3.316 56.274 1 1 0 true false true
10 5.003 77.767 1 0 1 true false false
11 5.794 52.567 1 1 0 true false true
12 3.751 103.397 2 0 4 true false true
13 3.146 78.629 2 0 2 false false false
14 3.18 96.526 3 0 3 true false true
17 3.199 88.84 2 0 3 true false true
2 AlogP98: Lipophilicity descriptor.
b

PSA-2D: Polar surface area.
Solubility Level: (0, good; 1, moderate; 2, poor; 3, very poor).
Absorption Level: (0, good; 1, moderate; 2, poor; 3, very poor).

-

BBB Level: (0, very high blood-brain barrier penetration; 1, high; 2, medium; 3, low).
PPB Prediction: The classification describing whether a compound is highly bound (>

90% bound) to plasma proteins using the cutoff Bayesian score of

—2.209 (obtained by minimizing the total number of false positives and false negatives).
& CYP2D6 Prediction: The classification describing whether a compound is a CYP2D6 inhibitor using the cutoff Bayesian score of 0.161 (obtained by minimizing

the total number of false positives and false negatives).

" Hepatotoxic Prediction: The classification describing whether a compound is hepatotoxic using the cutoff Bayesian score of —4.154 (obtained by minimizing the

total number of false positives and false negatives).


http://www.tsbiochem.com
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(100% for the reference) versus the logarithm of the test compound
concentration. The ICso values were calculated by GraphPad Prism 6,
and the data were shown as mean *+ SEM.

4.4. Kinetic study

Kinetic studies were performed in the same manner as the de-
termination of ChE inhibition. For 10 and 17, the substrate (BTC) was
used in concentrations of 0.5, 2, 5, 10 and 20 uM. For 11, the con-
centrations were set to 200, 500, 800, and 1000 nM. For 13, the sub-
strate (BTC) was used in concentrations of 100, 500, 1000, and
2000nM. The enzymatic reaction was extended to 4 min before de-
tecting the absorption. Linear regression was used to plot the
Lineweaver-Burk plots using GraphPad Prism 6.

4.5. Molecular dynamics

MD simulations were performed using the PMEMD module in AMBER
16 accelerated by GPU system consist of the NVIDIA CUDA processor. [26]
The initial docking poses of 2, 5, 11 and 13 bound with BChE were im-
ported, respectively. The proteins were assigned with the AMBER {f99SB
force field while the ligands were treated with the ANTECHAMBER
module and the general AMBER force field [27,28]. All hydrogen atoms of
the proteins and ligands were added using the Reduce Module. The sys-
tems were solvated in a TIP3P water box in a 9 A hexahedron. Sodium ions
were added with the purpose of neutralizing the systems. To remove
possible steric stresses, the systems were minimized for 1,000 steps with
the steepest descent method, followed by application of conjugate gra-
dients for another 1,000 steps. All two systems were linearly heated from 0
to 300 K using a Langevin thermostat and weak restraints 10 kcal/mol on
the protein backbone atoms over 1ns. Finally, dynamics simulation of
20ns NPT ensemble was set at 1 atm and 300 K. After MD simulation,
2000 frames were extracted from the 20ns of trajectory for CPPTRAJ
analysis [29]. The MMGBSA method in the AMBER 16 was used to cal-
culate the binding free energies and energy decomposition [30].

4.6. MTT

SH-SY5Y cells (5 x 103, volume 0.1 mL) were placed in a 96-well
flat-bottomed plate, and the cells were adhered to the bottom of the
plate at 37° C overnight. Various concentrations of compounds were
treated on cells for 24 h. MTT reagent was added to the wells and the
plates were incubated for 4 h at 37 °C. The cells were disrupted by the
addition of 0.1 mL of lysis buffer to the wells. After incubation, they
were kept at 37° C for an additional 24 h, and the color reaction was
measured at 492 nm using a spectrophotometer.

4.7. ADMET in silico prediction

The ADMET properties (absorption, distribution, metabolism, ex-
cretion, and toxicity) and physicochemical properties of were calcu-
lated within ADMET software and Calculate Molecular Properties in DS
3.0
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