=
-
@)
=
=
<
-
<
Z
o)
<
~
)

Physiochemical features for designing
novel B-site APP-cleaving enzyme 1
inhibitor against Alzheimer’s
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Abstract

Background: B-site APP-cleaving enzyme 1 (BACE-1) is a target protein for therapeutic treatment of
Alzheimer’s disease. Objective: The present work focuses on designing of novel BACE-1 inhibitors by predicting
physiochemical features relevant to binding with the target. Methods: In an attempt, the Piperazine as BACE-1
inhibitors with reported Ki values was considered for multiple linear regression method. Results: The descriptors,
namely number of hydrogen bond acceptor (subs 1) and bond lipole (subs 2), are positively correlated, and the
dipole moment Y component (subs 2) is negatively correlated with the dependent variable. A few compounds were
predicted based on the regression equation. Conclusion: The predicted compounds were novel as determined by
fingerprinting and have improved value of binding constant for receptor interaction.
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INTRODUCTION

Izheimer’s  disease is a  fatal
Aneurological condition characterized

by the massive deposits of plaque
affecting memory.'?! The pathology of plaque
accumulation was explained by amyloidal
hypothesis.”®) The hypothesis postulates that the
major fractions of neurodegenerative plaque in
brain are the fragments of mutated amyloidal
precursor protein (APP). The cleavage at the
B-site and y-site of the APP is due to beta- and
y-secretase, respectively.¥ B-site APP-cleaving
enzyme | (BACEl) is a 501 amino acids
containing protein functioning and is a rate-
limiting step in the proteolysis of APP.*) The
survival of BACE-1 knockout mice also supports
the preference of the current target, i.e., BACE-1
over other therapeutic targets.[) A few chemical
compounds such as AZD3293, GSK 188909, and
MK893 1" reached clinical trials after struggling
for years but unfortunately failed. Numbers of
other small molecules have also been reported
in the last decade as novel BACE-1 inhibitors,
but none of them successfully reached market.
Thus, an effort to identify the novel BACE-1
inhibitors in minimum time frame with improved
selectivity was performed. The computational
approach is still the most preferred alternative to
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laboratory experiments. To satisfy the long felt need of novel
BACE-1 inhibitor, the regression analysis was performed
using TSAR 3.3 (www.accelrys.com) to predict the binding
of novel BACE-1 inhibitors./”) The compounds were predicted
based on regression equation and descriptors involved. The
fingerprint and similarity indices were also calculated for the
compounds using tanimoto index implemented in Discovery
Studio version 2.0 (DS) (www.accelrys.com).

METHODS

QSAR and Molecular Modeling

A QSAR approach to establish a correlation between 2D
descriptors and binding constant (Ki) was established by
TSAR. The data set was prepared from 37 known inhibitors of
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BACE-1 with reported Ki from the literature.'” The chemical
structures were then drawn using ChemDraw Ultra 8.0 (www.
cambridgesoft.com) in.Mol file. The structures were ultimately
imported in the TSAR sheet for energy minimization and
deriving charge.'* The dependent variable (Ki) was converted
as log function for data standardization. The independent
variables are the software enabled 2D chemical descriptors. The
descriptor generation was a structurally guided protocol of the
software. The chemical properties calculated on TSAR platform
are molecular properties such as inertia, bulk, Verloop, charge,
and log P. The connectivity, shape, topology, and the electrostatic
properties were also calculated.® The mutually correlated
descriptors were removed based on pairwise elimination
method. The most relevant descriptors with highest correlation
with binding constant were retained through data reduction.
The division of test and training set was performed by prime
consideration of variation of activity range in training set.'4 The
applicability domain was established by calculating higher and
lower leverage values of compounds in training set. The training
set with best statistical value of regression standard deviation (s),
Fisher value (f), and r and > with set of descriptors was further
validated by bootstrapping and Y randomization.!">!'®! The model
was cross-validated by leave-N-out (L-N-O) methodology.!'”

Predicted Compounds And Molecular Fingerprint

The low-molecular-weight compounds were designed from
regression equation and relevance of descriptors involved
in the study. Thus, the Piperazine scaffold N-((1S, 2S)-3-(3,
5-difluorophenyl)-1-hydroxy-1-((R)-4-(H-sulfonyl) piperazin-
2-yl) propan-2-yl) carboxamide) was utilized for the structural
optimization to identify virtual derivatives of interest. The
prime considerations for structure optimization were the highly
correlated descriptors for whole molecule as well as substituent.
The binding is also calculated as per equation (1) for all
predicted compounds. The novelty of compounds was checked
by tanimoto index protocol enabled in DS. It is a molecular
fingerprint and structural similarity indices technique. It
determines novelty of the molecular structure in a set of ligands
reported as BACE-1 inhibitors. The structural pool of 340
ligands was input reference ligand for similarity indices. The
minimum value of tanimoto index verifies the novelty of the
predicted ligand for a specific target.

RESULTS AND DISCUSSION

QSAR And Molecular Modeling

The regression analysis multiple linear regression (MLR)
was performed on a dataset of 37 compounds with Ki values
as dependent variable. The structures of all compounds in
training set and test set are presented in Figures 1 and 2.
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Figure 1: Structure of compounds in training set




inst Alzheimer’s

The equation (1) was generated for 25 compounds in the
training set presented below:

Log (1/Ki) =-0.528*X1 + 0.099*X2 + 1.247*X3 + 5.67 (1)

n=25 1=0.89 Svalue=0.38 F value=59.70

The regression coefficient (r) is 0.94. The most relevant
descriptors entered for model development were dipole
moment Y component (subs 2), bond lipole (subs 2), and
number of hydrogen bond acceptor (subs 1) [Table I:
Confidence Table]. The validation was performed by
bootstrapping, Y randomization, and cross-validation. The
model was internally validated by the 1*(0.78) obtained from
test set. A graph representing value of r* for test and training

set is presented in Graph 1. The model was cross-validated
by L-N-O method, where N is 2. The value of r’cv was 0.83.

Atabular representation of compounds for model development
with values of descriptor for each molecule is presented in
Table 2:

The descriptor with highest correlation with the dependent
variable was found to be number of hydrogen bond acceptor
(subs 1). A figure representing all the descriptors under study
is presented in Figure 3.

The mutually correlated descriptors were not retained
for model development. Thus, a correlation matrix of the
descriptors is presented in Table 3.
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Figure 2: Structure of compounds in test set
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Graph 1: Actual and predicted values of training and test set
for multiple linear regression

Table 1: Confidence Table

Descriptor Coefficient Jackknife SE Covariance SE t-value t-probability
Dipole moment Y component (subs 2) -0.528 0.094 0.078 -6.711 1.21815e-006
Bond lipole (subs 2) 0.099 0.027 0.023 4.169 0.000433714
Number of hydrogen bond 1.247 0.202 0.177 7.013 6.34679e-007
acceptor (subs 1)

Constant -3.339 0.280
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Table 2: Data set of compounds with value of dependent and independent variable for regression analysis

Compound Ki (dependent variable) Descriptors-independent variables
name Log (1/Ki)  Pred. Ki by Dipole moment Y Bond lipole (subs 2)  Number of hydrogen bond
MLR component (subs 2) acceptor (subs 1)

b1 8.522 7.404 0.205 6.078 1
2 9 9.236 -0.480 8.308 2
®3 8.301 7.587 -0.007 6.784 1
4 9 9.280 -0.551 8.373 2
b5 9 7.538 0.3957 8.441 1
6 7.853 7.608 0.263 8.438 1
7 7.221 7.643 0.363 9.326 1
°8 6.437 6.603 -0.199 8.416 0
9 6.397 7.075 0.979 6.882 1
10 9 8.573 0.352 6.073 2
11 8.154 7.298 0.921 8.820 1
612 9 8.249 1.485 8.832 2
13 7.376 7.314 1.052 9.671 1
14 8.698 8.516 0.015 3.701 2
15 7.698 6.939 0.939 5.310 1
®16 9 8.129 1.072 5.431 2
17 6.920 7.283 0.217 4.925 1
18 8.698 8.628 -0.783 0.583 2
19 6.508 6.050 2.618 5.292 1
20 9 8.775 -0.165 5.353 2
21 7.136 6.863 2.421 12.414 1
22 8.154 8.230 0.095 1.259 2
623 7.346 6.087 2.266 3.791 1
24 7.886 8.177 5.96E-08 0.217 2
25 8.522 8.028 -1.793 1.729 1
26 8.154 7.230 -0.496 0.597 1
627 8.096 7.241 0.162 4.218 1
28 8 6.614 0.908 1.871 1
29 7.275 7.327 -0.725 0.354 1
30 6.619 6.960 0.422 2.772 1
31 6.013 5.988 2.148 2.170 1
32 5.920 5.723 2.564 1.721 1
33 5.236 5.906 2.548 3.468 1
34 7.136 6.930 0 0.218 1
35 7.022 7.012 0.398 3.168 1
36 9 8.756 0.449 8.419 2
37 8.522 8.786 0.394 8.431 2
#38 9 10.482 -0.478 8.303 3

bTest set compounds, *Not included for deriving correlation. MLR: Multiple linear regression

Predicted Compounds And Molecular Fingerprint compounds were predicted in this paradigm, considering

relevance of descriptors for target. The results of regression
The structural modifications at different position were done  analysis prompted the designing of molecules by introducing
for designing novel molecules as BACE-1 inhibitors. Five hydrogen bond acceptor groups at substitution 1. The
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zheimer’s

Table 3: Correlation matrix of descriptors with the dependent variable

Descriptor Dipole moment Y Bond Number of hydrogen Dependent
component (subs 2) lipole (subs 2) bond acceptor (subs 1) variable
Dipole moment Y component (subs 2) 1 0.195 -0.446 -0.732
Bond lipole (subs 2) 0.195 1 -0.015 0.186
Number of hydrogen bond -0.446 -0.015 1 0.793

acceptor (subs 1)

Table 4: Structure of predicted compounds with their calculated binding constant

Name Structure of pred. Dipole moment Y Bond Number of Calculated
compound component (subs 2) lipole (subs 2) hydrogen bond Ki from
acceptor (subs 1)  equation (1)
A1.mol #0 -2.11 1.988 2 9.46
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binding of these predicted compounds was calculated as
per equation (1) and compared with that of compound of
highest and lowest Ki value of training set. All the predicted
compounds exhibited improved binding constant with
the BACE-1 receptor. To check novelty of the predicted
compound by fingerprinting technique, the tanimoto index
for all compounds is <0.11. The compound A3 with highest
binding constant has tanimoto index of 0.087 [Table 4].

CONCLUSION

To identify the most relevant descriptors for receptor
binding of BACE-1 inhibitors, the regression analysis was
performed by multiple linear regression method. The model
was internally validated by test set predictions with value
of ? as 0.78. The model reflected H-bond acceptor (subs 1)
as the most relevant positively correlated descriptor. The
predicted compounds showed improved calculated binding
constant with the receptor BACE-1. Among all the predicted
compounds, the tanimoto index calculated for compound A3
is 0.087. In conclusion, the overall affinity of the compounds
was expected to increase by introducing hydrogen acceptor
group at substitution. The structure optimization of predicted
compounds can be further explored to identify novel BACE-1
inhibitors with improved binding with the receptor.
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