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ABSTRACT

The COVID-19 pandemic, caused by the SARS-CoV-2 virus, has led to the hospitalization of over 287 million individuals worldwide and
resulted in more than 7.1 million deaths globally. This pandemic has sparked a significant surge in medical research globally. Computer-
aided drug design enables the study of the behavior of existing molecules. It makes predictions on the properties of new derivatives, which
could show promise as safer and more effective alternatives. Therefore, this work considered machine learned quantitative structure-activity
modeling in predicting the bioactivity of some 1-heteroaryl-2-alkoxyphenyl compounds. The grid-search support vector regression (GS-
SVR) model was adopted as the representative machine learned QSAR model as it outperformed other models, R? = 0.924 (= 0.6) and Q%cv =
0.858 (= 0.5). Furthermore, structural activity relationship studies generated 102 new compounds which were evaluated using the GS-SVR
model. Lead compounds were selected and docked at the active sites of SARS-CoV-2 main protease (MP), papain-like protease (PLP),
and spike glycoprotein. These compounds showed visible interactions with the amino acid residues at the active sites of these receptors.
However, the docking scores of the compounds with the spike glycoprotein were higher than those of the standard drug, CP-100356, a spike
glycoprotein inhibitor, unlike in the MP™ and PLPr. The stability and flexibility of the complexes were determined via molecular dynamics
simulation. The average RMSD values of the unbound protein and the complexes were below 2.50 A, confirming their stability. Given the
promising results, these molecules are currently being considered for synthesis and further investigation against SARS-CoV-2 cell lines.
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INTRODUCTION anchoring and penetration of the virus via binding with the host cell
protein angiotensin-converting enzyme 2 (ACE2).7#

The M-protein is the most abundant structural protein of
coronaviruses. The position of this protein enables it to interact with
other structural proteins, such as the S-, E- and N-proteins®, thus
facilitating viral assembly. It also aids in S-protein attachment and is
therefore culpable in immune evasion and pathogenicity.>!!. Papain-
like protease (PLpro), also known as Nsp3, is the biggest Nsp and has
a variety of functions. It oversees the cleavage of viral polyproteins
into functional components along with Nsp5.!2 In addition, NNsp3
contributes to the assembly of viral particles, the start of cytokine
storms, and the creation of double-membrane vesicles through
interactions with Nsp4. Lastly, Nsp3 decreases the production of
interferon genes, which are essential for the controllin viral infections,
as well as the host enzyme poly-[ADP-ribose] polymerase (PARP),
whose function is to impede viral replication.’® The crucial roles of
these proteins in the replication and survival of SARS-CoV-2 virus
have made them attractive therapeutic targets for inhibiting and
reducing the deleterious effects of the virus in humans.

Since the outbreak of the COVID-19 pandemic, several efforts
have been made to contain the spread, as well as to treat and manage
COVID-19 conditions. Although a level of success has been achieved
in the vaccine industry'*'%, the demand for small molecules with the
potential to target and inhibit the virus remains high on the agenda.
Critical viral proteins such as the spike protease!®, the M-protease'’,

and the Papain-like protease'®, among others, have been targeted with
g;’ﬁf’:g;‘;:ﬁlﬁ:’;g:gg;;h;::ﬁczer‘idgyr:s:y‘?nEmmanuel S novel structurally diverse small molecules, including the repurposing
oluwatoba.oyeneyin@aaua.edu.ng of existing drugs'®?%; however, small molecules with high selectivity

The positive-sense RNA virus known as severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2) is the causative agent of
COVID-19, which has caused millions of deaths and morbidity
globally.! SARS-CoV-2 belongs to the large, enveloped, single-stranded
RNA virus family Coronaviridae and subfamily Coronavirinae, which
have a diameter ranging from 65 to 125 nm. They appear spherical
with finger-like protrusions (glycoproteins) termed spikes on their
surface.2* The Coronavirinae subfamily is categorized into four groups
(alpha, beta, gamma and delta) that have been reported to infest
mammals, causing varying clinical syndromes.*

As a capped and polyadenylated viral RNA, SARS-CoV-2 has a
70-base 5' leader sequence that encodes 13-15 open reading frames
(ORFs), with 7-10 of those bases being transcription regulatory
sequences (TRS-L). ORFla, the longest region of the genome, encodes
two genes; the papain-like protease and the 3CL protease. In contrast,
ORF1b encodes enzymes critical for viral replication, including RNA-
dependent RNA polymerase (RdRp), endonuclease and a helicase.
Other regions encode structural proteins such as the spike (S)
protein, envelope (E) protein, membrane (M) protein, nucleocapsid
(N) protein, and accessory proteins. These proteins play crucial roles
in the replication and survival of the virus.>® The spike protein is a
150 kDa transmembrane protein embedded into the surface of the
viral envelope and contains subunits S1 and S2 that moderate the
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and potency are in demand. Recently, a target-based screening of
Medicines for Malaria Venture (MMV) open-access compound
libraries against SARS-CoV-2 proteases,specifically the papain-like
protease (PLpro), was conducted. From this screening campaign,
followed by subsequent hit-optimisation, three heterocyclic small
molecules emerged as promising PLpro inhibitors, exhibiting ICs,
values in the range of 0.06-0.16 uM. Furthermore, the most potent
compound in this series inhibited SARS-CoV-2 viral replication in
HeLa cells and demonstrated favorable pharmacokinetic properties.?!

Computer-aided drug design is crucial in the search for new and
more efficient drugs than existing ones. It also speeds up the drug
discovery process and has become popular among drug developers.?
In drug optimization and modification, one of the techniques
involves studying the behavior of existing drugs and derivatizing
them for the purpose of improving their bioactivity with improved
safety or for repurposing. Derivatives of 1-heteroaryl-2-alkoxyphenyl
analogues have been reported to possess inhibitory potentials
against SARS-CoV-2 replication.?* However, further improvements
and insights into their specific targets are required. This work utilises
quantitative structural activity relationship (QSAR) to predict more
potent derivatives, as well as other techniques including molecular
docking and dynamics simulation, to study the interactions at the
molecular level and their impact on the conformational dynamics
of their targets. We further developed mathematical models,
combiningtraditional QSAR and machine learning models to predict
the activity of these compounds. This work thus provides novel
derivatives with improved inhibitory prowess against SARS-CoV-2
targets (Spike protein).

MATERIALS AND METHODS
Data Collection

Some anti-COVID 1-heteroaryl-2-alkoxyphenyl analogues from
antiviral assay against SARS-CoV-2, named A1-A21 here, with their
ECs,in uM (Table 1), from the literature?> were modeled and imported
into Padel descriptor software? to generate their molecular descriptors.
The descriptors were generated and saved in a .csv file for further
processing. This process was repeated to generate the descriptors of
102 (B1-B102) newly derivatized molecules via structural-activity
relationship (SAR).

Data Pre-processing
Normalization and Data Pre-treatment

The calculated descriptors were normalized to within the range of 0 to
1 using Equation 1. The Min-Max normalization scaler algorithm in
Python’s machine learning framework: scikit-learn was deployed. This
gives each variable the same opportunity at the onset to influence and
develop a good model.?

X, -X

— min 1

Xmax - Xmin

X, is the descriptor’s value for each molecule, ¥, and X, are the
minimum and maximum values for each descriptor, respectively. The
first phase of data pre-treatment was performed using the DTC Lab
software?® before data division to remove inter-correlated descriptors,
using a Pearson correlation coefficient threshold of 0.85. A total of 199
such descriptors were removed from the original 1445 descriptors in
the dataset.

Data Division

The Kennard and Stone’s algorithm?” method was used to divide
the data into a training set (70% of the dataset, comprising 15
compounds), to build the model and a test set (30% of the dataset,
comprising 6 compounds), for external validation of the built model.

The second phase of data pre-treatment was done after data division
to remove an additional 46 inter-correlated descriptors, resulting in
1200 descriptors for the actual model development. The Kennard
Stone algorithm partitions the dataset based on samples with the
maximum Euclidean distance between them. Threshold used for the
statistical significance tests - R%, LOF and Q? were included in the
discussion of the results.

GFA-QSAR Model Development

The genetic function approximation (GFA) approach was used to
develop the first QSAR model, from Material Studio software.?
GFA is a computational method that models evolution in humans.?
The population and generation of the model were set as large
as possible for adequate convergence of the model, to 1000 and
2000, respectively. The biological activity (pECs) is the dependent
(target) variable, while the physicochemical properties (molecular
descriptors) are the independent variables. Four optimal descriptors
(SpMax8_Bhm, SpMin4_Bhp, CIC2 and MDEC-22) obtained from
GFA were used in building the model.

Internal validation of the GFA-QSAR model

Standard internal validation parameters from Material Studio were
used to internally validate the training set. They include the following:

Friedman'’s lack of fit (LOF)

Friedman’s LOF (Equation 2) was used to measure the fitness score of
the models. LOF is defined as:*

LoF=_ SFE 2

|_C+dpY
M

where SEE, p, d, ¢, and M are the standard error of estimation, the
total number of descriptors in the model, the user-defined smoothing
parameter, the number of terms in the model, and the number of
compounds in the training set, respectively. A model is described as
good if it has a low SEE value, it is described in Equation 3 as:

The Coefficient of Determination (R?)

This was used for the internal assessment of the QSAR model derived.
R? is expressed as (equation 4):

2
X (Yexp - Ytraining )

where Y ining 15 the mean of the experimental bioactivity, Y, is
experimental bioactivity and Y, is the predicted bioactivity in the
training set.

Adjusted (R?)
The adjusted R?is defined as (equation 5):
R?-P(n-1)

n-p+1

2 _
R =

where p and n are the number of descriptors in the model and the
number of compounds that make up the training set.

The cross-validation coefficient (va)

The strength of the QSAR model in predicting the activity of a new
compound was determined using a cross-validation test. The cross-
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Table 1: The anti-COVID compounds and their pECs, converted from their experimental ECy, (using pECs, = -logECs).
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*Experimental activity pECso(uM).
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2
cv

validation coefficient (Q ) is defined as (equation 6):
2
Z(Ypred - Yexp )

QG )=1-
( ) z"(Yexp - Ytraining )2

where Yiining 15 the mean of the experimental bioactivity, Yy, is
experimental bioactivity and Y4 is the predicted bioactivity in the
training set.

External validation of GFA-QSAR model

The built model was first validated externally using the R?;,cgiceq Value.
The R} eqiciea Value is defined as (equation 7):

2
b3 ( Ypredtest - Yexptest )

- 2
Z(Yprcdtcst - Ytraining )

Standard model performance evaluation metrics: correlation
coefficient (R), mean absolute error (MAE), mean absolute percentage
error (MAPE), mean squared error (MSE) and root mean squared
error (RMSE) were also used to externally validate the GFA-QSAR
model. They are defined in equations 8, 9, 10, 11 and 12, respectively.

R?=1-

2
Z ( Ypred test Yexp test )

R = et 8
Z:<varedtest - Ytraining )
MAE = Z‘4(| Yprcdtcst - chptcst D 9
n
z Yprcdtcst chptcst
MAPE = i x100 10
! v oy 11
MSE = ;(Ypredtest - Ypredlcsl )
1 T 2
RMSE = H(Ypredtest - Ypred‘est ) 12

where n, Ypredtest’ Yexptest’ Ypredtest and Ytraining are the number Of
compounds, predicted bioactivity, experimental bioactivity and the
mean of the predicted bioactivity for the test set.

Evaluation of the applicability domain of the QSAR model

The leverage approach was employed here’? to verify the QSAR
model’s suitability for screening new compounds in its domain of
application, and it is given as (equation 11):

hi :Xi(XTX)_l X7 13

where hi is the leverage of a chemical compound, X; is the training
compounds matrix of i. X is the m x k descriptor matrix of the training
set compound and X7 is the transpose matrix of X. As a prediction
tool, the warning leverage (h*) is the limit of normal values for X
outliers and is defined as follows (equation 12):

h' = 3M 14

n

where n and k are the descriptors and the training set compounds,
respectively.

Machine learning-based QSAR models

Four prominent machine learning algorithms that have been widely
used for QSAR modeling and have yielded promising results were
deployed to build QSAR models in order to compare their performance

with the baseline GFA-QSAR model. They include multiple linear
regression (MLR)*, random forest (RF) regression®, support vector
regression (SVR)* and a variant of SVR that uses the Grid-search
algorithm with cross-validation for hyper-parameter optimization
(Grid-SVR).%*

Multiple Linear Regression

Multiple (multivariate) linear regression (MLR) is one of the most
basic supervised machine learning algorithms. MLR came about as a
result of the limitations of the simple linear regression model, where
the prediction of the response (target) variable is dependent on a
single independent variable (predictor). In real-life scenarios, there
are many factors that determine the value of a continuous-valued
response variable, hence the need for MLR.

Given p distinct predictor (input) variables: X;, X,, X, a multiple
linear regression model takes the form:

Y=Bo+ B Xi + B Xy + cvrnnnn +B, X, +¢ 15

where X; represents the j predictor and p; is a regression coefficient
of j™ predictor variable, which connotes a quantitative relationship
between that variable and the target variable; ¢ is the error term.*’

The least-squares approach is used to fit a line of fit between the
predicted response and actual response, and estimate the parameters
of the MLR model - residual sum of squares (RSS) and residual
standard error (RSE). The predicted response for the i predictor is
termed §; while the actual value is y;. We therefore estimate the values
of Bo,B1,P--- B, that would minimize RSS.*

RSS=Z::1(yi—}7i)2 16

Random Forest Regression

Random forests are a special category of computational intelligence
techniques that belong to the ensemble-based machine learning models
group, where multiple models are combined into one to give more
accurate predictions. Ensemble models can be either homogeneous
(same type of individual models) or heterogeneous (different types of
machine learning models combined). In the case of random forests, the
models are homogeneous - multiple decision trees.”*® Random forests
as originally introduced by** were meant to be classifiers but random
forest regression is a generalization of random forest classifiers for
solving regression problems. Random forests prominence was born
out of the need to significantly reduce the bias and variance associated
with individual classification and regression (decision) trees by using
the divide and conquer approach to grow randomized tree predictors
from data samples and aggregating their results.

Cutler and Cutler® gave a mathematical basis for random forest
regression, thus:
Let X = (X}, X5eunnnn ,Xp)T be a p-dimensional random vector
representing the real-valued input or predictor variables and Y be
a random variable representing the real-valued target, we assume
an unknown joint distribution Pxy(X,Y). The objective is to find a
prediction function f(X) for predicting Y such that a loss function L(Y,
(X)) minimizes the expected value of the loss given as:

Exy (L(Y, X)) 17

L(Y, fiX)) is a measure of the closeness of f{X) to Y and it penalizes
values of (X) that are far off from Y. A typical choice of L is squared
error loss L(Y, (X))

L(Y, X)) = (Y - fAX))? 18

Minimizing Exy (L(Y, f{X))) for squared error loss gives the condition
expectation:

fX) =E(Y|X=x) 19

also called the regression function.
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The function f is constructed as a collection of each decision tree
known as base learners, denoted as h(X, ©,), h,(X, ©,),..... hi(X,
®) where ©, ©,,... ®; are independent random variables. They are
averaged and combined to give the ensemble predictor f{X). They are
averaged thus:

1 .
fX=7 hi(x) 20

Support Vector Regression

The Support Vector Machine (SVM) as a statistical learning method
was originally developed for classification problems where the values of
the target variable to be predicted belong to a finite or discrete set, and
thus formulates the classification problem as a convex optimization
problem.*" This optimization problem is aimed at finding the
maximum margin separating the hyperplane, where as many training
examples (points) as possible are correctly classified. The optimal
hyperplane selected is represented with support vectors. However,
in regression problems, as in this work, the classification problem is
generalized such that the model predicts a continuous-valued output.
The sparseness of the solution and the good generalization ability of
SVMs are made possible through their adaptation to SVRs (Support
Vector Regression) by introducing the e-insensitive loss function.*?

The main idea of SVR is to map the support vectors into a higher-
dimensional feature space, and then construct a regression function
f(x) that can accurately predict future values.® Given a set of training
data: {(x; y1), (x5, ¥2)> (X3,¥3)>.-... (X, ¥n)} where x; € RN and y; € R, our
objective is to produce a regression function f(x) that approximates
the non-linear relationship in (18) such that f(x) is as close as possible
to y to avoid over-fitting.

fx) = 0t.d(x) + b 21

where w is the weight vector, b is the bias and ®(x) represents the
transformation function that maps the lower-dimensional input space
to a higher-dimensional space. The optimization problem is presented
in a more formal way, thus:

Min o[+ CY" (&+&%)

s.t yi-0Te(x)-b<e+ 22
o' o(x) +b-y=e+&*
£84>0,i=12,...n

where ¢ is the difference between the predicted value, f(x) and actual
value y, n is the number of training examples and &, £%, i are additional
slack variables introduced by*, which determines that deviations of
magnitude & above ¢ error are tolerated. The constant C is referred
to as the penalty (or regularization) parameter, which determines the
penalty associated with the misclassifications based on the hyperplane
adopted by the model.

Lagrangian multipliers, which are reliant on the dot product of ®(x)
are adopted in SVRs and are accomplished through kernel functions
defined as K(x;x)) = (®(x;), P(x;)). Common kernel functions used in
SVRs are Radial Basic Function or Gaussian (RBF), linear, polynomial
and sigmoid.*

Grid-Search Based Support Vector Regression

It has been established that the level of accuracy of a machine-learning
model is dependent on the parameter settings. Therefore, developing
an accurate model requires the selection of optimal values of the
model’s hyperparameters. The hyperparameters of SVR algorithm
include the type of kernel function and its parameter (gamma), the
kernel’s degree (for polynomial kernel), the insensitive loss function
parameter (¢) which is the maximum tolerance level allowed for the
model’s residual error; and the penalty/regularization parameter
(C) which is a penalty that makes the model avoid large prediction
residual error, by penalizing predictions that are larger than e - the

larger the penalty, the more difficult it is for the model to produce
large errors.*

Different machine learning QSAR modelling techniques, such
as genetic algorithms* and Particle Swarm Optimization?, have
been used to select the optimal values of SVR’s hyperparameters.
However, the Grid search still remains one of the most widely used.
The Grid search algorithm with cross-validation employs a brute-
force approach to select the optimal value of each hyperparameter
from a range of values specified apriori, such that the prediction
performance criterion, which in most cases, the mean squared error
(MSE) is minimized.’® It finds the best combination from every
possible combination of hyperparameter values in the search space.
Its major advantage lies in its high learning accuracy and parallel
processing on each iteration of the cross-validation procedure. It is,
however, limited by the computational overhead incurred in large
datasets, which makes it more ideal for small datasets.*?

SAR on the existing compounds

A structure-activity relationship (SAR) study was carried out on
existing compounds to get new derivatives whose bioactivity can
be predicted using the developed QSAR models. The derivatives
were predicted by considering various factors. Sheathing the amine
group, for example, could provide many derivatives. In total, 102 new
compounds were derivatized from the existing compounds. Some
derivatives were obtained by incorporating cyclohexyl linkers into
compound A6, for instance.

Molecular docking

In order to investigate the inhibitory potentials of these compounds
against SARS-CoV-2, the lead compounds were docked at the binding
pockets of SARS-CoV-2 main protease (5R7Y, resolution 1.65 A), spike
glycoprotein (6MO], resolution 2.45 A) and a papain-like protease
(3E9S, resolution 2.70 A) using Schrddinger suite.* The structures of
the proteins were downloaded from an online protein database (www.
rcsb.org). For 6MOJ, it is a SARS-CoV-2 spike protein subunit S1 that
was complexed with an angiotensin-converting enzyme 2 (ACE2). The
ACE2 and its accompanying ions and/metals were removed to retain
the SARS-CoV-2 spike protein subunit SI. The protein and ligand
structures were prepared using the protein preparation wizard and
LigPrep* module using the OPLS4 forcefield.*® From the proteins,
water molecules and other non-binding atoms/molecules/metals were
removed. Additionally, missing loops, hydrogen atoms, cofactors and
ions were also added during protein preparation to ensure the full
function of the binding domain. The active sites (x = 10.59, y = -2.29,
z = 24.17 for 5R7Y; x = -30.99, y = 21.75, z = 30.12 for 3E9S and x =
-32.48, y = 12.64, z = 32.5 for 6MOJ) of the proteins were determined
using the site map and receptor grid generation modules before
docking the molecules at the active sites.

Molecular Dynamic Simulation

MD simulations for six (6) systems comprising the unbound
protein(Apo), Al6 complex, Al7 complex, B92 complex, B101
complex, and CP10035 complex were performed using the Graphics
Processing Unit (GPU) version of Particle Mesh Ewald Molecular
Dynamics (PMEMD) of AMBER18.5! The FF14SB force field was used
to parameterize the complex systems.”> ANTECHAMBER was used to
create atomic partial charges for the compounds by using the Restrained
Electrostatic Potential (RESP) and the general Amber Force Field
(GAFF) protocols.” The systems were then suspended in Transferable
Intermolecular Potential with 3 Points (TIP3P) solvent and then
neutralized with the addition of 0.15M Na* and CI- counter ions. Before
MD production, the systems were initially minimized with the steepest
gradient for 10,000 steps and then finally minimized with a conjugate
gradient for 5,000 steps using a restraint potential of 500 kcal/molA2.
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The systems were then heated slowly from 0 K to 300 K for 5ps in an
isothermal-isobaric NPT ensemble using a Langevin thermostat.>*
To remove bad energy and contacts, the systems were equilibrated
at 300 K for 1ps without energy restraint. MD production was then
performed for 200ns, with the SHAKE algorithm, which restrained all
hydrogen bonds at 2fs time step. The post-MD production analysis was
performed through the CPPTRAJ and PTRAJ modules® of AMBER
18. The Origin data tool was used to plot graphs, while Schrédinger
Maestro was used for visualization.

Molecular Mechanics Poisson-Boltzmann Surface Area
(MM-PBSA) calculations

The MM-PBSA method was employed to calculate the total free
binding energies averaged over 50,000 snapshots. The calculated free
binding energies help in understanding the ligand(compound)-receptor
relationship. This method has proven effective and reliable in predicting
the free binding energies of complexes®” as seen in equations 23-27.

AEbind = Ecomplex - (Eprotein + Eligand) 23
AGq =By + Gy — TAS 24

where AGy,,q indicates the free energy of the ligand-protein complex
total binding, minus conformational binding entropy (TAS).

AE,y, = AE,, +AE

int elec

+AE 4, 25

where AEy;, shows the total gas phase energy contributed by sum of
internal energy, electrostatic and van der Waals energy components.
The internal energy indicates the energy that arises from various
bonds, angles and torque.

E\=Eyoq +E +E 26

angle torsion

The sum of the polar AGpg,gp and non-polar AGg, contributions to
solvation are also represented as follows:

AGyy = AGpg,gp +AGgy 27

The polar solvation contribution is denoted as Gpp and Gyon-polar
represents the non-polar contribution energy and is computed from
the solvent assessable surface area (SASA), which is obtained by using
a 1.4 A water probe radius.

RESULTS AND DISCUSSION
GFA-QSAR Model

Four models were generated using the Material Studio 2017 software
based on the GFA approach. The model with the most optimal set of
parameter values suitable for a reliable and stable model, which also
satisfied the test of statistical significance, was selected (Table S1). The list
of descriptors, their descriptions and the dimensions of the descriptors
used in building the model are reported in Table S2. They descriptors
are: largest absolute eigenvalue of Burden modified matrix-n8/
weighted by relative mass (SpMax8_Bhm), smallest absolute eigenvalue
of Burden modified matrix-n4/weighted by relative polarizabilities
(Smallest absolute eigenvalue of Burden modified matrix-n4/weighted
by relative polarizabilities), complementary information content index/
neighborhood symmetry of 2-order (CIC2) and molecular distance
edge between all secondary carbons (MDEC-22). The model generated
by GFA is presented in equation 28.

PECs, = 1.128099888 * SpMax8_Bhm — 2.101497100 * SpMin4_Bhp —
1.558563054 * CIC2 + 1.863917815 * MDEC-22 + 4.860691421 28

The comparison of experimental bioactivity, predicted bioactivity and
residuals of the developed GFA-QSAR model was presented in Table 2.

The graphical representations in Figures 1 and 2 depicts the
comparison of the experimental and predicted bioactivity and the
residual plot respectively.

Table 2: Comparison of experimental bioactivity, predicted activity and
residuals of GFA-QSAR model.

S/N Experimental Predicted Residual Values
Bioactivity Bioactivity
Al *5.32790200 5.39808500 -0.07018200
A2 5.26760600 4.99249800 0.27510800
A3 5.79588000 5.64036300 0.15551800
A4 *5.76955100 5.75999200 0.00955900
A5 4.39794000 4.34194800 0.05599200
A6 5.76955100 5.75999200 0.00955900
A7 5.07572100 5.09947600 -0.02375500
A8 *5.07058100 5.03378200 0.03679900
A9 5.07572100 5.09947600 -0.02375500
Al0 4.82390900 4.66317700 0.16073100
All 4.30103000 4.63411100 -0.33308100
Al2 4.30103000 4.37018100 -0.06915100
Al3 5.38721600 5.20068500 0.18653100
Al4 5.67778100 5.70092400 -0.02314300
Al5 5.50863800 5.78809700 -0.27945900
Al6 *5.85387200 5.74587300 0.10799900
Al7 5.74472700 5.74707200 -0.00234400
Al8 *5.20760800 5.40840700 -0.20079800
Al19 4.82390900 4.89146700 -0.06755800
A20 5.63827200 5.40840700 0.22986500
A21 *5.26760600 5.40204000 -0.13443400
*test set
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Figure 1: Graph of Experimental vs. Predicted Bioactivity for GFA-QSAR
model.
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Figure 2: Residual Plot for GFA-QSAR model.
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Validation results for GFA-QSAR model

The results for the internal validation of the GFA-QSAR model
are presented below (Table S3). LOF = 0.139184, R? training set =
0.898489, R? adjusted = 0.873112, Q?., = 0.89833, N training = 15.
External validation results for the GFA-QSAR model are: correlation
coefficient (R) = 0.9377, R*cqicea = 0.8792, mean absolute error
(MAE) = 0.093295, mean absolute percentage error (MAPE) = 1.74%,
mean squared error (MSE) = 0.012738, root mean squared error
(RMSE) = 0.11286.

Applicability Domain Analysis

The warning leverage (h*) was computed as h* = (3*(4 + 1)) / 5 =1.0.
The Williams Plot of leverage and Standardized Residuals is presented
in Figure 3.

The results from both internal and external validation of the GFA-
QSAR model show that it is a statistically valid and reliable model
as the values of all validation parameters passed the statistical test of
significance and exceeded the threshold values - correlation coefficient
(R) = 0.9377, R? = 0.898489, R? adjusted = 0.873112, R? predicted =
0.8792 (all = 0.6, and the closer to 1.0 the better); Rz - Q* = 0.159
(£0.3), Q%,, =0.89833 (= 0.5); LOF = 0.139184 (the closer to 0 better);
MAE = 0.093295, MAPE = 1.74%, MSE = 0.012738, RMSE = 0.11286
(the closer the values of the model performance evaluation metrics
are to 0, the better).’® The high correlation coefficient, R value for
the training set (0.9377) confirmed that the model can successfully
predict the activity of a new compound, as the correlation between
the predicted bioactivity and experimental bioactivity is quite strong.

The GFA-QSAR model, as shown in the from the Williams Plot
in Figure 3, indicates that there was only one structurally influential
chemical - a compound from the test set (compound 16), which had
a leverage value higher than the warning leverage (h = 2.18, where
h* = 1.0). There were no outliers in the model as all compounds (both
in the training and test sets) had standardized residuals within the
allowable + 3.0 standard deviation limit.* Since all but one of the
leverage values fell within the chemical space and there are no outliers,
we can therefore conclude that the developed QSAR model effectively
predicts that a new chemical will lie within its structural domain and
is hence considered reliable.

Machine-learning based QSAR Models

Codes for the machine-learning models were written in Python from
the Scikit-learn framework. The equation for predicting the bioactivity
of chemical compounds using multiple linear regression is presented
in equation 29.

PECs, = 1.036156 * SpMax8_Bhm — 2.413685 * SpMin4_Bhp —
2.140968 * CIC2 + 2.808991 * MDEC-22 + 4.8997081 29

A range of values was used for each of the hyper-parameter of the
support vector regression (SVR) model, which are:
1. Kernel function: Radial Basis Function (RBF), Polynomial (poly),
Sigmoid and Linear
2. e-insensitive loss function parameter (¢): 0.001, 0.01,0.1 and 1
3. Gamma parameter of kernel function, g: 0.01, 0.001 and 0.0001
4. Penalty parameter, C: 4, 5 and 6

The optimal values of the hyper-parameters for SVR obtained using
the Grid-search algorithm are:

Kernel function: Linear, ¢ = 0.1, g=0.01 and C= 6.

The equation for predicting the bioactivity of molecules using the
support vector regression model with grid-search hyper-parameter
optimization (Grid-SVR model) is given in equation 30.

pECs, = 1.10083009 * SpMax8_Bhm — 1.72257249 * SpMin4_Bhp —
1.35899954 * CIC2 + 1.35135594 * MDEC-22 + 4.93987096 30
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Figure 3: Williams Plot of standardized residuals vs. leverage with a warning
leverage of h* = 1.0

The predicted bioactivity obtained from the Machine learning
QSAR models were compared to the experimental bioactivity as
presented in Table 3.

Graphs showing comparison of experimental and predicted
bioactivity and Residual plots of the machine learning based QSAR
models are presented in Figures 4 and 5.

External Validation of Machine learning based QSAR models

External validation of the machine learning-based QSAR models was
done on the external (test) set through a performance comparison of
the models with the baseline GFA-QSAR based on the standard metrics:
correlation coefficient, coefficient of determination (predicted), mean
absolute error, mean absolute percentage error, mean squared error
and root mean squared error. The results are presented in Figures 6, 7,
8 and Table 4, respectively.

Internal Validation of Machine learning based QSAR models.

The Machine learning based QSAR models were validated internally
using the leave-one-out-cross validation coefficient (QZ ) of the
training set. QZ, gives an idea of the predictive power of the QSAR
model in predicting the bioactivity of a new compound. Values of
Q2, for the four machine-learning models are presented in Table 5
and the plot comparing these values with those of the baseline GFA-
QSAR model is also presented in Figure 9.

The cross validation coefficient (Q?.) results of the machine
learning models show that all four were able to build valid models
from the training set with Q*v > 0.5, although the random forest
Regression model performed the poorest with Q%cv = 0.797 (Table 5).
However, the machine learning models, save for Grid-search based
SVR, were unable to generalize properly on an external dataset that
was not included in training the models (the test set). In other words,
they suffered from overfitting problems. The Grid-search-based SVR
model outperformed the baseline GFA-QSAR model in this regard -
R? predicted = 0.9235 compared to R? predicted = 0.8792 for GFA. All
three other machine learning models had R? predicted values < 0.6.
Regarding performance evaluation metrics of the QSAR models as
presented in Figures 7, 8 and Table 4. The Grid-Search-based SVR
models also outperformed other QSAR models with a performance
enhancement of 43.1% over GFA model, 291.9% over MLR, 281.6%
over RF and 314.3% over SVR, respectively, based on MAE evaluation
criteria. Considering MAPE, Grid-search SVR recorded a performance
improvement of 43.8% over GFA, 293.4% over MLR, 248.8% over RF
and 315.7% over the SVR model, respectively. A similar trend was
also observed in the RMSE values of the QSAR models with the Grid-
search SVR model outperforming others. It is not by happenstance
that the SVR model with grid-search optimization performed better
than all others, especially in comparison with the normal SVR model
that used the default hyper-parameter values and settings to build its
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Table 3: Comparison of Experimental and Predicted Bioactivity using Machine learning models.

Bioactivity of compounds

Predicted Bioactivity
SIN Experimental Bioactivity MLR RF SVR Grid-SVR
Al *5.327902 5.803247 5.140861 4.68275 5.32016
A2 5.267606 5.07403 5.029921 5.006586 5.012286
A3 5.79588 5.835405 5.698683 5.69552 5.55748
A4 *5.769551 5.866569 5.680253 5.669284 5.669292
A5 4.39794 4.404238 5.140861 4.498131 4.497693
A6 5.769551 5.866569 5.680253 5.669284 5.669292
A7 5.075721 5.119062 4.992259 4.975696 5.172917
A8 *5.070581 5.028713 4.967078 4.965952 5.115567
A9 5.075721 5.119062 4.992259 4.975696 5.172917
Al10 4.823909 4.671934 4.66512 4.724266 4.764941
All 4.30103 4.63363 4.455968 4.710897 4.733229
Al2 4.30103 4.28204 4.651209 4.401401 4.400915
Al3 5.387216 5.146439 5.416273 5.47446 5.287953
Al4 5.677781 5.638011 5.650647 5.650793 5.774943
Al5 5.508638 5.699539 5.589685 5.598023 5.867789
Al6 *5.853872 5.66089 5.660511 5.617467 5.826474
Al7 5.744727 5.685171 5.677426 5.64446 5.817732
Al18 *5.207608 5.48062 5.607622 5.549991 5.401324
A19 4.823909 4.933179 4.90473 4.963278 4.923793
A20 5.638272 5.48062 5.607622 5.549991 5.401324
A21 *5.267606 5.720233 4.747866 5.075904 5.28467
*test set

model. This demonstrates the effect of hyper-parameters optimization
on the performance of the machine learning models, with an
exponential improvement in their performance level.

Predicting the bioactivity of derivatized compounds.

The molecules derivatized using SAR were presented (Figures 10, 11
and 12). For instance, the sheathing of the amine in A7 enabled the
introduction of a wide range of cycloalkyl amines (Figure 10, B1-
B9). These analogues were incorporated to evaluate the influence
of the secondary amine in A7 on the activity. Cyclic amines such as
pyrrolidine, piperidine, and piperazine are valuable building blocks
in the design of pharmacologically active molecules, and many
approved drugs feature these motifs. Their inclusion often imparts
pharmacokinetic benefits,**¢! and their inherent conformational
constraint can reduce susceptibility to metabolic enzymes. The
inclusion of the primary amine B11 is to assess the contribution of this
less hindered amine to the overall activity.

Similarly, the eastern phenyl ring of Al was substituted with
various bioisosteres to afford the B12-B25 derivatives (Figure
11). The concept of bioisosterism is well established in medicinal
chemistry and is frequently used to enhance potency or address
physicochemical liabilities®¢*. For example, previous studies have
shown that cyclohexyl rings interact with aromatic amino-acid side
chain residuesin proteins in a manner comparable to phenyl rings,
thereby serving as effective non-aromatic bioisosteres®. Trimming
and/or elongating the piperidyl ring gave new derivatives (Figure
12), others are presented in Figures S1-5. The descriptors of the
derivatized compounds were generated, and the Grid-SVR model
equation was used as the representative QSAR model to estimate
their bioactivities, as it performed the best. The bioactivities of the
newly designed B1-B102 are presented (Table S4).

Molecular docking

Lead compounds (A14, A16 and A17), (B76, B92, B94 and B101) and
some inhibitors of SARS-CoV-2 main protease, M"™ (nirmatrelvir/
PF-07321332), spike glycoprotein/p-glp (CP-100356) and papain-
like protease, PLF (GRL0617) were docked at the binding pockets of
MPro, PLP and p-glp proteins. The co-ligand of the M was docked,
for comparison purposes. The docking scores and post-docking MM/
GBSA binding free energies of the complexes are presented in Table
6. The compounds’ interactions at the active sites of the receptors are
presented in (Figures S6-S30).

These molecules (A1-A21) were initially synthesized and
screened against the spike-glycoprotein.?® The conducted ML and
SAR studies showed that A14, A16 and A17 from the synthesized
compounds are lead compounds, while B76, B92, B94 and B101
are lead compounds from the modeled ones. To extend the anti-
COVID-19 potentials of the compounds beyond inhibiting the
spike protein, they were also investigated against the SARS-CoV-2
main protease and papain-like protease. The molecules exhibited
notable binding affinities with all the receptors, with the best
results observed with the spike glycoprotein receptor (Table 6).
However, with M and PL"®, the compounds generally had lower
docking scores and binding free energies than Nirmaltrelvir.
Apart from A14, which did not exhibit visible interaction, all the
compounds interacted with the two proteases via hydrogen bond
and m-7n stacking (supplementary material, Figures S6-S30). The
compounds had better docking scores and binding free energy
than the co-ligand (118569) accompanying the Mp*. With the spike
glycoprotein, all compounds except B94 (-4.767 kcal/mol) showed
lower docking scores than CP-100356 (-4.782 kcal/mol) with SP
docking, while all the compounds had higher docking scores than
CP-100356 (-3.810 kcal/mol) with XP docking. The compounds
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Figure 4: Experimental vs. Predicted Bioactivity of Machine learning QSAR models
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Figure 5: Residual Plots of Machine learning based QSAR models.

(b) Random Forest model
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Figure 8: Performance comparison of Machine learning QSAR models based on MSE and RMSE.
Table 4: Table showing performance comparison of Machine learning QSAR models.
MLR RF SVR Grid-SVR
R 0.6277 0.6837 0.6457 0.961
R? 0.394 0.467 0.417 0.924
MAE 0.2555 0.2488 0.2701 0.0652
MAPE (%) 4.76 4.22 5.03 1.21
MSE 0.0923 0.0869 0.1078 0.0085
RMSE 0.3038 0.2947 0.3284 0.0919
Table 5: Internal validation results of Machine learning based QSAR models.
MLR RF SVR Grid-SVR
Q 0.921 0.797 0.912 0.858
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also had higher binding free energies than CP-100356 (-48.53 kcal/
mol) except B94 (-46.71 kcal/mol) and B76 (-46.53 kcal/mol). A14
(Figure S23) interacted with GLY339 via its oxadiazole nitrogen
(hydrogen bonding). A16 and A17 (Figures S24 and S25) interacted
with GLY339 via their pyrrolidine oxygen linking the phenyl ring
(hydrogen bonding). This is because they are both isomers of each
other. B76 and B92 (Figures S26 and S27) interacted with GLY339
via their oxadiazole nitrogen (hydrogen bonding). B94 (Figure
$28) interacted with GLY339 via its phenoxy oxygen (hydrogen
bonding) and ASN334 via its sulfoxide group (hydrogen bonding).
B101 (Figure S29) interacted with ASN334 via its sulfoxide
group (hydrogen bonding) while CP-100356 showed no visible
interaction (Figure S30). The interactions of inhibitors of the SARS-
CoV-2 spike protein with amino acid residues of the protein, such
as GLY339 and ASN334, have been reported several times.5>.
Therefore, 6MO0J-A16, 6MO0J-A17, 6MO0J-B92, 6MO0J-B101 and
6MO0J-CP-100356 complexes were processed for MD simulation.

7\

")
O

Figure 10: Derivatives from sheathing of the amine group.
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Figure 11: Derivatives from replacement of the eastern phenyl ring.

Stability and flexibility of the complexes

The stability and flexibility of the complexes were determined by
calculating the RMSD and RMSF of the spike-glycoprotein c-a. The
complexes of Spike-glycoprotein were selected because they possess
higher docking scores and MM/GBSA binding free energies than
the standard drug CP-100356, unlike those in the main protease and
papain-like protease. The average RMSD, RMSE, RoG, SASA and
number of hydrogen bonds values and their corresponding standard
deviations are presented (Table 7), while their plots are presented in
Figure 13.

The average RMSD were 2.28+0.60 A, 2.32+0.49 A, 1.88+0.41 A,
1.49+0.24 A, 1.78+0.24 A and 1.57+0.19 A for unbound protein,
Al6, Al17, B92, B101 and CP-100356 complexes respectively. This
is indicative that all the complexes, apart from Al6, stabilized the
protein®, with B92 and B101 displaying lower deviations of the
c-a atoms relative to the other complexes. The average RMSF were
1.4421.01 A, 1.30£0.98 A, 1.09+0.66 A, 1.10+0.50 A, 1.04+0.53 A

and 1.01+0.44 A for unbound protein, A16, A17, B92, B101 and CP-
100356 complexes respectively. Higher RMSF values indicate higher
flexibility of the complexes and vice-versa. The compounds reduced
the flexibility of the domain upon binding, as the unbound protein
displayed a higher RMSF value.®’

The calculation of the solvent accessibility surface area (SASA) for the
domain was performed to determine the surface area of the compound
available for solvent interaction. The inner core of the protein is
hydrophobic in nature, therefore providing insight into the folding and
unfolding of the protein.” The average SASA values of the complexes
were 10011.22+251.39 A2, 9746.57+243.90 A?, 9898.22+227.76 A?,
9714.114217.78 A?, 9919.77+232.96 A? and 9777.47+234.97 A2 B92
and unbound protein showed the least and highest available surface
areas, respectively. Generally, the compounds induced folding of
the protein binding domain, with B92 showing the highest folding,
followed by A16, while B101 showed the least folding among the
compounds. The compactness of the protein was investigated by
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B34

Figure 12: Derivatives from elongation and trimming of piperidyl ring.

computing the radius of gyration (RoG). High RoG is associated with
less compactness and vice versa. The average RoG values of c-a atoms
were 18.51+0.16, 18.45+0.17, 18.39+0.13, 18.40+0.10, 18.52+0.13 and
18.45+0.12. Generally, the compounds and unbound protein have
almost similar average RoG values. Compared with the unbound
protein, the compounds increased the number of hydrogen bonds in
the protein matrix. Hydrogen bond interactions have been reported to
play a major role in the binding affinities of ligands.”

Hydrogen bond interactions of protein-ligand complexes

The dynamic hydrogen bond occupancy of the complexes for the
200ns simulation was computed and presented (Table 8). The
percentage occupancy recorded is the fraction of the simulation
time occupied by the hydrogen bonds. The O2 atom of A16 and the

N
3

B35S

ND2 of ASN343 displayed the highest occupancy of 9.07 % at 2.90 A
and an angle of 150.24° followed by the N4-A16 and OG of SER373
(4.21 %) at 2.83 A and an angle of 160.35°. The O2 atom of A17 and
the ND2 of ASN343 displayed the highest occupancy of 9.20 % at
2.90 A and an angle of 147.75°, followed by the N3-A17 and ND2 of
ASN343 (8.74 %) at 2.92 A and an angle of 156.00°. The N4 atom of
B92 and OG of SER371 displayed the highest occupancy of 4.80 %
at 2.87 A and angle of 157.88¢, followed by the N3-B92 and OG of
SER371 (4.24 %) at 2.84 A and angle of 159.39°. The N4 atom of
B101 and N of ASP364 displayed the highest occupancy of 20.04 %
at 2.92 A and angle of 158.98°, followed by the N3-B101 and OD1 of
ASN343 (11.53 %) at 2.82 A and angle of 156.67°. The N4 atom of
CP-100356 and OG of SER371 displayed the highest occupancy of
4.80 % at 2.87 A and angle of 157.88°, followed by the N3-CP-100356
and OG of SER371 (4.24 %) at 2.84 A and angle of 159.39°.
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Table 6: Docking scores and MM/GBSA energies of the molecules against SARS-CoV-2 receptors.

Compounds SP docking score (kcal/mol) XP docking score (kcal/mol) MM/GBSA
MPro (5R7Y)
Al4 -7.52 -5.84 -40.21
Al6 -6.42 -5.29 -23.83
Al17 -5.84 -4.72 -37.51
B76 -5.69 -6.10 -35.35
B92 -6.35 -5.25 -44.46
BY4 -6.52 -5.83 -43.16
B101 -6.43 -5.44 38.84
Nirmatrelvir -6.84 -6.39 -57.82
118569 -5.13 -3.86 -27.78
PLPro (3E9S)
Al4 -5.12 -3.92 -47.48
Al6 -4.32 -2.59 -32.81
Al7 -5.77 -5.89 -51.40
B76 -7.27 -7.63 -57.59
B92 -4.27 -3.53 -48.71
BY4 -5.59 -5.89 -61.40
B101 -6.32 -5.94 51.76
GRLO0617 -8.28 -7.55 -68.88
Spike Glycoprotein (6M0])
Al4 -4.83 -4.35 -50.93
Al6 -4.81 -4.32 -52.77
Al7 -4.82 -4.54 -54.27
B76 -5.39 -3.97 -46.53
B92 -5.74 -4.11 -54.69
BY4 -4.77 -4.59 -46.71
B101 -5.71 -5.32 -48.18
CP-100356 -4.78 -3.81 -48.53

Table 7: Average RMSD, RMSE, radius of gyration (RoG), solvent assessable surface area (SASA), hydrogen bonds of the complexes and average RMSD and RMSF

of the compounds, all with their corresponding standard deviations.

RMSD (A) RMSF (A) SASA (A2 RoG HB
Apo 2.28+0.60 1.44+1.01 10011.22+251.39 18.51%0.16 81.25+6.12
Al6 2.3240.49 1.30+0.98 9746.57+243.90 18.45+0.17 84.85+6.36
A17 1.88+0.41 1.09+0.66 9898.22+227.76 18.39+0.13 84.09+6.21
B92 1.49+0.24 1.10+0.50 9714.11+217.78 18.40+0.10 82.29+6.01
B101 1.78+0.24 1.04+0.53 9919.77+232.96 18.52+0.13 84.68+6.20
CP 1.5740.19 1.01+0.44 9777.47+234.97 18.45+0.12 84.02+6.40
Post-MD MM-PBSA CONCLUSION

Table 9 shows the MM-PBSA calculations, wherein the enthalpy
contributions are considered while calculating the binding free
energies (AGy,g) of the simulation trajectory. The energies represent
the total free binding energies that characterize the complexing of the
compounds.”’ These energies were averaged over 50,000 snapshots.
The computed energies indicate that the control (CP-100356)
showed the highest total free energy relative to the other compounds.
The higher the free energy, the lesser the reaction kinetics and the
more spontaneous the complexing.”” Other energies contributing
significantly to the AG include the electrostatic, van der Waals, and
the gas phase.

This study employed a quantitative structure-activity relationship
using machine learned QSAR modelling techniques to model the
bioactivities of some 1-heteroaryl-2-alkoxyphenyl compounds
obtained from the literature. Genetic function approximation
was used as the baseline QSAR method to first perform feature
selection of the most relevant molecular descriptors and to obtain
a preliminary model. Four machine-learning-based QSAR models,
namely, multi linear regression, random forest regression, support
vector regression and grid search-based support vector regression
(GS-SVR), were in turn adopted in developing predictive models of
the compounds’ bioactivities. The GS-SVR was found to outperform
all other models in estimating the bioactivities, owing to the hyper-
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Figure 13: Comparative plots (a) RMSD (b) RMSF (c) RoG (d) SASA and (e) number of hydrogen bonds showing the dynamics of the complexes over the
simulation periods. Inserts show the regions of the protein that display conspicuous fluctuations.

parameters optimization in the machine learning models. This is a
result of the optimization of hyper-parameters of machine-learning
models. A structural activity relationship study was performed
on some molecules to generate new derivatives, resulting in 102
new compounds. The GS-SVR model was used in predicting
the bioactivity of these new compounds. The compounds with
the highest bioactivity were selected for molecular docking and
dynamic simulations within the active site of SARS-CoV-2 receptors.
The compounds showed the best results with a spike glycoprotein
receptor, 6MOJ, as they had higher docking scores and MM/GBSA
binding free energies than CP-100356, a p-glycoprotein inhibitor.
The compounds interacted with the protein’s amino acid residues,
especially with GLY339 and ASN334, which is consistent with the
interactions of reported spike glycoprotein inhibitors. The average
RMSD of the complexes and unbound protein was below 2.5 A,
indicating the stability of the compounds at the active site of the
protein. The compounds reduced the flexibility of the domain upon
binding, as the unbound protein displayed a higher RMSF value.
From the solvent accessible surface area calculations, the compounds
induced folding of the protein binding domain, with B92 showing
the highest degree of folding. The computed energies indicate that
all complexing were spontaneous in the systems. Investigating these

compounds further would help in the discovery of more potent
inhibitors of SARS-CoV-2 spike glycoprotein.
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Table 8: Hydrogen bond occupancy, distance and angle formed between the host residues and the compounds (ligands).

Compounds H-Acceptor H-Donor Occupancy (%) Distance (&) Angle (°)
Al6 A16-02 ASN343-ND2 9.07 2.90 150.24
Al6-N4 SER373-0G 4.21 2.83 160.35
Al6-O1 ASN343-ND2 2.81 2.89 153.34
A16-N3 ASN343-ND2 2.73 2.93 155.83
Al16-N2 SER371-0G 0.13 2.85 157.33
Al7 A17-02 ASN343-ND2 9.20 2.90 147.75
Al17-N3 ASN343-ND2 8.74 2.92 156.00
A17-01 ASN343-ND2 0.79 2.89 153.96
A17-N4 SER373-0G 0.41 2.84 160.41
A17-02 ASN343-ND2 0.39 2.89 149.91
A17-N3 ASN343-ND2 0.14 2.93 158.07
B92 SER371-0G B92-N4 4.80 2.87 157.88
B92-N3 SER371-0G 4.24 2.84 159.39
ASN343-OD1 B92-N4 2.16 2.81 159.96
B92-01 ASN343-ND2 1.74 2.89 160.10
B92-N3 SER373-0G 0.63 2.83 161.13
SER371-O B92-N4 0.33 291 151.22
B92-N2 ASN343-ND2 0.29 2.92 153.54
B92-N1 GLY7-N 0.23 2.92 153.23
B92-N1 ASN343-ND2 0.17 2.92 158.00
B101 B101-N4 ASP364-N 20.04 2.92 158.98
ASN343-OD1 B101-N3 11.53 2.82 156.67
B101-0O3 GLY339-N 7.64 2.87 150.59
B101-O1 ASN343-ND2 6.14 2.88 158.23
B101-0O2 PHE338-N 1.12 2.87 156.06
B101-N2 ASN343-ND2 0.96 291 157.64
GLU340-OE1 B101-N3 0.68 2.76 163.36
B101-0O2 ASN343-ND2 0.21 2.92 153.48
B101-0O3 ASN334-ND2 0.15 2.88 158.91
B101-03 ASN370-ND2 0.14 2.86 157.65
B101-N2 GLY339-N 0.07 2.94 151.68
CP-100356 SER371-0G CP-N4 4.80 2.87 157.88
CP-N3 SER371-0G 4.24 2.84 159.39
ASN343-OD1 CP-N4 2.16 2.81 159.96
CP-O1 ASN343-ND2 1.74 2.89 160.10
CP-N3 SER373-0G 0.63 2.83 161.13
SER371-O CP-N4 0.33 291 151.22
CP-N2 ASN343-ND2 0.29 2.92 153.54
CP-N1 GLY339 0.23 2.92 153.23
CP-N1 ASN343-ND2 0.17 2.92 158.00

Table 9: MMPBSA energy profiles of the complexes averaged over 50,000 snapshots

System Energy components (Kcal/mol)
AE,q, AE, AGy, AG,; AGiying
Al6 -41.22+3.87 -10.68+8.58 -51.90+10.70 18.60+9.04 -33.30£3.56
Al7 -33.42+2.98 1.26+9.05 -32.15+10.13 4.40+9.02 -27.75%£2.85
B92 -33.32+5.26 -6.97+10.25 -26.35+10.38 1.00+£9.25 -25.34+5.06
B101 -41.11+4.56 -4.31+15.37 -45.43+17.07 -7.71£13.25 -37.71+6.56
CP-100356 -63.01+5.01 -9.93+4.62 -72.95+6.06 -25.57+4.46 -47.37+4.46
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