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Abstract

The Molecular structure of compounds contains a lot of information that can be used further. A
classical Quantitative Structure Activity Relationship (QSAR) method was used to decode that
information based on the descriptors. The study was performed on a mono-substituted series of
Glucokinase-Glucokinase regulatory protein inhibitors (GK-GKRP/GCKR). A sequential application of
the statistical method, both linear and nonlinear, has been used in the study which includes Multiple
Linear Regression (MLR), Partial Least Square (PLS), and Artificial Neural Network (ANN). The
developed model was validated using various statistical methods to evidently prove its reliability and
precision. This knowledge will be used to design a new compound. Docking studies will be performed to
establish the binding pattern of the designed compound. The prophetic power and robustness of the model
containing 26 compounds in the training set were proven by the various statistical parameter s value:
0.30, F-value: 41.8, r: 0.94, r%: 0.88, r>CV: 0.77. The model gives insight into the various descriptors that
are selected for the present study. The present study not only shows the contribution of various
substituents in the biological activity but also indicates the changes that can be done to design the new
potent molecules with more selectivity and less toxicity.

Keywords: Glucokinase-Glucokinase regulatory protein (GK-GKRP/GCKR), Quantitative Structure
Activity Relationship (QSAR), Docking, Multiple Linear Regression (MLR), Partial Least Square (PLS),
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Introduction

The prevalence of type 2 diabetes is increasing worldwide and it is estimated that by the year 2025
nearly 300 million people will be suffering from diabetes. Diabetes brings with it other metabolic
disorders and other complications like retinopathy, neuropathy, nephropathy, and peripheral and vascular
insufficiencies. The enhancement in the number of cases of type 2 diabetes has been majorly due to a
sedentary lifestyle and less physical activity. Insensitivity to insulin or changes in the level of insulin is
the major cause of type2 diabetes that results in an increased in blood sugar levels.

Glucokinase is one of the hexokinase isoenzymes that is responsible for the entry of glucose into the
glycolytic pathway. The liver and pancreas are the 2 major sources of insulin for the body. In liver and
pancreatic beta cells glucokinase is present that converts glucose to glucose-6-phosphate in pancreas. In
the pancreas GK is the rate-limiting enzyme for insulin secretion. In liver, it follows Non-Michaelis-
Menton kinetics (CGGTM). Direct activation of Glucokinase in the pancreatic cells has shown to induce
hypoglycemia due to over activation. Allosteric activation of GKs has been shown to decrease the glucose
level without any hypoglycemia [1]. Structural insights into GK have shown that it consists of 2 domain
that is large and small and occur in 3 state i.e. wide open (inactive), super open, and closed (active).
These large and small domains undergo transitional changes from active to inactive states [2].

In liver the GK activity is maintained by the protein called as Glucokinase Regulatory Protein
(GKRP). This GKRP remains bound to GK as GKRP-GK complex, during inactive super open
conformation of GK. This GKRP-GK complex is glucose dependent, so GKRP sequester GK in the
nucleus during fasting conditions. As the blood sugar level raises this complex disrupts to release of the
GK. The unbound GK will translocate to the cytoplasm to facilitate the metabolism of glucose by
converting the glucose to glucose-6-phosphate, the very first step of the glycolytic pathway [3,4].
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Targeting this protein in a manner to disrupt the complex will not affect the kinetics of the enzyme
and hence the risk to cause any hypoglycemia can be lowered [5]. In the present study, the Insilco tools of
qualitative structure activity relationship for drug discovery will be utilized to develop the new drug
entities. Various methods of in silico drug design like MLR, PLS, and ANN will be used to predict the
activity of the compound.

Material and methods

Dataset for analysis

An aryl series of 40 compounds having good log IC50 values is selected from the literature.
Generally, the reported activities are skewed so the biological activity is taken as —log of the given IC50
value by using the following formula:

pIC50= —logIC50

Sketching of the compounds available in the series is done by using the chemDraw ultra 8.0
software ((https://www.perkinelmer.com), USA) [6]. Structure cleanup is applied to avoid any mistakes
in the structure (bending or stretching). Moving towards the QSAR development the structures were then
used for further study by importing them into the new data sheet of TSAR 3.3 (https://www.accelrys.com)

[7].
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Define substituent and dataset preparation

The series at hand has only 1 substitution, around the pyridyl ring (whole series). The substituents
were defined by using the “define substituent” option in-built in the TSAR worksheet (version 3.3;
Accelrys Inc., Oxford, England) as shown in Figure 1. The structure was then converted into high quality
by using CORNIA-Make 3D [8]. Then the COSMIC option was employed to determine the total energy
of the molecule, which is the sum of torsion angle, Vander walls force, columbic force, etc.

Calculating descriptors

After importing structure, defining substituent, and minimizing energy the next step is to calculate
the descriptor and then refine them to select only those that are much or closely correlated to the
biological activity. Nearly 200 classical descriptors from the geometrical, structural, electronic, and
hydrophobic classes were generated by calculating their statistical values using the whole molecule along
with substituent. Various descriptors like kier chi, kappa, dipole moment, molecular, indices, HOMO,
LUMO, logP, and other molecular, electronic, topological descriptors and VAMP were obtained using the
TSAR package [9].

Data reduction

Data redundancy, which is the main cause of deceptive results, is mainly observed when the data are
large and lead to ambiguity in choosing the relevant descriptors. So, the Correlation matrix is used to limit
and refine the data and to obtain the most correlated descriptor or physicochemical parameter with
biological activity and no intercorrelation. While performing the correlation matrix pairwise correlation
method was used for the evaluation of the descriptors. Descriptors that highly correlate with biological
activity were retained [10]. These descriptors are used for performing correlation and then used in the
final model building and are used to interpret the information that is encoded in the structure of the
molecules.

Statistical analysis

To statistically analyze the data various regression methods were applied to form and validate the
model. The whole series was divided into test and the training set. The training set compounds are utilized
to generate the model while the test set compounds were used to internally validate the model developed
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by training set molecules. Regression analysis was carried out through the execution of MLR, PLS, and
ANN options, accessible in TSAR 3.3. The assessment of the predictive power of the anticipated model
was performed and confirmed through a set of statistical parameters, such as standard deviation (s),
squared regression coefficient (72), conventional regression coefficient (7), cross-validation test (2cv),
and Fischer’s ratio (F) [11].

Multiple linear regression analysis (MLR)

MLR describes the relationship between the biological activity data (dependent Y variable) and the
structural descriptors (the independent X variable) using statistical calculation. MLR involves fitting the
data, extracted from both the variables to the derived regression equations [12].

Partial least square (PLS)

PLS analysis method also explains the relationship between a dependent variable and a set of
descriptors (independent variables) using the calculation of the equations. PLS is considered as a
preferred tool for surmounting the difficulties of MLR, owing to redundancy resulted due to a large pool
of data or high inter-correlations among descriptors [13].

Artificial neural network approach (ANN)

ANN is characteristically a software-based program that is designed to replicate like the human
brain to analyze and process information. In the ANN technique, several neurons (the processing
elements) are linked to each other through links like the net and form “layers.” The features of the ANN
are appropriate for the processing the data, particularly when the functional relationship between the input
and the output is not previously defined or is of a nonlinear type.

Model validation

For the cross-validation, Leave-one-out method was used and involved the deletion of 1 descriptor,
at a time, and analyzing the data set values for the obtained model based on the remaining descriptors.
The values of 72 and cross-validation, with the least prediction error, were chosen. Additionally, the test
set compounds, not included in the building of the model, are used to determine the predictability of the
designed QSAR model [14].

Result and discussion

For the selected series, nearly 200 descriptors were generated after Make 3D and minimizing
energy. To eliminate data redundancy data reduction was done in a pairwise manner with the
simultaneous checks on the correlation matrix. After deleting the descriptors that are badly or not
showing good correlation only 4 descriptors were left that are DIPOLE MOMENT Y Component (W.M),
KIER CHI 3 (cluster) index, KAPPA3 Index (W.M), and VAMP Polarization XZ (W.M). After getting
the suitable descriptors the data was divided as training set and test set in the ratio of 60:40 respectively.
Training set compounds were used for the development of a model to predict the activity by using MLR,
PLS, and ANN. The test set compounds were used to validate the training set. Plots between the
experimental and predicted activity was made to estimate the power of the predicted model. These plots
can also be used for the search of outliers, if any, in the model [15].

The regression equation that is derived through the MLR technique on the training set compounds is
as follows:

Y =0.17664571xX1 - 1.1089879xX2 + 0.56819743xX3 — 0.065191962xX4 — 1.5867109

where, X1 = Dipole moment Y component (Whole molecule), X2 = Kier chi 3 cluster, X3 = Kappa 3
(whole molecule), and X4 = VAMP polarization XZ.
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Table 1 Representing experimental activity data and the predicted activity values of the training set

compounds, obtained from multiple linear regression analysis.
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Name of Structure Actual Predicted Predicted Predicted
Compound activity MLR PLS ANN
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Name of Structure Actual Predicted Predicted Predicted
Compound activity MLR PLS ANN
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Name of Actual Predicted Predicted Predicted

Compound Structure activity ~ MLR PLS ANN

1.3279 1.37443 1.33276 1.46761

(36)

145593 157565 15846 153124
(37)

169897 17883 177781 178332
(38)
59) 182391 191337 190089  2.05648
1) 148149 170413 17065 178413

Table 2 Representing experimental activity data of the test set compounds and the predicted activity
values, obtained through multiple linear regression.

Name of Actual Predicte Predicted Predicted

Compound Structure activity d MLR PLS ANN
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Name of Structure Actual Predicte Predicted Predicted
Compound activity d MLR PLS ANN
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Name of Structure Actual Predicte Predicted Predicted
Compound uctu activity  d MLR PLS ANN
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1.95861  1.84851  1.76708 1.93726
(31)
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Table 3 Representing the values of standard parameters employed to evaluate predictability of the
developed quantitative structure-activity relationship test model.

r r? r’Cv S F

0.83 0.70 0.59 0.36 35.44

As per the standard statistical value criterion, a minimal value of 0.80 for r2 is crucial for a
statistically significant model [16,17]. Moreover, the developed model has an excellent 72 value of 0.88,
yet once more proved the statistical significance of the model.

The robustness of the developed QSAR model was further evaluated by PLS and the equation is as
follows:

Y = 1.276677xX1 — 0.26492366xX2 — 0.23346859xX3 — 2.4868717xX4 — 0.11788595xX5 —
4.7390904

The experimental versus predicted activity plots of training sets for MLR and PLS are shown in
Graphs 1 and 2 respectively. Captivatingly, regression values (R?) of both the plots were enough close to
validate the further reliability of the developed model.
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Graph 1 Graph of developed training model through MLR.
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Graph 2 Graph of developed training model through PLS.
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The experimental versus predicted activity plots of test sets for MLR and PLS is shown in Graphs 3
and 4 respectively. This model validates the training set.
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Graph 3 Graph of developed test model through MLR.
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Graph 5 Graph of developed training model through ANN.
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Table 4 Representing correlation matrix of derived descriptors and biological activity.

—Log 1¢50 Dipole moment Y Kier chi3  Kappa 3 VAMP
g component (W.M) cluster (W.M) polarization XZ

—Log Ic50 1 0.05206 0.23723 0.24742 0.57392

Dipole moment Y 0.05206 1 0.72629  0.13374 —0.55406
component (W.M)
Kier chi 3 cluster 0.23723 0.72629 1 0.22675 —0.16383
Kappa 3 (W.M) 0.24742 0.13374 0.22675 1 —0.31646
VAMP polarization XZ 0.57392 —0.55406 —0.16383  —0.31646 1

The dipole moment Y component is a 3D electronic descriptor that indicates the strength and
orientation behavior of a molecule in an electrostatic field. It describes the polarity of the molecule and is
estimated by utilizing partial atomic charges and atomic coordinates. The dipole moment Y component is
a 3D electronic descriptor that indicates the strength and orientation behavior of a molecule in an
electrostatic field. It describes the polarity of the molecule and is estimated by utilizing partial atomic
charges and atomic coordinates. The dipole moment y component describes the moments using the
substituent point of attachment as an origin with this bond placed along the y-axis. It has been used to
model polar interactions that contribute to the determination of the compound’s lipophilicity as well as
play an important role in drug-receptor interactions due to electrostatic effects. The dipole moment could
influence electrostatic interactions with biological membranes. It explains molecular charge distribution
on the y-axis and it is affected by the presence electronegative group.

Kier chi 3 cluster is topological descriptor, expressing molecular structure information at several
levels of complexity. It is highly sensitive to changes in branching, and its value rapidly increases with
the degree of branching.

Kappa 3 index is a molecular shape index based on assumption that shape of a molecule is a
function of the number of atoms and their bonding relationship. Kappa 3 indicates the degree of
branching at the center of a molecule.

VAMP Polarization XZ is a spatial descriptor that calculates the electronic properties of a
compound and projects polarization towards XZ planes. There is a direct relation between polarizability
and the number of valence electrons on every atom. It is a measure of weak intermolecular interaction &
represents chemical reactivity at the XZ plane.
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Table 5 Representing descriptor relevance for designed model.

Descriptor Coffecient Jacknife SE Covariance SE t Value t probablity
Dipole moment ¥ 0.176646 0.0462942 0.0214324 8.24198 5.09E - 08
component(W.M)

Kier chi 3 cluster ~1.10899 0.301195 0.151894 730104  3.45E-07
Kappa 3 (W.M) 0.568197 0.20836 0.177412 320271 0.00427657
VAMP 1;?;‘“23“0“ 0065192 0.0119232 0.0110497 589987  7.42E-06

To deal with the nonlinear data and to further validate our findings of MLR, the ANN method was
used. The neural network was used to train the developed model and to predict the activity data. The plots

between original and predicted data are shown in the graphs below.
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Figure 1 Neural graph of Dipole moment Y component (Whole Molecule) with biological activity.
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Figure 3 Neural graph of VAMP polarization XZ (Whole Molecule) with biological activity.



Trends Sci. 2023; 20(7): 5472 15 of 18

da [Wehale b

Figure 4 Neural graph of Kappa 3 index (Whole Molecule) with biological activity.

As seen in the above graphs and equation Dipole moment Y component (Whole molecule) and
Kappa 3 (whole molecule) are showing a positive correlation with biological activity. And Kier chi 3
cluster and VAMP polarization XZ are negatively correlated. This signifies that an increase in values of
X1 & X3 will increase the biological activity and vice versa, whereas for X2 & X4 when values decrease
biological activity will increase.

The values of R? obtained from ANN are close enough to the one obtained from the MLR and PLS.
This further validates the developed model. As reflected by the coefficient, jackknife values, covariance,
t-values, and t-probability values that the descriptors taken into the study are of relevance. Their
individual significance can is further established by the correlation of the descriptor with the biological
activity.

Designing of the new optimized molecule

Designing a new chemical structure that contains all the distinct features in the requisite
arrangement so as to attain the most efficient binding pattern with the target protein is a challenging task.
After developing a QSAR model, some valuable insight into the molecular structure that is required for
biological activity was gained. This retrieved information was used to design the compounds. A total of
10 compounds were designed (not reported here), the best fitted compound (Al) is shown below in
Figure 5.

HoN

Figure 5 Structure of newly designed most potent compound (A1).
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Docking

The designed novel compound was then used for docking study to further check the binding
efficiency of the compound using PDB, 40HM. Lib dock module from Discovery studio 2.0 was used to
perform docking studies. All water molecules and side chains were removed from the PDB structure in a
radius of 10A. The top scored pose is used for analyzing polar and nonpolar interactions [18]. The
complete docked structure of S1 and Al is shown in Figures 6 and 7. For comparison the documented
structure (S1) was also docked on the same PDB ID, to check the common amino acids and their binding
to the defined protein. Compound Al is showing interaction with the same amino acids as that of the
documented compound S1. As seen in the docking picture below Al is showing 1 hydrogen bonding
(Dark green line) and 4 hydrophobic (pink line) interactions with the protein along with 7 carbon-
hydrogen bond (light green lines) and 1 pi-anion interaction (orange lines). The amino acids in common
are Gly 181, Agr 215, Val 28, Glu 32, Lys 514, and Pro 29 [19-23].

ALA ARG
GLY - AS21 AS25
4181 L¥s
ASl14
THR GLU HIS
A3 A32 AS04
—{
H H
VAL
A28
A0
D/ \D
L¥5
A33
ARG PRO
A215 A28
TRP
AS17
Figure 6 Docked picture of S1 on PDB 40HM.
ILE
A1l
GLU —
A32
HIS
: ALA
= A27
—
WAL
A28
H H
-
o’ W
1':: H
AEN
ARG A:215
:_ﬁzﬂ A:215
LS ;
AS14 ALA
SER MET A
As123 A:313 &2y
GLY
A7181

Figure 7 Docked picture of A1 on PDB 40HM.
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Conclusions

A Validated 2D QSAR model constituted with 4 descriptors, namely Dipole moment Y component
(Whole molecule), Kier chi 3 cluster, Kappa 3 (whole molecule) and VAMP polarization XZ, was
developed, and further validated to obtain knowledge about the dependence of biological activity on the
molecular structure. In the defined study, the values of r, r?, r’cv, f-value, and s-value proved the
statistical soundness of the model. The valuable information retrieved from this model can be used further
to design and optimize the new compounds in terms of potency and selectivity. The docking study of the
designed compound suggested hydrogen bonding with the enzyme pocket, which is essential for
biological activity.
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