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ABSTRACT

Parkinson’s disease is the most common neurodegenrative / % \
disorder. These include dyspepsia, hyposmia, dysphagia, mood - : .
swings, constipation, cognitive decline, orthostatic hypertension, B easesl LS 3
and sleep disturbances. Gly2019Ser, often known as G2019S, is a | *"™
common mutation of LRRK2 that is observed in people with |« " e
autosomal leading Parkinson's disease (PD) and outward irregular | =<~ * o™ 10K
PD, which is clinically similar to idiopathic PD. The majority of the ' -
features of the very large protein LRRK2, which belongs to the Re,
ROCO superfamily, include the GTPase domain, the RAS domain, \ e /
the WD40 domain, the leucine-rich repeat (LRR) domain, the DFG-like motif, the kinase domam the mixed
lineage kinase (MLK) like domain, and so on. A QSAR model provides information that is highly helpful for
drug design and medicinal chemistry. QSAR plays a significant role in the discovery of new drugs and finds
many applications in predicting the activity of novel compounds by mathematical expression that
determines the relationship between their chemical structure to their biological activity. According to
current research, CADD based on QSAR has proved crucial in the development of novel medications for
treating a variety of illnesses. The statistical parameter values for R2, R2adj, QZloo, R2ext, and CCCext
were, respectively, 0.8261, 0.8120, 0.7769, 0.7998, and 0.8941 in this model. To determine the ideal
protein-ligand interaction, a molecular docking analysis of the most active molecule (D21026) and created
compounds (H1-H5) was conducted. In short, this study helps in development of various drugs for
tratment of LRRKZ inhibitors related diseases.

KEYWORDS: LRRKZ, PD, G2019S, QSAR, descriptors, Molecular docking.

INTRODUCTION

In the year 1817, a scientist named James Parkinson described a disease known as Parkinson’s
disease (PD). It is the most common neurodegenerative disorder. It is a neurodegenerative brain
disorder characterized by four fundamental motor indications: postural instability, bradykinesia,
rigidity and resting tremor. A number of nonmotor indications are, however, progressively recognized
as being portion of the illness manifestation. These include constipation, hyposmia, problems with
speech, mood disorders and swallowing, cognitive impairment, orthostatic hypertension, and sleep
disorders.

In the year 2004, it is found that alterations in LRRK2 can be the key cause of Parkinson’s
disease. Even not a single alteration of LRRK2, in fact diversity of inherent ties to this illnesst. The
popular mutation of LRRK2 is Gly2019Ser or G2019S, are noticed in patients with autosomal leading PD
and in those with outward irregular PD, who are clinically indistinguishable from those with idiopathic
PD2. Typical of multifactorial illnesses, the existence of PD rises with age, with a predictable 0.3%
distressed at age 50 increasing to 4.3% by age of 853. This mutation lies in a preserved part of the
protein kinase domain that starts the activation loop, which, as the name suggests, normalizes catalytic
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enzyme activity. PD results in neuronal disfunction and advanced loss of dopamine-producing neurons
situated in the substantia nigra pars compacta area of the midbrain. Foremost among these are
mitochondrial dysfunction, autophagy/lysosomal dysfunction, and inflammation, all of which are highly
combined and complexly controlled. The detection of pathogenic LRRK2 alterations in 2004 opened a
new opening for PD therapy, with a focus on emerging LRRK2 inhibitors. However, drug expansion has
established to be highly challenging with absence of knowledge concerning LRRK2 biology, blood-
brain barrier (BBB) permeability restriction, and a lack of preclinical models that authentically
summarize PD phenotypes, among many stimulating factors that need to be overcome to advance drugs
for potential first-in-human hearings*. Numerous LRRK2 inhibitors have been described, but many of
the them deficiency of selectivity or the capability to pass the blood-brain barriers. One of the most
promising and actively pursued targets for the forthcoming pharmaceutical action of PD is LRRK2. Huge
efforts are being made in this area from the academic community and the pharmaceutical sector with
the goal of developing selective and brain-permeable LRRK2 inhibitors as a treatment for Parkinson's
disease.

Most of the fearures of uncommonly big protein, LRRK2, which is classified as a member of the
ROCO superfamily are leucine-rich repeat (LRR) domain, a DFG-like motif, a kinase domain, a mixed
lineage kinase (MLK) like domain, a GTPase domain, a RAS domain, and a WD40 domain etc.. Though, it
is related to the outer membrane of mitochondrial, the protein is primarily found in the cytoplasm.
LRRK2's physiological function is unclear, and several of its substrates. Nevertheless, numerous LRRK2
inhibitors are utilised as neuroprotective medicines for Parkinson’s disease (PD), and it has been
hypothesised that they may be useful for avoiding neurodegeneration. Furthermore, multiple
investigations revealed that LRRK the amount of -synuclein that aggregates in dopaminergic neurons
exposed to -synuclein fibrils have been found increased by mutations. Drug virtual screening or
optimisation heavily rely on QSAR/QSPR modelling, which has emerged as one of the core
computational molecular modelling technique. QSAR models make it possible to pinpoint connections
between a physicochemical or biological feature under investigation and the structural details of
chemical substances (molecular descriptors). These techniques are frequently employed in place of
experimental research nowadays to envisage the activity of molecules grounded on their structure.
Particularly, over the past few decades, machine learning techniques have seen widespread use in this
discipline. A minimal amount of QSAR investigations in LRRK2 have been available in the scholarly
literature. In addition to this, the majority of research papers revealed a little predictive activity for the
datasets used for external validation. The information and findings reported in a conference article
presented at the 12th International Conference on Practical Applications of Computational Biology &
Bioinformatics are extended in that paper with new QSAR models for envisaging potential inhibitors of
the LRRK2 protein. Specifically, a number of regression and classification QSAR models are compared
for accuracy and model complexity, along with their accuracy performancess. LRRK2 also exhibits
GTPase activities, playing a crucial role in the regulation of intracellular processes. Leucine-rich repeat
kinase 2 (LRRK?Z) is located on human chromosome 12 with 51 exons and encodes a protein of 286 kDa.
Over-expression of mutant LRRK2 has been found to be toxic in neurons. Many studies have been
undertaken to screen the mutation of this gene in several specific regions, in order to design inhibitors
for suppressing PD and LRRK2 toxicity in neurons. One of the most repetitive mutations
in LRRKZ occurs in the G2019S substitution, and is attracting growing attention to target LRRK2 toxicity
by creating specific inhibitors targeting this site. Several approaches have been developed to design
various LRRK2 inhibitors to treat PD7.

In QSAR modeling activity or property are correlated with their chemical parameters. Primarily
QSAR procedures depend on experimental data quality, accurate chemical structures, distribution of
response/activity and variability of the structures between compounds dataset. A perfect QSAR model
is categorized by predefined endpoint, proper applicability domain, correct indicator of goodness of fit
and robustness. QSAR models have been extensively used to develop and design antioxidant,
anticancer, anti-inflammatory, antitubercular and antiviral reagents.8 QSAR study is a beneficial tool to
find relationship between molecular descriptors and biological activity of diverse classes of compound.
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QSAR play an important role in novel drug discovery and it finds various applications in predicting the
activity of novel compounds by mathematical expression which figure out the connection between
chemical structure to their biological activity and a QSAR model give information that is very useful for
drug design and medicinal chemistry. In recent studies, CADD base on QSAR has been very important to
develop original medicines for the handling of diverse ailments.?

MATERIALS AND METHODS
Dataset Preparation

A dataset of 58 compounds of pyrrolo[2,3-b]pyridines, Pyrrolo[2,3-d]pyrimidines, and
Pyrrolo[3,2-c]pyridine were taken into consideration for the present study. These LRRK2 inhibitors
were taken because their inhibitor activity was noted from the same lab using enzymatic protocol.10-11
The reported ICsp values of the compounds were converted into pICsy by taking negative logarithms of
ICsp values i.e., pICsp= -log10(ICsg). The structures were drawn by using Marwin Sketch software.12The
inhibition potential (pICss) of 58 pyridines and pyrimidines derivatives with their structure and
descriptors values were shown in Table 1.

Calculation of Descriptors

All the OECD guidelines were followed in this research. Marwin sketch software was used to
drawing the structures and saved them in form of MDL mol format. Before developing a QSAR model all
these structures details were converted into numerical values i.e, in the form of descriptors. PaDEL
descriptor software was used for calculation of descriptors.13-15 All these specific classes of descriptors
were used for development of model which includes connectivity, topological, functional, E-state
indices, constitutional, 2D autocorrelation, 2D atom pairs, atom centered fragments, ring and molecular
property descriptors. The calculated descriptors were pretreated to decrease noisy and redundant data;
intercorrelated (|r| >0.95) variables and constant (variance <0.0001) were removed with the help of a
software available at http://dtclab.webs .com/software-tools before developing model13-14. 16,

Table:1 Structures of the compounds along with the pICso value and details of the descriptors

Sr.No Paper Structure of the G2019S G2019S ATSC7i ATSC8v piPC7 Ref
Sr.No. Compound ICs59(nM) pICsp .
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Dataset Division

In the present work, the recommended standard protocol and all the OECD guidelines as
followed by different researchers have been followed. The dataset used for QSAR model development
was divided into training and test set. Data set splitting is a significant step in QSAR modeling. It leads to
the formation of predictive powers of the model. Due to non-availability of required datasets
researchers faces problems in QSAR modeling.16

Both these training and test sets in QSAR study were used for different purposes. Training set
was utilized to build a model on the other hand, prediction (test) set was used to validate the model
during QSAR study.1”

Model Development of QSAR

The main aim of analysis by QSAR method is to recognize structural features that effects the
activity of series of molecules and to identify activity in prior to actual synthesis of a compound. QSAR
model can be quantitative or qualitative both.18 The primary principle and application of QSAR model
development was to obtain maximum information of the activity which was related to structural
features and before real synthesis and bio-screening molecule’s desired activity was to be predicted.
Hence to attain these goals multiple QSAR models will be developed by using alienated dataset and
easily understandable descriptors were selected during model generation. The dataset was converted
into training (70%) and prediction (30%) set by means of Random faster method of division. The
different QSAR modelling approach confirmed that for molecular descriptors maximum information can
be gained that direct the biological profile of the molecules. QSARIN Chem 2.2.1 software was used to
develop diverse QSAR models.19-21

Validation of the Model

Model validation was an important feature in QSAR model building. The GA-MLR equations
statistical validity were recognized by means of internal or cross validation by LMO and LOO procedure;
with the help of test set; Y-scrambling or data randomization and by checking that the following
conditions of statistical parameters were satisfied or not:

R%. > 06,Q%, =0.5,Q%, = 0.6,R?* > Q2,R%,, > 0.6, RMSE,. < RMSE,,,AK > 0.05,Q% — F" >
2

0.60,CCC > 0.80,72 > 0.6, r)<0109<k<110r( ™ <o, 09 <k' <11 — 1% <

0.3 with RMSE and MAE close to zero.

The values of statistical parameters within this range ensures the external predictive validity
and robustness of the developed model.22

Tropsha and Golbraikh parameters
Predictivity assessment criteria as given by Tropsha and Golbraikh was also checked for the
developed PLS models. According to these criteria the condition for acceptance of QSAR model is:

T

<010r <01 (D)
085<k<1150r0.85<k’<1.15 (2)
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Y-Randomization

Y-randomization was performed from the test set. It was an external validation technique used
to find out that a developed QSAR model was reliable, strong and not formed by luck. If the values of Q2
and R2 were low then it indicates that model was very reliable and robust.® Y-randomization was
performed from the test set. It was an external validation technique used to find out that a developed
QSAR model was reliable, strong and not formed by luck. If the values of Q2 and R2? were low then it
indicates that model was very reliable and robust. Here, to perform the Y-randomization of the
developed QSAR model, DTC software is used. This is done in order to check whether the model is
established by accidentally or not. The number of arrangements may differ. According to this method, Y
and X variables could be transposed as per their fit into recorded models and therefore, various models
could be formed by taking dissimilar groupings. These number of combinations might differ according
to different study. But here in the present study, only Y-variables were permuted upon 50
combinations. If the value of statistical metrices of the randomized model were lesser than the real one,
then it can be supposed that the model was not established coincidentally.23

Molecular Docking

The various interactions like H-bonding, hydrophobic and electrostatic interactions play very
important roles in the model. Molecular docking expects the interactions and binding mode between
the receptor protein and ligand.24 The initial information about interaction between ligand and protein
is provided by Molecular docking. Before performing docking study the complex is prepared using
pymol.25  Molecular docking is one of the well-recognized and extensively used in-silico structure-
based detection methods. Docking predicts or describes protein-ligand interactions at the molecular
level. Docking studies are used to discover configurations using ligands inside the binding pocket of the
protein(macromolecule).2¢ It is generally preferred when there is the availability of sufficient evidence
and knowledge about the receptor or target protein with which the drug interacts. A molecular docking
study is performed by the AutoDock software tool. The crystal structure of the receptor having PDB
ID:7BK2 is retrieved from the RCSB site. First of all, the ligands and water molecules were deleted from
the PDB protein file. Both the protein and ligand files were converted into pdbqt format by using
OpenBabel software. This is a very important step before docking.2? The side and terminal chains of the
receptor(protein) were repaired. Polar hydrogen atoms and Kollman charges were added. Non-polar
hydrogen atoms and Gasteiger partial charges were assigned for the inhibitors and all the single bonds
were set to flexible. This software had various graphics tools to display different docking poses of the
molecule.28-29 Discovery Studio Visualizer was used to visualize the docking results. A grid box was
prepared by taking grid parameters X=70, Y=60, and Z=60 having a grid spacing of 0.375 was
generated. 30-31The population size of 150 was set having a mutation rate of 0.02 developed for 10
existences. Lamarckian Genetic Algorithm was considered.20 The validity of the docking protocol is
checked by calculating the RMSD value. If this value is less than 2A then the docking protocol is good.
This result validates the docking.32-33Different visualization software like Pymol34, UCSF ChimeraXs3s,
and Discovery Studio Files was used for visualization of docking results.36-37

RESULTS AND DISCUSSION
QSAR Models

The compounds of dataset used in the present study are either functional or positional isomers.
The best QSAR model is selected from all the models on the basis of statistical performance and
applying first among equal approach.3® To find out the connection between chemical activities and
structures of the compound QSAR computational modeling method is used. As a result, every compound
can be expressed in form of numerical values called descriptors. These descriptors can be attained by
structural calculation and can be utilized in form of independent variables (predictors or X variable) to
guess genomic movement (Y variable) of the compounds.39 SFS (Subjective Feature Selection) method
was used for QSAR modeling. For applying this SFS method various methods like GA (Genetic
Algorithm), Stepwise regression etc. methods are used. All these methods result in a good QSAR model
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with similar statistical parameters and different descriptors. ‘First Among Equal Approach’ was used for
selection of best QSAR model. In the current study dataset was small but the compounds were either
structural or positional isomers. It is very difficult for a QSAR modeler to develop model if the dataset
was small as some compounds were holding out for validation purposes. The strategy adopted in this
study for the QSAR model development was shown in Figure.2.

Model
Validation

Model with
descriptors

\_

Figure.1 Strategy adopted for development of QSAR model

Drawing and
Optimization
of structures

Steps involved
in QSAR model
development

QSAR
Model
Development

~

Descriptor
Calculation

70%Training

30%Predictio:

</

This figure clearly explained that one QSAR model was developed in the present study.A dataset
of 58 compounds of pyrrolo[2,3-b]pyridines, Pyrrolo[2,3-d]pyrimidines, and Pyrrolo[3,2-c]pyridine
were taken into consideration for the present study.10-11 From this dataset 41 compounds were used as
training set and 17 compounds were used as test set. The MLR model development for internal
validation showed a good result for the coefficient of determination (R2) and Q2 LOO i.e. leave-one-out
squared correlation coefficient. In this model, three descriptors (ATSC7i, ATSC8yv, piPC7) were applied.

The detailed value of descriptors along with their description is shown in Table 2. The model
equation for the obtained descriptor is shown below:

Model: (Divided dataset)

pICso = —4.0857(+2.4307) + 0.0145(+0.0092) x ATSC7i — 0.0007(+0.0003) X ATSC8v
+1.4898(+0.357) x piPC7

Table 2: Descriptor along with their type and correlation with the model

Descriptor Description Type Correlation with
Model
ATSC7i Centered Broto-Moreau 2D Positive
autocorrelation - lag 7 / weighted autocorrelation
by first ionization potential descriptor
ATSC8v Average centred Broto-Moreau 2D Negative
autocorrelation - lag 8 / weighted autocorrelation
by van der Waals volumes descriptor
piPC7 Conventional bond order ID 2D path counts Positive
number of order 7 (In(1+x) descriptor

ATS is defined as autocorrelation of a topological structure. These descriptors don’t give 3D
information.#® A topological descriptor proposed by Moreau and Broto also encircled numerical
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properties in addition to structure of the molecules.#! ATSC7i was positively correlated to this model.
Autocorrelation descriptors are used in QSAR studies because they are specific for a particular
geometry. These descriptors are very sensitive if there is slight change in conformation. One of the
drawbacks of these descriptors might be that about the molecular structure we can’t recreate original
data. The researchers named Moreau and Broto were the first who applied an autocorrelation function
on the molecular graph for measuring the atomic properties like electronegativities, charges etc. These
descriptors have some positive benefits in QSAR/QSPR studies like fragment independent and also
invariant to roto-translation. With the help of these descriptors, we can convert uniqueness, atom types,
electronegativities etc.42

ATSC8v is negatively correlated in the model. It is the descriptor which is weighted by vander
waals volumes. piPC7 is a path counts descriptor positively correlated in the model. The numerical
values of descriptor obtained from this model for the LRRK2 inhibitors along with their experimental

pICspis shown in Table 3.

Table 3: Detailed value of descriptor obtained for LRRK2 inhibitors

Sr.No. Name as G2019S ATSC7i ATSC8v piPC7
per lit. plCs
V.1 D17009 6.3819519 -1.7604477 -9.0578209 7.0748178
V.2 D17010 43323416 1.9170144 0.0000000 5.8855613
V.3 D17011 44229105 2.0338077 0.0000000 5.9953826
V.4 D17012 5.9288547 2.6004342 188.83835 7.0084063
V.5 D17013 6.0604807 3.9972028 197.54505 6.9446144
V.6 D17015 5.8944898 1.5841543 -49.900403 7.0748178
V.7 D17016 5.7026773 4.9809301 292.00543 7.0683716
V.8 D17018 6.7099654 -13.7891836 -272.66728 7.0748178
V.9 D17019 5.7854210 -0.9684410 -35.144997 7.0683716
V.10 D17020 6.4509967 -1.2486287 -236.55707 7.1126457
V.11 D17021 6.7544873 -0.3706612 251.637167 7.1188136
V.12 D17022 74814861 -17.8974733 -759.79586 7.1842619
V.13 D17023 8.0969100 -18.0555997 -885.83950 7.4055242
V.14 D17024 6.9507820 -1.9226050 -151.44245 7.3534122
V.15 D17025 6.4894550 -19.7868609 -808.66672 7.4055242
V.16 D17026 74317983 -10.6465474 -1068.0901 7.4055242
V.17  D17027 7.2596373 -6.8145097 -642.84434 7.4055242
V.18 D17028 7.3872161 -19.7868609 -808.66672 7.4055242
V.19 D17029 7.3187588 -13.5145897 -1168.8841 74207941
V.20 D17030 6.9665762 -9.7351543 -755.86205 74207941
V.21 D17031 7.3010300 -22.576634 -997.71384 74207941
V.22 D17032 7.1674911 -9.8404666 -781.55425 74207941
V.23 D17033 6.8013429 -5.8990185 -335.21867 74207941
V.24 D17034 7.2441251 -19.1430287 -582.01571 74207941
V.25 D21007 48010956 0.00000000 0.0000000 5.5502002
V.26  D21008 54743075 3.7177165 0.0000000 5.8088226
V.27  D21009 45746288 0.0000000 0.0000000 5.5502002
V.28 D21010 5.7597004 -24.3291840 -16.517645 6.6159920
V.29  D21011 5.4519793 -1.8990406 81.958147 6.5904405
V.30 D21012 6.3160529 -5.9065405 169.61612 7.2028066
V.31 D21013 6.7986029 8.2876898 121.08967 7.3275495
V.32 D21014 5.0673233 5.1599373 0.0000000 6.2450918
V.33  D21015 5.4243504 2.3966897 1014.2560 6.4078722
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V34 D21017 5.7191941 6.9417285 -37.904400 6.5863117
V.35 D21019 5.5110265 11.4049429 -700.20792 6.6357517
V36 D21020 6.6968039 -2.2959637 -657.98176 6.5447321
V.37 D21021 5.1947031 1.2153955 -787.83617 6.3634725
V.38 D21022 5.6497520 9.5749955 15.226358 6.6357517
V.39  D21025 6.6635403 8.3397158 -968.34473 6.7779758
V40 D21026 8.3010300 36.5993057 -1169.2417 7.0620644
V41 D21027 8.2218487 21.9779610 -1014.5374 7.0445577
V.42 D21029 6.6861328 -8.2727438 -451.88861 6.7786427
V.43  D21030 5.8904214 -15.8890610 -620.36586 6.8012135
V44  D21031 7.3665315 26.6626847 -1325.7235 7.0821090
V.45 D21032 7.5228787 26.6626847 -1325.7235 7.0821090
V46  D21033 7.5686362 12.1057510 -1189.4425 7.0649526
V.47 D21034 7.6777807 36.4506625 -1042.4720 7.0821090
V.48  D21035 6.4461170 -21.9905243 -1052.4104 7.1114420
V.49 D21036 7.3767507 16.3591804 1.436713872 7.1372598
V.50 D21037 74559320 42.4287403 -1000.467637 7.1332274
V.51 D21038 7.2924298 149145311 20.58910396 7.1619916
V.52 D21039 8.0000000 50.4734934 -975.9471611 7.1568894
V.53 D21040 7.6020600 16.6453966 -1014.015772 7.1479341
V.54 D21041 7.4317983 9.3220893 -1014.015772 7.1470490
V.55  D21042 7.9208187 15.0333334 -662.0220696 7.1549876
V.56 D21043 7.5528420 15.0333334 -662.0220696 7.1549876
V.57 D21044 7.9208187 17.2902568 -968.3627918 7.1564508
V.58 D21045 7.8538720 17.2902568 -968.3627918 7.1564508

The results obtained from the QSAR model are presented in Tables 4. The values of all statistical

parameters were obtained within the required limits, representing a successful and consistent model.
The values of experimental and predicted endpoints were nearly equal which proves the result. The
numerical values of R2 for the training and test set were 0.8261 and 0.7998. The values of all the
required statistical parameters like R? Q2 and MAE, including fitting criteria, internal and external
validation criteria, and predictions by LOO and model equation are shown in Tables 4. The developed
QSAR model was found to have reliable and satisfactory numerical values for various validation
matrices which include R?, Q2, Q2.mo0, R2, (LOO), AR2,, (LOO), MAE and RMSE. Figure 2 displays the graph
between the predicted versus experimental pICsp and residual versus experimental pICsp values. The
applicability domain was studied using William’s plot (h* = 0.2927). All compounds fall inside the
domain of applicability (Figure 3).
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Figure 2: (i) Description of plot of Predicted versus experimental end point (ii) Description of
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Table 4: Values of statistical parameters obtained from QSAR model

Statistical parameters Result Statistical parameters Result
N 41 No.of descriptors 3

Nex 17 0* -2.6018°
Fitting Criteria

R2 0.8261 RMSE 0.4249
R2a4; 0.812 MAE: 0.3603
R2i- R2y4 0.0141 RSS:: 7.4023
LOF 0.2478 CCCer 0.9048
Kxx 0.2472 S 0.4473
AK 0.2102 F 58.5977
Internal Validation Criteria External Validation Criteria
R2cv(Q?100) 0.7769 RMSEex 0.4674
R2- Q20 0.0492 MAEex 0.3711
RMSEcy 0.4813 PRESSext 3.7139
MAE 0.4052 R2 ext 0.7998
PRESS 9.4984 Q2-Ft 0.784
CCCev 0.88 Q2-F2 0.7837
Q2Lmo0 0.7701 Q2-F3 0.7896
R2 yser 0.0776 CCCext 0.8941
Q2%yser -0.1368 R2yaver. 0.7161
RMSEAVy 0.9782 R2y, delta 0.0321
Predictions by LOO

Exp(x) vs. Pred(y) R2 0.7789 Pred(x) vs. Exp(y) R2 0.7789
Rz, 0.7414 Rz, 0.7769
k' 0.9952 k 0.9996
Clos' 0.0481 Clos 0.0025
R'2y 0.6281 R2y 0.7443
External predictions by model equation

Exp(x) vs. Pred(y) R2 0.7998 Pred(x) vs. Exp(y) R2 0.7998
Rz, 0.7926 Rz, 0.7842
k' 0.9985 k 0.9967
Clos' 0.009 Clos 0.0195
R'2y 0.7321 R2y 0.7

R2: coefficient of determination; R2adj.: adjusted R2, LOF: lack of fit; CCCy: concordance
correlation coefficient for training set; CCCc: concordance correlation coefficient of cross-validation; F:
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Fischer’s statistics; R2ys: response scrambling coefficient; Q2yser: cross-validation response scrambling
coefficient; Q200: leave one out cross validation coefficient; Q2mo: leave many out cross validation
coefficient; Q2F;, Q2F,, Q2F3: External validation criteria; Delta K: difference in the correlation; RMSE:
root mean square error; MAE: mean absolute error; S: standard error
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Figure 3: Williams plots for LRRK2 inhibitor

Molecular Docking

In order to fully understand the binding interactions between the receptor protein and ligand as
they are simulated by 3D-QSAR models, a complete technique for this research is called molecular
docking.4-5 Using the Autodock tool, the potential binding configuration was investigated. The RMSD
(<2 A) value of the redocked conformation was frequently used to assess the reliability of the docking
process. The internal ligand's RMSD value was determined to be less than 2 A, indicating the docking
protocol's dependability and reproducibility. Figure 4 and Figure 5 also depicts a potential interaction
between the internal ligand and the receptor's active site. The hydrophobic contact between different
amino acid residues, including LYS 38, MET 84, ALA 147, LEU 59, and the most effective molecule
D21026, was deduced from the fact that this interaction occurs. Molecular docking was used to clarify
the binding mechanism of the most effective drug, D21026, within the active site of 7BK2 following the
successful validation of the docking procedure. Through the hydrogen of the OH group, the most
powerful molecule, D21026, forms a hydrogen bond with the important residue GLU 17. Overall,
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D21026 interactions mirrored those observed between co-crystallized ligand and 7BK2. The robust
binding conformation of the powerful combination was therefore confirmed by the docked position.

. f
' f \
\

Figure 4 : 3D sturcture and cartoon structure of ligand D21026 and receptor 7BK2
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Figure 5: 2D structure of 34S and UOK with receptor 7BK2

Details of Designed Compounds

Some drugs (H1-H5) were created (Table 5) using the molecular modelling methods used in this
investigation. The machine learning techniques utilised in this study were then able to forecast these
compounds' inhibitory potential (pICsy) (Table 5). In order to investigate the manner of interactions in
the active site of LRRK2 (PDB ID: 7BK2), the developed compounds (H-1 to H-5) were further examined
through molecular docking research. All of these substances fit perfectly into the active site of LRRK2
(PDB ID: 7BK2), according to a molecular docking analysis. Similarly to their projected pIC50, the
docking score or binding affinity was also discovered. In Figure 6, the developed compounds' 2D
structures are displayed.
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Table 5: Predicted pICs of the designed compounds with their structre and binding affinity

S.No. Structure Predicted Binding
pICsp energy(kcal/mol)
D21026 8.301 -6.97
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Figure 6: 2D structure of designed compounds from H1-H5 respectively

CONCLUSION

The values of statistical parameter for this model were 0.8261, 0.8120, 0.7769, 0.7998 and
0.8941 for R2, R2,q;, Q2%00, R2ex;, and CCCex respectively. A molecular docking study of the most active
compound (D21026) and designed compounds (H1-H5) was done to find the best interaction between
protein and ligand. The docking results found that the designed compounds showed similar pattern of
interaction as that of the most active compound(D21026). The hydrophobic contact between different
amino acid residues, including LYS 38, MET 84, ALA 147, LEU 59, and the most effective molecule
D21026, was deduced from the fact that this interaction occurs. Molecular docking was used to clarify
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the binding mechanism of the most effective drug, D21026, within the active site of 7BK2 following the
successful validation of the docking procedure. Through the hydrogen of the OH group, the most
powerful molecule, D21026, forms a hydrogen bond with the important residue GLU 17.Some
compounds (H1-H5) were created based on the molecular modelling methods used in this investigation.
The machine learning techniques employed in this work subsequently predicted the inhibitory
potential (pICso) of these compounds. Hence, the results of the present investigation may be employed
to identify and develop effective inhibitors for the treatment of LRRK2-related pathophysiological
disorders.
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