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Abstract

Protein kinase inhibitors play a crucial role in cancer research and treatment. Protein kinases are enzymes that regulate various
cellular processes by catalyzing the transfer of phosphate groups from ATP to specific target proteins, thereby modulating
their activity. Dysregulation of protein kinases is a common feature in many types of cancer, making them attractive targets for
therapeutic intervention. The inhibitors employed in this work for the comparative analysis include PLK1, CK1 delta, ATM,
LRRK2, and LRRK2. These inhibitors are all very useful in the treatment of cancer.
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Introduction

Polo Like Kinase 1 (PLK1)

Protein kinase has emerged as a key target for cancer-related
therapy discovery in the twenty-first century. PLKs are a
family of five members that go by the names PLK1-5. The
primary modulator of mitotic progression is a member of the
ser/thr protein kinase family called PLKs (Polo Like
Kinases). Their structure is made up of single or double polo
boxes in the conserved catalytic domains at the C and N
terminals. Of these, PLK1 is the most dominant member of
the family in proliferating cells because it is overexpressed
in  numerous tumours, including endometrial, gastric,
prostatic, breast, ovarian, head, neck, and pancreatic
cancers. PLK1 is involved in the maturation of centrosomes,
spindle formation, cytokinesis, and kinetochore.

While PLK2 and PLK3 are not highly expressed in
proliferating cells, PLK1 is highly elevated during mitosis.
PLK5 might not be involved in the advancement of the cell
cycle since it lacks a kinase domain. Therefore, it is crucial
to create PLK1 inhibitors with homologous specificity. The
reduction of PLK1 enzymatic activity by small drugs has
made PLK1 an important aspect in cancer therapy. This can
be achieved by obstructing the catalytic domain and by
considering the possibility for neoplastic alteration of the
enzyme -5,

Receptor Interacting Protein Kinase 2 (RIPK2)

NOD (nucleotide binding and oligomerization domain)
signalling is mediated by RIPK2. The binding process leads
to the activation of the MAP (mitogen-activated protein
kinase) and nuclear factor kB (NF-kB) pathways, which in
turn promotes the transcription of proinflammatory
cytokines. Both of these routes are essential in the case of
pathological disorders such as multiple sclerosis, Crohn's
disease, and inflammatory bowel disease. NODs (NOD1,
NOD?2) are helpful in determining diseases that are resistant
to antibiotics. Furthermore, RIPK2 is strongly involved in
breast cancer and oral squamous cell tumours. In stomach
cancer nerves, the third most common major cause of
cancer-related mortality worldwide, RIPK2 is overexpressed
in messenger RNA and protein levels.

RIPK2 can be extremely important in GC therapy by
controlling the proliferation of GC cells through NF-kB
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signalling regulation. The third line of treatment for chronic
myeloid leukaemia is ponatinib. The FDA (Food and Drug
Administration) has approved the cancer medication
ponatinib, which is a recognised RIPK2 inhibitor. This
multi-kinase inhibitor mainly targets BCR-ABL, a fusion
protein made up of the sequences of the ABL protein and
the BCR gene. Owing to its multitargeted uses, this
medication is used to treat a variety of cancers, including
gastrointestinal stromal tumours, thyroid, breast, and lung
cancers. It's an inhibitor of several kinases. There exists a
correlation between RIPK2 activities and advanced tumour,
metastasis, body mass index (BMI), and group stages.

A ser/thr protein kinase, RIPK2 is involved in the activation
of NF-kB and caspase-mediated cell death, a type of
programmed cell death. It has a CARD (C-terminal caspase
and recruitment domain) and an N-terminal kinase along
with a transitional segment. The seven protein kinases that
make up the RIPK family are homologous to the serine-
threonine/tyrosine kinase domain. Because it contains a
protein that interacts with DD of TNF (tumour necrosis
factor) receptor superfamily member six, RIPK2 is referred
to as the death domain. The most thoughtful family
members are RIPK1-3. RIPK4-RIPK6 are involved in
immunity and inflammation. RIPK7 is a mucosal defence
protein. Receptor interacting protein-2, or RIPK2, is the
primary term for RIPK2. In 1998, equivalency studies
against the kinase domain of RIPK1 led to the simulation of
CARD domains, which are now known as RIPK2 [6-20],

Casein kinase 1(CK1) delta

The two families of casein kinases (CK), CK1 and CK2, are
a group of ser/thr kinases that are expressed in eukaryotes.
CK1 is widely expressed as the ser/thr protein kinase family
in organisms that have been shown to phosphorylate a broad
range of proteins. In various biological processes, such as
DNA repair, cell division, apoptosis, Alzheimer's disease,
and circadian rhythm, CK1 homologues are essential. The
CK1 family has seven isotypes in humans and many other
species: €, 0, N3, N2, nl, B, and a. Neurodegenerative
illnesses and cancer are treated with CK1 inhibitors.

In many cellular functions, trafficking, cytoskeleton
maintenance, Wnt signalling, cancer, and circadian rhythm,
serine/threonine kinase CK1 delta is essential. Different
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types of cancer are promoted by CK1 delta. Numerous
illnesses, including ovarian, glioblastoma, colorectal,
chronic lymphocytic leukaemia, breast malignancies, and
pancreatic adenocarcinomas, can be treated by targeting
CK1 delta. Although they exhibit changes in the size and
primary structure of the N and C terminal domains, all of
these distinct isoforms exhibit remarkable preservation in
their catalytic domains.

Several members of the CK1 family implicated in various
illnesses. CK1 delta is implicated in Parkinson's and
Alzheimer's disease. The alpha isoform of CK1 is
implicated in hepatitis C. Both the delta and the epsilon
isotypes are implicated in family advanced sleep phase
problems. Alpha, delta, and epsilon are the three isoforms
that are implicated in leishmaniasis and tumours. Wnt
signalling, a complex network of signal transduction
pathways controlling various developmental processes in
addition to tissue homeostasis and primary development, is
a well-known cellular mechanism that is regulated by CK1
delta (1151,

Ataxia Telangiectasia Mutated (ATM)

In 1995, Ataxia Telangiectasia Mutated gene was identified
with the development of ataxia telangiectasia mutated
syndrome disease. This gene is found in the chromosomes
and contains about 66 neurites that encode a PI3K-related
ser/thr protein kinase. In the DNA repair and response
system, Ataxia Telangiectasia Mutated kinase plays a very
important role. ATM kinase, which is the primary and initial
transducer involved in double-strand breaks (DSBs). Ataxia-
telangiectasia(A-T) is a genetic disorder altered by the ATM
protein that is a product of the gene. The human diseases
group from which A-T belongs are jointly known as
‘genetic instability syndromes’. A-T also known as Louis -
Bar syndrome is a rare autosomal receding syndrome, the
patient suffering from this exhibit a wide range of
irregularities like premature aging, insulin resistance, ataxia,
neurodegeneration, increase sensitivity towards ionizing
radiation, telangiectasia, variable immunodeficiencies and
predisposition to cancer. ATM kinase contributes to
maintaining genome integrity in DNA double-strand breaks.
After activation, ATM kinase is used to phosphorylate many
substrates like KAP1, Akt Ckk2 and p53 used in many
cellular control processes like DNA repair, cell-cycle
control, survival and cell-apoptosis. Ataxia Telangiectasia
mutated patients lacking ATM gene mutation are
categorized by thymic degeneration, genome instability,
predisposition to cancer and immunodeficiency. Reliably,
the deficiency of ATM kinase connects with sensitivity to
ionizing chemical-induced or radiation-induced DNA
damage, especially 1 and Il inhibitors of DNA
topoisomerase.

The ATM (Ataxia Telangiectasia Mutated) kinase belongs
to the phosphatidylinositol 3-kinases (PI3K-like kinases)
family. It controls and regulates various processes, including
gene expression, cell metabolism, stress response and
intracellular group. ATM kinase belongs to the preserved
family of proteins. ATM is a ser/thr protein kinase [16-20],

Leucine-rich repeat kinase 2(LRRK2)

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
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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 LRRKZ2, in fact diversity of inherent ties to this
illness. 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 PD. 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 85. This mutation lies in a preserved part of
the protein kinase domain that starts the activation loop,
which, as the name suggests, normalizes catalytic 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 barrier. 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. 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
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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 performances 6. LRRK2 also exhibits GTPase
activities, playing a crucial role in the regulation of
intracellular processes. Leucine-rich repeat kinase 2
(LRRK2) 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 LRRK?2 toxicity in neurons. One of
the most repetitive mutations in LRRK2 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 PD [2-25],

Dataset |
The present work has developed a reliable QSAR model
from a dataset of 68 tetrahydropteridin derivatives. The

www.chemicaljournals.com

developed QSAR model is robust statistically and has good
predictive quality.

Model: (Divided dataset)

pICsy = 6.5142(+2.9651) + 11.4495(+6.1553) X maxHaaCH — 0.0307(+0.0112) x ATSCTi
- 0.1573(+0.0369) X AATS7m

The numerical values of different statistical parameters are
0.8213, 0.8091, 0.7841, 0.8771, and 0.9364 for R?, RZy;,
Q2%00, R?%xt, and CCCex, respectively. (Table 6.1) Using the
result of the QSAR model, five compounds (D1-D5) were
also designed. A molecular docking study of the most active
compound (L28) and designed compounds (D1-D5) 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(L28). Hence, the results of the present
investigation may be employed to identify and develop
effective inhibitors for the treatment of PLKZ1-related
pathophysiological disorders.

Table 1: Values of Statistical parameters as obtained from QSAR model

Statistical parameters Result Statistical parameters Result
Nir 48 No. of descriptors 3
Nex 20 0* -2.2602°
Fitting Criteria
R 0.8213 RMSE 0.3656
R 0.8091 MAE 0.3054
R%- R%qj 0.0122 RSSir 6.4144
LOF 0.1745 CCCw 0.9019
KXx 0.413 S 0.3818
AK 0.1507 F 67.3877
Internal Validation Criteria External Validation Criteria
RZev(Q%100) 0.7841 RMSE-ext 0.3091
R?- Q%00 0.0371 MAE-ext 0.2249
RMSEcy 0.4017 PRES Sext 1.9114
MAE.y 0.3354 R2 ext 0.8771
PRESScv 7.7464 Q*F* 0.8771
CCCuv 0.8821 Q*F? 0.8744
Q%Mo 0.7731 Q*F® 0.8722
RZ Yscr 0.0644 CCCext 09364
QZYscr -0.1165 R2m aver. 0.8218
RMSEAYvser 0.836 R%m delta 0.0261

Predictions by LOO

Exp(x) vs. Pred(y)

Pred(x) vs. Exp(y)
R2

R? 0.7848 0.7848
R% 0.7404 RZ% 0.7842
K 0.9976 k 0.9993
Clos' 0.0565 Clos 0.0008
R%m 0.6195 R%m 0.7654
External predictions by model equation
Exp(x) vs. Pred(y) Pred(x) vs. Exp(y)
R? 0.8771 R? 0.8771
R'% 0.871 R% 0.8748
k' 1.0004 k 0.9977
Clos' 0.0069 Clos 0.0026
RZm 0.8087 R%m 0.8349

Table 2: Predicted plCso of the designed compounds with their structure and binding affinity

[ S.No. | Structure

| Predicted pICso | Binding affinity (kcal/mol) |
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Dataset 11 values were 0.8550, 0.8269, 0.7993, 0.8532, 0.903 for R?

In this study, the QSAR model was developed by taking a
dataset of 50 pyrimidine and pyridine derivatives. QSAR
model was reliable and robust.

Model: (Divided dataset)

pIC;, = —11.2408(+0.0022) +
0.5838(10.1507) x C15P2 +
7.3064(+3.7111) x (Spmin3_Bhp) +
1.5709(+0.8691) x AATS4p —
0.2851(40.1953) x C35P2 +
6.7788(11.4509) x (VE1_Dt) +
1.4513(+0.6517) x GATS8¢c

The values obtained from model with six descriptors had
good predictive potential. This model's statistical parameters
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RZgj, Q%00, R%x;, and CCCex respectively. (Table 6.3) To
find the best protein-ligand interaction, a molecular docking
study was done. A molecular docking study of the most
active compound (SN30) and designed compounds (E1-E5)
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 (SN30). The docking results
found that the most potent compound forms H-bonding with
GLN150 and SER102. The hydrophobic interactions were
shown by MET98, ALA45, LEU79, LYS47, ALAL63,
LEU153 and LEU24 all these residues. With the help of
results obtained from QSAR model five compounds named
as E1-E5 were designed.
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Table 3: Statistical parameters for the developed model of RIPK2 inhibitors
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Statistical parameters Result Statistical parameters Result
Nir 38 No. of descriptors 6
Nex 12 0* 1.0032°
Fitting Criteria
R2 0.855 RMSEx 0.1762
R2agj 0.8269 MAEw 0.1398
R2r- RZadj 0.0281 RSSi 1.1803
LOF 0.0663 CCCu 0.9218
Kxx 0.386 s 0.1951
AK 0.0041 F 30.4612
Internal Validation Criteria External Validation Criteria
chv(Qzloo) 0.7993 RMSEext 0.1228
R2- Q%00 0.0557 MAEext 0.1064
RMSEcv 0.2073 PRESSext 0.1808
MAEcy 0.1671 R? ext 0.8532
PRESSev 1.6337 Q*-F! 0.8458
CCCu 0.8923 Q*-F? 0.7776
Q2mo 0.781 Q*-F 0.9296
R? ysor 0.1649 CCCext 0.903
Q?vser -0.2663 R%m aver. 0.761
RMSEAYyser 0.4223 RZn delta 0.1401
Predictions by LOO
Exp(x) vs. Pred(y) Pred(x) vs. Exp(y)
R? 0.8005 R? 0.8005
R% 0.7678 R% 0.7993
K' 0.9993 Kk 1
Clos' 0.0408 Clos 0.0015
R'm 0.6558 R%m 0.7727
External predictions by model equation
Exp(x) vs. Pred(y) Pred(x) vs. Exp(y)
R? 0.8532 R? 0.8532
R2% 0.8525 RZ% 0.8171
K' 1.0066 k 0.9933
Clos' 0.0008 Clos 0.0424
Rm 0.8311 R%m 0.691

Table 4: Predicted plCso of the designed compounds with their structure and binding affinity

S.No. Structure Predicted plCso| Binding affinity(kcal/mol)
Cl
’
SN30 /@\ iﬁ(i@ 8.221849 9.36
HCo X Cl
7>s N~ N7 N7 o
o7l H |
o} CHs,
I.LE1 9.252623 -10.46
N~ | N
H3C. N Cl
30,/” N)\N NN
I1.E2 9.169523 -10.42
o) CH,
I(IZH
/C\
HsC” “CHj
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Cl
H3C o N Cl . -10.
I1.E3 30//§ N)\N ’}‘ o 9.095514 10.38
o} CHg
Cl
’
I1.E4 yo. He )N\ | S 8.965639 -9.66
NP 0N N Cl
2 Z N~ "N~ "N” ~O
H 071l H |
CHj;
H2C\\(I3H
cl CH,
ILE5 @\ Nw 8.255452 -9.62
HsCo )\\ Cl
s N” N7 N7 o
o~ H |
O CHj3
Dataset I11 best protein-ligand interaction, a molecular docking study

In this study QSAR model for 51 compounds of N-
(benzothiazolyl)-2-phenyl-acetamides  derivatives  and
benzothiazoles derivatives were developed. The model
obtained with three descriptors was statistically robust and
reliable.

Model: (Divided dataset)

pICy, = B.7296(10.6355) + 0.179(+0.07) x RPFI5v — 2.7183(0.5553) x GATS7i
—4.9056(+2.6917) X RotBFrac

The values of statistical parameter for this model were
0.8217, 0.8060, 0.7843, 0.8265 and 0.8916 for R?, RZ;,
Q200, R%xt, and CCCex respectively. (Table 6.5) To find the

was done. A molecular docking study of the most active
compound (34S) and designed compounds (F1-F4) 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(34S). Some compounds (F1-F4) were
created based on the molecular modelling methods used in
this investigation (Table 6.6). The machine learning
techniques employed in this work subsequently predicted
the inhibitory potential (pICso) of these compounds (Table
6.6).

Table 5: Statistical parameters of the QSAR model obtained for CK1 delta inhibitor

Statistical parameters Result Statistical parameters Result
Nir 38 No. of descriptors 3
Nex 13 0* 2.6903°
Fitting Criteria
R%y 0.8217 RMSEw 0.3283
R2adj 0.806 MAEw 0.2656
R%- RZagj 0.0157 RSStr 4.0967
LOF 0.152 CCCw 0.9021
KXxx 0.3364 s 0.3471
AK 0.1018 F 52.2381
Internal Validation Criteria External Validation Criteria
RZCV(Q2|OO) 0.7843 RMSEext 0.3803
R?- Q%00 0.0374 MAE-ext 0.3148
RMSE.v 0.3612 PRESSext 1.8804
MAE.y 0.2947 R? ext 0.8265
PRESScv 4.9565 Q*F! 0.744
CCCu 0.8814 Q*F? 0.7327
Q’mo 0.7727 Q%P 0.7608
R? yser 0.0829 CCCext 0.8916
Qvscr -0.151 R?m aver. 0.664
RMSEAYyscr 0.7442 R’m delta 0.1802
Predictions by LOO
Exp(x) vs. Pred(y) Pred(x) vs. Exp(y)
R? 0.7847 R? 0.7847
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R 0.7379 RZ% 0.7843

K 0.9961 k 1.0004
Clos' 0.0596 Clos 0.0005
R'?m 0.615 RZm 0.7691

External predictions by model equation

Exp(x) vs. Pred(y)

Pred(x) vs. Exp(y)

R? 0.8265 R? 0.8265
RZ% 0.8188 RZ% 0.7331
K 0.9936 k 1.0024
Clos' 0.0093 Clos 0.113
R"’m 0.7541 RZm 0.5739

Table 6: Predicted pIC50 of the designed compounds with their structure and binding affinity

NH,

S.No. Structure Predicted plCso| Binding energy(kcal/mol)
F3C {\] O
343 S)\N 8.0 -6.97
H
0.
CH,3
HoN O

I1L.F1 /\k 8.8643 -8.15

H,N

Q PO
My

0]

S N
11.F2 H NH 8.7100 -8.12
2

07 “NH,

H1F3 NH, 8.5936 -7.94
07 “NH,
L 3 OO

|

111.F4 S H 8.0635 -7.14
O.
‘ CHs
Dataset IV pIC,, = 3.2365 — 1.8997(+0.8396) X minHdsCH + 0.0005(+0.0003) X ATSC6v

In this study QSAR model for 68 compounds which are
derivatives of quinolines carboxamides derivatives and
imidazo[5,4-c] quinolin-2-one scaffold is selected for the
QSAR model development. The model obtained with three
descriptors was statistically robust and reliable.

Model: (Divided dataset)

16

+0.3956(+0.0805) X SpMAD_Dzp

The values of statistical parameter for this model were
0.8727, 0.8642, 0.8501, 0.9251 and 0.9452 for R?, RZ%g;
Q?%0, R%x, and CCCex respectively. (Table 6.7) A
molecular docking study of the most active compound
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(K47) and designed compounds (G1-G5) 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(K47). It was inferred from the observation that
the hydrogen bonding takes place between amino acid
residue THR1043 and most active ligand. HIS708 and ARG

www.chemicaljournals.com

707 forms hydrophobic interactions with the most potent
compound. Some compounds (G1-G5) were created based
on the molecular modelling methods used in this
investigation (Table 6.8). The machine learning techniques
employed in this work subsequently predicted the inhibitory
potential (pICsp) of these compounds (Table 6.8).

Table 7: Results of statistica

| parameters for ATM inhibitors

Statistical parameters Result Statistical parameters Result
Nir 49 No. of descriptors 3
Nex 19 0* 2.3188°
Fitting Criteria
R2y 0.8727 RMSE 0.4895
RZadj 0.8642 MAE« 0.4066
R%- R%yg 0.0085 RSStr 11.7411
LOF 0.3111 CCCx 0.932
Kxx 0.3302 s 0.5108
AK 0.1884 F 102.8224
Internal Validation Criteria External Validation Criteria
RZev(Q%00) 0.8501 RMSEext 0.34
R2- Q%00 0.0226 MAE-ext 0.2323
RMSEcy 0.5312 PRES Sext 2.1966
MAECV 0.4421 Rz ext 0.9251
PRESScv 13.8244 Q*F* 0.875
CCCuv 0.9202 Q%*F? 0.8743
Q?mo 0.8452 Q*F 0.9386
RZ Yscr 0.0598 CCCext 0.9452
Q%vecr -0.1175 R?m aver. 0.7958
RMSEAYyser 1.3299 R’m delta 0.0877
Predictions by LOO
Exp(x) vs. Pred(y) Pred(x) vs. Exp(y)
R? 0.8503 R? 0.8503
R 0.8301 R% 0.8501
K 0.9955 k 0.9992
Clos' 0.0238 Clos 0.0003
Rm 0.7295 R%m 0.8376
External predictions by model equation
Exp(x) vs. Pred(y) Pred(x) vs. Exp(y)
R? 0.9251 R? 0.9251
R% 0.9166 R% 0.8901
K' 0.9813 Kk 1.0171
Clos' 0.0092 Clos 0.0379
I2m 0.8397 r’m 0.752

Table 8: Predicted plCso of the designed compounds with their structre and binding affinity

S.No. Structure Predicted plCso Binding energy(kcal/mol)
K47 9.769551 -8.13
IV.G1 10.23327 -11.00
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Ot
HeC~CH
1vV.G2 10.12959 -9.33
1V.G3 9.926531 -9.31
1V.G4 9.89689 -9.28
IV.G5 9.833472 -8.66
Dataset V similar pattern of interaction as that of the most active

In this study QSAR model for 58 compounds of
pyrrolo[2,3-b] pyridines, Pyrrolo[2,3-d] pyrimidines, and
Pyrrolo[3,2-c] pyridine were taken into consideration for
developing QSAR model. The model obtained with three
descriptors was statistically robust and reliable.

Model: (Divided dataset)

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

The values of statistical parameter for this model were
0.8261, 0.8120, 0.7769, 0.7998 and 0.8941 for R?, RZ%g;,
Q%00, RZ%x, and CCCex respectively. (Table 6.9) 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

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 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 (Table 6.10).
The machine learning techniques employed in this work
subsequently predicted the inhibitory potential (pICso) of
these compounds (Table 6.10).

Table 9: Values of stiatistical parameters obtained from QSAR model

Statistical parameters Result Statistical parameters Result
Nir 41 No. of descriptors 3
Nex 17 0* -2.6018°
Fitting Criteria
R%y 0.8261 RMSE« 0.4249
RZadj 0.812 MAE 0.3603
R%- RZagj 0.0141 RSSi 7.4023
LOF 0.2478 CCCrr 0.9048
KXxx 0.2472 S 0.4473
AK 0.2102 F 58.5977
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Internal Validation Criteria External Validation Criteria
R%v(Q?100) 0.7769 RMSEext 0.4674
R2- Q%00 0.0492 MAEext 0.3711
RMSEcv 0.4813 PRESSext 3.7139
MAE. 0.4052 R? ext 0.7998
PRESScy 9.4984 Q*F 0.784
CCCu 0.88 Q?-F? 0.7837
Q2mo 0.7701 Q*F 0.7896
R? yscr 0.0776 CCCext 0.8941
Q%vser -0.1368 R%m aver. 0.7161
RMSEAYyser 0.9782 R%n delta 0.0321
Predictions by LOO
Exp(x) vs. Pred(y) Pred(x) vs. Exp(y)
R? 0.7789 R? 0.7789
R'% 0.7414 R% 0.7769
k' 0.9952 Kk 0.9996
Clos' 0.0481 Clos 0.0025
R'2m 0.6281 R%m 0.7443
External predictions by model equation
Exp(x) vs. Pred(y) Pred(x) vs. Exp(y)
R? 0.7998 R? 0.7998
R'% 0.7926 R% 0.7842
K 0.9985 k 0.9967
Clos' 0.009 Clos 0.0195
R'm 0.7321 R%n 0.7

Table 10: Predicted plCso of the designed compounds with their structre and binding affinity

S.No. Structure Predicted pICso Binding energy(kcal/mol)
NH; ¢oN -
y 3
N
D21026 HN” N~ N 8.301 -6.97
& CHs,
N
N—N
_CHj,
o CN =
Sl esTe
V.H1 N 9.424953 -8.91
Sy :
& CHs,
N
N—N
\
OH ©oN -
SNenTe
NS
V.H2 N N7 N 8.531437 -8.77
oo
AN
\
N—N
\
OH ¢cN -
QNI
NS
V.H3 N)\N N 8.439507 -8.40
& CHj
\
N—N
\
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V.H4

-

O CN -

N7 ‘
0

HN™ "N~ N

& CH,4
X

\

N—N

8.332397 -7.83

\

o’
a0
N”NT N

CHs
N

N—N
\

V.H5

8.322227 -7.52

Conclusion

It is clear from all the datasets that protein kinase inhibitors
are highly helpful in the research of cancer. The reduction of
PLK1 enzymatic activity by small drugs has made PLK1 an
important aspect in cancer therapy. There exists a
correlation between RIPK2 activities and advanced tumour,
metastasis, body mass index (BMI), and group stages.
According to all of them, RIPK2 is an analytical marker for
both progressive phase breast cancer and inflammatory
breast cancer (IBC). Numerous illnesses, including ovarian,
glioblastoma, colorectal, chronic lymphocytic leukaemia,
breast malignancies, and pancreatic adenocarcinomas, can
be treated by targeting CK1 delta.

The family of phosphatidylinositol 3-kinases, or PI3K-like
kinases, includes the ATM (Ataxia Telangiectasia Mutated)
kinase protein. Numerous functions, such as gene
expression, cell metabolism, stress response, and
intracellular group, are regulated and controlled by it. The
physiological role of LRRK2 and some of its substrates are
unknown. Nevertheless, a number of LRRK2 inhibitors are
used to treat Parkinson's disease (PD) in a neuroprotective
manner, and it has been suggested that they could help
prevent neurodegeneration. It can be inferred that all of
these inhibitors can be employed in the creation of different
cancer medications.
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