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Abstract

Diabetes Mellitus is a worldwide chronic metabolic disorder characterized by pancreatic cell damage, or
insulin resistance, and relative insulin insufficiency. Diabetes is also known as the third killer in humans after cancer
and heart attack. This project seeks to tackle the prevalent global health challenge of diabetes mellitus through the
application of in silico methods, a promising avenue in drug discovery and development. Our primary objective is to
identify therapeutic targets for diabetes treatment, with a specific focus on Peroxisome Proliferators Activated
Receptor Gamma (PPAR-y) and Glycogen Phosphorylase (GP). Utilizing in silico techniques, we aim to explore the
interaction of these targets with potential therapeutic agents to develop more potent treatments. Our project is
centered on investigating the therapeutic potential of Organo Sulfur Compounds and understanding their interaction
mechanisms with receptors using in silico techniques. The overarching aim is to expedite the discovery of novel,
efficient, and safe treatments for diabetes mellitus. Computational tools like PyRx, SwissADME, Biovia Discovery
Studio, ADMET SAR were used to check the binding and drug forming abilities of ligands under study. It is a faster
and more accurate process as compared to the actual experimental trial and error method. Databases like PubChem,
PDB and NCBI were also used. In addition to these the other software that were used are SwissADME, Marwin
Sketch and OSIRIS data explorer.
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Introduction This is one of the most common type of diabetes(7).
DM or Diabetes Mellitus is a worldwide Type 2 diabetes is more likely to develop due to the
inveterate metabolic condition characterized by consequences of gestational diabetes, which includes
pancreatic cell damage, or insulin resistance, and obesity, cardiovascular disease, and impaired
relative insulin insufficiency(1). Threat factors include carbohydrate metabolism(8). .
inheritable, environmental, and behavioral factors. It Gestational diabetes: This type develops in some
can invoke several kinds of health problems, including people during pregnancy. Gestational diabetes generally
neuropathy, cardiovascular problems, and kidney goes fo afte.r gestation. In spite of that, if you have
problems(2). In 2017, roughly 462 million people were gestatlopal dlabetes,. you are at a adyanped threat of
affected by type 2 diabetes corresponding to 6.28% of developing Type 2 diabetes afterwards in life(9)
the world’s population (4.4% of those aged 15-49 Prgdlabetes: Prediabetes is cal}e_d the stage before
years, 15% of those aged 5069, and 22% of those aged Type 2 diabetes. Blood glucose positions are advanced
70+), or a commonness rate of 6059 cases per 100,000 than normal but not high enough to be officially
(3). 529 million individuals globally had diabetes in ~ diagnosed with Type 2 diabetes(10).
2021(4).Type 1 diabetes is characterized by an Ketoacidosis and hypoglycemia are two acute
autoimmune response to pancreatic cells, whereas type consequences of dlgbetes that are substantlal.ly brought
2 diabetes is caused by pancreatic beta cell failure(5). on by hormonal imbalances caused by inadequate
Type 1 diabetes is generally diagnosed in children 1nsu11p(11). Insuhn_ resistance and .faul.ts in 1nsu_11n
less than 15 years and adolescent grownups, but it can secretion are the primary causes of this dls(_)rder, wh}ch
develop at any age(6) may bq lmked.to obe51ty. and neuroendocrine function
Type 2 diabetes: With this type, your body does Whlch is a major factor in the devglopment of type 2
not make enough insulin and/or your body's cells do not diabetes(11). Diabetes, heart complaints, and asthma are

respond generally to the insulin (insulin resistance). some of the inveterate illnesses that obesity
significantly increases the threat of, leading to a global

pandemic (12). In present pharmacological support,
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present in plants contain Sulphur and have displeasing
odor aiding in the prevention and treatment of life-
threatening diseases. Organo Sulphur Compound such
as Methiin Alliin, N-acetyl cysteine, S-ethyl cysteine
were found to be present in Onion(15,16). Ajoene, Allyl
propyl disulfide, Sallylcysteine, Allixin were found in
Garlic(17). There are multiple target receptors which
play a major part in diabetes as they regulate the blood
glucose level. Receptors like GLUT2, PPAR, IR,
SGLT1, DPP-1V, GP(18). In this recent research we
have chosen two  receptors PPARg and Glycogen
phosphorylase. In the 1990s, peroxisome proliferation
mediators identified as PPARs emerged has been one of
the most intensively researched transcription
factors(19). Since PPARs control beta cell biology, and
alter the pancreatic lipidome, they are a prime choice
for this kind of method(20). In PPAR Gamma, Insulin
attaches to the insulin receptor, which then mediates its
metabolic actions. It interacts with downstream
mediators such as IRS-1 and PI3K. PI3K can be
activated directly or indirectly, resulting in the creation
of PIP3. In insulin signaling transduction, the PI3K/
AKT/GSK-3 signaling pathway is involved, with
GSK-3 being regulated and controlled by insulin. AKT
activation is also involved in the pathway, which
phosphorylates the Ser9 site of GSK-3 and limits its
action(21). Glycogen Phosphorylase catalyzes glycogen
breakdown to produce glucose-1-P, used by muscle for
metabolic energy. Phosphoglucomutase and glucose-6-
phosphatase convert glucose in liver to glucose(22).
ADME properties allows in the prediction of drug
properties such as absorption, distribution, metabolism,
and excretion. It helps in selection process of drug
discovery process to select a specific organosulphur
compounds. Lipinski and colleagues introduced the
"Rule of Five" a rule-based filter for drug likeness. It
was the first and most well-known rule-based filter of
drug a connection distinguishing whether a chemical is
orally absorbed whether it works or not(23). It identifies
molecule activity based on molecular weight, partition
coefficient (log p), hydrogen bond acceptors and
hydrogen bond donor. The weight of drug should not
exceed more than 500Da, Log p should be less than 5,
HBA should be less than10 while HBD should be less
than 5 and molar refractivity should be between
40-130(24). If any drug follows these rules, it is
effective and safe drug. ADMET properties were
calculated by the help of SwissADME. The results are
given below in table 2. Toxtree and ADMET SAR are
open-source software tool designed for the prediction of
toxicological properties of chemical compounds(25). It
is particularly focused on predicting the toxicity of
chemicals. The results are given below in table 3. PyRx
which is an open-source software was used for a
molecular docking. PyRx is particularly useful for
virtual screening(26). PyRx consist of AutoDock which
is integrated in it. Before starting the docking on PyRx
make sure to convert the format of a receptor and ligand
file into a PDB file. PyRx gives out the Binding affinity
and energy of each compound. The results are given
below in table 4. Our recent research has focused on
identifying a suitable organosulphur compound docking
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against receptor PPAR Gamma and GP which can act as
suitable drug candidate in treatment of diabetes. The
results were compared with a standard drug
Thiazolidinediones. A molecule with highest binding
affinity was chosen and its docking visualization against
receptor was done by the help of Discovery studio.

Causes of diabetes

Type 2 diabetes: substantially results from insulin
resistance. Insulin resistance happens when cells in your
muscles, fat and liver do not respond as they should to
insulin. Several factors and conditions contribute to
varying degrees of insulin resistance, including bulk,
lack of physical exercise, diet, hormonal imbalances,
genetics, and certain medicines(27).

Autoimmune disorder: Type 1 diabetes occur when
the immune system attacks the insulin-producing cells
in your pancreas.

Hormonal imbalances: During gestation, the placenta
releases hormones that create insulin resistance.
Maternal pancreatic P-cell dysfunction leads to
impaired glucose tolerance(28). Other hormonerelated
conditions like acromegaly and Cushing syndromes can
also produce Type 2 diabetes(29).

Pancreatic damage: Physical damage to your pancreas
from a condition, surgery or Injury can impact its
capability to make insulin, resulting in Type 3c
diabetes(30).

Inheritable mutations: Certain inheritable mutations
can lead to neonatal diabetes(31). Long-term use of
certain medicines can also lead to Type 2 diabetes,
including corticosteroids.

Receptor that plays a crucial part in Diabetes
treatment: Metabolically, the insulin receptor plays a
crucial part in the regulation of glucose homeostasis; a
functional process that under degenerate conditions may
lead to a range of clinical personifications including
diabetes and cancer(32).

Drugs used in treatment of diabetes

Some of the drugs used in the treatment are
Tolbutamide, Glimepiride, Metformin, Rosiglitazone,
(33),(34),(35,36),(36). The side-effects of these drugs
are given in Table 1.

Use of Ayurveda in treatment of diabetes

1. Udwartana is a cream massage frequently used for
slimming and treatment of bulkiness that can be done
daily.

2. Dhanyamladhara is frequently used in Ayurveda to
combat adiposity, inflammation, muscular pain,
neuropathy, hemiplegia, and rheumatic complaints.

3. Snehapana is a process of full body internal and
external lubrication via drinking ghee and animal-fat oil
as well as massaging the oil on without any other oral
input.
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4. Abhyanga is a warm oil-massage. The oil is
frequently premedicated with flavorings for specific
conditions.

5. Bashpasweda is a fume chamber in which the patient
sits while fume emanates from a boiling herbal
decoction.

6. Virechana is an alternate procedure in the sequence
of Panchakarma (Ayurveda Detoxification Program)
that involves using natural medications that have a
laxative effect, substantially aimed at reducing pitta
dosha and poisonous accumulation in the
gastrointestinal tract, liver, and gallbladder(37) .

Computer Aided Drug Designing: Ultra-modern
medicine discovery uses computer-aided drug design to
find possible medicinal molecules(38). It is presently
the stylish option for high-output screening, which is
generally employed in medicine development. Ways
employed in this approach are used in nearly every
position of medicine development. Structure-Based
Drug Designing (SBDD), Ligand-Based Drug
Designing (LBDD),and Fragment-Based Drug
Designing (FBDD) are some of the in-silico medicine
design methodologies(39).

Table 1: Drugs used in treatment of diabetes and their side-effects

Name of drug FDA Formulation
Approval
Tolbutamide 1957 500 mg tablets
Glimepiride 1995 Img, 2mg, 4mg tablets
. 500 mg, 850 mg,
Metformin 1994 1000 mg tablets
Rosiglitazone 1999 2mg, 4mg, 8mg tablets
Glyburide, 1992 1.5 mg, 3 mg,4.5
micronized mg, 6 mg micronized tablets

Aims, objectives and Methods

The study aims to identify potential antidiabetic
organosulfur compounds through in silico molecular
docking against PPAR-y and Glycogen Phosphorylase
receptors. In the present study, bio informatics tools like

Figure 1: 3D Structure of PPARG
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Figure 4: 3D Structure of GP
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Figure 2: ERRAT Quality Analysis of
PPARG

Fig 5. ERRAT Quality Analysis of GP

Dosage Possible Side Effects

Taken two or three

times daily. Hypoglycaemia, weight gain.
Cardiovascular effect,
Hypoglycaemia, weight gain.
Gastrointestinal symptoms
(diarrhoea, nausea), lactic acidosis.

Anaemia, bone loss, fractures in

Taken once daily.

Taken two or three
times daily.

Taken once or twice

daily. women.
Taken once or twice (if >6 H | . oht oai
mg) daily. ypoglycemia, weight gain.

PubChem, Protein Data Bank, SwissADME, Toxtree,
ADMET SAR, PyRx, Biovia Discovery Studio
Visualizer, Chemsketch and Marvin were used.

Figure 3: Ramchandran Plot for
PPARG

Fig 6. Ramchandran Plot for GP
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Preparation of Protein
Protein Data Bank was used to retrieve the 3D
structure of the target protein receptor PPAR-y and

Glycogen Phosphorylase having a resolution length up
to 1.5 to 2 A and downloaded in PDB format.
Discovery Studio Visualizer was utilized to remove
water molecules from the protein structure. The quality
and error were analyzed using Errat online server. The
distribution of the ¥ and ¢ of amino acids residual in
protein was observed under the Ramachandran Plot.

Ramachandran plot is a graphical representation
of the phi (¢) and psi (y) angles of amino acid residues
in a protein. It hives a detailed view about the torsion
angles of a protein structure.

» Red Color: Residues in the most favored region. This
indicates that the combination of phi and psi angles
for these residues is energetically favorable and
commonly observed in stable protein structures.

» Yellow Color: Residues in the additionally allowed
region. These residues have torsion angles that are
less common but still permissible in protein
structures. They are somewhat less favored than those
in the most favored region.

» Faint Yellow: Residues in the generously allowed
region. Similar to the additionally allowed region,
these residues have torsion angles that are less
common but are still considered acceptable. However,
they are less favorable than both the most favored and
additionally allowed regions.

o Grey Color: Residues in the disallowed region. This
indicates that the combination of phi and psi angles
for these residues is energetically unfavorable or
structurally implausible. Proteins with residues in this
region may be distorted or have an incorrect
conformation.

Selection and Preparation of Ligand

The structure of the organosulphur-based
functional chemicals found in plants was retrieved from
PubChem. Selection was based on Lipinski's rule of
five, ADMET properties, and docking scores.The study
retrieved 22 organosulfur compounds from PubChem.
SMILES was used as an input for each ligand to
calculate the physicochemical properties as well as
similarity search by using chemicalize.

Prediction of ADME characteristics using
SwissADME

The Swiss ADME online web tool was employed
for the comprehensive screening of bioavailability and
pharmacokinetic characteristics, encompassing
parameters related to absorption, distribution,
metabolism, and excretion (ADME). The chosen
ligands were represented using SMILES Notation in the
form of an input file, which was then organized and
tabulated in spreadsheets or Excel to generate a list,
with each molecule having its designated entry.

SwissADME Tool

In the initial stages of drug discovery,
anticipating absorption, distribution, metabolism, and
excretion (ADME) characteristics helps mitigate the
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risks associated with pharmacokinetic failures. The
pioneering work of Lipinski et al. involved the
examination of compounds that are orally active to
establish physicochemical ranges indicative of high oral
drug probability, commonly referred to as drug-
likeness(40). Integrated into the Swiss Drug Design
workspace, SwissADME provides seamless
interoperability, granting users access to various CADD
tools developed by the Molecular Modelling Group of
the SIB Swiss Institute of Bioinformatics. These tools
include ligand-based virtual screening (Swiss
Similarity), bio target prediction (Swiss Target
Prediction), molecular docking (Swiss Dock), and
bioisosteric design (Swiss Bioisostere).

Fig 7. Boiled egg model from SwissADME

Molecule Molecule Name

4

Molecules
out of range

Boiled egg Model

ADME Studies

ADME encompasses the processes governing the
nature and delivery of pharmaceutical compounds
within an organism, with a particular focus on the
human body. Poor pharmacokinetics is a primary cause
of drug development failure. Employing a
Pharmacokinetic (PK) model becomes crucial to
ascertain the optimal dose and dosing interval, thereby
minimizing the risk of undesired administration and
side effects. By merely using a molecule structure, in
silico models are a simple and economical way to
estimate ADME features.

The Lipinski’s rule of five is the most important
model to check the pharmacological properties of
compounds(41). The Lipinski rule is as follows:

« MW <500 Da; Log Pw oct <5;

» no more than 5 hydrogen bond donors;

» no more than 10 hydrogen bond acceptors.

Different parameters for predicting ADME properties

are:

« Lipophilicity: Lipophilicity, a critical
physicochemical property in pharmacokinetics and
drug development, is quantified through the partition
coefficient between n-octanol and water, denoted as
log Po/w. Recognizing the significance of this
parameter, SwissADME incorporates a dedicated
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section. Within SwissADME, users can freely utilize
five XLOGP329 prediction models.

Water Solubility: With the convenience of handling
and formulation as a priority, having a resolvable
molecule considerably improves the process of
discovering new drug candidates. It is critical to
evaluate the solubility of medications that are
intended for oral delivery. To provide a significant
quantity of active components in a small volume, the
medicine for parenteral use must be highly soluble in
water. For parenterally administered medications,
high water solubility is crucial to ensure the delivery
of a substantial quantity of active components within
a limited volume.

Pharmacokinetics: The prediction of skin
permeability coefficient (Kp) is a function within PK
models. A lower log Kp (cm/s) signifies reduced
permeability of the molecule through the skin. The
BOILED-EGG model's readout is utilized to forecast
passive human HIA and penetration through BBB.
Approximately 90 percent of therapeutic compounds,
as reported by various authors, are substrates for five
principal isoforms (CYP1A2, CYP2C19, CYP2C9,
CYP2D6, CYP3A4). Several CYP isoform inhibitors
have been discovered. Some have diverse effects on
different CYP isoforms, whereas others are selective
for certain isoenzymes50.

Drug Likeness: This assessment gauges the potential
of a chemical to serve as an oral medication with
regards to bioavailability. The initial application of
the rule of five was introduced through the Lipinski
(Pfizer) filter. The procedures of Ghose (Amgen),
Veber (GSK), Egan (Pharmacia), and Muegge (Bayer)
were all adopted from other sources. Generally, any
deviation from the Lipinski rule is deemed
unacceptable, barring rare circumstances.

Drug Score and Toxicity Study

Utilizing the OSIRIS property explorer program
to simulate for solubility, drug ratings, and toxicity
estimates(42). Toxtree predicts and determines the
taxological approach in tree- based approach while
Admet SAR is user friendly interface to search for
studies(43).

Molecular Docking

The exploration of the interaction between two or
more molecular structures, such as a drug and an
enzyme or protein, is referred to as molecular docking.
Molecular docking is a molecular modelling technique
designed to forecast the interactions of small
compounds with proteins. This method enables the
simulation of atomic-level interactions connecting a
small chemical and a protein. The docking process
involves predicting the structure of the ligand, its
position and orientation within binding sites, and
measuring binding affinity. Various docking techniques
are employed, including stiff ligand and stiff receptor
docking, flexible ligand and stiff receptor docking, and
flexible ligand and flexible receptor docking. Blind
docking and site-specific docking are two different
ways to dock. When no information about the protein's
binding sites is available, blind docking is used.

PyRx:

Molecular docking was performed by using PyRx
which is a virtual screening for computational drug
discovery. It provides facility of multiple ligands
docking. Loaded the protein molecule from file as PDB
and convert it into PDB - gt by selecting auto doc which
make macromolecule. Using an open babble, inserted
one-by-one ligands from the file as it showed molecular
weight, number of atoms, and formulae. PyRx is quite
easy to use as it is automatically analyzed the
interactions. The binding affinity of each ligand were
saved in Excel sheet.

Compounds used in the process of molecular docking are as follows:
Table 2: 2D Structure of Compounds
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Table 3: Physical parameters and Physiochemical Properties
Ligan Molecular Molar LogP Hydrogen Hydrogen Bond Refractivity
d Formula mass value Bond Donors Acceptors (HBA) (Cm*3/mol)
(gmol-1) (HBD)
1 C6H100S2 CsH10082 162.3 2.021 0 1 44.93
2 C6H11NO3S CsH11NOsS 177.22 -3.741 2 4 43.72
3 C5HONO3S CsHoNOsS 163.20 -0.711 3 3 37.67
4 CSHIINO2S CsHuNO2S 149.21 -2.151 2 3 37.67
5 C6H10S CeH10S 114.21 2.479 0 0 37.32
6 C6H10S2 CsHi0S2 146.3 2.761 0 0 45.42
7 C6H11NOS2 CsH11NOS: 177.3 0.22 0 2 49.57
8 C8H14028S2 CsH140282 206.32 2.114 1 2 54.37
9 C9H1408S3 CoH 14083 234.4 3.08 0 1 68.1
10 C6H12S2 CeHi12S2 148.29 2.909 0 0 45.53
11 C6HS8S2 CeHsS2 144.25 2.374 0 0 43.22
12 C6HI11INO2S CsH11NO2S 161.22 -1.777 2 3 42.09
13 CI2H1804 Ci2H1304 226.26 2.74 1 4 59.6
14 CI1HI2N20 Ci1iH12N20 188.22 1.31 1 3 53.5
15 C6H11NO2S2 CcH11NO2S; 193.28 2.48 2 3 50.6
16 CI10H1202 Ci1oH120: 164.20 1.99 0 2 47.52
17 CO9H7N CoH7N 129.16 1.82 0 1 41.09
18 C7H802S C7HsO2S 156.20 1.97 0 2 41.08
19 C6H10S3 CeH10S3 178.34 2.65 0 0 52.78
20 C4F4HS5S CaF4HsS 180.14 1.62 0 5 29.60
21 CI11H180 CiHis0 166.26 2.47 1 1 51.19
22 CI10H160 Ci1oH160 152.23 2.12 0 1 45.64
Table 4: Prediction of ADMET Properties for selected ligands
No TPSA Log Consensu  BBB ‘ GI . 'CY.PI.AZ CYP2C1 .CY.PZ.C9 CYP2D CYP3A P-gp
Kp s Log P Permeatio adsorptio inhibitor 9 inhibitor 6 4 substrat
1 61.58 -6.36 1.61 Yes High No No No No No No
2 91.7 -7.25 0.27 NO High No No No No No No
3 105.2 -7.04 -0.08 No High No No No No No No
4 88.62 -8.88 -0.68 No High No No No No No No
5 25.3 -5.46 2.14 Yes High No No No No No No
6 50.6 -5.63 2.39 Yes High No No No No No No
7 80.73 -6.38 1.93 No High No No No No No No
8 87.9 -6.37 2.04 No High No No No No No No
9 86.88 -6.52 2.52 No High No No Yes No No No
10 50.6 -5.47 2.52 Yes High No No No No No No
11 50.6 -5.55 2.22 Yes High No No No No No No
12 88.62 -8.75 -0.45 No High No No No No No No
13 59.67 -5.71 2.38 Yes High Yes Yes No No No No
14 35.83 -7.14 1.17 No High No No No No No Yes
15 113.43 -8.53 -0.09 No High No No No No No No
16 61.58 -6.36 1.61 Yes High No No No No No No
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17 113.32 -8.81 -1.85 No Low No No No No No No
18 88.62 -8.75 -0.45 No High No No No No No No
19 34.14 -5.74 1.85 Yes High No No No No No No
20 17.7 -5.67 2.37 Yes High No No No No No No
21 75.9 -5.51 2.68 Yes High No No No No No No
22 38.8 -5.51 2.89 Yes High No No No No No No
Table 5: Additional Parameters of the selected compounds
Lo Dru Dru Eye Eye Skin Crammers . . . - . .
No Sg Likengss Scorge IrritZtion corr())]sion sensitization Rule Carcinogenicity Hepatotoxicity Nephrotoxicity
1 -122 -6.13 0.48  Positive Positive = Negative  High Class Positive Positive Positive
2 -0.14 -10.7 0.49  Negative Negative Negative  High Class Negative Positive Negative
3 -126 -13.06 049 Positive Negative Negative  High Class Negative Positive Negative
4 -1.01 -6.24 0.49  Negative Negative Negative  High Class Positive Positive Negative
5 -201 -393 0.29  Positive  Positive Positive ~ High Class Positive Positive Positive
6 -271 47 0.45  Positive Positive Positive High Class Positive Positive Positive
7 -1.25 -6.47 0.25  Positive Negative  Negative  High Class Positive Negative Positive
8 -2.86 -9.44 0.27  Positive Negative  Negative  High Class Negative Positive Negative
9 -245 58 0.46  Positive Positive = Negative  High Class Positive Positive Positive
10 -2.77 -5.03 0.44  Positive Positive Positive ~ High Class Positive Positive Positive
11 -2.07 -2.34 0.51  Positive  Positive Positive High Class Negative Positive Positive
12 -1.22  -8.97 0.49  Positive Negative Negative  High Class Negative Positive Negative
13 -1.29 -545 0.38  Positive Negative  Negative  High Class Negative Negative Negative
14 -235 -46 0.41  Positive Negative Negative  High Class Negative Positive Negative
15 -2.65 -3.76 0.27  Positive Negative Negative  High Class Negative Negative Negative
16 -2.25 -1.14 0.21 = Positive = Positive Positive High Class Positive Positive Positive
17 -1.77  -13 0.25  Positive = Positive Positive High Class Positive Positive Positive
18 -2.18 -1.5 0.23  Positive = Positive Positive ~ High Class Positive Positive Positive
19 -2.21 -390 0.29  Positive  Positive Positive ~ High Class Positive Positive Positive
20 -2.16 -3.1 0.30  Positive Negative  Positive High Class Positive Positive Positive
21 0.68 9.5 0.27 = Positive Negative Negative  High Class Negative Positive Positive
22 243 -8.53 0.26 = Positive Positive = Negative  High Class Negative Positive Positive
Table 6: Docking Results with Receptor PPARG
Sr.no Ligand Name Molecular formula Binding affinity
1 Allicin CeHi00S2 -3.4
2 Alliin CcH1NOsS -4.7
3 Acetyl cysteine CsHoNOsS -4
4 S-ethyl cysteine CsH1iINO2S -4.2
5 diallyl sulfide CsH10S -2.9
6 diallyl disulfide CeHi0S2 -3.1
7 Sulforaphane CsH11NOS» -3.7
8 Lipoic Acid CsH140282 -4.7
9 Ajoene CoH 14083 -4.7
10 Allyl Propyl Disulfide CsH12S2 -2.9
11 2-Vinyl-4H-1,3-dithiine CsHsS2 -3.5
12 S-allyl-L-cysteine CsH11NO2S -4.1
13 Allixin C12H1504 -5.7
14 Vasicine CiH12N20 -6.5
15 Allyl-mercapto-cysteine CsH11NO>S: -4.9
16 Thymoquinone Ci0H1202 -5.8
17 Cinnamonitrile CoH/N -5.9
18 Allantoin C4HeN4O3 -5.5
19 Isothiocyanate C7Hs5NS -5.9
20 Dially Trisulfate CeHi10S3 -5.1
21 Pentafluorobutane C4F4HsS -4.8
22 Nopol Oxide C1Hi:O0 -4.6
23 Thiazolidinediones CisHi9N303S -7.9
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Table 7: Docking Results with Receptor GP

Sr.no Ligand Name

1 Allicin

2 Alliin

3 Acetyl cysteine

4 S-ethyl cysteine

5 diallyl sulfide

6 diallyl disulfide

7 Sulforaphane

8 Lipoic Acid

9 Ajoene

10 Allyl Propyl Disulfide
11 2-Vinyl-4H-1,3-dithiine
12 S-allyl-L-cysteine
13 Allixin

14 Vasicine

15 Allyl-mercapto-cysteine
16 Thymoquinone

17 Cinnamonitrile

18 Allantoin

19 Isothiocyanate
20 Dially Trisulfate
21 Pentafluorobutane
22 Nopol Oxide
23 Thiazolidinediones

Results and Discussion

The analysis and outcomes of the screened
compounds demonstrated compliance with Lipinski's
rule of five, stipulating that molecular weight should not
exceed 500 Da, Log P value should be less than or equal
to 5, hydrogen bonding donors should not surpass 5,
and the number of hydrogen bonding acceptors should
be no more than 10. Deviations in these values may
significantly reduce absorption rates. surpass 5, and the
number of hydrogen bonding acceptors should be no
more than 10. Deviations in these values may
significantly reduce absorption rates. The bioavailability
related to lipophilicity (log P) indicates the importance
of appropriate balance between solubility and
permeability.

A substance does not qualify as drug-like if its
drug score is zero or lower; on the other hand, if the
score is higher than zero, the substance is called a drug.
From the screened compounds,every one of the
molecules has a drug score above zero. A total polar
surface area (TPSA) below 150 A demonstrates greater
polarity, correlating with favorable oral absorption and
membrane penetration.

A log Kp value exceeding -2.5 signifies low skin
permeability, while values ranging between -5.46 to
-8.88 indicate high skin permeability. Resistance to
multiple drugs in malignancies can arise from the
excessive expression of P-glycoprotein (P-gp)
substrates in tumor cells. Among the screened
compounds, only one is identified as a P-gp substrate.

Molecular formula Binding affinity
CeH1008S:2 -4.6
CsH11INO3S -4.6
CsHoNOsS -4.5
CsHiuNO2S -4.6
CsH10S -3.9
CeHi10S2 -3.5
CsH11NOS2 -3.5
CsH140282 -4.5
CoH 14083 -4.6
CeH12S2 -4.1
CeHsS2 -4.5
CsH11INO2S -4.8
Ci2Hi1504 -6.6
CiiHi2N20 -6
CsH11NO2S: -4.6
CioH1202 -5.6
CoH7N -5.2
C4HgN4O3 -5.5
C7HsNS -5.9
CeH10S3 -4.8
C4F4HsS -3.9
CuHisO -5.1
Ci1sH19N303S -7

220

Ajoene acts as an inhibitor of CYP2C9, while Allixin
inhibits CYP1A2 and CYP2C19, suggesting potential
liver metabolism.

To assess drug viability, it is crucial to determine
the drug's solubility (log S), a key factor influencing
dissolution in the gastrointestinal tract and crossing the
blood-brain barrier. For effective absorption, the log S
value should be greater than -6, and all compounds
exhibit significant values.

Various toxicity factors, such as crammers' rule,
nephrotoxicity, carcinogenicity, and hepatoxicity, have
been examined. A Out of 22 compounds, 10 showed
carcinogenecity and 8 showed hepatotoxicity with a
negative probability,including allixin and vasicine under
toxicity prediction. comprehensive metric, known as the
drug score, is employed to assess a compound's
approval potential, in consideration with cLogP, drug
likeness, molecular weight, LogS and toxicity risks.

Vasicine with PPAR and Allixin with GP have
strong binding affinity with standard
Thiazolidinediones.

LEU A435, LEU A:436, THR A:440, MET
A:439, and VAL A:390 are the amino acid residues
surrounding by the Vasicine molecule in its two-
dimensional interaction with the PPAR receptor. The
green line represents the interaction between of a
conventional hydrogen bond with residues LEU A:435
and LEU A:436. Moreover, an unfavourable bump and
Pi-sulphur were depicted by the red and green lines.
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Fig.8 2D Interaction of Ligand Vasicine with
receptor PPARG
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Fig. 9 2D Interaction of ligand Allixin with receptor GP

Conclusion

Diabetes, an intricate metabolic disorder, is
influenced by a multitude of factors. Recent insights
into the pathogenesis of diabetes have unveiled novel
pathways and factors that significantly contribute to the
development and progression of the disease. The
prominent conditions of resistance to insulin and
dysfunction of the B-cell play a substantial part in the
aggressiveness of diabetes. In silico approaches using
molecular docking have identified druggable and
nontoxic organosulfur compounds.

These compounds can be used in wet lab studies
and could potentially act as antidiabetic agents in
diabetes therapy. Toxicity prediction showed no risk and
medium risk. Activation of GPR119 can have several
effects that make it potentially effective in managing
type 2 diabetes. Some of the helpful effects are insulin
secretion, increased hormone release, improved glucose
control and appetite regulation.

Although combination therapy for Type 2
Diabetes Mellitus (T2DM) has demonstrated improved
health outcomes, it introduces potential complications
that necessitate careful consideration. The imperative
need for increased attention to emerging comorbidities
associated with diabetes is underscored. A
multitargeting strategy emerges as a promising
approach for T2DM treatment, simultaneously
addressing multiple pathways. The primary obstacle in
treating T2DM lies in the inadequacy of single target
approaches.

Future Scope

T2DM is categorized by resistance to insulin and
the inadequacy of fB-cell to compensate sufficiently.
Consequently, animal models of T2DM often
encompass models of insulin resistance and/or B-cell
failure. Many rat models of T2DM are obese, mirroring
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the human condition where rotundity is closely linked
to the development of T2DM.

Given the close association between type 2
diabetes and rotundity, most current animal models for
type 2 diabetes involve rotundity. Rotundity can result
from naturally happening mutations or manipulation of
genetics. Additionally, it can be induced through a high-
fat diet. Although human rotundity is seldom caused by
a single genetic mutation, monogenic models of
rotundity are frequently utilized in T2DM research. The
most widely used monogenic models of obesity are
characterized by defects in leptin signaling.

Transitioning from molecular docking studies to
testing on rat models represents a crucial step in this
project. It involves determining drug mechanisms for
diabetes and identifying appropriate dose levels.
Insights from rat model responses may reveal novel
therapeutic targets. This step is extremely important as
it helps to understand how the drugs may benefit the
society.

The most suitable rat model for this purpose is
the Obese Diabetic Mice as they develop obesity,
exhibit glucose intolerance, and demonstrate insulin
resistance.
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