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and toxicity screening,and a choice between physiology-based and
target-based discovery paradigms. High- throughput screening plays a pivotal role in
identifying potential drug candidates, while computational methods, such as computer-aided
drug design and structure-based drug design,enrich the toolkit. In this journey, the power of
computational methods shines through, offering cost efficiency, the exploration of uncharted
chemical space, and the potential to reshape medicine. Molecular docking, pharmacophore
mapping, and lead optimization represent key milestones in the pursuit of tailored therapies
and medical wonders. Heterocycles, particularly quinoline, play a significant role in this
exploration, with diverse applications and a rich historical legacy. The intricate dance of

science advances, offering hope for solutions to complex medical challenges.
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INTRODUCTION

Cancer, an insidious condition characterized by the uncontrolled proliferation of abnormal
cells, remains a formidable adversary in the field of humanhealth. Its prevalence is striking,
with nearly one in three individuals confronting the looming threat of this relentless disease,
where cells defy the normal constraints of growth and division. Within each cell, the
occurrence of DNA mutations unfolds at anastonishing rate, approximately one inevery 20
million per gene per division. Over a lifetime, the human body replaces around 10 million
cells per second, culminating in a staggering total of 10"16 cells.

The origins of cancer often bear the fingerprints of infectious agents, including notorious
culprits such as the Hepatitis B virus (HBV), Human Papillomavirus (HPV), and Human
Immunodeficiency Virus (HIV). These agents elevate the risk of specific cancers like
Nasopharyngeal, Cervical, and Kaposi's Sarcoma. Helicobacter pylori, a bacterial villain,

further compounds the list by contributing to stomach cancers.

The journey of cancer begins with exposureto carcinogens and mutagens, which are cancer-
causing agents lurking in our daily sustenance, water, air, and the chemicals weencounter. As
these agents infiltrate the body, epithelial cells, lining surfaces such as the skin and
respiratory tract, engage in arelentless battle against the onslaught. Remarkably, over 90% of
cancers originate from these epithelial cells, forming a class known as carcinomas. In a
minority of cases, genetics tip the scales toward early cancer development, such as in certain
childhood leukemias and retinal cancers.

While cancer can strike at any age, it is mostprevalent among the elderly, with a staggering
60% of new cancer cases and two-thirds of cancer-related deaths affecting individuals aged
over 65. Common cancers like breast, colorectal, prostate, and lung cancers become more
prevalent with advancing age. This increasealigns with an augmented vulnerability to the later
stages of carcinogenesis due to environmental factors. Hormonal exposure,such as estrogen
and testosterone, can also influence cancer risk. Cellular immunity's decline opens the door to
immunogenic cancer types like lymphomas and melanomas. With age comes a longer

window of exposure for DNA mutations toaccumulate, increasing the risk of cancer.

The core traits of cancer, known as hallmarks, encompass six distinctive features:
immortality, growth signals, overriding inhibition, evading death, angiogenesis, and

metastasis. These traits weave the fabric of cancer's existence, withtheir prominence varying
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depending on thetype of tumor.

The complexity of cancer is further underscored by the challenges in developing effective
medications. Existing anti-cancer drugs deploy diverse mechanisms of action, exhibiting
varying effects on normal and cancer cells. Findinga universal "cure” remains an elusive
goal, as cancer manifests in numerous forms, potentially as many as 100 types. Moreover,the
subtle biochemical disparities between cancerous and normal cells often hinder theefficacy of
anti-cancer drugs, as they can have toxic effects on rapidly dividing normal cells, particularly
in the intestines and bone marrow. The adaptability of cancer is another obstacle, as cancer
cells initially suppressed by a specific drug can develop resistance, necessitating multi-drug
strategies of varying durations.

Most present-day cancer treatments rely oncytotoxic drugs, which are cell-killingagents that
interfere with DNA functions. However, these drugs pose significant risksunless they can
specifically target cancer cells, a challenge given that cancer cells aremutated versions of our

own cells.

In the quest to confront cancer, humanity faces a complex puzzle, emblematic of the
intricacies of our biology and the adaptive mechanisms that enable cancer's persistence.
Achieving targeted, effective treatments demands scientific innovation and profound
understanding, representing an unwavering battle against thisformidable adversary.

The diverse faces of cancer, the intricate pathways it follows, and the myriad targets for
intervention remind us of the multifaceted nature of this disease. The collective efforts of
science, medicine, andhumanity continue to push the boundaries of understanding and strive

forbreakthroughs in the relentless fight againstthis enigmatic foe.

MATERIALS AND METHODS

Homology Modeling

To construct the 3D structure of the mTORkinase domain, we employed Biovia Discovery
Studio. The Modeler algorithm was instrumental in generating the model using the crystal
structure of PI3K gamma (PDB ID: 3S2A) as a template. This crystal structure boasts a
resolution of 2.5 A and iscomplexed with a quinoline inhibitor. For the human mTOR protein
sequence’s C-terminal region, we consulted the UniProt database (P42345). Employing the
ClustalW program, we executed sequence alignment between mTOR and PI3K gamma to
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identify shared regions. The catalytic domains of mMTOR and PI3K gamma exhibited up to
45% similarity.

After pinpointing conserved and variable regions, we extracted restraints, distances, and
dihedral angles from the template structure, transferring them to the mTOR model. Our
stereochemical restraints were acquired from the CHARMM force field, encompassing bond
length and bond angle preferences. Further guidance for docking studies came from
transferring the quinoline inhibitor from the crystal structure to the mTOR homology model.
For refinement, our mTOR model underwent 600 ps of Molecular Dynamics (MD)

simulations within an explicit water environment.

Minimization was executed using the Consistent Valence Force Field (CVFF), featuring a
van der Waals cutoff of 9.5 A and a distance-dependent dielectric constant of 1xr. Steepest
descents were applied for a thousand steps, succeeded by a thousand steps of conjugate
gradients until the root mean square (RMS) gradient dwindled to below 0.001 kcal/mol/A.
Our homology models were encompassed by a 10 A water layer and subjected to
optimization through 2 ns of MD simulations at 300 K. To assess model quality,
PROCHECK was brought into play, and a Ramachandran plot revealedthat a whopping 97%

of residues nestled within the favorable region.

Drug Design

In the realm of drug development, a drug serves as a small molecule ligand that bindsto a
specific protein. This binding can either augment the protein's activity (an agonist) or
dampen/block its function (an antagonist). A promising approach to unearth potential drug
candidates involves exploring how the target protein interacts with various compounds. The
process of drug design predominantly falls into two categories: ligand-based and structure-

based approaches.

Fig. 4: Showcases the Homology Model of Human mTOR intertwined with the ligand

gleaned from PI3K gamma. The dotted lines elegantly illustrate interactions with key

www.wipr.net | Vel 12, Issue 19,2023. | 1SO 9001:2015 Certified Journal | 982



Halkare et al. World Journal of Pharmaceutical Research

amino acids—Asp 177, Lysine 97, and Valine 60.

Ligand-Based Drug Design
This approach capitalizes on knowledge about molecules that bind to the target of interest.
These existing molecules can help derive a pharmacophore model, outlining the essential

structural traits a molecule must possess to engage with the target effectively.

Structure-Based Drug Design

Here, knowledge of the three-dimensional structure of the target protein plays a pivotal role.
Techniques like X-ray crystallographyor NMR spectroscopy provide insights intothe target's
structural intricacies. When the experimental structure of the target isn'tavailable, a homology
model can be fashioned based on a related protein's structure.

[Include Figure 5 as you mentioned in youroriginal text.]

Pharmacophore Studies using Catalyst
The term "pharmacophore” refers to a molecular framework carrying the crucial features
responsible for a drug's biological activity. In the context of drug design, Biovia Catalyst

offers a robust toolset for rational design.

Chemical Feature-Based Models from Catalyst®

1. HipHop: Generates commonfeature pharmacophore models from compounds known to
be active, even when the exact activitydata is absent.

2. HypoGen: Constructs SAR hypothesis models using molecules with known activity
values on a specific target.

3. HypoRefine: Enhances pharmacophore-based 3D QSAR optimization by considering
exclusion volumes, leading to moreaccurate modeling of biologicalactivity influenced by
molecular shape.

4. Exclusion Volume: This feature adds a layer of specificity by specifying regions in space
that must remain devoid of atoms or bonds. It factors in steric hindrance, further refining
the design.

With Catalyst®, pharmacophore studies gain a robust toolkit to decipher the intricate dance

between molecules and proteins, contributing significantly to the art of drugdesign.

Compare/Fit
The Compare/Fit feature within Catalystoffers a means to compare and fit compounds and
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hypotheses, gauging their degree of similarity in both geometric and functional aspects. In the

context of database searches, Compare fits the initial hypothesis onto retrieved hit molecules,

scoring them based on their geometricalalignment.

Cost Parameters

Fixed Cost: Represents the mostbasic hypothesis that perfectly fits the data.

Null Hypothesis: Implies the cost when each molecule is estimated as having mean
activity, essentially suggesting a hypothesis with no features.

Error Cost: Measures the bits required to describe the deviation in the leads. This
increases as the rootmean square difference between predicted and measured activitiesfor
training set molecules rises.

Weight Cost: Reflects the bits needed to depict feature weights.

Configuration Cost: Encompassesthe bits necessary to describe feature types and their
relative positions in the hypothesis. This fixed cost hinges on the complexity of the
hypothesis space being optimized. HypoGen, for instance, assumes that active molecules

should map more features thaninactive ones, influencing its configuration cost.

HipHop Model (Qualitative)

Identifies common three- dimensional arrangements of chemical features shared among
molecules in a training set.

Matches a molecule's chemical features against drug candidates or 3D databases.

The resultant hypothesis aids iterative searches in chemical databases to unearth new

potential lead candidates.

HypoGen Model (Quantitative)

Constructs SAR hypothesis modelsfrom molecules with known activityvalues.

Selects pharmacophores common among active compounds but notinactive ones, refining
them throughsimulated annealing.

The optimized pharmacophorespredict unknown compound activityor search for leads in
3D databases.

The selection of a training set holdsimmense importance as hypothesesstem directly from

this data. The quality of a HypoGen model is oftenbest assessed through cost analysis.

Data Set
Pharmacophore modeling hinges on the correlation between activities and the spatial
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arrangement of diverse chemical features within a set of active analogues. For this study, a

series of mTOR inhibitors published in recent years was gathered to ensure both structural

diversity and a wide activity range. Specifically, 297 human mTOR inhibitors with activity

spans (IC50) of 0.0016-11000 nM were selected. This initial group was then divided into a

training set and a test set.

e Training Set: Comprising 24 molecules, this set was thoughtfully crafted for structural
diversity and a broad activity spectrum. Molecules with Ki, ED50, EC50, and similar
activity types were disregarded. The training set plays a pivotal role in pharmacophore
generation, determining the resultant model's quality.

o Test Set: Encompassing the remaining 273 molecules, this set gauges the generated
pharmacophore's predictive capacity. It incorporates highly active, moderately active,
and inactive compounds to discern crucial information about mTOR inhibition's

pharmacophoric requisites.

A quantitative pharmacophore model was created using a minimum of 0 and a maximum of 4
features—hydrophobic acceptor (HBA), hydrophobic donor (HBD), hydrophobic aliphatic,
and ring aromatic (RA). These features were utilizedto build hypotheses with an uncertainty
value of 3. Quality assessment relied on fixed cost, null cost, total cost, and other statistical
measures. A significant difference between fixed and null costs,combined with a unit cost of
40-60 bits, suggested a 75-90% probability of experimental-predicted activity correlation.
Pharmacophore models should exhibit statistical significance, accurate activity prediction,
and successful retrieval of active compounds from databases. Validation involved parameters
like costanalysis, test set prediction, enrichment factors, and goodness of fit. Qualitative and
quantitative pharmacophore models were generated using Catalyst's HipHop and HypoGen

modules, respectively.

Conformational Analysis

To delve into molecular flexibility, each compound was treated as a collection of
conformers representing distinct regions of the accessible conformational space within a
specific energy range. The Poling algorithm and CHARMM force field parameters were
leveraged to extensively sample each compound's conformational space. This analysis
involved an energy threshold of 20 kcal/mol from the lowest energy level, generating a
maximum of 250 conformers for compounds showing accurate activity prediction and

undergoingsubsequent database searching.
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Database Searching

Virtual screening of chemical databases serves as a strategic approach to identify potential
novel leads that could be promising for further development. This method has the distinct
advantage of easily obtaining compounds for subsequent biological testing compared to de
novo design methods. During database searching, a molecule needs to align with all the
features of the pharmacophore model, which is employed as a 3D query. Within DS, two
database searching options are available: Fast/Flexible and Best/Flexible search. Optimal

results areachieved using the Best/Flexible search option for database screening.

Molecular Docking

Molecular docking, a computationally intensive technique within SBVS (Structure-Based
Virtual Screening), evaluates potential protein-ligand complexes based on their calculated
binding affinities. Leveraging the target's crystal structure, molecular docking systematically
explores ligand conformations and protein-ligand interactions within a designated protein
surface area. It has proven effective in identifying active compounds by filtering out those
that don't fit the binding sites. When the target's structural information is absent, a homology
model can be constructed and employed for molecular docking. In this study, molecular
docking was conducted using a homology model of mTOR, executed through the Glide®
program. This approach aids in predicting how compounds interact with the target protein,
providing insights into potential binding affinities and facilitating the identification of

promising candidates for further investigation.

World Journal of Pharmaceutical Research

REWARDS
Table 1:
. G Lipophilic PhobEn | PhobEn H Site | Pi | Cl | Low
Ligand Score Evdw PhobEn HB PairHB | bond Elect map | Cat| Br | Mw
1 -8.05 -3.71 -1.22 -1.5 0 -136 | -082 |-0.03| 0 0 |-0.19
2 -6.61 -3.97 -1.55 0 0 -09 | -011| -04 | O 0 |-0.38
3 -6.14 -4.08 -1.7 0 0 -0.35 | -0.13 | -026 | O 0 |-0.13
4 -6.04 -4.67 -1.20 0 0 0 -023 | -031 | 0O 0 |-0.19
5 -4.85 -3.75 -1.57 0 0 0 -0.06 | -021 | O 0 |-0.33
PENALTIES
Table 2.
Ligand | Penalties | HB Penal | PhobicPenal | RotPenal
1 0 0 0.59 0.21
2 0 0 0.49 0.21
3 0 0 0.37 0.15
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4 0 0 0.42 0.16
0.88 0.19

(6]
o
o

Lipinski's Rule

Lipinski's Rule, a crucial guideline in drug discovery, assesses the drug-likeness of a
chemical compound. The adherence of a compound to Lipinski's rule of five serves as an
indicator of its potential bioactivity changes. The molecular properties of the compounds
were computed using Molinspiration's molecular properties calculator, and the resulting

values are presented in Table 3.

Table 3.

Compound |} o0 b | Mol Wt | HBA | HBD | ROBEDIE | +pen | Mol vol. | NO- Of
No. Bonds Violations
1 3.27 374.4 7 2 4 99.84 | 329.44 0
2 4.24 333.77 4 0 2 47.78 | 280.42 0
3 3.72 408.50 7 1 4 81.39 | 381.64 0
4 3.02 391.43 8 1 4 95.98 | 348.31 0
5 4.59 350.84 3 0 2 33.20 | 313.75 0

Abbreviations: Log P - Partition Coefficient, Mol. Wt. - Molecular Weight, HBA - Hydrogen
Bond Acceptor, HBD - Hydrogen Bond Donor, TPSA - Total Polar Surface Area, Mol. Vol. -

Molar Volume

Synthesis
The synthesis process involves multiple steps to create the target compounds. Here's a

description of the synthesis procedure:

Step 1

1. Pyruvic acid (22 ml, 0.25 mol) wasmixed with 200 ml of ethanol, and then benzaldehyde
(24 ml, 0.236mol) was added.

2. The mixture was heated to itsboiling point.

3. A solution of pure aniline (23 ml, 0.248 mol) in 100 ml of ethanol wasslowly added over
the course of 1 hour.

4. The mixture was refluxed (continuously boiled) for about 3hours.

5. After refluxing, the mixture was allowed to stand overnight.

Step 2
1. A previously prepared compound, 2-phenyl-quinoline carboxylic acid (0.01 mole), was

taken.
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2. To this, 15 ml of thionyl chloride was added.

3. The mixture was refluxed for 30minutes.

4. Excess unreacted thionyl chloridewas removed by heating thereaction mixture on a water
bath.

Step 3

1. The acid chloride product obtained from the previous step was used.

2. It was reacted with various amines,using ethanol as the reaction medium.

3. The mixture was stirred for 5 hours.

4. The resulting mixture was added tocold water, causing a precipitate to form.

5. The precipitate was filtered out.

6. The filtered precipitate was then recrystallized from an appropriatesolvent.

The synthesis steps involve the careful combination of reactants and reaction conditions to

achieve the desired target compounds. The resulting products are then purified through

filtration andrecrystallization, ensuring that the synthesized compounds are of suitable quality

for further analysis and testing.

Recrystallization

After the synthesis, the compounds were recrystallized to obtain purified samples:

1.

Ethanol was added to the synthesized compound, and the mixture was heated until the
compound dissolved completely.

The clear solution obtained was immediately filtered to remove anyimpurities.

3. Thefiltered solution was set aside tocool.

As the solution cooled, crystals of the compound gradually formed.

Methods for Identification

1.

Melting Point: The melting points of the synthesized compounds were determined using
the capillary tube method. The temperature at which the compounds started losing their
crystalline structure was noted.

Thin Layer Chromatography (TLC): A solution of the synthesized compounds in ethanol
was prepared. Precoated Aluminium TLC plates were used as the stationary phase, and a
developing solvent system of methanol and chloroform (9:1) was used as the mobile
phase. The TLC. plates were placed in a UV chamberto visualize the spots. Purity of the

compounds was confirmed by the presence of a single spot and the absence of secondary
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spots.

Characterization

1.

Melting Points: The synthesized compounds exhibited sharp melting points, indicating
their crystallinenature.

Thin Layer Chromatography (TLC): TLC analysis confirmed the purity of the
synthesized compounds by showing a single spot for each compound.

IR Spectroscopy: Infrared (IR) spectra of the synthesized molecules were recorded using
an ABB Spectrophotometer. The IR spectra provided information about the functional
groups present in thecompounds within the range of 4000 to 400 cm-1.

Proton NMR Spectroscopy: Proton Nuclear Magnetic Resonance (NMR) spectra were
recorded usingdeuterated methanol as the solvent on a BRUKER advance 111 500 NMR
spectrometer. The chemicalshifts were reported in parts per million (ppm).

MASS Spectrometry: The MASSspectra of the synthesized compounds were recorded on
a JEOL GC Mate Il Mass Spectrophotometer using the Electron lonization (EI)

technique.

In Vitro Anti-Cancer Activity

The in vitro anti-cancer activity of the synthesized compounds was evaluated using the

human colorectal carcinoma cell line (HCT116). Here's the procedure.

followed for the cell treatment and the MTTassay:

Cell Treatment Procedure

1.

The human colorectal carcinoma cell line (HCT116) was obtained from the National
Centre for Cell Science (NCCS), Pune.
The cells were grown in Dulbeccos Modified Eagles Medium (DMEM) containing 10%

fetal bovine serum (FBS).

3. Cells were maintained at 37°C, 5% CO2, 95% air, and 100% relative humidity.

Cells were detached with trypsin- ethylenediaminetetraacetic acid (EDTA) to create
single-cell suspensions.

Viable cells were counted using a hemocytometer and diluted with medium containing
5% FBS to achieve a final density of 1x105 cells/ml.

100 microliters per well of cell suspension were seeded into 96- well plates at a density of
10,000 cells/well and incubated to allow forcell attachment.

After 24 hours, cells were treated with serial concentrations of the synthesized
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compounds. Differentconcentrations were used by diluting the compounds in serum- free
medium to achieve final concentrations of 100, 10, 1.0, and 0.1 pM.

8. Plates were incubated for 48 hours under appropriate conditions.

9. The medium without samples served as a control. Triplicates were maintained for all

concentrations.

MTT Assay

1. MTT (yellow, water-soluble tetrazolium salt) was used in theassay.

2. A mitochondrial enzyme in living cells, succinate-dehydrogenase, cleaves the tetrazolium
ring in MTT, converting it into an insolublepurple formazan compound.

3. The amount of formazan produced is directly proportional to the number of viable cells.

4. After 48 hours of incubation with the compounds, 15 ul of MTT (5mg/ml) in phosphate
bufferedsaline (PBS) was added to each welland incubated for 4 hours.

5. The medium with MTT wasremoved, and the formazan crystalswere solubilized in 100 pl
of DMSO(Dimethylsulfoxide).

6. Absorbance at 570 nm was measured using a microplate reader.

7. The percentage of cell inhibition was determined using the formula:
% Cell Inhibition = 100 - (Abs(sample) / Abs (control)) x 100.

8. Nonlinear regression graphs were plotted between % Cell Inhibition and Logl0
concentration, and the 1C50 (half-maximal inhibitoryconcentration) was determined using

GraphPad Prism software.

RESULTS AND DISCUSSION

5.1 Pharmacophore Model and Validation

The pharmacophore model developed in this study aimed to predict the activities of active

compounds and perform effective database searching.

Two validation methods, the Test Set Prediction method and the Cat- Scramble method, were

employed toassess the reliability of this model.

o Test Set Prediction Method: This validation method verified thepredictive power of the
pharmacophore model for compounds not included in the training set. It successfully
predicted the activities of these compounds.

e Cat-Scramble Method: The Cat- Scramble method, based on Fischer's randomization
test, assessed the correlation between chemical structures and biological activity. The
results indicated that the model's features significantly correlated with the compounds’
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activity.
These validation procedures confirmed the robustness and reliability of the pharmacophore

model, indicating its potential to guide the design of newanticancer compounds.

5.1.1 Statistical Parameters

Table 4 presents the statistical parameters from the screening of test set molecules, which
included the following information:

o Total compounds in the database.

o Total number of active compounds.

« Total hits (active compounds identified).

o Active hits.

o Percentage yield of activecompounds.

o Percentage ratio of actives in the hitlist.

o Enrichment factor (Enhancement).

o False negatives.

o False positives.

e GH score (Goodness of Hit list). The GH score, which ranged between 0.7 and 0.8 for
the best models, signified a very good model. This information confirms the accuracy and
reliability of the pharmacophore models.

5.1.2 Pharmacophore Models

Table 5 and 6 present the details of the pharmacophore models generated by HypoGen. The
most successful models consistently featured Hydrogen Bond Acceptor (HBA), Hydrogen
Bond Donor (HBD), Hydrophobic (HY), andring aromatic (RA) features.

For cost analysis, the difference between fixed and null costs was considered. A difference
>70 bits between these costs indicates a highdegree of significance, while a difference greater

than 60 bits suggestsa true correlation with the data.

These results highlight the robustness and validity of the generated pharmacophore models,
emphasizing the importance of specific features in determining the activity of the
compounds. This information will bepivotal in guiding further drug design efforts to ensure
that newly synthesized compounds adhere to the established pharmacophorecharacteristics

associated with anticancer activity.
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Table 5: Outhypo 17.

World Journal of Pharmaceutical Research

Total Fixed Cost . Max.
Hypo.No. cost cost | difference RMSD | Correlation | Features fit
HBA. HBA.
1 117.729 | 997202 | 22872 | 12249 | 036 | (SN US| 10.1220
HBA. HBA.
2 117.824 | 997202 | 22777 | 12217 | oy | (A UR 100338
HBA. HBA.
3 117.875 | 997202 | 22726 | 12206 | o34 | SN US| 97013
HBA. HBA.
4 11819 | 997202 | 22411 |12383| 0832 | FhUB | 9443
HBA. HBD.
5 118755 | 99.7202 | 21846 | 12503 | 0825 | o010 8.0423
HBA. HBA.
6 11876 | 997202 | 21841 | 12387 | 0833 | oAV OER | 116888
HBA. HBD,
7 118.946 | 99.7202 | 21655 | 12654 | 0824 | S50 8.1714
HBA. HBA,
8 120155 | 99.7202 | 20446 | 13005 | 0813 | o0 8.6328
HBA. HBD,
9 120875 | 99.7202 | 19726 | 13216 | 0806 | o010 8.7544
HBA. HBA.
10 | 120949 | 997202 | 19652 | 13281 | 0g04 | LONOERC | 04722
Table 6: Outhypo 1.
Hypo. | Total Fixed . Cost RMSD | Correlation | Features Max. fit
No. cost cost difference
1 | 123316 | 98.8074 | 17.285 | 1.4290 |  0.7685 EEQ’LTBD'HBD' 7.9201
2 | 123765 | 98.8074 | 16.836 | 13811 | 07932 | HBD,HYALIL RA.RA | 10.4565
3 | 123767 | 93.8074 | 16.834 | 13173 | 08263 | HBA, HBD,RA 8.6055
4 | 124173 | 98.8074 | 16428 | 1.4517 |  0.7601 Eiﬁ’L'I*BD'HBD' 8.4634
5 | 124504 | 98.8074 | 16.097 | 14280 | 07723 | HBD,HBD, HYALI RA | 9.8660
6 | 124735 | 93.8074 | 15.866 | 1.4691 | 0.7533 EEQ’LTBA'HBD' 8.2707
7 | 124811 | 98.8074 | 1579 | 1.4425 | 07666 | HBD, HBD, HYALI RA | 9.7348
8 | 124845 | 93.8074 | 15.756 | 1.4266 | 07750 | HBD.HYALI RA RA | 10.1712
O | 124846 | 93.8074 | 15.755 | 1.4065 | 0.7856 | HBD, HYALI RA, RA | 10.5895
10 | 125.056 | 98.8074 | 15545 | 14697 | 07532 | HBD,HBD HYALI RA | 8.9747

5.2 Docking Studies

Molecular docking experiments wereconducted to position the ligands withinthe active sites

of the mTOR protein. This crucial step ensured that theligands interacted effectively with the

protein.
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Active sites were identified as binding sites within the protein structure. The docking
process systematically searched for the best conformations and orientations for the ligands
within thesebinding sites. Scoring and energy optimization helped excludeundesirable poses,
and Monte Carlo Sampling refined the conformations. Energy minimization using the OPLS-
2001 force field further improved the docking poses.

C3 interactions

Fig. 11: Interactions.

The results showed that each ligand established hydrogen bond interactionswith key amino
acids, including Aspartic acid 64, Aspartic acid 177, Lysine 7, Valine 60, Glycine 64, and
Aspartic acid 15. This demonstrates theessential role of these hydrogen- bonding amino acids
in inhibiting mTOR activity. This information will be invaluable in guiding the design of

compounds that target the mTOR protein effectively.

5.3 Synthesis and Characterization
The synthesis and characterization results for each compound are presentedin Table 9. This
table provides information about the recrystallization method, yield, melting point, TLC

parameters, and spectral data (IR, NMR, and MASS) for each compound.
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Compoundno. C-1 C-2 C-3 C-4
N A 0
W ov&\/\' \/ o N
OVNH 0 ON
Structure i VAN
NN \
(X r. A
0 H@ :
\) e e,
Recrystallization Ethanol Ethanol Ethanol Ethanol Ethanol
Yield (%) 76 78 75 80 77
Melting Point 76°C 90°C 212°C 214°C 32°C
TLC Precoated Silica- _P_recoated _P_recoated Precoated Silica- | Precoated Silica-gel
Stationary Phase | gel GFplates Silica-gel GF ) Silica-gel GF gel GF plates GF plates
plates plates
Mobile Phase Methanol Methanol Methanol Methanol Methanol
Spots Location UV Chamber UV Chamber UV Chamber UV Chamber UV Chamber
IR spectroscopy 1304(C-N) 756(C-Cl) 1319(C-N) 1319(C-N) 764(C-Cl)
(cm™) 1474(ArC=C) 1311(ArC-N) 1373 cm- 1373 cm- 1311(ArC-N)
1597(C-NO2) 1628(ArC=C) 1(N(CH3)2) 1(N(CH3)2) 1497(ArC=C)
1636C=0) | 1674(C=0of | 458(ArC=C) | Ls(Arc=C) | Ol
2962(ArC-H) Amide) 1551(C-NO2) | 1551(C-NO2) 2978(ArC-H)
3479(N-H) 2932(ArC-H) 1651(C=0) 1643(C=0)
3070(ArC-H) 3063(ArC-H)
NMR 16(4 H) 6.6(3H,Ar) 2.4(6H,N(CH 2.4(4H)
spectroscopy 6.1(4H, Ar) 7.5(5H,Ar) 3) 3.3(6H,N(CH3)) 1.6(10H)
6.6(4H, Ar) 7.9(3H,Het.Ar) 2.9(4H) 6.2-6.9(7H,Ar) | 6.1,6.4,6.6(8H,Ar)
7.2(1, NH) 8.4(1H,Het.Ar) 3.2(10H) 7.6- 7.9(1H,Het.Ar)
8.1(4H,Het.Ar) 7.0(1H,NH) 7.9(3H,Het.Ar)
7.6-
9.9(1H, NH) 9.6(TH.AN 9.7(1H,NH)
MASS 374.41(M+,6%) 333.38(M+,12 | 408.52(M+,6 | 391.42(M+,7%) 350.88(M+,10%)
Spectrometry ' ' 61.77(B,100%) %) 135.21(B,100%) 62.57(B,100%)

140.30(B,100

61.77(B,100%

%

5.4 Cytotoxicity Studies
Cytotoxicity studies were performed on the synthesized compounds. The results revealedthe

IC50 values, which indicate the concentration required to inhibit 50% of cell growth. The

compounds, particularly compound 1 and 2, showed significant effects on human colorectal
carcinoma cells (HCT 116), with 1C50 values of 97.38 and 113.2 uM/ml, respectively. The
high R2values (0.9911 and 0.9979) indicate thereliability of these findings.

In conclusion, the pharmacophore model and docking studies demonstrated the validity and

potential of the designed models in identifying anticancer compounds. Moreover, the
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successful synthesis and characterization of compounds, coupled with the promising resultsof
cytotoxicity studies, pave the way for the development of novel and effective anticancer
agents. These findings hold promise for the advancement of anticancer drug discovery andthe

improvement of treatments for colorectal carcinoma.

Compound 1

Conc. % 1C50

uM/mi | Absorbance 4 uiion | unimi | R
oy |01 | 0564333 | 1.684088

1 0526 | 8.362369

10 | 0473333 | 1753775 | 2738 | 09911

100 0.281 51,0453

SUMMARY AND CONCLUSION
In this research endeavor, the focus was onthe design and evaluation of potential anticancer

compounds targeting the mTOR protein. The following key findings and conclusions have

been drawn from the study:

[WWW.WiQr.net | Vol 12, Issue 19,2023. | 1SO 9001:2015 Certified Journal | 995 ]




Halkare et al. World Journal of Pharmaceutical Research

Docking and Screening: A comprehensive computational approach was employed, utilizing
drug design software (Maestro 9.1), to dock candidate molecules and assess their potential
anticancer activity against the mTOR protein. Among the evaluated compounds, twenty-five
scaffolds displayed high docking scores against the mTOR inhibitor, meeting the criteria of

Lipinski's rule.

Selection of Quinoline Scaffold: From thepool of potential compounds, a scaffoldcontaining
the quinoline nucleus was selected based on its synthetic feasibility, suggesting that it could

serve as a promising lead compound for further research.

Characterization: All synthesized compounds underwent rigorous characterization through
various spectroscopic techniques, including UV spectroscopy, IR spectroscopy, NMR

spectroscopy, and MASS spectrometry. The compounds were confirmed to be of high purity.

In Vitro Anticancer Activity: In vitro experiments were carried out using the MTT assay
procedure to assess the anticancer activity of the synthesized compounds against the mTOR
inhibitor. The results demonstrated the effectiveness of the compounds in inhibiting cancer
cell growth.

In conclusion, this research represents asignificant step towards the development of novel
anticancer compounds targeting the mTOR protein. The compounds demonstrated high
docking scores, low toxicity profiles, and promising in vitroanticancer activity. To advance
these findings into potential clinical applications, further studies, including organ toxicity and
in vivo anticancer assessments, are imperative. Ultimately, these investigations aim to
establish the synthesized compounds as safe andeffective agents for cancer treatment with a

low side effect profile.
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