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ABSTRACT

Traditional drug discovery methods have proved effective in developing new medications, however the process from leads
identification to clinical studies can take over 12 years and cost over $1.8 billion USD on average. To evaluate the safety of drugs,
including toxicity and side effects, in vivo and in vitro methods are usually utilized. ADME-Tox evaluations have increased because to
recent developments in in vitro models, such as organ-on-chip technology. These techniques are still expensive, tedious and time-
intensive, though. In silico techniques have gained popularity for their ability to save time, labor, and costs associated with drug
development. Computational approaches have effectively led to the development of several novel drugs. Finally, we provide effective
instances of antibacterial, antiviral, and anticancer drug discoveries made utilizing computational approaches. This review outlines
the general processes and techniques involved in in silico drug discovery, such as target protein identification, chemical library
screening, and machine learning-based toxicity assessment. It also provides an overview of the databases and prediction tools that
are currently available.
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Structure-based drug discovery.

1. INTRODUCTION

he methods involved in conventional drug research

and development, which include preclinical and

clinical trials, lead molecule discovery and

optimization, target identification and validation,
are time-consuming and toxic. A new medicine's
anticipated cost to market has risen to $1.8 billion USD in
recent years, and up to 96% of drug ideas are lost to
attrition. Inadequate medication effectiveness and poor
drug absorption, distribution, metabolism, and excretion
(ADME-Tox) are the causes of this high attrition rate. To
evaluate the safety of drugs, including toxicity and side
effects, in vivo and in vitro methods are usually utilized.
ADME-Tox evaluations have increased because to recent
developments in in vitro models, such as organ-on-chip
technology. These techniques are still expensive, tedious
and time-intensive, though. Using automated assays, high-
throughput screening (HTS) techniques have been
developed to quickly identify chemical compounds that are
pharmacologically active among a huge number of
molecules. The requirement for human participation is
lessened by autonomous HTS systems, although the scope
of HTS is still small in comparison to the diversity of
chemical structures. Furthermore, automated instruments
tend to be costly. Since they can help with the size, time,
and expense challenges that traditional experimental
techniques confront, computer-aided drug discovery
(CADD) approaches have been receiving a growing amount
of interest recently. As part of CADD, prospective
therapeutic targets are computationally identified, huge
chemical libraries are virtually screened for promising drug

candidates, candidate compounds are further optimized,
and the potential toxicity of each molecule is evaluated in
silico. To increase the precision and effectiveness of CADD
procedures, a number of approaches have been created
and combined with machine learning techniques!. Two
distinct methods are used in CADD: structure-based drug
discovery (SBDD) 2 and ligand-based drug discovery
(LBDD)3. The availability of target protein structural data is
a prerequisite for choosing an appropriate CADD strategy.
The target protein's structural details are needed to use
the SBDD technique, and these may often be discovered
experimentally via X-ray crystallography or nuclear
magnetic resonance?. The 3D structure of the target
protein can be predicted using in silico prediction
techniques like homology modeling® or ab initio modeling®
when neither is available. Molecular docking and
structure-based virtual screening are acceptable when the
structure is determined. The LBDD technique is frequently
used as an alternate method when the structure is
unknown and in silico approaches cannot predict a high-
quality structure. Since many compounds have been found
to cure illnesses and are listed in public databases, unless
the target is unique, this strategy requires previous
knowledge of the known active molecules of the target
protein®s,

This review outlines the general processes and techniques
involved in in silico drug discovery, such as target protein
identification, chemical library screening, and machine
learning-based toxicity assessment. It also provides an
overview of the databases and prediction tools that are
currently available.
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2. BIOLOGICAL DATA ON CHEMICAL MOLECULES
FOR DRUG DISCOVERY

Biological screening has produced large-scale data on
hundreds of thousands of smaller molecules over the past
few decades. This data is collected in easily accessible the
web libraries for scientific research purposes. For instance,
large-scale experiments with more than a million
compounds have been produced as a result of
improvements in HTS methodologies®.

Furthermore, this biological test data has been organized
into databases from chemical libraries, and as chemical
synthesis and HTS techniques develop, correspondingly
increases an abundance amount of data. Modern in silico
drug discovery has been made easier by the gathering data

and its public accessibility, which have allowed machine
learning models to be developed. Initially in the drug
development process, traditional prediction techniques
like quantitative structure activity relationship (QSAR)
models may be used to rank drug candidates according to
their pharmacological characteristics and possible side
effects’®. Many machines learning-based prediction
techniques have recently been created to predict drug-
target interactions !, compounds permeability across the
blood-brain barrier’?, and the ADMET-Tox characteristics
of therapeutic candidates'®!*, This development has been
facilitated by an increase in public resources. Using
machine learning algorithms in conjunction with data
collection might open up new possibilities for CADD
method.>**, Tables 1 and 2 provide an overview of the
public databases that are available.

Table 1: Target prediction web servers.

Name Description

Harmonizome 84

Harmonizome is an extensive and curated collection of information on genes and proteins that was compiled

from more than 70 prominent web sites. - It makes it possible to identify brand-new connections and
functional pairings between biological elements (genes and proteins).

Open Targets
Platform
illnesses.

TargetHunter®®

The Open Targets Platform is a knowledge-based resource that allows the discovery and prioritization of
pharmacological targets and offers proof of the correlation between established therapeutic targets and

TargetHunter produces target predictions by applying the TAMOSIC algorithm, which is effective in predicting

the biological targets of chemicals that have been searched.

Similarity Ensemble
Approach (SEA)g6
SwissTarget
Prediction®”
experimentally active molecules.
SuperPred
fingerprints.
MuSSel#?
therapeutic targets.
DisGenNET?°

HitPick 22

Based on the chemical similarity of ligands, SEA assigns a ranking to target proteins. - Human protein target
groups are allocated 65,000 ligands. A similarity score is computed using ligand topology.

SwissTargetPrediction analyzes for similarities between proteins to determine which ones could be
prospective drugs targets. "- Along with 3068 macromolecular targets, the revised edition includes 376,342
SuperPred is a linear regression model that predicts the target proteins of chemicals by training it using ECFP4

MusSSeL employs a multifingerprint similarity search technique to anticipate small compounds' possible

DisGenNET gives details regarding genes and variations linked to disorders in humans.
HitPick employs three methods to identify potential drug targets from hit compounds: a modified naive

Bayesian model, a one-nearest-neighbor similarity search, and the B-score technique.

MolTarPred?!

MolTarPred contains a list of prospective pharmacological targets and related molecules.

Table 2: Protein target databases.

Name
DrugBank?3

Description

ChEMBL®4
ChemBank?®>

Therapeutic Target Database
(TTD)%®

Comparative
Toxicogenomics Database

SuperTarget®’
ChemSpider®

The Toxin and Toxin
(T3DB)%

Promiscuoust0®

13,857 drug entities total, of which 2661 authorized drug molecules and 1425 approved biologics
(vaccines, peptides, and proteins)

1.9 million chemical compounds and 13,382 drug targets in total
Data about millions of micro medicinal molecules and hundreds of biochemical tests

Experimental validation data regarding 3419 therapeutic targets and 37,316 medicinal compounds

Details regarding 51,300 genes, 5500 phenotypes, 7200 disorders, and 45 million toxicogenomic
interactions of 16,300 chemical substances

Details about 6219 drug targets and 195,770 small drug compounds
Text and structural data on more than 67 million chemical compounds
Details on 2073 targets for toxins, 3678 toxins, and 42,374 linkages between toxins and targets

Data on 2,727,520 drug-target reactions, 9430 drug targets, and 991,805 small compounds
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3. IDENTIFYING THE TARGET

A biological entity that has the ability to modify disease
phenotypes—typically a protein—is referred to as a drug
or therapeutic target!®. Therefore, the first and most crucial
stage in the drug development process is identifying
promising drug targets.

Experimental methods are used to find therapeutic targets
by conventional means, such as comparing genes expressed
differently in both normal and abnormal tissues or cells, as
well as identifying proteins that have a strong correlation
with proteins linked to the disease.

3.1. Experimental methods

Studies of the molecular and biochemical pathophysiology
of diseases are necessary for conventional research
methods for target identification.

Such research broadens our understanding of diseases, but
it might take a while to identify potential therapeutic
targets. Target identification has been sped up recently
with the development of genome-scale screening tools
including target deconvolution, stable isotope labeling by
amino acids in cell culture (SILAC), and haploinsufficiency
profiling (HIP).

By sensitizing cells to chemicals and detecting gene
products linked to the survival of disease cell lines, HIP is a
genome-wide screening test for finding potential
therapeutic targets!’. The HIP test has the benefit of
evaluating hundreds of genes at once and without requiring
prior understanding of the development of disease. The
complex pathophysiology of many diseases makes it
challenging to find therapeutic targets in conventional drug
development techniques. In this case, an opposite
approach may be used: substances that can alter disease
phenotypes can be identified by screening, and matching
target proteins.’

Various methods are used in targeted, such as protein
microarrays, biochemical inhibition and affinity
chromatography.*® SILAC is an effective, reproducible assay
that can unbiasedly, completely and robustly identify small
molecule probes drug binding protein target.*2°

This technology has recently been combined with mass
spectrometry based proteomics and affinity
chromatography to better elucidate drug-protein
interactions!®. Despite its advantages, SILAC has several
disadvantages that hinder its widespread use and
applicability: (i) isotopic labeling is expensive, (ii) requires
the use of complex equipment such as solution mass
spectrometry, and (iii) generation and verification of
theimmobilized solution. Biological activity takes a long
time.2!

3.2 Identification of targets computationally

Testing methods are very expensive and are often done at
low scale due to their complexity. To overcome these
problems, in silico methods have been developed to
identify potential drug targets?.

Target proteins can be predicted based on experimental d

ata 2224 data mining 2, or inference from protein network

s26, Descriptors and fingerprints are frequently utilized in
the creation of prediction models because they provide a
quantitative depiction of a compound's physical and
chemical properties?’. Using a subtractive method might
aid in improving projected targets. For instance, by
eliminating redundant enzymes, homologous enzymes to
those of humans or gut flora, extracellular enzymes, non-
essential proteins, and other materials from the H. pylori
proteome, possible therapeutic targets to cure
Helicobacter pylori infection can be found?.

3.3 Confirmation of targets

Upon identification of a target, the subsequent course of
action involves verifying if the alteration of the target's
biological function impacts the illness phenotype®.
Predicted targets may be evaluated and biological functions
can be modulated using different techniques. The most
popular of these techniques is the use of small interfering
RNAs (siRNAs)®, which imitate the actions of drugs by
limiting translation and temporarily suppressing the target
protein 332 With siRNAs, target inhibition may be studied
without the need for inhibitors or prior protein structural
information3!. However, the degree of suppression by
siRNAs may impact cellular physiologies differently and may
thus result in conflicting outcomes for disorders with
complicated pathophysiology, such as neurological
diseases®. In these circumstances, animal models with
altered or deleted target genes may provide more useful
information for target confirmation.

4. DRUG SCREENING TECHNIQUES USING
METHODS

IN SiLicO

Identifying small compounds that can alter the function of
a target protein that has been discovered and, in turn, alter
the disease phenotype is the aim of drug development.
Additionally, finding tiny compounds with minimal toxicity
and effective pharmacokinetic features is essential. The
process of finding new drugs is a protracted, costly, and
hazardous series of intricate procedures, such as
pharmacokinetics, preclinical toxicity assessments,
candidate validation, and drug candidate identification.
Conventional medication development and research (R&D)
is costly and takes a long period. A medicine typically takes
10 to 12 years to reach the market, and each successful
drug's discovery is said to have cost between $800 million
and $1.8 billion USD?*34,

Identifying pharmacologically effective chemical
compounds is the initial challenge in the drug discovery
process. Experimental HTS typically has a success rate of
0.01% to 0.14%3°. Approximately 40-60% of medication
failures in the latter phases are caused by deficiencies in
ADME-Tox, which is another major obstacle3®3”. For a long
time, the pharmaceutical sector has benefited greatly from
in silico drug discovery technologies®®3°. Cost and time
efficiency are the key advantages of in silico drug discovery.
Furthermore, it may be implemented at any step of the

International Journal of Pharmaceutical Sciences Review and Research
Available online at www.globalresearchonline.net

©Copyright protected. Unauthorised republication, reproduction, distribution, dissemination and copying of this document in whole or in part is strictly prohibited.

65


http://www.globalresearchonline.net/
http://www.globalresearchonline.net/

Int. J. Pharm. Sci. Rev. Res., ISSN: 0976 — 044X, 84(7) — July 2024; Article No. 09, Pages: 63-72

DOI: 10.47583/ijpsrr.2024.v84i07.009

drug development process, from preclinical and clinical to
drug screening “° significantly lowering the probability of
failure.

4.1 Ligand-based drug Design

LBDD methods make use of existing information about
active pharmaceuticals, including their structural, physical,
and chemical characteristics, to forecast novel
pharmacological molecules with comparable biological
effects 4. (Figure 1). Based on the idea that compounds
with high structural and physicochemical similarities are
more likely to have similar biological activity, drug
compounds are predicted based on the similarity of
features (e.g., aromaticity, hydrogen bond acceptors,
hydrogen bond donors, hydrophobicity, anion, and cation
residues) between chemical compounds .

When the target protein's 3D structure is unknown, LBDD is
often used. When protein structure is unknown, techniques
like pharmacophore modeling and QSAR can yield valuable
insights into target-ligand interactions 3.

Ligand based Drug Design

Quantitative Structure Activity

Similarity Search Pharmacophore Modelling
o Relationship {OSAR)

L 9 g
U] { Son X
{ e a .

P
et
1

\ Ligand based Screening /

Ligand Selection

Lead Generation

Drug Compound

I

Figure 1: Ligand Based Drug Discovery methodology
4.1.1: Screening for similarity

Discovering novel compounds that resemble well-known
chemical compounds can be accomplished through the use
of popular and efficient compound similarity searches.

The underlying premise of these techniques is that
molecules with comparable physical-chemical
characteristics are more likely to have comparable
biological activity***>. A similarity search strategy has been
used recently to identify numerous powerful molecules,
such as agonists for a G-protein-coupled receptor (GPR30)
that have been discovered using this technique®.

4.1.2. Pharmacophore modeling

Compound libraries are screened using pharmacophore
models as a query to find compounds with comparable
structural and physical-chemical characteristics.
Structurally varied active ligands are computed to produce
energetically stable conformations in order to find
pharmacophores. Their structures are then ordered and
stacked in order to locate comparable functional groups
that are shared by the active ligands.

These pharmacophore-containing chemical compounds
may represent novel therapeutic prospects. In order to find
more effective therapeutic compounds, pharmacophore
modeling has been used*’*8, As an effective example, new
inhibitors of the bacterial type Il topoisomerase bacterial
DNA gyrase B.

4.1.3. Quantitative structure-activity relationships

Mathematical models that link a compound's physical and
structural characteristics to its biological activity are
produced by QSAR techniques. Originally created in 1962 #°
by Hansch and Fujita, QSAR is a well-known technique in
drug development. This technique uses QSAR models to
predict the biological activity of given chemicals in order to
find novel drug compounds or optimize lead molecules.
Molecular descriptors, which capture the structural and
chemical properties of compounds, are utilized to train the
models®®. Chemical compounds having established
biological activity are gathered for the purpose of building
QSAR models 1, and these compounds are then employed
for model training and assessment. As a recent
development to get around the drawbacks of the
conventional QSAR techniques, 3D-QSAR approaches have
been created.

For QSAR modeling, there are a number of online servers
and tools available, such as QSAR-Co°? and Open3DQSAR®3
(Table 3).

Table 3: QSAR modeling tools

QSAR Tools Description

QSAR-Co Programs for creating reliable multi-target
classification-based QSAR models using
either linear discriminate analysis or

random forest approach

Open3DQSAR Utilizing partial least square chemometric
technique for pharmacophore discovery,

3D-QSAR model generating software

SYBYL-X Lead identification and optimization,
macromolecular modeling, and small

molecular modeling

McQSAR A QSAR model-generating extension of a

genetic algorithm

QSAR ToolBox Compounds with comparable structural
properties may be identified using a toolkit
that combines computational techniques,
theoretical knowledge, and experimental

data from many sources.
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4.2 Structure-based drug discovery

Using their respective structures, ligand and target protein
binding affinities, or binding pockets, are computed using
Structure-based drug design methods as opposed to ligand-
based drug discovery® (Fig. 2). The prediction of binding
affinity is achieved using a combination of fragment-based
docking, molecule docking, and molecular dynamic
modeling®>%’. Several drugs approved by the FDA as well as
those undergoing clinical trials were effectively developed
through the use of SBDD techniques®®. The first HIV-1
protease medications authorized by the FDA were
amprenavir and saquinavir, which were created using SBDD
techniques®>°,

Compound Database

Target Proteln

A

X

4

Docking and Scoring

A S O

C \ B

Molecular Stimulation

Lead Optimlzation
Drug Likeness
ADME

Toxlclty

Novel Drug Compound

Figure 2: Structure based drug Discovery
4.2.1. Generation of target protein structure

Obtaining a high-resolution 3D structure of the target
protein—which may be found in the Protein Data Bank
(PDB)®'—is the first step in the SBDD process. If the
structure hasn't been solved yet, it can be predicted from
scratch or by using precedent structures with comparable
sequences. Proteins with high sequence identity are
assumed to have comparable 3D structural conformations
and functions in homology modeling. For homology
modeling, a variety of tools and internet resources are
accessible;

The ability to locate the most thermodynamically stable
conformation using an accurate energy function and an
effective search strategy that narrows down the pool of
potential conformations to the lowest energy state are two

key components that contribute to accurate structure
predictions.

4.2.2. Predicting the binding site

A concave area or tiny pocket on a protein is called a binding
site, and it is here that a ligand molecule attaches to provide
the intended effect (inhibition, modulation, or activation)®2.
For SBDD, the structure of co-crystallized ligands with a
protein can offer useful insights. In silico techniques can be
used to forecast possible binding pockets in the event that
structural information on binding pockets is not available®.
While these instruments are essential for identifying
potential binding sites, a number of variables, like pocket
size and template similarity, affect how accurate these
predictions are. Table 5 contains a list of many binding site
prediction methods available today.

Table 4: Tools for Predicting Ligand Binding Sites

Name Description

3D Ligand Site = A protein's sequence or three-dimensional
structure can be supplied by the user. This
program finds homolog structures from the
PDB that have bonded ligands by predicting
the sequence's three-dimensional structure.
The binding sites are predicted by
superimposing the homolog and query

structures.

CASTp 3.0 A protein's surface pockets and internal
cavities may be predicted through the use of
CASTp, which also offers a thorough
description of every atom involved in the

development of the pockets.

F pocket A quick and effective way to anticipate
pockets for substantial proteins is to use
Fpocket. It offers two programs: (i) dpocket,
which extracts the pocket description, and (i)
tpocket, which tests the user's own scoring

function.

Pocket Depth = With a 96% accuracy rate, PocketDept is a

geometry- and depth-based clustering
technique that forecasts binding pockets.

Site Map SiteMap predicts ligand binding sites based
on the whole protein sequence, and then
assigns a SiteScore score to each potential
binding site, indicating the site's likelihood of

ligand binding.
4.2.3. Molecular docking

The process of finding ligands with a high binding affinity by
molecular docking begins when the 3D structure of a target
protein has been established.

By using electrostatic and van der Waals interactions,
molecular docking algorithms determine the optimal
orientation of a specific ligand within the binding pocket of
a target protein and determine their affinity 545, It is
possible to visually screen a huge number of ligands to
identify those that have a high binding affinity to the target
protein using docking algorithms. In addition to helping to
anticipate protein-protein interactions and assess
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complicated affinities, docking techniques can also help to
improve our knowledge of signaling networks. Since
biological processes are mediated by protein-protein
interactions, our comprehension of the functional
mechanisms and functions of protein-protein docked
complexes in the cell can be aided by their prediction .
Table 5 contains a list of common docking tools.

Table 5: Molecular docking software.

Name Description

AutoDock
Vina

Approved as a quick and precise docking tool,
AutoDock Vina is extensively utilized. - The
docking optimization process is accelerated
by the employment of many stochastic global
optimization techniques, such as genetic
algorithms, particle swarm optimization, and
simulated annealing. Additionally, it permits
the flexible treatment of receptor side chains
during docking.

DOCK Multiple functions are made available by this
docking program, including molecular
dynamic simulation, ligand and receptor
desolvation, ligand conformational entropy
correction, Hawkins—Cramer—Truhlar GB/SA
solvation, and receptor flexibility during

docking analysis.

pyDOCK Using the sophisticated pyDock scoring
method, pyDOCK is a quick and effective web

server for rigid-body docking prediction.

Molecular dynamic/quantum
mechanics/molecular mechanics simulations,
macromolecule design, structure- and ligand-
based drug discovery, pharmacophore and
QSAR modeling are all supported by
Discovery Studio, an integrated drug
discovery platform.

Discovery
Studio

MOE With MOE, you can efficiently create QSAR
models, conduct virtual screening, develop
structure-based drugs, and model molecules

through integrated drug discovery tools.

Surflex-dock The platform Surflex-dock may be used for a
number of tasks, including ligand modeling,
protein structure alignment and preparation,
molecular docking for virtual screening, and

molecular conversion from 2D to 3D.

Glide - The Glide fast-docking approach ranks
anticipated ligand binding conformations in
the binding cavity of a receptor using three
distinct scoring functions (SP, XP, and HTV)

and a sequence of hierarchical filters.

ClusPro ClusPro applied a quick Fourier transform-
based docking technique to predict peptide

protein docking accurately and quickly.

GEMDOCK Using its empirical scoring function,
GEMDOCK offers a very accurate way to
predict the shape and orientation of ligands

within a receptor's binding region.

4.2.4 Docking based on fragments

There are structural components (fragments) in drug
compounds. Some of these fragments, like the
pharmacophore, are necessary to demonstrate biological
activity, while others are just structurally necessary to put
substructures together. The full structures of chemical
compounds are used in conventional molecular docking
methods to determine the compounds' binding affinities
with binding pockets. While the affinity of fragments
detected by fragment-based docking techniques is often
lower than that of complete ligand complexes, it is
nevertheless tolerable 7. Subsequently, functional groups
are added to the fragments or they are combined with
additional fragments to maximize their binding affinity 2.
The initial stage in fragment-based docking is to create a
structurally varied library of fragments ®°. When building
druggable fragments, the "rule of three" is often followed”®:
a molecular weight <300 Da, a cLogP <3, hydrogen bond
donors <3, and hydrogen bond acceptors <3 70, The next
step is screening potent fragments according to the binding
affinity that was calculated using standard molecular
docking techniques. The screened segments usually have
weak affinities because they contain important
substructures like pharmacophores. Therefore, screened
fragments are altered by adding functional groups or
additional fragments to increase their effectiveness.

4.2.5. Molecular dynamic simulation

Through the use of MD simulations, chemical compounds
may be virtually screened for potential drugs by gaining a
knowledge of the structural characteristics of proteins and
the stability of protein-ligand complexes. More
pharmacological molecules with greater efficacy can be
designed as a result of its assistance in identifying other

binding sites that can be drugged, such as allosteric sites’*
75

Proteins are flexible, and their flexibility is important in
ligand binding, but prediction of the motions of protein
binding pockets and ligands involves high computational
cost due to the complex atomic interactions between the
target protein and ligand molecule. Molecular dynamics
(MD) simulation was first introduced in the 1970s to
overcome this limitation [7* It involves solution of Newton’s
equation of motion to simulate atomic motions and to
reduce the calculation complexity 7273,

The best-docked complexes in computational drug
discovery are often submitted to MD simulations to verify
their binding. In summary, standard parameters are used to
build protein and ligand topologies.

5. ADME-TOX EVALUATION

The process of evaluating pharmacokinetic characteristics,
such as ADME-Tox, accompanies the discovery of potential
new drugs. Computing techniques can also be used to
forecast ADME-Tox because of developments in machine
learning algorithms and gathered datasets.
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Preclinical studies are thought to remove 40-60% of
medication candidates due to ADME-Tox issues . In order
to achieve their pharmacological effects, drug molecules
need to pass across a number of physiological barriers,
including the blood-brain barrier, the gastrointestinal
barrier, and microcirculatory barriers.

They could need to be metabolically converted in order to
be activated, or they might transform into a hazardous
substance with unfavorable consequences 7®.

For ADME-Tox evaluations, conventional experimental
techniques are still time-consuming and expensive.
Lipinski's “rule of five”—a molecular weight <500 Da,
lipophilicity <5, number of rotatable bonds <10, hydrogen
bond donors <5, and hydrogen bond acceptors <10-is an
easier guideline for determining a chemical compound's
drug-likeness. More sophisticated prediction techniques
are being employed more frequently these days to forecast
drug-likeness in terms of ADME-Tox characteristics, as
opposed to relying just on this basic guideline. Many models
based on machine learning have been created to forecast
the  pharmacokinetic characteristics of chemical
substances.

Table 6: provides a list of online servers and tools that are
accessible for ADME-Tox predictions.

Name Description

SwissADME Provides a user-friendly environment to
compute physicochemical descriptors and
ADME parameters

ADMETIab Computes ADME and toxicity features of

compounds

PreADMET 2.0 Provides numerical information on the

ADME and toxicity of chemical compounds

LightBBB Predicts blood-brain barrier permeability of
compounds

ToxinPred Predicts and designs toxic and non-toxic
peptides

ProTox-Il Predicts the toxicity profile of compounds

6. EFFECTIVE USES OF IN SILICO DRUG DEVELOPMENT

The process of creating new therapeutic medications is
costly and laborious. In the modern pharmaceutical
business, in silico technology has become indispensable
since it can cut down on the time and resources needed for
drug development. The drug discovery process now
includes computational prediction tools at every step
thanks to developments in computational algorithms and
knowledge databases. A wide range of disorders, including
cancer 778  diabetes, viral 7°%°, and bacterial
infections®-828*  have been effectively treated using
therapeutic molecules designed and identified by
computational drug discovery approaches.

CONCLUSIONS

The efficiency and accuracy of in silico drug target and
therapeutic drug identification has increased during the last

few decades. The accumulation of publicly available
biological data and the quick development of computer
techniques have recently led to an acceleration in in silico
drug discovery. The biological activities of targets are
clarified by chemical biology, and the discovery of
prospective drug candidates is facilitated by CADD
approaches, which employ structural information of either
the drug target (structure-based) or ligands with known
bioactivity (ligand-based). Because CADD approaches may
expedite drug discovery by utilizing current information on
ligand receptor interactions, structural optimization, and
synthesis, they are now a crucial component of the drug
development process.
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