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Abstract:

Computer-Aided Drug Design/Discovery (CADD) is a powerful and evolving field that
employs computational techniques to facilitate the discovery and optimization of new
therapeutic agents. The global problem of antibiotic resistance has been addressed by recent
developments in Computer-Aided Drug Design (CADD), which have greatly improved the
development of antimicrobial agents. Using computational techniques such as molecular
docking, quantitative structure-activity relationship (QSAR) modeling, virtual screening,
quantum computing and molecular dynamics simulations, CADD provides novel approaches
for the logical design of novel antimicrobial compounds. These methods greatly impact on the
time and expense associated with conventional drug discovery procedures by enabling the
identification of possible drug candidates, the optimization of their pharmacokinetic
characteristics, and the prediction of drug-target interactions. There are still a number of
restrictions on using CADD for antimicrobial drug discovery, even with these developments.
Additionally, problems with bioavailability, toxicity, and off-target effects cause many
antimicrobial agents to fall short of in silico predictions in terms of clinical efficacy. With the
combination of artificial intelligence (Al) and machine learning (ML) improving predictive
accuracy and efficiency, the future of CADD in antimicrobial development looks bright.
AI/ML models can offer fresh perspectives on the mechanisms underlying microbial resistance
and further optimize drug design. Furthermore, the creation of hybrid computational methods
that combine experimental data and CADD may accelerate the discovery of new antimicrobial
agents. The future of developing antimicrobial drugs will be shaped by the computational
resources through ongoing evolution.

Keywords: Computer-Aided Drug Design/Discovery, Molecular docking, Antimicrobial
agent, Artificial intelligence, Quantum computing, Machine learning.

Introduction to CADD:

Computer-Aided Drug Design (CADD) is the process of discovering, designing, and
developing new pharmaceutical compounds with the help of simulations and computational
methods. Using the power of computational tools to predict and optimize the interactions
between drug molecules and biological targets speeds up the drug development process.
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Because it enables researchers to predict drug activity, lower experimental costs, and expedite
the development of effective drugs, CADD has emerged as a crucial tool in the fields of
medicinal chemistry and pharmaceutical research. To clarify and expedite the drug discovery
process and create new medications (such as antibiotics) for both known and unknown targets,
CADD can be used in conjunction with wet laboratory techniques. CADD streamlines the
medication design procedure by cutting down on time and cost!~>

Antimicrobial resistance (AMR) is an escalating worldwide issue that presents a significant
risk to human health and the sustainability of healthcare systems. Antimicrobial resistance
(AMR) occurs when bacteria, fungi, parasites, and viruses can survive and multiply despite the
presence of previously effective drugs®. There are several mechanisms involved in the
development of microbial resistance. These include changes in cell membrane permeability;
efflux pump formation, drug target modification, and antibiotic degradation due to enzyme
breakdown or alteration of the enzyme scaffold®®.
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Fig-1: Overview of CADD

Strategies in CAAD for antimicrobial agents:-
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Fig-2: Types of CADD
Structure Based Drug Design
SBDD is a technique that uses knowledge of the drug target's structure to develop a medication
that can block it. This approach requires knowledge of the receptor’s structure. Methods like as
X-ray crystallography or NMR are often used to determine the receptor's structure. In the lack
of the structural data of the protein target, computer techniques such as threading or homology
modeling can be used to predict it. A method for modeling proteins that lack structurally similar
proteins is called threading. The process of threading involves comparing the amino acid
sequence to structures in a database of recognized protein shapes. These shapes are then used
to construct the protein structure. The technique of homology modeling relies on a distinct
relationship between the structure of a known protein and the sequence of the target
protein®!?.Finding a similar protein with a known 3D structure to use as a template, aligning
the target and template proteins' sequences, building a model for the target based on the
alignment and the template's 3D structure, and then refining and verifying the model are the
steps involved in homology modeling of proteins!!'2. When crystal structures are unavailable,
homology modeling has emerged as the primary technique for obtaining a 3D model of the
target!3.
Molecular docking:-
Molecular docking is a computer-based method for examining the interactions between a
target and a small molecule, or ligand. It operates by inserting the tiny molecule into the target's
active site using specialized software, searching for the ideal fit and location. Using a scoring
system, these programs examine the molecule's various shapes and locations to forecast how
strongly it will bind in each. This aids in the identification of crucial substances that firmly
attach to a target protein or other significant molecules implicated in cancer'*. By reducing the
number of compounds that must be created and tested in the lab or on living things, it increases
the speed at which cancer drugs are discovered!>.n cancer drug research, molecular docking is
done using a variety of computer software tools. In drug discovery, Glide is a popular docking
program.'®: 17, These computer programs can identify novel compounds that bind to cancer-
related proteins with high strength, accelerating drug discovery and improving cancer
treatments. Because every program has pros and cons, the decision is based on the objectives
of the research as well as the resources that are available!®,
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Table- 1: Common Molecular docking tools for structure prediction and how they interact
with a target.

Sr. | Tools Method Links
No.
1. | Pyrex Pyrex is used for the | https://pyrx.sourceforge.io/downloads'

virtual screening of
molecular libraries
to identify potential
drug candidates.

2. | BIOVIA BIOVIA Discovery | https://www.3ds.com/products/biovia/discovery-
Discovery | Studio Visualizer is | studio/visualization?

Studio used for viewing
Visualizer | and analyzing
molecular structures
and simulations.

3. | Pymol PyMOL is used for | https://www.pymol.org/?!

visualizing and
analyzing 3D
molecular
structures.

4. | Auto Dock | Auto Dock Vina is | https://vina.scripps.edu/downloads/*?
Vina used for performing
molecular docking
to predict how small
molecules bind to a
target protein.

5. | Haddock HADDOCK is used | https://rascar.science.uu.nl/haddock?2.4/%3
for predicting
protein-protein and
protein-ligand
interactions through
computational
docking.

6. | Auto Dock | Auto Dock is used | https://autodock.scripps.edu/**
for molecular
docking to predict
how small
molecules interact
with a  target
protein.

Structure-based virtual screening [SBVS]:
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In order to predict how two molecules can bind together to form a stable complex, SBVS, also
known as target-based VS (TBVS), is used. Techniques that examine the molecular target's
three-dimensional structure are part of the SBVS method. When the molecular target's three-
dimensional structure has been established through experimentation, SBVS is the
recommended method. Based on the strength of their bond, SBVS seeks to forecast the
likelihood that candidate molecules will bind to the target protein®>-?6. Because it is less
expensive to compute and produces good results, molecular docking is the most widely used
SBVS method?”-?8. Despite the aforementioned limitations, a large number of studies have
recently been developed that use SBVS. This demonstrates that despite certain drawbacks,
SBVS is still frequently employed in the creation of new medications due to its time and cost
savings®.
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Fig-3: Structure-based virtual screening work-flow

De Novo Drug Design

Computational de novo design is a technique that uses a fragment-based approach to potentially
create biologically active compounds. In addition to a set of predetermined chemical building
blocks and fundamental principles for joining them, this entails using the biological target's
structure as a guide®’. A de novo design program must address three primary questions: how to
assemble the candidate compounds, how to assess their possible quality, and how to effectively
search through potential options. The primary advantage of this technique is that it makes it
possible to investigate a variety of virtual structures without having to actually produce a
significant number of compounds.

Common homology modeling tools for structure prediction and how they predict structures.

Table-2: De Novo Modeling Tools
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Sr. | Tools Method Links
No.
1. A tool that uses fragment-based | -
techniques to create new
LUDI molec.ules .by j.oining small
chemical pieces in a way that
matches the target protein’s
binding site.
2. A program made to create new | https://www.keymodule.co.uk/sprout-classic/?!
molecular structures by putting
SPROUT | together small pieces or
frameworks, with the aim of
making drug-like molecules.
3. A tool for de novo drug design | https://www.frontiersin.org/journals/chemistry/articl
that uses a step-by-step method | 9/fchem.2020.00142/full#:~:text=De%20novo%20LC
LigBuilder | to create molecules by joining | OApproach,structures%20for%20design%20new%2!
fragments that fit nicely into the | nds*
target binding site.
4. A platform that creates new drug | https://www.schrodinger.com/platform/products/de-1
DeNovo candidates based on the structure | design-workflow/*?
Designer | of a target protein and uses
(Schrodin | methods like fragment-based
ger) design or changing the molecular
structure.
5. A computer tool used to predict | https://rosettacommons.org/software/>*
and design protein structures,
Rosetta which can also be used to create
small molecules in de novo drug
design.
6. ?f/[(i)icula Althqugh M OE s & versatile https://www.chemcomp.com/Products.htm?
tool, it has special features for de
' . novo design that help create new
Operating .
Environm m(?le?ules by combining small
building blocks.
ent)
7. GASP A tool that creates new |-
(Generativ | molecules by finding the best
e Active | ways to change an existing
Scaffold structure  to match known
Pathways) | biological targets.

Ligand based drug design:-
Ligand-based drug design is an indirect methodology aimed at advancing the creation of
pharmacologically active drugs via the examination of molecules that engage with the
biological target of interest’®. Conversely, structural-based drug design techniques use the
three-dimensional structure of the target molecule to find or enhance therapeutic candidates’~

39

The first step in any drug design process is the identification of an appropriate target molecule
linked to a disease. A principal protein within a biochemical pathway linked to the illness state
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functions as a prospective therapeutic target***?. Contingent upon the characteristics of the
illness condition,
Molecules, known as lead compounds, are found or engineered to block or enhance the relevant
metabolic process***®. The subsequent phase in the pharmacological discovery process is to
enhance the lead compounds to optimize their interaction with the target molecule. CADD is
capable of
play an  essential part in  directing the lead  optimization  process.
CADD techniques may be used for both ligand-based and structure-based drug design.
Ligand-based drug design techniques are advantageous when an experimental 3D structure is
unavailable*’°. in the absence of an experimental structure, the known ligand molecules that
interact with the therapeutic target are analyzed to elucidate the structural and physicochemical
features of the ligands that correspond with their intended pharmacological action®!. In addition
to recognized ligand molecules, ligand-based methodologies may include natural compounds
or substrate analogues that engage with the target molecule, producing the intended
pharmacological action®?*, Conversely, when a 3D structure of the drug target is available,
structure-based techniques, like molecular docking or in silico chemical modification, are often
used for lead optimization>>%. This method utilizes the accessibility of the target 3D structure
to ascertain the characteristics of the target-ligand interaction and the structural prerequisites
of the ligand to enhance the relationship.

I. Quantitative Structure-Activity Relationship (QSAR):
Pharmacophore modeling and the QSAR methodology are the main methodologies used in
ligand-based drug design. The correlation between the chemical structures of diverse chemicals
and specific chemical or biological effects is assessed by the computational method termed
QSAR. The fundamental principle of the QSAR approach is that compounds with analogous
structures or physicochemical properties will exhibit similar behavior. Initially, a compilation
of chemical entities or lead compounds demonstrating the requisite biological activity of
interest is identified>”->%. The biological activity of active substances is quantitatively correlated
with their physical properties. The active compounds are then optimized to enhance the relevant
biological activity using the created QSAR model. The expected activity of the substances is
then evaluated experimentally. Consequently, the QSAR approach may serve as a framework
for identifying chemical changes that enhance activity.
The general methodology of QSAR is built upon a series of consecutive steps:

I.  Determine which ligands exhibit the desired biological activity as measured
experimentally. Although a congeneric series is ideal, these ligands should also have
sufficient chemical diversity to exhibit a wide range of activity.

II.  Determine the molecular descriptors linked to the different structural and physico-

chemical characteristics of the molecules being studied.
II.  Find relationships that can account for the variation in activity in the data set between
biological activity and molecular descriptors. The proper biological effect is tested for
a set of compounds based on the study's objectives, and the results are used as the basis

for QSAR modeling.

Molecular mechanics or quantum techniques are used to reduce the energy of the molecules
after they have been selected for the study and simulated on a computer. In order to explain

926



Frontiers in Health Informatics www. healthinformaticsjournal.com
ISSN-Online: 2676-7104

2024;Vol. 13:1Issue 7 OpenAccess

the chemical characteristics required for the molecules' biological activity, significant
molecular descriptors are then developed for the collection of molecules®®%!. These
characteristics may be structural or associated with chemical and physical attributes. The
goal is to give each molecule a molecular "fingerprint" that is connected to its activity.
These descriptors can be produced using knowledge-based, molecular mechanics-based, or
quantum chemistry-based tools, depending on the QSAR technique. After that, a
mathematical relationship is developed using the molecular descriptors to explain the
variations in the molecules' biological activity. To guarantee the models' statistical
significance, dependability, and outcome-productiveness, they undergo a series of tests in
the last stage. QSAR is now a crucial step in the drug development process since techniques
for completing these steps have advanced over time. The kinds of molecular descriptors
that are employed and how they relate to the activity have been the primary areas of
advancement in QSAR techniques. The remainder of this review will provide a summary
of the primary QSAR techniques, emphasizing their main distinctions, before going into
great detail about the CSP-SAR technique that was created in our labs.

Statistical Tools for Model Development and Validation
Choosing the appropriate molecular descriptors and being able to establish the proper
mathematical relationship between the descriptors and the biological activity under study are
key components of any successful QSAR model. It has been obvious since the inception of
QSAR that the most crucial aspect of the technique is defining molecular descriptors®>%3. Many
molecular descriptors that can be utilized in QSAR techniques can now be created thanks to
recent software advancements®+9,
CoMFA:
CoMFA stands for Comparative Molecular Field Analysis®®. CoMFA is a well-liked 3D QSAR
technique that correlates a molecule's biological activity with its 3D shape, steric, and
electrostatic characteristics. Potential energy values are computed at each location on a three-
dimensional grid of molecules. The biological activity is then contrasted with these values. The
CoMFA model is constructed using techniques like PCA and PLS, and its dependability is
evaluated. The degree of alignment of the bioactive shapes determines the model's success®’
69
CoMSIA:
CoMSIA denotes Comparative Molecular Similarity Indices’. CoMSIA is a three-dimensional
quantitative structure-activity relationship approach that is equivalent to CoMFA. In contrast
to CoMFA, CoMSIA's molecular field incorporates steric and electrostatic variables, in
addition to hydrophobic, hydrogen-bond donor, and acceptor components. To ascertain
similarity scores instead of interaction energies, COMSIA evaluates each ligand molecule
against a standard probe with identical charge, hydrophobicity, and hydrogen bond attributes,
with a radius of 1A. The steric, electrostatic, and hydrophobic elements of the energy function
are characterized by CoMSIA via a bell-shaped Gaussian function. This approach does not
need an arbitrary cutoff number for energy estimates, unlike COMFA. The similarity scores of
CoMSIA's molecular fields assist in characterizing the ligand-protein interaction”!’2,
Ligand-Based Virtual Screening (LBVS):-
LBVS uses virtual libraries of compounds to identify other molecules with similar structures
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based on molecules with known biological effects. This approach disregards the target
molecule's structure. Its premise is that molecules with comparable shapes might have
comparable biological effects. Therefore, LBVS seeks to identify compounds with comparable
molecular structures or essential functional components, increasing the possibility of
discovering compounds with biological activity. Comparing the characteristics of known
molecules—derived from reference compounds—with those of molecules in databases is how
LBVS is carried out. Measures of similarity are used to accomplish this. Although there are
various ways to determine how similar two sets of molecular features are, one popular method
is to use the Tan moto coefficient’.

‘ Access to known ligands ‘ Access to known targets |
Virtual screening
‘ Active ligands only ‘ Structure based design ‘
} Active and inactive ligands
Ligand based design -
| Molecular docking and
Structure activity scoring
relationship
Pharmacophore modelling ’ Molecular dynamics

’ Machine learning ‘

| )
|

Fig-4: Virtual screening

Fragment based drug design:

Despite significant scientific and technological advancements aimed at enhancing drug
discovery in the pharmaceutical industry, more investment has not resulted in a notable increase
in the quantity of new drugs that are brought to market. More creative technologies and
approaches are required to address these issues. Using tiny, weakly binding fragments as the
foundation for incremental advancements is one promising strategy’*.

This approach, called Fragment-Based Drug Discovery (FBDD), has its roots in William
Jencks's 1981 research.

I.  The concept is that the sum of the energies from each fragment's binding to the target
is the total binding energy of a molecule with its target. For a long time, though, this
idea did not receive much attention. Finding appropriate fragments that bind to the
appropriate regions of the target and

II.  Enhancing these fragments by joining, combining, or cultivating them into drug-like
molecules without altering their initial binding patterns are the two primary challenges.
Abbott scientists were the first to successfully use FBDD in drug discovery. Since then,
FBDD has grown in importance alongside combinatorial chemistry and conventional
high-throughput screening (HTS). It combines the benefits of structure-based drug
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design and random screening. Large collections of drug-like molecules are tested using
traditional HTS techniques, which frequently yield a large number of promising
candidates, but only a small percentage reach the market. Problems like poor drug
properties and a lack of chemical diversity (e.g. G. toxicity, excretion, metabolism,
distribution, and absorption) frequently prevent additional growth. On the other hand,
FBDD assists in locating tiny active fragments that can enter difficult-to-reach areas of
the target. Once these interactions are well understood, they can aid in the development
of stronger and more efficient medications. Higher hit rates, improved binding
efficiency, and more efficient optimization are provided by FBDD in contrast to
conventional HTS or virtual screening. Practically speaking, there are more options for
structural modifications and a wider range of chemical possibilities when the fragment
is smaller. The creation of fragment libraries is the main topic of this review, along with
the benefits and drawbacks of various fragment-based screening techniques for finding
valuable fragments. We also highlight how well-known fragments from previously
reported molecules can be broken down and rebuilt”.

Target Selection and Preparation:

Target Selection:

I.  Identify a Therapeutic Target: Focus on proteins or biomolecules that are essential in
the disease you're aiming to treat. This could be enzymes, receptors, or critical proteins
in signaling pathways’®.

II.  Structural Characterization: Obtain detailed information about the 3D structure of the
target protein using techniques such as X-ray crystallography, NMR spectroscopy, or
computational modelling. This information is crucial for understanding potential
binding sites 7’

III.  Evaluate Drug ability: Assess whether the target’s binding sites are suitable for
interaction with small drug-like molecules. Drug ability focuses on the potential to
achieve effective and specific binding, which is essential for developing a successful
drug’8.

Target Preparation:
1) Establish a Fragment Library:
Create or obtain a varied collection of tiny chemical fragments. Though typically having a
molecular weight of less than 300 Da, these fragments have a variety of chemical
characteristics that allow for a wide range of possible interactions. Check for Interactions: Use
a variety of biophysical methods, such as High Throughput Screening (HTS), Nuclear
Magnetic Resonance (NMR), or Surface Plasmon Resonance (SPR), to compare the fragment
library to the target protein. This stage finds the fragments that attach to the active site of the
target. Binding Validation and Optimization: To verify the fragments' interaction with the
target, validate them with more binding studies. Enhancing the fragments' binding affinity and
selectivity through further optimization is necessary to turn them into lead compounds for drug
development”.

2) Fragment Library Design and Selection:
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Generation of Lead Molecule

Fig-5-: Fragment Library Design
Recent research has examined the qualities of a good fragment library®’. The fragments'
physical and chemical characteristics, their ability to dissolve in water and meet quality
standards, the diversity of molecules in the library, their ease of modification for future
research, the chemical features that should be avoided, their resemblance to well-known oral
medications and natural products, and their inclusion of common medicinal chemistry
structures are the main considerations. There are some things that all fragment libraries agree
on, even though they may have slightly different ideas about what constitutes a good fragment.
To put it simply, a fragment should pass complexity tests (based on things like hydrogen bond
donors, acceptors, or rotatable bonds, or using a complexity fingerprint), weigh no more than
300 Da (as recommended by Astex Therapeutics in their "rule of three"), and dissolve well in
water for screening purposes of practicality®!.
3) Fragment Screening:
Creating and testing a large library in a bioassay is more difficult than creating and testing a
small library of fragments in an academic setting using biophysical techniques like protein-
ligand NMR, surface Plasmon resonance (SPR), or even X-ray crystallography. Actually, in
the early 1990s, the University of Groningen conducted some of the earliest research on the
use of X-ray crystallography for fragment screening. Top academic labs frequently have top-
notch NMR equipment and other biophysical techniques, and numerous recent studies by
academic groups have applied fragment-based drug discovery (FBDD) methods to new
targets®2-58,
4. Hit Identification and Validation:
The biochemical and biophysical techniques used to identify fragment hits have been reviewed
elsewhere and will not be covered here®®. Several tests are frequently used to measure binding
and activity, and NMR spectroscopy and surface Plasmon resonance (SPR) are two popular
screening techniques®. Nonetheless, a number of studies have noted that various screening
techniques can produce disparate outcomes for the same target °'. These variations could result
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from different test requirements, different hit definition criteria, or different method
sensitivities. Binding assays may frequently be functioning near the boundaries of what is
currently detectable®?.

5. Fragment Optimization:

I) NMR-Based Screening:

A significant discovery technique is the SAR by NMR method, which use NMR to identify
small compounds that bind to a protein target. A fragment library is first analyzed to discover
compounds that bind to a 15N-labeled protein. 2D HSQC spectra show changes in chemical
shifts at the binding site upon drug binding **. Alongside structural data, these alterations assist
in identifying the exact location on the protein where the chemical attaches. Compounds that
interact with neighboring sites are then selected and optimized. These chemicals are used to
augment individual protein fragments or to concatenate fragments that are intimately associated
by using the protein's three-dimensional conformations. Functional experiments are used to
ascertain if the modified fragments can inhibit the protein *+%.

ii) Methods Based on Mass Spectrometry:

Two main methodologies have discerned weak binding ligands by mass spectrometry. Ibis
Therapeutics, a subsidiary of Isis, developed a technique using electrospray ionization mass
spectrometry (ESIMS) to detect weakly binding RNA fragments. They successfully
investigated low-affinity complexes (in the mill molar range) between RNA and small
molecules by optimizing the ionization and desolvation processes. They could determine the
number of molecules involved in the interaction and the binding strength directly from the mass
and amount of these complexes”® %,

iii) Methods Based on Crystallography:

X-ray crystallography can offer the most comprehensive understanding of how fragments
attach to a target. Similar to NMR, crystallography enables fragment optimization in addition
to fragment detection. Early on, the slowness of crystallography as a screening method was
criticized. However, the speed and efficiency of solving crystal structures have increased due
to advancements in robotics, X-ray technology, and computer processing power. This method
is now widely used in labs to support in the discovery of small-molecule inhibitors. The worry
that tiny, weakly binding fragments might not give enough signal for a clear electron density
in the solvent molecules could bind to particular protein surface sites was addressed by Ringer
and associates®*1%,

iv) Lead Compound Development:

The fragment growing process starts as soon as fragments with high binding affinities are
found. In order to improve interactions with the binding site and boost potency and selectivity
without substantially changing the fragment's core structure, chemical groups are added to the
fragment. It is occasionally possible to connect two or more fragments that bind to distinct
areas of the target's binding site!®!. This is accomplished by creating a single, larger molecule
that preserves the binding properties of the individual fragments by designing a chemical linker
to join them. It is frequently possible to combine fragments into a single, more complex
molecule when they bind closely together within the same area of the binding site. This
combined piece takes 192,

Pharmacophore Modeling:
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To create new molecules, identify the key characteristics needed for biological activity. Several
essential characteristics that are required for compounds to bind to a particular protein are
identified by pharmacophore models. By looking for common characteristics among known
active compounds, these models can be made. They can then be compared to vast collections
of compounds to identify those that share those characteristics and may bind to the target
protein. 103,

Table- 3: pharmacophore modeling tools
Sr. | Tools Method Links
No

1. | Ligand Scout | Ligand Scout | https://ligandscout.software.informer.com/!%4

is a program
designed for
creating
pharmacopho
re models and
virtual
screening. It
builds
pharmacopho
re models
from the 3D
shapes of
ligands and
lets users
study  how
ligands
interact with
their
biological
targets.

2. | MOE MOE https://www.chemcomp.com/Products.htm!%
(Molecular provides a
Operating complete set
Environment) | of tools for
computationa

1 chemistry,
with  special
features  for
pharmacopho

re modeling.
It supports
both ligand-
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based and
receptor-
based
pharmacopho

re creation.
3. | PHASE PHASE is a | https://www.schrodinger.com/platform/products/pha
(Schrodinger) | tool in  the | se/!%

Schrodinger
software
package made
for both
ligand-based

and structure-
based

pharmacopho
re modeling.
It helps you
create

pharmacopho
re models
from  small

molecule
information
and carry out
virtual
screening.

4. | Discovery Discovery https://www.3ds.com/products/biovia/discovery-
Studio Studio offers | studio/visualization!?’
(BIOVIA) a range of

tools for
molecular
modeling,
with a special
focus on
pharmacopho

re modeling.
The software
provides both
ligand-based
and receptor-
based

methods  for
making
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pharmacopho
re models.

PharmMapper

PharmMappe
r is an online
tool that uses
a ligand-
based
approach to
generate
pharmacopho
re models and
map them to
potential
protein
targets. It is
primarily
used for target
identification
and drug
repurposing.

https://www.lilab-ecust.cn/pharmmapper/!%®

Pharmacopho
re
Fingerprints
(Open Babel)

Open Babel is
a free, open-
source
chemical tool
that helps
create
pharmacopho
re
fingerprints,
which are
helpful  for
structure-
based virtual
screening and
searching
ligand
databases.

https://sourceforge.net/projects/openbabel/! %
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Fig-6: pharmacophore modeling

Limitations of CADD for antimicrobial Drug discovery:

Biological systems are intricate and governed by several key factors. Because of this, there are
certain limitations and the complete biological system cannot be replicated and simulated on a
computer using state-of-the-art technology. One of the most important problems with drug
discovery that still exists is target flexibility!!®. The majority of molecular docking systems
give the ligand a great deal of flexibility while either fixing the protein or only slightly allowing
the residues close to the active site to move. Giving the protein complete molecular flexibility
is challenging because it adds to the computation's temporal and spatial complexity.
Nonetheless, attempts are being made to incorporate as many attributes as feasible.
Conformational changes give receptor and target molecules a great deal of flexibility in

solution'!!. Therefore, developing an inhibitor based only on identifying a specific, hard
structure might result in an inaccurate outcome. The ligand has considerable versatility using
docking approaches; nevertheless, the residues near protein binding sites exhibit little
flexibility!!?. Computer-aided drug design (CADD) is a critical endeavor owing to the inherent
complexity of biological systems and the constraints of computational methods'!®.Computer-
aided drug design (CADD) offers significant advantages and holds considerable promise for
advancing drug development. A significant obstacle in this area is the lack of skilled
professionals in machine learning (ML) and artificial intelligence (Al) methodologies. The
absence of such knowledge hinders CADD processes from properly integrating and optimizing
AI/ML'"%, Organizations such as in-silico Medicine are leading initiatives to bridge this gap by
cultivating a proficient workforce capable of using modern computational techniques for drug
development. By overcoming these restrictions, enhanced methodologies may be established,
facilitating more efficient drug discovery procedures!'!>.

The accuracy of predictive models:

Predictive model accuracy is one of the primary issues with computer-aided drug design
(CADD), which is hampered by the computational limitations and the intrinsic complexity of
biological systems. While CADD's predictive models are helpful resources, their accuracy can
be significantly increased by combining various strategies and fixing the drawbacks of each
one. Improving molecular simulations, using hybrid and ensemble models, and continuously
improving scoring algorithms are essential for predicting the binding affinity between
compounds and their targets in drug discovery. These improvements will be necessary for the
advancement of CADD and the development of more potent therapeutic drugs'!®. The
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possibility of false positives and negatives must be actively decreased in order to ensure their
accuracy. This means adding numerous chemical descriptors, continuously validating against
experimental data, and carefully calibrating the scoring criteria.

Data Quality and Quantity:

The accuracy of predictions made by CADD tools is contingent upon the data provided to them.
Predictions are likely to be erroneous if the foundational data is insufficient or of poor quality.
The absence of meticulously selected, high-quality datasets, particularly in the realm of
pharmacological machine learning'!”. Outliers may be mitigated, and standardized data formats
can improve molecular interaction datasets by reducing mistakes and increasing the accuracy
of computer models. Additionally, employing tried-and-true experimental methods like
endpoint measurements and consistent assay conditions improves the quality of the data in
CADD and produces solid and trustworthy results.

Over-reliance on Computational Predictions:

CADD is an effective tool, but if its predictions are relied upon too much without further
experimental confirmation, it may result in misdirected efforts. Even though CADD is a useful
tool, concentrating too much on its predictions without additional experimental verification
could lead to misdirected efforts. Successful drug discovery requires striking a balance between
computational predictions and experimental evidence!!®. Effective drug discovery requires a
balance between experimental data and computational predictions.

Time and Computational Cost:

Molecular dynamics simulations and machine learning models are two examples of
sophisticated CADD (Computer-Aided Drug Design) approaches that can be very resource-
intensive. For these simulations to model and simulate complex chemical systems over
extended periods of time, massive computer power is usually needed, and the infrastructure
needed can be expensive.

The key challenges include:

L. High computational costs: For example, molecular dynamics simulations need
millions or billions of iterations to calculate the interactions between atoms and
molecules. This may necessitate clusters of high-performance computing (HPC)
equipment or cloud computing resources, which can soon result in substantial
operational expenses.

IIL. Data Storage and Management: Storing huge datasets created during simulations or
machine learning processes (e.g., protein-ligand binding affinities, energy states,
and trajectory data) is both logistically and financially challenging. Proper
administration and analysis of that data need efficient storage options, which
frequently incur additional expenditures.

III.  Time constraints: Depending on the complexity and scope of the study, some
simulations might take weeks, months, or even years to complete. This raises the
total time commitment and the possibility of delays in research results.

IV.  Specialized Expertise: Researchers who are skilled in these cutting-edge approaches
may need to pay more for further training or employment because, in addition to
computational resources, specialized knowledge in their application is essential.

To address these problems, some research groups use cloud-based platforms or computing
resources provided by university partnerships, or they optimize their models to reduce
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computational load while maintaining accuracy. Furthermore, there is an increasing tendency
towards using parallel processing and more efficient methods to reduce computing expenses.
Some organizations also charge a fee for access to cutting-edge resources, allowing smaller
research groups to use modern tools without incurring full infrastructure costs ''°.

Molecular flexibility:

In computer-aided drug design (CADD), molecular flexibility is one of the most challenging
aspects, particularly when using methods like molecular docking. Because biological systems
are fundamentally dynamic, with interactions dictated by the movement and form-changing of
molecules, flexibility in therapeutic compounds and target proteins is crucial. When illustrating
molecular flexibility, the following are some of the main obstacles and factors to take into
account.

1. Conformational Flexibility of Ligands:

Ligand: Drug candidates (ligands) can adopt various conformations, each with a unique binding
affinity to the target protein. In molecular docking, attempting to account for all possible ligand
conformations can result in an explosion in computing complexity.

Conformational Searching: Methods such as stiff docking (which assumes a fixed ligand
conformation) are quick but frequently incorrect since they overlook the ligand's flexibility.
Flexibility can be added through thorough conformational searches or utilizing molecular
dynamics (MD) simulations, but both methods can be computationally expensive.

Rotatable Bonds: Ligands may have numerous rotatable bonds, complicating the search for the
optimal docking conformation. Advanced sampling approaches, such as Monte Carlo
simulations or Genetic Algorithms, can be useful, but they incur significant processing costs.
2. Protein Flexibility:

Induced Fit: When proteins bind to ligands, they change conformation. This means that the
protein's structure may alter to accommodate the ligand, but these changes are difficult to
anticipate and require simulations to account for the protein's dynamic nature. Traditional
docking treats proteins as stiff, which restricts precision.
Flexible Receptor Docking: Some modern docking techniques provide flexible receptor
docking, which allows the protein structure to move somewhat. However, precisely forecasting
these movements and the consequent binding modes necessitates significant processing power.
This is especially problematic for big proteins or systems with multiple degrees of freedom.
3. Complex Interactions:

e Water Molecules and Solvent Effects:
Water molecules and solvent interactions significantly impact ligand binding and molecular
flexibility. Water molecules can occupy binding pockets and alter the ligand's conformation.
Solvent modelling (e.g., implicit or explicit solvent models) increases the complexity of
flexibility representation.

¢ Side-Chain Movements:
The flexibility of protein side chains can have a substantial impact on docking. Side chains can
alter in response to ligand interaction, and if not adequately modelled, this can result in
inaccurate predictions of binding affinities. Water molecules and solvent interactions play an
important role in ligand binding and molecular flexibility. Water molecules can occupy binding
pockets and alter the ligand's conformation. Solvent modelling (implicit or explicit solvent
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models)

4. Sampling and Scoring:
Sampling: Efficiently sampling all possible conformations of both ligands and proteins is
critical to determining the best binding mode. However, thorough conformational sampling is
computationally impractical. Methods like as molecular dynamics simulations or Monte Carlo
sampling are frequently employed to investigate the conformational space, although they are
time-consuming.
Scoring Functions: The purpose of molecular docking scoring functions is to forecast the ligand
and protein binding affinities. These functions, however, frequently depend on approximations
and might not take into consideration all of the variables influencing flexibility, especially the
induced fit and solvation effects. Studies.

5. Computational Cost:

e Efficiency vs. Accuracy:
To accurately represent molecular flexibility, more complex computational methods are
required, such as MD simulations or advanced docking algorithms. These methods are
frequently computationally expensive and time-consuming, particularly when dealing with
large-scale systems (such as protein-protein interactions or complex ligands).

e Large Systems:
Docking big ligands or proteins adds a significant computational cost, especially if several
conformations of both the ligand and protein must be examined !2°.
Interpretability of AI Models: In fields like drug discovery and CADD, where comprehending
the rationale behind a model's predictions can be just as crucial as the predictions themselves,
the interpretability of Al and machine learning models is a crucial subject. When artificial
intelligence models—especially deep learning or other extremely complex models—are
viewed as "black boxes," it is challenging for researchers to completely trust their predictions
or to extract pertinent data for compound optimization.
Here are some important issues and considerations about the interpretability of Al models.
Black-Box Nature of Complex Models:

e Opacity of Deep Learning:
Deep learning models, such as neural networks, are effective yet lack transparency. These
models learn complex, non-linear correlations from vast datasets, making it difficult for
researchers to understand why a given molecule is predicted to have a certain activity or
binding affinity.

e Loss of Insight:
Understanding the "why" behind predictions (for example, why a given chemical structure is
predicted to bind to a protein) in drug development is crucial for enhancing compounds or
explaining biological phenomena. The inability to interpret data can impede decision-making
in experimental design or compound optimization.
Complexity of Feature Representation:

e High Dimensionality:
Al models, particularly in drug development, frequently rely on high-dimensional feature
spaces. For example, molecular descriptors (such as chemical fingerprints, electrostatic
potential, or molecular weight) may be employed to represent compounds, although these
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characteristics may not be intuitively or directly related to therapeutic activity. Understanding
which of these features is influencing the model's forecast might be challenging.
e Non-linear Interactions:
Models can learn intricate connections between features that are difficult to explain, making it
difficult to determine which chemical features contribute to a prediction, such as activity
against a specific protein target.
Challenges of Compound Optimization:
I.  Lack of Guidance for Optimization:
There is a lack of guidance for optimization. Without interpretability, it is difficult to grasp
how to refine a molecule in order to increase its activity. Structure-activity relationship (SAR)
studies are used in traditional drug discovery to repeatedly change the structure of a molecule
and observe the effect on its biological activity. When Al models are deployed, it is difficult to
determine whether structural modifications will result in improved results unless the model's
predictions are explained clearly.
II.  Rational Design Limitations:
Although Al models may propose new compounds, chemists find it challenging to justify their
design due to their inability to be interpreted. This could make them less confident about using
Al for tasks like de novo drug design and lead optimization'?!.Notwithstanding these
difficulties, CADD has enormous potential advantages in drug discovery. Accepting these
limitations and continuously working to overcome them through research and innovation will
allow CADD to stay at the forefront of drug discovery today and have an impact on therapies
in the future.
III.  Current Challenges in CADD:
Overcoming Barriers: A Changing Landscape of Challenges in Computer-Aided Drug Design
although drug development has been revolutionized by advancements in computer-aided drug
design (CADD), the field is not without challenges. These difficulties point to areas that are
ready for more innovation, ranging from data quality to the requirement for more predictive
models'?2.0ne of the most crucial problems is guaranteeing data availability and quality.
Computer predictions can be erroneous due to dataset inaccuracies, such as false chemical
structures or misleading bioactivity data. Additionally, hoarding proprietary data prevents
knowledge from being shared and consolidated!?*. Models with greater predictive power are
still required despite developments. Sometimes, models can produce false positives or overlook
real possibilities, especially when used to predict drug-target interactions'?*. Biological
macromolecules such as proteins and nucleic acids are active. It is a significant computing
challenge to account for this flexibility in simulations, particularly over long periods of time!%.
It is crucial to make sure that CADD approaches scale well as drug databases and models
become more complex. This calls for constant algorithm optimization and the use of
contemporary computational resources 26, As multi-omics and various biological data become
more prevalent, it can be difficult to integrate these disparate pieces of information in a way
that enhances drug development!?’. Given that CADD often utilizes patient data, particularly
in personalized medicine, safeguarding data privacy and addressing ethical issues related to
data usage are essential'?®, In conclusion, while CADD advances drug research, surmounting
its obstacles is essential. Addressing these difficulties directly may enable the sector to
transform, adjust, and advance towards more efficient and successful drug discovery models.
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Antimicrobial resistance challenge:

Limitation of CADD for antimicrobial drug discovery

The accuracy of predictive models in Computer-Aided Drug Design (CADD) is in fact a
significant challenge due to the essential complication of biological systems and the limitations
of computational approaches .while predictive models in CADD are valuable tools, their
accuracy can be significantly increase by addressing the limitations of individual methods and
integrating multiple approaches. Continuously improving scoring algorithms, leveraging
hybrid and ensemble models, and refining molecular simulations will be key to advancing
CADD and improving the design of effective therapeutic compounds.

Future Prospective for CADD in Antimicrobial agent Development:

With the rise in antibiotic resistance and the pressing need for new treatments, computer-aided
drug design, or CADD, is becoming a more significant tool in the development of
antimicrobials. Here are a few prospects for CADD in this field going forward. Computer-
Aided Drug Design (CADD) appears to have a bright future, particularly in the development
of novel and potent medications like antimicrobial treatments. Here's why

I. Examining New Prospects: Advancements in Computer-Aided Drug Design:

Deep learning in particular is becoming a significant component of computer-aided drug design
(CADD). Neural networks can be used to predict whether a drug may be toxic and to propose
new drug ideas because they are adept at identifying patterns in vast amounts of data '?°. CADD
tools will concentrate on developing medications based on an individual's distinct genetic
information as genetic sequencing becomes more widespread. This will result in genuinely
customized medications made according to a person's genetic composition!**.Everyone can
have greater access to drug discovery through collaborative and open-source platforms. These
platforms can combine various fields of expertise and expedite the process of discovering new
drugs by combining the knowledge and abilities of scientists from around the globe '3!.
Computer-aided drug design (CADD) appears to have a bright future. CADD will enhance and
help to improve healthcare for everyone by embracing new concepts and developing
technology.

II.  Using Global Intelligence in Computer-Aided Drug Design: Finding Unity in
Diversity.

In our increasingly connected world, collaborative networks and open-source platforms are
very important in computer-aided drug design (CADD). These platforms bring together
the knowledge of researchers from around the world, making the drug discovery process
faster, more accessible, and less expensive!*2. Traditional drug discovery usually requires
a lot of money and resources, which makes it limited to only certain groups. Open-source
platforms change this by letting researchers from anywhere contribute to and use
advanced CADD tools, no matter where they work Initiatives such as the Open-Source
Drug Discovery (OSDD) initiative for TB exemplify global collaboration to achieve this
objective '33.Crowdsourcing systems in computer-aided drug design (CADD) use global
expertise. The problems presented on these platforms result in a variety of solutions, some
of which may be unconventional but very successful. Open-source platforms ensure the
continual development of CADD tools. Community-developed tools are routinely updated
in accordance with user input and recent scientific advancements. In an era when
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collaboration and information exchange are paramount, these CADD platforms provide
optimism for an improved future. They demonstrate that collaboration and information
sharing may result in a healthier planet!34.
III. A Glimpse into the Horizon: Envisioning the Next Epoch of Computer-Aided
Drug Design :

As we approach a new era with quantum computing, these computers have the potential to
greatly improve  how we simulate molecules and design drugs. They offer speed and
accuracy that were once thought impossible!*.As artificial intelligence (AI) continues
to develop, it promises to create more advanced models for drug discovery. Soon, deep
learning models will be able to better simulate how proteins fold and predict how drugs
will interact with their targets, with greater accuracy'*¢. Combining computer-aided drug
design (CADD) with the vast and varied data from genomics, proteomics, and
metabolomics (the study of genes, proteins, and metabolism) will contribute to the
development of a more comprehensive approach to drug design as these fields advance.
We will be better able to comprehend and take into account intricate biological systems
as a result!¥’. Sustainability measures may be required in future CADD models to ensure
that drug discovery does not negatively impact the environment!3%. As Al becomes more
involved in discovering drugs, there are more concerns about how machines make
decisions, whether we can understand their choices, and if they might be biased. In simple
terms, the future of computer-aided drug design (CADD) will involve both exciting
innovations and important challenges related to ethics. By addressing these issues early
and using new technologies, CADD can keep improving drug discovery and lead to better
health for everyone!°.

IV. Incorporating Multi-scale models:
Traditional CADD focuses on primarily on molecular interactions typically at the atomic scale.
However incorporating multiscale models allows for simulating hoe molecules behave not only
in isolation but also within complex biological systems. This includes the interaction of drugs
with entire networks of proteins, metabolites and other molecules within the cell, tissue, or
organ, enhancing the accuracy of drug target interactions. Multiscale model can integrate data
from genomics. Proteomics, metabolomics and other omics sciences by analyzing how a drug
affects a biological systems at different levels CADD can provide more comprehensive insights
into its efficacy and toxicity. Multiscale CADD will allow researchers to simulate disease
progression at the molecular level (e.g. Mutations and protein misfolding) while also capturing
cellular and tissue level changes. Instead on focusing only on drugs interact with a single
protein or receptor, multiscale model simulate how the drugs affects entire tissue or organ. By
simulating drug effects across different scales, researchers can better predict potential off-target
effects and toxicity
V. Collaborative efforts for global databases :

CADD can help scientists design medicines that target specific bacteria causing infections, like
eye infections. Using computer models, scientists can make sure the drugs work well and are
safe for the body. CADD helps design medicines that can get into hard-to-reach places, like the
eye, where infections happen. Some bacteria become resistant to drugs over time. By sharing
data globally, scientists can track these changes and use CADD to create new medicines that

941



Frontiers in Health Informatics www. healthinformaticsjournal.com
ISSN-Online: 2676-7104

2024;Vol. 13:1Issue 7 OpenAccess

fight resistant bacteria. With data shared between countries, researchers can work together to
design better treatments. This helps keep up with new types of bacteria and resistance. CADD
can help create medicines that are tailored to individual people, based on their unique needs
and the specific bacteria causing their infection. This makes treatments more effective. CADD
can speed up the process of finding new drugs, which is helpful when new bacteria or resistance
appears. By using CADD and global data sharing, people in all parts of the world can benefit
from new and better treatments, even in places with fewer resources.

VI. Understanding Bacteria at the Core:
By analyzing bacterial genomes (complete genetic material of bacteria), CADD can help
identify the most suitable drug targets. This makes the drug design process more precise.
CADD can help identify bacterial proteins and other biomolecules as potential targets for drug
developments. In future it will aloe for a deeper understanding of bacterial pathways and
interactions at a molecular level, providing critical insights into how bacterial processes can be
disrupted. CADD techniques like molecular docking and molecular dynamics simulations
allow researchers to model how bacterial proteins interact with potential drugs. This can
provide a more detailed understanding of bacterial virulence factors, biofilm formation,
andother essential processes that contribute to pathogenicity
VII. Personalized medicine approaches :
CADD can help design antimicrobial drugs based on a person's specific genetic makeup. This
means a person’s unique biology and how they respond to infections can guide the development
of the most effective medicine for them. With personalized medicine, CADD can help identify
the exact bacteria causing the infection in a patient and design drugs that target those bacteria
specifically. This reduces the chances of overusing antibiotics and helps avoid unnecessary
side effects. By using CADD, doctors could predict the right dosage of antimicrobial drugs
based on an individual’s biology. This means the treatment would be more effective, and
patients would not take higher doses than necessary. CADD can predict how a person’s body
will respond to a certain antimicrobial drug. This helps doctors choose the right treatment
before it is even given, making the treatment process more efficient and precise. Personalized
medicine can help prevent antibiotic resistance by designing treatments that are more targeted
and effective against specific bacteria, reducing the need for broad-spectrum antibiotics. Using
CADD, scientists can quickly create new drugs or adjust existing ones to fit a person’s specific
needs, especially when infections are caused by rare or resistant bacteria. If new bacteria strains
appear, CADD allows for faster design of antimicrobial agents tailored to combat those specific
strains, making the healthcare system more agile in fighting infections.

VIII.  Smart Approaches:
Techniques like these are becoming popular in drug discovery:

e Subtractive Genomics: Finds proteins that exist only in bacteria (the pathogen) and
not in humans, making them ideal drug targets.

e Structural Bioinformatics: Predicts the 3D structure of molecules like proteins, which
helps in designing drugs that fit perfectly into these structures.Metabolic Pathway
Analysis: Studies the chemical processes inside cells to identify unique molecules in
bacteria that can be targeted.

Recent advances in CADD as Antimicrobial agents:

942



Frontiers in Health Informatics www. healthinformaticsjournal.com
ISSN-Online: 2676-7104

2024;Vol. 13:1Issue 7 OpenAccess

Machine learning & Artificial Intelligence Integration as Antimicrobial agents:

Antimicrobials are pharmacological agents used to treat and prevent infections induced by
bacteria, fungi, viruses, and parasites in people, animals, and plants. Sir Alexander Fleming
underscored the need of mitigating antibiotic resistance in his Nobel Prize address!'®.
Antimicrobial resistance (AMR) occurs when infectious bacteria fail to react to antimicrobial
treatments. Treatment failure, the proliferation of the infectious disease, severe sickness, and
potential mortality are possible results of this!'4!. The two most common resistant infections in
healthcare environments are bacteria and fungus. Patients infected with resistant bacteria or
fungi have worse clinical outcomes compared to those infected with non-resistant strains of the
same pathogens!#?. By 2050, antimicrobial resistance (AMR) is projected to incur costs of $100
trillion and cause 10 million deaths per year if unmitigated'#>. In 2019, the worldwide toll of
bacterial antimicrobial resistance (AMR) reached 4.95 million fatalities, including 204 nations
and territories, 23 bacterial pathogens, and 88 drug-pathogen combinations. The majority of
these patients succumbed to bloodstream and lower respiratory tract infections induced by
drug-resistant bacteria, with a peak fatality rate of 27.3 per 100,000 patients.
In clinical practice, machine learning (ML) has potential as a transformative instrument for
decision assistance. Presently, clinical guidelines and the experience of individual physicians
inform diagnosis, treatment, and prognosis; this approach to clinical practice is termed
"knowledge driving decision," synonymous with "expert system." Nonetheless, real patient
situations are often more complex than a solitary suggestion or the anticipations of an
individual physician. While increased specialization promotes the progress of contemporary
medicine, it also complicates physicians' ability to comprehensively evaluate patients outside
their own domain of competence during consultations. Machine learning can rapidly analyses
all patient characteristics after training on extensive datasets, then using a trained algorithm to
integrate this information to facilitate decision-making. The US Food and Drug Administration
has so far endeavored to tackle difficulties related to medical picture interpretation, illness
diagnosis, and patient care by sanctioning ML-based technology. Machine learning algorithms,
such as deep learning, are more adept at managing intricate and diverse patient attributes to
enhance medical treatment compared to rule-based expert systems or novice physicians.
Moreover, machine learning is used in the diagnosis, prognosis, and therapy decision-making
of infectious disorders'#. For example, it may accurately predict sepsis with an area under the
curve (AUC) between 0.68 and 0.99'%4, classify infections at admission'*®, and recommend
antibiotics to support antibiotic stewardship!*’. Health information systems (HIS) are widely
used, and because of their convenience, easier gathering, accumulating, and accessing of
medical data. A large amount of data provides a platform for creating machine learning tools
for clinical use. We can examine and infer information from data that would otherwise be
unavailable to humans thanks to machine learning. There are countless problems that can be
solved by applying machine learning, but they all share certain characteristics!*® First, even if
there is a known solution to the problem, it is either impractical or would take a lot of resources
to turn it into a computer program. Humans, for instance, can quickly distinguish a dog from a
variety of other four-legged animals, but it would be nearly impossible to write a computer
program that would explicitly list every feature of a dog and how it differs from other animals
of a similar nature. However, with today's ML software tools, it might only take a few lines of
code to train an ML algorithm to recognize a dog. Second, ML algorithms may be useful for
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solving complex problems for which conventional approaches have not been successful'*.For
example, deep learning systems can be used to master the ML model in real-world settings, but
it can also direct researchers toward a more thorough comprehension of the system under study.
ML, for example, can direct mathematicians by identifying relationships and patterns among
mathematical objects that may result in the development of novel theories and hypotheses!'*’.
Machine learning software:

e The TensorFlow (https://www..... org/)!*'Tensorflow. Google created TensorFlow,
which is compatible with Python, C++, Julia, and Java, among other programming
languages.

o Keras (https: //keras. i0/). An extensively used and intuitive Python interface for the
TensorFlow library is called Keras. https://scikit-learn. org/!>

e Scikit-learn. The Scikit-learn Python library includes a large number of machine
learning algorithms that are tailored for Python data structures. It is also possible to use
Scikit-learn with wrappers for other programming languages, like Julia.
www.pytorch.org/, or PyTorch!>

e Facebook created the ML framework PyTorch, which is mainly for Python but also has
a C++ version'>*,

Artificial Intelligence:
Combining cutting-edge technologies, like artificial intelligence (AI), presents exciting
prospects for personalized medicine, drug discovery, surveillance, and diagnostics. The use of
Al in drug development and discovery to fight antibiotic resistance is examined in this narrative
review. It looks at different uses of Al in lead optimization, compound screening, target
identification, and repurposing. The review also discusses ethical concerns and the limitations
and challenges of Al in AMR-focused drug discovery. Al can be used to improve existing
drugs, speed up the development of new antimicrobial agents, and effectively combat the
growing threat of antimicrobial resistance.

Al Discipline and methods of Al

Prediction based
diagnostic

Prediction based
diagnostic

Drug

Identification of development

new AMR

Health system
management and

planning care

Fig-7: Al in antimicrobials drug discovery
The digitalization of data in the pharmaceutical sector has grown dramatically in the last
several years. This digital transformation poses difficulties for the acquisition, analysis, and
application of knowledge in order to effectively address complex clinical issues. Increasing
interest in Al is a result of its improved automation in handling massive amounts of data.
Artificial intelligence (Al), a technology-based system, mimics human intelligence using a
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range of advanced tools and networks without completely replacing people's physical

presence!>>. This review examines how the pharmaceutical industry is continuously

expanding its use of Al. To make decisions on their own, artificial intelligence (Al) uses
hardware and software that can analyze and learn from input data. As the McKinsey Global

Institute predicts, the swift development of Al-guided automation will profoundly change the

way society views work!>®. AT encompasses the fundamental paradigms of machine learning

(ML), deep learning (DL), and language large models in addition to several methodological

domains like knowledge representation, reasoning, and problem solving.

Al Applications in AMR:

Traditional Machine Learning for Antimicrobial Compound Identification: Machine learning,

a branch of artificial intelligence, has become an effective instrument for drug discovery,

particularly in the identification of antimicrobial compounds. Utilizing extensive datasets,

computational algorithms, and pattern recognition, machine learning methods enable the fast
and effective detection of prospective antibacterial drugs. This section examines the function
of machine learning in the identification of antimicrobial substances and offers pertinent
references to substantiate its use.
1. Data-driven Approaches:
Algorithms employing machine learning can analyze vast amounts of data, including
chemical structures, biological activity profiles, and genomic information, to identify trends
and relationships pertaining to antimicrobial activity. Utilizing presently accessible data,
machine learning algorithms can forecast the antibacterial efficacy of novel drugs and
priorities candidates for further experimental validation!>7-16°,
2. Virtual Screening and Drug Repurposing:
Machine learning methodologies facilitate virtual screening, a computer strategy for
discovering prospective antimicrobial agents from extensive chemical repositories.
Machine learning algorithms can quickly screen millions of compounds and rank them
based on their potential antibacterial activity by using established antimicrobial compounds
and their characteristics for model training. Machine learning may facilitate drug
repurposing by discovering current drugs that may exhibit antibacterial
characteristics!61:162,
3. Machine learning :

Machine learning techniques need instructive features or descriptors to extract pertinent aspects
of antibacterial substances. Molecular fingerprints, physicochemical qualities, and
structural fragments are examples of the many molecular descriptors that machine learning
algorithms may use as input features. The compounds' chemical space can be represented
more easily and their antimicrobial properties can be predicted more easily thanks to these
descriptors!63-164,

4. Optimization and Predictive Models:

Machine learning algorithms can create prediction models that categories substances as either
non-antimicrobial or antimicrobial depending on their characteristics. These models may
be trained using labelled datasets, and optimization can enhance their generalizability and
accuracy. Moreover, via molecular design and virtual screening, machine learning may
facilitate the optimization of chemical structures of compounds to enhance their
antibacterial efficacy!6>!6°,
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5. Prediction of Antibiotic Resistance:
Machine learning techniques may be used to anticipate and analyze antibiotic resistance.
Machine learning methods may uncover genetic markers and patterns linked to resistance
mechanisms by analyzing genomic data from resistant strains. This understanding may
guide the creation of innovative antimicrobial agents or approaches to address
resistance!67:168,
Additional use of Al to fight AMR
Al in Genomics, Proteomics, and High-Throughput Screening:
Proteomics, genomics, and high-throughput screening (HTS) are crucial areas in biomedical
research and drug discovery. The way scientists evaluate and interpret vast amounts of
biological data has been completely transformed by the introduction of Al into these domains,
producing more accurate and efficient findings. Studies have shown that Al has spurred
innovation across a range of fields, such as proteomics, genomics, and high-throughput
screening.
A genomics analyzer with artificial intelligence:
Large-scale genomic data, such as DNA sequencing and gene expression data, can be analyzed
by Al algorithms to find trends and correlations that could be important for the diagnosis,
prognosis, and treatment of diseases. Researchers can find disease-causing mutations and
possible
Treatment targets with the aid of Al, which can also assist in the interpretation of genomic
variants. Al can assist in comprehending gene networks and biological processes by using
genomic data to predict gene functions and regulatory elements!®.
Proteomics Analyzer with Al:
Algorithms in Proteomics Analyzer, equipped with Al capabilities, may evaluate proteomics
data, including protein expression levels and post-translational changes, to discern biomarkers
for illness diagnosis, prognosis, and therapy. Artificial intelligence can elucidate drug-target
interactions and protein functionality, in addition to forecasting protein shapes and interactions.
Artificial Intelligence (AI) may assist in finding possible treatment targets by analyzing
proteomics data and pinpointing proteins involved in disease processes. Overall, the use of Al
in proteomics, genomics, and high-throughput screening has markedly enhanced the precision
and efficacy of data processing, resulting in improved results for biomedical research and drug
development!”?,
Al-powered screening to speed up drug discovery:
Al-powered screening techniques use machine learning (ML) algorithms to evaluate big data
sets, forecast the characteristics of compounds, and rank molecules for additional experimental
verification. With the help of pertinent references, this section explores the uses of Al-powered
screening in drug discovery.
Virtual Screening:
Al systems can conduct virtual screening to computationally assess extensive libraries of
chemicals as possible therapeutic options. Machine learning models, such as SVM, random
forests, and deep learning architectures, can forecast the probability of a compound's activity
against a particular target by examining biological data, physicochemical attributes, and
molecular structures. This methodology priorities compounds for experimental testing, hence
minimizing the time and expenses linked to conventional screening techniques!”!.
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HTS Data Analysis:

Al systems can analyze data produced by high-throughput screening programs that swiftly
evaluate hundreds of chemicals against a target. Artificial intelligence (AI) models may discern
active compounds, comprehend structure-activity correlations, and forecast the potency of
untested compounds by using machine learning methodologies such as regression,
classification, and clustering on high-throughput screening (HTS) data. This enables informed
decision-making and assists scientists in concentrating on the most promising molecules!’. De
Novo Design:

Techniques driven by artificial intelligence enable de novo drug creation by creating new
chemical structures with certain attributes. Generative models, such as variational auto
encoders (VAEs) and generative adversarial networks (GANs), which learn from established
chemical libraries, may synthesize novel compounds with desirable characteristics. Al
algorithms may integrate generative models with reinforcement learning approaches to
iteratively create and enhance drugs based on target interactions and desired pharmaceutical
features!”>.

Drug Repurposing:

Al algorithms can analyze extensive clinical and biological datasets to uncover possible new
uses for previously approved medications. Through the amalgamation of data from many
sources, including pharmaceutical databases, electronic health records, and genetic
information, Al models may forecast novel drug-disease correlations and repurpose existing
drugs for alternative uses. This strategy enables the rapid identification of viable therapy
possibilities, hence minimizing the time and expense associated with preclinical and clinical
development!74,

Predictive ADME-Tox Modeling:

Artificial intelligence methodologies can forecast the ADME-Tox (absorption, distribution,
metabolism, excretion, and toxicity) characteristics of a substance. Al models can forecast the
toxicological and pharmacokinetic characteristics of novel substances by using extensive
databases of experimental data and chemical attributes. This facilitates the identification of
possible safety issues and optimizes lead compounds early in the drug development process!’.
Deep learning in medication design and optimization:

Deep learning models can synthesize novel compounds with specific attributes by analyzing
extensive chemical databases for trends. Generative models, such generative adversarial
networks (GANs) and variational auto encoders (VAEs), may generate structurally varied
molecules with targeted chemical attributes. These produced molecules may function as
building blocks for further synthesis and optimization!’®. Deep learning algorithms can
effectively predict several chemical characteristics, including solubility, bioactivity, toxicity,
and binding affinity. Deep learning algorithms trained on extensive datasets of chemical
structures and their corresponding properties may predict novel compounds and reveal intricate
linkages. These predictions facilitate the efficient allocation of time and resources by
prioritizing compounds for synthesis and screening!”’. Deep learning models may be used for
virtual screening, a process that computationally evaluates extensive collections of substances
to discover possible candidates against particular targets. Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs) can analyze molecular structures, protein-
ligand interactions, and binding affinities to priorities compounds according to their binding
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probability to a target. This approach aids in the identification of prospective lead compounds
for further examination!’®. Deep learning algorithms can analyze extensive biological and
chemical data to identify novel therapeutic applications for previously approved medications.
Deep learning algorithms may integrate gene expression patterns, drug-protein interactions,
and disease networks to identify possible drug-disease connections and repurpose licensed
drugs for novel purposes!”.

Quantum Computing:

Quantum computing (QC) is a cutting-edge domain of computation that employs principles
from quantum physics to manipulate data in fundamentally distinct manners compared to
traditional computers. Qubits serve as the fundamental components of quantum information in
quantum computing, analogous to the bits used in conventional computing!’. Qubits use
quantum characteristics such as entanglement and superposition, in contrast to conventional
bits, which may just represent 0 or 1. Superposition enables qubits to occupy a state that
concurrently embodies both 0 and 1, rather than possessing a single, unique state. Quantum
computers, owing to their ability to handle vast quantities of data simultaneously, may resolve
complex problems more rapidly than conventional computers. Moreover, qubits may get
entangled even when separated by significant distances, indicating that the state of one qubit
may be contingent upon the state of another!8!. Qubits are unique in this interconnectedness,
which makes it possible to perform intricate computational operations that conventional bits
cannot. These characteristics allow quantum computers to outperform classical computers in
solving specific kinds of problems, like factoring big numbers or simulating quantum systems.

Drug design
and molecular
simulation
Medical
diagnostics

Al in healthcare
enhanced by Monte Carlo
Quantum | simulation in

computing Radiotherapy

Fig-8: Steps of Quantum Computing
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QC Techniques in Medical Research:

www.healthinformaticsjournal.com

Table-4: QC in Medical Research

Aspect

Quantum computing

Classical computing

Data processing speed

Can process
datasets exponentially faster

complex

Limited to sequential
processing, leading to longer

due to superposition & | computation times for large
parallelism datasets.

Complex problem solving Efficiently solves problems | Struggles with ~ NP-hard
involving multiple variables | problems, requiring
and probabilities, such as | extensive computational
molecular interactions. resources and time.

Drug discovery Accelerates molecular | Slower drug  discovery

simulations, enabling the
identification of potential
drug candidates more quickly

processes, which are reliant
on trial-and-error approaches
And classical simulations.

Genomics analysis Enhances the ability to | Faces limitations in handling
analyze complex genetic | vast  genomic  datasets
data, improving | efficiently.
understanding of genetic
interactions

Medical imaging Improves imaging | Conventional imaging
techniques through quantum- | methods may not capture
enhanced methods, leading | fine details or require

to higher
Resolution  and
diagnostic capabilities.

better

extensive processing time.

Personalized medicine

Optimizes treatment plans by
considering
factors

leading to tailored therapies.

numerous
simultaneously,

Typically utilizes standard
treatment protocols, which
may not for
individual patient variability

account

Al & Machine Learning

Enhances Al models through
faster data training and
improved pattern recognition
in diagnostics.

Limited by classical
computing power, which
may slow down AI model
training and analysis

Resource Efficiency

Potentially  reduces the
number of computational
resources needed for

complex simulations
And analyses.

Often requires significant
computational resources and
time for complex healthcare
tasks.

Security & Encryption

Offers advanced encryption
methods through

quantum key distribution,
enhancing data security

Vulnerable to  classical
hacking  methods, with
standard encryption
potentially
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Quantum Algorithms for Drug development:

Quantum computing has produced advanced algorithms capable of transforming the drug
development process by enhancing the efficiency of molecular modeling. Grover's approach is
designed to expedite the search of unsorted databases compared to traditional algorithms!'82,
This technique may be used to scan extensive chemical databases for possible drug candidates
that meet particular molecular criteria in the realm of drug development. The Variational
Quantum Eigen solver (VQE) is an important quantum method especially effective for
modelling the electronic structure of molecules!s3.

Quantum Machine Learning (QML) in Healthcare:

QML is an innovative domain in healthcare that leverages the potential of quantum computing
to augment the functionalities of conventional machine learning models'®*. Quantum
algorithms enable QML to handle and analyse extensive, intricate datasets more efficiently
than conventional systems. One use is in diagnostic analytics, where quantum-enhanced
models may more swiftly and accurately identify patterns in medical data, such as radiological
scans!83. QML may assist physicians in recognizing subtle illness symptoms that conventional
models may overlook, hence enhancing the precision of early cancer diagnosis via the analysis

186, QML is enhancing predictive analytics, allowing more
t187.

of genetic data or medical imaging
precise forecasts of patient outcomes and disease developmen
Quantum Imaging Techniques:

Quantum principles has the ability to modernize medical imaging through enhancing the
precision and resolution of imaging modalities, such as magnetic resonance imaging (MRI).
Quantum computers and quantum sensors provide the potential to substantially improve the
accuracy of traditional MRI scans, which produce images of the inner workings of the body
using radio waves and magnetic fields'®8. A significant accomplishment in this field facilitating
earlier and more precise diagnosis of anomalies such as tumours is the emergence of quantum-
enhanced MRI, which employs quantum coherence and entanglement to produce higher-
resolution pictures!'®.

Quantum-Optimized Treatment Plans:

Because QC provides previously unheard-of computational power for intricate computations,
it has enormous potential for improving radiotherapy treatment plans and personalized
medicine. The objective of radiotherapy is to accurately target cancerous tissues while causing
the least amount of harm to nearby healthy tissues; this is accomplished by figuring out the best
radiation dose distribution!”. These dose distributions can be optimized much more effectively
than with traditional techniques thanks to quantum computers' capacity to process massive,
multidimensional datasets concurrently. This makes it possible to administer radiation therapy
more precisely and individually, which lowers side effects and enhances patient outcomes.
Quantum techniques can be applied in personalized medicine to customize care according to a
patient's genetic profile!®!.

Advantages of Quantum Computing:
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Fig-9: Advantages of Quantum Computing
Useful QC Applications in the Medical Field:
Above Figure illustrates the various uses of QC in medicine, emphasizing how its increased
computational power and efficiency could transform industries like drug development,
genomics, medical diagnostics, Al-enhanced healthcare, and radiotherapy. Each branch stands
for a crucial area where QC is expected to significantly advance, enhancing clinical practice
and medical research accuracy and speed.
Molecular Simulation and Drug Design:
QC is transforming molecular modelling and drug design by markedly expediting the drug
discovery process. Conventional approaches of modelling chemical interactions and
forecasting drug interactions with biological targets are resource-intensive and protracted,
particularly for intricate structures!®?. Quantum computers can mimic interactions at the
quantum level, enabling them to generate more precise models of molecular behavior in a
markedly reduced timeframe compared to conventional computers'®. Researchers may now
more swiftly and precisely identify prospective drug candidates, therefore reducing the time
and expense involved in drug development. Biogen's partnership with Accenture Labs
exemplifies the use of quantum algorithms to expedite the discovery of therapies for
neurological illnesses, including Parkinson's disease, Alzheimer's disease, and Lou Gehrig's
disease. Moreover, Modern and IBM are collaborating to investigate quality control for mRNA
vaccine development!®*. These real-world instances illustrate that quantum simulations extend
beyond theoretical applications; they are actively revolutionizing the pharmaceutical sector by
expediting the discovery of novel medications and perhaps quickening the availability of life-
saving therapies'?>
Personalized medicine and genomics:
Quantum computing has the potential to transform genomics and personalized medicine by
facilitating the investigation of intricate genetic relationships at a scale that is now unachievable
with conventional computers. The intricacy of human genetics, characterized by interrelated
components and extensive data, necessitates substantial processing ability to comprehend gene
interactions and their impact on illness. The capacity to more effectively simulate these intricate
interactions enables quantum computers to discern patterns and genetic alterations that lead to
illnesses such as cancer, Alzheimer's, and cardiovascular disease. Quantum models in
personalized medicine enable the optimization of treatment regimens and the creation of
individualized therapies based on genetic makeup via the analysis of extensive datasets,
including a patient's genetic data, medical history, and environmental influences. This tailored
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strategy enhances treatment efficacy by guaranteeing that medicines are both targeted and
sufficiently adaptive to the unique genetic profile of each patient. An instance is Strelchuk et
al. The initiatives of Cambridge QC to use quantum technology for genetic research and its
relationship with the Q4Bio program to investigate DNA diversity mapping using QC
exemplify collaborative efforts!%S.

Diagnostics for Medicine:

Quality control is increasingly becoming a potent instrument in medical diagnostics, as it
improves pattern recognition and data analysis for the early identification of disorders.
Quantum algorithms, like quantum neural networks and quantum support vector machines,
capable of detecting nuanced patterns often overlooked, may expedite the analysis of intricate
medical information. This expertise is particularly advantageous in diagnosing conditions such
as cancer and neurological illnesses, when early identification is crucial for favorable treatment
results. Quality control may be used to analyse extensive genetic or imaging datasets, such as
MRI scans, to detect early indicators of illnesses such as Parkinson's or Alzheimer's disease.
Quantum algorithms in oncology may facilitate the early diagnosis of malignant cells by
identifying unique patterns in genomic or imaging data that are too intricate for traditional
computers to handle efficiently. The Quantum Al team at Google and D-Wave are investigating
how quantum computing might accelerate early cancer detection, enabling more precise and
prompt diagnoses via improved pattern recognition and the processing of extensive medical
information. In D-Wave's implementation, the term "quantum speedup" refers to the ability of
quantum annealers to solve particular types of difficult optimization problems faster than
traditional supercomputers or classical algorithms. Quantum tunneling, a unique type of
quantum phenomenon that permits qubits to change states even in the presence of an energy
barrier, is used by the D-Wave system. Compared to conventional brute-force methods, this
enables the system to examine multiple possible solutions simultaneously, leading to a
noticeably shorter time needed to find the optimal solution!®’.

Enhancement of Al in Healthcare through QC:

The capabilities of Al models in the healthcare industry could be greatly increased by
combining QC and Al. Large and complicated datasets can be processed more quickly by
quantum Al than by classical Al models, which can improve fields like radiology, where
quantum-enhanced algorithms can offer more precise image analysis and diagnostics'*®. By
empowering Al models to more quickly and accurately analyze massive, multifaceted datasets,
including genetic information, patient histories, and environmental factors, Additionally, QC
can enhance predictive analytics in healthcare. This enables more accurate and early
identification of patients who are at risk for specific diseases or complications, as well as better
predictive modeling. Additionally, quantum-enhanced Al models allow for real-time insights
and treatment plan optimization regarding patient response to treatments. Companies such as
IBM, Google, and Rigetti Computing are leading research that integrates quantum computing
and artificial intelligence to enhance healthcare, with applications including diagnostic
imaging, personalized medicine, and drug development.

Radiotherapy Monte Carlo Simulation:

The Monte Carlo simulation is an effective computer method often used in radiotherapy for
precise dosage estimation and treatment planning. The Monte Carlo approach, owing to its
stochastic characteristics, can precisely represent the distribution of radiation doses inside a
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patient's body by simulating the intricate interactions between radiation particles and matter!®®.
This is especially vital for sophisticated radiotherapy methods like as intensity-modulated
radiation therapy and proton therapy, where accurate dose estimations are essential to
optimizetumor management while reducing harm to healthy tissues?°*2°!, The Monte Carlo
simulation, which considers several physical processes such as scattering, absorption, and
secondary particle formation, is one of the most precise techniques for calculating radiation
doses in heterogeneous tissues. Located in the pulmonary region of the head and neck. Despite
the computational complexity of Monte Carlo simulations, advancements in quantum
computing and high-performance computing are decreasing calculation durations, making this
methodology appropriate for clinical use?*?. Incorporating quantum algorithms into Monte
Carlo simulations enables researchers to enhance the speed of these computations?®®. This may
lead to real-time adaptive radiotherapy, which modifies treatment regimens dynamically
according on the patient's anatomy during administration.

Effective use of CADD in drug development and discovery:

Computer-Aided Drug Design (CADD) has been used into successful drug development and
discovery efforts, underscoring the importance of these methodologies in these fields. Recent
study indicates that CADD approaches have identified over 70 clinically authorized
medicines?*+?%°, Pharmacophore modelling and structure-based virtual screening (SBVS)
approaches were used to identify the antibiotics isoniazid for tuberculosis and norfloxacin for
urinary tract infections?%°, Vaborbactam was identified by a synthesis of molecular dynamics
and molecular docking. In 2017, it received approval from the US FDA as a strong inhibitor of
serine PB-lactamases in carbapenem-resistant Enterobacteriaceae®”’. A nonsteroidal anti-
inflammatory medication targeting the protein cyclooxygenase 2, flurbiprofen, was produced
using the MD method. Dorzolamide, derived via fragment-based virtual screening, is now used
for the treatment of cystoid macular edema and glaucoma. Employing CADD approaches,
several commercially accessible pharmaceuticals were found, including oseltamivir and
zanamivir, which act as inhibitors of the influenza virus's neuraminidase?®8. Similarly, CADD
approaches have facilitated the advancement of S.O, captopril (which inhibits angiotensin-
converting enzymes), norfloxacin (which targets topoisomerase II and IV), and ritonavir.
Oselusi and associates. Other studies have comprehensively investigated tyrosine kinase
inhibitors such as fedratinib hydrochloride, axitinib, lorlatinib, adagrasib, entrectinib,
zanubrutinib, saquinavir, nelfinavir (which inhibits HIV-1 protease), indinavir, among
others?®,

Target identification and Biomarker Discovery

It is the first important step in drug discovery is finding and confirming the right target.
Network-based drug discovery can also be used to study target identification. Many new
technologies have been developed to study targets. Genomic and proteomic methods are the
main tools for identifying them. This field combines various types of information related to
drug-protein and protein-disease interactions. It relies on strong collaboration between
databases and connections across different biological areas, such as genomics, transcriptomics,
proteomics, metabolomics, microbiome studies, and pharmacogenomics. The success of this
approach depends on advanced computational and systems biology tools to analyze and
interpret the data?!%2!!, These methods, such as linking drug effects with genetic information,
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can help create computer-based models for identifying drug targets. A recent network-based
approach combined large-scale structural genomics with disease association studies to create a
3D map of human protein interactions. This helped identify potential genes linked to diseases
that were previously unknown, along with possible molecular mechanisms?!2. Today,
information technologies are more important than ever for gaining a deep understanding of

213 A proteomic method for finding binding proteins of a

disease processes and characteristics
small molecule works by comparing protein expression in cells or tissues with and without the
molecule. However, this approach has not been very successful for target discovery because it
is difficult and time-consuming?!'4. In addition to experimental methods, various computer-
based (in silico) tools have been developed to identify targets. These tools are classified into
sequence-based and structure-based approaches. The sequence-based approach helps identify
targets by providing functional details about target candidates and their roles in biological
networks. For diseases caused by bacteria or viruses, unique targets can be found in the
pathogens by comparing their genetic information with that of humans?'>. In theory, this
method can identify all targets in a pathogen. For diseases that originate within the body, targets
can be found by comparing the genetic differences between healthy and diseased tissues. A
good example of this is the discovery of new steroid targets using a combination of
bioinformatics and functional analysis of hormone response elements?!®, One computational
method, known as reverse docking (or inverse docking), works by doing the opposite of
traditional docking. Instead of testing different ligands on a specific target, it docks a
biologically active compound into the binding sites of all available 3D protein structures in a
database. The identified proteins, called "hits," can then be tested further in experiments to
confirm their potential as targets?!’. Protein structures are usually taken from the Protein Data
Bank (PDB) or created using protein structure prediction methods. For example, using a part
of the Protein Data Bank (PDB), Paul et al. successfully identified the correct targets for four
different ligands using the reverse docking method?!®. A reverse docking web server called
Target Fishing Dock (TarFisDock) was developed to identify new drug targets. To support this,
a potential drug target database (PDTD) was created. The target proteins in PDTD were
gathered from research articles and online databases like Drug Bank, while their structures
were obtained from the Protein Data Bank (PDB).
Table-5: Web-accessible databases for drug target identification:

Utility Url
Human metabolome data http://www.hmdb.ca
In silico target identification http://www.dddc.ac.cn/pdtd

http://www.genome.jp/kegg

http://www.geneontology.org

Pathway analysis http://www.re.actome.org
http://www.pantherdb.org
http://www.biocarta.com

http://ingenuity.com

Chemo genomic data http://www.ebi.ac.uk/chembldb
http://www.pubchem.ncbi.nlm.nih.gov
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Drug target database http://www.drugbank.ca

Protein data bank http://www.pdb.org

Disease specific target database http://www.thomsonreuters.com/meacore
pharmacogenomics data http://www.pharmgkb.org

Multi-level drug data http://www.r2d2drug.org/DMC.aspx
Comparative toxicogenomic database http://www.ctdbase.org

Target-toxin database http://www.13db.org

Protein expression information http://www.proteinatlas.org
Therapeutics target database http://bidd.nus.edu.sg/grooup/cjttd

A biomarker is something that can be measured to show what’s happening in the body. It can
indicate normal body functions, diseases, or how the body reacts to a treatment or exposure.
Examples of biomarkers include molecules, tissue changes, medical images, or body functions.
However, a biomarker does not describe how a person feels, moves, or how long they live. The
BEST glossary classifies biomarkers into seven types: risk/susceptibility, diagnostic, tracking,
prognostic, predictive, treatment response (pharmacodynamics), and safety. Qualified
biomarkers can give important information that helps make regulatory decisions more certain
during drug development. When a biomarker is qualified, it means it has gone through an
official approval process to confirm that it can be trusted for a specific purpose in developing
and reviewing medical products. However, it's important to understand that the qualification
applies to the biomarker itself, not the method used to measure it.The qualification process is
a collaborative effort in which the Biomarker Qualification Program partners with requestors
to facilitate biomarker development. Frequently, multiple stakeholders collaborate within
working groups or consortia to advance a biomarker toward qualification. This strategy enables
resource sharing and alleviates the burden on individual contributors. Consequently, it may
encourage participants to engage in a Drug Development Tool (DDT) initiative, even when
resources are limited.Under the 21st Century Cures Act, biomarker qualification follows a
three-stage submission process to establish a biomarker for regulatory purposes. To ensure
comprehensive and high-quality submissions, the FDA determines whether to accept or
notaccept them. This decision is conveyed to the requestor through a letter that provides
feedback and suggestions for further biomarker advancement. Throughout this process,
requestors have opportunities to collaborate with CDER to address various aspects of
biomarker development.
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+ Initiates the qualification process of a biomarker for a proposed context of
ooafaeed use(COU) in drug development

* Defines the intended development to generate the necessary supportive data to
qualify the biomarker fr the proposed COU

* Contains all accumulated data to support the qualification of the biomaker for the
proposed COU

» Contains FDAs determination on whether the biomarker is qualified for the
proposed COU based n a comprehensive review of the FQP

Fig-10: Key steps of Biomarker Discovery

CONCLUSION:

Computer-aided drug design is a multidisciplinary field that combines advancements from
various scientific domains and employs diverse methods and strategies. Its primary aim is to
accelerate and optimize the discovery of new biologically active compounds. However, these
approaches are not a substitute for experimental testing. The goal of CADD is to generate
hypotheses about potential new ligands and their interactions with biological targets. It is
believed that these methods can significantly reduce the number of compounds that need to be
synthesized and tested for biological activity, potentially by up to two orders of magnitude.
CADD can accelerate the discovery of new molecules to combat antimicrobial computational
tools can predict resistance mechanisms, enabling the design of drugs that target resistant
microbes more effectively. Combining CADD with Al can improve the accuracy and speed of
drug discovery by analyzing large datasets and predicting potential drug candidates. Enhanced
3D structural analysis of microbial targets through CADD allows precise targeting, reducing
the likelihood of side effects and increasing drug specificity. CADD reduces the time and
resources needed for traditional experimental approaches, making drug development more
economical. Computational tools can be utilized to design tailored treatments based on
individual patient data and specific microbial infections. CADD can assist in predicting
synergistic effects of drug combinations, offering innovative approaches to tackle multi-drug-
resistant microbes. Computational techniques can identify and optimize natural compounds
with antimicrobial properties, providing a sustainable source of new drugs. CADD facilitates
collaboration by allowing researchers worldwide to share models, datasets, and computational
tools to address global challenges like antimicrobial resistance. With continuous advancements
in computational power and algorithms, CADD holds promise for revolutionizing
antimicrobial drug development, making it faster, cheaper, and more precise.
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