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ABSTRACT

Artificial Intelligence (Al) is a technology that utilizes knowledge and learning to solve complicated problems. Recent advancements
in computational power and Al technology have significantly increased its potential to revolutionize the drug development process.
The pharmaceutical industry is among the primary beneficiaries of Al's recent applications in various sectors of society. In this
review, we will discuss the primary causes of attrition rates in new drug approvals, explore how Al can improve the efficiency of the
drug development process, and examine the collaboration between pharmaceutical industry leaders and Al-powered drug discovery

firms.
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INTRODUCTION:

rtificial intelligence (Al) refers to the process of

simulating human intelligence by computers. This

process involves the acquisition of information,
development of rules for using it, concluding, and correcting
itself. Al has become increasingly important in various
sectors, including the pharmaceutical industry. It is used in
many areas, from innovating educational methods to
automating business processes. The idea of using Al in drug
development has evolved from being hype to a hope. This
review aims to discuss the potential applications of Al in
drug development pipelines, pharmaceutical R&D
efficiency, drug development strategies and processes, and
the partnerships between Al and pharmaceutical companies.

Al, machine learning, and deep learning:

Artificial Intelligence (Al) is not a simple plug-and-play
software. Instead, it is a complex and advanced set of clever
technologies that are tailored to seek out and learn from data
or experience. These technologies then perform tasks based
on what they have learned while constantly improving
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through experience. Al is commonly defined as the use of
techniques that enable computers to imitate human behavior.

Machine learning (ML) is a subfield of artificial intelligence
(Al that uses statistical methods to enable computer systems
to improve their performance on a specific task over time -
2 There are three primary categories of machine learning:
supervised  learning,  unsupervised  learning, and
reinforcement learning. In supervised learning, classification
and regression techniques are used to develop a predictive
model based on input and output data sources. The output
from supervised machine learning includes disease diagnosis
in the subgroup classification, and drug efficacy and
ADMET prediction in the subgroup regression [,
Unsupervised learning comprises clustering and feature-
finding methods by grouping and interpreting data based
solely on input data ™. Unsupervised machine learning can
achieve outputs such as discovering disease subtypes
through clustering and discovering disease targets through
feature-finding methods ). Reinforcement learning is a type
of machine learning that focuses on making decisions and
taking actions in a particular environment to improve its
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performance. This approach can generate new drug designs
and execute experimental designs. Both objectives can be
achieved through modeling and quantum chemistry .

Deep learning (DL), a subfield of machine learning (ML),
utilizes artificial neural networks to adapt and learn from
vast amounts of experimental data »”\. The use of big data,
data mining, and various algorithmic methods can provide
us with the ability to discover new compounds that could
potentially become new drugs. Additionally, it can help us
uncover or repurpose drugs that could be more potent when
used alone or in combination. By leveraging genetic
markers, personalized medicine can also be improved.

Al in drug discovery:

The huge chemical space, comprising> 1060 molecules,
fosters the development of a large number of medicine
molecules . still, the absence of advanced technologies
limits the medicine development process, making it a time-

Asian Journal of Pharmaceutical Research and Development. 2024; 12(2): 171-178

consumin? and precious task, which can be addressed by
using Al P1 Al can fete megahit and lead composites, and
give a hastily confirmation of the medicine target and
optimization of the medicine structure design ®*%. Al has
multitudinous advantages, but it faces significant challenges
when dealing with data, including the scale, growth,
diversity, and query of the data. For case, datasets used in
medicine development by pharmaceutical companies can
contain millions of composites that traditional machine-
literacy tools may not be suitable to handle.

Computational models based on Quantitative Structure-
Activity Relationship (QSAR) are capable of predicting a
large number of compounds or simple physicochemical
parameters such as log P or log D quickly. However, these
models may not always be accurate in predicting complex
biological properties such as the efficacy and adverse effects
of compounds.
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QSAR-based models also face several challenges such as
small training sets, experimental data errors in training sets,
and a lack of experimental validations. To overcome these
challenges, Al approaches such as Deep Learning (DL) and
relevant modeling studies can be implemented for the safety
and efficacy evaluation of drug molecules based on big data
modeling and analysis.

Chemical space is a large virtual environment that represents
a map of molecules, their distributions, and properties. The
purpose of mapping chemical space is to collect information
on the locations of molecules within the space to identify
bioactive compounds. Virtual screening (VS) is a useful tool
for selecting appropriate molecules for further testing. There
are several open-access databases available for chemical
space exploration, including Pub Chem, Chem Bank, Drug
Bank, and Chem DB. Numerous in silico methods are used
to virtually screen compounds from virtual chemical spaces,
along with structure and ligand-based approaches. These
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methods provide a better profile analysis, faster elimination
of no-lead compounds, and selection of drug molecules, all
while reducing expenditure . Drug design algorithms, such
as coulomb matrices and molecular fingerprint recognition,
consider physical, chemical, and toxicological profiles to
identify the most promising compound™*.

Various methods, including predictive models, molecule
similarity, generation, and in silico approaches, can be used
to predict a compound's chemical structure 2. Pereira et
al. presented Deep VS, a new system for docking 40
receptors and 2950 ligands. It showed outstanding
performance when tested against 95,000 decoys ™. An
automated replacement algorithm was used to optimize the
potency profile of a cyclin-dependent kinase-2 inhibitor by
assessing its shape similarity, biochemical activity, and
physicochemical properties with a multi objective
approach™!,
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Table 1: Examples of Al tools used in drug discover
Tools Details Website URL
DeepChem MLP model that uses a python-based Al system | https://github.com/deepchem/deepchem
to find a suitable candidate in drug discovery
DeepTox Software that predicts the toxicity of total of | www.bioinf.jku.at/research/DeepTox

12000 drugs

DeepNeuralNetQSAR Python-based system driven by

computational tools that aid detection of the

https://github.com/Merck/DeepNeuralNet-QSAR

ORGANIC

molecules with desired properties

A molecular generation tool that helps to create

https://github.com/aspuru-guzik-group/ORGANIC

PotentialNet

Uses NN to predict binding affinity of ligands

https://pubs.acs.org/doi/full/10.1021/acscentsci.8b0

binding

0507
Hit Dexter ML technique to predict molecules that might | http://hitdexter2.zbh.uni-hamburg.de
respond tobiochemical assays
DeltaVina A scoring function for rescoring drug-ligand | https:/github.com/chengwang88/deltavina

Neural graph fingerprint

Héipé to predict properties of novel molecules

https://github.com/HIPS/neural-fingerprint

AlphaFold Predicts 3D structures of proteins

https://deepmind.com/blog/alphafold

Limitations of the Current Methods in Drug Discovery:

Currently, medicinal chemistry methods rely heavily on a
hit-and-miss approach andlarge-scale testing techniques *°.
Large numbers of potential drug compounds are examined to
identify those with desired properties. However, these
methods can be slow, costly, and often yield results with low
accuracy !,

In addition, they can be limited by the availability of suitable
test compounds and the difficulty of accurately predicting
their behavior in the body.Different Al algorithms, including
supervised and unsupervised learning, reinforcement,
evolutionary, and rule-based methods, can help solve
problems. These methods are typically based on the analysis
of large amounts of data that can be exploited in different
ways M8 For instance, the efficacy and toxicity of new
drug compounds can be predicted using these approaches,
with greater accuracy and efficiency than when using
traditional methods (%,

Furthermore, Al-based algorithms can also be employed to
identify new targets for drug development, such as the
specific proteins or genetic pathways involved in diseases
21 This can expand the scope of drug discovery beyond the
limitations of more conventional approaches and may
eventually lead to the development of novel and more
effective medications 2. Traditional methods of
pharmaceutical ~ research  rely on trial-and-error
experimentation and do not accurately predict the behavior
of new bioactive compounds %), Al-based approaches can
improve drug discovery efficiency and accuracy, leading to
more effective medications.

The Role of Al in Predicting Drug Efficacy and Toxicity:

Artificial Intelligence (Al) techniques, together with
Machine Learning (ML), can predict the effectiveness and
toxicity of drug compounds used in medicinal chemistry.
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Traditional methods of drug discovery involve time-
consuming experiments to assess the potential impact of a
compound on the human body. Developing new bioactive
compounds can be a slow and expensive process, with
outcomes that are often uncertain and vary significantly.
However, ML algorithms are capable of analyzing vast
amounts of information and identifying patterns and trends
that may not be apparent to human researchers. This allows
for the identification of new bioactive compounds with
minimal side effects in a much faster and more efficient
manner. A Deep Learning (DL) algorithm was trained on a
dataset of known drug compounds and their biological
activity . Machine learning algorithms have been
intensively trained using large databases containing known
toxic and non-toxic compounds to prevent potential drug
compounds from being toxic. This has led to significant
advancements in accurately predicting the activity of new
compounds®. Artificial Intelligence (Al) plays a crucial
role in the process of drug discovery. One of its applications
is to identify drug interactions that can occur when different
drugs are combined for the same or different diseases in a
patient. These interactions can lead to altered effects or
adverse reactions. By analyzing large datasets of known
drug interactions, Al-based approaches can recognize
patterns and trends to identify the issue accurately. Recently,
a machine learning algorithm has been used to predict the
interactions of novel drug pairs with high accuracy ©°.
Artificial Intelligence (Al) plays a crucial role in identifying
potential drug interactions while considering personalized
medicine. It facilitates the creation of tailored treatment
plans that minimize the risk of negative reactions.
Personalized medicine focuses on delivering specific
treatments based on individual patient traits, such as genetic
profile and response to medication.

The Effect of Al on the Drug Discovery Process and
Potential Cost Savings:
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Al can be utilized in drug discovery to design new
compounds with specific properties and activities.
Traditional methods usually involve modifying existing
compounds, which is a labor-intensive and time-consuming
process. However, Al-based approaches can speed up the
development of novel compounds with desired
characteristics and activities. A deep learning algorithm has
been trained using a dataset of known drug compounds and
their properties. This algorithm can propose new therapeutic
molecules with desirable characteristics like solubility and
activity. This demonstrates the potential of these methods
for designing new drug candidates rapidly and efficiently?".
DeepMind developed AlphaFold, a software platform
advancing our understanding of biology™®. The use of
protein sequence data and Al to predict the corresponding
three-dimensional structures of proteins is a powerful
algorithm. This breakthrough in structural biology is
expected to have a major impact on personalized medicine
and drug discovery. AlphaFold marks significant progress in
the application of Al in life sciences and structural biology
in particular.
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Combining machine learning (ML) techniques and
molecular dynamics (MD) simulations has become a popular
approach in de novo drug design, as it improves efficienc
and accuracy by leveraging the strengths of both methods®..
The use of interpretable machine learning (IML) and deep
learning (DL) techniques is also contributing to drug design
efforts.

Drug development process:

Drug development involves a feedback-driven process that
begins by gathering existing results from multiple sources.
These sources may include high-throughput compound and
fragment screening, computational modeling, and literature
reviews. The process alternates between induction and
deduction to optimize the hit and lead compounds.
Automating specific aspects of the cycle removes errors and
randomness, thereby improving overall efficiency. For in
silico compound synthesis, de novo design methods use
organic chemistry knowledge. Additionally, virtual
screening models can serve as surrogates for biochemical
and biological efficacy and toxicity tests!®”.

Preclinical
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Development

Clinical
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FDA
Post-Market
Safety
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> FDA Review >

Figure: 2 Drug development process

In the initial stage of drug development, the first step is
discovering new chemical compounds that have biological
activity. This activity can result from the interaction of the
compound with a specific enzyme or an entire organism. A
compound that displays activity against a biological target is
known as a "hit." Hits are often identified through the
screening of chemical libraries, computer simulations, or
examination of naturally occurring materials such as plants,
bacteria, and fungi.

Identifying a lead molecule is the second most crucial step in
the process of drug development. A lead molecule is a
chemical compound that shows significant potential in
treating a specific disease. These potential leads are then
tested in cell-based assays and animal models to evaluate
their efficacy and safety profile. Once a lead molecule is
identified, scientists use its chemical structure as a starting
point to explore different chemical modifications to discover
new compounds that offer maximum therapeutic benefits
with minimum potential for harmt?

In the process of lead generation, scientists modify
molecules that have the potential to hit biological targets.
This modification aims to increase the activity and
specificity of the molecules while also reducing their
toxicity and unwanted effects. Compounds similar to the hit
molecule and derived from it are called equivalents. This
process is hit expansion B! Medicinal chemists play a
critical role in the development of new drugs by using
organic chemistry techniques to create a wide range of
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potential drug candidates. These candidates must be able to
interact with the active site of the intended biological target,
which is a specific region where the compound or substrate
can bind through interaction forces.

Medicinal chemists use specific reactions to quickly
assemble building blocks, which are compounds containing
a reactive functional group and atoms that can interact with
the biological target. To understand the binding of a
substrate to the active site of the biological target, two
models are utilized: the "lock and key" model and the
"induced-fit" model. Both models help explain the molecular
interactions between a drug candidate and its target, which
aid chemists in the drug development process.

By using specific techniques, medicinal chemists can
improve their chances of discovering an effective drug
candidate. These techniques allow them to synthesize
compounds more efficiently and test them for their ability to
interact with the active site of the biological target. The
ultimate goal is to discover a drug candidate that is safe and
effective, and can be developed into a medicine for those in
need.Medicinal chemists play a critical role in the
development of new drugs by using organic chemistry
techniques to create a wide range of potential drug
candidates. These candidates must be able to interact with
the active site of the intended biological target, which is a
specific region where the compound or substrate can bind
through interaction forces.
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Medicinal chemists use specific reactions to quickly
assemble building blocks, which are compounds containing
a reactive functional group and atoms that can interact with
the biological target. To understand the binding of a
substrate to the active site of the biological target, two
models are utilized: the "lock and key" model and the
"induced-fit" model. Both models help explain the molecular
interactions between a drug candidate and its target, which
aid chemists in the drug development process.
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By using specific techniques, medicinal chemists can
improve their chances of discovering an effective drug
candidate. These techniques allow them to synthesize
compounds more efficiently and test them for their ability to
interact with the active site of the biological target. The
ultimate goal is to discover a drug candidate that is safe and
effective and can be developed into a medicine for those in
need®®"
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Figure: 3 Utilisation of artificial intelligence (Al) in the drug development process.

The outcomes and the strategies of the various components
of the drug development process are defined. The
applications of Al at each stage of drug developmentare also
displayed.

Al has become a versatile tool that can be applied
ubiquitously in various stages of drug development. It can
help in identifying and validating drug targets, designing
new drugs, repurposing existing drugs, improving R&D
efficiency, aggregating and analysing biomedicine
information, as well as refining the decision-making process
to recruit patients for clinical trials 5. Al can minimize
bias and human intervention in drug development . The
other uses of Al in drug development include the prediction
of feasible synthetic routes for drug-like molecules
pharmacological properties ®¥, protein characteristics as
well as efficacy “Y drug combination and drug—target
association ™! and drug repurposing 2. Also, the
identification of new pathways and targets using omics
analysis becomes possible via the generation of novel
biomarkers and therapeutic targets, personalised medicine
based on omics markers and discovering the connections
between drugs and diseases “**4. DL has demonstrated
outstanding success in proposing potent drug candidates and
accurately predicting their properties and the possible
toxicity risks Circumventing past issues in drug
development, such as analysing large datasets, screening
compounds while minimizing standard error, and requiring
substantial R&D costs and time of over US$2.5 billion and a
more than a decade “® — are now possible using Al methods
U7 with Al technology, new studies can be carried out in
assisting the identification of new drug targets, rational drug
designing and drug repurposing 134!,
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Al in advancing pharmaceutical product development:

Dosage form with desired delivery characteristics. In this
area, Al can replace the older trial-and-errorapproach .
Various computational tools can resolve problems
encountered in the formulation design area, such as stability
issues, dissolution, porosity, and so on, with the help of
QSPR . Decision-support tools use rule-based systems to
select the type, nature, and quantity of excipients based on
the physicochemical attributes of the drug, and The
discovery of a novel drug molecule requires its subsequent
incorporation in a suitable operation through a feedback
mechanism to monitor and modify the entire process
intermittently. 2. Guo et al. integrated Expert Systems (ES)
and ANN to create a hybrid system for the development of
direct-filling hard gelatine capsules of piroxicam in
accordance with the specifications of its dissolution profile.
The MODEL EXPERT SYSTEM (MES) generates
decisions and  recommendations  for  formulation
development based on input parameters. By contrast, ANN
uses backpropagationlearning to link formulation parameters
to the desiredresponse, jointly controlled by the control
module, to ensure hassle-free formulation development %,
Various mathematical tools, such as computational fluid
dynamics (CFD), discrete element modeling (DEM), and the
Finite Element Method have been used to examine the
influence of the flow property of the powder on the die-
filling and process of tablet compression ****l. CFD can also
be utilized to study the impact of tablet geometry on its
dissolution profile %, The combination of these
mathematical models with Al could be immensely helpful in
rapidly producing pharmaceutical products.
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Al-based advanced applications:

e Al-based Nanorobots for drug delivery
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Figure: 4 Al-based Nanorobots for drug delivery

Nano robots consist of integrated circuits, sensors, power
supply, and data backup mechanisms, all of which are
maintained using computational technologies like Al %7,
They are designed to avoid collisions, identify targets, detect
and attach, and ultimately excrete from the body.
Advancements in nanorobotics and microrobotics have
given them the ability to navigate to specific sites based on
physiological conditions, such as pH, resulting in improved
efficacy and reduced systemic adverse effects ). The
development of implantable nanorobots for controlled drug
and gene delivery requires consideration of parameters such
as dose adjustment, sustained release, and controlled release.
The release of drugs requires automation controlled by Al
tools such as NNs, fuzzy logic, and integrators [°.
Microchip implants are also used for programmed release
and to detect the location of the implant in the body.

e Al in combination drug delivery and
synergism/antagonism Prediction

Several drug combinations are approved and marketed to
treat complex diseases such as tuberculosis and cancer as
they provide a synergistic effect that enables quick recovery
9891 Tg create a collection of effective drug combinations,
a large number of drugs need to be screened through a high

throughput process. This can be a tedious procedure,
especially for cancer therapy which requires six or seven
drugs as a combination therapy. To streamline this process,
ANNSs, logistic regression, and network-based modeling
techniques can be used to screen drug combinations and
improve overall dosage regimens °%Y. Rashid et al.
developed a quadratic phenotype optimization platform for
the finding of optimal combination therapy for the treatment
of bortezomib-resistant multiple myeloma using an assembly
of 114 FDA-approved drugs. This model suggested the
mixture of decitabine (Dec) and mitomycin C (MitoC) as the
best two-drug mixture and Dec, Mito C, and
mechlorethamine as the superior three-drug combination °°!,

e Al emergence in nanomedicine

Nanomedicines are a blend of nanotechnology and medicine
that help diagnose, treat, and monitor complex diseases such
as HIV, cancer, malaria, asthma, and various inflammatory
diseases. In recent years, the use of nanoparticle-modified
drug delivery has become crucial in the field of therapeutics
and diagnostics as it enhances treatment efficacy.
Combining nanotechnology and Al has the potential to solve
several challenges in formulation development.

Figure: 5 Nanomedicine

CONCLUSION:

Artificial intelligence has the potential to significantly
improve and reshape the process of drug development. With
the advancement of technology, collaborations between Al
experts, bioinformaticians, and pharmaceutical researchers
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are likely to become crucial for unlocking the full potential
of Al in creating safer and more effective drugs. It is
advisable to stay updated regularly on the latest
developments in the field due to the rapid pace of
advancements in Al and drug development.
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