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ARTICLE INFO ABSTRACT
Keywords: To create novel treatments and treat complex diseases, the pharmaceutical sector is essential. Drug discovery,
Artificial intelligence however, is a time-consuming, pricey, and dangerous endeavor. Artificial intelligence (AI) has become a potent

AI pharmacology

instrument that has transformed several industries, including healthcare, in recent years. This summary gives a
Al in drug discovery

general overview of how Al is expediting the creation of novel medicines, revolutionizing the pharmaceutical
sector, and enabling drug discovery. The pharmaceutical sector is experiencing a drug discovery revolution
because of Al The drug discovery process is changing at different phases because of Al approaches like machine
learning and deep learning. This abstract demonstrates how Al facilitates drug development through target
identification, lead compound optimization, drug design, drug repurposing, and clinical trial enhancement. Al
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integration has the potential to hasten the creation of novel treatments, save costs, and improve patient outcomes.
To fully realize the potential of Al in pharmaceutical research and development, issues relating to data accessi-
bility, algorithm interpretability, and laws must be resolved.

Abbreviations

Al artificial intelligence

ECG electrocardiogram

ICU stands for intensive care unit
CD clinical decision

NLP natural language processing
CT scans computed tomography scans
MRIs magnetic resonance imaging
ML machine learning

3N-MCTS Monte Carlo Tree Search

RASAR Read Across Structure Activities relationship

DNN deep neural network

GANs generative adversarial networks

ADME  absorption, distribution, metabolism, and excretion

DL deep learning

QSAR quantitative structure-activity relationship

QSPR quantitative structure-property relationship

NBI network-based inference

TL-HGBI triple layer heterogenous graph-based inference

DTI-CNN drug target interaction prediction convolutional neural
network

NRWRH network-based random walk with restart on the
heterogeneous network

KNN K- nearest neighbour

SVM support vector machine

LR logistic regression

DT decision tree

DRIMC drug repositioning approach using bayesian inductive
matrix completion

BNNR  bounded nuclear norm regularization

MLMC multiview learning with matrix completion

PV pharmacovigilance

AE adverse events

CT clinical trials
NLP natural language processing
WHO-UMC world health organizationuppsala monitoring centre

CADD  computer aided drug design

QC quality control

5R right drug, right dose, right patient, right route, right time
GMP good manufacturing practice

GLP good laboratory practice

USFDA  united states food and drug administration

ICH international council for harmonisation

MIA medical image analysis

ANN artificial neural network

CT computed tomography

PET positron emission tomography

3D three-dimensional

GDPR  general data protection regulation

HIPAA  health insurance probability and accountability act
HER electronic health records

MGI McKinsey global institute

LSSVM least square support vector machine

PSOWNN particle swarm optimized wavelet neural network

RDR referable diabetic retinopathy
TDM therapeutic drug monitoring
XGBoost eXtreme gradient boost

PGx pharmacogenomics

PKs primary keys

LBVS ligand-based virtual screening
SBVS structure based virtual screening
RF random forest

SVM support vector machines

MLR multiple linear regression

CMap connection map

GWAS  genome-wide association studies
CATS Computer aided translation software

1. Introduction

The field of engineering science known as artificial intelligence (AI) is
concerned with the development of machines with intelligence, partic-
ularly intelligent computer programmers.! It is the capacity of a com-
puter or a robotic computer-enabled system to process input and produce
results in a way that is comparable to how humans pay attention when
learning, making decisions, and solving issues. With the use of Al models
in drug formulations and manufacturing processes, the pharmaceutical
sector is undergoing a revolutionary upheaval. Various aspects associated
with the pharmaceutical industry are being revolutionized by Al
powerful data mining and algorithm analysis tools, allowing more
effective and economical medication creation. Al effect is changing how
medications are designed and produced, from streamlining
manufacturing procedures to guaranteeing reliable product quality and
improving drug formulation design.”

This article addresses multiple applications of artificially intelligent
models in the pharmaceutical industry, emphasizing their possible ad-
vantages, difficulties, and promise in fostering innovation and enhancing
patient access to more effective and safer medicines. In providing accu-
rate and quick diagnosis for medical practitioners, Al models such as

radiology imaging & pathology image analysis, dermatology diagnosis,
cardiology and ECG analysis, predictive analytics in the ICU, clinical
decision (CD) support systems, radiomics and genomics and NLP for the
e-health records have shown impressive ability.® (See Fig. 1). Al-powered
algorithms can discover anomalies, lesions, and early-stage illnesses by
examining medical imaging data from X-rays, CT scans, and MRIs. This
helps in the identification of disorders that may be hard to spot with the
naked eye.*

Al models may also review patient information and medical health
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Fig. 1. Various Al models are used in the pharmaceutical sector.



S. Yadav et al

records to make evidence-based therapy suggestions, which optimizes
professional judgment and enhances patient care.” Personalized medi-
cine is one of the biggest expectations of Al in the medical field. The
patient's genetic profile, lifestyle choices, and medical background may
be examined by Al-driven prediction models to determine the most
appropriate treatment options. This makes it possible for medical pro-
fessionals to customize medications based on the unique traits of each
patient, improving treatment results and lowering side effects.® AI
models like digital therapeutics, predictive analytics for disease risk,
pharmacogenomics, and patient risk stratification can also forecast the
development of diseases, enabling earlier intervention and better treat-
ment of chronic disorders.”

Al can revolutionize the pharmaceutical sector by speeding up
medication research and discovery. Al models like drug target identifi-
cation, De-Novo drug design, virtual screening & molecular docking,
drug repurposing, clinical trial optimization, pharmacokinetics & toxicity
prediction, and natural product drug discovery may find prospective
drug candidates, foretell drug-target interactions, and improve drug
design by analyzing massive information from clinical trials, academic
literature, and biological databases.®

Additionally, Al can speed up the availability of novel medicines by
finding current drugs that may have therapeutic advantages for various
purposes.” The development of wearable technology and remote moni-
toring tools has made it possible to continuously gather patient data.
Real-time data from such devices may be processed by Al-powered an-
alytics, giving information on patient health and enabling the early
identification of health problems. By forecasting hospitalization rates,
resource usage, and patient flow, Al with the help of models such as
remote monitoring devices, predictive -analytics for the management of
disease, virtual health-based assistants, telemedicine, fall detection &
elderly care remote monitoring for chronic disease, remote medication
adherence can also optimize healthcare delivery, helping healthcare
providers increase efficiency and manage resources wisely.'’

Although Al effectiveness in healthcare is exciting, there are still
several obstacles to overcome. When handling sensitive patient infor-
mation, privacy & data security is of utmost importance. It is essential to
make sure that patient data is correctly anonymized, encrypted, and
secured against unauthorized access.'! (see Fig. 2). Additionally, Al
models must be comprehensible and interpretable for healthcare prac-
titioners to comprehend and have confidence in Al-driven judgments. To
achieve fair healthcare results for all patients, ethical issues including
prejudice as well as fairness in artificial intelligence (AI) algorithms must
also be taken into account.'?

2. Role of artificial intelligence in drug development

The gap between drug discovery &development is getting wider every
day as the search for novel therapeutic compounds gets more time-
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consuming and challenging due to the expansion of chemical space.
Artificial intelligence (AI) in the field of medicinal chemistry has
attracted a lot of interest recently as a potential way to transform the
pharmaceutical industry.'® Medication discovery, the process of finding
and creating novel drugs, is a difficult and time-consuming task that has
historically relied on labor-intensive methods like high-throughput
screening and trial-and-error research. However, by enabling more ac-
curate and effective analysis of massive amounts of data, Al techniques
like machine learning (ML) & natural language processing provide the
potential to accelerate and improve this process. As a result, strategies
that build on the foundations of artificial intelligence are very helpful
during many stages of drug discovery, such as discovering and validating
drug targets, modeling medicines, and enhancing their druggable qual-
ities. Additionally, it is crucial to create patient-centered clinical trials,
which improves the process of making judgments.

A new strategic program dubbed “Open Targets” is one of its appli-
cations, and it aims to investigate the connections between diseases and
genes and therapeutic targets. It offers a route that would direct in
discovering the target linked to the sickness, or the disease related to the
target. The Lipinski's rule of five must be followed by the drug-like
molecule. In light of this, Seglar et al's newly created 3N-MCTS (Monte
Carlo Tree Search) neural network technique outperforms retro synthesis
computer-aided systems. This resulted in the development of new syn-
thesis routes in a short amount of time with a decrease in the number of
steps that needed to be taken.'®

SPIDER is an artificial intelligence tool being used to evaluate the
function of natural compounds and how to employ them in medication
discovery. It was designed to primarily forecast the targets for pharma-
cological compounds, such as “Lapa Chone” and as a result, it demon-
strated that “Lapa Chone” causes the reversible and allosteric inhibition
of 5-Lipoxygenase. A more sophisticated method, such as Read Across
Structure Activities Relationship (RASAR), is being utilized to assess the
toxicity of unidentified chemicals. It is a distinguished technique that is
being created to establish and pinpoint the connection between the
structure of molecules and characteristics that may cause toxicity. With
the help of the chemical database, this is accomplished.'®

The Deep Neural Network, also known as a DNN, is a system that uses
a network of artificially connected neurons and interacts with them to
perform various data transformations. Based on pharmacological and
toxicological information, it creates the standards for categorizing
pharmaceuticals according to their respective therapeutic classes.
Generative Adversarial Networks (GANs), for example, serve as the
foundation for the development of new generation Al techniques. One
significant component of artificial intelligence is machine learning (ML).
The use of statistical attributes forms the foundation of this area.'”

2.1. Machine learning is classified into three sections

2.1.1. Supervised learning

It has to do with the creation of predictive strategies that are devel-
oped from the application of classification and regression techniques that
make such predictions using information gathered from input and output
sources. The output data include absorption, distribution, metabolism,
and excretion (ADME) predictions as well as the effectiveness of medi-
cations in the classification category of the regression analysis.'®
Consequently, both of these subgroups offer a wealth of information. The
output data include absorption, distribution, metabolism, and excretion
(ADME) predictions as well as the effectiveness of medications in the
classification category of the regression analysis. Consequently, both of
these subgroups offer a wealth of information. "’

2.1.2. Unsupervised learning

This strategy puts the input data center stage. All conclusions are
reached by the clustering and grouping of the data using feature dis-
covery pathways. In the clustering subgroup, this type of learning can
produce data on the category of disease, and the feature finding subgroup
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would contain information about the origin of the target for that
disease.?”

2.1.3. Re-enforcement learning

Its primary role is to make judgments based on the environment &
then carry those decisions out to achieve exceptional performance. The
output from this kind of machine learning consists of experimental drug
design and de novo drug design, which are both categorized as decision-
making and execution, respectively. As a result, both can be achieved
using modeling techniques and by using quantum chemistry.>! Deep
learning (DL), a new branch of machine learning, has entered the picture.
It is based on artificial neural networks and can adapt and learn by using
publicly accessible experimental data. As a result, the data mining
approach may be used to examine the data and might also be used to
create algorithms to help in the discovery of any new entity. As a result,
DL can be used to identify genetic markers and a variety of new thera-
peutic compounds.?? Therefore, by utilizing artificial intelligence, we can
close several gaps in the creation of medicinal products. Additionally, it
will result in a decrease in the number of medications that fail clinical
trials, cost-effectively accelerating drug development.?®

3. Advantages of Al technology

The use and nature of Al are complex. It is a complex blend of various
sciences, computer science, and mathematics. The sophistication of the
programming enables machines to mimic human cognitive capacities.>*
The principal benefits are:

3.1. Error reduction

e Al enables humans to make fewer mistakes and boosts their likeli-
hood of achieving greater accuracy and precision.

e Robots with artificial intelligence are more suited for space explora-
tion because they have metal bodies that are more resistant to space's
harsh atmospheric conditions.

3.2. Difficult exploration

o It applies to the mining & fuel exploration industries.

e The limitations of humans can be overcome by using Al systems to
research the ocean.

e By programming robots, they may easily and without fatigue execute
more difficult and demanding tasks.

3.3. Daily application

e Al has practical uses in everyday life.

e System that is practical for extended drives. Due to the installation of
artificial intelligence in Androids, it anticipates what a user will enter
and corrects any spelling mistakes. Robots like Cortana and Lady SIRI
are two examples.

e The Al program recognises and tags a person's face when they share
photos on social media sites like Twitter and Facebook.

e To manage and organize the data and find frauds, banks, and other
financial organizations frequently use Al systems.

3.4. Digital assistants

e Organisations utilize artificial intelligence (AI) systems, or “avatars,”
which are models of virtual assistants, to eliminate the requirement
for human personnel.

e The avatars think logically and make the proper decisions since they
are not affected by emotions. Human emotions are typically linked to
moods that impair judgment and reduce productivity.

e With artificial intelligence, this issue was not seen.
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3.5. Repetitive jobs

e One work can be completed by a human at a time. Machines are faster
at multitasking and thinking than people.

e Machines are capable of doing hazardous activities, and their pa-
rameters, such as speed and time, can be changed.

3.6. Medical application

o With the aid of AI, doctors are currently evaluating their patients'
health risks and performing patient assessments.

e An Al program is teaching doctors about different medications and
their adverse effects.

3.7. Accelerated technological growth

e Al technology makes it easier to adopt cutting-edge technical
breakthroughs.

e Millions of computer modeling programs that can be used to discover
novel chemical compounds & entities could be produced by the Al
system. QSAR and QSPR, as exarnples.25

4. Role of artificial intelligence in personalized medicine
4.1. Data analysis

Large amounts of medical data, such as patient records, genetic data,
and biological literature, can be easily analyzed by Al systems. To create
individualized treatment programs, this analysis aids in finding patterns,
connections, and links.?°

4.2. Predictive analytics

Based on unique patient traits including genetic profiles, lifestyle
circumstances, and medical history, Al models can forecast illness out-
comes and therapy responses. This makes it possible for medical pro-
fessionals to decide on personalized treatment alternatives with greater
knowledge.?’

4.3. Precision diagnostics

By examining medical photographs, pathology slides, and various
other diagnostic data, Al-powered technologies can improve the preci-
sion and speed of diagnostic procedures. Artificial intelligence (AI) sys-
tems can identify minute trends and irregularities that human observers
might miss, resulting in earlier identification and more accurate
diagnosis.?®

4.4. Drug discovery and development

By examining enormous volumes of biomedical data, finding possible
therapeutic targets, and forecasting the efficacy of drug candidates, Al
algorithms can speed up the drug discovery process. This makes it
possible for researchers to create personalized treatments for particular
patient populations.?’

4.5. Treatment optimization

By taking into account each patient's particular characteristics, such
as genetics, progression of the disease, and therapeutic response, Al al-
gorithms can help in customizing treatment strategies for individual
patients. This optimization could result in more individualized and effi-
cient treatment plans.””->°
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4.6. Remote monitoring and care

Artificial intelligence (AI)-powered virtual assistants and monitoring
tools can continually track patient health information, offer individual-
ized feedback, and notify healthcare professionals of any problematic
changes. This enhances patient outcomes by enabling remote and pro-
active care of chronic illnesses.>’

5. Patient engagement and education

Al chatbots and virtual assistants can communicate with patients,
providing individualized provide health information, respond to in-
quiries, and provide support. These methods improve patient involve-
ment and encourage people to actively participate in their treatment.
Overall, Al is essential to personalized medicine since it uses data-driven
methods to offer patients individualized diagnoses, treatments, and care
plans.32

6. Role of artificial intelligence in clinical research

Many medications have been found to frequently fail in clinical trials.
Every day, fewer medications are being introduced to the market.>®
Certain Drug goods succeed in clinical studies but encounter numerous
issues when they are put on the market. Therefore, a specific digital
platform must be created to address such problems. Even though artifi-
cial intelligence has many uses, there is currently no empirical evidence
to support its use in clinical research.>* Due to its major effects on the
following factors, artificial intelligence (AI) is important in clinical
research such as:

> Drug product success or failure rate.

> Reduction in the absolute figures of the product development costs.
> A shorter period for the drug product to reach the market.

> Recalls of products have decreased in quantity.

6.1. Artificial intelligence also focuses on the following three major
objectives of clinical research

This field provides a set of references that are specifically organized.
These citations and the accompanying statistics attest to Al's superiority
over other medical practice methods.?° It is very helpful in evaluating
patients' pathological data, various lab results from medical exams, and
the pharmaceuticals that are being ordered depending on the patient's
report. This would make it easier to discern the condition of the patient
from a normal one.> The outcomes of several diagnostic tests, including
magnetic resonance imaging (MRI), X-ray, and computed tomography
(CT) scan, have been studied using artificial neural network frameworks.
This technology establishes a direct relationship with the patient by
allowing him to independently enter data and deliver the necessary in-
formation into his mobile phone while participating in clinical research.
With the use of its automatic software that assist in reporting and sup-
plying data regarding any bad reaction, artificial intelligence can also be
utilized to forecast adverse drug reactions and allergic reactions.>®

7. Artificial intelligence in drug repurposing

Drug repurposing, also known as drug repositioning or drug
reprofiling, refers to the process of identifying new therapeutic uses for
existing drugs that are already approved for a different indication or
disease. Instead of developing new drugs from scratch, researchers
explore the potential of existing drugs to treat different conditions,
leveraging their known safety profiles, pharmacokinetics, and mecha-
nisms of action.”” This can significantly reduce the time, cost, and risk
associated with bringing a new drug to market. Furthermore, repurpos-
ing can potentially identify alternative treatment options for conditions
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with unmet medical needs.>® Artificial intelligence (AI) has become
increasingly valuable in the field of drug repurposing due to its ability to
analyze large amounts of data and discover novel associations and pat-
terns.®” Al helps in drug reprofiling by three different approaches namely
network based, feature based, and matrix-based approaches (See Fig. 3).

7.1. Network-based approach

The network-based approach in drug repurposing by Al involves
analyzing complex biological networks to uncover relationships between
drugs, diseases, and biological pathways. This approach leverages
network theory and computational algorithms to identify potential drug
repurposing opportunities. The network-based approach in drug repur-
posing enables the identification of drug-disease associations that may
not be immediately apparent using traditional approaches.>® By consid-
ering the complex interactions within biological systems (See Fig. 4). In
this method first biological networks are built then data is integrated into
it, the constructed network is analyzed after that, and finally identifica-
tion of the drug along with its verification and clinical evaluation is
done.*°

7.2. Feature-based approach

The feature-based approach in drug repurposing by Al involves
analyzing and comparing the features or characteristics of drugs and
diseases to identify potential repurposing opportunities. This approach
focuses on extracting and utilizing relevant features from different
datasets to predict drug-disease associations.*! This method works by
extracting of features and then their integration into datasets, and then
predictive modeling and machine learning are performed which helps in
the prediction of repositioned drugs and finally its verification and
clinical evaluation.*’ The feature-based approach leverages Al tech-
niques to analyze and exploit the inherent characteristics and properties
of drugs and diseases. By considering relevant features from different
datasets, this approach enables the identification of potential repurpos-
ing opportunities based on the shared characteristics or biological sig-
natures between drugs and diseases.*> Different methods used in this
approach are listed in (Fig. 5).

Fig. 3. Al in drug repurposing.
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7.3. Matrix-based approach

The matrix-based approach in drug repurposing by AI involves the
utilization of matrices to represent and analyze diverse biological data to
identify potential drug-disease associations. This approach leverages
matrix operations and computational algorithms to extract patterns and
relationships within the data.** The matrix-based approach allows for the
integration and analysis of diverse biological data to uncover potential
drug-disease associations. By employing matrix operations and Al algo-
rithms, this approach helps in extracting hidden patterns and relation-
ships from the data, thereby enabling the identification of promising drug
repurposing opportunities.”> Various methods are used in the drug
repurposing shown in (see Fig. 6).

8. Pharmacovigilance (PV) and drug safety

The research and practices involved in the identification, evaluation,
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comprehension, and mitigation of undesirable effects and other drug-
related safety issues are referred to as pharmacovigilance. PV's funda-
mental goals are to safeguard against harm from adverse responses in
people that result from the use of medical products, either within or
beyond the limits of the marketing authorization, and in regards to the
evolution of those product's lifecycle.® In other words, we can say that it
aids in promoting the safe & effective use of health-related products and
also provides time to time informations and facts about healthcare
products, patients, and professionals (healthcare providers such as doc-
tors, and nurses) ultimately maintaining the public health.*” Drug safety
monitoring plays a crucial role in identifying and managing risks and
adverse effects linked to medications. This proactive approach to moni-
toring drug safety has a profound impact on public health by enhancing
patient safety, detecting safety concerns at an early stage, and instilling
confidence in the healthcare system.*® It also helps in regulating the
concerns related to regulatory compliance, post-market surveillance,
data required for decision making, and lastly public faith and confidence
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Fig. 6. Different methods for matrix based approaches.

(see Fig. 7).

8.1. Challenges in traditional pharmacovigilance

The traditional PV approach faces many challenges concerning the
effective monitoring of drug safety. Here are a few challenges that render
drug safety.*’

8.1.1. Under-reporting and bias

Adverse events (AE) are sometimes under-recorded and are not
properly documented which leads to miscomprehension of the true safety
profile of drugs developed and used. Biases in reporting the AE can

severely influence the data, due to which detection of the rarely occur-
ring and unexpected AE can be hindered.*°

8.1.2. Spontaneous reporting drawbacks

Traditional PV was solely dependent on the spontaneous reporting
systems where the professionals of healthcare freely reported the AE
without following proper criteria, this led to the emergence of many
problems such as under-utilization, absence of standardization, and in-
consistency in the reporting.>!

8.1.3. Huge volume and complex data
The efficient processing & analysis of large data-sets serve as a
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challenge due to the increased volume and complex data gathered. The
manual review process of large data makes it time taking and sometimes
skips the safety signals.>”

8.1.4. Risk detection and causality of assessment

Identifying the signals of potential risk problems and correct deter-
mination of causality between the drugs and AEs is complex. The tradi-
tional method does not have the potential to effectively deal with the
upcoming safety risk determination and assessment of causality.>>

8.1.5. Data integration and correlating

Gathering the data from various sources (e-health records, clinical
trials (CT), spontaneous reporting) could be challenging because of
variations in the data formats, systems as well as accessibility.>*

8.1.6. Delay in reporting

Delays in reporting the AEs can affect timely intervention and deci-
sion making. Previously used manual reporting processes and the
absence of standard reporting timelines can result in delays in the safety
information collection and reporting.>®> So, the advancement of more
effective and proactive techniques to drug safety surveillance is required
by the constantly changing pharmaceutical industry. The overall safety
profile of drugs cannot be fully captured using conventional approaches,
which rely on passive reporting and spontaneous adverse event notifi-
cations. To enable quick actions and maintain patient safety, timely
identification of possible risks and harmful consequences is essential.”®

8.2. Role of artificial intelligence in Pharmacovigilance and drug safety

By utilizing advanced algorithms and data analysis approaches, Al
technologies can revolutionize PV. The Al can accomplish this change by
the following:

e Automatic processing of huge amounts of healthcare related and e-
health records.””
e Al can identify the pattern of the datasets which allows early detec-
tion of the AE and the safety signals.®
It allows real-time-monitoring of the data obtained from various
sources, patient forums, and social media; it enables continuous sur-
veillance to monitor the upcoming potential risks.””
Al based NLP techniques can analyze unstructured data such as
medical literature, AE reports and patient history easily and rapidly.*°
Al helps in predictive analytics by identifying the potential risks and
AE, these predictive analyses serve as a model that helps in identi-
fying the risks in the population and suggests the specific intervention
measures for early detection, prevention, and management of AEs.%!
Al can help in evaluating the causality between the drugs and the AEs
by taking into account various parameters, temporal relations, clin-
ical aspect and patient characteristics, which improves the accuracy
and efficiency to determine the relationship between the drugs and
the AE reported.®?
Al helps in designing the user-friendly innovative dashboards which
improves the communication and timely repotting which facilitates
the PV professionals and the regulators to analyze and act accordingly
on the safety information.®®
Al assists post marketing surveillance by using Naranjo algorithms,
WHO-UMC (Upaasala monitoring centre) system, and Venulet
algorithms.®*
Al provides many advantages for faster detection of safety problems,
enhanced signal detection, and also improves patient safety by faster
detection, pro-active risk management, efficient data analysis and
insights. The advancements in Al based technologies in healthcare
result in better patient compliance, and convenience and ultimately
improve overall public health.®®
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8.3. Drug formulation through computer-aided drug design

The Al based technology can be used in every step of drug formulation
procedures aids in decreasing the health hazards concerned with the pre-
clinical trials and decreases cost ultimately. Al is considered an efficient
tool for data mining concerned with the huge amount of pharmacological
data and ML processes.®® The traditional methods of the drug designing
have now been replaced by CADD (computer aided drug design) as it
improves the design techniques and also minimizes the time taken for
drug discovery. In addition to this the targeted molecules can be easily
identified which improves the success rate of the desired drug that is to
be designed.”” In the field of drug formulation & manufacturing AI can
upgrade the pharmaceutical industry by optimizing the processes
involved at every stem like critical parameters, improving quality control
(QC) and increases the production many folds without any hassle.?!-*

The challenges faced by the conventional drug formulation &
manufacturing methods that has great impact on the QC, efficiency and
cost effectiveness are as follows:®®

Constrained real-time monitoring.

Manually operated QC and minimal process optimization.

Reduced predictive maintenance.

High pressure of compliance with regulations.

Poor supply chain management.

Requirement of qualified and experienced professionals.®’
Challenges in approaching health-care professionals.

Collection and assessment of the large amount data is difficult task
and time taking process.

e Due to increased transparency, there is chance of loss of the confi-
dential data or process.

Resistance to the change.

Poor data security.

8.4. Role of artificial intelligence in drug formulation and manufacturing

8.4.1. Speeds the pre-formulation study

Al using computational tools can predict the desired excipients
required for the dosage form. It saves time and money by avoiding higher
elimination of the candidate molecule during the last stages of the clin-
ical studies due to lack of information and understanding.”® It makes use
of the Lipinski rule also called the rule of 5Rs that helps in determining
drug research & developments success or failure chances. In addition, it
gives prior knowledge about the physical & chemical properties, suitable
and better in-vivo information, and appropriate drug target model.?®”*

8.4.2. In formulation development and optimization

Al based procedures, when mainstreamed, can help optimize output
while lowering operational costs. Implementing coordination between
physical chemistry and physics at the micro to macro levels properties
enables formulation development a complicated and specialized activity
on which the performance of the company and the drug product rely. Al
algorithms can help in analyzing the large volume of data and IDs in
optimizing the formulations by determining the optimum composition,
suitable dosage form, and critical parameters of manufacturing processes
which allows error-free large-scale production.”?

8.4.3. Scale up and optimization of process

It helps in scale-up process by predicting the behaviour of drug
formulation during shifting from small-scale to large scale.
Manufacturing processes or parameters such as temperature, speed,
pressure, mixing time, and setting of the equipment can be optimized
with the help of ML, resulting in improving safety, quality, efficiency, and
reduction in cost.”®
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8.4.4. Regulatory compliance

By using Al, we can automate the documentation process, facilitating
traceability and tracking the changes that help in maintaining compli-
ance with regulatory authorities' requirements like GMP, GLP, USFDA,
ICH, and internal as well as external audits held regularly.”*

8.4.5. Quality control and inspection

Computer vision & image recognition Al techniques can improve the
quality control and manufacturing drug processes that ensure the
integrity of the product, inspection errors are reduced to more extent,
and maintain the quality of the product.”®

8.4.6. Optimization of Supply Chain

Al helps in the management of the supply chain involved in the
formulation and manufacturing of the drugs by assessing the inventory
data, the demand for the particular product, and the schedule of pro-
duction followed. It also enhances the accuracy and efficacy of timely
production and delivery of the product to the desired place thereby
reducing the cost, wastage, and unwanted errors.”® Al based sensors and
monitoring systems help in monitoring the real-time data predictive
maintenance, control of the product line, and line of clearance during the
labelling and packaging process.””

9. Artificial intelligence in medical image analysis (MIA)

MIA plays an important role in various clinical applications like
medical procedures utilised for prior detection, monitoring process,
diagnosis, and therapy evaluation of numerous medical problems are
only a few examples of how medical imaging plays a vital part in these
clinical applications.”® Understanding medical image analysis in com-
puter vision requires an understanding of the fundamental concepts and
applications of ANN and deep learning. The demand for medical image
services, such as radiology, surgical endoscopy digital computed to-
mography (CT), images from mammography, ultrasound scans, MRI
(magnetic resonance imaging), angiography with magnetic resonance,
nuclear medicine imaging, PET (positron emission tomography), and
pathological tests, has risen significantly within the healthcare system. In
addition, the lack of radiologists makes it frequently difficult and
time-consuming to analyze medical images.”®

9.1. Image segmentation

In many areas of medical research, instruction, and clinical practice,
segmenting images for 3D printing and visualizing data in three di-
mensions has become a crucial component. Sophisticated computerized
quantifications and visualization techniques are needed for medical
picture segmentation.*® Recent advancements in artificial intelligence
(AI) technology allow for the rapid and precise detection of tumors and
the autonomous contouring of organs from medical pictures.®°

9.2. Detection of the lesion and its classification

In several medical specialties, including dermatology, the diagnosis of
head and neck cancer, cardiology, and neurology, the application of Al to
the classification of disease-related, frequently patterned, images for
medical diagnosis has shown encouraging results.®! In this case, con-
volutional neural networks (CNNs) stand out as a method for classifying
images from traditional histology, confocal laser endo-microscopy,
hyperspectral photography, and radiography.®?

9.3. Quality analysis

AL helps in the analysis of the quality of the image and provides ac-
curate measurements of quantitatively based parameters meant for dis-
ease diagnosis. It also helps in identifying the extent, severity, and stage
of the disease and allows one to make better decisions.®*> Al algorithms
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allow us to arrange and mix multiple images which helps in better
comparing and understanding the medical images that help in the sur-
gical planning, treatment monitoring, and image-assisted procedures.®*

9.4. Computer-oriented diagnosis

Al allows computer-based diagnosis which makes use of Al algo-
rithms to help clinicians and concerned radiologists make correct di-
agnoses. After comparing with other data and analysis it can identify the
abnormalities, deficiencies, and accuracy in the diagnosis and reduce the

€r: I'OI'S.85

9.5. Facilitates automatic reporting and enhancement of workflow

Al based technologies can help in automating generating the struc-
tured of radiology reports and also provide structured templates as well.
It improves workflow efficiency by improving reporting consistency and
saving time.5%8°

9.6. Medical image-oriented disease prediction & phenotyping

It analyses and generates phenotypic information, classifying the type
of disease, and detecting the risk potential before they may get

WOI‘S(EIIS.87

9.7. Texture analysis and radiomics analysis

Al also helps in finding detailed information along with the medical
image like texture pattern, shape, and intensity variations. The radiomic
analysis influences all these characteristics to give insights into the dis-
ease heterogeneity, response of treatment, and prognostic evaluation.®®

10. Al as natural language processing (NLP) in the field of
pharmacy

Natural Language Processing (NLP) is the knack of computers to study
human language and recognize text or speech as input or output and dig
out significance from it as output. The plus of NLP over humans is that it
can review a bigger set of information more precisely.®’ There are quite a
lot of applications of NLP in pharmacy like, clinical coding, research,
diagnostics, patient care, and many others. In the field of research, NLP
aids in clinical trials and provides tools for the identification of lethal
effects along with the prediction of suitable receptors for the drug.”°

It helps to diversify the radiological results to accurately forecast the
clinical response due to which it finds its role in diagnostic purposes
15-16. NLP for direct patient care manages the entrance of patients in
hospital and emergency wards along with the enhancement of clinical
outcomes.’»*? Clinical coding finds the use of NLP as medical records
contain a large amount of text in the form of expressions which holds the
data of patients though it keeps the records but a major issue with the
medical records is that they are difficult to manage which is overcome by
NLP as it analyzes texts and provides examiner about the history of
treatment and assessments regarding patient and convert it into struc-
tured data that can be easily analyzed and accessed.’’

NLP technology can be used to develop voice assistants or chatbots
that interact with patients.”> These assistants can understand and
respond to patients' queries, provide information about medications,
schedule appointments, and offer basic medical advice based on pre-
defined protocols.94

11. Artificial intelligence in healthcare data security

Hacking cyber-attacks, threats from insiders, security of supply chain
threats, requirements for regulatory compliance, third-party risks, the
confidentiality of information and consent administration, legacy system
risks, and a requirement for education and awareness about security are
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among the healthcare safety problems faced by the pharmaceutical in-
dustry.”® These difficulties put the pharmaceutical industry's commit-
ment to regulatory compliance, patient safety, and data protection at
risk.”®

11.1. Threat detection and prevention

Algorithms based on artificial intelligence are capable of analyzing
enormous volumes of data, such as internet logs, system activity, and user
behavior, to find potential security threats and abnormalities.”” The
proactive identification and avoidance of threats is made possible by
machine learning model's ability to spot patterns suggestive of criminal
activity, such as unauthorized access attempts or odd data transfers.”®

11.2. Vulnerability evaluation and patch management

By assessing networks, systems, and apps for possible vulnerabilities,
Al may assist with vulnerability assessments. Al algorithms may cate-
gorize vulnerabilities according to their severity and make patch man-
agement suggestions, ensuring that security upgrades are applied
promptly to guard against known vulnerabilities.”

11.3. Compliance with monitoring and audit support

By analyzing and deciphering pertinent laws like the GDPR (General
Data Protection Regulation) and HIPAA (Health insurance probability
and accountability act, Al can help in monitoring legal compliance.'’° By
automatically producing compliance reports while also maintaining re-
cords of security-related events, Al algorithms can find compliance gaps
make suggestions for remedy, and help audit processes. %!

11.4. Data encryption and privacy

Al technology can help with putting effective encryption measures in
place to safeguard sensitive healthcare data, such as data from pharma-
ceutical research and development, intellectual property, & information
about patients.'*% Al algorithms can make sure that the right encryption
techniques are used, enhancing data privacy and preserving adherence to
security standards.'%®

11.5. Adaptive control for access

Access controls that can be dynamically changed based on user
behavior, the environment, and risk assessments are known as adaptive
access controls.'’* Al may provide or restrict access rights in real time by
constantly tracking user activities and analyzing contextual data,
lowering the danger of unauthorized access to information or data
leakage.'0°

11.6. User authentication and behavioral analytics

Al-powered behavioral analytics can identify aberrant user behavior
that may point to unauthorized access or misuse of information and
establish user baselines. Incorporating biometric identification tech-
niques, such as fingerprints or recognition of facial features, which pro-
vide a better level of security than conventional password-based
verification, can also help Al improve user authentication systems.'**1%6

12. AI in pharmacology

Al has become increasingly prevalent in the healthcare sector in
recent years, with pharmacology being one of the many fields in which it
has widespread application.”® From early drug development to
real-world data mining, Al is currently applied in nearly every aspect of
pharmacology research and clinical practice.!>'%” Unsupervised clus-
tering of medical treatments or patients is used to identify potential
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pharmacological compounds or suitable patient groups, whereas super-
vised machine learning algorithms are used for improving therapeutic
drug monitoring. Furthermore, natural language processing (NLP) is
drastically being utilized to mine electronic health records(EHR) for
real-world data.'®® AI and ML are especially helpful for analyzing data
from various sources, such as disease characteristics, clinical patient
characteristics, genomic data, and drug chemical structures. The rise of
Al applications in pharmacology can be seen in the number of publica-
tions published on the subject.'%’

12.1. Al in Pharmaceutical Sciences

Pharmaceutical sciences comprise a wide range of scientific proced-
ures relevant to drug discovery and development. Many efforts are
required to expand healthcare services. Al provides the most advanced
solution for a better healthcare system.''? Al and ML often require a large
amount of data to get better outcomes, and most pharmaceutical and
healthcare organizations have large amounts of data.''»''2 For example,
The McKinsey Global Institute (MGI) produced data in the US healthcare
system valued at up to $100 billion in 2019.'*''% AI and ML are
assisting in the management of the best healthcare options for physicians,
patients, insurance companies, and regulators. Data is generated from
many types of sources, including the academic community, R&D groups,
industrial units, and clinical and community pharmacies.'®

12.2. Al in clinical trials and real-world evidence

The clinical trial phase of a novel treatment begins after the pre-
clinical development phase, which faces additional costs. Patient selec-
tion and recruiting are two of the most difficult aspects of clinical studies.
If not, enough patients are recruited, the trial may need to be termi-
nated.''®!17 Al applications can assist in patient recruitment by, for
example, processing vast volumes of EHR data to identify patients who fit
the eligibility criteria and are most likely to enroll. This means that less
time and money is wasted on patient recruiting.'!” Second, Al can help in
patient monitoring during the experiment. This can be accomplished via
data mining the EHR, but it may also be done by analyzing real-time data
from those who participated obtained by trackers like smartwatches and
other wearables. Finally, Al techniques can aid in the collection of
real-world evidence by mining EHRs for relevant data and transforming
this data into clinically meaningful results.'*>!'® For example, there are
numerous Al-based systems available for automated imaging data pro-
cessing that have been found to provide similar accuracy rates to that of a
radiologist.'!° AI can also be used to analyze real-world clinical data.
EHRs are a rich source of information about disease progression and drug
response, which makes them an excellent source for postmarked
research. Van Laar et al compared the accuracy of data mining in EHRs
between automated and manual extractions. They focused on the treat-
ment results of renal cell carcinoma. With an F1 score of 100% for var-
iables like sex and mortality and better than 90% for variables like
laboratory measurements, they generally found good precision and recall
for structured data. Unstructured data, like adverse drug reactions and
comorbidities (F1 score 53%-90%), which are frequently part of free text
in an EHR and hence more difficult to extract effectively, had signifi-
cantly lower accuracy.'?° Using digital twins, Al can also predict drug
response for a specific patient. A digital twin is a digital profile that is
identical to the real-world patient and can be used to estimate the in-
fluence of different treatments on health problems and disease outcomes
for that specific patient after training.'?!

12.3. Al in medical Diagnosis

Al is successfully used in medical diagnoses such as skin cancer,
neurological disorders, strokes, Alzheimer's disease, acute ischemic
stroke, and so on. NLP, the first reading device to provide outstanding
flexibility for clinicians to analyze the descriptors of X-rays on the chest,
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is also utilized to treat infectious diseases, and the Al-based least square
support vector machine (LSSVM), is used to diagnose cancer. 122 syM
was employed two years later to identify neurological and psychiatric
disorders imaging biomarkers.'** The particle swarm-optimized wavelet
neural network (PSOWNN) can detect breast defects.'>* Various SVM
combinations have been used to detect the early stages of Alzheimer's
disease. Similarly, Parkinson's disease can be identified using an
improved probabilistic neural network (EPNN).'?® Convolutional Neural
Networks (CNN) were designed in the study of diabetic individuals with
referable diabetic retinopathy (RDR).!?° The Nave Bayes classifier was
proposed for observing and removing heavy stroke lesions in people's
T1-weighted MRI data.'?” Recently, it was demonstrated that an 11-layer
deep, multi-scale, 3D CNN was applied for lesion segmentation in
multimodal brain MRIL'2® CNN is also employed in the diagnosis, strat-
ification, and treatment of congenital cataracts.'’

12.4. Al in Drug Treatment Optimization

Customizing the treatment plan for each patient is important and
beneficial for many marketed drugs. For example, therapeutic drug
monitoring (TDM) is used to tailor the dosage of drugs with a small
therapeutic window. Statistical prediction models are often used to
interpret TDM data to figure out drug exposure and an optimal method to
treat people. The use of Al in this area is not as advanced as it is in drug
discovery. This is mostly because training the models requires large
clinical datasets that are not always available.'**!3! Some XGBoost
models were trained by Labriffe et al to mimic the PK profiles of real
patients taking everolimus. XGBoost models are a type of supervised
learning that works by putting together many (weak) decision trees to
make a strong model. They trained the models using different combi-
nations of PK profiles from simulated and real patients, as well as TDM
readings of everolimus at three different time frames: before the dose, 1 h
after the dose, and 2 h after the dose. For training, 5016 simulated PK
profiles were used to make the optimal model. The trained model accu-
rately predicts the everolimus AUC for an external test set (n = 114, R2 =
0.956, root mean squared error = 10.3%)."%? In addition to treatment
optimization based on TDM, a transition is also taking place in phar-
macogenomics (PGx). The main goal of PGx is to explain PKs by
analyzing genetic differences in the genes that make drug-metabolizing
enzymes. The prediction models used in current clinical PGx practice
still rely on a small subset of genetic variations for predicting a person's
enzyme activities in a categorical model. CYP2D6 is complex and has a
lot of different variants, it is still challenging to organize people into the
right groups based on their expected enzyme activity. Currently, there
are two Al approaches published for predicting the CYP2D6 activity as
the PharmVar database'® can predict the activity of validation set by
88%accuracy facilitating to assign the activities to the uncurated alleles
and the other one is the neural network model that predicts the enzy-
matic activity based on the long-read sequencing data that can predict
with 79% accuracy.'%®

12.5. Al in structure and ligand-based virtual screening (VS)

Identifying drug-target interactions is an important part of drug
development. For this, advanced machine learning methods have been
used to make predictions by checking the physicochemical properties of
compound structures or target receptors. >*!3% VS is classified into two
categories: ligand-based virtual screening (LBVS) and structure-based
virtual screening (SBVS). SBVS uses 3D models of the compounds and
targets that have been confirmed by X-ray diffraction or nuclear magnetic
resonance (NMR). There are two steps in molecular docking, which is the
main method in VS: The first step is to virtually dock a ligand through a
database platform into the receptor's binding site based on its steric
physical, and chemical characteristics. Next, a mathematical scoring
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function will figure out the energetic binding affinity.'*>*® AutoDock,
Glide, and DOCK'*” 1% are a few of the most well-known docking tools.
random forest(RF) and support vector machines (SVM) have been used to
make docking scoring functions better in the context of ML."** ML-based
RF-Score was first introduced, which significantly expands the size of the
training set and predicts the binding affinity of proteins and ligands in a
wide range of test sets.'*! Recently, it was shown that ALADDIN, a
method that combines ML and docking, and the RF classifier improved
the accuracy of all-against-all ensemble docking in VEGFR2, p38a MAPK,
and GCR. It also solved problems in docking as well as scoring functions
like protein flexibility and solvation.'*? Additionally, deep learning (DL),
a type of ML used to enhance docking outcomes, has been widely used in
drug design and development.'*>'*3 A study developed a DL neural
network design that takes in protein voxels and ligand fingerprints as
input data and sends back linear data like RMSDmin, RMSDave, and
nRMSD by DockBench.'** In cases where the 3D structure of the target
compound is not known, LBVS is the first option. The idea behind it is
that when the structures are the same, then the cellular effects will also
be the same.*>14® The Al method has been used successfully in the field
of QSAR-based LBVS so far.'*® The QSAR-based LBVS uses Al algorithms
like ANN, RF, SVM, Bayesian algorithm, DNN, and kNN that are similar
to the SBVS methods we discussed above.'*®'*” The most prevalent
approach to do non-linear modeling in QSAR is with ANN, which tries to
work like the human nervous system and has many layers of neurons.
ANN is combined with adaptive neuro-fuzzy inference systems and
multiple linear regression (MLR) to the dataset of 90 pyridinyl
imidazole-based compounds that are inhibitors of
p38Rmitogen-activated protein kinases. ANN was a better predictor
model (ANN vs. MLR, R2 training: 0.8520, 0.4049, respectively) to find
out about the compound's physical and chemical properties and how they
relate to output descriptors.'*® A study improved ANN architectures and
investigated six different ways (partial Derivative-PaD, pairwise partial
derivative, weights, perturbation, profile methods, and a sum of ranking
differences analysis) to find the link between quantum mechanical mo-
lecular describers and output (33 flavonoids with the same amount of
antioxidant activity as Trolox). They concluded that the PaD and profile
methods were the most stable.'*°

12.6. Al in drug repurposing

The process of developing new drugs is very time-consuming,
expensive, and labor-intensive. By taking advantage of the possibility
that a known candidate can target more than one target site, drug
repurposing is an ideal way to use existing candidates for different
therapeutic reasons.' It has been made easier with the use of numerous
computational techniques such as molecular docking, which has devel-
oped a large database for evaluating drug effects on various targets. This
can be seen in the connection map (CMap) that is used for GWAS
(genome-wide association studies) and mRNA and gene expression. In
the pharmaceutical sector, excellent Al platforms for mixed data sources,
such as PREDICT,>! Netlap RLS,'®? , and DTINet,'>® have been devel-
oped for drug repurposing. For training, the unsupervised computational
method uses the drug labels known as predictors. They use clustering
methods.'>* This unsupervised approach and topographical pharmaco-
phore descriptor (CATS) are commonly used for clustering algorithms.
However, unsupervised learning only provides a moderate level of pre-
diction accuracy. A huge amount of unlabeled data and a small amount of
labeled training sets can be effectively modeled by the semi-supervised
learning paradigm. For example, LapRLS makes algorithms for
drug-target interactions, understanding that FDA approval was based
only on predictors of the target. However, the ability to make predictions
at the same time gives this method a good score. The BLM-NII, Net CBP,
and LPMIHN are some other methods. Moreover, Al-based drug repur-
posing is still in its early phases of application. To ensure its diverse



S. Yadav et al.

application in the field, the system must first overcome the prediction
accuracy reached manually by professionals.'>*

13. Conclusion

Al in pharmacy has very bright future possibilities. Personalized
medicine, drug discovery, medication management, supply chain man-
agement, patient counseling, and pharmacovigilance are just a few of the
areas in which Al has the potential to change pharmacy practice. Phar-
macists can increase productivity, boost patient outcomes, and deliver
individualized care by utilizing Al technologies. But when applying Al in
pharmacy, it's critical to take ethical issues, patient privacy, and the
necessity for human oversight into account. Artificial intelligence (AI)
should not be seen as a substitute for human judgment, but rather as a
tool to support pharmacists knowledge and decision-making. Al may
dramatically progress pharmacy practice if it is carefully considered and
used, which will eventually benefit both patients and healthcare
professionals.
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