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Abstract:

The discovery of drugs is recognized as a lengthy, highly costly, and extremely complex process. For example, some
traditional drug discovery methods consist of millions of trials to get a druggable compound to the market. Drug
discovery based on artificial intelligence can be a prompt, low-cost, and effective way to streamline drug discovery.
Although some works have been proposed to use artificial intelligence tools for drug discovery, few people summarize
these advances in a systematic way. In this paper, we propose an organized and comprehensive review that outlines
a broad range of appliances of artificial intelligence in drug discovery including harnessing virtual screening and
molecular docking techniques, utilizing pathway networks for repurposing existing drugs, lead identification, biomarker
research, identification of the target, diverse variety of artificial intelligence and their comparison, etc. In addition, we
shed light on predicted limitations and challenges in drug discovery based on artificial intelligence, as well as sketch the

strategies to harness its potential for upcoming drug design endeavors.
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1. Introduction

The success of drug design and optimization paves the
way for certain drug discovery. Still, it is a challenging
path fraught with influencing factors such as poor selec-
tivity and affection for the specified object, off-target ef-
fects, and physicochemical properties including solubility,
stability, and pharmacokinetic characteristics [16]. For
this reason, this step often requires the integrated applica-
tion of knowledge from sorts of disciplines. Statistically,
drugs typically take 10 to 15 years to make it to market,
and their anticipated costs might range from 161 million
to 4.54 billion (Schlander et al., 2021) [1]. Moreover,
approximately 90% of potential drug candidates still fail
clinical trials (Sun et al., 2022) [1].

In 1956, John McCarthy initially coined the phrase “Ar-
tificial Intelligence” and gave a general overview of its
tenets [2]. The term Al denotes systems that mimic human
cognitive functions, such as learning and problem-solving,
often referred to as ‘thinking” and ‘intelligence’ in ma-
chines [3]. With artificial intelligence advancing by leaps
and bounds, Al-driven drug discovery has emerged as a
revolutionary technology in the field, owing to its ability
to analyze and interpret vast quantities of data. For in-
stance, Al now has an incredible potential to expedite the
process of CNS drug discovery with a high success rate [4].
Innovations in Al have demonstrated valid applications in
critical scenarios, such as outperforming dermatologists
in skin cancer analysis [5, 6], and utilizing prostheses to
predict mortality after cardiac surgery [7]. These research-

es all signify that Al has become a significant and potent
component of the drug discovery industry.

Despite the rapid progress in the field of artificial intel-
ligence (Al) and its increasingly prominent role in drug
discovery, there remains a gap in the comprehensive
documentation of its integration and impact within the
field. The existing literature tends to ignore the broader
influence of Al throughout the drug discovery and devel-
opment process. The purpose of this paper is to fill this
gap by providing a comprehensive review of the diverse
roles of Al in drug discovery, including its role in virtual
screening, molecular docking, and drug repurposing. To
accomplish this goal, the paper is structured so that the
background and importance of drug discovery are covered
in the introduction, which also highlights the revolution-
ary effects of artificial intelligence in this field. After that,
a thorough analysis of the conventional drug development
method is provided, stressing its drawbacks and difficul-
ties, which highlights the need for Al-driven innovation.
The report additionally illustrates how Al may speed up
the process of developing new drugs by discussing its
application in drug repurposing. The effective use of Al
in drug discovery follows through case studies and exam-
ples, offering verifiable proof of its value. These practical
benefits serve to emphasize the real-world advantages
and possibilities of artificial intelligence in this area. The
main body of the work explores the several ways artificial
intelligence (Al) is being used in drug discovery. It does
this by comparing and contrasting computational methods
including computer-aided drug design (CADD), machine
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learning (ML), and deep learning (DL), as well as how
they are integrated into drug design. This section also
looks at the application of Al to molecular docking and
virtual screening, two processes that are essential for suc-
cessfully identifying possible medication candidates.

The remainder of the paper is arranged as follows. Firstly,
we talk about the procedure for traditional drug discovery
in Section 2, focusing on conventional methods and their
limitations. And then we review some of the applications
in drug discovery based on artificial intelligence (Sect. 3),
we will explore the comparison between computer-aid-
ed drug design (CADD), machine learning (ML), deep
learning (DL), and artificial intelligence (Al) in crafting
novel therapeutics. Then we will delve into the power of
virtual screening and molecular docking to rapidly and
precisely identify potential drug candidates. Furthermore,
artificial intelligence function in repurposing drugs will be
highlighted. Finally, we discuss obstacles to implementing
finding drugs and chart its way forward.
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2. Traditional drug discovery process

2.1 Basic Methods in Traditional Drug Dis-
covery

Identification of biological targets is the first step in drug
discovery, it involves understanding the pathogenesis of
the disease in question and based on pathogenesis, pin-
pointing the protein, enzymes, or receptors that could
serve as potential therapeutic targets. Subsequently, the
initial chemical molecule is identified that has therapeutic
efficacy against the designated target; such a compound is
termed a ,hit* [8]. This stage often applies high-through-
put screening (HTS) of large compound libraries to identi-
fy these initial leads. The next step is to isolate ‘hits’ com-
pounds, they are then subjected to a series of optimization
processes to improve their potency, selectivity, and prop-
erties, this process is also called lead optimization. With
optimized leads, the purpose of the drug‘s clinical trial is
to assess the compound*s safety and probable impact on
humans.
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Fig. 1 Overall drug discovery process

2.2 Limitations and Challenges in Traditional
Drug Discovery

Traditional drug discovery, while having led to numerous
breakthroughs in medicine, faces several inherent lim-
itations and challenges that can hinder the efficiency and
success of the process. Apart from being time-consuming
and having a high rate of failure, traditional drug discov-
ery also faces the challenge of limited targetability. Some
targets are inherently difficult to modulate due to their
complex structures or their role in multiple biological
pathways, which increases the risk of off-target effects and
toxicity. Moreover, traditional compound screening meth-
ods are inefficient, because screening tens of thousands
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of compounds may yield only a few effective candidates.
Additionally, many disease models, such as animal mod-
els, may not always predict the drug‘s effect accurately in
humans due to the complexity of human physiology and
the differences in disease manifestation. These factors can
significantly limit the efficiency of the drug discovery pro-
cess.

3. Applications of Artificial Intelligence
In Drug Discovery

3.1 The Comparison of CADD, ML, DL, and
Al in Drug Discovery
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Fig. 2 Overview of CADD
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A variety of computer tools are combined in comput-
er-aided drug design (CADD) to design and optimize lead
compounds through computer simulations, calculations,
and budgeting of relationships between drug and receptor
biomolecules. CADD involves molecular modeling, ratio-
nal drug design, computational chemistry, and molecular
design (Muegge et al., 2017) [8]. CADD can be divided
into two basic techniques: structure-based drug design
(SBDD) and ligand-based drug design (LBDD). They
are utilizing 3D structures of a protein or ligands based

on availability [8]. Machine learning (ML), a subfield of
Al, can autonomously enhance its performance through
experience [9]. ML is often divided into three categories:
unsupervised, supervised, and reinforcement learning.
It predicts computational statistics. [9]. Deep learning
(DL) is a subfield of ML, comprising a class of methods
focused on artificial neural networks (ANN) and spiking
neural networks (SNN). It is distinguished by its capacity
to learn from unstructured and unlabeled data without hu-
man intervention.

Deeping Learning

Machine Learning

Artificial Intelligence

Fig. 3 Relationship of AI, ML, DL. Deep learning algorithms include artificial neural networks
(ANN), spiking neural networks (SNN), generative adversarial networks (GAN), and deep
belief networks (DBN).

The history of CADD can date back to 1950 [10], with the
increase in computational power, its applications also ex-
panded. ML and DL emerged with the rise of data science
in the 21st century, getting remarkable achievements in
image recognition and natural language processing, and
gradually applied to drug discovery to overcome some
tough issues.

The chief merit of CADD is precisely simulating the pos-
sibility of the interaction between receptors and the drug,
enabling efficient virtual screening. ML is accomplished
by extracting features from chemical and biological data
to identify the potential drug candidates. DL is capable
of processing intricate data structures, such as gene ex-
pression data and protein sequences, which can unveil the
intricate mechanisms behind drug action. CADD technol-
ogies have been utilized to discover and/or optimize mul-
tiple drugs at various stages. These medications, include
Nolatrexed, Oseltamivir, Rupintrivir, Saquinavir, Zana-
mivir, Boceprevir, Captopril, Dorzolamide, and Aliskiren
[11]. ML is capable of analyzing a wide range of data
types, including networks of protein-protein interactions,

gene expression patterns, and proteomic and genomic
data. By doing so, it can discover possible components
that are probably involved in disease processes [13]. For
instance, graph neural networks (GNNs) are a type of
deep learning (DL) used for the creation of novel molec-
ular structures in drug discovery. Through their ability to
discern and acquire the complex connections between at-
oms and molecular fragments within a dataset, GNNs are
capable of generating new compounds [13]. The integra-
tion of artificial intelligence (Al), machine learning (ML),
deep learning (DL), and computer-aided drug discovery
(CADD) will further enhance the efficiency of drug dis-
covery. This integration allows for a comprehensive un-
derstanding of the molecular mechanisms of disease and
accelerates the speed of drugs from development to mar-
ket.

3.2 Virtual Screening

Al techniques can be utilized for target-specific molecular
identification and virtual screening or to examine their bi-
ological activities, and to predict protein-drug interaction.



Dean&Francis

Rather than conducting physical tests on every compound
in a given library, virtual screening utilizes computational
methods to predict which compounds are most likely to
bind effectively with the desired drug targets [20]. Iden-
tifying potential drug compounds with favorable charac-
teristics for specific targets is an essential phase within
the drug discovery process [9]. It is necessary to take
physicochemical properties, bioactivity, and toxicity into
consideration because they ensure the discovery of safe,
cost-effective medicines.

Physicochemical properties by altering solubility, stability,
and lipophilicity, affect the toxicity features of absorption,
distribution, metabolism, and excretion [19] in our bodly.
Machine learning has been applied to model the combined
probability distribution of physical characteristics and
molecular structures to accomplish the inverse design.
In recent years, the strategy of matched molecular pair
(MMP) analysis, which is Al in terms of bioactivity, has
gained widespread application in the de novo design of
drug compounds. This approach involves assessing the
effects of bioactivity and molecular properties through
the introduction of a single chemical transformation [9].
Al-based toxicity prediction contributes to assessing the
safety of drugs. The DeepTox algorithm [18] is a toxicity
prediction tool based on DL. This method helps to antic-
ipate and mitigate potential side effects during the drug
development phase.

3.3 Al Applications in Drug Repurposing

Drug repurposing is reusing the existing and already
available drugs for novel therapeutic options. One major
benefit of repurposing drugs is that it is an approach that
can skip the toxicity examination and clinical trial phases
using already approved drugs to cure disease, which can
greatly save time and money, as well as reduce the failure
rate. Alberto Paccanaro et al. proposed two methods spe-
cifically for the repurposing of drugs for COVID-19. One
of these methods involves utilizing a matrix decomposi-
tion algorithm to prioritize broad-spectrum antiviral drugs.
The second method is based on network medicine and in-
troduces graph kernel methods to rank drugs®. This strate-
gy is dependent on the disruptions induced by drugs in the
human interactome sub-networks, specifically those that
are vital for SARS-CoV-2 infection and replication. Sun
et al. [12] introduced an approach named AdaDR, which
intends to enhance the effectiveness of drug repositioning
through the comprehensive integration of node features
and topological structures. Unlike traditional graph con-
volutional networks, AdaDR models the relationship

1 The experiment was conducted by Alberto Paccanaro
came from Network Medicine - Paccanaro Lab.

between topological structures and deeply integrated
node characteristics, in this way, can greatly improve the
expressive ability of the model. As a new model, AdaDR
suggests that the correlation between drug diseases can be
utilized in drug repurposing [9].

4. Challenges and Future Outlook

In spite of the possible merits that Al offers in the realm of
drug development, it is essential to consider several chal-
lenges and limitations that are inherent to its application.
Among the challenging problems is the lack of adequate
data [13]. Al-driven methods often require an extensive
amount of data for training. Accordingly, the quality, com-
pleteness, and consistency of data can determine the reli-
ability as well as accuracy of the outputs [14]. Concerns
about ethics provide a further challenge [15], as early Al-
based techniques lack explainability; they are frequently
perceived as ‘black boxes’, which do not explain the rea-
son behind their predictions [1]. That’s why it is difficult
for people to have confidence in the decisions generated
by Al. To tackle this issue, an explainable Al was devel-
oped, such as E-Al [17], to provide an explanation of the
decisions or predictions for humans in a straightforward
way. Notwithstanding Al has its demerits, and there is al-
ways room for further improvement. Al holds the promise
of transforming the pharmaceutical sector by accelerating
the discovery and development of drugs. Looking ahead,
further use of Al in drug discovery can invent drugs for
the treatment of incurable diseases with a greater possibil-
ity, so that people can no longer suffer from diseases.

5. Conclusion

It is commonly recognized that the drug discovery process
is a tedious, costly, and complex one. Using conventional
techniques, it frequently takes several trials to get a mol-
ecule from the lab to the market as a useful medication.
Artificial intelligence (Al), on the other hand, presents a
potentially quicker, more economical, and more success-
ful way to expedite the drug discovery process. Although
an amount of research has proposed using Al for drug
discovery, comprehensive assessments of these advance-
ments are few. This review presents a comprehensive and
systematic analysis of the diverse applications of artificial
intelligence in the field of drug discovery. It addresses the
application of Al to molecular docking and virtual screen-
ing, as well as the repositioning of current medications
via pathway analysis, lead compound identification, bio-
marker research, target identification, and a comparison
between multiple Al techniques. The study also explains
how to take advantage of Al for upcoming drug design
schemes and addresses the expected obstacles and restric-
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tions of Al in drug research.
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