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Abstract

Artificial Intelligence (Al) has emerged as a transformative force in the pharmaceutical industry, revolutionizing the drug discovery
process. This comprehensive review explores the multifaceted applications of Al in drug discovery, from target identification to lead
optimization and beyond. We examine the various machine learning algorithms, deep learning approaches, and natural language
processing techniques that are reshaping the landscape of pharmaceutical research. The integration of AI with genomics, proteomics,
and multi-omics data is discussed, highlighting its impact on target discovery and validation. We delve into Al-driven virtual
screening, de novo drug design, and QSAR modelling, showcasing their roles in hit discovery and lead optimization. The paper also
addresses the critical areas of predictive toxicology, ADMET profiling, and drug repurposing, where Al is making significant strides.
Furthermore, we explore the implications of Al in precision medicine and personalized drug discovery, as well as the ethical
considerations and regulatory challenges that accompany these advancements. Finally, we present emerging trends and future
perspectives, including the potential of quantum computing and federated learning in collaborative drug discovery. This review
provides a thorough analysis of the current state of Al in drug discovery, its challenges, and its promising future in accelerating the

development of novel therapeutics.
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Traditional vs Al-Driven Drug Discovery Timeline

1. Introduction
1.1 Background of Drug Discovery Process

The drug discovery process is a complex, time-consuming,

and resource-intensive endeavour that typically spans 10-15

years and costs upwards of $2.6 billion per successfully
marketed drug (DiMasi et al, 2016). This process ’ . .

encompasses several key stages: target identification and e
validation, hit discove lead optimization, preclinical . . .

’ RE p > P 1.2 Challenges in Traditional Drug Discovery
studies, and clinical trials. Each stage presents unique

challenges and requires extensive research and Traditional drug discovery methods face numerous obstacles:

experimentation. 1. High failure rates: According to Mullard (2016), only one

in 10,000 compounds gets past initial screening and into

the approval to market stage.
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2. Time constraints: The lengthy process thus leads to most

scientific databases, to make judgments about drug

discovery.

patient’s receiving their treatments late.

. Cost inefficiency: The financial health of the
pharmaceuticals is such that high cost of drug
development leads to expensive treatments.

. Limited exploration of chemical space: First generation
approaches allow only for screening a minute portion of
the chemical universe of possible drug compounds.

. Difficulty in predicting drug-target interactions: It has
remained hard to correctly predict how a compound will

perform when interacting with a biological target.

1.3 The Promise of Al in Drug Discovery

Artificial Intelligence offers promising solutions to many of

these challenges:

. Accelerated screening: In other instances, Al can assess
millions of compounds in a short time and thus minimize
the time needed to find the first promising chemical
structures, the ‘hit’ compounds.

. Improved prediction accuracy: One refinement that
results in machine learning models is that they can better
predict drug-target interactions along with ADMET
properties.

. Cost reduction: Through the enhancement of several
aspects of the drug discovery process, Al has the ability to
decline the cost of drug development.

. Expanded exploration of chemical space: Deep learning
can come up with new structures that have the potential
for chemical structures, and they evaluate the prospects.

. Integration of diverse data sources: Al can exploit data

from outside, including genomics, proteomics, and
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2. Fundamentals of Al in Drug Discovery

2.1 Machine Learning Algorithms in Drug Discovery

Machine Learning (ML) algorithms play a crucial role in

various aspects of drug discovery. Some commonly used

algorithms include:

Random Forests: Effective for QSAR modelling and

feature selection.

Support Vector Machines (SVM): Useful for

classification tasks in virtual screening.

k-Nearest Neighbours (k-NN): Applied in

similarity-based compound screening.

Naive Bayes: Employed in target prediction and

compound classification.

Table 1: Comparison of Machine Learning Algorithms in Drug Discovery

Algorithm Strengths Weaknesses Common Applications
Random Forests Handles non-linear | Can overfit on | QSAR modelling, Toxicity
relationships, noisy data prediction
Feature importance
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SVM Effective in high- | Sensitive to | Virtual screening, Binding
dimensional spaces | feature scaling affinity prediction
k-NN Simple, intuitive Computationally Similarity-based compound
expensive for large | screening
datasets
Naive Bayes Fast, works well | Assumes feature | Target prediction, Compound
with small datasets independence classification

2.2 Deep Learning Approaches

Deep Learning (DL) has been shown as an effective approach
to develop new drugs as it can also automatically learn the
relevant patterns from very large data. Convolutional Neural
Networks (CNNs) also provided high performances in image-
based drug discovery challenges including high-content
screening data analysis and the prediction of protein-ligand
interactions from initial 3D structures. Around Recurrent
Neural Networks and their enhanced versions like LSTM
have shown significant performance in sequence prediction
problems which include protein function predication and de

novo drug design.

Graph Neural Networks (GNNs) have emerged as a dominant
class of neural networks in the recent past because of the
ability to process molecular graphs directly. GNNS is able to
encode the structural features of molecules, so it is especially
suitable for tasks such as molecular property prediction,
reaction prediction and drug-target interaction prediction. For
instance, Stokes et al. (, 2020b) have employed the message
passing neural network, which is a type of GNN, for
identifying a new antibiotic that is equally potent against a
broad spectrum of bacteria including those that are antibiotic-

resistant.

2.3 Natural Language Processing for Biomedical

Literature Mining

NLP methods have gained significant importance to identify
and generate information’s from the biomedical databases.

These methods allow the researchers to track the

IJRITCC | September 2022, Available @ http://www.ijritcc.org

advancement, make predictions regarding drug targets, and

discover novel drug-disease relations.

They resorted to the technique called Named Entity
Recognition (NER) to extract and categorize biomedical
entities which include genes, proteins, diseases and chemical
compounds from the text. Relation Extraction techniques are
then used to analyse the existing relationship between these
entities. For example, authors in Giorgi and Bader, 2018
discussed a deep learning-based NER system which

outperformed other system on multiple biomedical corpora.

Both BERT and its biomedical adaptations including
BioBERT turned out to be more accurate in the extraction of

information from the scientific articles.

Al Methods Used in Drug Discovery
Others

Graph Neural Networks

Deep Learning

3. Target Identification and Validation
3.1 AI-Driven Genomics and Proteomics Analysis
With the help of Al, the process of analysis of genomic and

proteomic data have become faster and also have a greater
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accuracy in the identification of targets. It is possible to use
information of different natures, such as gene expression, PPI
networks, and phenotypes, to discover new drug targets by

employing machine learning.

Recent work proving the ability of deep learning models,
especially autoencoders, in dissecting the single-cell RNA
sequencing data for uncovering cell-type-specific drug
targets. For example, Wang et al. (2019) centred on using a
variational autoencoder for labelling of single-cell
transcriptomics to induce new targets for cancer

immunotherapy.

In proteomics applications, machine learning algorithms are
being applied in the prediction of protein structures, which is
one of the most important prerequisites for their function, and
hence, druggability. Recently, DeepMind has unveiled
AlphaFold which bring promising advances in structure
prediction of proteins and which can help to enhance the

structure-based drug design.
3.2 Network-Based Approaches for Target Discovery

A network-based approach is an extension of molecular
profiles and utilizes the interactions existing between
biomolecules to discover drug targets. Computational
methods from the thread of graph theory and network analysis
are used to study protein-protein interaction, metabolic and
gene regulatory networks for discovering the key nodes that

could be targeted for drug design.

A known approach is employing the centrality measures for
the extraction of important nodes like the degree centrality or
betweenness centrality. In the current study, Keskin et al.
(2021) implemented network analysis and machine learning
in search of potential drug targets in COVID-19, showing
how both methods can be extremely valuable in response to

high-stake health crises.

There is another highly prospective approach — the use of
network propagation algorithms which allow predicting

genes related to the disease based on the topology of the
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biological networks. Such methods have been used
effectively for the discovery of new targets for many diseases,

such as cancer and neurodegenerative diseases.
3.3 Integrating Multi-Omics Data for Target Validation

The combination of a number of OMICs data, which include
genomics, transcriptomics, proteomics and metabolomics,
offers a better perspective towards the biological systems and
improves the target validation. Machine learning techniques
are appropriate for use when dealing with multi-omics dataset
due to its high dimensionality and heterogeneity and deep

learning models are the best in this facet.

Non-supervised analysis can be applied on omics data by
using autoencoder and self-organizing map, which can help
to find patterns and to decrease dimension of multi-omics
data. These reduced representations can then in turn be
utilised for further analysis such as patient segmentation or

target identification.

Gligorijevic et al. (2016) proposed a deep fusion model where
the input of multiple forms of biological data to predict link
between gene and disease. AL was more successful than
previous techniques and also provided the possibility of new

targets of drugs for several diseases.
4. Hit Discovery and Lead Optimization
4.1 Virtual Screening and Molecular Docking

Al has improved the virtual screening feature beyond doubt,
according to which large chemical databases can be scanned
for hit compounds effectively. Many machine learning
algorithms when fed known active and inactive compounds
can estimate how likely a given compound will bind to a

target protein within a short time.

Specifically, GCNs and MPNNs are deemed to be effective
for virtual screening tasks. The former can directly handle
molecular graphs and preserve both the structural and
chemical information of the compounds from the graph. For

instance, Yang et al. (2019) designed a GCN-based model for
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protein-ligand binding affinity prediction that was more
effective than the traditional approaches such as the docking

approach.

Similarly other techniques such as molecular docking
facilitated with the use of Artificial Intelligence has enhanced
the ability to predict the pose binding and the affinity. Since
machine learning can supplement classical docking
algorithms in the context of protein flexibility and solvent
effects, the overall efficiency of compound prediction will

increase.
4.2 De Novo Drug Design

De novo drug design intended to create new molecules with
required features and it is done from first principles.
Generative Al has been transformative to this field by
providing an opportunity to sample chemical space that is

unfeasible by other means.

Specifically, VAEs and GANs have been employed for the
generation of new chemotypes. These models discover the
distribution of known drug-like molecules and are capable of
generating new structures that belong to the same
distribution. In the recent work Zhavoronkov et al. (2019), a
scaffold-based generative tensorial reinforcement learning
(GENTRL) model was employed for the design of novel
inhibitors of discoidin domain receptor 1 (DDR1) kinase,
which has potential for the treatment of fibrosis and other
diseases. The Al-derived compounds were subsequently
synthesised and evaluated and some of these demonstrated

nanomolar affinity in a mere 46 days.

It has also been used in reinforcement learning methods to
obtain optimal generated molecule for certain properties.
These methods can steer the generative process to the
direction of molecules which possess the required properties

such as high affinity, low toxicity or better ADMET profile.
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4.3 Quantitative Structure-Activity Relationship (QSAR)
Modelling

For as long as computational drug discovery has been a
concept, QSAR modelling has been one of its key
components and Al has made powerful advances to this
aspect. In the field of QSAR, different ML algorithms, but
random forests and gradient boosting machines as ensemble

approaches, achieve very good results.

Building of QSAR models has been given new perspectives
by applying deep learning techniques including deep neural
networks and graph convolutional networks that learn the
relevant molecular features on their own. These models can
describe relationships between molecular structure and
biological activity that involve nonlinear dependencies and
may provide better performance than traditional QSAR

models.

The transfer learning approaches have also been incorporated
into the QSAR modelling, in which it is possible to fine-tune
large models on a small amount of target data. Application of
this approach has proved to provide a way of rectifying the
inadequacy of experimentally derived information regarding

the targets and enhancing predictive performance.

Success Rates in Different Stages of Drug Discovery
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5. Predictive Toxicology and ADMET Properties
5.1 Machine Learning for Toxicity Prediction

This means that determining the toxicity of a drug during the

course of drug discovery is essential in order to minimize the
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rate of failure at a later stage. Such toxicity prediction is
accomplished by learning and constructing machine learning
models on different sorts of toxicity like hepatotoxicity,

cardiotoxicity, genotoxicity, etc.

Such techniques as random forests, and gradient boosting
machines in particular have fairly good performance rates
when used in toxicity prediction. It may also be noted that
these models can cope with high dimensionality of molecular
descriptors and can detect nonlinear dependence between

chemical composition and toxicity.

For toxicity prediction, deep learning models and among
them graph neural networks GNNs have also been proposed
and tested with high accuracy. For instance, Xu et al. (2019)
proposed a graph convolution network model for chemical
toxicity prediction, which shows improved performance as
compared to traditional machine learning approaches on

multiple datasets.
5.2 AI-Driven ADMET Profiling

The precise estimation of various ADMET properties
allowing one to gauge the potential drug candidates against
unfavourable pharmacokinetic profiles is critical. To predict
various ADMET properties such as oral bioavailability,
blood-brain barrier permeability and cytochrome P450

interactions, AI models have been trained.

Dietz et al used multi-task learning approaches for ADMET
prediction, have come up with particular promising results
since they can take advantage of the relation between
different ADMET properties to give a much better
generalization ability. For example, Ramsundar et al. (2015)
designed a multi-task deep neural network that could predict
multiple ADMET properties better than the models that were
designed particularly for individual ADMET properties.

Other methods such as attention have also been incorporated
into deep clothing models for ADMET prediction to help the
models to pay attention to the key structural features in

relation to each property. The application of this approach has
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enhanced ADMET predictions concerning both accuracy and

interpretability.
5.3 Integration of In Silico and In Vitro Approaches

Although the new and developed Al-driven in silico ADMET
prediction has provided helpful solutions to ADMET
prediction, the integration of these in silico models with in
vitro experimental data can improve the methods’
predictability. Machine learning techniques are also more
valuable in helping direct the in vitro experiment design and
can consume less resources and time to complete the ADMET

profiling.

In the selection of compounds for experimental testing active
learning has been used to achieve the best value for such
testing, or in other words to get most of what is to be
discovered in an experiment. This exposure can quite reduce
the experiments that may be done in an attempt to develop

accurate ADMET models.

In addition, transfer learning strategies have been applied to
fine-tune the models obtained from large scale in vitro data
for particular targets or compound classes where
experimental data are scarce. This strategy may raise the
predictive  ADMET prediction capability of chemical

structures of new chemical entities.
6. Drug Repurposing and Repositioning
6.1 Computational Approaches to Drug Repurposing

Drug repurposing that is the identification of new therapeutic
application of drugs has been considered attractive because of
the potential to speed up drug discovery and reduction in
costs. Through the wuse of artificial intelligence,
computational research has made drug repurposing both

quicker and more extensive.

Computational methods using machine learning techniques
have been created to predict new drug targeting diseases on
the basis of information derived from drug-target, gene

expression, and side effect data. For instance, Napolitano et
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al. (2013) reported an SVM-based model that would predict
new indications of known drugs based on pattern recognition

of transcriptional response.

Convolutional neural networks and Siamese neural network
is other methods that have been explored in drug repurposing
tasks; Variational Autoencoder and Graph Neural Networks
have also been used in drug repurposing. There are also
models which can learn “compression” of drugs and diseases
and this allows to find connections between them that are not

uniquely apparent from their descriptions.

(" Example Targets
§ S Protien

L ZINC Database [ Drogaank ] [ chemsl
'

Dﬁ Virtual Screening
CHE -
L) E Feature c‘nmﬁon

6.2 Network-Based Methods for Drug Repositioning

hit identification strategies build up upon the relationships
among drugs, targets, diseases, and other entities for
repurposing discovery. These methods usually rely on
applying some form of graph theory and network analysis to

realise latent patterns in biological networks.

Heterogeneous networks built based on biological data have
recently attracted significant attention as one of the possible
solutions. For example, Luo et al. (2017) constructed a
network computational approach, DTINet, which combines
various sources of drug-related information to identify other
potential drug-target interactions and new potential uses for

existing drugs.
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Other ways included the use of knowledge graphs and the
graph embedding methods. Such approaches can capture
semantic relation between biological entities and have been

proven useful in predicting new Drug-Disease interactions.

6.3 Challenges and Opportunities in AI-Driven Drug
Repurposing

Despite the significant achievements in the development of
approaches based on artificial intelligence to the drug
repurposing, several problems persist. First of all, large data
gaps may be present both in the quality and quantity of the
data itself. Some of the repurposing strategies based on
previously used drugs call for the inhibition using existing
public databases which can be skewed or contain limited data.
Solving these problems is of paramount importance for
enhancing the reliability of the future approaches for

repurposing.

Another issue is to explain and verify provenance repurposing
hypotheses created based on Al There are ongoing research
efforts to build AI models that can offer the breakdown of

how this predicted drug-disease association was arrived at.

However, there is a great opportunity in the real-world use of
artificial intelligence to address the process of drug
repurposing. The fact that these approaches are helpful to
rapidly screen potential treatments for the new diseases, such
as COVID-19, speaks for them. In addition, the combination
of Al with the existing high-throughput experimental
methods, including phenotypic screening, might contribute to
the enhancement of the repurposing prediction validation

rate.
7. Precision Medicine and Personalized Drug Discovery
7.1 Al in Patient Stratification

Precision medicine stands in for delivering right treatment for
the right patient at the right time through understanding
his/her genomic profile and surroundings. Al is particularly

useful in-patient selection, the process of categorizing
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patients into groups who are expected to have similar

response to a particular treatment intervention.

In the case of the heterogeneous patient populations, the
clustering and other related unsupervised learning techniques
are employed to segment patients based on combined and
often multi-dimensional characteristics. For instance, Li,
Zhang, and Zhang (2018) proposed a DL method for cancer
patient stratification at when designing multi-omics patient

subtyping.

The same approaches are also being used to mine electronic
health records and extract patient subgroups from clinical
notes. Such approaches can discover patterns in patients’
records that can be hardly revealed with the help of structured

data analysis only.
7.2 Genomics-Guided Drug Discovery

Enhancement of the knowledge of genes and genomic
makeup has expanded new ways of defending against
diseases through treatment. Such Al programs are applied on
extensive genomic datasets to find undetermined significant

drug targets as well as deduce drug effects.

A number of genomic predictors of drug sensitivity have been
built to choose the most effective treatments for patients. For
example, Menden et al. (2013) devised an MLA that forecasts
how sensitive cancer cell lines are to compounds with regard
to genomic characteristics and the physicochemical

properties of the substances.

Various recognition techniques have been used including the
deep learning convolutional neural networks that have been
used in analysing genomic sequences to determine,
therapeutic targets. These models can reveal relations in
genomics data that other methods cannot identify including

the nonlinear ones.
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7.3 Integrating Electronic Health Records in AI-Driven

Discovery

EHR’s provide drug discovery with a rich source of real-life
clinical data that may be harnessed for drug discovery and
development purposes. Approximately 80% of current Al
techniques are aiding in gathering insights derived from
EHRs by applying Natural Language Processing and

Machine Learning.

One use is to detect and monitor drug-drug interactions and
ADRs in pragmatic patient databases. Another advantage of
using machine learning models for developing predictive
models for the safety of new drugs is that the models, trained
on EHRs can discover safety signals that were unknown in

Clinical trials.

A fourth application is the identification of new therapeutic
indications for established medication with data drawn from
the EHRs. It also implies that Al algorithms, after looking into
trends in drug usage and the end results of the patients, can
propose hypotheses for drug repurposing, which if confirmed,

can become hypotheses for further studies.
8. Ethical Considerations and Regulatory Challenges

8.1 Data Privacy and Security in Al-Driven Drug

Discovery

There are some fundamental issues with utilizing big data in
conjunction with Al algorithms in the drug discovery process,
chief of which are privacy and security. One of the major
issues is to maintain the patient’s anonymity and at the same

time, facilitate the use of data of the patients in research.

Federated learning solutions, also known as becoming-form
models which enable training on decentralized data without
actually sharing the raw data are a preserve to the problem.
These methodologies facilitate the sharing of discovery of

new drugs while protection of the data being shared.

In this context, the application of blockchain technology is

also under discussion for the purpose of secure share and
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usage tracking of biomedical data in drug discovery. These
approaches can improve the visibility of data-sharing models

and the degree of faith in them.
8.2 Algorithmic Bias and Fairness

As Al plays an increasingly important role in drug discovery,
addressing issues of algorithmic bias and fairness becomes
crucial. Biases in training data can lead to Al models that
perform poorly for certain populations or reinforce existing

health disparities.

It important to derive minority and balanced data sets for
training the Al models to achieve fair distribution of drugs.
This also includes such measures as imposing new and
stricter rules for diversifying people of colour in clinical trials

and genomic databases.

In the field of drug discovery, methods for the recognition of
bias at modelling stages and prevention thereof like fairness-

aware machine learning are under creation and usage.

8.3 Regulatory Framework for Al in Pharmaceutical

Research

Through the development of artificial intelligence there is the
issue that the advancement in the use of Al in drug discovery
is faster than the formulation of protocols on the use of Al in
drug discovery. Different regulatory agencies are approaching
the formulation of guidelines for the use of Al in the

pharmaceutical research and development.

Major concerns are connected such questions as the proof of
the effectiveness and robustness of Al-based models applied
to drug discovery, the issue of the interpretability of the
results generated through the application of Artificial
Intelligence both at the level of the decision taken and of the
decision-maker, and the legal aspects connected to the use of

real-world data in Al applications.

There is also the need to combine joint efforts of regulatory
agencies and supported industries and academic institutions

in the development of more suitable regulatory policies in line
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with technological progression not interfering with patient

safety and ethical considerations.
9. Future Perspectives and Emerging Trends
9.1 Quantum Computing in Drug Discovery

Quantum computing is applied to revolutionize several
aspects of drug discovery based on exercises that require
quantum mechanical calculations. Among them, the most
encouraging is the use of quantum computers in molecular
simulations that can solve the problems of molecular
properties and interactions that are hardly solvable by

controlling the challenge.

There are some proposed quantum machine learning
algorithms which could improve the majority of imposing
points pipe of the drug discovery. For example, quantum
support vector machine and quantum neural network could be
more efficient in tasks such as to find drug candidates, or to
predict protein-ligand binding. However, interesting to
notice, fully operational quantum computers at scale still exist
on the prototype level and there are still numerous technical
difficulties before quantum computing will be a cordial part

of drug discovery processes.
9.2 Federated Learning for Collaborative Drug Discovery

More and more, federated learning is proving as an effective
strategy for providing data cooperation in drug discovery
without compromising on data security. This technique
enables cross-organization model training on local raw data
without exposing the original data. Even in this case only
updated models are distributed during exchange of info while

other info is kept secure.

In the way of drug discovery federated learning could
enhance cooperation between the pharma companies,
academic institutions and healthcare providers. for example,
it could allow obtaining more accurate ADMET prediction
models based on the data collected from several sources,

while the data are not disclosed. This is especially true for
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industries where data is scattered; federated learning can help
to speed up rare disease research by allowing researchers to
work with datasets that can be orders of magnitude larger than

their own, while not breaching patient privacy or data
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9.3 AI-Human Collaboration in Drug Design

There is evidence that, in the future, the use of Al for drug
discovery will be in partnership with human operators. Data
processing ability of Al is impressive and generating new
hypothesis but human intuitions and domain knowledge play
an important role in analysing results and taking further

course of action.

Techniques that make communication of interacting with a
machine possible are being created for this purpose. These
systems let the human specialist supply feedback on
determination to the artificial intelligence models in actual
time to fine-tune the predicts and designs. For example, in the
process such as de novo drug design, the chemists could
provide feedbacks during the process of automatically
synthesizing the new compounds as both aimez and

computational abilities complement each other.

Another element that is being considered in the Al’s
integration with man systems are the so-called Explainable Al
(XAI) methods. When applied to Al-based models, XAl can
enhance human expertise by way of supplying judgement-
capturing explications of Al prediction and decisions; thus,
increasing trust in Al results and improving outcomes in the

drug discovery process.
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10. Conclusion
10.1 Summary of Al's Impact on Drug Discovery

Expert systems based on artificial intelligence have ventured
to provide radical approaches to some of the traditional
questions in drug discovery. They presented the ability of Al
to support target identification and validation, hit
identification, lead optimization and much more, as an
opportunity to save time, money, and increase chances for

success in the quest for novel therapeutic agents.

The integration, the concepts such as machine learning and
deep learning have improved our potential to predict
properties, to analyse biological data and the design of new
chemical entities. The data mining endeavour has benefited
from NLP and other approaches for extracting knowledge out
of the huge biomedical literature and for searching for
interconnections in biological networks. The use of the
connection between genomics, proteomics and multi-omics
data and Al has created a foundation for new highly-targeted

approaches to drug development.

Projected Cost Reduction in Drug Discovery

10.2 Challenges and Limitations

However, there are a few issues and limitations still present
when using Al in drug discovery. One major challenge
remains in data quality and the acquisition of such data,
especially in the case of diseases with few patients or targets
with little experimental evidence. The lack of clarity on how
the various high level Al models, especially deep learning
models, arrive to the decision they make could hamper their

uptake in regulatory processes.
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Another significant issue is a verification of the hypotheses
and designs generated by Al in experiments. Although Al can
make very quick predictions and generate new molecular
designs, the process for experimental validation is slow and
costly. Closing this gap between the computer simulations
and experimental benchmarking is important for the

advanced application of Al in drug discovery.

Privacy and political concerns and reviewing the
dissemination of work that involves algorithms that may
exhibit prejudice or unfairness are other essential obstacles.
Two major challenges will be to guarantee that proper use of
Al for drug discovery will take into consideration patients of
all caliber while at the same time will have to observe rights

to dignities and privacy of every patient.
10.3 Future Outlook

The further development of Al in drug discovery appears to
be bright, as are new technologies and solutions to the current
difficulties and challenges. The complex quantum computing
in its sustained state could probably change the molecular
simulation and therefore more accurate prediction of drug-
targeted interactions in future, the author rightly pointed out.
Many state-of-the-art approaches such as federated learning
and others have the potentiality of enhancing the multi-
partner and multi-source collaborative and massive data-
based drug discovery efforts with proper account of potential

privacy issues.

Here is some emerging technologies internalization Al with
CRISPR gene editing, single cell sequencing, and the organ
on the chip platform, is expected to provide additional
synergies which is likely to enhance the drug discovery speed.
Besides, the further refinement of the explainable AI and
interactive machine learning methodologies is expected to
further improve the combined working of human experts and
artificial intelligence when it comes to discovering new

drugs.
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With Al growing with time, it is expected that with its
maturity it will advance in drug discovery than merely being
a modelling design tool for drugs. But to make the most of it,
further integration between Al scientists, biologists, chemists,

clinicians and regulators is needed.

Altogether, although we still faced certain challenges, Al
applied to drug discovery has already provided numerous
advantages and has an enormous potential for the continuous
improvement. It is expected that with such technologies
steady growth and progress over the future, the rate at which
new therapies are being discovered and brought to patients
will be significantly enhanced hence lead to improved patient

care and management of various diseases.
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