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HIGHLIGHTS

e This review provides an overview of the theory and applications of Artificial intelligence in drug
discovery.

e Sustainability in pharmaceutical development opens avenues for broader range exploration at lower
costs.

e Recent applications of various active learning methods in drug discovery research.

Abstract: In recent years, big complex data sets have been generated using omics analysis, necessitating
the use of various bioinformatics and computational tools for analysis and interpretation. The exploitation of
artificial intelligence (Al) and big data will enable in silico prediction of many parameters that are presently
tested in vivo. Automation and multiplexing synthetic approaches will allow a broader range of exploration of
screening of thousands of compounds with better reproducibility at lower consumption and overall lower costs
thereby effectively speeding up the process of drug discovery. Other advanced techniques such as Machine
Learning (ML) and Deep Learning (DL) algorithms are now being used to perform virtual screening of various
lead compounds that can be developed into drugs. Integration of new technology such as Al have with drug
discovery process will make the design and optimization process more robust by substantially eliminating
bias and human mistakes as well as the time required for testing the candidate compounds for drug
development. In the years to come advancements in Al technology coupled with computational power could
revolutionize the drug discovery process with a strong footling based on sustainability in pharmaceutical
development. This review presents the applications of Al algorithms such as supervised learning,
reinforcement learning and others can contribute at various stages of drug discovery pipelines.

Keywords: Artificial intelligence (Al); Machine learning (ML); Deep learning (DL); Drug design;
Bioinformatics.

INTRODUCTION

Sustainable development is a remarkably persistent and ideal concept and its emphasis has to be paid
from the cradle to the grave in all fields including drug discovery i.e. initial phase to the later stages of product
development or clinical stages. Sustainability in drug discovery can be achieved by responsible research and
innovation as one of the reasons of the decreased drug discovery productivity is the increased difficulty (and
costs) in finding (and validating) novel therapeutic targets.
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Artificial intelligence (Al) and big data can play a crucial role in increasing the speed and efficiency of
drug development by reducing the number of test animals and the human and environmental burden [1]. High
throughput process of automation and parallelization of chemical synthesis along with the use of in silico Al
based approaches will open the possibility to explore the extremely large chemical which is not possible with
manual and serial compound synthesis. Therefore systems biology and its allied fields of pharmacogenomics
and metabolomics will guide drug discovery towards a more optimal balance of risks and benefits for
patients [2]. Al and deep learning (DL) strategies for activity and bioavailability prediction along with the big
data approaches are likely to play a more important role in the drug discovery in the years to come.

Brief history of Al

John McCarthy in 1956 first coined the term artificial intelligence to describe “The science and
engineering of making intelligent machines” [3] and this description still holds good today. Al is a
multidiscipline field, which involves integration of diverse discipline such as computer science, mathematics,
linguistics, neuroscience, artificial psychology etc. A broad range of problems can be addressed using Al but
they are some basic methods that play major role such as data acquisition and maintenance, knowledge
representations, solution search, logic reasoning and machine learning (ML).

The first peak that Al had was in mid 1930 when the idea of Universal Turning machine was introduced
that could stimulate any computer [4], followed by the second peak in the early 1980 when substantial
progress was made in Al related models including feed-forward neural networks and back-propagation
algorithm [5]. These tools can be used for construction of abstract models and provide a way to update the
model using a given input [6, 7, 8]. Al was first used in the fields of chemistry and molecular biology for
predicting secondary structure from protein sequence information in the year 1988 [9]. Thereafter, Al went
on a back foot due to the emergence of faster desktop computers due to which interest in Al decreased
considerably primarily due to high maintenance cost of expert systems.

A new paradigm of machine learning (ML) generated a lot of excitement among the scientific community
in the 1980’s since it placed considerable emphasis on learning actionable insights from complex data instead
of explicitly being programmed as required in the expert systems of Al. ML models were found to be simple
as they were trained to discover various patterns in data such as identifying the molecular features present
in a group of chemical structures, which in turn could be associated with the particular biological effect,
thereby helping in making predictions based on such descriptions of unknown chemicals. This led to the
development of quantitative structure activity relationship (QSAR) modeling which is an integral part of
cheminformatics [10].

The field of drug discovery and development have greatly benefitted from the advancements in
computational science. Al is widely used in both industry and academia, while ML, an essential component
in Al, has been integrated into many fields, such as data generation and analytics. Mathematical and
computational theory form the basis of algorithm-based techniques, such as ML and use of ML models in
technologies, such as deep learning (DL) [11-13]. These computer-assisted computational techniques, first
explored in the 1950s, have shown much promise in drug discovery Figure 1.

ARTIFICIAL Developing machines to mimic
INTELLIGENCE human intelligence and behaviour
Algorithms that learn from structured
MACHINE data to predict outputs and discover
LEARNING patterns in that data
Algorithms based on highly complex
DEEP neural networks that mimic the way a
LEARNING human brain works to detect patterns in

large unstructured data sets

Figure 1. The Relationship between Artificial Intelligence (Al), Machine Learning (ML) and Deep Learning (DL)
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Basic principles of Al

Artificial intelligence algorithms are a broad field that encompasses a large variety of methods. To
understand the applications of various Al, ML and DL methods in the process of drug development, some
basic principles of Al based algorithms are discussed briefly. There are seven categories in which learning
tasks and techniques employed for drug development projects are mainly classified into:

Supervised learning algorithms: Known responses called output for a given set of input data, are
required, as the training process involves learning to map the output to the input date such that for
output can be predicted correctly for unseen input data. Support Vector Machine (SVM) is an
approach based on supervised leaning. Example: for a library of compounds, which have been
classified into active or inactive, a supervised algorithm can be used to learn the relationship between
molecular features present in compounds and bioactivity such that new molecules can be predicted
as active or inactive compounds [14, 15].

Unsupervised learning algorithms: Only input data is available with no corresponding output variables.
Therefore, the process will include extraction of structural features from the data which can then be
used to group the input samples into different classes. Clustering and projection algorithms such as
k-means clustering, hierarchical clustering, principal component analysis (PCA), and self-organizing
map (SOMs) are some examples [16, 17].

Semi-supervised learning algorithms: Most of the drug discovery problems fall in this category due to
enormous size of the chemical space (comprising >10%° molecules) with large amount of input data is
available with relatively few output data. Some common methods based on semi-supervised learning
algorithms are self-training and co-training [18-20].

Active learning algorithms: It is a specialized branch of semi-supervised learning in which the
algorithm can interactively query the user or some other source of information to determine the
classification of input data. Active learning strategies combined with other Al algorithms have been
shown to match intuitively with the properties desired in many other aspects of drug discovery [21].
Methods based on active leaning are pool- based active learning (learner chooses sample to be
labeled in the pool of data that is unlabeled) and selective sampling (learner decides whether to query
or discard the incoming stream of unlabeled data) [22].

Reinforce learning algorithms: It works on the principle of reward and penalties by allowing design
and optimization of a system without necessarily knowing the correct or optimal approach as long as
the reward function correlates with the success of the objective. Q-learning methods (such as the
deep Q-network (DQN) [23] and policy gradient methods (such as trust region policy optimization
(TRPO) [24] are based on reinforcement learning algorithms.

Transfer learning algorithms: These methods learn and transfer information/knowledge from source
data to target data which if successful would improve the predictive performance on the target domain.
The disability of transfer of knowledge from source to target depends upon the degree of relatedness
reference [25].

Multi-task learning algorithms: In these methods several different but conceptually related tasks are
learned in parallel making use of shared interpretation and are particularly useful for multi-target
prediction [26].

Also available are various learning algorithms based on mathematical principles of machine learning
algorithms such as Bayesian Algorithms, Instance-Based Methods, Decision Tree Algorithms, Ensemble
Algorithms, Dimensionality Reduction, Artificial Neural Networks, (includes Feed-Forward Network,
Recurrent Neural Network, Boltzmann Machine and its Variants, Autoencoder and its Variants, Convolutional
Neural Networks, Attention and Attention-Based Architectures) [27].
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Artificial Intelligence Application in Drug Discovery

Technologies incorporating Al are versatile tools which can be applied at various stages of drug
development (Figure 2) such as identification and validation of drug targets, designing of new drugs, drug
repurposing, improving R & D efficiency, aggregating and analyzing biometrical information and refining the
decision making process for clinical trials reference [28-29].
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Figure 2. Role of Artificial intelligence (Al) in the various stages of drug development process

The advantages of using Al over classical drug development methods includes minimizing bias and
human intervention thereby reducing the inefficiency and uncertainty in the drug development process. By
using various Al methods including deep learning, success has been achieved in identifying potential drug
candidates and predicting their properties accurately along with their possible toxicity risks [30].
Supplementary Table 1 enlists the various Al tools used in drug development pipeline.

Application of Al in predicting protein structure and identifying molecular targets and their pathways

Treatment of diseases using drugs involves assignment of correct target for the drug molecule. For
selectively targeting of disease, it is essential to predict structure of target proteins as numerous
proteins/molecular target involved in different pathways may be involved in development of disease. Structure
based drug design by predicting protein structure using Al aids in drug design based on target site of the
protein thereby taking into consideration the effect of drug on the target for safety considerations before
synthesis. Deep Neural networks (DNN) based Al tool Alphafold has been successful in predicting 3-D protein
structures [31]. Using Al it is now possible to incorporate information of genomics, biochemical attributes and
target tractability during the process of pathway and target identification [32]. IBM Watson for Drug Discovery
is one such Al platform that has been able to identify five new RNA binding proteins which have been linked
to the pathogenesis of amyotrophic lateral sclerosis (ALS), a neurodegenerative disease [33].
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Application of Al in finding hit or lead compounds

Identification of small drug like molecules is a critical step in the drug discovery process. From the large
chemical space available, the initial step is to identify novel and high quality molecules using Al [34].
Identification of target specific virtual molecules and their association with their targets can also be achieved
using ML techniques and predictive model software thereby optimizing the safety and efficacy attributes.

Open access databases (Figure 3) are of much use were structural data is insufficient. Algorithms that
are based on network systems biology data, phenotypic data or disease can also be used. Al offers the
possibility to effectively prioritize molecules based on the ease of synthesis of developed tools that are
effective for optimizing the synthetic root. One of the biggest advantages offered by Al systems is reducing
R & D expenditure by decreasing the number of compounds that are required to be synthesized and tested
in vivo and in vitro [35].

DrugBank

ChemSpider

Databases

BindingDB Q ﬁ ©

‘ Small Molecule ‘

BindingMOAD

Figure 3. Open access small molecule databases used during in silico drug design

Application of Al in synthesis of drug-like compounds

Retro synthetic approaches are extensively used by chemists for synthesis of drug-like molecules that
obey Lipinski’'s rule of five. It involves analysis of the target compounds recursively to sequentially convert
them into smaller fragments of building blocks which can be easily prepared. This is followed by identification
of the reactions that will convert these fragments into target compounds. Al would play an integral role in
predicting the best reactions and one such platform is 3-NMCTS developed by combining deep neural
networks with Monte Carlo research for CAOCS i.e. computer-aided organic compound synthesis, but this is
not part of the Computer aided drug discovery work flow. This platform offers the advantage of being faster
and better to filter out from building blocks to select only well known reactions for the synthesis of the target
compounds [36].

Application of Al in predicting the mode-of-action of compounds

The ability to protect the in vivo safety profiles of compounds along with their on and off-target effects
before their synthesis is particularly important as it would help to reduce the time cause and attribution rates
of the drug development programmes. Al based programs namely DeepTox (predicts toxicity of new
compounds), TargeTox (biological network target-based drug toxicity risk prediction method based on the
principle that similar functional properties share similarities in biological networks) and PrOCTOR (predicts
the probability of toxicity in clinical trials) [37, 38] are available and their predictive accuracy could be improved
with data sets that are bigger in size and refined to have information about toxicity and therapeutic profiles.
Other Al tools are SPIDER and read-across structure—activity relationships (RASAR) that predict the toxicity
properties associated with molecular structures by mining a large database of chemicals [39, 40].
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Application of Al in population selection for clinical trials

Specific patient population selection for a clinical trial is a crucial and its success requires development
of Al approaches to identify and predict relationship between human-relevant biomarkers and in vitro
phenotypes that afford a more predictable, quantifiable assessment of the uncertainty of therapeutic
responses in a specific patients [41, 42].

Predictive modeling using Al can assist clinical trials by recognizing disease in patients, identifying gene
targets and predicting the effect of the drug-like compounds and their corresponding on- and off-target effects.
Medication adherence of Phase Il trial of schizophrenia patients was tracked through AiCure, and it was
reported that AiCure increased adherence 25% as compared to directly observed therapy [43].

Application of Al in predicting drug-protein interactions and drug repurposing/ polypharmacology

Accurate prediction of drug—protein interactions ensures better therapeutic efficacy [44]. Various Al
methods have been useful in the prediction of drug—protein interactions which could be extended to target—
disease and target—target associations to speed up the drug discovery process [45]. SVM approach was
used to construct a model for predicting ligand—protein interaction based on the primary sequence of proteins
and the structural features of small molecules to discover nine novel active compounds for 4
pharmacologically important targets namely GPR40, SIRT1, p38, and GSK-3pB. [46]. In a computationally
driven network, the ML approach is widely used, which utilizes techniques such as SVM, NN, logistic
regression, and DL. PREDICT, SPACE, and other ML approaches, consider drug—drug, disease—disease
similarity, the similarity between target molecules, chemical structure, and gene expression profiles for drug
repurposing [47].

Polypharmacology or drug repurposing has been defined as the ability of small molecules to interact
simultaneously and specifically with multiple targets [48]. Drug repurposing allows applying an already exiting
drug to a new disease and is advantageous as the drug is qualified to directly go to Phase Il trials without
having to pass through Phase | clinical trials and toxicology testing again thereby reducing expenditure [49].
In silico methods through DL applications (such as deep neural networks), to predict pharmacological
properties of drug and drug repurposing using transcriptomic data comprising various biological systems and
conditions have been reported [50]. Generative adversarial networks (GANSs) is a next-generation Al that
uses DL to produce photo-realistic pictures from text descriptions to design drug molecules by imagining or
creating new data modeled on real data [51]. Databases, such as ZINC, PubChem, Ligand Expo, KEGG,
ChEMBL, DrugBank, STITCH, BindingDB, Supertarget, PDB, help to integrate information of diverse
molecular pathways, crystal structures, binding affinities, drug targets, disease relevance, chemical
properties and biological activities which can be used by Al to to design polypharmacological agents.
DeepDDI has been developed using Al for understanding of drug— drug interactions, associated mechanisms
and prediction of alternative drugs for intended clinical use without negative health effects [47].

CONCLUSION

This review summarizes the tools and techniques based on Al that are being used to accelerate process
of drug design, which is otherwise a long and costly process based on traditional methods. In the current
wave of Al has been ushered in due to advances in Al algorithms, availability of big data, along with increase
in the architectural hardware. Using computational approaches based on Al, ML and DL by employing data
science methods, target identification, de novo design, drug repurposing, prediction of reactivity and bio-
activity can be done within reasonable time-scales thereby providing impetus to innovative drug discovery.
These tools will play a significant role in sustainability of pharmaceutical practices so as to reduce the
environmental footprint of pharmaceuticals.
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