
 

 

International Journal of Pharmaceutical Research and Applications 

Volume 9, Issue 4 July-Aug 2024, pp: 620-628 www.ijprajournal.com   ISSN: 2456-4494 

                                      

 

 

 

DOI: 10.35629/4494-0904620628          Impact Factor value 7.429  | ISO 9001: 2008 Certified Journal Page 620 

Relationship between Artificial Intelligence and Pharmacy 

Practice in the aspect of Drug Discovery and Drug Development 

Process 
 

Sanjeev Kumar 
Research Scholar, IEC University, Baddi, Solan, Himachal Pradesh 

----------------------------------------------------------------------------------------------------------------------------- --------- 

Date of Submission: 20-07-2024                                                                         Date of Acceptance: 30-07-2024 

----------------------------------------------------------------------------------------------------------------------------- ---------- 

ABSTRACT 

The need for innovative drug discovery processes 

has been highlighted by the COVID-19 pandemic. 

However, the path from developing a drug's initial 

concept to its final application in clinical settings is 

protracted, costly, and fraught with numerous 

possible failure spots. The exponential expansion 

of medical information over the past ten years has 

been accompanied by improvements in computer 

technology (cloud computing, GPUs, and TPUs), 

as well as the emergence of deep learning. 

Artificial Intelligence (AI) techniques might be 

used to analyze medical data derived from 

extensive molecular screening profiles, individual 

health or pathology records, and public health 

organizations to expedite and avoid drug discovery 

pipeline failures.We discuss the use of AI at several 

phases of the drug discovery process, including de 

novo design and the prediction of a drug's expected 

features, both of which are fundamentally 

computational methods. The discussion of open-

source databases and AI-based software tools that 

aid in drug design also covers the issues with 

molecular representation, data collecting, 

complexity, labeling, and label discrepancies that 

are related to these issues.It is also investigated 

how modern AI techniques, such as graph neural 

networks, reinforcement learning, and generated 

models, in addition to structure-based approaches 

(such as molecular dynamics simulations and 

molecular docking), might aid in the study of drug 

reactions. Finally, this article discusses recent 

advancements and investments in AI-based start-up 

firms for biotechnology and medication creation, as 

well as their current state, future prospects, and 

advancements. 
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I. INTRODUCTION 
Healthcare costs six to seven percent of 

the world's GDP (8.5 to 9 trillion US dollars) per 

year [1], and developing a new drug can take up to 

14 years and cost well over $1 billion [2]. Across 

all therapeutic categories globally, drug 

development success (defined as phase I clinical 

trials through medication licensure) is quite low 

[3]. For instance, 97% of cancer treatments fail 

during clinical trials [4]. Investments become 

riskier as a result, and the price of approved 

treatments increases to make up for all the failures 

[5].Clinical trials, precision medicine, drug 

development, and health policy will all gain from 

data-driven approaches as a result of the 

digitization of medical information. Such 

breakthrough analytical techniques and 

computational developments have significantly 

changed drug discovery during the past ten years 

[6] [7] [8] [9] [10]. The use of artificial intelligence 

(AI) technologies to enhance many phases of the 

drug discovery pipeline, including de novo 

molecular design and optimization, structure-based 

drug design, and pre-clinical and clinical 

development, is gaining significant interest as a 

result of recent advancements [11]. To coordinate 

the tools required to find beneficial medications 

and their therapeutic uses, biomedical information, 

such as genetic profiles, imaging data, and 

chemical and drug databases, can be combined with 

analytical approaches, particularly deep learning 

models [12].On the use of AI in drug development, 

there are a lot of reviews accessible. For instance, 

[13] discusses the role of GPU computing and deep 

learning models for drug discovery; [14] discusses 

the application of deep learning to precision 

medicine; [15] discusses generative models for 

computing the electronic properties of materials; 

and [8] discusses the advancements brought about 

by the completion of the human genome project. 

[16] presents the function of machine learning and 

its implications for understanding biological 

interactions in drug development. Methods 

employing dynamics modeling and 3D structure-

based drug discovery are presented in [17], while 

applications of machine learning at different phases 

of drug design are covered in [12].In addition to 
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presenting the function of graphs in articulating 

therapeutic issues as machine learning tasks, [18] 

also highlights the limitations and uses of AI in 

drug development. The development of 

conventional machine learning techniques for 

protein-ligand docking scoring functions is 

discussed in [22], and a scoring function based on 

machine learning for structure-based virtual 

screening is discussed in [23].Deep learning 

techniques have made significant advancements in 

the previous two years as a tool for drug 

development. There are several open-source tools 

[24], benchmark datasets [25] that are AI-ready, 

and deep learning platforms [26] that have been 

built specifically for drug creation. We provide 

thorough analysis and current information on these 

subjects.In target-based discovery, the first stage is 

to find new targets from a vast collection of 

proteins (an organism's proteome) that have 

evidence of relationship with illness [12]. High 

throughput screening of compound libraries against 

these targets identifies compounds that may 

interact. In the best case scenario, compounds will 

be examined in pre-clinical and clinical studies, 

optimized for advantageous therapeutic 

characteristics, and granted FDA clearance. 

Artificial intelligence (AI) has the potential to be 

useful at every stage of the drug discovery process 

[11], including generative models for the creation 

of novel synthetic molecules [30], reinforcement 

learning (RL) to improve the properties of 

molecules in a specific direction [31], and GNNs to 

forecast drug-disease associations, drug 

repurposing, and the response to a drug [32].By 

mining the scientific literature, natural language 

processing (NLP) might be utilized to locate 

medications and automate FDA clearance 

procedures. [33], [34]The atom is the essential 

building block of these structures and may be 

thought of as a "machine learning datatype" since 

drug discovery applications concentrate on the 

three-dimensional structures of molecules 

(proteins, DNA, RNA, and drugs/medicines) and 

their interactions. [35, 36] Higher-level patterns 

that are inadequately characterized in molecular 

systems can be deduced from their data. In the 

design of data-driven systems, features of 

biological data that are interrelated might be 

represented as graphs. In order to simulate 

increasingly intricate links between 

pharmaceuticals and disease, protein-protein 

interactions, side effects of drugs, and drug re-

purposing, graph machine learning enables 

modeling of unstructured multimodal information 

[37].Graph machine learning may be used to find 

drug binding sites [38], highly communicative 

residues/atoms, and to produce more 

understandable models [39] when combined with 

an attention mechanism.In order to develop novel 

chemical entities with certain desirable traits, 

experimental high-throughput screening, 

combinatorial chemistry, and other technical 

procedures have traditionally been the go-to 

options [40]. However, AI applications now have 

the potential to be superior than a human expert [41 

, 42]. 

 

Application and use various of data science in 

the process of drug discovery  

The rise of pandemics and epidemics like 

COVID-19 and influenza [43], as well as the 

persistence of serious illnesses like cancer and 

heart disease, show the continued need for 

medication discovery. Target validation, high 

throughput screening, animal research, safety and 

efficacy procedures, clinical trials, and regulatory 

approval are often required throughout the multi-

stage process [12]. On average, it takes 14.6 years 

and costs US$ 2.6 billion to develop a new 

medicine [2]. The following steps in the process 

might make use of AI-based methods: discovering 

new targets [44], analyzing drug-target interactions 

[45], [46], looking into disease processes [12], and 

enhancing small molecule compound design and 

optimization [47]. These techniques may also be 

used to find and create predictive biomarkers, as 

well as to research therapeutic effectiveness, 

responsiveness and resistance mechanisms [132]. 

 

Target specificity and identification methods in 

drug discovery process 

When developing new drugs, target 

identification looks for molecules, often proteins, 

whose activity could change a disease state. In 

order to find possible targets that are probably 

implicated in disease pathways, machine learning 

algorithms may scan a variety of data sources, 

including gene expression profiles, protein-protein 

interaction networks, and genomic and proteomic 

data [48]. Only a little more than 3,000 of the 

roughly 20,000 proteins in the human proteome 

have been identified as possible therapeutic targets 

[49]. Our understanding of which proteins 

potentially be therapeutic targets may be expanded 

in the future.Establishing a causal link between the 

target and the illness is the first stage in target 

identification [50]. Graphs, GNNs, or tree-based 

techniques can be used to find the causal 

connections between genes and illnesses. To 

identify genes linked with morbidity that are also 
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druggable, a decision tree-based meta-classifier 

was suggested in [51] and trained on a network 

topology comprising protein-protein, metabolic, 

and transcriptional interactions, as well as tissue 

expression and sub-cellular localization of 

proteins.Key characteristics from the decision tree 

were regulation by several transcription factors 

(TFs), centrality in metabolic pathways, and 

extracellular placement. Based on characteristics 

including protein-protein interaction, gene 

expression, DNA copy number, and the presence of 

mutations, machine learning-based algorithms 

identified proteins as pharmacological targets or 

non-targets for certain illnesses, such as lung, 

pancreatic, and ovarian cancer [44]. The literature 

is the main source of knowledge on target 

association with illness. The development of 

databases for target identification and the 

identification of pertinent target-disease 

combinations from literature may also be 

accomplished using text mining and Natural 

Language Processing (NLP) techniques [52]. You 

may utilize deep learning-based tools like BeFree 

[53], PKDE4J [54], and others to mine articles for 

connections between drugs and diseases, genes and 

diseases, and targets and drugs [55]. Without 

specifically addressing the target identification of 

those reference ligands, drug-target interactions 

may also be inferred in the same cell based on 

descriptor similarity to reference ligands. Using a 

method inspired by neural networks, a software 

tool (SPiDER) [56] discretizes the input feature 

similarity vector onto a so-called feature map. 

 

Virtual screening and optimization of 

compounds 

Artificial intelligence (AI) may be used to 

digitally screen and improve substances, determine 

their bioactivities, and foretell protein-drug 

interactions [57]. The creation of prediction models 

that can spot substances with a high likelihood of 

binding to a target protein is one method AI may 

aid with virtual screening. These models may be 

trained utilizing a variety of data types, including 

structural details, molecular descriptors, and known 

protein-ligand complexes. When developing a new 

medicine, it is important to take into account the 

physico-chemical characteristics of the compound, 

including solubility, partition coefficient (logP), 

degree of ionization, and intrinsic permeability, 

since these may indirectly affect how the 

compound interacts with a target receptor family 

[58]. 

 

 

Pre-clinical and clinical development 

A crucial phase in the pipeline of drug 

creation is predicting potential reactions to a 

medicine. The effectiveness of a drug-target 

interaction can be predicted by binding affinity or 

free energy of binding using similarity- or feature-

based machine learning techniques. While feature-

based approaches identify specific qualities of 

medications and targets and provide the drug-target 

feature vector to the classifier, similarity methods 

make the assumption that comparable 

pharmaceuticals operate on similar targets [59]. 

Convolution and attention mechanisms are used in 

deep learning-based systems like DeepConv-DTI 

[45] and DeepAffinity [38] to learn how to 

integrate medications and targets.By locating 

pertinent human illness biomarkers, anticipating 

probable hazardous or needless side effects, and 

filtering a high dimensional collection of clinical 

factors to choose a cohort of individuals, AI-based 

algorithms can help in the selection of suitable 

patients for pre-clinical studies [60]. In order to 

reduce the possibility of any negative effects on 

patients, AI can also assist in forecasting clinical 

trial results far in advance of the actual study [61]. 

 

FDA approval and post-market analysis 

Natural Language Processing (NLP) can 

be used to mine scientific literature to report 

negative effects, such as toxicity, of a drug or 

resistance to it, and prepare automated evaluations 

for regulatory (FDA) approval or a patent 

application [62]. NLP-based sentiment analysis 

methods can be used to recommend drugs [63]. 

Machine learning-based systems that predict likely 

sales of a product could help pharmaceutical 

companies optimize their business resources [64]. 

 

Databases and tools for drug development 

Chemical and biological databases 

PubChem -There are about 111 million 

compounds, 279 million substances, 295 million 

bio-activities, and 34 million articles in PubChem 

[27], the biggest free library of chemical 

information, which is divided into three 

interconnected online data pages: substance, 

compound, and bio-assay [79]. The bio-assay 

database contains information about bio-assays as 

well as their test results. It is possible to find 

chemicals for a certain target or protein using data 

mining techniques. 

ChEMBL -The European Molecular Biology 

Laboratory (EMBL) created the open-access drug 

discovery database ChEMBL [65]. From full-text 

articles in high-impact journals, information on 
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approved and potential drugs is acquired. This 

information is then integrated with information on 

tiny molecules and their biological activities. The 

bio-activity data is shared with another database, 

such as PubChem Bioassay and BindingDB [68]. 

The ChEMBL database has been applied to a 

variety of tasks, including the identification of 

chemical tools for a target of interest, the prediction 

of drug-target interactions, the repurposing of 

drugs, the assessment of target tractability, and 

integration with already in use drug discovery tools 

[29]. 

DrugBank - DrugBank offers clinical data, 

medication interactions, adverse effects, and drug 

repurposing in addition to molecular-level 

information. It is frequently used for machine 

learning-based drug discovery, in silico drug 

design, and repurposing. 

UniProt database -A public database of protein 

sequences annotated with taxonomic information 

and details on biological activities is called UniProt 

[28]. UniProt Knowledgebase (UniProtKB), 

UniProt Reference Clusters (UniRef), UniProt 

Archive (UniParc), and UniProt Metagenomic and 

Environmental Sequences (UniMES) are its four 

constituent parts. Over 189 million records are 

available in Uniprot, of which more than half were 

selected by human specialists. 

 

AI-based software tools used for drug 

development process 

AlphaFold2 - It is an extremely difficult and 

complex challenge to predict the three-dimensional 

(3D) structures of proteins given their amino acid 

sequence. AlphaFold2, created by DeepMind, is 

freely accessible through Google Colab and has 

attained a breakthrough level of accuracy [35]. 

Deep Chem - A Tensorflow wrapper called 

DeepChem [80] simplifies and comprehends the 

analysis of chemical datasets. It has been applied to 

tasks like modeling BACE-1 inhibitors and 

algorithmic research on one-shot deep learning 

algorithms for drug development [80], [90]. 

DeepChem may be used to count the number of 

cells in a microscopic picture, estimate the 

solubility of small molecule medications and their 

binding affinity to targets, and study protein 

structures. The DeepChem package includes 

MoleculeNet [78], which covers the characteristics 

of 700,000 molecules. 

Deeper Bind - A lengthy short-term recurrent 

convolutional network called DeeperBind [81] can 

describe the interaction between transcription 

factors (TF) and their corresponding (DNA/RNA) 

binding sites by predicting protein binding 

specificity in respect to DNA probes. The dynamics 

of probe sequences may be successfully predicted 

using DeeperBind. Additionally, datasets with 

sequences of different lengths can be used for 

training and testing. 

 

II. CONCLUSION 
In the health care sector, AI-based 

techniques are being utilized in areas including 

medication creation, assistance for clinical decision 

making, diagnosis, prevention, and providing 

clinical recommendations. These techniques are 

low-cost, clever, and versatile. It was formerly 

believed that experimental high-throughput 

screening, combinatorial chemistry, and other 

technological advances were superior than 

applications of artificial intelligence (AI). It was 

challenging to build brand-new chemical entities 

from scratch using computer algorithms, with the 

needed properties, maybe even better than a human 

specialist. By using data science techniques for 

target discovery, De novo molecular design, 

medication repurposing, retrosynthesis, and 

reactivity and bioactivity prediction, FDA 

approval, and post-market analysis, the lengthy and 

expensive process of drug design can be hastened. 

Some pharmaceutical companies have already used 

AI, and by 2022, it is predicted that the 

pharmaceutical industry would generate US $2.199 

billion from AI-based solutions. 
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