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Low efficacy, off-target delivery, time consumption, and high cost 

impose a hurdle and challenges in drug design and discovery. 

Patient monitoring, disease diagnosis and treatment are challenging 

in medical sector. With the drastic enhancement of digitalization of 

data in the recent times, the technology of artificial intelligence (AI) 

has gained a storm of interest in various sectors of our daily life. 

The advent of AI technology finds tremendous opportunities 

especially in the field of pharmacy, healthcare and medicine. AI can 

perceive the information, comprehend, analyse the data and provide 

the required output. It finds its way into many facets of medical and 

pharmaceutical sectors like in case of drug discovery, screening, 

product development, identification of possible interactions 

between drugs and proteins, patient care, patient monitoring, 

disease diagnosis and treatment. This review highlights the impact 

of AI in all major areas of healthcare sectors and research. 

Crosstalk on the tools and techniques utilised in enforcing AI and 

collaboration of with pharmaceutical industries for product 

development. Though AI will be a game changer in all these 

domains, it yet faces significant hurdles and challenges that have to 

be overcome before being truly beneficial to the people are 

discussed in this review. 
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INTRODUCTION 

 One of the major concerns of the 

pharmaceutical industry facing today is the 

high production cost involved in the 

discovery and development of a new active 

pharmaceutical ingredient (API). A major 

share of the amount spent on drug discovery 

goes down into drain due to the failure of the 

candidate even before being approved for the 

clinical trials. Only successful candidates that 

meet the requirements of the regulatory 

authorities move into clinical trials. In order 

to hasten the process of drug discovery and 

development, the industry should move out of 

the traditional trial-and-error processes which 

are more laborious, expensive and time 

consuming[1].Strategies which can facilitate 

the acceleration of drug development process 

are of enormous interest today as the world 

today is moving towards novel therapeutic 

paradigms. One such technique is Artificial 

intelligence (AI) which is now escalating 

from theoretical studies into practical 

applications [2]. 

AI is simulation of intelligence of humans in 

machines in order to mimic the functions of 

their brain. AI is a branch of engineering that 

deals with design and applications of 

algorithms for data analysis and 

interpretation. It makes use of the software to 

interpret and learn from the input data in order 

to take decisions independently for achieving 

the required objectives. The main aim of AI is 

to make machines responsive to 

environmental stimuli, by understanding their 

surroundings, perceive them and act 

accordingly. In all the domains of human life, 

scientists are working towards harnessing the 

true potential of AI and focussing on its 

inclusion to improve accuracy and help in 

better investigation of information [3].The 

term AI is coined by John McCarthy in the 

year 1956 during Dartmouth Summer 

Research Project. He defined it as the science 

and engineering of intelligent machine 

making. He published a paper titled 

“Programs with common sense” in the year 

1958 and started AI lab at Stanford in 1963.  

TYPES OF ARTIFICIAL 

INTELLIGENCE 

AI can be classified as machine learning 

(ML), whose sub division is deep learning 

(DL) as shown in figure 1.In case of machine 

learning, machines learn from and adapt to the 

new data themselves, requiring no assistance 

from humans. Here data is fed into the 

machine and statistical techniques help in 

learning to work better at a task. While in 

deep learning, machines absorb large amounts 

of unstructured data in the form of images, 

videos or text. The inputs here are run through 

biologically inspired neural network 

architecture. Artificial neural networks 

(ANNs) are employed in case of deep 

learning and are similar to human neurons and 

mimic the transmission of electrical impulses 

in human brain [4]. 

Weak AI also known as narrow AI is where 

the system can carry out only one particular 

job and operate within a limited context i.e., it 
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focuses on specific tasks. Here the machine 

intelligence is limited to a particular area. 

While strong AI, also known as artificial 

general intelligence is where they carryout 

tasks that are more complicated and the 

machine intelligence here is equivalent to 

human intelligence with the ability to solve 

any problem. 

 

Figure 1: AI and its subdivisions 

ARTIFICIAL NEURAL NETWORKS 

(ANN) 

ANNs are the computer programs that have 

been inspired biologically and are designed to 

mimic the generalization behaviour of human 

brain in processing the information through 

data modelling and pattern recognition. They 

have been developed to stimulate logical 

thinking and reasoning of the brain for the 

reason of problem solving [5].They are 

trained through proper experience and are not 

programmed. As the human brain comprises 

of billions of neurons that are inter connected 

and work towards receiving and signalling the 

impulses, ANNs are formed from hundreds of 

artificial neurons that are connected together 

to form a neural structure [6].The use of 

ANNs in various domains of human needs has 

excited the scientists because of its ability of 

self-learning, highadaptability and handling 

complex problems. ANNs are widely used in 

various fields ranging from medicine, 

agriculture, finance, engineering, banking, 

insurance, management and art. ANNs are 

found to function similar to human brain in 

processing the information and coordinating 

the tasks to be performed [7]. 

ANN model significantly differs from the 

statistical model in the feature that the former 

can generalize the relationship between the 

independent and dependent variables without 

the need of any particular mathematical 

function. YixinChet al., used ANN and near 

infrared spectroscopy to predict the drug 
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content and hardness of tablets. Experimental 

data obtained for drug content and tablet 

hardness were presented to the ANN and the 

possible error between the experimental data 

and ANN predicted output was calculated. 

The ANN model which provided the least 

value of the sum of error squared was selected 

[8].Tuncer D et al., have predicted the skin 

penetration of 40 substances using ANN 

modelling. It was observed that ANN 

modelling provided results which are closer to 

the experimental results when compared with 

the other previously used models. Hence, it 

was concluded that use of ANN model 

developed in this experiment, minimizes the 

requirement of performing penetration 

experiments using human skin or other model 

membranes [9]. 

AI technology offers promising advantages in 

the field of pharmaceutical sciences. Due to 

its high degree of accuracy and precision, 

possible errors in study design can be 

minimized. Pre-programming of the machines 

help them work continuously for stipulated 

time period without any breaks. When AI is 

employed in functional areas associated with 

risk, it aids in elimination of risk sources. 

Work load of the employees can be 

minimized by decreasing the steps involved in 

formulation development[10]. 

The major hurdle in the use of AI technology 

involves its high expense due to the 

requirement of skilled personnel to operate 

computer aided software, maintenance of 

machines and their repairing. It may indirectly 

lead to rise in unemployment and frequent 

software up gradation is required [11].It might 

lead to declined creativity among the 

researchers as technology cannot apply its 

intelligence or creativity. Suggestions are 

provided just based on the historical 

precedent [12]. 

APPLICATIONS OF AI 

AI finds a huge range of applications 

especially in the field of pharmacy, medicine 

and health care sector (figure 2).  

 

Figure 2: Applications of AI 
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Pharmaceutical applications 

Drug discovery and screening 

The process of drug screening is quite crucial 

due to its low success rate. Despite of the 

discovery of enormous number of therapeutic 

moieties, most of them fail during the process 

of clinical trials and hence do not receive the 

required regulatory clearance. Lower success 

rate, longer time required for clinical trials, 

stringent rules by the regulatory authorities 

for approval process, availability of already 

existing block buster drugs, make the process 

of drug discovery and development very 

tedious and expensive. Application of AI in 

this field can help in quicker designing of 

drugs, faster drug target selection, and 

optimization of the drug discovery process 

with minimal unwanted interactions.AI aids 

in evaluation of safety and efficacy of the 

drug molecule and works towards designing 

of new compounds that fulfil the structural 

criteria required to bind with the specific 

targets [13]. 

Preformulation study 

Preformulation phase is a predominant phase 

involved in the design and development of 

pharmaceutical delivery systems. Here, 

physicochemical properties of drug and 

excipients are either studied alone or in 

combination in order to establish 

compatibility results.  Information regarding 

solubility, stability, bioavailability and 

possible interactions between drug and 

excipients is studied here[14].Due to a direct 

relationship between aqueous solubility of the 

drug and its absorption from the physiological 

fluids, their estimation is important[15-

17].Use of computational techniques for 

solubility prediction has made application of 

ML an industry feasible approach[18].A study 

demonstrated that solubility enhancement 

effect of hydrotrope molecules could be 

predicted using ML technique based ANNs. 

Physicochemical properties like melting 

point, log P and number of hydrogen bonds 

were used as descriptors for this study along 

with experimental data of 10 hydrotrope 

molecules. This ANN model was designed to 

predict the solubility of sixteen more potential 

hydrotropes utilizing an external data set. The 

developed model was capable of performing 

accurate predictions by identifying the 

relationship between the variables of the data 

set [19].Hence, this is encouraging for 

researchers to explore the potential of usage 

of models based on ANN for both prediction 

and enhancement of solubility of various drug 

substances [20]. 

Prediction of Pharmacokinetic parameters 

and their toxicity 

Pharmacokinetic parameters are required to 

estimate the fate of a drug in body post its 

administration. These pharmacokinetic 

properties are largely dependent on their 

physicochemical properties like solubility, 

permeability, partition coefficient, 
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dissociation constant. From the 

pharmacokinetic profile of the drug, an 

effective formulation can be designed and 

developed. Transfer learning is an emerging 

machine learning technique which can be 

used effectively for this purpose in 

pharmaceutical industry and associated 

research. 

In a study, an integrated transfer learning 

approach of machine learning was developed 

using the variables such as oral 

bioavailability, protein binding, volume of 

distribution and elimination half-life. The 

descriptors used for this study include donor 

and acceptor count of hydrogen bond, 

molecular weight, polar bond count, surface 

area and complexity properties. The obtained 

results were helpful in estimating the possible 

pharmacokinetic parameters of formulation 

[21]. Henceforth, machine learning and ANNs 

find potential applications in pharmaceutical 

product development by predicting the 

process related factors associated with various 

parameters like dissolution and release of a 

drug. Further the ML and AI based approach 

has potential to optimize the process variables 

such as ingredients and their concentration for 

best suited formulation outcomes and 

promising future applications in fast and 

efficient production. In general, for the 

prediction of toxicity of a compound, animal 

studies are performed. But with the 

advancement of AI, tools like DeepTox, 

TargeTox and PrOCTOR are being used [22]. 

Prediction of interactions between drug 

and proteins 

Under in vivo conditions, the drugs may bind 

with plasma proteins resulting in alteration of 

effectiveness and pharmacokinetics of the 

drug molecules. AI helps in predicting the 

possible drug-target interactions by 3D 

visualization of their structures that aid in 

suggesting repurposing of the already existing 

drugs. It also aids in predicting the protein 

targets of novel compounds possessing 

biological activity.  

Pharmaceutical manufacturing 

AI serves as a platform for digital 

automization of the process of synthesis and 

manufacturing of pharmaceuticals on large 

industrial scale. ANN has been successfully 

used in designing the composition of 

pharmaceutical formulations, optimizing the 

process variables, predicting stability of the 

formulations, evaluating drug release from 

dosage forms, and helpful for correlations 

based on in vitro/ in vivo studies[23]. 

Product development and drug delivery 

The major step involved in a pharmaceutical 

product development includes optimization of 

formulation and process variables. 

Exploitation of ML, ANN, Deep learning in 

drug product formulation and drug delivery 

leads to huge cuts in resource expenses. It 

also helps in saving time and effort involved 

in the wet-lab trial experiments. ANN models 

have shown to better predict the effects of 

various factors on the properties of the tablets. 

They have been proven to be helpful for 
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process of development of microemulsion 

based delivery systems with minimum effort 

of experimentation. They have also been 

found to simulate the behaviour of an aerosol 

that aids in design and evaluation of 

pulmonary drug delivery systems [24]. This 

system can be applied to the delivery of drugs 

for the SARS-Cov-2.Implantable robots are 

widely being used for controlled release 

delivery of several drugs. Nanorobots are 

integrated with sensor and AI technique, can 

process the information, play role in 

signalling, sensing, communicating, detecting 

toxic agents and also help in localized drug 

delivery. ANN technique can be used for the 

prediction and optimization of the 

performance of these nanorobots 

[25].Prediction of drug release from the 

coated nanoparticle was studied using the 

combination of Perturbation Theory and ML 

algorithm [26]. 

Haoshi G et al., integrated the concept of ML, 

molecular docking and experimental 

approaches to rationally design meloxicam 

SEDDS. They have incorporated ML 

algorithms in the construction of pseudo 

ternary phase diagrams. Random forest (RF), 

an optimal ML algorithm exhibited best 

prediction performance for accuracy, 

sensitivity and specificity. Hence, all the key 

parameters were calculated using RF 

[27].Blue print designs for the new 

antidiabetic drugs are being developed by the 

ML technology [28]. Limitations associated 

with the traditional trial and error approach 

were strongly shifted to beneficial approach 

using deep learning. Oral fast disintegrating 

films and oral sustained release matrix tablets 

were chosen as model dosage form for the 

comparison. Deep learning aids in splitting of 

data in case of algorithm and makes 

evaluation criteria suitable for pharmaceutical 

formulation [1].Another research was carried 

out in on deep learning models based on lipid 

nanoparticle drug delivery. The study could 

predict GFP expression in advance from the 

cell level microscopic imaging data from the 

morphology of the cell and its interactions 

with LNPs [29]. 

Role in pre-clinical testing and clinical 

trials 

AI helps in identifying the animal models 

which are more accurate for a specific 

disease. It helps in applying predictive 

analytics to identify potential candidates for 

clinical trials and hence reducing the expenses 

and in overcoming the failure rate [30]. 

AI in healthcare system 

Patient administration 

AI can help in data entry of the patients and 

automatically review their laboratory data and 

imaging results. Machine learning algorithms 

when linked to electronic health records help 

the clinicians in retrieving patient information 

accurately [31]. They also play a pivotal role 

in scheduling appointments and aid in patient 

prioritization that further leads to reduction in 

waiting times. This enhances the efficient use 

of clinical services. 

Patient monitoring 
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Electronic health records maintain the data 

relating to the patient’s family medical history 

that helps in identifying the risk of the person 

to develop a hereditary disease. Use of fitness 

monitoring devices aids in patient monitoring 

and helps people in better management of 

their life style to stay healthy. Exploitation of 

AI techniques can have a monitoring of heart 

rate, blood pressure, tracking patient’s sleep 

patterns. This is achieved through smart 

watches, smartphones, and biosensors [32].AI 

enabled software can also be used in intensive 

care units for examining and monitoring the 

cardiovascular and respiratory vital 

parameters.  

Patient care 

Use of robots in health care sector helps in 

providing assistance for the elderly and the 

disabled. They help in delivering medicines, 

meals and materials paving way for 

improving the quality of life. This reduces 

human support and also helps in regulating 

their day-to-day activities [33].Human-

machine interfaces designed on the basis of 

analysing the facial expressions help disabled 

persons in controlling the movement of their 

robot assisted vehicles or even their wheel 

chairs, eliminating the use of sensors or 

joysticks previously designed to control them. 

Use of AI in motion analysis helps to raise an 

alarm in case of hazardous actions and thus 

prevent them.  

Administrative applications 

An application of AI in administrative 

activities helps save lots of time of the 

healthcare workers. Areas for utilization of AI 

include claim processing, management of 

medical records, clinical documentation and 

revenue cycle management [34]. It simplifies 

the tasks of verifying the claims, matching 

data across various databases, performing data 

audits and in payments. They can be utilized 

in areas like scheduling appointments and in 

refilling of the prescriptions. 

Applications in the field of medicine 

Diagnosis 

In order to improve the accuracy of treatment, 

proper and timely diagnosis is the major 

requisite. AI has helped the physicians in 

accurate diagnosis of several diseases like 

acute myocardial infarction, abdominal pain 

and appendicitis. Biosensors and biochips are 

the key elements that aid in such a diagnosis. 

Examples include integration of glucose 

sensors in insulin delivery system. In the 

management of cancer, AI helps in 

distinguishing the changes caused in prostate 

as benign or malignant and also helps to 

predict the survival rates of patients suffering 

from colon cancer. It was also used in 

assessing the stage of diabetic retinopathy and 

stage of skin cancer [23]. ANN techniques 

have been used in diagnosis of acute 

myocardial infarction by using input data 

available with the physicians regarding the 

patients who arrived at the emergency 

department with acute anterior chest pain 

[35]. 

Robotic surgeries 
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Surgical robots help the surgeons to form 

minor invasive incisions and to stitch the 

wounds. Surgical procedures performed with 

the help of these robots include gynaecologic 

surgery, prostate surgery and surgeries related 

to head and neck.  

PHARMACEUTICAL COMPANIES AND 

THEIR COLLABORATIONS FOR AI 

Most of the pharmaceutical companies either 

acquired the technology for AI or have 

collaborated with tech giants for AI. This is a 

step up in the field of drug discovery and 

designing. It slices down the cost of new 

drugs and also permits personalization 

research and development process (Table S1) 

(Supplementary).  

AI tools used in healthcare sector and other 

research areas 

In present scenario, drug design, synthesis 

and development is a costly affair. Low 

efficacy, time consumption and off-target 

delivery are the hurdles and challenges. 

Complexity in drug discovery and 

development process imposed to market a 

new or existing drug for new indications in 

minimum time. AI and machine learning is 

the alternate for this and played a crucial role. 

AI is implemented in structure-based virtual 

screening, peptide synthesis and small 

molecule design, 3D structure of proteins, 

DNA and  RNA, de novo drug design, 

prediction of protein folding and protein–

protein interactions, structure based and 

ligand based virtual screening, QSAR 

modelling and drug repurposing, drug 

repositioning, prediction of physicochemical 

properties and bioactivity, prediction of mode 

of action and toxicity of compounds, toxicity 

study, identification of molecular pathways 

and polypharmacology. Many AI tools used 

in various areas of pharmacy and research are 

listed out in Table S2 (Supplementary) with 

applications.  

CHALLENGES 

Though AI proves to possess extensive 

potential to aid in various domains of human 

life, adoption of the technique is still 

challenging. Unfamiliarity of the technology 

and lack of proper infrastructure in the field of 

information technology prove to be the 

biggest hurdles in the development of AI. 

Limited skilled pool in data science causes 

delayed hiring and crunches opportunities to 

scale multiple AI projects. To what extent AI 

can be adapted into daily life still remains a 

query. Maintaining privacy of the patient 

information, guaranteed security of the data 

and IP issues are major hurdles to AI [36]. 

CONCLUSION 

The shift in the technology towards the 

techniques combined with automation as in 

case of AI prove to be both challenging and 

also provide enormous opportunities to the 

research scientists. AI enabled technologies 

are emerging as crucial tools in driving many 

advances and in being able to revolutionize in 

the field of science and technology. This 

progress has triggered a wave of 

collaborations with software firms and led to 

establishment of start-ups which employ the 
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technology of AI in various domains of 

human life. Majority of the pharmaceutical 

companies are also exploring the utilization of 

AI driven solutions. They are working 

towards adopting this technology to integrate 

into drug discovery and development and also 

in healthcare sectors to slice down the cost of 

new drugs in terms of amount spent for R&D. 

The future will witness the advancements in 

AI to be able to transform many aspects of 

human life especially in the field of healthcare 

sector. AI systems to be adapted into daily life 

need approvals from regulatory authorities, 

should be standardised for uniformity of their 

function and need to be updated over the time. 
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