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 ABSTRACT 

Artificial Intelligence (AI) is becoming an important technology in pharmaceutical research and pharmacy 

practice. The ability of AI to analyse large datasets, identify patterns and generate predictions has created 

opportunities in drug discovery, formulation development, pharmacovigilance, clinical pharmacy and 

personalized medicine. Machine learning and deep learning can assist in identifying potential drug candidates, 

predicting molecular properties and optimizing pharmaceutical formulations. In clinical practice, AI-based 

systems can support medication review, drug–drug interaction detection and individualized treatment decisions. 

Natural language processing can also facilitate analysis of scientific literature and pharmacovigilance reports. 

Recently, generative AI and large language models have introduced additional possibilities in pharmacy education 

and research. Despite these benefits, limitations such as poor-quality data, algorithmic bias, privacy concerns, lack 

of transparency and regulatory challenges remain. Therefore, AI should complement rather than replace the 

professional judgment of pharmacists and pharmaceutical scientists. Appropriate validation, ethical governance 

and human oversight will be essential for the safe and effective integration of AI into pharmacy. Machine learning 

(ML) is a subset of digital technology and artificial intelligence (AI) that allows computers to learn from data and 

make predictions without being explicitly programmed. Artificial intelligence (AI) has emerged as a powerful tool 

that harnesses anthropomorphic knowledge and provides expedited solutions to complex challenges. Remarkable 

advancements in AI technology and machine learning present a transformative opportunity in the drug discovery, 

formulation, and testing of pharmaceutical dosage forms. By utilizing AI algorithms that analyze extensive 

biological data, including genomics and proteomics, researchers can identify disease-associated targets and predict 

their interactions with potential drug candidates. This enables a more efficient and targeted approach to drug 

discovery, thereby increasing the likelihood of successful drug approvals. Furthermore, AI can contribute to 

reducing development costs by optimizing research and development processes. Machine learning algorithms 

assist in experimental design and can predict the pharmacokinetics and toxicity of drug candidates. This capability 

enables the prioritization and optimization of lead compounds, reducing the need for extensive and costly animal 

testing. Personalized medicine approaches can be facilitated through AI algorithms that analyse real-world patient 

data, leading to more effective treatment outcomes and improved patient adherence. This comprehensive review 

explores the wide-ranging applications of AI in drug discovery, drug delivery dosage form designs, process 

optimization, testing, and pharmacokinetics/pharmacodynamics (PK/PD) studies. This review provides an 

overview of various AI-based approaches utilized in pharmaceutical technology, highlighting their benefits and 

drawbacks. Nevertheless, the continued investment in and exploration of AI in the pharmaceutical industry offer 

exciting prospects for enhancing drug development processes and patient care. 

 

KEYWORDS: Artificial intelligence, Pharmacodynamics, Pharmacy, Pharmacokinetics, Machine learning, Drug 

discovery, Pharmacovigilance, Clinical pharmacy, Personalized medicine, QbD. 
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INTRODUCTION 

The pharmaceutical sector generates large amounts of 

biological, chemical, and clinical information. 

Conventional methods may require considerable time to 

analyse such complex datasets. Artificial Intelligence 

provides computational approaches that can identify 

patterns and generate predictions from large datasets. Its 

applications are now expanding from pharmaceutical 

research to clinical pharmacy and pharmacy education. 

WHO has highlighted both the potential benefits and the 

ethical and governance requirements associated with AI 

in healthcare.
[1]

 Numerous industries are striving to 

enhance their progress to meet the demands and 

expectations of their customers, utilizing various 

methodologies. The pharmaceutical industry is a critical 

field that plays a vital role in saving lives. It operates 

based on continuous innovation and the adoption of new 

technologies to address global healthcare challenges and 

respond to medical emergencies, such as the recent 

pandemic. In the pharmaceutical industry, innovation is 

typically predicated on extensive research and 

development across various domains, including but not 

limited to manufacturing technology, packaging 

considerations, and customer-oriented marketing 

strategies.
[2]

.Novel pharmaceutical innovations are range 

from small drug molecules to biologics, with a 

preference for better stability with high potency to fulfil 

unmet needs to treat diseases. The assessment of the 

significant levels of toxicity associated with new drugs is 

an area of considerable concern, necessitating extensive 

research and exploration in the foreseeable future. One of 

the primary aims is to provide drug molecules that offer 

optimal benefits and suitability for utilization in the 

healthcare industry. Despite this, the pharmacy industry 

faces numerous obstacles that necessitate further 

advancement using technology-driven methods to 

address worldwide medical and healthcare demands.
[3-5]

 

 

The need for a proficient workforce in the healthcare 

industry is persistent, necessitating the continuous 

provision of training to healthcare personnel to augment 

their involvement in routine duties. Identifying skill gaps 

in the workplace is a crucial undertaking within the 

pharmaceutical industry. It is imperative to effectively 

address the identified gaps through appropriate remedial 

measures while acknowledging that providing adequate 

training can also pose a significant challenge. As per a 

report presented by certain authorities, it has been 

observed that approximately 41% of supply chain 

disruptions occurred in June 2022. The report further 

highlights that supply chain disruption has emerged as 

the second-most-formidable challenge to overcome. 

Several pharmaceutical industries are anticipating further 

advancements in their supply chain, as well as innovative 

models to address these challenges, with the potential to 

enhance business resilience.
[6]

 The global outbreak of 

coronavirus disease 2019 (COVID-19) has caused 

significant disruptions to various operations worldwide, 

including ongoing clinical trials.
[7]

 

Pandemics, natural catastrophes, pricing changes, cyber-

attacks, logistical delays, and product issues increase 

supply chain disruptions. Transportation challenges 

caused by the epidemic have devastated the supply chain 

network and global industries. Decision-induced delays 

for price updates from suppliers owing to 

misunderstanding over whether to utilize the new price 

or the existing price for commodities or materials create 

price fluctuation delays. New obstacles arise from 

countries’ cross-border trade cooperation strategies, 

increasing criminal activity and instability in the 

availability of crucial resources for operation and 

production. The manufacturing of footprint 

modifications is needed to suit patient needs and 

compliance. Within the pharmaceutical industry, a 

significant quantity of COVID-19 vaccines ended up 

being unusable during the pandemic because of 

complications related to the maintenance of the cold 

chain. The primary cause of supply chain disruption 

resulting from the delayed response can be attributed to 

insufficient innovation and imprecise forecasting in 

industrial and commercial operations. Supply chain 

disruptions within the pharmaceutical industry have 

significant ramifications on customer satisfaction, 

corporate reputation, and potential profits.
[8,9]

 

 

The implementation of AI is poised to bring about a 

significant transformation in the way the pharmaceutical 

industry handles supply chain operations (Figure-1). 

 

 
Figure 1: AI in pharmaceutical industry. 

 

It also consolidates numerous AI research endeavours 

from recent decades to create effective solutions for 

diverse supply chain issues. Additionally, the study 

suggest Depicts a possible artificial intelligence (AI) 

solution to the pharmaceutical industry’s challenges: 

acquiring a proficient workforce is a prerequisite in all 
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sectors to leverage their expertise, proficiency, and 

aptitude in product innovation. The second pertains to 

supply chain disruption and clinical trial experimentation 

challenges. The incidence of cyber-attacks is on the rise, 

with data breaches and security emerging as significant 

concerns for the industry.
[10,11] 

 

The primary impact of the pandemic is receding, but it 

still has some influence on clinical trials. Many 

pharmaceutical companies are looking to adopt newer 

technologies, including platforms such as AI and virtual 

platforms in this field. These new technologies may be 

helpful in the restart or recreation of these clinical trials, 

with minimal interaction for face-to-face types.
[12-18]

 At 

present, highly skilled workers and high maintenance 

costs pose a larger challenge. The fourth main challenge 

in seeking a technology-based solution is data breaches 

and cyber security threats. The number of cyber-attacks 

on available patient data has also increased in the 21st 

century, and many pharmaceutical companies are more 

concerned about confidential medical records and patient 

data, which are especially vulnerable to cyber security 

attacks. Some of the major challenges associated with 

traditional clinical trials are data fragmentation and 

disconnected system involvement, which generally result 

from scattered data generated during the trials and hence 

require extensive manual data transcription efforts for 

documents along with those of the systems. There is a 

lack of innovation in the trial models, which thus 

requires the rework and repetition of the ongoing work. 

In the healthcare sector, patient recruitment, enrolment, 

monitoring, retention, and medical adherence are the key 

points that require special attention due to clinical trials. 

The enrolment of the patient is affected due to the 

traveling process at the trial sites, which is time-

consuming for the participants, and frequent visits to 

sites contribute to patient re-enrolment in the same 

context. The application of AI to the study design helps 

with optimization as well as accretion for the work 

related to the creation of the patient-centric type of 

design. AI uses techniques for the collection of the huge 

amounts of data generated from those clinical trials, thus 

reducing the amount of data manpower required for the 

same. Such technologies implement body sensors along 

with wearable devices to record the patient’s vital signs 

and valuable information in a remote mode, which helps 

meet the patient’s requirement for face-to-face 

interaction on a routine basis. AI algorithms using 

wearable technology provide real-time insights during 

the study process.
[19]

 

 

A new technology platform and solution are required for 

the implementation of effective cyber security inside the 

office and for remote workers. Special attention must 

also be paid to data security and breach techniques. 

Technology is also required to address political fraud, 

and many cases have been reported, especially during the 

pandemic in the last few years around the world. 

Therefore, there is a need to take appropriate steps for 

the prevention of healthcare fraud, along with constant 

encouragement for internal discussions about fraudulent 

behaviour’s, which may help in the inhibition of the 

same. Its potential research areas that could enhance 

decision-making tools for supply chain management in 

the future. 

 

 
Figure 2: Pharmaceutical product development. 

 

Applications of AI in Pharmacy: Current 

pharmaceutical challenges and the role of AI: In the 

pharmaceutical industry, research on small molecules for 

better products and customer satisfaction is ongoing due 

to their multiple advantages. The chemical synthesis 

process is simple, while the synthetic derivative 

preparation is economical. Thus, many stable and potent 

small-molecule-loaded formulations are present in the 

pharmacy sector. Except for the treatment of rare 

diseases, many innovative small molecules face 

competition from generic molecules, and complex data 

are required for them to be launched, along with clinical 

trials. These processes increase the economic pressure on 

companies to engage in more innovation. However, the 

biomolecular drug industry is still growing at a rapid 

pace to compensate for the crisis induced by the small 

molecular size and poor dissemination of research and 

innovations. Small-molecule actions are based on their 

conformation and reactivity.
[20-26]

 Biomolecules, which 

are large units, mostly contain amino acids from the 

protein source along with nucleotides or ribonucleotides 

for the nucleic acid. Their stability and function are also 

influenced by the supramolecular sequence and the 

spatial conformation.
[27]

 Some biomolecules are very 

successful products, such as insulin and adalimumab. 

The pharmacokinetic aspects of these molecules are 
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complex, as infusion is the preferred and most usable 

route of administration for these biomolecules. 

Pharmacokinetic modulation and molecular stabilization 

are important aspects of nucleic acid-based research. The 

pharmacokinetic exposure and enhancement of these 

molecular forms are crucial goals. New technological 

advancement may be helpful to address these challenges 

and solve related issues.
[28-33]

 Although there is huge 

scope for AI in drug delivery innovation and drug 

discovery, it still presents some major limitations that 

ultimately require human interference or intellectuals to 

interpret the complex results. The major contributions of 

AI predictions are based on the datasets, but the 

interpretation of the results, owing to the gray zone, 

require human interference to reach the appropriate 

conclusion. AI can experience issues with algorithm bias 

regarding the processing of information for predictions 

and the assessment of hypotheses. Moreover, it is not 

uncommon for docking simulations to result in the 

discovery of inactive molecules.
[34]

 Therefore, a critical 

analysis of these parameters still requires human 

involvement for effective decision-making and cross-

verifications, to rule out system bias issues. 

Nevertheless, there is huge potential in AI for possible 

application, and thus, extensive work may be able to 

reduce the limitations associated with AI and make it 

effective and reliable.
[35]

 

 

Regarding AI, the methodology employed involves the 

utilization of machine learning or its subsets, such as 

deep learning and natural language processing. The 

learning process can be either supervised or 

unsupervised, and the type of algorithm employed is also 

a crucial factor. Supervised learning is a machine 

learning methodology that involves the use of known 

inputs (features) and outputs (labels or targets), as 

opposed to unsupervised learning, which deals with 

unknown outputs. The supervised approach involves the 

prediction of output, such as labels or targets, based on 

multiple inputs or features. On the other hand, 

unsupervised classification aims to create groups that are 

homogeneous in terms of features.
[36]

 

 

In pharmaceutical product development, various AI 

models have been explored to enhance different aspects 

of the process. A list of commonly explored AI models 

in this domain is described in [Table -1] and (Figure-2) 

 

Different supervised and unsupervised AI learning 

models for pharmaceutical applications 

Drug Discovery: AI can accelerate drug discovery by 

assisting with target identification, virtual screening, 

molecular-property prediction and lead optimization. 

Machine-learning models can analyse relationships 

between molecular structures and biological activity, 

helping researchers prioritize promising compounds for 

laboratory testing.
[2]

 

 

AI Learning: Supervised learning refers to a type of 

machine learning in which an algorithm is trained on a 

labelled dataset, where the desired output is already 

known. The algorithm learns to mapinput data to the 

correct output by analysing the patterns and relationships 

within the labelled data. This approach is commonly 

used in various applications, such as image recognition, 

natural language processing, and predictive modelling. 

Task-driven strategies involve setting specific goals for 

achieving desired outcomes from a given set of inputs. 

This approach utilizes labelled data to train algorithms 

for tasks such as data classification or outcome 

forecasting. The predominant supervised learning tasks 

are classification, which involves predicting a label, and 

regression, which involves predicting a quantity. A 

variety of techniques are available for solving supervised 

learning tasks, depending on the nature of the data in a 

given problem domain. These techniques include Naïve 

Bayes, K-nearest neighbours, support vector machines, 

ensemble learning, random forest, linear regression, 

support vector regression, and others.
[37]

 It has several 

applications in the pharmaceutical industry, as described 

below: 

 

Drug Discovery and Design: Supervised learning 

algorithms can be used to predict the activity or 

properties of new drug candidates. By training on a 

dataset of known compounds and their associated 

activities, the model can learn patterns and relationships 

between molecular features and desired outcomes. This 

enables the prediction of the activity, potency, or toxicity 

of novel compounds, aiding in drug discovery and 

design.
[38]

 

 

Predictive Maintenance and Quality Control: In 

pharmaceutical manufacturing, supervised learning can 

be utilized for predictive maintenance and quality 

control. By training on data from manufacturing 

processes, equipment sensor data, or quality testing 

results, the model can learn to predict equipment failure, 

product quality deviations, or process abnormalities, 

allowing for proactive maintenance and quality 

assurance.
[39]

 

 

Drug Target Identification: Supervised learning 

techniques can help identify potential drug targets by 

analyzing biological data. By training on data that 

include information about genetic, proteomic, or 

transcriptomic features and their relationship to drug 

response or disease progression, the model can learn 

patterns and identify potential targets for further 

investigation.
[40]

 

 

Disease Diagnosis and Prognosis: Supervised learning 

models can be used to diagnose diseases or predict 

patient outcomes based on medical data. By training on 

labelled datasets containing patient characteristics, 

clinical data, and disease outcomes, the model can learn 
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to classify patients into different disease categories or 

predict disease progression or treatment response.
[41]

 

 

Adverse Event Detection: Supervised learning 

algorithms can be applied to pharmacovigilance data to 

identify and classify adverse events associated with 

drugs. By training on labelled adverse event reports, the 

model can learn to recognize patterns and identify 

potential safety signals, helping in the detection and 

characterization of adverse events.
[42]

 

 

These are just a few examples of how supervised 

learning can be applied in the pharmaceutical industry. 

Supervised learning techniques, combined with 

appropriate feature selection, data reprocessing, and 

model evaluation, can provide valuable insights and 

support decision-making in various stages of 

pharmaceutical research, development, and 

manufacturing.  

 

Unsupervised AI Learning: Unsupervised learning 

refers to a type of machine learning where the algorithm 

is not provided with labelled data. Instead, it is tasked 

with identifying patterns and relationships within the 

data on its own. This approach is often used in 

exploratory data analysis and can be useful for 

discovering hidden structures or clusters within a dataset. 

The approach being described is commonly known as a 

―data-driven methodology,‖ which aims to extract 

patterns, structures, or insights from unannotated data. 

There are several prevalent unsupervised tasks, including 

clustering, dimensionality reduction, visualization, 

finding association rules, and anomaly detection. Various 

unsupervised learning tasks can be addressed using 

popular techniques such as clustering algorithms (e.g., 

hierarchical clustering, K-means, K-medoids, single 

linkage, complete linkage, BOTS), association learning 

algorithms, and feature selection and extraction 

techniques (e.g., Pearson correlation, principal 

component analysis) based on the data’s 

characteristics.
[43,44]

 Unsupervised learning techniques in 

AI can be valuable for pharmaceutical applications, 

particularly for exploratory analysis, pattern recognition, 

and data visualization, as described below: 

 

Clustering: Clustering algorithms group data points 

based on their similarities, allowing the identification of 

natural groupings or clusters within the data. In 

pharmaceutical applications, clustering can be applied to 

various datasets, such as gene expression profiles, 

chemical structures, or patient data, to uncover 

subgroups with similar characteristics. This can aid in 

target identification, patient stratification, and identifying 

distinct classes of compounds or diseases.
[45]

 

 

Dimensionality Reduction: Dimensionality reduction 

techniques, such as principal component analysis (PCA) 

and t-distributed stochastic neighbour embedding (t-

SNE), are used to reduce the complexity of high-

dimensional datasets while preserving meaningful 

information. These methods can help visualize and 

explore complex datasets, identify key variables or 

features, and support decision-making processes. 

Dimensionality reduction can be applied to various types 

of pharmaceutical data, including gene expression data, 

drug activity profiles, or imaging data.
[46]

 

 

Anomaly Detection: Anomaly detection algorithms 

identify rare or unusual data points that deviate 

significantly from the expected patterns. In the 

pharmaceutical industry, anomaly detection can be useful 

for detecting adverse events, identifying potential safety 

concerns, and uncovering data quality issues. 

Unsupervised anomaly detection techniques, such as the 

local outlier factor (LOF) or isolation forest, can help 

highlight abnormal patterns or data points that warrant 

further investigation.
[47]

 

 

Topic Modelling: Topic modelling algorithms, such as 

latent Dirichlet allocation (LDA), extract latent topics or 

themes from large text datasets. In the pharmaceutical 

industry, topic modelling can be used to analyze the 

scientific literature, clinical trial reports, or social media 

data to identify key research themes, emerging trends, or 

patient sentiments. This can aid in literature mining, 

competitive intelligence, or understanding patient 

perspectives.
[48,49]

 Unsupervised learning techniques 

offer valuable insights and exploratory analysis in 

pharmaceutical applications. However, it is important to 

note that the interpretation of results from unsupervised 

learning methods often requires domain expertise and 

further validation to extract actionable knowledge and 

ensure the reliability of the findings. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Samanta et al.                                                                                    World Journal of Advance Healthcare Research 

www.wjahr.com       │      Volume 10, Issue 9, 2026      │      ISO 9001:2015 Certified Journal      │                261 

Table 1: Top 10 list of commonly used AI models in the pharmaceutical industry.
[50-63]

 

AI/ Machine & 

Learning Models 
Description 

Generative Adversarial 

Networks (GANs) 

ANs are widely used in drug product development to generate novel chemical 

structures and optimize their properties. GANs consist of a generator network 

that creates new molecules and a discriminator network that evaluates their 

quality, leading to the generation of structurally diverse and functionally 

optimized drug candidates. 

Recurrent Neural 

Networks [RNNS] 

RNNs are commonly employed for sequence-based tasks in drug development, 

such as predicting protein structures, analyzing genomic data, and designing 

peptide sequences. They capture sequential dependencies and can generate new 

sequences based on learned patterns. 

Convolutional Neural 

Networks (CNNs) 

CNNs are effective in image-based tasks, including analyzing molecular 

structures and identifying potential drug targets. They can extract relevant features 

from molecular images and aid in drug design and target identification. 

Long Short-Term 

Memory Networks 

(LSTMs) 

LSTMs are a type of RNN that excel in modelling and predicting temporal 

dependencies. They have been used in pharmacokinetics and pharmacodynamics 

studies to predict drug concentration-time profiles and evaluate drug efficacy. 

Transformer Models 

Transformer models, such as the popular BERT (Bidirectional Encoder 

Representations from Transformers), have been employed in natural language 

processing tasks in the pharmaceutical domain. They can extract useful 

information from the scientific literature, patent databases, and clinical trial 

data, enabling researchers to make informed decisions in drug development. 

Reinforcement 

Learning (RL) 

RL techniques have been applied to optimize drug dosing strategies and 

develop personalized treatment plans. RL algorithms learn from interactions with 

the environment to make sequential decisions, aiding in dose optimization, and 

improving patient outcomes. 

Bayesian Models 

Bayesian models, such as Bayesian networks and Gaussian processes, are 

employed for uncertainty quantification and decision-making in drug 

development. They enable researchers to make probabilistic predictions, 

assess risks, and optimize experimental designs. 

Deep Q-Networks 

(DQNs) 

DQNs, a combination of deep learning and reinforcement learning, have been 

used to optimize drug discovery processes by predicting the activity of 

compounds and suggesting high-potential candidates for further 

experimentation. 

Autoencoders 

Autoencoders are unsupervised learning models used for dimensionality 

reduction and feature extraction in drug development. They can capture 

essential characteristics of molecules and assist i n   compound  screening 

and  virtual screening. 

Graph Neural 

Networks (GNNs) 

GNNs are designed to process graph-structured data, making them suitable for 

drug discovery tasks that involve molecular structures. They can model 

molecular graphs, predict properties, and aid in virtual screening and de novo 

drug design. 

 

AI for drug discovery: AI has revolutionized drug 

research and discovery in numerous ways. Some of the 

key contributions of AI in this domain include the 

following: 

 

Target Identification: AI systems can analyse diverse 

data types, such as genetic, proteomic, and clinical data, 

to identify potential therapeutic targets. By uncovering 

disease-associated targets and molecular pathways, AI 

assists in the design of medications that can modulate 

biological processes. 

Drug Repurposing: AI can integrate molecular, 

biological and clinical information to identify existing 

medicines that may have potential applications against 

other diseases. Drug repurposing can reduce some of the 

time and resources required during early-stage drug 

development. 

 

Virtual Screening: AI enables the efficient screening of 

vast chemical libraries to identify drug candidates that 

have a high likelihood of binding to a specific target. By 

simulating chemical interactions and predicting binding 
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affinities, AI helps researchers prioritize and select 

compounds for experimental testing, saving time and 

resources. 

 

Structure-Activity Relationship (SAR) Modelling: AI 

models can establish links between the chemical 

structure of compounds and their biological activity. This 

allows researchers to optimize drug candidates by 

designing molecules with desirable features, such as high 

potency, selectivity, and favourable pharmacokinetic 

profiles. 

 

De Novo Drug Design: Using reinforcement learning 

and generative models, AI algorithms can propose novel 

drug-like chemical structures. By learning from chemical 

libraries and experimental data, AI expands the chemical 

space and aids in the development of innovative drug 

candidates. 

 

Optimization of Drug Candidates: AI algorithms can 

analyse and optimize drug candidates by considering 

various factors, including efficacy, safety, and 

pharmacokinetics. This helps researchers fine-tune 

therapeutic molecules to enhance their effectiveness 

while minimizing potential side effects. 

 

Toxicity Prediction: AI systems can predict drug 

toxicity by analysing the chemical structure and 

characteristics of compounds. Machine learning 

algorithms trained on toxicology databases can anticipate 

harmful effects or identify hazardous structural 

properties. This helps researchers prioritize safer 

chemicals and mitigate potential adverse responses in 

clinical trials. Overall, AI-driven approaches in drug 

research and development offer the potential to 

streamline and expedite the identification, optimization, 

and design of novel therapeutic candidates, ultimately 

leading to more efficient and effective medications.
[64]

 

 

For example, in silico target fishing technology (TF) is 

used in pharmaceuticals for biological target prediction 

based on chemical structure. This information is 

provided depending on the information available in the 

chemical database in the biological annotated form. 

Along with this, several other methods, such as data 

mining and docking of the chemical structure, were used 

for the exploration of the mechanism of action along 

with target class information required for effective 

planning. The target fishing technique was used in drug 

discovery with the help of machine learning along with 

cheminformatics tools. These two are used to obtain 

detailed knowledge related to the proper analysis of 

complex structures and the design of novel drug 

ingredients for the effective treatment of complex 

diseases. The routine drug discovery methods run by 

different industries are quite costly, as they involve 

several complicated events that must be addressed 

properly to conclude, such as the selection and 

identification of the target proteins and the mechanism of 

action of the small molecules in depth. To speed up this 

process, the TF was applied, which assisted in reducing 

the total experimental cost during the drug development 

processes. The reference molecules are used for the 

prediction of the ligand-target with the help of the 3D 

descriptors. This technique was used for the 

identification of the high binding ability of 

diethylstilbesterol, while the TF technique is widely 

implemented for the study of the phytopharmacology of 

the drug along with monthly similarity assessments. It is 

a computational and a proteomics-based method, which 

is based on the ranking of the data points depending on 

the similarity of data fusion along with drug targets. It is 

also used for the prediction of potential toxicities for the 

ligand-based approach used in drug discovery. Some of 

the critical points required in the drug development and 

drug discovery phases, such as novel target 

identification, selection, prediction of the 

phytopharmacological profiles, and prediction of the 

adverse effects associated with novel therapeutic 

indications, are explored with the TF. For these events, 

the bioactive compound similarity is applied for target 

identification to that of the unrecognized compounds. 

Some of the drugs that have been successfully 

characterized by using this method are loperamide and 

emetine, along with methadone, while the targets 

identified for the same are muscarinic, adrenergic, and 

neurokinin receptors.
[2,65-73]

 

 

Current pharmaceutical challenges and role of AI: 

Pharmaceutical Formulation and Manufacturing: 

Machine-learning techniques can be used to evaluate the 

relationships between active ingredients, excipients and 

processing conditions. AI may support optimization of 

drug release, stability and other formulation 

characteristics. In manufacturing, AI can assist with 

process monitoring, quality prediction and predictive 

maintenance. 

 

Pharmacovigilance: Pharmacovigilance generates large 

quantities of safety information. Natural language 

processing and machine-learning techniques can assist in 

analysing adverse-event reports and identifying potential 

safety signals. Human assessment remains necessary 

before clinical conclusions are made. 

 

Clinical Pharmacy: AI-based clinical decision-support 

systems can assist pharmacists in medication review, 

identification of potential drug interactions and 

recognition of patients at risk of medication-related 

problems. Such systems may improve efficiency but 

should not replace professional clinical judgment. 

 

Personalized Medicine: Patients may respond 

differently to the same medicine because of genetic, 

physiological and environmental factors. AI can integrate 

multiple patient characteristics to support prediction of 

treatment response and individualized therapeutic 

strategies. 
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Pharmacy Education and Research: AI tools can 

support literature searching, educational content 

generation, case-based learning and research 

organization. Generative AI may help students and 

researchers with information processing, although 

generated information must always be critically 

evaluated and verified.
[3]

 The field of drug discovery has 

seen significant advancements with the use of AI models 

and tools. Some of the popular AI model tools used for 

drug discovery are described in [Table-2]. These are just 

a few examples of the AI model tools available for drug 

discovery. The field is rapidly evolving, and new tools 

and models are continuously being developed to 

accelerate the discovery of new drugs. 

 

Table 2: Popular AI model tools used for drug discovery. 

AI Model Tools Summary 

DeepChem 

An open-source library that provides a wide range of tools and models for drug 

discovery, including deep learning models for molecular property prediction, virtual 

screening, and generative chemistry. 

RDKit 

A widely used open-source cheminformatics library that offers various functionalities for 

molecule handling, substructure searching, and descriptor calculation. It can be integrated 

with machine learning frameworks for drug discovery applications. 

ChemBERTa 

A language model specifically designed for drug discovery tasks. It is based on the 

Transformer architecture and is pretrained on a large corpus of the chemical and 

biomedical literature, allowing it to generate molecular structures, predict properties, and 

assist in lead optimization. 

GraphConv 

A deep learning model architecture that operates on molecular graphs. It has been 

successful in predicting molecular properties, such as bioactivity and toxicity, by 

leveraging the structural information encoded in the graph representation of molecules. 

AutoDock Vina 

A popular docking software that uses machine learning techniques to predict the binding 

affinity between small molecules and protein targets. It can assist in virtual screening and 

lead optimization for drug discovery. 

SMILES 

Transformer 

A deep learning model that takes Simplified Molecular Input Line Entry System 

(SMILES) strings as input and generates molecular structures. It can be used for de novo 

drug design and lead optimization. 

Schrödinger 

Suite 

A comprehensive software package for drug discovery that incorporates various AI-

driven tools. It includes modules for molecular modeling, virtual screening, ligand-based 

and structure-based drug design, and predictive modelling. 

IBM RXN for Chemistry 

An AI model designed to predict chemical reactions. It utilizes deep learning 

algorithms and large reaction datasets to generate potential reaction outcomes, aiding in 

the discovery of new synthetic routes and compound synthesis. 

GENTRL 

(Generative Tensorial 

Reinforcement Learning) 

A deep learning model that combines reinforcement learning with generative 

chemistry to design novel molecules with desired properties. It has been used for de 

novo drug design and optimization. 

 

AI tool application in dosage form designs:  The 

human body system is divided into several compartments 

to understand the impact of drug delivery. The 

compartments are further simplified based on biological 

membranes. Physicochemical barriers are vital for 

biological compartments and can be implemented based 

on the mode of drug delivery inside the body. One of the 

most significant criteria for efficient drug delivery 

system monitoring is the rate of permeation based on the 

route of administration. The orally administered drug, 

after entering the gastric environment, must permeate 

through the intestinal or gastric epithelium. This step is 

vital for the further distribution of the drug into the 

bloodstream. The distribution step conveys the drug to 

the target site, which can be tissue or any of the specific 

cellular components.
[74-78]

 Intracellular molecules can 

also act as targets for drug entry into the body. Most of 

the permeation of drugs is facilitated through biological 

barriers, either passively or actively. Passive diffusion is 

based on the drug’s molecular features. The in silico 

models are used to predict drug distribution through 

computation analysis, but these results are somewhat 

different from the actual drug distribution study. The 

drug’s interaction with biological components and the 

availability of the drug in biological environments have a 

great impact on the drug’s fate in the body. This process 

is governed by the molecular features of the drug. For 

many biologically active entities and small molecules, 

passive permeation is inefficient and requires a specific 

drug delivery system. The active permeation process is 

driven by membrane transport and depends on complex 

biological interactions. This complex process must be 

explored by using many specific parameters through 

computation and systematic modelling approaches. This 

newer computational model is used to study the 

pharmacokinetic parameters of the drug delivery system. 

One of the major loopholes present in the research and 

development of the pharmacy industry is the 
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predictability of preclinical models. The predictability 

assumption is based on the selected parameters, and the 

same applies to complex in silico models as well. All 

these cases are linked to drug interactions with 

membranes and can be better analysed by the modelled 

environment, as presented in [Figure-3].  

 

 
Figure 3: In silico model in AI. 

 

This modelled environment can be studied and analysed 

more effectively through AI.
[79-81]

 AI provides 

sophisticated technology for the analysis of such 

multilayer data. The thoroughness of the analysis will 

contribute to a better understanding of the research units. 

The systematically applied model along with parameter 

evaluation is based on many factors, such as simulation, 

scoring, and refinement, in each step of the research to 

determine the best outcomes. AI could provide an 

automated system that can be implemented for all these 

functions for better guessing and predicted refinement of 

the data for consistent improvement. For better AI 

training in the biological environment, a proper 

understanding of the drug–biological interaction is 

essential, which is indicated by the system biology type 

of the databases. Pharmacokinetic studies can be 

performed using many novel AI technologies, such as 

artificial neural networks. Along with this, many 

databases are provided by AI, such as chemical, 

genomic, and phenotypical databases, for a better 

understanding of the drug interaction and the effective 

study of the molecules’ complex unit roles within the 

same. Some of the methods are also applied to study the 

impact of the drug delivery system on the 

pharmacokinetics of the drug, for an effective 

understanding of the disposition and toxicity. Many new 

approaches to drug delivery systems involve the design 

of quality attributes along with critical attributes and 

studying their impacts on experimental trials before 

actual experiments. AI contribution to drug development 

and research. AI can be used to enhance nano system 

design, expand the present drug testing modelling 

system, and increase the accuracy of parameter and 

factor selection in drug design, drug discovery, and drug 

repurposing methods. It also helps to better understand 

the mechanism of membrane interaction with the 

modelled human environment by studying drug 

permeation, simulation, human cell targets, etc. The 

benefits of AI are that it collects information from 

multiple sources and provides indications for the selected 

drug delivery system to work as per the anticipated 

results. The evaluation of the molecular information, 

patient data, and pharmacokinetic data are considered 

part of the complex data for analysis for the possible 

selection of the best active pharmaceutical against patient 

diseases or requirements. The passive type of AI is 

implemented for the identification of molecular entity 

features against those of known molecules for 

comparison. Effective treatment depends on the accuracy 

of the selection of drug delivery systems, which are 

provided by AI. 
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AI is also useful for the drug discovery process along 

with the drug repurposing method. This addresses the 

application of the existing therapeutics to that of the new 

disease. The requirement of the patients and disease 

condition are major factors contributing to formulation, 

pharmacokinetics, and drug development. One of the 

major challenges associated with the application of AI in 

full scope to develop delivery systems is the availability 

of databases with detailed information. This is required 

for the evaluation of the models, along with parameters, 

in an unbiased way. AI provides help for future 

applications by using current knowledge. A large 

quantity of the data can be handled or digested by using 

AI tools for a better approach to the rational design of the 

product, as presented in [Figure-4]. 

 

 
Figure 4: Rational design in AI. 

A more vigorous codification inside the knowledge 

database can be performed with excellent self-supervised 

experimental results and related to proper parameter 

recording.
[82-88]

 

 

Application of AI tools in the pharma sector. AI tools are 

helpful for the analysis of multilayered data. Automated 

AI systems are used to perform effective searches, 

simulations, and refinements of data and processes 

involved in research and product development. The 

system biology database, chemical database, genomic 

database, phenotypic database, and AI bots are used for 

better exploration of drug models, drug release, and 

activity predictions along with recommendations for 

effective drug delivery systems. 

 

AI for drug delivery: The integration of AI and big data 

in the field of pharmaceutics has led to the development 

of computational pharmaceutics, which aims to enhance 

drug delivery processes by utilizing multiscale modelling 

approaches. Computational pharmaceutics employs AI 

algorithms and machine learning techniques to analyse 

large datasets and predict drug behaviour [Table-3]. By 

simulating drug formulation and delivery processes, 

researchers can evaluate various scenarios and optimize 

drug delivery systems without the need for extensive 

trial-and-error experiments. This accelerates the drug 

development timeline, reduces costs, and increases 

productivity. Computational pharmaceutics involves 

modelling drug delivery systems at different scales, 

ranging from molecular interactions to macroscopic 

behaviour. AI algorithms can analyse complex 

relationships between drug properties, formulation 

components, and physiological factors to predict drug 

behaviour at each scale. This allows for a more 

comprehensive understanding of drug delivery 

mechanisms and aids in designing efficient drug delivery 

systems. It helps in the prediction of the physicochemical 

properties of the drug, the in vitro drug release profile, 

and the stability of the drug. The same technology is also 

implemented for the better assessment of in vivo 

pharmacokinetic parameters and drug distribution along 

with in vivo-in vitro correlation studies. By utilizing the 

right set of AI tools, researchers can identify potential 

risks and challenges associated with drug delivery 

systems early in the development process. This allows 
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for proactive modifications and adjustments to mitigate 

risks and optimize drug performance. The use of AI and 

computational modelling reduces the reliance on time-

consuming and expensive trial-and-error experiments, 

minimizing the chances of unforeseen outcomes.
[89,90]

 

 

AI for Oral solid Dosage Form Development: AI 

involves the use of advanced tools and software to 

achieve human-like capabilities. Such innovation has 

helped in many sectors, such as the pharmaceutical 

industry, especially in the product development phase 

over the past few years. The implementation of these 

technological innovations can save time, money, and 

resources required for manufacturing and proper 

distribution to end customers through the supply chain. It 

also provides a better platform to understand the impact 

of process parameters on the formulation and 

manufacturing of products. Run Han et al. explored the 

utilization of machine learning methods for the 

prediction of solid dispersion stability for six months. 

Hanlu Gao et al. investigated the application of machine 

leaching for solid dispersion dissolution studies. They 

used a random forest algorithm to generate a 

classification model that further helps to distinguish 

between the spring and parachute types of dissolution 

profiles. It also contributed to maintaining 

supersaturation with eighty-five percent accuracy and 

eighty-six percent sensitivity. The time-dependent drug 

release was predicted based on the regression model 

created by the random forest algorithm.
[91]

 

 

In the pharmaceutical market, solid dosage forms are 

predominant, and tablets are one of the dominant dosage 

forms in this domain. The preparation of the tablet 

includes many factors based on the type of tablet. AI can 

help in the search for optimized formulation and the 

study of the desired attributes involved in the same. AI is 

also expected to process obligations with the help of 

automated algorithms and technologies. The 

implementation of AI also poses a challenge to the 

regulatory authorities to redefine the policies regarding 

current good manufacturing practice (cGMP). Different 

technologies in AI, such as artificial neural networks 

(ANNs), fuzzy logics, and neural networks, along with 

genetic algorithms, are implemented for the development 

of solid dosage forms and a better understanding 

between the inputs and outputs for processing and 

operations. ANN is used for better prediction abilities for 

solid dosage forms, while genetic algorithms are used to 

predict the results obtained from the utilization of input 

parameters.
[92]

 

 

Table 3: List of commonly explored AI models in pharmaceutical product development.
[93-105]

 

AI/ Machine Learning Models Description 

Genetic Algorithms 

Genetic algorithms are optimization techniques inspired by the principles of 

natural selection and genetics. They can be applied to optimize formulation 

compositions, drug release profiles, and process parameters to achieve desired 

dosage form characteristics. 

Artificial Neural Networks 

(ANNs) 

ANNs have been employed to model and optimize drug release kinetics 

from different dosage forms. They can assist in determining optimal 

formulations and predict the release behavior of active pharmaceutical 

ingredients (APIs) under various conditions. 

Support Vector Machines 

(SVMs) 

SVMs have been used in dosage form optimization to predict and model 

relationships between formulation variables, such as excipient composition, 

processing parameters, and drug release profiles. They aid in optimizing 

formulation design space. 

Particle Swarm Optimization 

(PSO) 

PSO is a population-based optimization algorithm that can be used for 

dosage form optimization. It has been applied to optimize particle size 

distribution, dissolution profiles, and other formulation parameters. 

Artificial Intelligence-based 

Expert Systems 

Expert systems utilize AI techniques, including rule-based systems and fuzzy 

logic, to simulate the decision-making process of human experts. They can 

be applied to dosage form optimization by considering multiple formulation 

and process variables. 

Computational Fluid Dynamics 

(CFD) 

CFD simulations enable the optimization of fluid flow and mixing within 

dosage form manufacturing processes, such as granulation, coating, and 

drying. They help in designing efficient and uniform processes. 

Response Surface Methodology 

(RSM) 

RSM is a statistical technique that helps optimize dosage form 

formulations by modeling and analyzing the relationship between multiple 

variables and their effect on formulation responses.  It aids in 

understanding and optimizing formulation parameters. 

Artificial Neural Network–

Genetic 

Hybrid models combining ANN and GA techniques have been used for 

dosage   form optimization. 

Algorithm (ANN-GA) Hybrid 

Models 

It efficiently search the formulation space to identify optimal solutions and 

predict formulation characteristics. 
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Multivariate Analysis Techniques 

Multivariate analysis methods, such as principal component analysis 

(PCA) and partial least squares (PLS), have been employed in dosage form 

optimization. They aid in identifying critical formulation variables, 

reducing dimensionality, and optimizing formulation performance. 

 

Tablets are a highly used solid dosage, occupying a 

substantial portion of the market within the drug delivery 

segment. The process of creating this product involves 

the utilization of active pharmaceutical ingredients along 

with excipients, which are subsequently compressed or 

moulded to achieve the intended form and dimensions. 

Numerous excipients are incorporated into tablets to 

manage the desired product outcome, including tablet 

disintegration, dissolution, and drug release. These 

factors are predetermined by the formulator to meet the 

specific needs of the target patient population. Certain 

excipients are essential in facilitating the manufacturing 

process, including glidants and lubricants. AI can also be 

utilized in the context of systemic drug delivery to 

predict drug release. Additionally, it is employed to 

investigate the effects of crucial processing parameters 

that are integral to tablet manufacturing, with the 

potential to ensure consistent quality control measures. 

Certain AI applications have been utilized to identify 

defects in tablets.
[106,107]

 

 

Prediction of Drug Release through Formulation: The 

prediction of drug release certainly has the potential for 

stable quality control. Drug release studies are performed 

through in vivo and in vitro methods, which are treated as 

fundamental technologies regularly evaluated or tested 

during product development. The release of the drug 

from oral solid dosage forms is based on the contribution 

of critical material attributes along with the processing 

parameters. Some of the common factors affecting drug 

release include compaction parameters such as the 

pressure used for tablet hardness setting, geometric 

aspects of the tablets, and drug loading characteristics. 

Many analysis techniques, including spectrophotometric 

analysis methods, have been implemented, or drug 

release studies are usually required for extensive 

analysis. The drug release results must be set as per the 

formulator’s requirements and require repetitive testing 

and preparation of the batches to obtain an optimized 

batch, which makes this task tedious and time-

consuming.
[108]

 AI is implemented in the drug 

formulation and will assist in the prediction of drug 

release; hence, there is a limited number of runs required 

to optimize the batch, which further induces a reduction 

in the work and cost during pilot batch scale and 

production processes. AI can help predict the drug 

release profiles and dissolution profiles and explore the 

disintegration time for the effective selection of the best 

batch for further scale processing. Some researchers have 

implemented AI algorithms for the prediction of 

dissolution profiles into the hydrophilic matrix type of 

sustained-release tablets with the help of artificial neural 

networks (ANNs). The support machine vector (SVM), 

as well as regression analysis, are also implemented 

during the analysis of the data and prediction of the 

dissolution profile. The data for the modelling study of 

drug release were obtained with the help of process 

analytical technology (PAT) along with critical material 

attributes. The particle size distribution was found to be 

the most crucial variable during model prediction. 

Finally, the ANN was implemented for the identification 

of the most accurate models as part of the evaluation 

metrics as presented in (Figure-5).
[109,110] 

 

 
Figure 5:  AI application in oral dosage form.  

 

AI for Oral Dosage Forms. Conventional tablet analysis 

is performed by screening many factors, such as drug 

release, drug loading, and study of the tablet geometry 

and hardness, by using in-process quality control tests 

along with ultraviolet spectrophotometry. These methods 

are often time consuming and cost-ineffective to the 

industry. To address these issues, the combination of 

such traditional techniques along with AI was performed 

by using ANN, SVM, PAT, and regression trees. The 

data analysis and drug release predictions indicated that 

particle size distribution was a crucial factor for the 

same. Defective tablet surface crack analysis is 

performed by XRCT in combination with AI, containing 

three modules for distinguishing features for effective 

application in the healthcare sector. 

 

Application of AI for 3D-Printed Dosage Forms: The 

application of AI in the field of 3D-printed dosage forms 

has revolutionized pharmaceutical manufacturing by 

enabling personalized medicine and enhancing drug 

delivery systems. AI algorithms can optimize the design 
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and formulation of 3D-printed dosage forms based on 

patient-specific factors, such as age, weight, and medical 

history, leading to tailored drug therapies. By leveraging 

machine learning and computational modelling, AI can 

analyse large datasets and simulate the behaviour of 3D-

printed dosage forms, allowing for the rapid prototyping 

and optimization of drug release profiles, dosage 

strengths, and geometries. AI also aids in predicting and 

overcoming potential manufacturing challenges, 

optimizing printing parameters, and ensuring quality 

control. Furthermore, AI-driven feedback systems can 

continuously improve the 3D-printing process by 

learning from real-time data, enhancing accuracy, 

reproducibility, and scalability. Overall, the application 

of AI in 3D-printed dosage forms holds tremendous 

potential in advancing personalized medicine and 

improving patient outcomes.
[111,112]

 

 

The 3D-printed tablets are prepared by using the fused-

filament type of fabrication, jetting of the binder, 

utilization of laser sintering, and pressure micro 

syringe.
[111,112]

 Some of the crucial processing parameters 

impacting the 3D-printed tablets are the temperature of 

the nozzle and platform along with the speed of the 

printing. Obeid et al. demonstrated the impact of the 

processing parameters on a 3D-printed tablet containing 

diazepam and its subsequent drug release study with the 

help of an ANN model. They explored the infill pattern, 

infill density, and other input variables for effective drug 

dissolution into 3D-printed tablets. The interactions 

between the different variables were evaluated with the 

help of self-organizing maps. Further modelling studies 

were performed by keeping the infill density along the 

surface area and volume ratio as the crucial factors 

contributing to the same. The higher dissolution resulted 

after extensive testing and ANN modelling along with 

validation.
[113,114]

 

 

Application of AI for the Detection of Tablet Defects: 

The application of AI in the detection of tablet defects 

has revolutionized quality control processes in 

pharmaceutical manufacturing. AI algorithms and 

computer vision techniques are employed to analyse 

images of tablets, enabling the automated and efficient 

detection of defects such as cracks, chips, discoloration, 

or variations in shape and size. By training AI models on 

large datasets of labelled images, the system learns to 

accurately classify and identify different types of defects, 

achieving high levels of precision and recall. 

Conventional methods, such as X-ray computed 

tomography, have been used to analyse the internal 

structure of tablets, but they are still time-consuming and 

affect the demand for the rapid production of tablets. 

Deep learning is implemented along with X-ray 

tomography to detect tablet defects. Ma et al. explored 

the application of neural networks for tablet defect 

detection with the help of image analysis completed 

through X-ray tomography. These researchers have 

manufactured several batches of tablets by using 

excipients such as microcrystalline cellulose along with 

mannitol. The prepared batches were analysed with the 

help of the so-called image augmentation strategy. Three 

different models were used during the same research, 

including UNetA, which is applicable for the 

identification of distinguished characteristics of tablets 

from those of bottles. Module 2 was used for the 

identification of individual tablets with the help of 

augmented analysis. The internal cracks in the internal 

structure of the tablet were analyzed with the help of 

UNetB. Such UNet networks have been used to check 

tablet defects with better accuracy and thus provide ease 

of identification of defects with significant reductions in 

time, financial costs, and workload.
[115,116]

 This AI-

powered detection not only improves the speed and 

accuracy of defect identification but also reduces the 

dependence on manual inspection, minimizing human 

errors and subjective judgment. The real-time monitoring 

capabilities of AI systems ensure the prompt detection of 

defects, facilitating timely intervention and preventing 

the release of faulty tablets into the market. Ultimately, 

the integration of AI into tablet defect detection enhances 

product quality, increases productivity, and ensures the 

safety and efficacy of pharmaceutical products. 

 

AI for the Prediction of Physicochemical Stability: AI 

has emerged as a powerful tool for predicting the 

physicochemical stability of oral dosage forms in 

pharmaceutical research. By leveraging machine learning 

algorithms and computational models, AI can analyse 

and interpret large datasets, including drug properties, 

formulation parameters, and environmental conditions, to 

predict the stability of oral formulations. AI models can 

assess factors such as drug degradation, interaction with 

excipients, and environmental effects on formulation 

stability. These predictive capabilities enable researchers 

to optimize formulation designs, identify potential 

stability issues early in the development process, and 

make informed decisions to enhance the shelf life and 

efficacy of oral dosage forms. The integration of AI into 

stability prediction contributes to more efficient and cost-

effective drug development processes, ultimately leading 

to the delivery of safe and effective medications to 

patients. Some researchers have studied the utilization of 

machine learning for the determination of solid 

dispersion with the help of several algorithms. Han et al. 

explored the application of machine learning for the 

prediction of solid dispersion by implementing ANN 

along with K-nearest neighbour (KNN) algorithms as 

well as a light gradient boosting machine (LightGBM). 

The SVM was also applied in the same way. KNN is a 

nonparametric type of supervised learning classifier. It 

was used to classify or complete the predictions for the 

grouping along with the individual data point.
[117]

 The 

free- along with the open-source distributed gradient 

boosting framework implemented with machine learning 

was the LightGBM. It is usually utilized for ranking 

assessments and classification along with machine 

learning tasks. In this study, approximately fifty drug 
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molecules with six hundred forty-six data points for 

physical stability were collected from the public database 

and implemented for the training model. The generation 

of the database was performed with the help of molecular 

representations and molecular descriptors, such as 

molecular weight, along with the hydrogen bond 

acceptor count. The melting point and heavy atom count 

also acted as molecular descriptors. For three months, an 

accelerated stability study was conducted for the further 

evaluation of the model performance as a part of the 

physical stability prediction. They found an overall 82% 

accuracy for the same experiments.
[118,119]

 

 

Contribution of AI to Dissolution Rate Predictions: 

The dissolution rate of a drug, which refers to the rate at 

which it dissolves in a biological fluid, is a crucial 

parameter that determines its bioavailability and 

therapeutic effectiveness. AI has made significant 

contributions to the prediction of dissolution rates, aiding 

in the optimization of drug formulations and dosage 

forms. Through the analysis of vast amounts of 

experimental data, AI models can identify key 

physicochemical properties and molecular features that 

influence the dissolution process. These models leverage 

machine learning algorithms to learn complex patterns 

and relationships between drug properties and 

dissolution rates, enabling accurate predictions. By 

providing insights into the dissolution behaviour of 

different drug formulations, AI facilitates the design of 

more effective drug delivery systems and helps in the 

selection of optimal formulation strategies for enhanced 

drug solubility and absorption. This advancement in 

dissolution rate prediction powered by AI empowers 

pharmaceutical scientists with valuable tools to 

accelerate drug development, optimize formulation 

strategies, and ultimately improve patient outcomes.
[95]

 

 

Many researchers have studied the dissolution profiles of 

routine drugs, and they have documented the rapid 

dissolution of some drugs and super saturation of related 

drugs. Amorphous drug recrystallization and 

precipitation are also crucial factors associated with this 

process. Some studies have shown that solid dispersions 

do not precipitate due to the addition of excipients. Dong 

et al. explored a method for predicting dissolution along 

with the dissolution rate by using AI for at least 50 active 

pharmaceutical ingredients along with 25 polymers. 

Some of the AI algorithms they have used include SVM, 

LightGBM, and extreme grading boosting 

(XGBoost).
[120]

 XGBoost is a scalable machine learning-

related library consisting of a distributed gradient-

boosted decision tree, which is helpful in the prediction 

of problems associated with unstructured data, including 

images and texts. The artificial neural network was used 

to outperform all other types of algorithms or 

frameworks. In the same study, the same team used 

molecular computational software for the descriptors for 

the active pharmaceutical ingredients as well as the 

polymers. The input variables selected for the same study 

were temperature, drug loading, and volume, while 

dissolution was recognized as that of the binary output 

including precipitation or supersaturation. The 

dissolution rate was considered the research output for 

the same and resulted in the greater accuracy of the 

prediction of the results for the dissolution profiles of the 

selected active pharmaceutical ingredients, along with 

the polymers.
[121,122]

 

 

AI for Nanomedicine: By harnessing AI’s capabilities 

in data analysis, pattern recognition, and optimization, 

nanomedicine researchers can accelerate the 

development of novel nanoscale interventions, improve 

diagnostics, enhance drug delivery, and advance 

personalized medicine. AI in nanomedicine holds great 

potential for revolutionizing healthcare by enabling 

precise and targeted therapeutic approaches at the 

nanoscale.
[123]

 Nanoparticles are used for targeted drug 

delivery, imaging, and sensing. AI algorithms can aid in 

designing and optimizing nanoparticles by predicting 

their physicochemical properties, stability, and efficacy. 

This helps researchers develop nanoparticles with 

desired characteristics for specific applications. 

Nanomedicines are used effectively as drug delivery 

carriers for drugs or combinations of drugs based on the 

concept of drug synergy, especially for the treatment of 

cancer patients. They contain major impactful inputs, 

such as drug selection, dose selection, and stimuli-

responsive material selection. The deep learning type of 

algorithm was used for melanoma and has shown great 

accuracy in caring for patients and assisting in diagnostic 

procedures.
[124,125]

 

 

AI algorithms can model the behaviour and interactions 

of nanoscale materials within biological systems. This 

enables the prediction of nanoparticle behaviour, drug 

release kinetics, and potential toxicity, facilitating the 

development of safe and effective nanomedicine 

formulations. AI can be used in nanosensors and 

biosensors for the real-time monitoring of biomarkers, 

drug levels, or disease progression. These sensors can 

provide continuous feedback to healthcare providers, 

enabling timely interventions and personalized treatment 

adjustments.
[126]

 

 

The AI-based database is useful for scaling up 

nanocarriers by using an automated system. AI is also 

used in nanocarrier drug delivery systems, particularly in 

the optimization of nanocarriers and drug compatibility 

testing by using computational approaches. Such 

approaches are used for the evaluation of drug loading, 

formulation stability, and drug retention. Thus, AI 

intervention contributes to the enhancement of the 

therapeutic nanocarriers required for specific cell types 

for the treatment of tumours. Yuan He et al. studied the 

application of machine learning methods to the 

prediction of nanocrystals prepared by high-pressure 

homogenization along with the wet ball milling method. 

The demands for a repetition of the experiments can also 
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be decreased by using computational techniques through 

Monte Carlo simulations and molecular dynamics, along 

with theoretical techniques. The simulation techniques 

are helpful for quantitative measurements in critical 

experiments. AI is also implemented for the creation of 

the database repository required for nanocarriers, which 

further helps in the determination of 3D structures along 

with physical and chemical property investigations in 

collaboration with structural nanobiology. Such 

repositories are essential to investigate the relationship 

between nanocarrier structure and toxicological, 

physical, and biological data.
[127-134]

. In another study 

performed by Lutz Nuhn for the application of AI for 

better analysis, it was found that AI helped to reveal the 

heterogeneous vascular permeability for prepared 

nanoparticle-based drug delivery systems using an 

analysis of single blood vessels. Such findings may help 

in the design of a protein nanoparticle drug delivery 

system to obtain an active type of transendothelial 

permeability into tumours.
[135]

 Zhoumeng Lin et al. used 

AI for better assessment with a PBPK modeling 

approach to study cancer medicine effectively. The same 

is also helpful to obtain a better understanding of the 

causes of low nanoparticle tumour delivery efficacy.
[136]

 

 

AI Application for Parenteral, Transdermal and 

Mucosal Route Product: Injectables, biologics, and 

other complicated formulations can be developed and 

manufactured using AI. Predicting complicated drug 

formulation physicochemical parameters using AI 

systems may help formulation development. AI models 

optimize pH, solubility, stability, and viscosity by 

analysing formulation components, excipients, and 

manufacturing processes. This helps create stable 

parenteral formulations. AI can optimize parenteral 

product production for quality, efficiency, and 

variability. AI algorithms may discover process factors 

that affect product qualities and offer appropriate 

modifications by analysing real-time process data. Thus, 

product consistency, batch failures, and manufacturing 

productivity increase. AI algorithms may find trends and 

product quality variations in huge datasets from 

analytical tests, including particle size analysis, 

spectroscopy, and chromatography. This helps identify 

and fix quality concerns early, assuring high-quality 

goods. AI models may anticipate contamination, 

stability, and regulatory deviations using historical data 

and process factors. AI-based monitoring systems may 

analyse important process parameters in real time during 

parenteral product manufacture. AI algorithms can 

identify abnormalities and forecast deviations and take 

quick action by combining data from sensors, 

instruments, and process controls. This maintains 

product quality and minimizes noncompliance. AI 

optimizes maintenance procedures for complicated 

parenteral product manufacturing equipment. AI models 

analyze sensor data, equipment performance history, and 

maintenance records to forecast equipment failure or 

deterioration and schedule proactive maintenance. This 

saves unnecessary downtime, boosts output, and cuts 

maintenance. AI can help ensure parenteral and complex 

biological product regulatory compliance. AI algorithms 

may analyze compliance, detect possible noncompliance 

concerns, and provide process improvement ideas by 

analyzing process data and product properties. This aids 

GMP compliance and regulatory compliance.
[137]

 

 

For example, AI was used in the inspection of the 

particles to check whether the particles were swimming, 

sinking, or sticking into the inner side of the container. 

For proper inspection of the individual particles, the 

optical setup, strategy, algorithm, and inspection were 

recommended. The particle tracking algorithm along 

with image subtraction was used for the analysis of the 

floating particles. The liquid inside the container is 

allowed to move so that the behaviour of the moving 

particles can be recorded with the help of high-resolution 

images, while the particle movement direction can also 

be traced with the help of AI. The deep learning 

algorithm is also used for the proper isolation of the 

particles. One of the greater issues associated with 

parenteral batch flaws is bubble formation, which is 

normally not harmful to patients, but there is a great need 

to distinguish between particles and bubbles. The AI-

based image processing type of algorithm was used for 

these types of visual inspection and the issues associated 

with them. One of the other camera-based applications of 

AI was surface crack detection by using surface qualifies 

7500, which is used to analyze hundreds of millions of 

data points per second with the help of graphical 

processing subunits.
[127,128,138,139]

 Manufacturers may 

optimize product performance, decrease manufacturing 

hazards, and provide safe and effective parenteral and 

technologically advanced pharmaceutical products using 

AI data analysis, pattern recognition, and predictive 

modelling. 

 

Bannigan et al. highlight the availability and potential of 

cutting-edge machine learning (ML) technologies in the 

field of pharmaceutical and materials science. They 

demonstrate that ML can accelerate the development of 

innovative drug delivery technologies by accurately 

predicting in vitro drug release from long-acting 

injectables (LAIs). The study emphasizes the 

interpretability of ML models, which can provide 

insights into the decision-making process. Although 

neural network models did not perform well due to the 

small dataset, tree-based models such as LGBM showed 

promise in reducing the time and cost associated with 

LAI formulation development. The study presents a 

proof-of-concept for ML in drug formulation and hopes 

to inspire more advanced and tailored ML approaches in 

the future.
[140,141]
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Figure 6: AI in protein development in docking. 

 

The conventional trial-and-error approach in formulating 

ocular, transdermal, pulmonary and other mucosal drug 

delivery systems lacks in-depth understanding, making it 

inefficient for complex formulations. However, recent 

advancements in computational pharmaceutics, 

specifically machine learning and multiscale simulations, 

have opened up new possibilities. Recent progress in 

using molecular simulations, mathematical modelling, 

and PK/PD modeling for these drug delivery routes has 

led to more efficient product development. In silico 

modelling and simulations offer unique advantages by 

providing detailed insights and facilitating rational 

formulation design. The integration of in silico 

methodologies, overcoming data challenges, and 

interdisciplinary collaborations can lead to more efficient 

and objective-oriented drug formulation design in the era 

of Pharma 4.0.
[142-145]

 

 

AI Tools for Biologics Product Development: AI helps 

create newer proteins, peptides, nucleic acid biologics 

and Immunotherapeutics.
[141-149]

 AI algorithms could help 

to build proteins and peptides with desired features.
[150-

154]
 AI models may produce therapeutic sequences with 

better stability, binding affinity, or immunogenicity by 

analysing massive volumes of protein structure and 

function data. This allows for customized biologics with 

improved effectiveness and safety.
[155,156]

 

 

AI systems can find therapeutic targets using genetic, 

proteomic, and clinical data. AI helps researchers build 

protein and peptide biologics that alter biological 

pathways or target illness-causing proteins by finding 

disease targets. AI models can predict protein folding 

from amino acid sequences. Understanding protein 

function and creating optimized biologics requires 

protein folding. Deep learning and molecular dynamics 

simulations can anticipate protein folding patterns, 

helping design stable and functioning biologics (Figure-

6).
[157]

 

 

AI can contribute to protein development and customized 

biologics by using data analysis, predictive modeling, 

and pattern recognition tools for better improvisation in 

the protein development process and customized 

proteins. Knowledge of altered biological pathways and 

finding disease targets are required for the same. The 

prediction of protein folding from amino acid sequences 

and the use of deep learning and molecular dynamic 

simulation for better understanding can be performed by 

AI. The prediction of protein/peptide binding affinity and 

toxicity studies can be performed effectively by AI with 

the help of SAR and toxicological datasets.AI algorithms 

predict protein/peptide-target molecule binding affinity. 

AI models may reliably estimate binding strength by 

training on huge protein–protein or protein–peptide 

datasets. This improves treatment effectiveness by 

choosing or creating biologics with a high affinity and 

specificity for targets. AI could help to optimize protein 

and peptide biologics formulations. Stability, aggregation 

tendency, and formulation factors affect biologic quality 

and effectiveness. AI algorithms can optimize 

formulation conditions and biologic stability and shelf 

life by analysing protein physicochemical parameters, 

formulation components, and manufacturing 

processes.
[158]

 AI algorithms predict protein and peptide 

biologic toxicity. AI systems can anticipate biologic 

adverse effects and immunogenicity by analysing 

structure–activity relationships while being trained on 

toxicological datasets. This allows researchers to find 

and alter harmful sequences or structures. AI is being 

utilized to optimize clinical trials for protein and peptide 

biologics. AI algorithms are capable of predicting patient 

responses and refining trial procedures using patient 

data, illness features, and treatment results. This 

streamlines patient enrolment, study design, and 
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personalized treatment.
[159-161]

 AI has the potential to 

significantly enhance research, diagnostics, and 

therapeutics in the fields of exosomes, CAR T-cell 

therapy, and CRISPR/Cas9.
[161-163]

 

 

By utilizing AI’s capabilities in data analysis, pattern 

recognition, and predictive modelling, the development 

of protein/peptide and gene therapy biologics can be 

accelerated, and the design and optimization of 

therapeutic molecules can be more efficient and targeted. 

AI holds immense potential to revolutionize the field by 

enabling the creation of novel biologics with enhanced 

properties and improving the success rate of biologic 

development.
[164]

 

 

AI in Medical Devices: The medical device is a sort of 

apparatus, implement, instrument, implant, or machine 

appliance as well as a reagent for specific medical 

purposes and can be used alone or in combination with 

the help of software or other related systems in vitro to 

address medical issues of patients. AI has made 

significant advancements in the field of medical devices, 

revolutionizing healthcare in various ways. Due to the 

pandemic, personalized medicine along with remote 

health monitoring has become essential and quite popular 

in many countries, which has boosted AI and machine 

learning applications in the healthcare sector. Some 

examples of how AI is being utilized in medical devices 

are described below: 

 

Diagnostic Assistance: AI algorithms can analyze 

medical imaging data such as X-rays, CT scans, and 

MRIs to assist healthcare professionals in detecting and 

diagnosing diseases. For example, AI-powered 

algorithms can help identify cancerous lesions in medical 

images or detect abnormalities in electrocardiograms 

(ECGs).
[165]

 

 

Remote Monitoring: AI-enabled medical devices can 

remotely monitor patients’ health conditions, allowing 

for the continuous tracking of vital signs and other 

relevant parameters. This is particularly useful for 

patients with chronic conditions who can receive 

personalized care from the comfort of their homes. AI 

algorithms can analyse the collected data and provide 

alerts or insights to healthcare providers.
[166]

 

 

Wearable Devices: AI is integrated into wearable 

devices such as smart watches, fitness trackers, and 

biosensors. These devices can monitor various health 

parameters, such as heart rate, sleep patterns, physical 

activity, and even blood glucose levels. AI algorithms 

help interpret the data and provide users with actionable 

insights for improving their health and well-being.
[167]

 

 

Medication Management: AI-powered devices can help 

patients manage their medications effectively. Smart pill 

dispensers can remind patients to take their medications 

on time, dispense the correct dosage, and track 

adherence. AI algorithms can also analyse patient data, 

such as medical history and medication usage, to provide 

personalized recommendations for medication 

management.
[168]

 

 

These examples demonstrate how AI is integrated into 

medical devices to enhance diagnostics, monitoring, 

treatment, and patient care. AI’s ability to analyse large 

amounts of data, identify patterns, and provide 

personalized insights contributes to more accurate 

diagnoses, improved treatment outcomes, and better 

overall healthcare delivery. It also contributes to the 

development of new products for patient benefits and to 

effectively reaching out to new customer segments to 

captivate large businesses and create more business 

potential in the healthcare sector. Currently, medical 

technology-based companies are using AI in major 

sectors, such as diagnosis, prevention, and care, along 

with personalized medicine work for patients. For 

example, Medtronic, a global medical technology 

company, has indeed developed innovative applications 

of AI to help patients with diabetes manage their 

condition effectively. One notable example is the 

Medtronic Guardian Connect system, which combines 

AI and continuous glucose monitoring (CGM) 

technology to provide real-time insights and support to 

individuals living with diabetes. In 2016, Medtronic 

collaborated with IBM Watson to develop the Medtronic 

Sugar IQ app, which serves as a mobile personal 

assistant for individuals managing diabetes. This app 

incorporates AI technology to provide valuable features 

for effective diabetes disease management. One of the 

major features of the Sugar IQ app is ―insights.‖ The app 

analyzes the user’s glucose patterns over time, identifies 

trends, and provides personalized messages and 

notifications to the patient. These insights help 

individuals understand how specific actions, habits, and 

external factors impact their glucose levels. By gaining 

this understanding, users can make informed decisions 

and take proactive steps to manage their diabetes more 

effectively. The second important feature of the Sugar IQ 

app is ―glycemic assistance.‖ The app utilizes AI 

algorithms to provide real-time guidance and 

recommendations to users based on their current glucose 

readings. If the glucose levels are trending high or low, 

the app can suggest actions to help the user maintain a 

more stable glucose range. This feature acts as a virtual 

assistant, providing personalized support and reminders 

to help users make appropriate choices regarding their 

diabetes management. Last, the Sugar IQ app 

incorporates a ―food logging‖ functionality. Users can 

log their meals and track carbohydrate intake through the 

app. The app can then analyse the impact of different 

foods on glucose levels and provide insights into how 

specific meals or food choices affect blood sugar. This 

information enables individuals to make more informed 

dietary decisions, leading to better glycemic control. By 

combining AI technology with glucose monitoring and 

personalized messaging, the Medtronic Sugar IQ app 



Samanta et al.                                                                                    World Journal of Advance Healthcare Research 

www.wjahr.com       │      Volume 10, Issue 9, 2026      │      ISO 9001:2015 Certified Journal      │                273 

offers valuable tools for individuals with diabetes. It 

helps users gain insights into their glucose patterns, 

provides real-time assistance in managing blood sugar 

levels, and assists in making informed decisions about 

diet and lifestyle choices. These features contribute to 

improving disease management and supporting patients 

in achieving better control of their diabetes.
[169-173]

 

 

AI for PK/PD [pharmacokinetics & 

pharmacodynamics]: Drug development is a complex 

process that involves several stages, including drug 

discovery, preclinical studies, clinical trials, and 

regulatory approval. Pharmacokinetics and 

pharmacodynamics are crucial aspects of drug 

development, as they determine the optimal dosage, 

administration route, and safety of a drug in the body.
[83]

 

Traditional experimental methods for pharmacokinetics 

and pharmacodynamics studies can be time-consuming 

and expensive and may not always provide accurate 

predictions of drug efficacy and safety.
[174,175]

 

Traditionally, pharmacokinetics and pharmacodynamics 

studies have been conducted using experimental methods 

such as animal studies and human clinical trials. These 

methods have critical challenges, such as ethical 

concerns, sample size, and interindividual variability. 

Furthermore, these studies may not always provide 

accurate predictions of drug pharmacokinetics and 

pharmacodynamics in humans. To overcome these 

limitations, computational models and AI methods have 

been developed to predict drug pharmacokinetics and 

pharmacodynamics in a faster, more cost-effective, and 

more accurate manner.
[176,177]

 

 

 
Figure 7: AI in animal testing [PK & PD]. 

 

AI has shown tremendous potential in the fields of 

pharmacokinetics, pharmacodynamics, and drug 

discovery.
[178]

 With the advent of powerful computing 

and machine learning algorithms, AI has emerged as a 

valuable tool for predicting and optimizing drug 

pharmacokinetics and pharmacodynamics. Although the 

challenges of large data and reliable datasets are hard to 

ignore, AI can open new doors in PKPD studies and their 

impact on therapies.
[178-182]

 

 

AI-Based Method to Predict Pharmacokinetics 

Parameters: The utilization of machine learning (ML) 

and deep learning (DL) algorithms is prevalent in the 

prediction of pharmacokinetic parameters. Various ML 

algorithms, including the Bayesian model, random forest, 

support vector machine, artificial neural network, and 

decision tree, have been employed to forecast drug 

absorption, distribution, metabolism, and excretion 

(ADME) characteristics. DL algorithms, including 

convolutional neural networks (CNNs), long short-term 

memory (LSTM), and recurrent neural networks 

(RNNs), are commonly employed in the prediction of 

various pharmacokinetic parameters, such as drug 

absorption, bioavailability, clearance, volume of 

distribution, and half-life. Quantitative structure–activity 

relationship (QSAR) is a computational approach that 

utilizes the chemical structure of a molecule to predict its 

biological activity. This method has found application in 

pharmacokinetics, where it can be employed to anticipate 

drug ADME properties, including solubility, 

permeability, and metabolism (Figure-7).
[118 ,183-186]

 

 

Role of AI in PKPD studies: Pharmacokinetic studies 

include absorption (A), distribution (D), metabolism (M), 

and excretion (E) studies. A pharmacodynamic study 

includes the drug’s effect on the target. Understanding 

the effect of drug molecules and their distribution 

requires a large number of calculations. A smaller 

miscalculation or missed dataset may lead to a huge error 

that may be critical. AI helps to accelerate complicated 

calculations without missing datasets and provides more 

accurate, faster, and cost-effective results. It converts 

complicated data into easily understandable and 

representable graphs, which might help to identify the 

root cause of the problem. It can also help to minimize 

animal studies by calculating the impact of different 
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conditions such as enzymes, diseased conditions, dosing 

differences, patient data, etc., in different animals and 

reduce the number of animals required for clinical trials. 

 

AI-Based Computational Method for PBPK: PBPK 

models are widely used to simulate drug distribution and 

clearance in the body. These models are complex, and 

the development of such models requires extensive data 

and computational resources. AI-based methods can 

simplify the development of PBPK models by using 

machine learning algorithms to identify the most relevant 

features of the model (Table-4). AI-based computational 

methods can also optimize the parameters of the PBPK 

model, which can reduce the need for animal studies and 

human clinical trials.
[187-189]

 

 

The efficacy and safety of drug molecules are largely 

based on their pharmacokinetic parameters. Drug safety 

is based on the total time the active drug is present in the 

body, while the dose of the drug depends on its 

elimination from the body. Therefore, in vivo exposure is 

a very important tool for drug safety and efficacy 

assessment. The drug discovery and development 

process involves assessment and evaluation prior to 

clinical trials. Absorption, distribution, metabolism, and 

elimination (ADME) are the major factors in compound 

attrition for the development of drug molecules. Drug 

discovery studies involve in vivo pharmacokinetic 

studies in animals, while in vitro systems are used for 

humans along with animal studies. The first, in human 

dosing, is used for the optimization of the drug’s 

exposure to humans. In vitro and in vivo extrapolations 

are used for liver microsomes and hepatocytes. Hepatic 

clearance is performed with the help of in vivo studies in 

humans and animals, while in vitro assays are used for 

liver microsome studies. The human pharmacokinetic 

parameters are estimated by using allometric scaling 

methods along with in vivo preclinical data. The volume 

of distribution, drug clearance, and bioavailability are 

also estimated by the same method. The simulation of 

the time course along with ADME properties is 

simulated by the mathematical framework along with 

PBPK modeling. The latter are used to understand the in 

vivo behaviour for extrapolation to humans, and 

normally these are applied to the later stages of drug 

discovery. The complexity of in vivo data is higher than 

that of in vitro pharmacokinetic parameters, and AI and 

ML are implemented for the analysis and assessment of 

the same.
[190]

 

 

Prediction of Drug Release and Absorption 

Parameter: AI-based models have been successfully 

employed to predict drug release and absorption 

parameters. AI algorithms can analyse data from various 

drug delivery systems and predict the release kinetics of 

drugs. By considering factors such as the drug’s 

physicochemical properties, formulation characteristics, 

and release mechanism of the delivery system, AI 

models can estimate the rate and extent of drug release 

over time. AI-based models can also predict the release 

kinetics of drugs from different drug delivery systems, 

such as oral tablets, transdermal patches, and 

inhalers.
[191]

 AI-based models can predict drug 

absorption parameters, such as bioavailability and 

absorption rate, by considering factors such as drug 

solubility, permeability, and formulation characteristics. 

These models can analyse the physicochemical 

properties of the drug, such as lipophilicity and 

molecular weight, and correlate them with absorption 

data to estimate how efficiently the drug is absorbed into 

the bloodstream. Overall, AI-based models provide a 

powerful tool for predicting drug release and absorption 

parameters. By analysing various factors and leveraging 

machine learning algorithms, these models can optimize 

drug formulations, guide drug development decisions, 

and contribute to the design of more effective drug 

delivery systems.
[184-189,192]

 

 

Prediction of Metabolism and Excretion Parameters: 

AI-based models have proven valuable in predicting drug 

metabolism and excretion parameters, providing insights 

into drug pharmacokinetics. AI algorithms can analyse 

the molecular structure and physicochemical properties 

of drugs to predict their metabolic pathways. By training 

on large datasets of known drug metabolism information, 

AI models can identify structural features associated with 

specific metabolic transformations. These models enable 

the prediction of potential metabolites and provide 

insights into the major enzymes involved in drug 

metabolism.
[193]

 AI-based models can calculate enzyme 

kinetics, such as reaction rates and enzyme–substrate 

interactions, to estimate the metabolic fate of drugs. By 

considering factors such as enzyme expression levels, 

genetic variations, and drug–drug interactions, AI 

models can assess the potential impact of metabolism on 

drug clearance and efficacy. This information is valuable 

in optimizing drug dosing regimens and predicting 

potential drug interactions.
[194]

 AI algorithms can analyse 

drug physicochemical properties, such as molecular 

weight, lipophilicity, and ionization, to predict drug 

clearance rates. By training on datasets that include 

information on drug clearance pathways, AI models can 

estimate the rate at which drugs are eliminated from the 

body. This information is crucial for determining 

appropriate dosing regimens and ensuring drug efficacy 

and safety.
[195]

 

 

AI models can predict drug interactions with transporters 

involved in absorption, distribution, metabolism, and 

excretion processes. By considering drug 

physicochemical properties and transporter 

characteristics, AI models can assess the potential for 

drug–drug interactions or altered pharmacokinetics due 

to transporter-mediated effects. This knowledge aids in 

understanding drug disposition and optimizing drug 

formulations.
[196-199]

 

 



Samanta et al.                                                                                    World Journal of Advance Healthcare Research 

www.wjahr.com       │      Volume 10, Issue 9, 2026      │      ISO 9001:2015 Certified Journal      │                275 

Table 4:- Algorithms used for the development of AI models for various PKPD studies along with their 

advantages and limitations. 

Algorithm/Software Aim Advantage Limitation 
PK/ PD/ 

Both 

Bayesian/Win BUGS 
To handle data below the 

limit of quantification 

Prior information from the 

literature can be directly 

used for model-fitting 

Easy implementation 

Prior information from 

the literature can be 

directly used for model-

fitting 

Easy implementation 

Both 

Bayesian/PKB UGS (v 

1.1)/WinBUG S (v 1.3) 

Pharmacokinetic analysis 

of sirolimus 

concentration data for 

therapeutic drug 

monitoring 

Easy incorporation of prior 

information with current 

data 

Identification of possible 

covariate relationship 

A limited number of 

datasets and poorly 

informative data 

PK 

Support Vector 

Machine/Least Square-

SVM 

Drug concentration 

analysis of sample drug 

based on individual 

patient profile 

Personalized model for 

every new patient 

SVM-based approaches 

are more accurate than the 

PK modeling method for 

Outliers in samples 

greatly affect the model, 

limiting its accuracy 

PK 

 

Limitation of AI tools: Despite their benefits, AI-based 

models have some limitations, such as the need for large 

datasets, potential biases, and lack of interpretability. 

Therefore, AI-based models should be used in 

combination with traditional experimental methods to 

ensure the safety and efficacy of drugs. Some of the 

limitations are highlighted below: 

 

Limitations and Challenges: AI implementation also 

presents several challenges. Model performance depends 

heavily on the quality and representativeness of training 

data. Biased datasets may produce biased predictions. 

Some complex AI models are difficult to interpret, 

creating concerns regarding transparency. Patient 

information also requires strong privacy and cyber 

security protection. Generative AI may produce incorrect 

information that appears convincing, making 

independent verification essential. Regulatory agencies 

are therefore developing risk-based approaches for 

evaluating AI used in drug development.
[4,5]

 

 

Future Perspectives: Future pharmacy practice is likely 

to involve closer collaboration between pharmacists and 

AI systems. AI may increasingly support precision 

pharmacotherapy, drug development, pharmacovigilance 

and pharmacy education. Pharmacy curricula should 

therefore include basic AI literacy, data interpretation, 

ethical considerations and critical evaluation of AI-

generated information. 

 

Lack of Transparency: AI models use complex 

algorithms and are often referred to as ―black boxes‖ 

because it is difficult to understand how the model 

arrives at its predictions. This lack of transparency can 

make it challenging to gain regulatory approval for AI-

based drug development tools, as it can be challenging to 

demonstrate that the model is making accurate and 

reliable predictions. Furthermore, the lack of 

transparency can also lead to a lack of trust in the 

model’s predictions, particularly if the model makes 

predictions that conflict with the expectations of 

clinicians or researchers.
[209,210]

 

 

Biases in Data: The efficacy and precision of AI models 

are contingent upon the quality of the data utilized for 

their training. In instances where the data exhibit bias or 

incompleteness, the resulting predictions may also be 

biased. The homogeneity of patient populations in 

clinical trials is a significant problem within the realm of 

pharmacology. If a specific demographic or disease state 

is inadequately represented in the training dataset, the 

model’s ability to make precise predictions regarding the 

drug’s efficacy in that particular population may be 

compromised. Moreover, in the case of incomplete or 

inaccurate data, the model may generate erroneous 

assumptions, which can result in imprecise predictions. 

The utilization of an AI model to direct clinical decision-

making can pose a significant challenge. Therefore, it is 

essential to guarantee that the training data used to create 

AI models are representative of the population for whom 

the model will be utilized and that the data are 

trustworthy, comprehensive, and impartial.
[211,212]

 

 

Interpretation of Results: AI models can be complex 

and can generate outputs that are difficult to interpret, 

even for experts in the field. The models may not be able 

to provide a clear explanation of how they arrived at 

their predictions, which can make it challenging for 

clinicians and researchers to understand and interpret the 

results. In some cases, the results may be difficult to 

translate into actionable insights that can be used in 

clinical practice or drug development. Additionally, the 

use of AI models may require a level of technical 

expertise that is not readily available to all clinicians and 

researchers, which can further limit their usefulness. As a 

result, there is a need for an improved interpretability 

and explain ability of AI models, to ensure that their 
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predictions can be understood and used 

effectively.
[213,214]

 

 

Complex Biological Systems: AI’s ability to accurately 

mimic the complexity of biological systems as a whole is 

limited. Biological systems are intricate and dynamic, 

encompassing a multitude of interconnected pathways, 

feedback loops, and intricate molecular interactions. This 

complexity poses challenges for AI models, which often 

simplify and abstract the underlying biological processes. 

AI models heavily rely on training data to learn patterns 

and make predictions, but the available data may not 

fully capture the intricacies and nuances of biological 

systems.
[215]

 Factors such as genetic variations, 

environmental conditions, and interindividual variability 

contribute to significant complexity and variability that 

may not be adequately captured by AI models.
[44,216]

 

Moreover, the emergent properties of biological systems, 

where the collective behaviour of individual components 

gives rise to system-level behaviours, are difficult to 

predict solely based on the properties of individual 

components. A limited understanding of certain 

biological processes and mechanisms further hampers 

the accurate incorporation of this knowledge into AI 

models.
[217]

 

Lack of Clinical Expertise: While AI can identify 

correlations, it is essential to recognize that individual 

patient therapies can vary despite these correlations. AI 

algorithms typically operate on a statistical framework, 

which may limit their comprehension of the intricate 

factors and the profound effects certain parameters can 

have. The complex nature, where treatment decisions are 

influenced by various individualized factors, poses a 

challenge for AI models primarily focused on statistical 

associations.
[218,219]

 Therefore, the ability of AI to fully 

capture the critical aspects and implications of specific 

parameters may be limited. 

 

Advantages of AI in Pharmacy 

 The major advantages include: 

 Faster analysis of large datasets 

 Support for drug discovery and development 

 Reduction in repetitive analytical work 

 Improved pharmacovigilance signal detection 

 Support for personalized treatment
[220] 

 Assistance in pharmaceutical manufacturing 

 Enhanced learning and research efficiency 
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CONCLUSION 

Artificial Intelligence has considerable potential to 

transform pharmacy by supporting drug discovery, 

formulation, manufacturing, pharmacovigilance, clinical 

decision-making and education. However, its successful 

implementation requires reliable data, appropriate 

validation, ethical safeguards and human supervision. AI 

should be viewed as a tool that strengthens the 

capabilities of pharmacists and pharmaceutical scientists 

rather than as a replacement for professional expertise. 

AI is transforming drug delivery technologies, enabling 

targeted, personalized, and adaptive therapies. By 

leveraging AI’s capabilities in data analysis, pattern 

recognition, and optimization, pharmaceutical 

researchers and healthcare professionals can enhance 

drug efficacy, minimize side effects, and improve patient 

outcomes. AI-based methods have revolutionized the 

field of pharmacokinetics and pharmacodynamics. They 

offer several advantages over traditional experimental 

methods. AI-based models can predict pharmacokinetic 

parameters, simulate drug distribution and clearance in 

the body, and optimize drug dosage and administration 

routes. AI-based computational methods for PBPK 

models can simplify the development of such models and 

optimize their parameters, reducing the need for animal 

studies and human clinical trials. Computational 



Samanta et al.                                                                                    World Journal of Advance Healthcare Research 

www.wjahr.com       │      Volume 10, Issue 9, 2026      │      ISO 9001:2015 Certified Journal      │                277 

pharmaceutics, facilitated by AI and big data, 

revolutionizes the drug delivery process by providing a 

more efficient, cost-effective, and data-driven approach. 

It enables the optimization of drug formulations, 

personalized therapies, regulatory compliance, and risk 

reduction, ultimately leading to improved drug 

manufacturing processes and enhanced patient outcomes. 

Overall, the integration of AI technologies holds great 

promise for accelerating drug development, improving 

patient outcomes, and revolutionizing the pharmaceutical 

industry, promoting its evolution from era 4.0 to era 5.0. 

 

REFERENCES 

1. Krikorian G., Torreele E. We Cannot Win the 

Access to Medicines Struggle Using the Same 

Thinking That Causes the Chronic Access Crisis. 

Health Hum. Rights, 2021; 23: 119–127. 

2. Chavda V.P., Vihol D., Patel A., Redwan E.M., 

Uversky V.N. Bioinformatics Tools for 

Pharmaceutical Drug Product Development. John 

Wiley & Sons, Ltd.; Hoboken, NJ, USA: 2023. 

Introduction to Bioinformatics, AI, and ML for 

Pharmaceuticals, 1–18. 

3. Scannell J.W., Blanckley A., Boldon H., Warrington 

B. Diagnosing the Decline in Pharmaceutical R&D 

Efficiency. Nat. Rev. Drug Discov, 2012; 11: 191–

200. 

4. Munos B. Lessons from 60 Years of Pharmaceutical 

Innovation. Nat. Rev. Drug Discov, 2009; 8: 959–

968. 

5. Mak K.-K., Pichika M.R. Artificial Intelligence in 

Drug Development: Present Status and Future 

Prospects. Drug Discov. Today, 2019; 24: 773–780. 

6. Biggest Challenges Facing the Pharmaceutical 

Industry in 2023. [(accessed on 5 May 2023)]. 

7. Chavda V., Valu D., Parikh P., Tiwari N., Chhipa 

A., Shukla S., Patel S., Balar P., Paiva-Santos A., 

Patravale V. Conventional and Novel Diagnostic 

Tools for the Diagnosis of Emerging SARS-CoV-2 

Variants. Vaccines, 2023; 11: 374. 

8. Zignify. [(accessed on 2

 May 2023)]. 

causes/#:~:text=LogisticsDelaysandFailures,resultin

gincongestionanddelays. 

9. Kgmg.   [(accessed   on   2    May  2023)]. 

10. Times of India Pharmaceutical Supply Chain 

Management: Crises and Innovations. [(accessed on  

15 May 2023)]. 

11. Sharma R., Shishodia A., Gunasekaran A., Min H., 

Munim Z.H. The Role of Artificial Intelligence in 

Supply Chain Management: Mapping the Territory. 

Int. J. Prod. Res., 2022; 60: 7527–7550. 

12. Grilo A.L., Mantalaris A. The Increasingly Human 

and Profitable Monoclonal Antibody Market. Trends 

Biotechnol, 2019; 37: 9–16. 

13. Sarpatwari A., Barenie R., Curfman G., Darrow J.J., 

Kesselheim A.S. The US Biosimilar Market: Stunted 

Growth and Possible Reforms. Clin. Pharmacol. 

Ther., 2019; 105: 92–100. 

14. Daka A., Peer D. RNAi-Based Nanomedicines for 

Targeted Personalized Therapy. Adv. Drug Deliv. 

Rev., 2012; 64: 1508–1521. 

15. Colombo S., Zeng X., Ragelle H., Foged C. 

Complexity in the Therapeutic Delivery of RNAi 

Medicines: An Analytical Challenge. Expert Opin. 

Drug Deliv, 2014; 11: 1481–1495. 

16. Müller R. Junghanns Nanocrystal Technology, Drug 

Delivery and Clinical Applications. Int. J. Nanomed, 

2008; 3: 295–310. 

17. Jain K.K., Jain K.K. The Handbook of 

Nanomedicine. Springer; Berlin/Heidelberg, 

Germany: 2017. Nanomolecular Diagnostics, 133–

200. 

18. Kalepu S., Nekkanti V. Insoluble Drug Delivery 

Strategies: Review of Recent Advances and 

Business Prospects. Acta Pharm. Sin. B., 2015; 5: 

442–453. 

19. Deloitte Using-Ai-to-Accelerate-Clinical-Trials. 

[(accessed on 1 May 2023)]. 

20. Dickherber A., Morris S.A., Grodzinski P. NCI 

Investment in Nanotechnology: Achievements and 

Challenges for the Future. Wiley Interdiscip. Rev. 

Nanomed. Nanobio Technol, 2015; 7: 251–265. 

21. 21. National Nanotechnology Initiative NNI Budget 

Supplements and Strategic Plans. [(accessed on   1    

May  2023)]; 

22. Colombo S., Beck-Broichsitter M., Bøtker J.P., 

Malmsten M., Rantanen J., Bohr A. Transforming 

Nanomedicine Manufacturing toward Quality by 

Design and Microfluidics. Adv. Drug Deliv. Rev., 

2018; 128: 115–131. 

23. Troiano G., Nolan J., Parsons D., Van Geen Hoven 

C., Zale S. A Quality by Design Approach to 

Developing and Manufacturing Polymeric 

Nanoparticle Drug Products. AAPSJ., 2016; 18: 

1354–1365. 

24. Puri M., Pathak Y., Sutariya V.K., Tipparaju S., 

Moreno W. Artificial Neural Network for Drug 

Design, Delivery and Disposition. Academic Press; 

Cambridge, MA, USA, 2015. 

25. Vyas M., Thakur S., Riyaz B., Bansal K., Tomar B., 

Mishra V. Artificial Intelligence: The Beginning of a 

New Era in Pharmacy Profession. Asian J. Pharm., 

2018; 12: 72–76. 

26. Hassanzadeh P., Atyabi F., Dinarvand R. The 

Significance of Artificial Intelligence in Drug 

Delivery System Design. Adv. Drug Deliv. Rev., 

2019; 151–152: 169–190. 

27. Chavda V., Bezbaruah R., Valu D., Desai S., 

Chauhan N., Marwadi S., Deka G., Ding Z. 

Bioinformatics Tools for Pharmaceutical Drug 

Product Development. John Wiley & Sons, Ltd.; 

Hoboken, NJ, USA: 2023. Clinical Applications of 

―Omics‖ Technology as a Bioinformatic Tool, 117–

145. 

28. Sacha G.M., Varona P. Artificial Intelligence in 

Nanotechnology. Nanotechnology, 2013; 24: 

452002. 



Samanta et al.                                                                                    World Journal of Advance Healthcare Research 

www.wjahr.com       │      Volume 10, Issue 9, 2026      │      ISO 9001:2015 Certified Journal      │                278 

29. Wong W., Chee E., Li J., Wang X. Recurrent Neural 

Network-Based Model Predictive Control for 

Continuous Pharmaceutical Manufacturing. 

Mathematics, 2018; 6: 242. 

30.  ise J., M ller A., Christie D., Kalra D., Brodsky 

E., Georgieva E., Jones G., Smith I., Greiffenberg 

L., McCarthy M., et al. The Positive Impacts of 

Real-World Data on the Challenges Facing the 

Evolution of Biopharma. Drug Discov. Today, 2018; 

23: 788–801. 

31. Taylor D., Bowden S.G., Knorr R., Wilson D.R., 

Proudfoot J., Dunlop A.E. The Pistoia Alliance 

Controlled Substance Compliance Service Project: 

From Start to Finish. Drug Discov. Today, 2015; 20: 

175–180. 

32. Lee C.K.H., Choy K.L., Chan Y.N. A Knowledge-

Based Ingredient Formulation System for Chemical 

Product Development in the Personal Care Industry. 

Comput.  Chem. Eng., 2014; 65: 40–53. 

33. Schmidhuber J. Deep Learning in Neural Networks: 

An Overview. Neural Netw., 2015; 61: 85–117. 

34. When   Virtual Screening Yields Inactive Drugs: 

Dealing with False Theoretical Friends—

Cero´n-Carrasco—2022—ChemMedChem—Wiley 

Online Library. [(accessed on 27 June 2023)]. 

35. Roboticsbiz Ai-in-Drug-Discovery-Benefits-

Drawback-and-Challenges. [(accessed on 5 May 

2023)]. 

36. Sarker I.H. Machine Learning: Algorithms, Real-

World Applications and Research Directions. SN 

Comput. Sci., 2021; 2: 160. 

37. Sarker I.H. AI-Based Modeling: Techniques, 

Applications and Research Issues Towards 

Automation, Intelligent and Smart Systems. SN 

Comput. Sci., 2022; 3: 158. 

38. Dara S., Dhamercherla S., Jadav S.S., Babu C.M., 

Ahsan M.J. Machine Learning in Drug Discovery: A 

Review. Artif. Intell. Rev., 2022; 55: 1947–1999. 

39. Kavasidis I., Lallas E., Gerogiannis V.C., Charitou 

T., Karageorgos A. Predictive Maintenance in 

Pharmaceutical Manufacturing Lines Using Deep 

Transformers. Procedia Comput.  Sci., 2023; 220: 

576–583. 

40. Bagherian M., Sabeti E., Wang K., Sartor M.A., 

Nikolovska-Coleska Z., Najarian K. Machine 

Learning Approaches and Databases for Prediction 

of Drug–Target Interaction: A Survey Paper. Brief. 

Bioinform, 2021; 22: 247–269. 

41. Kumar Y., Koul A., Singla R., Ijaz M.F. Artificial 

Intelligence in Disease Diagnosis: A Systematic 

Literature Review, Synthesizing Framework and 

Future Research Agenda. J. Ambient. Intell. 

Humaniz. Comput, 2023; 14: 8459–8486. 

42. Chapman A.B., Peterson K.S., Alba P.R., DuVall 

S.L., Patterson O.V. Detecting Adverse Drug Events 

with Rapidly Trained Classification Models. Drug 

Saf., 2019; 42: 147–156. 

43. Chavda V.P., Sorathiya A., Valu D., Marwadi S. 

Computation in BioInformatics: Multidisciplinary 

Applications. John Wiley & Sons; Hoboken, NJ, 

USA: 2021. Role of Data Mining in Bioinformatics, 

69–84. 

44. Parikh S., Patel R., Khunt D., Chavda V.P., Vora L. 

Bioinformatics Tools for Pharmaceutical Drug 

Product Development. John Wiley & Sons, Ltd.; 

Hoboken, NJ, USA: 2023. Data Analytics and Data 

Visualization for the Pharmaceutical Industry, 55–

76. 

45. Karim M.R., Beyan O., Zappa A., Costa I.G., 

Rebholz-Schuhmann D., Cochez M., Decker S. 

Deep Learning-Based Clustering Approaches for 

Bioinformatics. Brief. Bioinform, 2021; 22: 393–

415. 

46. Vamathevan J., Clark D., Czodrowski P., Dunham 

I., Ferran E., Lee G., Li B., Madabhushi A., Shah P., 

Spitzer M., et al. Applications of Machine Learning 

in Drug Discovery and Development. Nat. Rev. 

Drug Discov, 2019; 18: 463–477. 

47. Goldstein M., Uchida S. A Comparative Evaluation 

of Unsupervised Anomaly Detection Algorithms for 

Multivariate Data. PLoS ONE, 2016; 11: e0152173. 

48. Liu L., Tang L., Dong W., Yao S., Zhou W. An 

Overview of Topic Modeling and Its Current 

Applications in Bioinformatics. SpringerPlus., 2016; 

5: 1608. 

49. Zhao W., Chen J.J., Perkins R., Liu Z., Ge W., Ding 

Y., Zou W. A Heuristic Approach to Determine an 

Appropriate Number of Topics in Topic Modeling. 

BMC Bioinform, 2015; 16: S8. 

50. Sousa T., Correia J., Pereira V., Rocha M. 

Generative Deep Learning for Targeted Compound 

Design. J. Chem. Inf. Model, 2021; 61: 5343–5361. 

51. Rajalingham R., Piccato A., Jazayeri M. Recurrent 

Neural Networks with Explicit Representation of 

Dynamic Latent Variables Can Mimic Behavioral 

Patterns in a Physical Inference Task. Nat. Commun, 

2022; 13: 5865. 

52. Nag S., Baidya A.T.K., Mandal A., Mathew A.T., 

Das B., Devi B., Kumar R. Deep Learning Tools for 

Advancing Drug Discovery and Development. 3 

Biotech, 2022; 12: 110. 

53. Liu X., Liu C., Huang R., Zhu H., Liu Q., Mitra S., 

Wang Y. Long Short-Term Memory Recurrent 

Neural Network for Pharmacokinetic-

Pharmacodynamic Modeling. Int. J. Clin. 

Pharmacol. Ther., 2021; 59: 138–146. 

54. Turchin A., Masharsky S., Zitnik M. Comparison of 

BERT Implementations for Natural Language 

Processing of Narrative Medical Documents. 

Inform. Med. Unlocked, 2023; 36: 101139. 

55. Huo L., Tang Y. Multi-Objective Deep 

Reinforcement Learning for Personalized Dose 

Optimization Based on Multi-Indicator Experience 

Replay. Appl. Sci., 2022; 13: 325. 

56. Olivier A., Shields M.D., Graham-Brady L. 

Bayesian Neural Networks for Uncertainty 

Quantification in Data-Driven Materials Modeling. 



Samanta et al.                                                                                    World Journal of Advance Healthcare Research 

www.wjahr.com       │      Volume 10, Issue 9, 2026      │      ISO 9001:2015 Certified Journal      │                279 

Comput. Methods Appl. Mech. Eng., 2021; 386: 

114079. 

57. Magris M., Iosifidis A. Bayesian Learning for 

Neural Networks: An Algorithmic Survey. Artif. 

Intell. Rev., 2023. 

58. Pham T.-H., Qiu Y., Zeng J., Xie L., Zhang P. A 

Deep Learning Framework for High-Throughput 

Mechanism-Driven Phenotype Compound Screening 

and Its Application to COVID-19 Drug 

Repurposing. Nat. Mach. Intell, 2021; 3: 247–257. 

59. Meyers J., Fabian B., Brown N. De Novo Molecular 

Design and Generative Models. Drug Discov. 

Today., 2021; 26: 2707–2715. 

60. Khadela A., Popat S., Ajabiya J., Valu D., Savale S., 

Chavda V.P. Bioinformatics Tools for 

Pharmaceutical Drug Product Development. Wiley; 

Hoboken, NJ, USA: 2023. AI, ML and Other 

Bioinformatics Tools for Preclinical and Clinical 

Development of Drug Products, 255–284. 

61. Koutroumpa N.-M., Papavasileiou K.D., 

Papadiamantis A.G., Melagraki G., Afantitis A. A 

Systematic Review of Deep Learning 

Methodologies Used in the Drug Discovery Process 

with Emphasis on In Vivo Validation. Int. J. Mol. 

Sci., 2023; 24: 6573. 

62. Tang M., Li B., Chen H. Application of Message 

Passing Neural Networks for Molecular Property 

Prediction. Curr. Opin. Struct. Biol., 2023; 81: 

102616. 

63. Reiser P., Neubert M., Eberhard A., Torresi L., Zhou 

C., Shao C., Metni H., van Hoesel C., Schopmans 

H., Sommer T., et al. Graph Neural Networks for 

Materials Science and Chemistry. Commun. Mater, 

2022; 3: 93. 

64. Shah H., Chavda V., Soniwala M.M. Bioinformatics 

Tools for Pharmaceutical Drug Product 

Development. Wiley; Hoboken, NJ, USA: 

Applications of Bioinformatics Tools in Medicinal 

Biology and Biotechnology, 2023; 95–116. 

65. Jenkins J.L., Bender A., Davies J.W. In Silico 

Target Fishing: Predicting Biological Targets from 

Chemical Structure. Drug Discov. Today Technol, 

2006; 3: 413–421. 

66. Afzal A.M., Mussa H.Y., Turner R.E., Bender A., 

Glen R.C. A Multi-Label Approach to Target 

Prediction Taking Ligand Promiscuity into Account. 

J. Cheminform, 2015; 7: 24. 

67. Wang L., Xie X.-Q. Computational Target Fishing: 

What Should Chemogenomics Researchers Expect 

for the Future of in Silico Drug Design and 

Discovery? Future Med. Chem., 2014; 6: 247–249. 

68. Iorio F., Bosotti R., Scacheri E., Belcastro V., 

Mithbaokar P., Ferriero R., Murino L., Tagliaferri 

R., Brunetti-Pierri N., Isacchi A., et al. Discovery of 

Drug Mode of Action and Drug Repositioning from 

Transcriptional Responses. Proc. Natl. Acad. Sci.  

USA, 2010; 107: 14621–14626. 

69. Begam B.F., Kumar J.S. A Study on 

Cheminformatics and Its Applications on Modern 

Drug Discovery. Procedia Eng., 2012; 38: 1264–

1275. 

70. Lomenick B., Olsen R.W., Huang J. Identification of 

Direct Protein Targets of Small Molecules. ACS 

Chem. Biol., 2011; 6: 34–46. 

71. Pushpakom S., Iorio F., Eyers P.A., Escott K.J., 

Hopper S., Wells A., Doig A., Guilliams T., Latimer 

J., McNamee C., et al. Drug Repurposing: Progress, 

Challenges and Recommendations. Nat. Rev. Drug 

Discov, 2019; 18: 41–58. 

72. Nettles J.H., Jenkins J.L., Bender A., Deng Z., 

Davies J.W., Glick M. Bridging Chemical and 

Biological Space: ―Target Fishing‖ Using 2D and 

3D Molecular Descriptors. J. Med. Chem., 2006; 49: 

6802–6810. 

73. Galati S., Di Stefano M., Martinelli E., Poli G., 

Tuccinardi T. Recent Advances in In Silico Target 

Fishing. Molecules, 2021; 26: 5124. 

74. Chavda V.P. Applications of Targeted Nano Drugs 

and Delivery Systems. Elsevier; Amsterdam, The 

Netherlands: 2019. Nanotherapeutics and 

Nanobiotechnology, 1–13. 

75. Colombo S. Artificial Intelligence in Healthcare. 

Elsevier; Amsterdam, The Netherlands: 2020. 

Applications of Artificial Intelligence in Drug 

Delivery and Pharmaceutical Development, 85–116. 

76. Das P.J., Preuss C., Mazumder B. Artificial Neural 

Network for Drug Design, Delivery and Disposition. 

Elsevier; Amsterdam, The Netherlands: 2016. 

Artificial Neural Network as Helping Tool for Drug 

Formulation and Drug Administration Strategies, 

263–276. 

77. Bhhatarai B., Walters W.P., Hop C.E.C.A., Lanza 

G., Ekins S. Opportunities and Challenges Using 

Artificial Intelligence in ADME/Tox. Nat. Mater, 

2019; 18: 418–422. 

78. Siepmann J., Siepmann F. Modeling of Diffusion 

Controlled Drug Delivery. J. Control. Release, 2012; 

161: 351–362. 

79. Yang S.-Y., Huang Q., Li L.-L., Ma C.-Y., Zhang 

H., Bai R., Teng Q.-Z., Xiang M.-L., Wei Y.-Q. An 

Integrated Scheme for Feature Selection and 

Parameter Setting in the Support Vector Machine 

Modeling and Its Application to the Prediction of 

Pharmacokinetic Properties of Drugs. Artif. Intell. 

Med., 2009; 46: 155–163. 

80. Yu L.X., Ellison C.D., Hussain A.S. Applications of 

Pharmacokinetic Principles in Drug Development. 

Springer; Boston, MA, USA: 2004. Predicting 

Human Oral Bioavailability Using in Silico Models, 

53–74. 

81. Menden M.P., Iorio F., Garnett M., McDermott U., 

Benes C.H., Ballester P.J., Saez-Rodriguez J. 

Machine Learning Prediction of Cancer Cell 

Sensitivity to Drugs Based on Genomic and 

Chemical Properties. PLoS ONE, 2013; 8: e61318. 

82. Rafienia M., Amiri M., Janmaleki M., Sadeghian A. 

Application of artificial neural networks in 



Samanta et al.                                                                                    World Journal of Advance Healthcare Research 

www.wjahr.com       │      Volume 10, Issue 9, 2026      │      ISO 9001:2015 Certified Journal      │                280 

controlled drug delivery systems. Appl. Artif. Intell., 

2010; 24: 807–820. 

83. Cui P., Wang S. Application of Microfluidic Chip 

Technology in Pharmaceutical Analysis: A Review. 

J. Pharm. Anal., 2019; 9: 238–247. 

84. Esch E.W., Bahinski A., Huh D. Organs-on-Chips at 

the Frontiers of Drug Discovery. Nat. Rev. Drug 

Discov, 2015; 14: 248–260. 

85. Kim S.M., Yang Y., Oh S.J., Hong Y., Seo M., Jang 

M. Cancer-Derived Exosomes as a Delivery 

Platform of CRISPR/Cas9 Confer Cancer Cell 

Tropism-Dependent Targeting. J. Control. Release, 

2017; 266: 8–16. 

86. Shuler M.L. Organ-, Body- and Disease-on-a-Chip 

Systems. Lab. Chip., 2017; 17: 2345–2346. 

87. Balogh G.T., M ller J., K ncz l A . PH-Gradient 

PAMPA-Based in Vitro Model Assay for Drug-

Induced Phospholipidosis in Early Stage of Drug 

Discovery. Eur. J. Pharm. Sci., 2013; 49: 81–89. 

88. Avdeef A., Artursson P., Neuhoff S., Lazorova L., 

Gra  sj  J., Tavelin S. Caco-2 Permeability of 

Weakly Basic Drugs Predicted with the Double-Sink 

PAMPA Method. Eur. J. Pharm. Sci., 2005; 24: 

333–349. 

89. Lou H., Lian B., Hageman M.J. Applications of 

Machine Learning in Solid Oral Dosage Form 

Development. J. Pharm. Sci., 2021; 110: 3150–3165. 

90. Jiang J., Ma X., Ouyang D., Williams R.O. 

Emerging Artificial Intelligence (AI) Technologies 

Used in the Development of Solid Dosage Forms. 

Pharmaceutics, 2022; 14: 2257. 

91. Han R., Xiong H., Ye Z., Yang Y., Huang T., Jing 

Q., Lu J., Pan H., Ren F., Ouyang D. Predicting 

Physical Stability of Solid Dispersions by Machine 

Learning Techniques. J. Control. Release, 2019; 

311: 16–25. 

92. Navya K., Kamaraj R., Bharathi M. The Trending 

Role of Artificial Intelligence and Its Applications in 

Formulation of Solid Dosage Forms: A Review. 

ECS Trans., 2022; 107: 20049–20055. 

93. Bannigan P., Aldeghi M., Bao  ., H se F., Aspuru-

Guzik A., Allen C. Machine Learning Directed Drug 

Formulation Development. Adv. Drug Deliv. Rev., 

2021; 175: 113806. 

94. Sun Y., Peng Y., Chen Y., Shukla A.J. Application 

of Artificial Neural Networks in the Design of 

Controlled Release Drug Delivery Systems. Adv. 

Drug Deliv. Rev., 2003; 55: 1201–1215. 

95. Mukhamediev R.I., Popova Y., Kuchin Y., Zaitseva 

E., Kalimoldayev A., Symagulov A., Levashenko 

V., Abdoldina F., Gopejenko V., Yakunin K., et al. 

Review of Artificial Intelligence and Machine 

Learning Technologies: Classification, Restrictions, 

Opportunities and Challenges. Mathematics, 2022; 

10: 2552. 

96. Sengupta S., Basak S., Peters R. Particle Swarm 

Optimization: A Survey of Historical and Recent 

Developments with Hybridization Perspectives. 

Mach. Learn. Knowl. Extr., 2018; 1: 157–191. 

97. Paul D., Sanap G., Shenoy S., Kalyane D., Kalia K., 

Tekade R.K. Artificial Intelligence in Drug 

Discovery and Development. Drug Discov. Today, 

2021; 26: 80–93. 

98. B hling P., Khinast J.G., Jajcevic D., Davies C., 

Carmody A., Doshi P., Am Ende M.T., Sarkar A. 

Computational Fluid Dynamics-Discrete Element 

Method Modeling of an Industrial-Scale Wurster 

Coater. J. Pharm. Sci., 2019; 108: 538–550. 

99. Song Y., Zhou T., Bai R., Zhang M., Yang H. 

Review of CFD-DEM Modeling of Wet Fluidized 

Bed Granulation and Coating Processes. Processes, 

2023; 11: 382. 

100. Mahapatra A.P.K., Saraswat R., Botre M., Paul B., 

Prasad N. Application of Response Surface 

Methodology (RSM) in Statistical Optimization and 

Pharmaceutical Characterization of a Patient 

Compliance Effervescent Tablet Formulation of an 

Antiepileptic Drug Levetiracetam. Future J. Pharm. 

Sci., 2020; 6: 82. 

101. Malakar J., Nayak A.K., Goswami S. Use of 

Response Surface Methodology in the Formulation 

and Optimization of Bisoprolol Fumarate Matrix 

Tablets for Sustained Drug Release. ISRN Pharm., 

2012; 2012: 730624. 

102. Madgulkar A., Bhalekar M., Kolhe V., Kenjale Y. 

Formulation and Optimization of Sustained Release 

Tablets of Venlafaxine Resinates Using Response 

Surface Methodology. Indian J. Pharm. Sci., 2009; 

71: 387. 

103. Kundu P., Paul V., Kumar V., Mishra I.M. 

Formulation Development, Modeling and 

Optimization of Emulsification Process Using 

Evolving RSM Coupled Hybrid ANN-GA 

Framework. Chem. Eng. Res. Des., 2015; 104: 773–

790. 

104. Shi G., Lin L., Liu Y., Chen G., Luo Y., Wu Y., Li 

H. Pharmaceutical Application of Multivariate 

Modelling Techniques: A Review on the 

Manufacturing of Tablets. RSC Adv., 2021; 11: 

8323–8345. 

105. Ferreira A.P., Tobyn M. Multivariate Analysis in the 

Pharmaceutical Industry: Enabling Process 

Understanding and Improvement in the PAT and 

QbD Era. Pharm. Dev. Technol, 2015; 20: 513–527. 

106. Ghourichay M.P., Kiaie S.H., Nokhodchi A., 

Javadzadeh Y. Formulation and Quality Control of 

Orally Disintegrating Tablets (ODTs): Recent 

Advances and Perspectives. BioMed Res. Int., 2021; 

2021: 6618934. 

107. Jivraj M., Martini L.G., Thomson C.M. An 

Overview of the Different Excipients Useful for the 

Direct Compression of Tablets. Pharm. Sci. Technol. 

Today, 2000; 3: 58–63. 

108. Galata D.L., K nyves  ., Nagy B., Nova k M., 

Me´sza´ros L.A., Szabo´ E., Farkas A., Marosi G., 

Nagy Z.K. Real-Time Release Testing of 

Dissolution Based on Surrogate Models Developed 

by Machine Learning Algorithms Using NIR 



Samanta et al.                                                                                    World Journal of Advance Healthcare Research 

www.wjahr.com       │      Volume 10, Issue 9, 2026      │      ISO 9001:2015 Certified Journal      │                281 

Spectra, Compression Force and Particle Size 

Distribution as Input Data. Int. J. Pharm., 2021; 597: 

120338. 

109. Petrovic  J., Ibric  S., Betz G., Đuric   . 

Optimization of Matrix Tablets Controlled Drug 

Release Using Elman Dynamic Neural Networks 

and Decision Trees.  Int.  J. Pharm., 2012; 428: 57–

67. 

110. Han R., Yang Y., Li X., Ouyang D. Predicting Oral 

Disintegrating Tablet Formulations by Neural 

Network Techniques. Asian J. Pharm. Sci., 2018; 

13: 336–342. 

111. Obeid S., Madzˇarevic  M., Krkobabic  M., Ibric  S. 

Predicting Drug Release from Diazepam FDM 

Printed Tablets Using Deep Learning Approach: 

Influence of Process Parameters and Tablet 

Surface/Volume Ratio. Int. J. Pharm., 2021; 601: 

120507. 

112. Alhijjaj M., Nasereddin J., Belton P., Qi S. Impact 

of Processing Parameters on the Quality of 

Pharmaceutical Solid Dosage Forms Produced by 

Fused Deposition Modeling (FDM) Pharmaceutics, 

2019; 11: 633. 

113. Mun˜ iz Castro B., Elbadawi M., Ong J.J., Pollard 

T., Song Z., Gaisford S., Pe´rez G., Basit A.W., 

Cabalar P., Goyanes A. Machine Learning Predicts 

3D Printing Performance of over 900 Drug Delivery 

Systems. J. Control. Release, 2021; 337: 530–545. 

114. Vaz V.M., Kumar L. 3D Printing as a Promising 

Tool in Personalized Medicine. AAPS 

PharmSciTech., 2021; 22: 49. 

115. Ma X., Kittikunakorn N., Sorman B., Xi H., Chen 

A., Marsh M., Mongeau A., Piche´ N., Williams 

R.O., Skomski D. Application of Deep Learning 

Convolutional Neural Networks for Internal Tablet 

Defect Detection: High Accuracy, Throughput, and 

Adaptability. J. Pharm. Sci., 2020; 109: 1547–1557. 

116. Yost E., Chalus P., Zhang S., Peter S., Narang A.S. 

Quantitative X-Ray Microcomputed Tomography 

Assessment of Internal Tablet Defects. J. Pharm. 

Sci., 2019; 108: 1818–1830. 

117. Khanam J.J., Foo S.Y. A Comparison of Machine 

Learning Algorithms for Diabetes Prediction. ICT 

Express, 2021; 7: 432–439. 

118. Bhattamisra S.K., Banerjee P., Gupta P., Mayuren J., 

Patra S., Candasamy M. Artificial Intelligence in 

Pharmaceutical and Healthcare Research. Big Data 

Cogn. Comput, 2023; 7: 10. 

119. Wang N., Sun H., Dong J., Ouyang D. PharmDE: A 

New Expert System for Drug-Excipient 

Compatibility Evaluation. Int. J. Pharm., 2021; 607: 

120962. 

120. Sun D.D., Lee P.I. Evolution of Supersaturation of 

Amorphous Pharmaceuticals: The Effect of Rate of 

Supersaturation Generation. Mol. Pharm., 2013; 10: 

4330–4346. 

121. Gao H., Su Y., Wang W., Xiong W., Sun X., Ji Y., 

Yu H., Li H., Ouyang D. Integrated Computer-

Aided Formulation Design: A Case Study of 

Andrographolide/Cyclodextrin Ternary Formulation. 

Asian J. Pharm. Sci., 2021; 16: 494–507. 

122. Dong J., Gao H., Ouyang D.PharmSD: A Novel AI-

Based Computational Platform for Solid Dispersion 

Formulation Design. Int. J. Pharm., 2021; 604: 

120705. 

123. Chavda V., Anand K., Apostolopoulos V. 

Bioinformatics Tools for Pharmaceutical Drug 

Product Development. John Wiley & Sons; 

Hoboken, NJ, USA, 2023. 

124. Zarrinpar A., Lee D.-K., Silva A., Datta N., Kee T., 

Eriksen C., Weigle K., Agopian V., Kaldas F., 

Farmer D., et al. Individualizing Liver Transplant 

Immunosuppression Using a Phenotypic 

Personalized Medicine Platform. Sci. Transl. Med., 

2016; 8: 333. 

125. Ho D., Wang P., Kee T. Artificial Intelligence in 

Nanomedicine. Nanoscale Horiz, 2019; 4: 365–377. 

126. Das K.P., Chandra J. Nanoparticles and 

Convergence of Artificial Intelligence for Targeted 

Drug Delivery for Cancer Therapy: Current Progress 

and Challenges. Front. Med. Technol, 2023; 4: 

1067144. 

127. Villa Nova M., Lin T.P., Shanehsazzadeh S., Jain 

K., Ng S.C.Y., Wacker R., Chichakly K., Wacker 

M.G. Nanomedicine Ex Machina: Between Model-

Informed Development and Artificial Intelligence. 

Front. Digit. Health, 2022; 4: 799341. 

128. Alshawwa S.Z., Kassem A.A., Farid R.M., Mostafa 

S.K., Labib G.S. Nanocarrier Drug Delivery 

Systems: Characterization, Limitations, Future 

Perspectives and Implementation of Artificial 

Intelligence. Pharmaceutics, 2022; 14: 883. 

129. Thota N., Jiang J. Computational Amphiphilic 

Materials for Drug Delivery. Front. Mater, 2015; 2: 

64. 

130. Huynh L., Neale C., Pome`s R., Allen C. 

Computational Approaches to the Rational Design 

of Nanoemulsions, Polymeric Micelles, and 

Dendrimers for Drug Delivery. Nanomed. 

Nanotechnol. Biol. Med., 2012; 8: 20–36. 

131. He Y., Ye Z., Liu X., Wei Z., Qiu F., Li H.-F., 

Zheng Y., Ouyang D. Can Machine Learning Predict 

Drug Nanocrystals? J. Control. Release, 2020; 322: 

274–285. 

132. Egorov E., Pieters C., Korach-Rechtman H., 

Shklover J., Schroeder A. Robotics, Microfluidics, 

Nanotechnology and AI in the Synthesis and 

Evaluation of Liposomes and Polymeric Drug 

Delivery Systems. Drug Deliv. Transl. Res., 2021; 

11: 345–352. 

133. Duarte Y., Ma´rquez-Miranda V., Miossec M.J., 

Gonza´lez-Nilo F. Integration of Target Discovery, 

Drug Discovery and Drug Delivery: A Review on 

Computational Strategies. WIREs Nanomed. 

Nanobiotechnol, 2019; 11: e1554. 

134. Gonzalez-Ibanez A.M., Gonzalez-Nilo F., Cachau 

R. The Collaboratory for Structural Nanobiology. 

Biophys. J., 2009; 96: 49a. 



Samanta et al.                                                                                    World Journal of Advance Healthcare Research 

www.wjahr.com       │      Volume 10, Issue 9, 2026      │      ISO 9001:2015 Certified Journal      │                282 

135. Nuhn L. Artificial Intelligence Assists Nanoparticles 

to Enter Solid Tumours. Nat. Nanotechnol, 2023; 

18: 550–551. 

136. Lin Z., Chou W.-C., Cheng Y.-H., He C., Monteiro-

Riviere N.A., Riviere J.E. Predicting Nanoparticle 

Delivery to Tumors Using Machine Learning and 

Artificial Intelligence Approaches. Int. J. Nanomed, 

2022; 17: 1365–1379. 

137. Mohan B., Kamaraj R., Navyaja K. Role of 

Artificial Intelligence in Parenteral Formulation: A 

Review. ECS Trans., 2022; 107: 20013–20020. 

138. Pokhriyal P., Chavda V.P., Pathak M. 

Bioinformatics Tools for Pharmaceutical Drug 

Product Development. Wiley; Hoboken, NJ, USA: 

2023. Future Prospects and Challenges in the 

Implementation of AI and ML in Pharma Sector, 

401–416. 

139. Wilco Image Processing Wilco Image Processing. 

[(accessed on 5 May 2023)]. 

140. Bannigan P., Bao  ., Hickman R.J., Aldeghi M., 

H se F., Aspuru-Guzik A., Allen C. Machine 

Learning Models to Accelerate the Design of 

Polymeric Long-Acting Injectables. Nat. Commun., 

2023; 14: 35. 

141. Magill E., Demartis S., Gavini E., Dian Permana A., 

Raj Singh Thakur R., Faris Adrianto M., Waite D., 

Glover K., Picco C.J., Korelidou A., et al. Solid 

Implantable Devices for Sustained Drug Delivery. 

Adv. Drug Deliv. Rev., 2023; 199: 114950. 

142. Wang N., Zhang Y., Wang W., Ye Z., Chen H., Hu 

G., Ouyang D. How Can Machine Learning and 

Multiscale Modeling Benefit Ocular Drug 

Development? Adv. Drug Deliv. Rev., 2023; 196: 

114772. 

143. Vora L.K., Moffatt K., Tekko I.A., Paredes A.J., 

Volpe-Zanutto F., Mishra D., Peng K., Raj Singh 

Thakur R., Donnelly R.F. Microneedle Array 

Systems for Long-Acting Drug Delivery. Eur. J. 

Pharm. Biopharm, 2021; 159: 44–76. 

144. Wu Y., Vora L.K., Mishra D., Adrianto M.F., Gade 

S., Paredes A.J., Donnelly R.F., Singh T.R.R. 

Nanosuspension-Loaded Dissolving Bilayer 

Microneedles for Hydrophobic Drug Delivery to the 

Posterior Segment of the Eye. Biomater. Adv., 2022; 

137: 212767. 

145. Bagde A., Dev S., Madhavi K., Sriram L., Spencer 

S.D., Kalvala A., Nathani A., Salau O., Mosley-

Kellum K., Dalvaigari H., et al. Biphasic Burst and 

Sustained Transdermal Delivery in Vivo Using an 

AI-Optimized 3D-Printed MN Patch. Int.J. Pharm., 

2023; 636: 122647. 

146. Chavda V.P., Vora L.K., Pandya A.K., Patravale 

V.B. Intranasal Vaccines for SARS-CoV-2: From 

Challenges to Potential in COVID-19 Management. 

Drug Discov. Today, 2021; 26: 2619–2636. 

147. Chavda V.P., Pandya R., Apostolopoulos V. DNA 

Vaccines for SARS-CoV-2: Toward Third-

Generation Vaccination Era. Expert Rev. Vaccines, 

2021; 20: 1549–1560. 

148. Chavda V.P., Prajapati R., Lathigara D., Nagar B., 

Kukadiya J., Redwan E.M., Uversky V.N., Kher 

M.N., Patel R. Therapeutic Monoclonal Antibodies 

for COVID-19 Management: An Update. Expert 

Opin. Biol. Ther., 2022; 22: 763–780. 

149. Chavda V.P., Soni S., Vora L.K., Soni S., Khadela 

A., Ajabiya J. MRNA-Based Vaccines and 

Therapeutics for COVID-19 and Future Pandemics. 

Vaccines, 2022; 10: 2150. 

150. Chavda V.P., Dawre S., Pandya A., Vora L.K., 

Modh D.H., Shah V., Dave D.J., Patravale V. 

Lyotropic Liquid Crystals for Parenteral Drug 

Delivery. J. Control. Release, 2022; 349: 533–549. 

151. Chavda V.P., Pandya A., Kumar L., Raval N., Vora 

L.K., Pulakkat S., Patravale V., Salwa D.Y., Tang 

B.Z. Exosome Nanovesicles: A Potential Carrier for 

Therapeutic Delivery. Nano Today, 2023; 49: 

101771. 

152. Huang Z., Chavda V.P., Bezbaruah R., Uversky 

V.N., Palagati S., Patel A.B., Chen Z.-S. An 

Ayurgenomics Approach: Prakriti-Based Drug 

Discovery and Development for Personalized Care. 

Front. Pharmacol, 2022; 13: 866827. 

153. Chavda V.P., Balar P.C., Teli D., Davidson M., 

Bojarska J., Apostolopoulos V. Antibody–

Biopolymer Conjugates in Oncology: A Review. 

Molecules, 2023; 28: 2605. 

154. Chavda V.P., Bezbaruah R., Dolia S., Shah N., 

Verma S., Savale S., Ray S. Convalescent Plasma 

(Hyperimmune Immunoglobulin) for COVID-19 

Management: An Update. Process Biochem, 2023; 

127: 66–81. 

155. Kabra R., Singh S. Evolutionary Artificial 

Intelligence Based Peptide Discoveries for Effective 

COVID-19 Therapeutics. Biochim. Biophys. Acta 

BBA Mol. Basis Dis., 2021; 1867: 165978. 

156. Akbar R., Bashour H., Rawat P., Robert P.A., 

Smorodina E., Cotet T.-S., Flem-Karlsen K., Frank 

R., Mehta B.B., Vu M.H., et al. Progress and 

Challenges for the Machine Learning-Based Design 

of Fit-for-Purpose Monoclonal Antibodies. mAbs, 

2022; 14: 2008790. 

157. Sharma A., Virmani T., Pathak V., Sharma A., 

Pathak K., Kumar G., Pathak D. Artificial 

Intelligence-Based Data-Driven Strategy to 

Accelerate Research, Development, and Clinical 

Trials of COVID Vaccine. BioMed Res. Int., 2022; 

2022: 7205241. 

158. Dhakal A., McKay C., Tanner J.J., Cheng J. 

Artificial Intelligence in the Prediction of Protein–

Ligand Interactions: Recent Advances and Future 

Directions. Brief. Bioinform, 2022; 23: bbab476. 

159. Vishnoi S., Matre H., Garg P., Pandey S.K. 

Artificial Intelligence and Machine Learning for 

Protein Toxicity Prediction Using Proteomics Data. 

Chem. Biol. Drug Des., 2020; 96: 902–920. 

160. Huang Z., Chavda V.P., Bezbaruah R., Dhamne H., 

Yang D.-H., Zhao H.-B. CAR T-Cell Therapy for 



Samanta et al.                                                                                    World Journal of Advance Healthcare Research 

www.wjahr.com       │      Volume 10, Issue 9, 2026      │      ISO 9001:2015 Certified Journal      │                283 

the Management of Mantle Cell Lymphoma. Mol. 

Cancer, 2023; 22: 67. 

161. Chavda V.P., Sugandhi V.V., Pardeshi C.V., Patil 

R.J., Joshi M., Patel B., Khadela A., Bezbaruah R., 

Bhattacharjee B., Balar P.C., et al. Engineered 

Exosomes for Cancer Theranostics: Next-Generation 

Tumor Targeting. J. Drug Deliv. Sci. Technol, 2023; 

85: 104579. 

162. Pinjala P., Tryphena K.P., Prasad R., Khatri D.K., 

Sun W., Singh S.B., Gugulothu D., Srivastava S., 

Vora L. CRISPR/Cas9 Assisted Stem Cell Therapy 

in Parkinson’s Disease. Biomater. Res., 2023; 27: 

46. 

163. Sahel D.K., Vora L.K., Saraswat A., Sharma S., 

Monpara J., D’Souza A.A., Mishra D., Tryphena 

K.P., Kawakita S., Khan S., et al. CRISPR/Cas9 

Genome Editing for Tissue-Specific In Vivo 

Targeting: Nanomaterials and Translational 

Perspective. Adv. Sci., 2023; 2207512. doi: 

10.1002/advs.202207512. 

164. Bezbaruah R., Ghosh M., Kumari S., Nongrang L., 

Ali S.R., Lahiri M., Waris H., Kakoti B.B. 

Bioinformatics Tools for Pharmaceutical Drug 

Product Development. Wiley; Hoboken, NJ, USA: 

Role of AI and ML in Epidemics and Pandemics, 

2023; 345–369. 

165. Koh D.-M., Papanikolaou N., Bick U., Illing R., 

Kahn C.E., Kalpathi-Cramer J., Matos C., Martí-

Bonmatí L., Miles A., Mun S.K., et al. Artificial 

Intelligence and Machine Learning in Cancer 

Imaging. Commun. Med., 2022; 2: 133. 

166. Malche T., Tharewal S., Tiwari P.K., Jabarulla 

M.Y., Alnuaim A.A., Hatamleh W.A., Ullah M.A. 

Artificial Intelligence of Things- (AIoT-) Based 

Patient Activity Tracking System for Remote Patient 

Monitoring. J. Healthc. Eng, 2022; 2022: 8732213. 

167. Verma D., Singh K.R., Yadav A.K., Nayak V., 

Singh J., Solanki P.R., Singh R.P. Internet of Things 

(IoT) in Nano-Integrated Wearable Biosensor 

Devices for Healthcare Applications. Biosens. 

Bioelectron. X., 2022; 11: 100153. 

168. Babel A., Taneja R., Mondello Malvestiti F., 

Monaco A., Donde S. Artificial Intelligence 

Solutions to Increase Medication Adherence in 

Patients With Non-Communicable Diseases. Front. 

Digit. Health, 2021; 3: 669869. 

169. 169. Insights/Artificial-Intelligence-in-Medical-

Devices K. Kantify Insights/Artificial-

Intelligence-in-Medical-Devices. [(accessed on 5 

May 2023)]. 

170. [Devices A.-I.-M. Artificial-Intelligence-Medical 

Devices. [(accessed on 5 May 2023)]. 

171. Ai-Medical-Devices-Three-Emerging-Industry-

Applications, E. Emerj Ai-Medical-Devices-Three-

Emerging-Industry-Applications. [(accessed on 2 

May 2023)]. 

172. FDA-AI-ML-Medical-Devices, M. Medtechdive 

FDA-AI-ML-Medical-Devices. [(accessed on 2 May 

2023)]. 

173. Artificial Intelligence in Medicine. [(accessed on 2 

May 2023)]. 

174. Tuntland T., Ethell B., Kosaka T., Blasco F., Zang 

R.X., Jain M., Gould T., Hoffmaster K. 

Implementation of Pharmacokinetic and 

Pharmacodynamic Strategies in Early Research 

Phases of Drug Discovery and Development at 

Novartis Institute of Biomedical Research. Front. 

Pharmacol, 2014; 5: 174. 

175. Mager D.E., Woo S., Jusko W.J. Scaling 

Pharmacodynamics from In Vitro and Preclinical 

Animal Studies to Humans. Drug Metab. 

Pharmacokinet, 2009; 24: 16–24. 

176. Alsultan A., Alghamdi W.A., Alghamdi J., Alharbi 

A.F., Aljutayli A., Albassam A., Almazroo O., 

Alqahtani S. Clinical Pharmacology Applications in 

Clinical Drug Development and Clinical Care: A 

Focus on Saudi Arabia. Saudi Pharm. J., 2020; 28: 

1217–1227. 

177. Keutzer L., You H., Farnoud A., Nyberg J., Wicha 

S.G., Maher-Edwards G., Vlasakakis G., 

Moghaddam G.K., Svensson E.M., Menden M.P., et 

al. Machine Learning and Pharmacometrics for 

Prediction of Pharmacokinetic Data: Differences, 

Similarities and Challenges Illustrated with 

Rifampicin. Pharmaceutics, 2022; 14: 1530. 

178. Chavda V.P., Ertas Y.N., Walhekar V., Modh D., 

Doshi A., Shah N., Anand K., Chhabria M. 

Advanced Computational Methodologies Used in 

the Discovery of New Natural Anticancer 

Compounds. Front. Pharmacol, 2021; 12: 702611. 

179. Chaturvedula A., Calad-Thomson S., Liu C., Sale 

M., Gattu N., Goyal N. Artificial Intelligence and 

Pharmacometrics: Time to Embrace, Capitalize, and 

Advance? CPT Pharmacomet. Syst. Pharmacol, 

2019; 8: 440–443. 

180. Patel V., Shah M. Artificial Intelligence and 

Machine Learning in Drug Discovery and 

Development. Intell. Med., 2022; 2: 134–140. 

181. Vatansever S., Schlessinger A., Wacker D., 

Kaniskan H.Ü., Jin J., Zhou M., Zhang B. Artificial 

Intelligence and Machine Learning-aided Drug 

Discovery in Central Nervous System Diseases: 

State-of-the-arts and Future Directions. Med. Res. 

Rev., 2021; 41: 1427–1473. 

182. Houy N., Le Grand F. Optimal Dynamic Regimens 

with Artificial Intelligence: The Case of 

Temozolomide. PLoS ONE, 2018; 13: e0199076. 

183. Westreich D., Lessler J., Funk M.J. Propensity Score 

Estimation: Neural Networks, Support Vector 

Machines, Decision Trees (CART), and Meta-

Classifiers as Alternatives to Logistic Regression. J. 

Clin. Epidemiol, 2010; 63: 826–833. 

184. Chintawar S., Gattani V., Vyas S., Dawre S. 

Bioinformatics Tools for Pharmaceutical Drug 

Product Development. Wiley; Hoboken, NJ, USA: 

Role of Artificial Intelligence in Machine Learning 

for Diagnosis and Radiotherapy, 2023; 315–344. 



Samanta et al.                                                                                    World Journal of Advance Healthcare Research 

www.wjahr.com       │      Volume 10, Issue 9, 2026      │      ISO 9001:2015 Certified Journal      │                284 

185. Suresh A., Udendhran R., Balamurgan M. 

Hybridized Neural Network and Decision Tree 

Based Classifier for Prognostic Decision Making in 

Breast Cancers. Soft Comput, 2020; 24: 7947–7953. 

186. Daoui O., Elkhattabi S., Chtita S., Elkhalabi R., 

Zgou H., Benjelloun A.T. QSAR, Molecular 

Docking and ADMET Properties in Silico Studies of 

Novel 4,5,6,7 - Tetrahydrobenzo[D]-Thiazol-2-Yl 

Derivatives Derived from Dimedone as Potent Anti-

Tumor Agents through Inhibition of C-Met Receptor 

Tyrosine Kinase. Heliyon, 2021; 7: e07463. 

187. Zhuang X., Lu C. PBPK Modeling and Simulation 

in Drug Research and Development. Acta Pharm. 

Sin. B., 2016; 6: 430–440. 

188. Healthcare Artificial Intelligence, Causal Machine 

Learning & Data Analytics—GNS Healthcare. 

[(accessed on 5 May 2023)]. 

189. Jones H., Rowland-Yeo K. Basic Concepts in 

Physiologically Based Pharmacokinetic Modeling in 

Drug Discovery and Development. CPT 

Pharmacomet. Syst. Pharmacol, 2013; 2: 63. 

190. Obrezanova O. Artificial Intelligence for Compound 

Pharmacokinetics Prediction. Curr. Opin. Struct. 

Biol., 2023; 79: 102546. 

191. Mhatre S., Shukla S., Chavda V.P., Gandikota L., 

Patravale V. Bioinformatics Tools for 

Pharmaceutical Drug Product Development. Wiley; 

Hoboken, NJ, USA: AI and ML for Development of 

Cell and Gene Therapy for Personalized Treatment, 

2023; 371–400. 

192. Chou W.-C., Lin Z. Machine Learning and Artificial 

Intelligence in Physiologically Based 

Pharmacokinetic Modeling. Toxicol. Sci., 2023; 

191: 1–14. 

193. Van Tran T.T., Tayara H., Chong K.T. Artificial 

Intelligence in Drug Metabolism and Excretion 

Prediction: Recent Advances, Challenges, and 

Future Perspectives. Pharmaceutics, 2023; 15: 1260. 

194. Li Y., Meng Q., Yang M., Liu D., Hou X., Tang L., 

Wang X., Lyu Y., Chen X., Liu K., et al. Current 

Trends in Drug Metabolism and Pharmacokinetics. 

Acta Pharm. Sin. B., 2019; 9: 1113–1144. 

195. Parikh P.K., Savjani J.K., Gajjar A.K., Chhabria 

M.T. Bioinformatics Tools for Pharmaceutical Drug 

Product Development. Wiley; Hoboken, NJ, USA: 

Bioinformatics and Cheminformatics Tools in Early 

Drug Discovery, 2023; 147–181. 

196. Alsmadi M.M., Idkaidek N. The Analysis of 

Pethidine Pharmacokinetics in Newborn Saliva, 

Plasma, and Brain Extracellular Fluid After Prenatal 

Intrauterine Exposure from Pregnant Mothers 

Receiving Intramuscular Dose Using PBPK 

Modeling. Eur. J. Drug Metab. Pharmacokinet, 

2023; 48: 281–300. 

197. Zhang Z., Tang W. Drug Metabolism in Drug 

Discovery and Development. Acta Pharm. Sin. B., 

2018; 8: 721. 

198. Khan S.R., Al Rijjal D., Piro A., Wheeler M.B. 

Integration of AI and Traditional Medicine in Drug 

Discovery. Drug Discov. Today, 2021; 26: 982–992. 

199. Selvaraj C., Chandra I., Singh S.K. Artificial 

Intelligence and Machine Learning Approaches for 

Drug Design: Challenges and Opportunities for the 

Pharmaceutical Industries. Mol. Divers, 2022; 26: 

1893–1913. 

200. Zhou H., Hartford A., Tsai K. A Bayesian Approach 

for PK/PD Modeling with PD Data Below Limit of 

Quantification. J. Biopharm. Stat, 2012; 22: 1220–

1243. 

201. Dansirikul C., Morris R.G., Tett S.E., Duffull S.B. A 

Bayesian Approach for Population Pharmacokinetic 

Modelling of Sirolimus. Br. J. Clin. Pharmacol, 

2006; 62: 420–434. 

202. You W., Widmer N., De Micheli G. Example-Based 

Support Vector Machine for Drug Concentration 

Analysis; Proceedings of the 2011 Annual 

International Conference of the IEEE Engineering in 

Medicine and Biology Society; Boston, MA, USA. 

30 August–3 September 2011; New York, NY USA: 

IEEE, 2011; 153–157. 

203. You W., Simalatsar A., Widmer N., Micheli G. De 

Personalized Drug Administrations Using Support 

Vector Machine. BioNanoScience, 2013; 3: 378–

393. 

204. Camps-Valls G., Soria-Olivas E., Perez-Ruixo J.J., 

Artes-Rodriguez A., Jimenez-Torres N.V. 

Therapeutic Drug Monitoring of Kidney Transplant 

Recipients Using Profiled Support Vector Machines. 

IEEE Trans. Syst. Man Cybern. Part C Appl. Rev., 

2007; 37: 359–372. 

205. Farhana N.A., Afendi F.M., Fitrianto A., Wijaya 

S.H. Classification Modeling of Support Vector 

Machine (SVM) and Random Forest in Predicting 

Pharmacodynamics Interactions. J. Phys. Conf. Ser., 

2021; 1863: 012067. 

206. Woillard J.-B., Labriffe M., Prémaud A., Marquet P. 

Estimation of Drug Exposure by Machine Learning 

Based on Simulations from Published 

Pharmacokinetic Models: The Example of 

Tacrolimus. Pharmacol. Res., 2021; 167: 105578. 

207. Woillard J., Labriffe M., Debord J., Marquet P. 

Tacrolimus Exposure Prediction Using Machine 

Learning. Clin. Pharmacol. Ther., 2021; 110: 361–

369. 

208. Ng C., Xiao Y., Putnam W., Lum B., Tropsha A. 

Quantitative Structure–pharmacokinetic Parameters 

Relationships (QSPKR) Analysis of Antimicrobial 

Agents in Humans Using Simulated Annealing K-

nearest-neighbor and Partial Least-square Analysis 

Methods**This Paper Was Presented in Part at the 

Annual Meeti. J. Pharm. Sci., 2004; 93: 2535–2544. 

209. Kiseleva A., Kotzinos D., De Hert P. Transparency 

of AI in Healthcare as a Multilayered System of 

Accountabilities: Between Legal Requirements and 

Technical Limitations. Front. Artif. Intell, 2022; 5: 

879603. 



Samanta et al.                                                                                    World Journal of Advance Healthcare Research 

www.wjahr.com       │      Volume 10, Issue 9, 2026      │      ISO 9001:2015 Certified Journal      │                285 

210. Kelly C.J., Karthikesalingam A., Suleyman M., 

Corrado G., King D. Key Challenges for Delivering 

Clinical Impact with Artificial Intelligence. BMC 

Med., 2019; 17: 195. 

211. Norori N., Hu Q., Aellen F.M., Faraci F.D., Tzovara 

A. Addressing Bias in Big Data and AI for Health 

Care: A Call for Open Science. Patterns, 2021; 2: 

100347. 

212. Manyika J., Silberg J., Presten B. What Do We Do 

About the Biases in AI? [(accessed on 5 May 

2023)]. Available online: 

https://hbr.org/2019/10/what-do-we-do-about-the-

biases-in-ai. 

213. Johnson K.B., Wei W., Weeraratne D., Frisse M.E., 

Misulis K., Rhee K., Zhao J., Snowdon J.L. 

Precision Medicine, AI, and the Future of 

Personalized Health Care. Clin. Transl. Sci., 2021; 

14: 86–93. 

214. Ahmed Z., Mohamed K., Zeeshan S., Dong X. 

Artificial Intelligence with Multi-Functional 

Machine Learning Platform Development for Better 

Healthcare and Precision Medicine. Database, 2020; 

2020: baaa010. 

215. Eslami M., Adler A., Caceres R.S., Dunn J.G., 

Kelley-Loughnane N., Varaljay V.A., Martin H.G. 

Artificial Intelligence for Synthetic Biology. 

[(accessed on 10 May 2023)]. 

216. Uddin M., Wang Y., Woodbury-Smith M. Artificial 

Intelligence for Precision Medicine in 

Neurodevelopmental Disorders. NPJ Digit. Med., 

2019; 2: 112. 

217. Quazi S. Artificial Intelligence and Machine 

Learning in Precision and Genomic Medicine. Med. 

Oncol, 2022; 39: 120. 

218. Davenport T., Kalakota R. The Potential for 

Artificial Intelligence in Healthcare. Future Healthc. 

J., 2019; 6: 94–98. 

219. S. Ahmad, Madzˇarevic  M., Krkobabic  M., Ibric  

S. Predicting Drug Release from Diazepam FDM 

Printed Tablets Using Deep Learning Approach: 

Influence of Process Parameters and Tablet 

Surface/Volume Ratio. Int. J. Pharm., 2021; 601: 

120507. 

220. Krikorian G., Torreele E. We Cannot Win the 

Access to Medicines Struggle Using the Same 

Thinking That Causes the Chronic Access Crisis. 

Health Hum. Rights, 2021; 23: 119–127. 


