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ABSTRACT 

Artificial intelligence (AI) and machine learning (ML) are 

transforming pharmaceutical research and drug development. 

This review highlights the application of AI across the drug 

discovery pipeline, including multiomics data analysis, target 

identification, protein structure prediction, virtual screening, de 

novo drug design, retrosynthesis, ADMET prediction, and 

clinical trial optimization. Advanced deep learning models such 

as graph neural networks, transformers, and diffusion models 

have significantly improved molecular representation, 

interaction prediction, and novel compound generation. The 

integration of emerging approaches like federated learning and 

quantum machine learning is also discussed, particularly for 

overcoming data-sharing and computational limitations. 

Clinical examples of AI-designed drugs are examined to 

illustrate both successes and challenges in translating  

computational predictions into real-world outcomes. Despite substantial progress, issues such 

as model interpretability, data bias, and regulatory concerns remain critical barriers. Overall, 

AI is rapidly becoming a central driver of precision medicine by enhancing efficiency, 

reducing costs, and improving success rates in drug discovery. However, interdisciplinary 

collaboration and responsible governance frameworks are essential to fully realize its 

potential and ensure safe and effective implementation in pharmaceutical development. 
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INTRODUCTION 

The world of pharmaceuticals is experiencing a fundamental shift in its paradigms, moving 

away from traditional and empirical research methodologies and towards a more 

deterministic approach driven by computation. For decades, drug discovery has been 

characterized by an intensive process that was based on trial and error methods, where 

biological hypotheses were constantly compared to clinical results for a prolonged period of 

time.
[1]

 While the end of the twentieth century saw some great improvements in screening 

techniques and combinatorial chemistry, which allowed generating numerous libraries of 

chemicals, these changes have not addressed the economic constraints inherent in 

pharmaceutical research. In reality, the economic model driving this process continues to 

become more and more difficult and unsustainable, an observation often referred to as 

―Eroom’s Law‖ and emphasizing that the R&D cost for each new medicine approved is 

doubled every nine years.
[1]

 Such continuous increase in costs is also accompanied by delays 

in the development cycle, with many studies showing that the time span between target 

identification and selection of a promising clinical candidate often exceeds five years. In 

addition, the success rates of drug development are also very poor, as close to ninety percent 

of all drug candidates undergoing clinical trials fail to get regulatory approval because of 

unexpected toxic side effects or lack of sufficient clinical efficacy.
[1] 

 

It is not generally due to any shortage of plausible hypotheses or specific disease target areas 

that the main bottleneck in drug discovery has been faced; on the contrary, the critical issue 

lies in the scarcity of appropriate technological and scientific means to test the viability of 

these hypotheses within the huge domain of theoretical chemistry.
[1]

 According to 

calculations, theoretical small molecule chemical space may include at least potential drugs, 

and in such huge dimensions, any traditional approach toward a physical examination of all 

possible candidates becomes mathematically impracticable.
[2]

 Against such a backdrop, AI 

and ML systems are disrupting this historical paradigm in a number of significant ways. By 

leveraging decades of continuous innovation within bioinformatics, cheminformatics, and 

computational chemistry research communities, state-of-the-art machine learning 

technologies are providing unprecedented capabilities for efficient and effective prediction, 
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discrimination, and generation of molecular structures for drug discovery and development 

projects.
[3]

 Machine learning systems allow identifying biologically relevant molecules, 

discovering novel molecular scaffolds, and optimizing desired pharmacological properties at 

an unprecedented pace and high levels of accuracy. Such progress is further amplified by 

recent developments in financial markets where AI-driven drug discovery solutions are 

increasingly regarded as critical and indispensable components in advancing the field of 

pharmaceutical innovation. Over the last ten years, approximately two hundred biotech 

startups specializing in AI-enabled drug discovery and development have attracted over 

seventeen billion US dollars in venture capital investment, highlighting a clear and 

unanimous recognition of the fundamental role of biology-centric information infrastructure, 

computational agency, and automation in laboratories of the future.
[1] 

 

Through this report, the comprehensive use of artificial intelligence and machine learning 

algorithms is analyzed in detail from all perspectives throughout the entirety of the drug 

discovery process pipeline, stressing not only the wide-ranging influence but also the depth of 

their revolutionary applications. This includes the examination of several components, such 

as data management systems involving multiple data sources, deep learning models, target 

identification methods, protein interactome databases, virtual screening methods, novel 

compound generation techniques, synthetic route prediction algorithms, toxicity predictions, 

and optimal clinical trial design. Together, all these innovations involve an extensive 

combination of biological and computational information that changes the way potential 

drugs are discovered and further improved upon. In addition to offering an insightful 

overview of current trends and methodologies, as well as the analysis of active clinical cases, 

this report also stresses the difficulties faced in this field of study, as well as future 

developments and challenges. 

 

Foundational Data Infrastructure and Multimodal Integration 

The performance and ability of any AI model to generate biologically plausible results 

depends primarily on its input data's quality, quantity, and multilevel diversity, thus directly 

impacting the model's generalizability.
[3]

 Considering the current state of the drug discovery 

field and the need for AI approaches in this industry, it is obvious that the development of AI-

powered solutions for modern pharmaceutical purposes requires the inclusion and integration 

of various biological data types, ranging from genomics to transcriptomics, proteomics, 

metabolomics, and even structural biology data.
[5]

 Nonetheless, even though the amount of 
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biomedical data is growing exponentially, old biological repositories and clinical databases 

often do not contain enough standardization and proper annotation to be considered AI-

ready.
[6]

 Fortunately, centralized efforts to curate and standardize biomedical data, such as the 

TDC initiative, aim to create high-quality datasets containing properly annotated data with 

adequate sample sizes for machine learning purposes as well as algorithmic benchmarking 

splits and out-of-distribution data splits.
[4]

 Yet again, the process of incorporating these 

heterogeneous real-world datasets into an AI system is rather complicated, as biomedical data 

are usually incomplete, noisy, and non-standardized – all factors influencing the creation of 

an accurate and generalizable model.
[7] 

 

The accurate use of data assimilation processes is very important in helping artificial 

intelligence systems detect hidden phenotypic associations and biological complexities, thus 

allowing a move away from reductionist and single-gene-based models to more integrative 

and holistic systems biology methodologies. This will help achieve an understanding of the 

complexity associated with diseases as well as improve prediction through the application of 

more sophisticated computational methods. This can be made possible through the adoption 

of scientific data management systems with stringent and enterprise-ready capabilities such 

as structured data collection, role-based data security, RESTful API compatibility, and 

bioisosteric contextualization, among others.
[8]

 Additionally, the inclusion of heterogeneous 

datasets in computational models can be done by combining different sources of information 

such as the imaging data obtained using The Cancer Imaging Archive (TCIA) with data on 

patients' health from the Medical Information Mart for Intensive Care (MIMIC). Not only 

does this framework aid in increasing interpretability but it also plays an important role in 

reducing the threat of over fitting algorithms and biases by providing models access to 

various and different data sets.
[9]

 Given the ongoing problems in relation to the isolation of 

data and the necessity to maintain patient data confidentiality, there has been increasing 

interest among pharmaceutical companies in the use of federated learning frameworks as a 

potential answer. Federated learning is an AI training process that involves the collaboration 

of multiple parties to develop generalized AI models in decentralized environments while 

avoiding the use and sharing of raw patient data.
[10]

 

  

 

 

 

Table 1: Major biomedical and cheminformatics databases supporting artificial 
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intelligence–driven drug discovery. 

Database 

Name 

Primary Data 

Modality 

Hosting 

Organization 

Access and 

Licensing 

Model 

Key Scientific 

Characteristic 

PubChem 
Chemical 

Structures 

National Center for 

Biotech Info 

Open Access 

Web 

Architecture 

Largest freely 

accessible 

chemical 

repository 

Drug Bank 
Pharmacological 

Data 

University of 

Alberta 

Academic Free 

/ Commercial 

Paid 

Comprehensive 

drug-target 

interactions 

ChEMBL 
Bioactivity 

Metrics 
EMBL-EBI 

Open Access 

Database 

Highly annotated 

compound-target 

affinities 

CompTox 

Dashboard 

Chemical 

Toxicity 

US Environmental 

Protection Agency 

Open Access 

Platform 

Real-time 

predictive 

toxicology 

integration 

ToxRefDB In Vivo Toxicity 
US Environmental 

Protection Agency 

Open Access 

Database 

High-quality 

historical in vivo 

endpoints 

T3DB 
Toxin 

Interactions 

University of 

Alberta 

Open Access 

Database 

Highly curated 

clinical toxin target 

mapping 

Therapeutic 

Target 

Database 

Drug Target 

Validation 

National University 

of Singapore 

Open Access 

Database 

Clear classification 

of therapeutic 

targets 

Gene 

Expression 

Omnibus 

Transcriptomics 
National Center for 

Biotech Info 

Open Access 

Repository 

Vast arrays of gene 

expression profiles 

KEGG 
Biological 

Pathways 

Kanehisa 

Laboratory 

Academic Free 

/ Commercial 

Paid 

Extensive 

metabolic and 

genomic mapping 

UniProt 
Protein 

Sequences 

EMBL-EBI / SIB / 

PIR 

Open Access 

Database 

Extensively cross-

referenced protein 

data 

 

Deep Learning Architectures in Pharmaceutical Computation 

The primary shift from the classical, simplistic machine learning methods such as Random 

Forests (RF), Support Vector Machine (SVM), Naïve Bayes, and Extreme Gradient Boosting 

(XGBoost) toward the advanced and complex DL frameworks has revolutionized the 

domains of chemical informatics and molecular modeling, leading to a more accurate 

perception of complicated biochemical processes.
[2]

 Despite their limitations, classical 

algorithms remain valuable for their efficiency and stability while processing structured 

tabular data, especially for traditional QSAR analysis and baseline toxicity identification, as 
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the feature space in those cases is clear and relatively small.
[13]

 However, the classical 

approach suffers from its dependence on simplistic molecular representations that are 

incapable of fully capturing the complexities of real-world molecules. Traditionally, the 

description of a molecule has entailed encoding using a linear string like SMILES or using a 

2-D binary fingerprint, although although convenient to process computationally, such 

models fail to capture the complexity and the non-linear, 3-D structural behavior of 

molecules. Such challenges become even more important when we consider how drugs 

interact with their targets, especially since the ability of a drug to bind depends on its precise 

orientation and electronic profile.
[15] 

 

However, these problems have been solved by deep learning via utilization of neural 

networks whose architecture is highly specialized and optimized to encode the inherent 

structural complexity of molecules. Among the most successful approaches are Graph Neural 

Networks (GNNs) as well as more advanced models like Graph Convolutional Networks 

(GCNs). They represent the state-of-the-art approach for molecular representation due to their 

capability of modeling chemistry in line with its intrinsic topology. These models encode 

molecules in form of graphs where each atom represents a separate node, and a chemical 

bond represents an edge of the graph.
[12]

 By utilizing this approach, neural networks can learn 

about localized molecular environments by propagating messages between neighboring 

nodes, thus enabling capturing of not only local but also global structural information within 

the molecular network. Consequently, this leads to improved performance of these 

approaches over traditional fingerprint techniques in prediction and modeling of 

physicochemical properties and behaviors of molecules.
[16]

 On the other hand, the abilities of 

RNNs and LSTMs have been proven to be outstanding in relation to processing sequential 

data. It is precisely owing to this characteristic that they perform well when it comes to the 

analysis of molecular string representation and biological sequences. By utilizing 

sophisticated gating schemes in their designs, which include input gates, output gates, and 

forget gates, LSTM-based neural networks are able to identify long-term dependencies in 

sequences; consequently, they overcome the issue of vanishing gradients, which has posed a 

major challenge to the performance of classic recurrent structures. As a result, they facilitate 

the prediction of new proteins, as well as the creation of valid and chemically feasible 

SMILES strings.
[17] 

 

Transformer neural networks, which have been primarily utilized in tasks related to natural 
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language processing, have had a substantial impact on computational biology and drug design 

due to their ability to facilitate the modeling of complicated sequential information. 

Transformers, thanks to the implementation of multi-headed self-attention techniques, can 

identify and learn about intricate, long-range interactions within biological sequences, such as 

nucleotide sequences and polypeptides, which are essential in establishing higher-level 

structures like secondary and tertiary ones.
[18]

 Unlike previous sequential models, these 

neural network models facilitate the processing of sequence components in parallel and 

dynamically assigning importance weights to each sequence component. In addition to 

advances made in the domain of sequence modeling through transformer neural networks, 

generative deep learning algorithms like VAEs and GANs have allowed for significant 

progress in designing molecules through AI. Such models allow the creation of smooth latent 

space mappings of chemical space, providing an opportunity for the exploration and 

interpolation of new molecules in a more efficient way. As the generative models function in 

such latent spaces, they allow the optimization of various physical and biological properties 

of the generated compounds, thus helping to find better molecules that meet the criteria set. 

Such capabilities make generative models important tools in the development of data-driven 

approaches to drug discovery.
[18] 

 

Table 2: Overview of major artificial intelligence and deep learning architectures 

commonly used in drug discovery. 

Architecture 

Type 

Common 

Abbreviation 

Core 

Computational 

Mechanism 

Primary Drug 

Discovery 

Application 

Key Advantage in 

Cheminformatics 

Feedforward 

Neural Network 
FNN 

Multi-layer 

perceptron 

routing 

Baseline property 

prediction 

High-speed 

mapping of 

standard features 

Convolutional 

Neural Network 
CNN 

Spatial feature 

extraction 

Molecular grid 

and image 

analysis 

Structural feature 

classification 

capability 

Recurrent 

Neural Network 
RNN 

Sequential data 

processing 

Protein and 

peptide sequence 

mapping 

Time-series 

prediction and 

sequencing 

Long Short-

Term Memory 
LSTM 

Gated memory 

cell tracking 

Pharmacokinetic 

trajectory 

modeling 

Actively mitigates 

vanishing gradients 

Autoencoder AE 

Unsupervised 

dimensionality 

reduction 

Chemical feature 

representation 

Efficient, 

compressed latent 

space generation 

Variational 

Autoencoder 
VAE 

Probabilistic 

latent space 

De novo 

molecular 

Enables smooth 

continuous space 



www.wjpr.net      │     Vol 15, Issue 9, 2026.      │     ISO 9001: 2015 Certified Journal     │ 

 

 

 

Sachin et al.                                                                         World Journal of Pharmaceutical Research 

389 

mapping generation interpolation 

Generative 

Adversarial 

Network 

GAN 

Generator-

discriminator 

competition 

Novel compound 

creation 

Generates highly 

diverse chemical 

structures 

Graph Neural 

Network 
GNN 

Node and edge 

relationship 

mapping 

ADMET and 

binding affinity 

prediction 

Retains complex 

2D/3D molecular 

topology 

Transformer 

Model 

BERT/GPT 

variants 

Self-attention 

mechanisms 

NLP literature 

mining and 

proteomics 

Captures long-

range biological 

dependencies 

Equivariant 

Graph Neural 

Network 

EGNN 

Symmetry-

preserving graph 

processing 

3D molecular 

conformation 

generation 

Strict rotational and 

translational 

invariance 

 

Target Identification and Systems Biology Prioritization 

The basis of drug discovery is founded on the ability to precisely identify and validate a 

suitable therapeutic target, which would normally include a protein, an enzyme, or even a 

receptor that can be manipulated through pharmacology in order to produce a definite 

therapeutic effect. In terms of previous methods of identifying targets, there had been much 

dependence on educated guesses, chance findings, and single gene knockout experiments. 

While such methods had led to great drug discoveries in the past, they are increasingly being 

viewed as narrow in scope and lacking in efficiency in today’s times. It was reported that 

Phase II trials of clinical trials experience an exceedingly high rate of failure because many 

drugs do not prove to be sufficiently efficacious, despite the success they experienced before 

entering the phase of trials.
[5]

 Only about ten percent of the drug candidates that undergo 

clinical trials eventually manage to get their regulatory approval due to insufficient target 

validation and incorrect identification of biological targets that may fail to mimic actual 

disease pathophysiology.
[5] 

 

It is only by leveraging the use of artificial intelligence algorithms that it becomes possible to 

conduct a detailed study and analysis of multidimensional omics data including genomic, 

transcriptomic, proteomic, and metabolomics data to determine causal relationships among 

the biological elements associated with diseases.
[18]

 The ability to integrate such information 

provides much more mechanistic understanding of disease pathology that goes far beyond 

reductionist perspectives of disease studies. On the other hand, NLP technology allows for 

conducting an analysis of information contained in numerous publications, clinical studies, 

and patents in order to identify relationships that can remain hidden without using 

computational algorithms. Biological knowledge networks then represent all the associations 
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among genes, proteins, metabolic pathways, and diseases. With the use of AI in defining 

biological targets, which are no longer thought of as standalone entities, but as part of 

complex signaling pathways with high interconnectivity and interaction, AI enables an 

enhanced understanding of network pharmacology and systems biology. By looking at targets 

from a systems level approach, the relevance of specific targets to overall disease pathways is 

achieved with greater precision, avoiding the misinterpretation of single gene associations 

that could lead to faulty conclusions.
[27]

 One such success story is the identification of the 

TNIK kinase as a potential target in idiopathic pulmonary fibrosis through the use of Insilico 

Medicine's AI technology.
[1] 

 

In addition, the importance of advanced AI algorithms cannot be understated in thoroughly 

assessing the druggability potential of novel targets to improve decision-making at the very 

early stages of the drug discovery pipeline. With the help of an analysis of protein structure 

dynamics, flexibility, and topology, it is possible to determine whether the selected target 

protein possesses stable and defined binding sites for drug molecules or whether there is 

enough surface area that can be targeted with large biologic drugs such as antibodies and 

peptides.
[22]

 The detailed structural analysis provides great knowledge regarding the viability 

of the pharmacological manipulation, thus enabling researchers to separate tractable targets 

from intractable targets. This ability enables an essential ―fail early‖ philosophy, which 

enables the deprioritization or exclusion of any unlikely target before expending considerable 

laboratory effort through the virtual screening phase. In this way, unnecessary laboratory 

testing of less likely targets is avoided, allowing researchers to efficiently allocate their 

efforts and saving hundreds of millions of dollars that would be expended in such tests, thus 

allowing a more rapid advancement of drug targets that have a higher probability of 

success.
[21] 

 

Table 3: Representative artificial intelligence–driven platforms and tools utilized in 

target identification and validation. 

AI Tool / 

Platform 

Name 

Core AI 

Methodology 

Primary Scientific 

Application 

Targeted Disease 

Focus Area 

Developer / 

Sponsoring 

Organization 

PandaOmics 
Multiomics AI 

analysis 

Systematic target 

identification 

Aging and 

neurodegeneration 

(ALS) 

Insilico 

Medicine 

Gene 

Inspector 

Machine 

Learning 

Accelerated 

biomarker 

discovery 

Precision genomics 

applications 

Agilisium/ 

Context AI 
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Biomarker 

Chatbot 
Generative AI 

Streamlined clinical 

research 

General clinical 

precision medicine 

Agilisium/ 

Context AI 

Target 

Discovery 

Agent 

Network 

Analysis 

Automated 

pathway mapping 

Broad spectrum 

disease targets 

Agilisium/ 

Context AI 

Literature 

Synthesis Bot 

Natural 

Language 

Processing 

Automated 

publication mining 

Scientific literature 

target validation 

Agilisium/ 

Context AI 

Druggability 

Assessment 

Predictive 

Modeling 

Target safety and 

viability 

Target structure 

druggability 

Agilisium/ 

Context AI 

Pathway 

Analysis 

Engine 

Graph Theory / 

Networks 

Therapeutic 

intervention 

mapping 

Biological systems 

and networks 

Agilisium/ 

Context AI 

Ontotext 

Target 

Discovery 

Knowledge 

Graphs 

Repurposing 

candidate 

identification 

Connected 

biomedical entities 
Ontotext 

Ardigen 

Target 

Prediction 

AI-Powered 

Data 

Exploration 

Validation in 

heterogeneous data 

Precision 

therapeutic targets 
Ardigen 

Valo Opal 

Platform 

Translational 

Modeling 

Rapid molecule and 

target analysis 

Oncology and 

personalized 

medicine 

Valo Health 

 

Protein Structure Prediction and Interactomics 

The actual biological role that any given protein plays can, in principle, be determined based 

on its three-dimensional structural conformation since it determines its binding capabilities, 

stability, and potential for involvement in complex biochemical reactions. Up until very 

recently, the elucidation of such complicated tertiary structures was achieved through 

experimentally demanding, laborious, and expensive methods, including but not limited to X-

ray crystallography, NMR spectroscopy, and cryogenic electron microscopy (cryo-EM), each 

of which involves specialized equipment and substantial optimization.
[29]

 While being 

extremely accurate, these techniques suffered from a number of important limitations with 

respect to time and cost efficiency. This challenge has been largely addressed by artificial 

intelligence-enabled structural biology, as illustrated by a series of breakthroughs in deep 

learning protein structure prediction algorithms, including the recent version of 

AlphaFold2.
[29]

 Such sophisticated computer models can reliably predict three-dimensional 

protein structures in atomic detail using only amino acid sequences of their linear peptides. 

By obviating the need for an extensive set of laboratory experiments, these algorithms have 

made a major contribution to accelerating research in this area. 

 

Nevertheless, besides the predictive modeling of the structures of biomolecules, the current 
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challenge associated with the drug discovery process revolves around gaining insights into 

the complex dynamics of the interactomes of proteins. These protein-protein interactions are 

not static in nature but rather are continuously changing according to the changes in 

conditions such as physiological environment, post-translational modifications, or genetic 

variations. Significantly, minor changes at the DNA level can cause major disruptions in such 

highly complex protein-protein interaction networks resulting in diseases.
[31]

 With this 

increasing complexity in mind, new artificial intelligence tools have emerged recently such as 

ESMFold, which uses advanced transformer architectures for language models to predict 

protein structures rapidly. In comparison to conventional methods, these models do not 

require MSAs and hence enable fast yet accurate predictions of the structures of proteins.
[29] 

 

Concurrently, emerging computational methods like PIONEER (Protein-protein InteractiOn 

iNtErfacE pRediction) offer a more focused approach by assessing the impact of disease-

causing mutations on protein-protein interaction interfaces. With the help of structural and 

interaction data, these algorithms can aid researchers in gaining insights into the mechanisms 

of disease-causing mutations in disrupting molecular signaling across the interactome.
[31] 

 

The study of these complex interaction networks through artificial intelligence has led to the 

identification of new and transient allosteric binding sites that have been traditionally ignored 

in drug discovery studies that mainly target orthosteric active sites. There are several benefits 

of designing allosteric ligands over orthosteric inhibitors, the most notable being reduced 

toxicity. This is because the allosteric modulators are less evolutionarily conserved, making 

them much safer alternatives to traditional drugs.
[32] 

 

Table 4: Key artificial intelligence–driven predictive models in structural biology and 

molecular modeling. 

Predictive 

Model Name 

Foundational 

Architecture 

Primary Input 

Modality 

Core Predictive 

Output 

Main Scientific 

Advantage 

AlphaFold2 
Deep Neural 

Network 

Amino acid 

sequences 

High-resolution 

3D structures 

Unprecedented 

atomic-level 

accuracy 

ESMFold 

Transformer 

Language 

Model 

Amino acid 

sequences 

Rapid protein 

structure 

generation 

High inference 

speed without 

MSAs 

PIONEER 
Computational 

AI 

Genomic 

mutation data 

Protein-protein 

interactome 

impact 

Identifies disease-

causing 

disruptions 

OpenFold Deep Neural Protein-small Protein-ligand Secure federated 
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Network molecule data interaction 

mapping 

learning 

infrastructure 

RoseTTAFold 
Three-Track 

Neural Network 

1D, 2D, and 3D 

coordinate data 

Complex multi-

protein structures 

Simultaneous 

domain tracking 

accuracy 

KarmaDock 
Graph-based 

Deep Learning 

Ligand and 

protein features 

Binding site 

conformation 

prediction 

High-throughput 

operational 

scaling 

DeepDock 
Convolutional 

Neural Network 

3D voxel 

representations 

Ligand-protein 

affinity scoring 

Non-linear spatial 

interaction 

mapping 

DiffDock 

Diffusion 

Generative 

Model 

Protein 

structures and 

ligands 

Blind molecular 

docking 

simulation 

High geometric 

flexibility and 

accuracy 

ProteinMPNN 
Graph Neural 

Network 

Protein 

backbone 

structures 

Sequence 

recovery and 

optimization 

Streamlined de 

novo protein 

engineering 

RFdiffusion 

Diffusion 

Generative 

Model 

Protein 

topologies 

Novel protein 

structure 

generation 

High success rate 

in wet-lab 

validation 

 

Virtual Screening and Molecular Docking Optimization 

After a potential drug target is characterized and validated, the next stage involves searching 

for compounds that can selectively alter its functionality. In this regard, virtual screening 

becomes one of the major components of the process since it involves the use of sophisticated 

in silico models to assess millions of small organic molecules, acting as a filter before 

expensive and time-consuming HTS tests begin in the lab.
[33]

 Molecular docking algorithms 

commonly used in VS studies rely upon empirical energy functions (like those derived from 

the CHARMM force field), along with Lamarckian Genetic Algorithms utilized by software 

such as AutoDock, to predict the theoretical protein-ligand binding affinity values.
[33]

 While 

being reliable and effective, such an approach poses certain problems because of the 

computational complexity involved and the risk of producing many false positives.
[34]

 Such 

shortcomings can be attributed to several factors related to the simplifications made, 

including rigid ligands and receptors, neglecting entropic effects, and underestimating solvent 

influence.
[34]

 

 

Through the advent of new scoring functions based on the use of advanced machine learning 

techniques, artificial intelligence has revolutionized the field of virtual screening in that the 

scoring functions automatically learn non-linear protein-ligand interactions from very 

accurate structural databases like PDBbind.
[33]

 Such deep learning scoring models can 

analyze complicated chemical-physical and steric properties of ligands and their receptors in 
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terms of interactions within binding pockets more precisely and quickly than traditional 

docking algorithms based on deterministic rules.
[37]

 Apart from enhancing primary screens, 

advanced statistical correction methodologies, such as Minimum Variance Sampling Analysis 

(MVS-A) and Stochastic Gradient Boosting Machines (GBMs), have been introduced as 

robust classifiers. Such techniques carefully analyze the influence of samples and predict 

uncertainty to distinguish real bioactives from the stochastic noise in a screening list.
[38]

 Thus, 

using this strategy will lead to the identification of valuable compounds that would not have 

been identified through docking and eliminate false-positive predictions. Through this 

process, promising drug candidates can easily be discovered and subsequently synthesized 

and evaluated experimentally. 

 

Table 5: Widely used virtual screening software and AI-driven platforms in drug 

discovery. 

Software / 

Platform 

Name 

Core Algorithmic 

Feature 

Target Screening 

Application 

Developer / 

Host 

Organization 

Platform 

Categorization 

Glide 

High-accuracy 

protein-ligand 

engine 

Large-scale virtual 

screening 
Schrödinger 

Enterprise 

Commercial 

GOLD 
Genetic algorithm-

based docking 

Covalent and 

flexible ligands 
CCDC 

Enterprise 

Commercial 

AutoDock 

Vina 

Iterated local 

search framework 

High-throughput 

molecular docking 

Scripps 

Research 

Specialized 

Open-Source 

DOCK 

Anchor-and-grow 

programmatic 

search 

Vast compound 

library evaluation 
UCSF 

Specialized 

Open-Source 

FRED 
Rapid shape-based 

screening metric 

Rigid docking and 

alignment 

workflows 

OpenEye 

Scientific 

Enterprise 

Commercial 

MOE 

Integrated 

molecular 

environment 

Pharmacophore 

virtual screening 

Chemical 

Computing 

Group 

Enterprise 

Commercial 

DeepMirror 
Generative AI 

modeling 

Iterative hit-to-

lead optimization 
DeepMirror 

Cloud Software 

Platform 

AtomNet 
Deep learning 

binding affinity 

Structure-based 

drug discovery 
Atomwise 

Enterprise AI 

Platform 

KarmaDock 
AI-driven deep 

learning scoring 

Large-scale 

dynamic screening 

Academic 

Consortium 

Open Research 

Tool 

DeepDock 

ML non-linear 

interaction 

modeling 

Protein-ligand 

accuracy 

enhancement 

Academic 

Consortium 

Open Research 

Tool 
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De Novo Molecular Design using Generative AI 

Indeed, one of the most revolutionary changes brought about by the implementation of 

artificial intelligence in contemporary pharmaceutical sciences has been the ability to perform 

de novo drug design, which essentially involves the automated creation of novel compounds 

with biological activities. De novo drug design is achieved through computational processes 

that are designed to meet certain physicochemical, biological activity, and pharmacokinetic 

requirements to ensure that the drug meets the desired therapeutic goals.
[20]

 Conversely, the 

conventional method of drug design mainly involves the identification of new drugs by 

screening commercial libraries of pre-existing compounds that constitute only an 

infinitesimal amount of the total possible chemical space. As such, the conventional approach 

is fundamentally limited in terms of the number of molecules and the diversity that can be 

explored, thereby limiting the optimal exploration of drug chemistry. 

 

Today’s state-of-the-art generative modeling approaches such as VAEs, GANs, Normalizing 

Flows, and the sophisticated diffusion models have found broad use in small molecule and 

macrocyclic peptide design, and even the generation of complex biological molecules.
[19]

 In 

particular, the combination of Equivariant Graph Neural Networks (EGNNs) with diffusion 

methods, as exemplified by EDM, GCDM, and MiDi, has shown impressive performance at 

producing robust and physically consistent molecular geometries.
[40]

 These models employ an 

iterative mechanism that involves adding and removing Gaussian noise to and from three-

dimensional coordinate space, essentially learning how to generate molecular geometries 

atom by atom. The strength of these models is that they incorporate physical symmetries, 

namely rotational and translational invariances, otherwise referred to as equivariance, which 

allows for the generation of physically realistic molecular conformations independent of the 

orientation within space.
[42] 

 

Also, sophisticated approaches like DiffSBDD (Structure-based Drug Design using 

Equivariant Diffusion Models) use precise three-dimensional models of binding sites on the 

target proteins to aid the generation process, thus creating ligands that are by nature 

complementary to the binding pocket’s structure and chemistry. Such structure-driven 

generation techniques not only enhance the efficiency of binding and specificity toward the 

target but also help in simultaneously optimizing other aspects such as synthetic feasibility 

and pharmacological safety.
[42]

 Thus, the ligands created using such approaches are not only 

valid, stable molecules but are also highly efficient in terms of having high target affinity, 
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low off-target effects, and ease of synthesis. All these advancements constitute a major 

breakthrough in moving beyond the current state-of-the-art lead optimization methods, thus 

transforming the field of rational drug design through generative artificial intelligence.
[20] 

 

Table 6: Representative generative artificial intelligence models for de novo molecular 

design. 

Generative 

Model Name 

Core Neural 

Architecture 

Primary 

Training 

Dataset 

Target 

Output 

Modality 

Key Molecular 

Design Capability 

EDM 
EGNN / 

Diffusion Models 

QM9 / GEOM-

Drugs 

Small 

Molecules 

High-fidelity 3D 

conformation 

generation 

GCDM 
EGNN / 

Diffusion Models 

QM9 / GEOM-

Drugs 

Small 

Molecules 

Geometry-

conditioned 

structural modeling 

MDM 
EGNN / 

Diffusion Models 

QM9 / GEOM-

Drugs 

Small 

Molecules 

Molecular diffusion 

coordinate mapping 

JODO 
VAE / Diffusion 

Models 

QM9 / GEOM-

Drugs 

Small 

Molecules 

Joint diffusion 

parameter 

optimization 

MiDi 
EGNN / 

Diffusion Models 

QM9 / GEOM-

Drugs 

Small 

Molecules 

Mixed continuous-

discrete variable 

modeling 

GeoLDM 
VAE / Latent 

Diffusion 

QM9 / GEOM-

Drugs 

Small 

Molecules 

Latent diffusion for 

dense 3D structures 

E-NF 
EGNN / Flow 

Matching 
QM9 

Small 

Molecules 

Equivariant 

normalizing flow 

architectures 

ORGANIC 
RNN / 

Reinforcement 

Custom 

SMILES 

databases 

Small 

Molecules 

SMILES-based 

molecule sequence 

generation 

DiffSBDD 
Equivariant 

Diffusion 

Target Protein 

Pockets 

Target-

Specific 

Ligands 

Pocket-conditioned 

structure synthesis 

Ligand 

Express 

ML / Generative 

Hybrid 

Multiomics 

bio-databases 

Small 

Molecules 

Extensive off-target 

generation and 

prediction 

 

Retrosynthesis and Computer-Assisted Synthesis Planning 

However, the mere design of a theoretically perfect molecule with optimal binding properties 

and physicochemical characteristics will not be sufficiently useful if its structural complexity 

makes the process of laboratory synthesis impractical or prohibitively expensive. Here, the 

role of retrosynthetic analysis – the systematic and logically rigorous breaking down of an 

elaborate target molecule into simpler building blocks that are readily available commercially 
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or through established reactions – becomes pivotal. Traditionally, this step required 

painstaking effort and intensive cognitive skills, dependent to a large extent on the expertise, 

intuition, and experience of the synthetic chemist, who usually possesses a wealth of 

experience with a variety of chemical transformations and reaction pathways.
[15]

 While this 

method has proved to be effective, its laborious nature and scalability make it less feasible in 

the age of automated drug discovery. This is where CASP tools have come into play, 

revolutionizing the field through their capacity for automatization, systematization, and 

expedited retrosynthesis analysis.
[43] 

 

Modern AI-based retrosynthesis platforms can analyze not only sequence representations, 

such as SMILES codes, but also graphical molecular representations, predicting potential 

synthesis pathways without relying on predefined chemical reactions or reaction templates 

created manually.
[15]

 These systems leverage neural network guided Monte Carlo tree search 

methods and deep learning frameworks trained on large reaction datasets and can propose 

synthetic pathways that are effective, high-yielding, and cost-efficient in a matter of 

seconds.
[44]

 Crucially, cutting-edge AI algorithms take into account critical chemical 

considerations, including electronic effects, sterics, regioselectivity, and molecular orbital 

interactions, which ensures the validity and practicality of pathways.
[15]

 Moreover, automated 

CASP platforms calculate SA scores, thus helping scientists eliminate potentially 

synthetically challenging compounds that may have been considered attractive 

computationally but which cannot be experimentally synthesized. In effect, this feature has 

resolved the age-old issue of bridging theoretical computational ideation with actual 

experimentation, thus increasing the translational capacity of molecular and drug discovery 

pipelines driven by AI technologies.
[44] 

 

Table 7: Artificial intelligence–driven tools and software for retrosynthetic analysis and 

computer-assisted synthesis planning (CASP). 

Tool / Software 

Name 

Core AI 

Mechanism 

Primary Output 

Focus 

General 

Access 

Model 

Standout 

Technological 

Feature 

IBM RXN 

Cloud-based AI 

sequence 

prediction 

Retrosynthesis & 

reaction 

prediction 

Free / 

Enterprise 

Paid 

Direct robotic lab 

hardware 

integration 

AiZynthFinder 

Neural network 

guided tree 

search 

Custom target 

route planning 

Open Source 

Framework 

Highly retrainable 

on proprietary 

datasets 

SYNTHIA Advanced AI Commercial Commercial High-yield 
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route 

comparison 

retrosynthesis 

modeling 

Web Service synthesis pathway 

prioritization 

CAS SciFinder 

AI-assisted 

search & 

curation 

Literature and 

reaction database 

Commercial 

License 

Access to vast 

empirical reaction 

data 

ChemAIRS 

Synthetic 

accessibility 

scoring 

Scalable process 

chemistry 

Commercial 

Suite 

Multi-step scalable 

route planning 

Spaya 

Retrosynthetic 

pathway 

generation 

Rapid synthesis 

route ideation 

Free Web 

Access 

Intuitive API 

systems 

integration 

Graph2SMILES 

Graph-to-

sequence 

modeling 

Template-free 

retrosynthesis 

Open Source 

Repository 

High algorithmic 

flexibility for 

organic chemistry 

Syntelly 

Neural network 

product 

prediction 

Reaction 

condition 

prediction 

Commercial 

Platform 

Integrated 

chemical database 

intelligence 

ChemCopilot 

Generative 

predictive 

modeling 

Process 

development & 

scale-up 

Commercial 

Suite 

Focus on 

industrial 

manufacturing 

viability 

M1 RetroScore 

ML models 

trained on CAS 

data 

Rapid route 

feasibility 

scoring 

Commercial 

Demo 

Direct integration 

with CAS 

SciFinder metrics 

 

Predictive Toxicology and ADMET Profiling 

Clinical failures occurring late during the process of drug development are primarily caused 

by poor pharmacokinetic behavior or the presence of unforeseen serious adverse drug 

reactions (ADRs). Both scenarios present serious concerns in terms of patient safety and 

general efficacy of the drug. Thus, it is essential to evaluate the Absorption, Distribution, 

Metabolism, Excretion, and Toxicity (ADMET) properties of a molecule in the early stages 

of drug development to ensure clinical success and economic feasibility in the pipeline.
[13]

  

 

The evaluation process traditionally relied heavily on costly and time-consuming in vitro cell-

based experiments and ethically questionable and expensive animal experiments in vivo, 

carried out only after complete synthesis and purification of the candidate molecules. 

 

AI technology has changed the entire paradigm by allowing for highly accurate predictive 

toxicology and dose optimization at far earlier stages during the discovery process.
[47]

 By 

applying various advanced computational approaches, such as ensemble learning techniques, 

Support Vector Machines, and deep neural network architecture, AI tools can analyze 

molecular structure in order to determine numerous pharmacological and toxicological 
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endpoints. Among such critical features that should be predicted by the model are hERG 

channel inhibition, a marker of serious cardiotoxicity; blood–brain barrier penetration, which 

is required for central nervous system drugs, although potentially dangerous for others; 

hepatotoxicity; and, finally, general metabolic stability.
[13]

 Moreover, high-throughput safety 

profiling using transcriptomics allows sophisticated algorithms to evaluate each candidate 

compound based on comparison with toxicogenomic databases, thus detecting hidden 

molecular risks and alerts prior to synthesis.
[30]

 Such an approach provides a chance to 

identify high-risk candidates at an early stage, drastically decreasing the number of failed 

candidates later. The adoption of the "fail fast, fail in silico" strategy allows pharmaceutical 

companies to save a huge amount of money while improving overall pipeline efficiency, 

avoiding large-scale animal testing.
[18] 

 

Table 8: Representative artificial intelligence–based ADMET prediction platforms. 

ADMET 

Platform Name 

Evaluated 

Safety 

Endpoints 

Underlying 

Predictive 

Model 

Developer / 

Organization 

Primary Operational 

Focus Area 

ADMET 

Predictor 

Over 100 

parameters 

Machine 

Learning / 

AIDD 

Simulations 

Plus 

High-throughput 

pharmacokinetic 

simulation 

admetSAR 3.0 
119 diverse 

endpoints 

CLMGraph / 

Machine 

Learning 

Academic 

Consortium 

Comprehensive 

chemical property 

screening 

ADMETlab 3.0 
119 diverse 

endpoints 

DMPNN 

Architecture 

Academic 

Consortium 

Cloud-based molecular 

profiling evaluation 

Deep-PK 
73 key 

endpoints 

DMPNN 

Architecture 

Academic 

Consortium 

Advanced multi-stage 

pharmacokinetic 

profiling 

HelixADMET 
52 key 

endpoints 

Graph Neural 

Networks 

Academic 

Consortium 

Deep learning-based 

structural property 

modeling 

ADMET-AI 
49 core 

endpoints 

Graph Neural 

Networks 

Academic 

Consortium 

Rapid ADMET property 

estimation and 

approximation 

ADMETboost 
29 toxic 

endpoints 

XGBoost 

Algorithm 

Academic 

Consortium 

Gradient boosting 

toxicity estimation 

ICDrug 
14 specific 

endpoints 

Random Forest 

Model 

Academic 

Consortium 

Isotope and synthetic 

chemical drug modeling 

BioTransformer 

3.0 

9 metabolic 

endpoints 

Classical 

Machine 

Learning 

Academic 

Consortium 

Metabolism and 

transformation rate 

prediction 

DeepTox 

12,000 

specific 

drugs 

Multi-Layer 

Perceptron 

Academic 

Research 

Broad-spectrum 

toxicological 

classification mapping 
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AI in Preclinical Testing and Clinical Trial Optimization 

The transfer of an extremely optimized compound that is experimentally validated from a 

laboratory to human clinical trials marks one of the most complicated, high-risk, and capital-

intensive stages in the overall drug development process.
[49]

 Apart from ensuring that there 

are no problems with pre-clinical validation, the major challenge during this phase involves 

understanding precisely how a drug will react in human beings, which has usually been a 

very difficult task. Artificial intelligence technology plays an important role during this 

process through its contribution towards the implementation of IND-enabling processes, 

especially with respect to utilizing algorithms to discover biomarkers and simulate 

pharmacodynamics and pharmacokinetics.
[47] 

 

Even after a compound enters the ecosystem of clinical trials, artificial intelligence remains a 

major force in bringing about efficiency in operations and science. Machine learning can be 

used to quickly analyze diverse data sources, which include EHRs, health signals obtained 

via social media, and non-structured clinical notes, to extract extremely precise populations 

that were hard to get in the past. Such an approach not only simplifies the process of 

recruiting patients but also guarantees demographic representation. For example, Deep 6 AI 

and Mendel.AI have come up with specialized platforms that automate and increase the 

precision of the patient-matching process. Thus, the recruitment process is cut down from 

several months to a few weeks. 

 

Furthermore, the development of AI-created digital twins, which are highly accurate virtual 

replicas of individuals based on their health data, is a revolutionary step in clinical research. 

These digital models make it possible to accurately predict the progress of an illness without 

any form of treatment, thus eliminating the need for control groups and making clinical trials 

more ethical and scientifically reliable.
[51]

 The development helps in reducing the duration of 

a trial and lowering its cost, and it focuses more on the patients than the other aspects of the 

trial process. In the course of running active clinical trials, the use of wearable devices that 

integrate AI makes it easy to collect physiological and behavioral data at all times. Real-time 

analysis of the data collected by machine learning models enables detection of side effects, 

leading to the intervention and patient retention.
[50] 
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Table 9: Leading artificial intelligence–driven companies and platforms in clinical trial 

optimization. 

Clinical AI 

Company 

Core AI 

Application 

Key Algorithmic 

Technology 

Primary 

Operational 

Focus 

Broader Clinical 

Impact 

Unlearn.AI 
AI-Generated 

Digital Twins 

Virtual patient 

simulation 

Reducing 

placebo group 

sizes 

Accelerates trial 

timelines and 

ethics 

Deep 6 AI 

Automated 

Patient 

Matching 

EHR data mining 

and NLP 

Clinical trial 

recruitment 

Drastically reduces 

recruitment times 

Mendel.AI 
Medical 

Record Parsing 

AI matching 

systems 

Cohort diversity 

and inclusion 

Ensures rapid and 

accurate patient 

notification 

Exscientia 
Patient-Centric 

Trial Design 

Centaur AI 

Platform 

Precision 

oncology 

applications 

Optimizes 

therapies for real-

world outcomes 

Recursion 

Pharma 

Automated 

Biological 

Datasets 

Recursion OS 

mapping 

Rare diseases 

and neurology 

Accelerates Phase 

I/II protocol design 

Valo Health 
Clinical Trial 

Prediction 

Opal 

Translational 

Platform 

Predictive 

clinical 

outcomes 

Bridges preclinical 

and clinical data 

gaps 

Owkin 

Federated 

Learning 

Networks 

Decentralized 

ML 

Privacy-

preserving 

medicine 

Enables multi-

institution trial 

collaboration 

PathAI 
AI-Powered 

Diagnostics 

Pathology image 

analysis 

Biomarker 

tracking in 

trials 

Enhances 

diagnostic 

accuracy during 

trials 

BenevolentAI 
Knowledge 

Graph DB 

Hidden 

connection 

discovery 

Drug 

repurposing 

applications 

Rapidly identifies 

secondary trial 

indications 

Evotec 

Omics 

Integration in 

Trials 

EVOpanHunter 

Pan-disease 

institutional 

research 

Optimizes safety 

and efficacy 

biomarker tracking 

 

Clinical Case Studies and Pipeline Validation 

Ultimately, the final proof and validation of an AI drug discovery tool lie in its clinical 

efficacy and translational success into human medicines. The market adoption of AI for drug 

discovery is driven by a unique subset of ―TechBio‖ firms that use their proprietary end-to-

end computational tools to develop high-performing, clinically relevant pipelines.
[53]

 While 

regulatory bodies, such as the FDA, have started issuing guidelines on incorporating AI into 

drug discovery and submission procedures, as of early 2026, no therapeutic compound 

engineered from scratch via generative AI technology has been fully approved yet. Despite 



www.wjpr.net      │     Vol 15, Issue 9, 2026.      │     ISO 9001: 2015 Certified Journal     │ 

 

 

 

Sachin et al.                                                                         World Journal of Pharmaceutical Research 

402 

this, the momentum of clinical progress and increasing AI-generated compounds under 

investigation in human trials suggests that rapid advancements are being made in the field
[10]

 

Insilico Medicine is one of the most prominent cases of successful translational drug 

discovery by means of AI. The small molecule inhibitor Rentosertib (ISM001-055) that 

inhibits TNIK in order to treat idiopathic pulmonary fibrosis (IPF) has shown extremely 

promising results during Phase IIa trials with results presented in Nature Medicine. A 

substantial increase in the Forced Vital Capacity (FVC) of 98.4 mL was achieved through 60 

mg administration.
[1]

 Importantly, this compound was identified after screening only 78 

compounds in silico. This allowed them to achieve in just under a year-and-a-half what 

usually takes five years or more of synthesizing and testing thousands of different compounds 

with significantly higher costs involved (less than 10% compared to conventional 

approaches).
[1]

 In addition to the described success, Insilico Medicine is also developing other 

novel drugs designed by AI, such as ISM5411 for ulcerative colitis and ISM6331 for 

mesothelioma.
[55] 

 

However, despite these promising advances, the industry still faces major clinical challenges 

that clearly reflect the complexity of human physiology. For example, Recursion 

Pharmaceuticals discovered REC-994 (tempol), a compound found using an AI-based 

discovery method as a potential therapeutic agent for symptomatic Cerebral Cavernous 

Malformation (CCM) through its superoxide scavenging properties. While the drug 

demonstrated success with respect to safety and tolerability goals in the SYCAMORE phase 

II study, it ultimately proved ineffective with no change in terms of MRI lesion volume or 

functional endpoints within a year from the start of the trial.
[56,57]

 In another example, the 

collaborative research between Calico and AbbVie on Fosigotifator, a drug designed to treat 

ALS, failed to reach the study’s primary goal as no impact was observed on the disease 

course.
[59] 

 

In contrast, promising results have been achieved in instances where the treatment approach 

focuses on well-characterized gene mutations. For example, Black Diamond Therapeutics’ 

drug BDTX-1535 has shown promising data in early-phase II trials, with an ORR of 42% in 

patients with non-classical mutations of the EGFR receptor, which are associated with 

resistance in relapsed or refractory NSCLC.
[60]

 All of the above-mentioned clinical results 

highlight the fact that although AI is highly useful in drug discovery, it cannot replace the 

importance of the biological hypothesis itself. 
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Table 10: Selected AI-designed drug candidates and their clinical development status. 

Drug 

Candidate 

Sponsoring 

TechBio 

Company 

Primary 

Molecular 

Target 

Target Therapeutic 

Indication 

Current Clinical 

Phase / Status 

Rentosertib 

(ISM001-055) 
Insilico Medicine TNIK 

Idiopathic 

Pulmonary Fibrosis 

Phase IIa completed 

(positive) / Phase IIb 

prep 

ISM5411 Insilico Medicine PHD1/2 Ulcerative Colitis 

Phase I completed 

(safe, gut-restricted 

profile) 

ISM6331 Insilico Medicine Pan-TEAD 
Mesothelioma and 

solid tumors 

Phase I ongoing (dose 

escalation complete) 

ISM3412 Insilico Medicine MAT2A 
MTAP-deleted 

cancers 

Phase I ongoing 

(biomarker strategy 

established) 

ISM5939 Insilico Medicine ENPP1 
Solid tumors 

(immuno-oncology) 

IND cleared / Phase I 

starting 2026 

REC-994 

(Tempol) 

Recursion 

Pharmaceuticals 

Superoxide 

free radicals 

Cerebral Cavernous 

Malformation 

Phase II completed 

(efficacy missed, 

discontinued) 

REC-3565 
Recursion 

Pharmaceuticals 
MALT1 

Relapsed/refractory 

B-cell lymphomas 

Phase I ongoing 

(dose-escalation 

study) 

BDTX-1535 
Black Diamond 

Therapeutics 

Mutated 

EGFR (non-

classical) 

Non-small cell lung 

cancer (NSCLC) 

Phase II ongoing 

(encouraging 42% 

ORR data) 

DSP-0038 
Exscientia / 

Sumitomo 

5-HT2A and 

TAAR1 
Psychiatric disorders Phase I ongoing 

Fosigotifator Calico / AbbVie eIF2B 
Amyotrophic Lateral 

Sclerosis (ALS) 

Phase II/III completed 

(failed primary 

endpoint) 

 

Challenges, Ethical Limitations, and Transparency 

However, despite this highly impressive success seen in preliminary studies, the complete 

implementation of artificial intelligence in pharmaceutical research and development is still 

subject to a number of serious technical and ethical issues. One of the most fundamental 

among these is the infamous "black box" nature of deep learning-based approaches.
[7]

 Deep 

learning algorithms, which include such models as convolutional neural networks and multi-

layer perceptrons, make predictions based on interactions between millions of features, 

activations in multiple layers of hidden neurons, and non-linear transformations. Even though 

this allows these networks to achieve impressive predictive power, it also makes their 

functioning highly complex and therefore obscure, hindering any attempts to understand the 

biological and chemical logic underlying certain predictions made by the algorithm.
[62] 

 



www.wjpr.net      │     Vol 15, Issue 9, 2026.      │     ISO 9001: 2015 Certified Journal     │ 

 

 

 

Sachin et al.                                                                         World Journal of Pharmaceutical Research 

404 

In fact, the problem of interpretability is exacerbated when taking into consideration 

regulatory considerations since FDA and EMA, for instance, have historically required an 

understanding of the mechanism of a drug's action before granting approval.
[7]

 As such, the 

problem of model opaqueness conflicts with regulatory concerns, thus requiring new 

computational models that can be interpreted by humans. In this vein, the focus on 

Explainable Artificial Intelligence (XAI) arises, where techniques like GAMs and other 

interpretable models provide an insight into how the model makes decisions that can be 

comprehended by people. Nevertheless, in this approach, a trade-off emerges in that 

interpretability comes at the cost of being able to incorporate complicated and highly 

nonlinear interactions between features.
[64]

 

 

Moreover, in addition to being difficult to interpret, artificial intelligence systems are 

vulnerable to the biases that exist within their training sets. As the learning process in the 

models relies entirely on data input, any imbalances or gaps in the training datasets may 

cause the generation of biased artificial intelligence prediction models. This issue becomes 

particularly alarming in a medical setting, as a bias within artificial intelligence technology 

might result in inefficient or unequal distribution of therapeutic interventions in 

underrepresented communities.
[4]

 The resolution of this issue can be accomplished through 

the adoption of comprehensive data governance policies, which will include compliance with 

international quality standards like ISO/IEC 25012 and application of FAIR principles. FAIR 

(Findable, Accessible, Interoperable, and Reusable) data principles serve as important 

guidelines that aim to minimize data bias, ensuring its high quality and equitable use of 

artificial intelligence tools in medicine.
[4] 

 

Future Perspectives: Quantum Machine Learning in Cheminformatics 

By considering the shortcomings of classical computing, the new trend towards convergence 

between quantum computing (QC) and machine learning, which can be collectively referred 

to as Quantum Machine Learning (QML), has the capacity to effectively address the 

computational challenges posed by classical systems in artificial intelligence.
[67]

 While 

traditional computing systems using silicon technology operate in a serial and deterministic 

fashion, quantum computers utilize the underlying physics principles of quantum mechanics, 

such as superposition, entanglement, and quantum tunneling, to carry out incredibly 

complicated processes in parallel.
[67]

 This innovation will allow for the simulation of 

extremely complex biochemical processes with an unparalleled degree of precision at the 
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atomic scale, solving one of the key challenges of computational drug development.
[67]

 As for 

the application of quantum computing in virtual screening, algorithms like the Grover search 

algorithm can achieve a considerable enhancement in efficiency when searching within 

extremely large and unsorted chemical libraries, making it possible to reduce computational 

time to just minutes instead of months.
[67]

 In addition, recent developments in quantum tensor 

network-based and QNN models are predicted to allow for accurate modeling of 

thermodynamics interactions, complex omics data, and precise molecular docking free energy 

maps, all without having to resort to approximations made by conventional methods. Through 

allowing for the faultless prediction of pharmacological behavior, QML could mark a 

revolution in in silico drug discovery, whereby clinical trials themselves are eventually 

simulated with precision and accuracy.
[69] 

 

CONCLUSION 

It is clear, therefore, that AI and machine learning have become indispensable pillars in the 

process of modern day pharmaceutical development. The process of converting information 

architectures, finding multi-omics-based targets by means of network pharmacology, the 

faster screening made possible by using scoring systems with deep learning algorithms, as 

well as creating new molecular compounds via the use of generative architecture are some of 

the ways that AI combats long-standing inefficiencies in the drug development process. 

Despite significant setbacks experienced by drugs like REC-994 and Fosigotifator in the 

realm of clinical trials and demonstrating the inherently unpredictable nature of human 

systems biology and limits of computing alone, the success in progressing AI-conceived drug 

candidates through stages of advanced clinical trials exemplifies the feasibility and 

revolutionary implications of using AI technology. Ensuring that this trend continues will 

hinge on addressing key problems within the international pharmaceutical industry, such as 

enhancing the interpretability of algorithms, standardizing data use, and governing the ethics 

of model prediction in order to counteract any inherent biases or inequalities. This process 

will necessitate the continued collaboration of computational scientists, pharmaceutical 

industry professionals, and regulatory agencies. However, the ultimate impact of this 

technology will lie in transforming operational efficiency into an innovative force for creating 

novel and cutting-edge therapeutic agents. 
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