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Introduction: Traditional drug discovery is historically characterized by high attrition rates, escalating financial costs, and decades-
long development timelines. As global health challenges—particularly antimicrobial resistance and complex malignancies—intensify,
the urgent need for innovative and accelerated therapeutic solutions has never been more critical. Artificial Intelligence (AI) has
emerged as a supportive computational framework to address these fundamental bottlenecks, offering advanced computational
capabilities to navigate vast chemical spaces and optimize molecular design. While Al-based approaches have demonstrated
encouraging performance in specific preclinical settings, their practical impact and limitations require careful, objective evaluation.
This critical narrative review examines the application of various artificial intelligence technologies in the design and development of
antibiotics, anticancer agents, antibodies, and small-molecule drugs, spanning methodologies from conventional machine learning
(ML) to advanced deep learning (DL) models.

Methods: A narrative review of studies reporting applications of artificial intelligence in drug discovery and development. It
encompassed articles published between 2000 and 2026 and was informed by literature retrieved from multiple electronic databases.
The selected studies focused on Al applications in antibiotics, anticancer agents, antibodies, and small-molecule discovery and
development. Studies published before 2000, incomplete reports, or those not directly related to pharmaceutical applications of Al
were not considered. Review or meta-analysis articles were also excluded from the primary results, though utilized for background
context. Although the inclusion criteria covered studies from 2000 to 2026, one earlier study published before 2000 was also included
to provide historical context for the early development of neural network applications in molecular biology.

Results and conclusion: The reviewed literature demonstrates that Al has transitioned from a theoretical concept to a useful
framework in early-stage drug discovery, particularly in virtual screening and lead optimization. However, this review identifies a
significant “translational gap”; most Al applications remain confined to computational settings, facing challenges in data quality,
model interpretability, and a lack of prospective clinical validation. We conclude that while Al significantly accelerates computational
efficiency and hypothesis generation, realizing its full potential to combat pressing global health threats requires rigorous experimental
integration, standardized data governance, and continuous human expertise to ensure therapeutic efficacy and safety.
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Introduction

The use of technological tools based on theoretical foundations to address complex problems has been increasingly
explored in recent years. As the world continues to witness rapid technological growth, newly developed computational
tools designed to achieve defined goals have received significant attention. Specifically, artificial intelligence (Al) has
emerged as a key framework to support and accelerate drug discovery processes.' This interest has been driven by
advances in understanding human intelligence and learning capabilities, and by efforts to translate aspects of this
knowledge into computational systems aimed at supporting and accelerating complex processes. To achieve these
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objectives, a wide range of computer-controlled technologies capable of enhancing data-driven reasoning and task
execution have been developed and collectively referred to as artificial intelligence (AI). The implementation of Al
across various fields has contributed to improvements in efficiency and development, supporting more advanced
analytical outcomes. The healthcare sector, in particular, has experienced growing integration of Al technologies across
multiple applications, ranging from drug discovery to procedural implementation. This increasing adoption of Al reflects
its ability to acquire, structure, and apply knowledge to support development and assist in addressing complex problems.”

Over the years, the discovery and development of therapeutic agents has become an increasingly active area for
computational approaches, reflecting the growing complexity of modern drug research. Drug discovery is a multi-
disciplinary field focused on identifying new therapeutic molecules for specific biological targets.® It is widely
recognized as being associated with high costs, extended development timelines, and relatively low success rates,
which ensure the need for more efficient and supportive strategies.* Despite many years of scientific advancement,
drug discovery remains a demanding process. In many cases, it may take more than a decade for a promising molecule to
progress from early laboratory testing to clinical evaluation, and only a limited number of candidates ultimately succeed.
The combination of long development timelines, substantial financial investment, and increasing biological complexity
has highlighted the inherent limitations of traditional computational approaches. While conventional statistical models
such as classical QSAR have provided valuable support in early-stage screening, they are often challenged when
attempting to capture multifactorial biological behavior, including efficacy, safety, and pharmacokinetic performance.
Within this context, artificial intelligence—particularly deep learning—has emerged not as a replacement for experi-
mental research, but as a complementary framework capable of integrating complex chemical and biological data to
support more informed and efficient decision-making throughout both drug discovery and subsequent development
stages.”

Traditionally, large-scale chemical libraries are screened to identify a limited number of promising candidates.
Estimates suggest that the drug discovery and development pipeline prior to clinical testing may require many years
and substantial financial investment, in which billions of dollars are spent to accomplish a result.® However, artificial
intelligence has been applied primarily as a methodological and developmental support tool, with the aim of improving
efficiency in selected stages of the drug discovery process rather than replacing conventional workflows. Al-based
software systems enable the evaluation of large and complex datasets to support the identification and optimization of
potential drug candidates. Additionally, several areas within drug discovery, including drug design, have attracted
increasing interest for Al-assisted approaches. Structure-based drug design, for example, has been introduced to reduce
extensive screening requirements and support more informed decision-making, potentially lowering time and cost
through advanced computational techniques.’

The advancement of Al techniques applied in drug discovery primarily involves ML and deep learning (DL). ML, a
subset of Al, enables computational systems to learn patterns from data and improve predictive performance, often with
limited direct human intervention. However, ML-based models may exhibit limited ability to capture complex non-linear
relationships, which is counteracted by the development of DL approaches. DL, a specialized subset of ML, applies deep
neural networks to capture more complex patterns within data. Compared with conventional ML methods, DL models
often demonstrate reduced generalization error and support more detailed feature representation, although their perfor-
mance remains dependent on data quality and model design. By utilizing neural networks inspired by the structure of the
human brain, DL approaches can enhance pattern recognition capabilities in complex biological and chemical datasets.

As shown in Figure 1, early progress in Al was limited prior to the mid-20th century due to constraints in
computational power and theoretical frameworks. The formal emergence of Al in the 1950s marked a shift toward
computational systems designed to assist analytical tasks, followed by the introduction of ML techniques in the late
1980s. DL experienced substantial advancement after 2012, driven by improvements in data availability and computa-
tional resources, which broadened its application within the drug discovery field. More recently, the introduction of large-
scale language models such as ChatGPT in 2022 has further increased interest in Al-driven methodologies. In addition,
the incorporation of automated input processing in DL models can reduce reliance on manually engineered features,
resulting in less complex model development workflows compared with traditional ML approaches.*®
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Figure | A chronological timeline illustrating the major historical milestones in the evolution of artificial intelligence. The sequential chevron-shaped arrows denote the
continuous progression of time from the 1940s to 2022. The vertical lines with circular nodes connect specific technological breakthroughs and events to their
corresponding decades or exact years.

Abbreviations: ML, Machine Learning; DL, Deep Learning.

In the area of drug design and development, DL algorithms demonstrate considerable prospects via numerous models
such as Convolutional Neural Networks (CNN), Deep Neural Networks (DNN), and Recurrent Neural Networks
(RNN).” ! Nevertheless, ML applications can be utilized to quickly identify the active biological compound in a shorter
period. Some of those techniques include Genetic Optimization for Ligand Docking (GOLD), Deep Learning-Based
Protein Variant Prediction (deep-PVP), and Support Vector Machine (SVM).'> Many of these examples of ML and DL
could be employed to assist drug discovery and development workflow across multiple areas, such as quantitative
structure-based virtual systems (QSAR) modeling, ligand-based virtual screening (LBVS), ligand-based drug design
(LBDD), drug repurposing, and lead identification with reported applications across many studies.'® The nested relation-
ship between artificial intelligence (AI), machine learning (ML), deep learning (DL), and neural networks is illustrated in
Figure 2.

To reflect the expanding application of artificial intelligence (AI) in drug discovery and development, this review
provides a critical narrative overview of current Al methodologies and their reported applications in the discovery of
therapeutic agents, including antibiotics, anticancer agents, antibodies, and small-molecule drugs. Rather than offering an
exhaustive or quantitative analysis, the review focuses on representative approaches that illustrate how Al techniques
have been integrated into drug discovery workflows. Compared with conventional computational methods such as
classical QSAR models, which rely on predefined molecular descriptors and relatively simple statistical relationships,
Al-based approaches enable direct learning from data, allowing for improved capture of complex biological interactions
and the ability to handle larger and more heterogeneous datasets. However, these advantages are accompanied by
challenges related to model interpretability, data quality, and generalizability. This review further emphasizes these
limitations alongside implementation challenges, including validation constraints and dataset representativeness. Finally,
potential future directions are discussed, highlighting the importance of integrating Al tools in a cautious and comple-
mentary manner to support, rather than replace, established drug discovery processes.

Methodology

This review examined published literature that was identified by an initial screening process, focusing on studies
published between 2000 and 2026 that addressed Al applications related to drug discovery and development. Studies
that did not meet the thematic scope of this review were not chosen, such as incomplete studies, studies lacking clear or
valid conclusions, Al applications in non-pharmaceutical fields, or studies published before 2000. Additionally, review
articles and meta-analyses were excluded from the primary data analysis and results, although some were cited to provide
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Figure 2 A figure representation illustrating the hierarchical relationship between Atrtificial Intelligence and its subfields. The concentric circles denote that Machine
Learning (ML) is a subset of Artificial Intelligence (Al), Deep Learning (DL) is a subset of ML, and Neural Networks form the core of DL. Explanatory text boxes connected
by directional lines provide specific definitions for these domains, while the downward arrows branch into specialized neural network architectures. Bold text is utilized to
emphasize the names of the core technological fields and the specific network models.

Abbreviations: Al, Artificial Intelligence; ML, Machine Learning; DL, Deep Learning; CNN, Convolutional Neural Network; DNN, Deep Neural Network; RNN, Recurrent
Neural Network.

background context in the introduction and discussion sections. The included studies were further classified based on
different techniques, targets, and areas of drug discovery, while supporting each domain with representative examples
discussed in the relevant sections. Moreover, the studies discussed across multiple sections were drawn from different
scientific databases, including PubMed, Web of Science, and Google Scholar. This review was conducted as a critical
narrative review and therefore did not follow a formal systematic review protocol.

Comparison Between Traditional and Al-Driven Drug Discovery

Historically, Traditional Drug Discovery has mainly depended on a linear trial-and-error approach. This process usually
involves physical High-Throughput Screening (HTS) of chemical libraries, extensive in vitro experiments, and repeated
chemical optimization by medicinal chemists. Although this strategy has contributed to the development of many
important medications, it is associated with high financial costs, long development timelines, and high attrition rates.
In many cases, problems related to toxicity or poor pharmacokinetic properties are identified only during the later stages
of clinical trials.

In contrast, the use of Al has introduced a more predictive and data-driven approach to drug discovery. Al-Driven
Drug Discovery uses computational methods to explore large chemical spaces without the immediate need for physical
synthesis. Machine learning and deep learning models can support rapid virtual screening, de novo molecule design, and
early prediction of ADMET (Absorption, Distribution, Metabolism, Excretion, and Toxicity) properties. As a result,
potentially unsuitable compounds may be identified earlier in the development process. This can help reduce
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Table | Key Methodological Differences Between Traditional and Al-Driven Drug Discovery

Feature

Traditional Drug Discovery

Artificial Intelligence Driven Drug Discovery

Screening Methodology

Molecule Generation

ADMET Profiling

Timeframe (Hit-to-Lead)
Cost Implications

Data Utilization

Physical High-Throughput Screening (HTS) using
robotic systems.

Iterative, manual trial-and-error chemical synthesis and
modifications.

Evaluated in late-stage in vitro and in vivo biological
assays.

Typically 3 to 5 years, or more.

Exorbitant due to extensive wet-lab resources and
high failure rates.

Primarily relies on empirical observations and isolated

experimental results.

Virtual Screening (VS), Deep Docking, and molecular
dynamics simulations.

Automation based de novo generative design (eg, using
GANs, RNNs, and VAEs).

Predicted proactively in early stages in silico, reducing late-
stage attrition.

Significantly accelerated (often reduced to months).
Substantially reduced through the minimization of
unnecessary physical synthesis.

Integrates multi-omics, structural databases, and complex

biological networks.

Abbreviations: ADMET, Absorption, Distribution, Metabolism, Excretion, and Toxicity; GANs, Generative Adversarial Networks; HTS, High-Throughput Screening;
RNNSs, Recurrent Neural Networks; VAEs, Variational Autoencoders; VS, Virtual Screening.

development time and lower overall costs. Despite the growing role of Al in drug discovery, traditional experimental
approaches remain essential for validating the biological activity, safety, and therapeutic potential of candidate com-
pounds. Computational predictions can support and accelerate the discovery process; however, in vitro, in vivo, and
clinical studies are still required to confirm the actual effectiveness and safety of potential drugs. Methodological
differences between Traditional and Al-Driven Drug Discovery are summarized in Table 1.

The Transformation into Al in Drug Discovery and Development

The use of Al was first introduced in chemistry and molecular biology to help in protein secondary structure estimation.'*
However, in the field of drug discovery, early Al applications focused on modeling structure—activity relationships due to
Al’s strong pattern recognition capabilities.* Medicinal chemists face the challenge of evaluating several compound
structures through processes that may take months to years.'> The integration of Al technologies can facilitate and
support the screening and evaluation process, potentially accelerating selected stages of drug discovery. Both ML and DL
methods recognize patterns and shared structural similarities. As researchers aim to improve drug discovery and
development processes while maintaining accuracy, Al technologies have continued to develop to support more detailed
chemical structure prediction and modeling of complex biological activities. The advancement in Al has been applied not
only to predict, categorize, or hypothesize from large datasets, but also to assist in addressing complex research questions
and prioritizing potential therapeutic candidates, rather than independently generating therapeutic solutions.®

Al in Antibiotics Discovery and Development

Between 2014 and 2019, 14 new antibiotics were approved, a number considered limited due to the increasing burden of
antimicrobial resistance, which has been associated with substantial global mortality.'® This landscape has motivated the
exploration of artificial intelligence (Al)-based approaches as supportive tools in antibacterial discovery. Rather than
serving as standalone solutions to antimicrobial resistance, Al methodologies are primarily applied to assist in screening,
prioritization, and early-stage evaluation of candidate compounds. Table 2 provides a summarized overview of repre-
sentative Al applications in antibiotic drug discovery and development.

Machine Learning Approaches

Machine learning (ML) techniques have increasingly been applied to support in improving the efficiency of identifying
potential antibacterial agents within large chemical and biological datasets. Support vector machine (SVM) models and
other supervised learning approaches have been reported to achieve high predictive performance in classifying active
versus inactive compounds;'’ however, reported accuracy values depend strongly on dataset composition, feature
representation, and validation strategies.”® Random forest (RF) models have been used in structure—activity relationship
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Table 2 Summary of Studies Implementing Al Approaches in Antibiotics Discovery and Development

learning (ML)

databased compounds.

can distinguish active from inactive compounds and help prioritize
candidates for virtual screening. A key strength of SVMs is their ability
to handle nonlinear problems effectively.

Al Technology Type Application Key Findings Study
Reference
Support Vector Machine (SVM) Machine Capturing and classifying antibiotic activity by screening a curated SVM demonstrated superior predictive accuracy (96.66—-98.15% for [17]
learning (ML) | dataset of 230 antibacterial and 381 non-antibacterial compounds antibacterial, 98.02-99.50% for non-antibacterial), outperforming
against traditional QSAR models. classical QSAR models and confirming its efficacy in early-stage
antibacterial drug discovery.
Random Forest (RF), Support Vector Machine Machine Predicting and classifying Antimicrobial Peptides (AMPs) based on SVM models demonstrated the highest accuracy in distinguishing [18]
(SVM), Artificial Neural Networks (ANNs) learning (ML) | sequence features and amino acid distribution patterns to bypass functional AMPs from non-AMPs based on genomic sequences. This
traditional resistance mechanisms. highlighted Al’s capacity to accelerate the discovery of non-traditional
antimicrobial agents.
Random Forest (RF) Machine Predicting microbial Minimum inhibitor concentrations (MIC) ML-random forest model aids in drug searching, identifying [19]
learning (ML) mechanisms of action, and determining potency for various
antibiotics. It has the ability to establish the relationship between
certain compounds and their minimal inhibitory concentration (MIC)
by capturing bacterial fingerprints and analyzing structural activity
relationships (SAR).
Random Forest (RF) Machine Virtual screening of a massive library (700,000 compounds) to identify Effectively narrowed down the library to 7 candidate inhibitors. [20]
learning (ML) | inhibitors targeting the CMY-10 B-lactamase enzyme for combination Experimental validation confirmed Compound || significantly
therapies. enhanced the efficacy of B-lactam antibiotics against multi-drug
resistant Enterobacteriaceae isolates.
Increment of Diversity with Quadratic Machine Sequence pattern recognition and classification of antifungal and Achieved an overall accuracy of 86.02% (sensitivity 74.31%, specificity | [21]
Discriminant analysis (IDQD) learning (ML) | antibacterial peptides based solely on primary sequence information. 92.79%) for identifying AMPs, outperforming several state-of-the-art
computational methods in recognizing structural motifs.
Increment of Diversity with Quadratic Machine Sequence pattern recognition Quadratic Discriminant Analysis (QDA) enhances sequence pattern [22]
Discriminant analysis (IDQD) learning (ML) recognition in bioinformatics, achieving improved accuracy in
identifying functional sites and structural motifs within DNA and
protein sequences, with potential applications in gene prediction,
protein function annotation, and regulatory element identification.
Support Vector Machine (SVM) and Set Covering | Machine Identify a 367-nucleotide sequence (Ul) within the moaCB gene. Improved the epidemiological tracking of infections caused by the [23]
Machine (SCM) learning (ML) | Identifying specific nucleotide sequences (Ul biomarker) within the high-risk Acinetobacter baumannii Global Clone | (GCI). Findings
moaCB gene to track high-risk pathogen clones. were successfully validated using conventional PCR-based methods.
Support Vector Machine (SVM) Machine Prioritization of chemical databases to identify small-molecule inhibitors | Successfully distinguished active from inactive compounds, leading to | [24]
learning (ML) | targeting Yersinia protein kinase A (YpkA), a key plague virulence factor. | the identification of novel, potent, and selective YpkA inhibitors that
serve as foundational scaffolds for anti-plague drug development.
Support Vector Machine (SVM) Machine Classification of substances (as active or inactive) and the ranking SVM-based techniques are valuable in early drug discovery, as they [25]
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Genetic Algorithm (GA)

Machine
learning (ML)

Optimize dosing regimens after analyzing in-vitro experimental data

The GA recommended meropenem administered as a 2-hour
prolonged infusion every 5 hours and polymyxin B as a 2-hour
prolonged infusion every 6 hours, with initial loading doses of 80.5%
and 42.2% of the daily dose.

[26]

Reference-Based Approach and Reference-Free
Approach

Machine
learning (ML)

Calling and insertion sequence detection to analyze genomic features or
without aligning to a reference genome.

Machine learning methods can effectively predict polymyxin resistance
in Klebsiella pneumoniae clonal group 258. Additionally, the machine
learning models identified both known and potential novel genetic
determinants of polymyxin resistance, highlighting the utility of
machine learning in understanding complex antibiotic resistance
mechanisms.

[27]

High-throughput Fourier-transform infrared
(FTIR)

Machine

learning (ML)

Helps identify and predict the mechanism of action (MOA) and potency
of antibiotics with high accuracy, even at low concentrations, reducing
rediscovery and improving lead optimization.

The method maintained over 70% accuracy in identifying MOA even
at low antibiotic concentrations (I pg/mL) and minimal growth
inhibition (15%). Additionally, the study demonstrated that metabolic
changes leading to growth inhibition are reflected in FTIR spectra
beyond just cell density measurements. These findings suggest that
integrating FTIR spectroscopy with machine learning can effectively
explore less potent compounds, potentially aiding in antibiotic
discovery by identifying candidates that might be overlooked in
traditional screenings.

[28]

Directed Message Passing Neural Network (D-
MPNN), Feedforward Deep Neural Network
(DNN), Random Forest Classifier, Support
Vector Machine (SVM)

Deep
Learning
(DL) and
Machine
Learning
MU

DL translates the graph representation of a molecule into a continuous
vector and as a comparative model. ML predicts antibacterial activity by
aggregating the outputs of multiple decision trees and classifying
compounds based on their antibacterial potential.

Successful application of a deep learning model to identify novel
antibacterial compounds. Notably, the model predicted and facilitated
the discovery of halicin, a molecule with broad-spectrum antibacterial
activity effective against various antibiotic-resistant pathogens. Halicin
demonstrated efficacy in treating Acinetobacter baumannii infections
in mouse models. Additionally, from over 107 million molecules in the
ZINCI5 database, the model identified eight antibacterial compounds
structurally distinct from known antibiotics.

[29]

Abbreviations: SVM, Support Vector Machine; ML, Machine Learning; DL, Deep Learning; QSAR, Quantitative Structure-Activity Relationship; FTIR, Fourier-Transform Infrared; MOA, Mechanism of Action; RF, Random Forest; AMPs,
Antimicrobial Peptides; MIC, Minimum Inhibitory Concentration; SAR, Structure-Activity Relationship; IDQD, Increment of Diversity with Quadratic Discriminant analysis; QDA, Quadratic Discriminant Analysis; SCM, Set Covering

Machine; GCI, Global Clone |; PCR, Polymerase Chain Reaction; YpkA, Yersinia protein kinase A; GA, Genetic Algorithm; D-MPNN, Directed Message Passing Neural Network.
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(SAR) analysis, mechanism-of-action prediction, and potency estimation in antibiotic research.'® In several studies, RF-
based approaches were applied to evaluate compound activity using minimum inhibitory concentration (MIC) data and
bacterial fingerprint information.'®?'*? These models have also supported compound prioritization following virtual
screening campaigns.”* Other ML approaches, including Increment of Diversity with Quadratic Discriminant (IDQD),
have been employed to classify antibacterial peptides and analyze genomic sequence patterns relevant to antimicrobial
activity.”'** Antimicrobial peptides (AMPs) are considered promising alternatives to conventional antimicrobial agents.
However, there is still a lack of portable, easy-to-use, and efficient tools for identifying AMP sequences from genome-
scale datasets.*”

Large-scale ML-driven screening platforms have enabled the categorization of compounds as active or inactive
against organisms such as Escherichia coli, facilitating the identification of promising candidates for subsequent
experimental validation.”” Additionally, machine learning algorithms have been utilized to identify molecular patterns
linked to antibiotic permeability in Gram-negative bacteria, forming an “antibiotic vocabulary” useful for distinguishing
antibacterial compounds from inactive molecules.”’ ML methods have additionally been applied to identify inhibitors of
specific bacterial targets. For example, predictive modeling combined with virtual screening has been used to prioritize
inhibitors of Yersinia protein kinase A (YpkA), which were then subjected to experimental testing.* In studies targeting
Fabl in Staphylococcus aureus, multiple algorithms—including decision trees, random forests, multilayer perceptrons,
k-nearest neighbors, Naive Bayes, and SVM—were compared, with some models demonstrating improved classification
performance within the evaluated datasets.”® Recently, a deep learning-guided screening approach successfully identified
a novel structural class of antibiotics specifically targeting the multidrug-resistant pathogen Acinetobacter baumannii,
highlighting the potential utility of Al-assisted approaches in identifying pathogen-specific therapeutic candidates.*
Beyond compound identification, ML has been explored for optimizing antibiotic dosing regimens and predicting
resistance phenotypes, including polymyxin resistance in Klebsiella pneumoniae, through genomic feature analysis.?’
ML-based models have also been developed to assess the potency and toxicity of antimicrobial peptides, although
predictive performance remains influenced by dataset size and representativeness. ML has further been integrated with
high-throughput analytical techniques, such as Fourier-transform infrared spectroscopy, to infer potential mechanisms of
action through metabolic fingerprint analysis.?®

Deep Learning Approaches

Deep learning (DL) models have expanded the capacity to explore large chemical spaces and prioritize structurally
diverse antibiotic candidates. In a prominent example, a DL framework was used to identify novel antibacterial
compounds with reported activity against multidrug-resistant organisms, including Mycobacterium tuberculosis and
Acinetobacter baumannii.*” The proposed mechanism of action in this context involved disruption of bacterial metabolic
processes and iron sequestration. Nonetheless, these findings were primarily demonstrated in preclinical and in vitro
settings, and their broader clinical applicability requires further investigation. Overall, both ML and DL approaches have
contributed to improving the efficiency of candidate identification and prioritization in antibiotic discovery. However,
model performance remains dependent on data quality, external validation, and careful interpretation, particularly when
addressing the multifactorial challenge of antimicrobial resistance.

Al in Anticancer Drug Discovery
Discovering newer anticancer agents remains a major priority due to the high mortality rates and the emergence of
therapeutic resistance. Al-based methods have increasingly been explored to support target identification, genomic data
interpretation, and compound prioritization. Rather than directly accelerating drug approval or guaranteeing higher
success rates, Al technologies are primarily applied in early-stage discovery to assist in pattern recognition, target
prediction, and molecular screening. Table 3 provides a summary of selected studies applying Al in anticancer drug
discovery and development.

Computer-aided drug design (CADD) approaches integrate machine learning (ML) and deep learning (DL) models
for drug-target interaction (DTI) prediction, screening, and drug repositioning. Traditional DTI prediction often relies on
molecular docking and structural modeling, which can be computationally intensive and dependent on available 3D
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Table 3 Summary of Studies Implementing Al Approaches in Anticancer Drug Discovery and Development

Al Technology

Type

Application

Key Findings

Study
References

An end-to-end heterogeneous graph
representation learning-based
framework for drug-target interaction
prediction (EEG-DTI)

End-to-end graph (EEG)-DTI

Predicting drug-target interactions (DTI) by integrating
heterogeneous biological networks (drugs, proteins,
diseases, and side effects) to support novel candidate
discovery

Significantly improved prediction accuracy by exploiting complex biological
links. The model’s extendibility allows it to predict other critical biological
associations, such as microRNA-small molecule interactions in oncology.

[33]

DTI-HETA: prediction of drug-target
interactions based on GCN and GAT on
heterogeneous graph

State-of-the-art models with
attention mechanism (DTI-
HETA)

Utilizing Graph Convolutional Networks (GCN) and
Graph Attention Networks (GAT) to process
heterogeneous graph information for identifying effective
anticancer DTls.

Demonstrated state-of-the-art predictive capability in identifying novel
DTIs by effectively weighing the importance of different biological nodes
(attention mechanism), outperforming existing baseline models.

[34]

Similarity of Interaction Energy VEctor
Score (SIEVE-Score)

State-of-the-art docking
software

Improving protein-ligand interaction scoring by utilizing
real-valued ML fingerprint representations to predict
multi-drug regimens and prioritize novel molecules.

SIEVE-Score achieved significant improvements in screening accuracy for
the target proteins in the DUD-E benchmark data set based on the EF 1%
results, the EF 10% results, and the AUCs of the ROC curves. The results
of the comparisons suggest that these improvements can be attributed to
the real-valued representation and the machine-learning-based approach
used in SIEVE-Score.

[35]

Ligand-based and docking-based virtual
screening

End-to-end method

Applying pharmacophore feature recognition (LBVS)
followed by structural binding site evaluation (DBVS) to
identify compounds structurally similar to MDM2
inhibitors.

Rapidly prioritized candidates from large libraries. Subsequent biological
enzymatic assays on |7 prioritized candidates successfully confirmed 5
compounds as highly active MDM2 inhibitors.

[36]

DeepDRK

Deep neural networks

Integrating multi-omics profiles and drug data to predict
anticancer drug responses across pan-cancer cell lines
and individual patient-derived samples.

Achieved robust performance on patient-derived samples (AUC 0.84;
AUPRC 0.77). Successfully identified strong candidate drugs for
repurposing, suggesting potential utility in precision oncology applications.

371

Genome-wide Positioning Systems
network (GPSnet) algorithm

Interactome-based, systems
pharmacology approach

Targeting disease modules derived from individual
patient’s DNA and RNA sequencing profiles mapped to
the human protein-protein interactome network.

Both experimentally validated genes and canonical cancer pathways were
significantly enriched in the disease modules identified by GPSnet. In
addition, gene expression of GPSnet-identified disease modules can predict
drug responses with reasonable accuracy. By integrating network proximity
with GSEA in GPSnet, the study computationally predicted new anticancer
indications for 140 approved drugs across |15 cancer types, and
experimentally validated that two non-cancer drugs (ouabain and
niclosamide) exhibit anticancer activity in NSCLC cell lines.

[38]

DR-HGNN

Integrative heterogeneous
graph neural network-based
method for multi-labeled drug
repurposing

Discover new indications for existing drugs

DR-HGNN effectively integrates multiple biomedical networks for drug-
repurposing prediction and shows potential for broader use—such as
drug—target interaction prediction—though future improvements should
address richer network integration (eg, miRNA, gene data) and challenges
such as multi-label edge handling and label imbalance.

[391
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protein structures. Graph-based neural network models, such as EEG-DTI and DTI-HETA, were developed to represent
drug—target interactions as heterogeneous graphs and to improve interaction prediction using convolutional and attention
mechanisms.>** These models were evaluated on benchmark datasets and demonstrated improved predictive perfor-
mance compared with selected baseline models; however, their results remain dependent on dataset composition and
internal validation frameworks. The SIEVE-Score was developed to improve protein—ligand interaction scoring using
ML-based fingerprint representations.’® Ligand-based and docking-based virtual screening is an approach that supports
the efficient discovery of potential anticancer leads. Notably, one identified compound showed promising antiprolifera-
tive activity and may serve as a scaffold for further optimization in the development of MDM2-targeted anticancer
therapies.36 Network-based methods such as GPSnet utilize patient-specific gene expression data and drug—target
interaction networks to identify repositioning candidates.’”*® In the reported case of ouabain as a potential candidate
in lung adenocarcinoma, findings were derived from network inference and preclinical validation rather than confirmed
therapeutic efficacy. Thus, GPSnet provides hypothesis-generating associations rather than direct clinical recommenda-
tions. Other frameworks, including MTRD and graph-based models such as DR-HGNN and GDRunet, integrate drug—
protein—disease interaction networks to predict drug—disease associations.>” While these models report strong predictive
metrics within curated datasets, their performance remains influenced by training data distribution, similarity assump-
tions, and limited external validation across independent clinical cohorts.

Overall, Al approaches in anticancer drug discovery have expanded the capacity to integrate multi-omics datasets,
prioritize candidates, and model drug—target interactions. Nevertheless, challenges such as dataset bias, ground-truth
uncertainty, overfitting risk, and the limited translation of computational predictions into clinically validated therapies
remain significant. Consequently, Al currently functions primarily as a decision-support tool in early-stage oncology
research rather than as a standalone determinant of therapeutic development outcomes. The overarching Al-driven
computational workflows and screening strategies employed for the discovery of both antibacterial and anticancer
therapeutic agents are comprehensively illustrated in Figure 3.

Al in Antibodies Discovery

Antibodies are commonly used therapeutic agents in chronic inflammatory diseases, cancer, and autoimmune disorders.
These serious human illnesses continue to receive significant attention, particularly given the complexity of biologic
development and the relatively limited annual number of newly approved antibody therapeutics.*>*' Most approved
agents are IgG-based, despite the availability of alternative formats such as antibody—drug conjugates (ADCs), bispecific
antibodies, and antibody fragments. Accordingly, the development of newer antibody therapeutics has relied heavily on
iterative engineering strategies rather than a purely accelerated discovery process. The unpredictable and sometimes
unfavorable properties of antibodies may influence immunogenic responses in patients. However, it is essential to
distinguish between computational prediction of anti-drug antibody (ADA) risk and actual clinical immunogenicity
outcomes. Al and ML-based techniques have been explored to rank clinical candidate antibodies according to predicted
immunogenic features and to guide engineering efforts aimed at reducing theoretical T-cell epitope content. In the case of
emicizumab, epitope modification strategies were applied to reduce predicted T-cell activation. Nevertheless, a reduction
in in silico epitope burden does not directly equate to reduced clinical ADA incidence, as immunogenicity is multi-
factorial and influenced by patient-related and formulation-specific variables.**** Reports of moderate-to-severe ADA
responses in certain bispecific antibodies have raised further discussion regarding format-related immunogenicity. Al-
driven workflow for the design and optimization of therapeutic antibodies is outlined in Figure 4. Current evidence does
not conclusively demonstrate that bispecific antibodies are inherently more immunogenic than monospecific antibodies;
rather, immunogenicity appears to depend on molecular structure, target biology, dosing strategy, and patient
characteristics.

Al Applications in SARS-CoV-2 Antibody Research

The emergence of SARS-CoV-2 stimulated rapid integration of Al-based tools into antibody research. However, several
distinct tasks were involved, including viral genomic sequence analysis, structural modeling of antibody—antigen
complexes, CDR design, and epitope mapping. Deep learning approaches such as convolutional neural networks
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Figure 3 A schematic workflow illustrating the integration of artificial intelligence in drug discovery, specifically highlighting the pipeline for identifying antibiotic leads and
repurposing anticancer drugs. The sequential numerical indicators (01-06) represent the chronological progression of the computational and experimental phases. Bold text
is used to denote the primary stages of the workflow.

Abbreviations: SVM, Support Vector Machine; RF, Random Forest; D-MPNN, Directed Message Passing Neural Network.

(CNN ) were applied to analyze viral genomic sequences and distinguish SARS-CoV-2 variants from related viruses.***

More broadly, the integration of machine learning with structural and computational biology has increasingly supported
antibody engineering workflows, including sequence analysis, structural prediction, and antigen—antibody interaction
modeling.*® These models primarily support viral classification and sequence analysis rather than direct antibody binding
prediction. Structural and graph-based neural network models, including REFINEGNN, have been applied to antibody
structure refinement and CDR conformational modeling.*” REFINEGNN performs graph-based refinement of predicted
antibody structural conformations to improve modeling accuracy. Although improvements in structural prediction
performance have been reported relative to selected computational baselines, these metrics reflect modeling benchmarks
rather than experimentally validated therapeutic enhancement.

Autoregressive and generative graph neural networks have been explored to design CDR sequences and three-
dimensional conformations aimed at improving predicted antigen binding. Claims regarding docking success rates or
substantial increases in neutralization capability should be interpreted cautiously, as computational docking scores do not
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Figure 4 A sequential workflow showing the application of Al in the design and optimization of therapeutic antibodies. The numbered steps (01-06) and block arrows
illustrate the progression from initial genomic sequences to optimized antibodies.
Abbreviations: CDR, Complementarity-Determining Regions; ADA, Anti-Drug Antibody.

guarantee in vitro or clinical efficacy. Language model-based approaches such as ProtGPT and AntiBERTy have been
utilized for antibody sequence generation.**>° These models expand sequence diversity and provide high-throughput
design capabilities; however, sequence generation quality remains dependent on training data representation and does not
ensure functional binding without experimental validation. Bayesian neural networks and related generative ML
strategies have been proposed to identify tight-binding antibodies and explore sequence spaces not directly present in
screening libraries.”' While these approaches broaden exploration capacity, their predictions rely on modeled binding
probabilities rather than experimentally confirmed affinity. RosettaAntibodyDesign (RAbD) integrates structural and
sequence features to guide CDR optimization.’> Reported improvements in binding affinity following CDR replacement
are derived from controlled experimental or computational settings and should not be generalized beyond the evaluated
systems.

Critical Considerations

Overall, Al has supported antibody engineering by enabling epitope prediction, structural modeling, developability
assessment, and generative sequence design. Yet challenges such as dataset bias, limited ground-truth structural data,
overfitting in benchmark evaluations, and the gap between computational prediction and clinical validation remain
substantial. Consequently, Al currently functions as a decision-support and hypothesis-generating tool in antibody
discovery rather than as an independent determinant of clinical immunogenicity or therapeutic success.

Al in Small Molecules Design

Small-molecule agents are characterized by their relatively low molecular weight, allowing intracellular penetration and
oral bioavailability in many cases. Since approximately 2015, Al-assisted approaches have increasingly been incorpo-
rated into small-molecule discovery workflows.>*>* Rather than independently discovering drugs, Al methods typically
assist in candidate prioritization, optimization, and screening efficiency. Examples such as DSP-1181, EXS21546, and
DSP-0038 entered early clinical phases following Al-assisted optimization processes.”” Importantly, these compounds
were not “discovered solely by AI”, but resulted from integrated computational modeling combined with medicinal
chemistry and experimental validation. In addition to its expanding role in small-molecule drug discovery, machine
learning has shown promising utility in the prediction of adverse drug events, supporting improved medication safety and
patient care.>®

Classical Virtual Screening (VS)
Classical virtual screening strategies include structure-based virtual screening (SBVS) and ligand-based virtual screening
(LBVS). SBVS relies on knowledge of a target’s binding site structure, whereas LBVS identifies compounds based on
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similarity to known active ligands without requiring explicit structural information. Traditional docking and scoring
approaches remain computationally intensive and are subject to scoring-function limitations. Al has been integrated into
these pipelines primarily to improve ranking efficiency rather than to replace classical methods. For example, ML-
assisted workflows were applied to identify Cyclin-Dependent Kinase 5 (CDKS5) inhibitors using algorithms such as
random forest and k-nearest neighbors.>” Reported hit identification was based on in silico prioritization followed by

experimental testing, and computational hit rates should not be interpreted as confirmed biological efficacy.

ML-Based Virtual Screening

Machine learning models have been used to improve compound prioritization within SBVS and LBVS frameworks.
Platforms such as AtomNet apply deep learning to predict protein-ligand binding probability from structural features.>®
In one study, AtomNet screened millions of compounds and prioritized candidates for synthesis and biological evalua-
tion. While several compounds demonstrated activity in subsequent assays, these results reflect a multi-step pipeline
combining DL prediction, experimental testing, and biological validation. Statements implying that Al alone “identified
tumor-inhibiting compounds” oversimplify the development process. Furthermore, performance metrics such as IC50
ranking are meaningful only after experimental confirmation, not at the purely computational stage. Similarly, Deep
Docking frameworks were used in ligand-based screening contexts.”® Reported improvements in screening speed or

ranking accuracy should be interpreted within dataset and validation constraints.

Generative Models in Molecular Design

Deep learning—based generative models, including recurrent neural networks (RNN), variational autoencoders (VAE),
and generative adversarial networks (GAN), have been applied to propose new molecular structures.’® These models
generate candidate structures using string-based (eg, SMILES) or graph-based representations. Tools such as MolAICal
and DeepLigBuilder were developed to generate molecules predicted to bind specific targets.®’*> These systems
prioritize structural compatibility and docking feasibility, but predicted binding does not equate to confirmed biological
potency. Deep Generative Models for 3D Linker Design applies graph-based modeling to generate linker fragments while
maintaining pharmacophoric features.®> Claims such as “300% similarity” require contextual clarification and should not
be interpreted as guaranteed structural improvement beyond computational benchmarks. Generative RNN models with
long short-term memory (LSTM) architectures have also been used in de novo design workflows, producing candidate
compounds subsequently evaluated experimentally.®* Although some generated molecules progressed to hit-to-lead
optimization, synthesis feasibility and stability were confirmed through experimental validation rather than Al prediction

alone. The application of Al in therapeutic antibody design and optimization is summarized in Figure 5.

Reinforcement Learning (RL) and Property Optimization

Reinforcement learning (RL) has been integrated with generative architectures to optimize desired properties such as
binding affinity or physicochemical constraints. Approaches including Mol-CycleGAN apply transformation-based
learning to modify molecular structures toward predefined objectives.®® These models operate within constrained
chemical spaces defined by training data, and their performance depends strongly on reward function design and dataset
bias. While RL approaches may accelerate lead refinement, they remain hypothesis-generating tools.

Al in Lead Optimization and Development

Neural network models such as LSTM architectures have been applied to predict activity profiles across large compound
libraries.®®%” Some reports describe the identification of potent inhibitors (eg, p300 or CDKS$ inhibitors) following Al-
assisted optimization. However, reported IC50 values reflect experimentally measured outcomes after medicinal chem-
istry refinement, not purely computational predictions. Al contributes to prioritization and design suggestions, while
potency confirmation relies on biochemical assays.
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Figure 5 A schematic workflow illustrating the small molecules Al-driven drug discovery cycle. The numbered steps (01-07) indicate the sequential progression of the
pipeline.

Abbreviations: RNN, Recurrent Neural Network; VAEs, Variational Autoencoders; GANs, Generative Adversarial Networks; SMILES, Simplified Molecular-Input Line-
Entry System; ADMET, Absorption, Distribution, Metabolism, Excretion, and Toxicity.

Critical Considerations

Despite promising integration of Al into small-molecule workflows, several limitations remain. Many reported results are
derived from retrospective benchmark datasets with limited prospective validation. Dataset bias, imbalanced active/
inactive examples, and overfitting risk may inflate apparent performance. Furthermore, synthetic accessibility, off-target
effects, and in vivo pharmacokinetics remain challenges not fully captured by current AI models. Consequently, Al
functions primarily as a supportive decision-making tool within multidisciplinary drug discovery pipelines rather than as
an autonomous discovery engine.

Discussion of Persistent Challenges in Al Implementation

Across the diverse therapeutic areas reviewed—spanning antibiotics, anticancer agents, antibodies, and small molecules—AI
has consistently demonstrated the capacity to enhance early-stage drug discovery, particularly through improved virtual
screening and pattern recognition (as summarized in Table 1 and Table 2). However, a comprehensive evaluation of the
literature indicates that computational advancements do not entirely eliminate the fundamental hurdles of drug development.
Rather than viewing Al as a standalone solution, it is essential to discuss the practical limitations it faces. As summarized in
Figure 6, several challenges continue to hinder the implementation of Al in drug discovery and development. While Al
provides robust supportive tools for molecular modeling and candidate prioritization, its implementation introduces specific
methodological, technical, and data-related constraints that must be objectively considered. Integrating these technologies is a
complex process that encounters several persistent challenges, which are outlined below:

Ethical and Data Governance Considerations
Al systems in drug discovery primarily function as decision-support tools rather than autonomous decision-makers.
Therefore, statements suggesting that Al independently “makes decisions vital for human health” overstate its current
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Figure 6 A figure summarizing the primary challenges and considerations associated with the implementation of Artificial Intelligence.

role. Instead, Al outputs influence prioritization of compounds, targets, or experimental strategies within human-led
workflows. A major concern in drug discovery is data bias and representativeness. Incomplete or unbalanced datasets
may lead to skewed predictions and misleading compound prioritization.®® In biomedical contexts, experimental data are
often heterogencous, derived from different assay conditions and population subsets, which complicates model general-
ization. The use of proprietary datasets and sensitive patient-derived information also raises concerns regarding
confidentiality and data protection.®””’' However, these issues relate specifically to clinical and translational datasets
rather than to Al autonomy itself. Consequently, governance frameworks in drug discovery must emphasize responsible

data curation and controlled access rather than generalized concerns about machine “freedom” in healthcare.

Technical Expertise and Model Interpretability

Al implementation in drug discovery requires interdisciplinary collaboration between data scientists, computational
chemists, and experimental researchers. Rather than requiring “special training due to data loss”, the primary challenge
lies in ensuring correct model interpretation and appropriate feature engineering. Machine learning models are highly
sensitive to input representation and feature selection. For example, the use of SMILES strings as textual molecular
representations may influence how models interpret chemical space.”? Improper featurization or biased training data can
affect interpretability and downstream decision-making. Furthermore, misunderstanding model limitations may lead to
overconfidence in predictive accuracy.”>’* Thus, expertise is required not only for technical implementation but also for
critical evaluation of model outputs within experimental pipelines.
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Data Availability, Quality, and Metadata

Al models in drug discovery are highly dependent on data volume and quality.'® Limited availability of well-annotated
experimental datasets can constrain model performance, particularly in early-stage target discovery. Metadata—such as
assay conditions, cell line context, dose ranges, and experimental protocols—significantly influence model reliability.
Inaccurate or incomplete metadata may impair model generalization, not because Al “fails”, but because underlying
biological context is inconsistently captured. Moreover, generative models may propose chemically valid structures that
are synthetically inaccessible or biologically unstable This gap between computational feasibility and experimental
applicability represents a practical limitation rather than a failure of algorithmic design.”

Infrastructure and Model Deployment Constraints

Some Al and deep learning models require significant computational resources and technical support. High-performance
computing infrastructure, data storage capacity, and secure access systems may not be uniformly available across
research settings. However, increased computational demand reflects model complexity rather than inherent inefficiency,
and it does not automatically translate into poor project insight. Instead, organizations must balance infrastructure
investment with projected research benefits.'?

Technical Risks in Generative Modeling

In generative Al systems, particularly generative adversarial networks (GANS), technical issues such as mode collapse
may arise. Mode collapse refers to a phenomenon in which the generator produces limited structural diversity, repeatedly
sampling a narrow subset of outputs despite broader training distributions. In the context of small-molecule design, this
may result in structurally similar compounds being proposed repeatedly, potentially limiting chemical space exploration.
This issue reflects training instability and reward-function imbalance rather than “data loss” or stacking in a local
minimum. Additionally, cybersecurity risks exist when integrating Al into healthcare data ecosystems, especially when
large biological or patient-derived datasets are involved. These concerns relate primarily to data protection infrastructure
rather than Al-specific decision-making mechanisms.®

Summary of Practical Limitations
Overall, the principal challenges of Al implementation in drug discovery include:

e Dataset heterogeneity and bias
e Dependence on high-quality annotated metadata

Risk of overfitting and limited external validation

Computational resource demands

Gap between computational prediction and experimental verification

Al technologies, therefore, function as supportive analytical tools within multidisciplinary drug discovery pipelines,
rather than as autonomous systems capable of independently overcoming biological complexity. Recent reviews further
emphasize that Al-driven antimicrobial discovery continues to rely heavily on experimental validation, interdisciplinary
integration, and careful interpretation of computational predictions despite rapid advances in generative and predictive
modeling approaches.””

The Role of Al in Drug Formulation

Beyond the initial discovery and optimization of lead compounds, Al is increasingly being explored to support
pharmaceutical formulation and preparation techniques. Traditionally, drug formulation has been a labor-intensive,
trial-and-error process aimed at achieving optimal bioavailability and physical stability. Currently, machine learning
models are being deployed to predict the physicochemical properties of Active Pharmaceutical Ingredients (APIs), such
as aqueous solubility and dissolution rates, directly from their molecular structures.’® Furthermore, Al algorithms
accelerate the formulation process by screening vast databases to optimize excipient selection and predicting potential
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degradation pathways.”” In the realm of advanced drug delivery, deep learning networks are utilized to optimize the
design of nanocarriers and liposomes, precisely tuning their release kinetics for targeted therapies.”® Furthermore, the
convergence of Al with emerging manufacturing technologies, particularly 3D printing (additive manufacturing), is
contributing to ongoing advancements in personalized medicine. Specifically, ML has been applied to assess the
printability of pharmaceutical formulations using selective laser sintering (SLS). A recent study have shown that ML
models trained on multi-modal datasets combining formulation composition with analytical characterization data such as
Fourier-transform infrared spectroscopy (FT-IR), X-ray powder diffraction (XRPD), and differential scanning calorime-
try (DSC) can improve predictive performance, with reported F1 scores reaching approximately 88.9%.° This multi-
modal approach may reduce reliance on traditional trial-and-error experimentation by supporting more data-driven
formulation screening and development of 3D-printed drug products. Overall, these findings highlight the potential of
artificial intelligence to enhance decision-making and efficiency in SLS-based pharmaceutical manufacturing.

Al in Characterization Techniques

Al may enhance advanced characterization techniques by automating the interpretation of complex analytical data.
Traditional physicochemical characterization relies heavily on Nuclear Magnetic Resonance (NMR) spectroscopy,
Fourier-transform infrared (FTIR) spectroscopy, and X-ray powder diffraction (XRPD), which generate massive datasets
requiring time-consuming manual analysis. Currently, specific Al systems, particularly Convolutional Neural Networks
(CNNs) and deep learning algorithms, are employed to rapidly decipher these complex spectra and identify structural
features with high precision.®® For instance, specialized Al tools such as DP4-Al have been developed to fully automate
the assignment of NMR spectra, facilitating the rapid structural elucidation of complex stereocenters and novel
scaffolds.®" In solid-state characterization, machine learning classifiers are increasingly utilized to process XRPD data
for real-time polymorph identification, ensuring phase purity during manufacturing. Furthermore, in morphological
analysis, Al-based neural networks can enhance the resolution and automated particle reconstruction in systems like
Cryo-Electron Microscopy (Cryo-EM).*? By deploying these specific Al-driven analytical tools, researchers can achieve
high-throughput quality control and precise physicochemical profiling with minimal human bias.

Future Perspectives in Al-Driven Drug Discovery

Looking ahead, the future perspectives of Al in drug discovery and formulation are promising yet challenging. The
transition toward autonomous “self-driving” laboratories, where Al designs, synthesizes, and tests compounds in a
closed-loop system, represents a potential future direction. However, several hurdles remain, including the “black box”
nature of complex deep learning models and the critical need for high-quality, standardized experimental data. As the
field matures, the integration of explainable Al (XAI) and the continuous synergy between computational predictions and
wet-lab validation will be essential. Ultimately, Al is not expected to replace pharmaceutical scientists but rather to
empower them, shifting the focus from routine screening to strategic innovation and personalized medicine.

Conclusion

This critical narrative review concludes that while Al has significantly accelerated early-stage drug discovery, its current
utility is firmly positioned as an advanced decision-support system rather than an autonomous discovery tool. Across the
four therapeutic domains examined—antibiotics, anticancer agents, antibodies, and small molecules—AI methodologies
ranging from conventional ML to deep generative models, have demonstrated value in target identification, virtual
screening, and candidate prioritization. However, a critical evaluation of the literature reveals several ongoing barriers
that limit its effective translation into real-world practice. The use of Al is frequently hindered by dataset biases, lack of
standardized metadata, and a substantial gap between computational predictions and experimental validation. While Al
models can be fast in generating structurally novel and theoretically active compounds, confirming their biological
efficacy, synthetic accessibility, and clinical safety remains entirely dependent on conventional experimental workflows.
Ultimately, the successful progression of Al in pharmaceutical research relies on a combination approach where
computational power is continuously guided and validated by human expertise. Addressing data quality constraints
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and emphasizing rigorous external validation will be paramount to bridging the gap between in silico capabilities and

real-world clinical applications.
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