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Al accelerate the identification of
druggable targets by 3D structures of
proteins and compounds
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Artificial intelligence (Al) is being used in oncological drug development to address the high costs, low
success rates, and long timelines that characterize traditional drug development pipelines. The use of
machine learning (ML) and deep learning (DL) models in computer-aided drug design is constantly
growing owing to their capacity to analyze large, heterogeneous datasets, their ability to capture
nonlinear biological trends, and their integration of various molecular and clinical characteristics. Al
applications accelerate target discovery by predicting protein structures, ranking disease-relevant
genes, and assessing target drugability. Al can be used to conduct rapid searches of multiplexed
chemical libraries, predict drug-target interactions, and optimize the pharmacological and
physicochemical properties of drugs in virtual screening. Advanced neural network designs also aid in
de novo drug design, which involves developing new molecular structures with therapeutic properties
of interest. This review outlines how Al has been used for target identification, virtual screening, de
novo molecular design, and, specifically, in cancer applications. It further discusses the major issues in
Al-based drug development, such as data quality, model interpretation, computational constraints,
and ethical and regulatory considerations, which remain essential obstacles to broader clinical

translation.

Drug discovery is the process of identifying new medicinal agents through
testing, computation, and experimentation'. It begins with the discovery of
biomolecules and pathways, which are subject to change to generate ther-
apeutic benefits. After selecting four to six targets, thousands of compounds
are screened to identify first-generation hits with decent affinity using high-
throughput or virtual screening techniques’. Optimization is then per-
formed to enhance the pharmacokinetic, therapeutic, and safety char-
acteristics of the lead compounds with the best potency and selectivity. Such
candidates are refined and subjected to preclinical and clinical testing, with
the aim of regulatory approval. The entire process may take 12-15 years and
cost USD 2.8 billion’.

The development of improved techniques has been enabled by tech-
nological advances such as computer-aided drug design (CADD), auto-
mation, and nanofluidics, which have enhanced their accuracy and
efficiency. Nevertheless, an incomplete understanding of disease pathologic
processes, constraints of preclinical models, patient heterogeneity, and the
absence of predictive biomarkers continue to limit studies*’. All of these
issues are especially acute in oncology, where the number of druggable

targets is minimal, tumours are heterogeneous, and chemoresistance is
common’.

From conventional approaches to CADD

Computer-Aided Drug Design in the 1990s changed this when it began
using computational tools to construct in silico models of drug-target
interactions, which were then subjected to laboratory testing’. Contrary to
the old system of trial and error, CADD introduces a more rational
approach, which speeds development, reduces experimental requirements,
and makes the drug more cost-effective’. The incorporation of big data and
multi-omics has also led CADD to become a multidisciplinary field
encompassing systems biology, mathematical modelling, computer simu-
lations, bioinformatics, and pattern recognition. These techniques have
been helpful in identifying targets, modelling drug-target interactions,
performing virtual screening, and optimizing leads’. However, the non-
linear, high-dimensional relationships in contemporary biomedical data are
often poorly suited to conventional CADD, which relies on predefined
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algorithms".
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Fig. 1 | Hierarchical overview of AI, ML, and DL.
Emphasizing the principal architectures of super-
vised, unsupervised, and reinforcement learning, as
well as neural networks, employed in computational
drug discovery. Adapted from reference'’.
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Emergence of Al in drug discovery
The solution to these issues with the help of AIis robust. Al systems mimic
human intelligence to perform tasks in learning, reasoning, and decision-
making''. ML is an essential element of Al enabling models to learn from
datasets'”. Supervised learning uses labelled datasets to generate predictive
models for classification and regression, whereas unsupervised learning
aims to identify hidden patterns in unlabelled data. Reinforcement learning
(RL) improves decision-making by providing trial-and-error information.
One subdivision of ML, DL, involves applying multilayer neural networks to
extract complex patterns from extensive, unstructured data’.
Convolutional Neural Networks (CNNs) and Graph Neural Networks
(GNNs), generative adversarial networks (GANS), recurrent neural net-
works (RNNs), variational autoencoders (VAEs) are DL frameworks that
have demonstrated high efficacy in biomedical tasks such as medical ima-
ging, medical diagnostics, and natural language processing . Their ability to
learn continuously and correct their errors makes them especially successful
at analyzing the diverse, complex datasets that characterize drug discovery.
Figure 1. Hierarchical hierarchy between AI, ML, and DL, for example, the
major algorithmic classes applied in drug discovery'>'*. The basis of ML is
traditional supervised and unsupervised learning, combined with state-of-
the-art DL architectures, including CNNs, GANS, diffusion models, trans-
formers, and large language models, that model complex, high-dimensional
patterns. The figure also illustrates links to natural language processing,
computer vision, robotics, and reinforcement learning, placing these tech-
niques within the broader Al ecosystem of drug discovery'.

Al as an extension of CADD
ML and DL approaches are currently used to supplement and complement
traditional CADD". These techniques enhance predictive accuracy by
training on large volumes of data, thereby eliminating the need for pre-
existing guidelines'. AI has been implemented at almost all stages of drug
development, including target discovery, virtual screening, lead optimiza-
tion, preclinical validation, and some aspects of clinical development'**. A
applications can predict protein structures, screen millions of compounds,
predict drug-target interactions, and optimize molecular characteristics™.
DL architectures, including VAEs, GANs, and RL systems, can produce new
molecular structures with specific, desirable therapeutic properties in the
absence of template information for de novo drug design™*.

According to recent reports, the role of Al is growing, and over 150 AI-
designed small-molecule programs are in preclinical development, with

several already reaching clinical trials” . The success rates in the early

clinical stages of Al-inspired biotechnology firms have exceeded historical
standards, and development schedules and research and development
(R&D) expenses are dramatically lower™.

Transitional summary and scope of this review

Although AT has proven very useful for identifying targets and enhancing
lead optimization, most Al-based drug discovery companies now focus on
validated targets’. Conversely, large pharmaceutical firms are also making
larger investments in new drug targets. However, Al has demonstrated its
ability to produce hitherto unknown chemical compounds with astonishing
speed and accuracy’".

This review discusses the application of Al in early oncology drug
discovery, focusing on target discovery, virtual screening, and de novo
design. The analysis focused on cancer-specific case studies. We also discuss
several significant constraints, including data quality, model interpretability,
computational constraints, and ethical considerations, that still hinder wider
application. The conceptual differences between the workflows of conven-
tional drug discovery and innovative Al-based methods are depicted in
Fig. 2*.

This work makes several distinctive contributions that could advance
the field of Al deployment in oncology drug discovery™. First, unlike the rest
of the reviews that discuss Al tools in isolation, we introduce a logical
conceptual framework, biomapping Al methods along the entire early-stage
oncology pipeline, comprising target identification, virtual screening, and de
novo molecular design, to demonstrate how these methods rely on each
other, not to mention that these approaches have a standard methodology.
Second, we plotted a new comparative taxonomy of Al algorithms, parti-
cularly for oncological applications, that integrates structural prediction
algorithms, graph models, multimodal learning systems, and generative
structures in a sequential grid of their data requirements, computational
requirements, and disease-specific utility. Third, we focus on cancer-specific
primary research rather than generic applications of Al by presenting
detailed case studies (e.g., AlphaFold-enabled target discovery, GNN-based
screening, and multi-omics-conditioned generative models) to demonstrate
how these applications are being applied in actual experimental and pre-
clinical oncology settings. The limitations of embedding oncology-specific
interactions, translational bottlenecks, and reproducibility issues are criti-
cally evaluated, and a future perspective is provided on how multimodal
foundation models, XAI frameworks, and closed-loop discovery systems
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Fig. 2 | Comparative analysis of traditional and
Al-driven drug-discovery workflows. The con-
ventional approach to drug discovery follows a
sequential progression through experimental stages,
beginning with target identification and culminating
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Al applications in Drug Target Discovery Stages

can redefine future cancer treatment. These factors make this review a
valuable synthesis of oncology-specific knowledge, both methodological
and translational.

Al-driven target identification

Target identification is a critical first step in the drug discovery process and
entails the identification of biomolecules or pathways whose regulation can
be therapeutically beneficial. Drug targets are currently discovered using
experimental approaches, including chemical and genetic screening,
affinity-based screening, and multi-omics analysis, as well as computational
techniques such as molecular docking and AT’. As cancer is a highly genetic,
molecular, and immunological complex disease, multi-source data are
highly likely to succeed in identifying therapeutic targets*”. Figure 3.

Summary of Al applications in drug target discovery phases, such as disease
association prediction, target prioritization, structural prediction, and
druggability evaluation™.

Because of their ability to process large volumes of multi-omics data,
identify complex oncogenic networks, and detect novel targets that con-
ventional approaches may miss, Al models are becoming a potent tool for in
silico cancer target identification’”*. ML and DL algorithms can analyze
genomic and transcriptomic data to identify recurrent mutations and
expression patterns in cancer, and integrate them with proteomic and
epigenomic data to place dysregulated proteins and pathways at the top of
the priority list”. The integration of clinical data will also enable the cor-
relation of molecular characteristics with treatment response, contributing
to the formulation of individualized therapy. Scientific literature, clinical
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trial information, and patent data can be mined to discover disease-gene-
drug associations and targets using Al-based natural language processing
systems, such as LLMs (e.g., BioGPT, ChatGPT, ChatPanda)***. Large-scale
Al and data modalities will be applied to target discovery in oncology, as
shown in Tables 1 and 2.

An example of this approach is PandaOmics, an Al-based multi-omics
and text-mining platform created by Insilico Medicine’”*'. It integrates
genomic, transcriptomic, proteomic, and methylomic data over literature-
based knowledge graphs to determine and rank potential therapeutic
targets”. GWAS, differential expression, and mutational analyses (Fig. 4)
were used to create omics-based scores, which were then used to rank the
diseases and select the most relevant one, based on text-based scores
reflecting the disease’s relevance in the published literature*’. Schematic
workflow of the PandaOmics and Chemistry42 platforms to integrate
multi-omics, identify targets, rank them based on prior knowledge graphs,
and design small-molecules generatively*"*’. PandaOmics has been shown
to be effective across most cancer types, including CNGA3, GLUDI, and
SIRT1 targets in glioblastoma; CDK20 in hepatocellular carcinoma; and
CDKI12 in gastric, colorectal, and triple-negative breast cancers'"*>*’.

Druggability, which is the likelihood of a target being altered by a small
molecule, is vital for drug development™. Many ML and DL models have
been trained to forecast protein druggability using sequence-based, struc-
tural, topological, and physicochemical characteristics”. Among these are
hybrid convolutional neural network-recurrent neural network (CNN-
RNN) classifiers trained on DrugBank and Swiss-Prot proteins and
DrugnomeAI**”. This semi-supervised system combines protein-protein
interaction data, pathways, and protein features to provide drugs with scores
of how easy they are to target”’. Further, network-based methods, including
random forests (RFs) trained on protein similarity networks, have been used
to predict potential cancer drug targets with high predictive accuracy’"”.

AT plays a key role in determining the effects of point mutations on
protein function, which is a vital component of oncology™. Other tools, such
as AUTO-MUTE 2.0, combine ML with structural modelling to infer the
functional consequences of amino acid mutations™**. AlloDriver builds on
this approach by mapping mutations to orthostatic and allosteric sites that
are actionable cancer drivers™”. This strategy identified clinically mean-
ingful cases, including an allosteric mutation that is clinically significant,
L1143F in PTPRK, which is linked to head and neck cancer™.

Predicting synthetic lethal (SL) gene pairs has a high potential of being
made by Al as these pairs are good targets of therapeutic intervention™.
Although experimental techniques such as CRISPR/Cas9 and RNA inter-
ference (RNAI) screens can be used to determine SL interactions, their use is
constrained by high costs and off-target effects®”'. Al-based models,
including KG4SL, leverage graph neural networks and knowledge graphs
from databases such as SynLethDB to improve the accuracy and scalability
of SL interaction predictions®.

AlphaFold2, AlphaFold3, and ESMFold are transformer-based struc-
tural prediction models used to predict protein targets by accurately mod-
elling protein structure, analyzing binding pockets, and analyzing structural
changes induced by mutations”. Such developments have expanded the
prioritization of AI frameworks for druggable cancer targets in preclinical
and translational research.

In oncology, Al has significantly accelerated target identification and
validation by leveraging multi-omics data, structural prediction, computa-
tional mutagenesis, and literature-based knowledge extraction™.

Virtual screening and lead optimization using Al

Systemic screening of pharmacological compounds with therapeutic
potential is an essential step in drug discovery®. High-throughput screening
(HTS) uses robotics, assays, and data-processing systems to screen hun-
dreds of thousands of compounds against biological targets®’. Although
HTS is the main approach for identifying hits, it has certain limitations,
including high cost, long development time, and a low hit rate of 1%°.
Virtual screening helps overcome many of these limitations by applying
computational methods to screen compounds in large in silico libraries and

Table 1 | Summary of key artificial intelligence platforms for target identification

Reference
44,172

Main function in drug discovery

Primary data types used

Algorithm type/core model

Platform

Target identification and prioritization; disease

mechanism discovery

Transcriptomics, proteomics, methylomics, Genome-wide association

studies (GWAS), somatic/germline mutations, clinical text

DL ensemble; GAN-based multi-omics
integration; knowledge-graph mining

PandaOmics (Insilico

Medicine)

173

Druggability prediction across the human exome;
identification of novel oncology targets

Protein—protein interactions, pathway data, gene-level annotations

(Pharos, TCRD, Triage datasets)

Semi-supervised ML; graph-based learning

on protein networks

DrugnomeAl (AstraZeneca)

56,174

Identification of oncogenic allosteric driver mutations;

prediction of allosteric druggable pockets

Protein 3D structures, mutation profiles, orthosteric/allosteric site features

Random Forest + neural network models for

allosteric site mapping

AlloDriver

Prediction of synthetic-lethal gene pairs; discovery of 175

combinatorial cancer targets

Integrated heterogeneous biological networks (genes, proteins, drugs,

pathways, biological processes)

Knowledge graph + graph neural network

(GNN) architecture

KG4SL
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Reference
176-179
180,181

RNA-seq, proteomics, methylomics, GWAS, somatic mutations, clinical trial

data, literature
PPI networks, gene-disease associations, protein domains, pathway

Data modalities integrated
connectivity

Protein network embedding; exome-wide druggability

Multi-omics scoring; text-mining; knowledge-graph
scoring

Key computational approaches
inference

GANSs, DL classifiers, ensemble ML
Semi-supervised ML, graph ML

ML/DL algorithms

Table 2 | Algorithms and data types used by Al target identification platforms

Platform
PandaOmics
DrugnomeAl

182,183

Protein 3D structures, cancer somatic mutation databases, allosteric site

annotations

Mutation mapping onto 3D structures; allosteric pocket

prediction

Random Forest, deep neural networks

AlloDriver

84

1

Gene-gene networks, drug-target networks, pathway maps, biological

process ontologies

Multi-relational graph learning; synthetic-lethality scoring

Graph neural networks (GNN), knowledge-graph
embedding

KG4SL

predict drug-target interactions™”’. Its capacity is in the millions or even
billions of compounds, which is in excess of that of HTS. Chemical libraries
are further screened using screening filters to a manageable size that can be
experimentally validated, thus saving time and cost, consuming fewer
resources, and providing promising leads”’. In general, virtual screening
methods are classified into structure- and ligand-based methods (Fig. 5)".
Structure-based screening requires knowledge of the target protein’s three-
dimensional structure, whereas ligand-based screening identifies com-
pounds with a similar structure or pharmacological properties to known
active molecules™ .

Conventional virtual screening strategies are susceptible to the com-
putational burden of screening ultra-large chemical libraries”. Al models
can be beneficial for these processes because they can quickly weed out
unsuitable candidates and screen millions of compounds in a limited
time’””’. DL systems, including CNNs and GNNs, trained on chemical
repositories (e.g., PubChem, ChEMBL) can capture nonlinear, including
complex, features in molecular structures and biological activity, enabling
more accurate predictions of drug-target interactions. The following sub-
sections provide a summary of the AT application in structure- and ligand-
based virtual drug screening””.

Al in structure-based drug screening

Structure-based drug screening uses three-dimensional protein structures to
elucidate ligand-target interactions and identify compounds with favour-
able binding affinities for target proteins**". Structural determination relies
on experimental methodologies such as X-ray crystallography, nuclear
magnetic resonance (NMR), and cryo-electron microscopy (cryo-EM)™.
Molecular docking is commonly used to simulate Ligand binding and
estimate binding affinity using scoring functions***. In contrast, con-
formational flexibility and MD simulations are frequently used to discover
transient or cryptic binding pockets®. The results indicate that Al has
considerably improved several aspects of structure-based screening, such as
structure prediction, scoring functions, and MD simulation efficiency**"".
Scoring using Al technologies will be combined with docking workflows,
thereby improving affinity predictions and enabling more effective filtering
of dormant compounds®.

Protein structure prediction. Correct knowledge of protein structure is
a prerequisite for structure-based drug design (SBDD). The development
of AI tools, including AlphaFold, has completely changed the landscape
of this field, enabling direct prediction of protein structure from sequence
information®. AlphaFold2 (AF2) uses a deep neural network called
Evoformer, as well as a series of sequence alignments (MSAs) to a
database of structural data, to produce protein models with a high level of
accuracy’®’”'. AlphaFold3 (AF3) is also much faster and more accurate at
modelling and can predict protein-protein and protein-ligand
complexes”.

The use of AF2 as a model has greatly accelerated hit identification, as
demonstrated by Ren et al., who used AF2 and the Chemistry42 platform to
identify novel CDK20 inhibitors™. In addition, WSB1 has been inferred
from AF2-predicted structures, which have been used in virtual screening
campaigns”. The computation of allosteric sites has been enhanced by the
development of tools such as AlphaFill, which complements AF2 by
incorporating cofactors and ligands”*””. Other structural prediction systems,
including ESMFold, which is not dependent on MSAs, and RoseTTAFold,
which combines sequence and spatial information, are also available with
slightly different advantages depending on the level of accuracy required and
the accessibility of homologous data™”. Overall, these structure prediction
tools expand the scope of structure-based drug discovery, enabling more
efficient hit identification™'".

Molecular docking. Molecular docking is a computational method that
estimates the optimal pose and position of ligands when they bind to
protein targets'*'”'”’. The docking process generally involves three major
steps: pose generation, scoring, and ranking'"’. New developments in Al
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have increased the precision of docking using large datasets of
protein-ligand complexes'”. Among them, hybrid support vector
machine (SVM)-based methods that utilize molecular descriptors and
random forest (RF)-based classifiers that effectively filter out inactive
compounds, thereby enhancing overall docking efficiency, should be
noted'”.

The recent development of Al-based docking tools is worth men-
tioning. As a CNN model, AtomNet has been shown to be more effective at
predicting the bioactivity of small molecules using atomic-level structural

information, achieving significant improvements over traditional
docking algorithms in both speed and accuracy'”. DeepDock, a
GNN-based system, can improve docking prediction accuracy by
combining features of both ligands and proteins and has been suc-
cessfully used to identify AXL inhibitors. GNINA was used to restore
the binding poses to enhance the ranking of high-quality
interactions'”. Simultaneously, DiffDock uses diffusion models to
predict binding sites with high precision and enables “blind docking”
that does not presuppose any knowledge of the binding sites'”.
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MD simulations. Molecular docking cannot adequately account for the
dynamic interactions between ligands and proteins. The limitation of
MD simulations is that they model only the time-dependent conforma-
tional changes of biomolecules®™'"". Cryptic pockets can be identified
using MD simulations, and these computations can be used to refine
docking predictions, which should be verified experimentally'"’. Al can
improve MD efficiency by generating accurate force fields, predicting
trajectories, and identifying features in large simulation datasets.
MDtrajNet and TorchMD: Transformer- and DL-based MD frameworks
that are becoming increasingly popular in structure-based drug design
are much faster than simulations'*'".

Al in ligand-based drug screening
The principles of ligand-based screening are that similar molecules should
exhibit similar biological activities. This method is advantageous when the
target protein’s structure is unknown or difficult to determine'**. Although
ligand-based strategies can be used to search large chemical spaces quickly,
they can yield false positives because of structural mimicry that is not
functionally similar'®. AT models supplement ligand-based screening by
extracting molecular descriptors and predicting biological activity'"®.

ML and DL algorithms can detect pharmacophore properties, generate
molecular fingerprints, and distinguish active from inactive
compounds'”'"*, These models facilitate high-throughput searches for

similarities and efficient searches of large databases'”.

Molecular similarity search. Similarity-based screening uses molecular
fingerprints to screen based on structural and chemical properties'*’. DL
algorithms, specifically GNNs, treat molecules as graphs and produce
fingerprints that encode complex topological and spatial data'*'. Al-
driven multi-classifier methods within AI-driven workflows have iden-
tified EGFR-T790M and NTRK inhibitors, among others'*.
DeepChem, which can be applied to quantitative structure-activity
relationship (QSAR) and pharmacophore modelling; PyRMD, which can
apply relative molecular descriptor (RMD)-based feature discrimination;
and VSFlow, which can be used for similarity searching with the help of
RDKit, are automated ligand-based screening platforms'*. Such tools make

screening easier and help find promising ligands faster'**.

QSAR modeling. QSAR models are mathematical models that develop
correlations between chemical structures and biological activities'*.
QSAR-based methods, enhanced with ML, include decision trees, RFs,
SVM, XGBoost, and DL". They have been shown to be more predictive
and support the identification of potential compounds. Recent examples
of such applications include the Cloud 3D-QSAR model for monoamine
oxidase B inhibitors and the XGBoost-driven QSAR model for AKT

inhibitors'”.

ADMET profiling. Accurate prediction of Absorption, Distribution,
Metabolism, Excretion, and Toxicity (ADMET) can be used to determine
the best compounds with respect to pharmacokinetic and toxicity
properties'”. Artificial intelligence (AI) models, such as DeepTox,
XGBoost-based ADMET predictors, and convolutional neural network
(CNN)-based cytotoxicity predictors, can improve early-stage toxicity
screening of small molecules'”. Accessible resources for in silico ADMET
evaluation include platforms such as ADMETIab, SwissADME, admet-
SAR, and ProTox-11"".

In summary, Al plays a crucial role in enhancing the speed, scalability,
and predictive accuracy of structure-based and ligand-based virtual
screening. Combined with docking, MD simulation, QSAR modelling, and
ADMET prediction, Al can be used to perform more effective hit identifi-
cation and lead optimization. With the combination of pattern recognition,
structural prediction, and data-driven decision-making frameworks, Al
systems are becoming an increasingly important part of a lean end-to-end
virtual screening pipeline that accelerates the in-silico discovery-to-
experimental validation process.

De novo drug design using generative Al

Generative Al uses DL techniques to create new information, such as text,
images, and chemical structures, based on the patterns learned from the
training data'”'. Generative Al has also been used in drug discovery, where it
can be used to generate drug structures that are completely novel, with
certain therapeutic properties, a process called de novo drug design. Because
it is estimated that the chemical space contains 10” to 10% possible mole-
cules, current computational screening is not suitable for exhaustively
covering it'*™*'*. De novo design overcomes this drawback by synthesizing
new compounds without relying on existing templates, thereby increasing
the chemical space available for drug discovery'**. As with virtual screening,
de novo design can be performed using either structure-based or ligand-
based methodologies’.

The application of neural networks and reinforcement learning (deep
reinforcement learning) has taken center stage in generative chemistry
because they can process data at a high dimensionality in molecules and
identify complex structures'*. Molecular generation has been successfully
achieved using DRL models, including VAEs, CNNs, GANs, and RNNs".
For example, Li et al. used an RNN architecture to create new SARS-CoV-2
inhibitors, thus demonstrating the potential of sequence-based generative
systems'”’.

Variational Autoencoders are unsupervised deep neural networks that
learn the latent probability distributions of molecular structures'*. The
encoder is one of the components that converts inputs, such as fingerprints,
graphs, or even SMILES strings, to a continuous latent space. Subsequently,
the decoder is used to sample this space to produce novel molecular entities.
New methods involve hybrid variational autoencoder (VAE) RL systems
and generative adversarial network (GAN) designs, both of which are more
diverse and chemically valid'”’. It is important to note that PaccMannRA
uses the transcriptomic profiles of a given cancer in the VAE-RL pipeline,
thus producing compounds that match the disease-specific gene expression
rates. This represents the new importance of multi-omics-informed gen-
erative design.

RNNG, which produce sequences based on learned time dependencies,
have been used to synthesize molecules atom-by-atom using the SMILES
notation'*’. Mienye et al. used an RNN to design new JAK?2 inhibitors and
trained an RNN on ChEMBL to generate new 5-HT2A receptor ligands, and
more than 95% of the generated molecules were predicted to be active'*'.

The generative platform DeepScaffold, which relies on CNNs, creates
novel scaffolds by sequentially adding atoms and bonds in accordance with
chemically valid rules; thus, it is a powerful scaffold-hopping tool*”.

GANSs are designed using a generator-discriminator architecture to
generate realistic molecules'”’. GANs are particularly useful for de novo
drug design because they can directly and explicitly handle molecular graphs
and SMILES strings without requiring a structural template. GAN-based
methods have been used to generate drug-like molecules with extremely
high affinity, and more recently, transcriptomic-based GANs have been
used to create compounds that specifically target various cancer subtypes'.

New generative processes are better formulated with synthesis-aware
modules to ensure chemical viability. Al-powered synthesis prediction
systems (such as ASKCOS and IBM RXN in the case of Chemistry) can be
integrated into generative method pipelines to assess the synthetic avail-
ability of compounds'”. In addition, when augmented with generative
models and Al-assisted docking, MD simulations, ADMET prediction, and
closed-loop optimization, in which generated molecules are optimized
based on predicted binding affinities and physicochemical properties, can be
performed' .

Generative Al represents a wide range of architectures, each with its
own advantages for de novo molecular design. They can be searched across
large chemical spaces, not just in existing libraries, using VAEs, GANS,
RNNG, transformer-based models, and emerging diffusion models'*. Even
more recent hybrid and transformer-based models, such as MolGPT and
Chemformer, combine structural learning with the capability to generate
syntactically coherent and pharmacologically relevant SMILES strings™’.
Such innovations are supplemented by generative pipelines biologically
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drug development by enabling rapid compound screening, minimizing
labor and costs, and maximizing hit identification’'*’. Nonetheless, it has
several limitations that prevent its complete translational use. These pro-
blems may be grouped into the following broad categories: data quality and
bias issues, model interpretability issues, computational and infrastructural
requirements, and ethical and regulatory issues.

Data quality, bias, and generalization
The quality and availability of training data greatly determine the perfor-
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novo generated compounds'**'**. XAI techniques aim to understand the
internal reasoning of such models by determining the molecular, atomic, or
structural characteristics that influence predictions. In oncology drug dis-
covery, saliency-based visualization methods have been applied to highlight
pharmacophoric substructures that can describe the anticipated anticancer
activity and be verified using existing mechanistic knowledge'*>'*’. Similarly,
attention-based GNN's are interpretable models that can identify essential
residues or graph motifs mediating drug-protein interactions by assigning
node-based significance scores'”. The latest uses include gradient-based
attribution models that can rediscover the specificity of kinase inhibitors and
attention-enhanced GNN models that can identify functionally relevant
substituents that result in cytotoxic outcomes. XAI also enhances inter-
pretability to increase scientific confidence, facilitates hypothesis generation
by conducting further testing, and enables more informed decision-making,
thereby enhancing the translational reliability of Al-based oncology drug
discovery'*>'*,

Computational and infrastructural constraints

Implementing Al in drug discovery requires substantial computational
resources, specialized hardware, and personnel to operate the systems'®.
Many research centres and clinical laboratories lack systems to implement
large-scale Al tools regularly.

Moreover, Al models still struggle to capture the complexity of bio-
logical systems, such as tumour heterogeneity, temporal dynamics, micro-
environmental interactions, and adaptive responses. Even with the
development of structural prediction, generative design, and MD simula-
tions, it is challenging to predict biologically complex phenotypes with
precision.

Ethical, privacy, and regulatory considerations

Al-based drug discovery may be based on delicate genomic, tran-
scriptomic, and clinical data from patients. Data security and the privacy
of patient information are essential, especially given the higher level of
technology than the current regulatory systems'®. Concerns regarding
algorithmic transparency, compliance with the FDA, responsibility in
clinical decision-making, and data-sharing guidelines have also been
raised'®”. Regulatory bodies have yet to create standardized guidelines,
and the effectiveness of an algorithm and its impact on the real world
must be evaluated.

Clinical translation and real-world impact
Despite of certain challenges, clinically important outcomes of Al have
already been achieved. A number of Al-designed or Al-prioritised com-
pounds have been progressed to the human clinical trials, which implies
greater target specificity, reduced discovery times, and clinical success.
Nevertheless, Al is no longer a theoretical idea but is delivering prac-
tical outcomes. In the last five years, several Al-developed pharmaceuticals
have moved to clinical development”*”". Small-molecule candidates,
including REC-2282, BPM31510, and RLY-4008, have been granted FDA
Fast Track designation to expedite their preclinical development. These
successes highlight the feasibility of Al-assisted drug discovery and provide a
significant impetus for its further adoption.

Future directions

The future of Al-based drug discovery will rely on generating more mul-
timodal data, improving model interpretability, and aligning with experi-
mental feedback systems. Advances in foundational models, multimodal
learning, and self-supervised training are expected to improve general-
ization and reduce reliance on large datasets. Moreover, a combination of
Al automated synthesis platforms, digital twins, robotic screening, and
quantum computing would help establish closed-loop adaptive pipelines
that actively optimize molecular designs based on real-time biological
responses. This merging is bound to close the gap between in silico pre-
dictions and clinical translations. The convergence of Al with quantum
computing, generative models, and digital twins is poised to enable closed-

loop, adaptive drug discovery pipelines, bridging the gap between in silico
prediction and clinical translation.

Limitations of this review

The main areas covered in this review are early discovery applications, such
as target identification, virtual screening, and de novo design, but it does not
cover downstream optimization, formulation, or post-marketing analytics.
Some of the tools mentioned are more likely to change or be replaced by
newer architectures due to the rapid advancement of Al technology.

Conclusion

Artificial intelligence has rapidly become an essential driver of innovation in
the discovery of oncological drugs, significantly accelerating the process of
identifying targets, enabling screening large numbers of virtual targets, and
aiding de novo molecular design. The combination of multi-omics data,
structural prediction, and interaction modelling using ML and generative
frameworks enables Al to achieve unprecedented speed and accuracy
compared to conventional methodologies. Although there are issues with
data quality, model interpretability, computational resources, and reg-
ulatory acceptability, recent clinical developments suggest that AI-designed
therapeutics are no longer in silico predictions but are now being put into
practice as oncology pipelines. Further breakthroughs in multimodal
foundation models, XAI, automated synthesis, and closed-loop discovery
systems are expected to help bridge the gap between computational design
and clinical translation, making AI a revolutionary element in the next
generation of cancer treatments.
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