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ABSTRACT

Background: The integration of artificial intelligence (Al) into drug discovery has accelerated dramatically between 2020
and 2025, with breakthrough developments in deep learning, generative Al, and foundation models transforming traditional
pharmaceutical research workflows. Objective: This systematic review synthesizes recent advances in Al-driven drug discovery,
with a focus on computational chemistry and bioinformatics integration, following Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) 2020 guidelines. Methods: A comprehensive literature search was conducted across
PubMed, Scopus, Web of Science, Google Scholar, IEEE Xplore, and ScienceDirect databases. Studies published between
January 2020 and December 2025 involving Al applications in drug discovery were included. Data were extracted on Al
methodologies, datasets, drug discovery stages, and major outcomes. Results: From 5,529 initial records, 56 studies were
included in qualitative synthesis. Key findings reveal that (1) graph neural networks and transformer architectures have become
dominant approaches for molecular representation learning; (2) AlphaFold and its successors have revolutionized structure-based
drug design; (3) diffusion models and reinforcement learning are driving de novo molecular design; (4) large language models
are emerging as powerful tools across the drug discovery pipeline. Integration of AI with molecular dynamics, QSAR modeling,
and network pharmacology has demonstrated significant potential for accelerating target identification, hit discovery, lead
optimization, and absorption, distribution, metabolism, excretion, and toxicity prediction. Conclusion: Al-driven drug discovery
has matured considerably during 2020-2025, with multi-modal foundation models and autonomous Al platforms representing
the next frontier. However, challenges remain in model interpretability, experimental validation, data quality, and regulatory
frameworks. Standardized benchmarks and interdisciplinary collaboration will be essential for translating computational
advances into clinical therapeutics. This review highlights the transformative role of Al in accelerating drug discovery by
integrating computational chemistry, bioinformatics, and machine learning approaches. By systematically evaluating recent
advances through a PRISMA-guided framework, the study provides researchers with a comprehensive overview of emerging
methodologies, current challenges, and future opportunities for Al-enabled pharmaceutical innovation.

Key words: AlphaFold, Artificial intelligence, Computational chemistry, Deep learning, Drug discovery, Graph neural networks,
Molecular design.

1. INTRODUCTION [3]. Concurrently, the development of graph neural networks (GNNs),
transformer architectures, generative adversarial networks, and
diffusion models has provided increasingly sophisticated tools for
molecular representation learning, property prediction, and de novo

molecular design [4-6].

The pharmaceutical industry faces unprecedented challenges in
bringing new therapeutics to market, with average development costs
exceeding $2.6 billion per approved drug and timelines spanning
10-15 years [1]. Traditional drug discovery approaches, while
successful, are increasingly strained by the complexity of modern
therapeutic targets and the vastness of chemical space, estimated to
contain 10% synthetically accessible molecules [2]. In this context,
artificial intelligence (AI) has emerged as a transformative force,
offering novel computational paradigms that promise to accelerate
multiple stages of the drug discovery pipeline.
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The period between 2020 and 2025 has witnessed remarkable

advances in Al-driven drug discovery. The release of AlphaFold2
by DeepMind in 2021 represented a watershed moment, achieving
near-experimental accuracy in protein structure prediction and
fundamentally altering the landscape of structure-based drug design
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The integration of Al with computational chemistry methodologies —
including molecular docking, molecular dynamics (MD) simulations,
quantitative structure-activity relationship (QSAR) modeling, and
density functional theory (DFT) calculations — has created powerful
hybrid approaches that combine the speed of machine learning
with the physical rigor of first-principles methods [7,8]. Similarly,
bioinformatics integration through network pharmacology, multi-
omics analysis, and protein structure prediction has enabled more
holistic approaches to target identification and drug repurposing [9,10].

More recently, the emergence of large language models (LLMs) and
foundation models specifically trained on molecular and biological data has
opened new frontiers in drug discovery. Models such as ChemBERTa-2,
MOLFORMER, Uni-Mol, and MolReGPT have demonstrated remarkable
capabilities in molecular understanding, generation, and optimization
tasks [11-14]. The convergence of these technologies with reinforcement
learning (RL) and agentic Al architectures suggests a trajectory toward
increasingly autonomous drug discovery platforms [15,16].

Despite these rapid advances, the field lacks comprehensive systematic
reviews that critically evaluate the methodological quality, comparative
performance, and translational impact of Al approaches across the entire
drug discovery pipeline. While several narrative reviews have been
published, they often focus on specific methodologies or application
areas without the rigor of systematic evidence synthesis [17,18].

This systematic review addresses this gap by following the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
2020 guidelines to critically evaluate recent advances in Al-driven
drug discovery. We specifically examine (1) the evolution and current
state of Al methodologies applied to drug discovery; (2) the integration
of Al with computational chemistry and bioinformatics tools; (3) Al
applications across different stages of the drug discovery pipeline; (4)
comparative performance and limitations of current approaches; and
(5) future perspectives including foundation models, quantum machine
learning (QML), and autonomous discovery platforms. By providing
a comprehensive evidence-based synthesis, this review aims to guide
researchers, practitioners, and policymakers in navigating the rapidly
evolving landscape of Al-driven pharmaceutical research.

2. MATERIALS AND METHODS

2.1. Review Protocol

This systematic review was conducted following the PRISMA 2020
guidelines [19]. The review protocol was registered prospectively to
ensure transparency and reproducibility of the methodology.

2.2. Research Question

The primary research question guiding this review was: What are
the recent advances (2020-2025) in Al-driven drug discovery,
particularly regarding the integration of computational chemistry and
bioinformatics approaches, and what is their demonstrated impact
across the drug discovery pipeline?

2.3. Literature Databases Searched

A comprehensive literature search was conducted across six major
electronic databases: PubMed/MEDLINE, Scopus, Web of Science, Google
Scholar, IEEE Xplore, and Science Direct. These databases were selected
to ensure broad coverage of biomedical, chemical, computer science, and
engineering literature relevant to Al applications in drug discovery.

2.4. Search Strategy

A systematic Boolean search strategy was developed in consultation
with an information specialist. The search string combined controlled
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vocabulary terms (MeSH terms where applicable) and free-text
keywords across three conceptual domains: (1) Al and machine
learning methodologies; (2) drug discovery and design processes; and
(3) computational chemistry and bioinformatics integration.

The final search strategy was (“Artificial Intelligence” OR “Machine
Learning” OR “Deep Learning” OR “Neural Network” OR
“Transformer” OR “Graph Neural Network” OR ‘“Reinforcement
Learning” OR “Generative AI” OR “Diffusion Model” OR “Large
Language Model”) AND (“Drug Discovery” OR “Drug Design”
OR “Virtual Screening” OR “Molecular Design” OR “De Novo
Design” OR “Lead Optimization” OR “ADMET Prediction” OR
“Drug Repurposing”) AND (“Computational Chemistry” OR
“Bioinformatics” OR “Molecular Docking” OR “Molecular Dynamics”
OR “QSAR” OR “Protein Structure Prediction”).

Searches were limited to publications from January 01, 2020, to
December 31, 2025. No language restrictions were applied during the
initial search; however, only English-language articles were included
in the final analysis.

2.5. Inclusion Criteria

Studies were included if they met the following criteria: (1) Published
between January 2020 and December 2025; (2) written in English; (3)
described original research or high-quality review articles; (4) involved
Al machine learning, or deep learning applications in drug discovery;
(5) reported quantitative results or methodological advances; and (6)
integrated computational chemistry or bioinformatics components.

2.6. Exclusion Criteria

Studies were excluded if they were (1) conference abstracts or
proceedings without full-text availability; (2) editorials, commentaries,
or opinion pieces; (3) duplicate publications reporting identical
data; (4) non-English articles; (5) studies lacking computational or
Al components; (6) methodological papers without drug discovery
applications; or (7) preprints without subsequent peer-reviewed
publication.

2.7. Study Selection Process

The study selection process involved four sequential stages.
First, all records retrieved from database searches were imported
into a reference management system, and duplicate records were
identified and removed using automated deduplication followed by
manual verification. Second, title screening was performed by two
independent reviewers to identify potentially relevant studies. Third,
abstract screening was conducted for studies passing title screening,
with disagreements resolved through discussion or consultation with
a third reviewer. Fourth, full-text assessment was performed for all
studies meeting abstract screening criteria, with reasons for exclusion
documented. The final set of included studies was determined by
consensus among all reviewers.

2.8. Data Extraction

A standardized data extraction form was developed and pilot-tested
on a subset of 10 studies. The following data elements were extracted
from each included study: (1) Bibliographic information (authors,
year, journal); (2) Al methodology and architecture; (3) drug discovery
stage(s) addressed; (4) datasets used for training and validation; (5) key
findings and performance metrics; (6) integration with computational
chemistry or bioinformatics tools; and (7) reported limitations. Data
extraction was performed independently by two reviewers, with
discrepancies resolved through discussion.
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2.9. Risk of Bias Assessment

Quality assessment of included studies was performed using adapted
criteria for computational research studies. Key quality domains
evaluated included (1) dataset quality and appropriateness; (2)
methodological rigor and reproducibility; (3) validation strategy
(internal, external, cross-validation); (4) comparison with appropriate
benchmarks; (5) code and data availability; and (6) transparency in
reporting results and limitations. Studies were classified as high,
moderate, or low quality based on cumulative assessment across these
domains.

3. PRISMA FLOW DIAGRAM

The systematic literature search and study selection process is
illustrated in the PRISMA 2020 flow diagram [Figure 1]. A total
of 5,529 records were identified through database searching,
with an additional 23 records identified through other sources.

After removing 1,234 duplicates, 4,295 records underwent title
screening. Of these, 2,856 records were excluded as irrelevant,
leaving 1,439 records for abstract screening. Abstract screening
excluded 1,241 records, resulting in 198 full-text articles assessed
for eligibility. After full-text review, 142 articles were excluded
for reasons including lack of Al/computational focus (n = 58),
publication outside the target date range (n = 31), conference
abstracts without full text (n = 28), non-English language (n = 15),
and duplicate data (n = 10). A total of 56 studies were included
in the qualitative synthesis, and 42 studies were included in the
quantitative analysis.

4. RESULTS

4.1. Evolution of Al in Drug Discovery

The landscape of Al-driven drug discovery has undergone significant
transformation between 2020 and 2025. Early work in this period

PRISMA 2020 Flow Diagram
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Figure 1: The Preferred Reporting Items for Systematic Reviews and Meta-Analyses 2020 workflow used for literature identification
and selection. Records were retrieved from multiple scientific databases using predefined search terms related to artificial intelligence,
drug discovery, computational chemistry, and bioinformatics. After duplicate removal, titles and abstracts were screened for
relevance. Full-text articles were subsequently assessed according to inclusion and exclusion criteria. Studies meeting the eligibility

requirements were included in the final qualitative synthesis.
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Figure 2: Evolution timeline of artificial intelligence (Al)-driven drug discovery (2020-2025), showing key methodological
breakthroughs and their relationships across Al, computational chemistry, and bioinformatics domains.

focused primarily on applying established deep learning architectures
— such as convolutional neural networks (CNNs) and recurrent neural
networks (RNNs) — to molecular property prediction and virtual
screening tasks (Figure 2) [20]. However, the field rapidly evolved
with the introduction of more sophisticated approaches.

The year 2021 marked a turning point with the publication of
AlphaFold2 by Jumper et al. at DeepMind, which achieved near-
experimental accuracy at the CASP14 protein structure prediction
competition, fundamentally altering the possibilities for structure-
based drug design [3]. This breakthrough catalyzed increased
investment and research activity at the intersection of Al and
pharmaceutical sciences. Concurrently, the development of directed
message-passing neural networks (D-MPNN) by Yang et al.
demonstrated the power of graph-based approaches for molecular
property prediction [21].

By 2022, diffusion models had emerged as a powerful paradigm
for molecular generation, with models such as GeoDiff, DiffDock,
and DiffSBDD demonstrating state-of-the-art performance in
conformer generation, molecular docking, and structure-based
drug design [22-24]. The introduction of transformer architectures
specifically adapted for molecular data — including ChemBERTa-2
and MOLFORMER - expanded the toolkit available to computational
chemists [25,26].

The period 2023-2024 witnessed the rise of foundation models and
LLMs in drug discovery. Models such as Uni-Mol, which processes
3D molecular geometry through transformer architectures, and
ESMFold, which rivals AlphaFold2 in protein structure prediction
while operating from sequence alone, demonstrated the power of
large-scale pre-training on molecular and biological data [13,27]. The
release of AlphaFold 3 by Abramson ef al. in 2024 extended structure
prediction capabilities to protein-ligand complexes, nucleic acids, and
post-translational modifications, opening new avenues for rational
drug design [28].

Most recently, the integration of LLMs with molecular science has
shown remarkable promise. Models such as MolReGPT, LlaSMol,
and CancerGPT have demonstrated capabilities spanning molecular
property prediction, molecular generation, drug synergy prediction,
and reaction prediction [14,29,30]. The convergence of multi-modal
learning — integrating molecular structures, textual descriptions,
and biological assay data — represents the current frontier of the
field [31].
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4.2. Machine Learning Algorithms

4.2.1 Random forest (RF), support vector machine (SVM), and
XGBoost

Traditional machine learning algorithms continue to play important
roles in Al-driven drug discovery, particularly for tabular molecular
descriptors and when interpretability is paramount. RF and SVM
algorithms remain widely used for QSAR modeling, virtual screening,
and absorption, distribution, metabolism, excretion, and toxicity
(ADMET) property prediction due to their robustness, relatively
low computational requirements, and well-understood behavior [32].
XGBoost, a gradientboosting framework, has demonstrated competitive
performance in numerous molecular property prediction benchmarks
and is frequently employed as a baseline for comparing more complex
deep learning approaches [33]. Studies comparing traditional machine
learning with deep learning approaches have shown that while deep
learning generally outperforms traditional methods on large datasets,
traditional algorithms can achieve comparable or superior performance
on smaller, well-curated datasets [34].

4.2.2. Convolutional and RNNs

CNNs applied to molecular data typically operate on 2D molecular
representations such as SMILES strings encoded as character matrices or
molecular images. Ragoza et al. demonstrated the utility of CNN scoring
functions (CNN-SF) for pose prediction, binding affinity prediction, and
virtual screening, achieving competitive performance against traditional
docking algorithms [35]. RNNS, particularly Long Short-Term Memory
networks, have been extensively applied to SMILES-based molecular
generation and property prediction. The REINVENT framework by
Blaschke et al. employed RNNs with RL for de novo molecular design,
generating novel compounds with desired bioactivity profiles [36].
However, both CNNs and RNNs have been increasingly supplanted by
more architecturally sophisticated approaches.

4.2.3. GNNs

GNNs have emerged as the dominant architecture for molecular
representation learning, reflecting the natural graph structure of
molecules where atoms represent nodes and bonds represent edges.
Several GNN variants have demonstrated significant success: Graph
Convolutional Networks by Kipf and Welling provide -efficient
message passing for molecular property prediction [37]; Graph
Attention Networks (GATs) by Velickovic et al. employ attention
mechanisms to learn importance weights for neighboring atoms during
aggregation [38]; and the D-MPNN framework by Yang et al. focuses
message passing on bonds rather than atoms, achieving strong results
on benchmark datasets [21].
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More recent developments include Hierarchical Informative GNNs
(HiGNN) by Zhu et al., which integrate molecular and fragment-level
representations [39], and Attentive FP by Xiong ef al., which employs
graph attention mechanisms for interpretable property prediction [40].
The pre-trained GROVER model by Rong et al. combined GNNs
with transformer architectures, training on 10 million molecules and
demonstrating strong transfer learning capabilities [41]. The structure-
interaction GNN by Li et al. specifically addressed binding affinity
prediction by modeling protein-ligand interactions as graphs [42].

4.2.4. Transformers and LLMs

Transformer architectures, originally developed for natural language
processing (NLP), have been successfully adapted for molecular data.
Models such as ChemBERTa-2, MOLFORMER, and SMILES-BERT
apply bidirectional transformer encoders to SMILES strings, learning
rich molecular representations through self-supervised pre-training on
large chemical databases [25,26,43]. FP-BERT by Wen et al. introduced
a fingerprint-based approach using pre-trained transformers for
molecular property prediction, demonstrating exceptional performance
across benchmark tasks [44].

Protein language models have similarly advanced, with ESM-
2 (15 billion parameters) and ESM-3 (98 billion parameters)
learning sequence-structure-function relationships at unprecedented
scale [27,45]. These models have enabled accurate structure prediction,
functional annotation, and variant effect prediction. The Graph-BERT
framework by Jha et al. combined protein language models with
GNNs for protein—protein interaction prediction, showing superior
performance across multiple datasets [46].

4.2.5. RL

RL has been extensively applied to de novo molecular design, framing
molecule generation as a sequential decision-making process. Key
contributions include the REINVENT framework, which combines
RNN generative models with policy-gradient RL to optimize molecular
properties [36]; ReLeaSE by Popova et al., which integrated generative
and predictive models trained jointly with RL for bioactive compound
generation [47]; and the actor-critic framework by Wang et al. that combined
deep RL with docking simulations for autonomous molecule generation [48].

Recent advances have addressed multi-objective optimization
challenges. DrugEx v2 by Liu et al. employed Pareto-based multi-
objective RL for polypharmacology applications [49]. Mol-AIR
introduced adaptive intrinsic rewards to improve exploration efficiency
in goal-directed molecular generation [50]. The integration of Monte
Carlo Tree Search with deep RL has enabled structure-aware de novo
design directly within protein binding pockets [51].

4.2.6. Generative Al and diffusion models

Diffusion models represent the current state-of-the-art for molecular
generation. DiffDock by Corso et al. applied diffusion models to molecular
docking, significantly outperforming traditional docking algorithms in
pose prediction accuracy [23]. DiffSBDD by Schneuing et al. employed
equivariant diffusion models for structure-based drug design, generating
chemically plausible ligands conditioned on protein pockets [24].
TargetDiff by Guan et al. introduced 3D equivariant diffusion for target-
aware molecule generation and affinity prediction [52].

For molecular conformer generation, torsional diffusion by Jing
et al. and GeoDiff by Xu et al. demonstrated that diffusion models
can efficiently sample low-energy molecular conformations [22,53].
Autoregressive fragment-based diffusion models such as PocketGen
have enabled pocket-specific 3D molecule generation [54]. The dual
diffusion model PMDM by Huang et al. integrated 3D molecule
generation with lead optimization based on target pockets, achieving
state-of-the-art results [55].
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4.3. Computational Chemistry Integration
4.3.1. Molecular docking

Al-enhanced molecular docking has achieved significant advances.
GNINA by McNutt et al. combined CNN-SFs with the AutoDock pose
generation framework, achieving superior virtual screening performance
compared to traditional scoring functions [56]. DeepDock by Mendez-
Lucio et al. learned to predict binding poses using GNNs, enabling rapid
docking without exhaustive conformational search [57]. EquiBind by
Stark et al. introduced a deep learning approach for SE(3)-equivariant
binding pose prediction, achieving competitive accuracy with
dramatically reduced computational cost [58].

The DiffDock model by Corso et al. represented a paradigm shift,
employing diffusion models to predict ligand poses with significantly
higher accuracy than traditional docking methods [23]. TankBind by
Lu et al. addressed trigonometric-aware neural network architectures
for binding pose and affinity prediction simultaneously [59]. Recent
work has focused on incorporating protein flexibility through models
such as DynamicBind, which predicts ligand-specific protein-ligand
complex structures using deep equivariant generative models [60].

4.3.2. MD

Machine learning-enhanced MD simulations have emerged as a
powerful approach for studying drug-target interactions with quantum
mechanical accuracy at classical computational cost. Deep Potential
MD by Zhang et al. and related approaches use neural networks to learn
accurate potential energy surfaces from ab initio data [61]. Noe ef al.
reviewed the broader landscape of machine learning for molecular
simulation, highlighting advances in force field development and
enhanced sampling [62].

Enhanced sampling methods integrated with machine learning have
shown particular promise. Wang et al. reviewed machine learning
approaches for analyzing and enhancing MD simulations, noting the
transformative impact of neural network-based collective variable
discovery [63]. Deep-TICA and related methods use transfer operator
frameworks to learn slow collective variables that capture system
dynamics [64]. The integration of RL with MD has enabled adaptive
sampling strategies that efficiently explore conformational space [65].

4.3.3. OSAR modeling

QSAR modeling has been significantly enhanced by modern machine
learning approaches. Deep learning QSAR models employing GNNs
and transformers routinely outperform traditional methods on benchmark
datasets [66]. SMILES-BERT and related transformer-based approaches
leverage self-supervised pre-training on massive chemical databases,
achieving strong generalization across diverse property prediction tasks
[43]. Transfer learning approaches such as MolPMoFiT by Mayr and
Klambeur pre-train molecular structure prediction models on ChREMBL
data before fine-tuning for specific QSAR tasks, demonstrating particular
advantages for small datasets [67].

Automated machine learning (AutoML) approaches have simplified
QSAR model development while maintaining high predictive
performance. Recent studies applying AutoML to ADMET property
prediction have achieved competitive results with established
commercial tools such as ADMETIab and SwissADME [68]. Deep
learning approaches for multi-task learning have enabled simultaneous
prediction of multiple ADMET endpoints, capturing shared structure-
property relationships [69].

4.3.4. Pharmacophore modeling and DF'T calculations

Al integration with pharmacophore modeling has enabled more
sophisticated approaches to ligand-based drug design. GNNs have been
applied to learn pharmacophore-like features directly from molecular
graphs, while transformer architectures can encode 3D pharmacophore
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information for virtual screening applications [70]. Deep learning
approaches for pharmacophore mapping have demonstrated improved
performance in identifying bioactive conformations and predicting
binding modes.

DFT calculations, while computationally expensive, remain essential
for understanding electronic structure and reaction mechanisms in
drug discovery. Machine learning has been applied to accelerate DFT
calculations through surrogate models that approximate electronic
properties at reduced computational cost [71]. The QMrebind
approach by P. Schwaller et al. incorporated quantum mechanical
force field reparameterization at ligand binding sites for improved
drug-target kinetics [72]. QML approaches, though still in early stages,
promise further acceleration of quantum chemical calculations for drug
discovery applications [73].

4.4. Bioinformatics Integration

4.4.1. Target identification

Al-driven target identification leverages multi-omics data, network
biology, and NLP to prioritize therapeutic targets. Network
pharmacology  approaches, which model drug-target-disease
relationships as graphs, have been enhanced by GNNs that can
identify strategic targets influencing disease-relevant pathways [74].
Knowledge graph completion methods predict novel drug-target
interactions by learning embeddings of biomedical entities and their
relationships [75].

Protein language models have enabled more sophisticated target
analysis. ESM-2 and ESM-3 learn sequence-structure-function
relationships that facilitate functional annotation of uncharacterized
proteins, variant effect prediction, and druggability assessment [27,45].
Geneformer by H. Zhang et al. applied transformer architectures to
gene network analysis for disease pathway dissection, validated
through laboratory experiments [76]. These approaches enable more
systematic target prioritization based on predicted biological relevance
and therapeutic potential.

4.4.2. Omics data integration

Multi-omics data integration represents a key application area for Al
in drug discovery. Transcriptomic data from the LINCS/L1000 project
has been extensively used for drug repurposing through signature
matching approaches [77]. Deep learning models can integrate
transcriptomic, genomic, proteomic, and metabolomic data to build
comprehensive disease models and predict drug responses [78]. The
PaccMannRL framework by Born et al. used transcriptomic profiles
with RL to design anticancer molecules optimized for specific cancer
cell types [79].

Recent advances have addressed challenges in multi-omics integration.
Multi-modal foundation models can process diverse data types
through unified architectures, learning cross-modal relationships that
enable more holistic disease understanding [80]. Supervised learning
approaches for transcriptomic signature matching have improved
robustness compared to earlier unsupervised methods, addressing
high-dimensionality noise that limited previous approaches [81].

4.4.3. Network pharmacology

Network pharmacology, which examines drug actions through the
lens of complex biological networks, has been significantly enhanced
by Al approaches. GNNs applied to protein—protein interaction
networks can identify hub proteins and pathway modules relevant to
disease mechanisms [74]. Network proximity methods, enhanced by
deep learning embeddings, predict therapeutic efficacy by measuring
the relationship between drug targets and disease modules in the
interactome [82].
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The Drug Repurposing Encyclopedia by the IMP Vienna group
compiled 198 million drug-signature associations across 20
organisms, demonstrating the scale of data integration enabled by Al
methods [83]. Multi-modal fusion approaches combining network
proximity, diffusion, and machine learning ensemble methods have
emerged as the most effective strategy for drug repurposing prediction,
with no individual algorithm reliably outperforming across all
validation datasets [84]. Knowledge graph-based approaches such as
mediKanren use Al reasoning over biomedical knowledge graphs to
identify treatment candidates, enabling rapid hypothesis generation for
rare diseases [85].

4.4.4. Protein structure prediction

Protein structure prediction has been revolutionized by Al, most
notably through the AlphaFold series of models. AlphaFold2 by Jumper
et al. achieved near-experimental accuracy at CASP14, effectively
solving the single-chain protein structure prediction problem [3]. The
AlphaFold Protein Structure Database has since provided predicted
structures for over 200 million proteins, fundamentally changing
structural biology and drug discovery workflows [86].

AlphaFold 3 by Abramson et al. extended these capabilities to predict
biomolecular interactions including protein-ligand complexes,
protein-nucleic acid interactions, antibody-antigen complexes,
and post-translational modifications [28]. This advancement is
particularly significant for drug discovery, as accurate modeling of
protein-ligand interactions enables more reliable structure-based drug
design. ESMFold by Lin et al. demonstrated comparable accuracy to
AlphaFold2 while operating from sequence alone without database
searches, offering substantially faster predictions [13].

Integration of AlphaFold predictions into drug discovery pipelines has
accelerated multiple stages of development. Structure-based virtual
screening against AlphaFold-predicted structures has identified novel
ligands for previously intractable targets [87]. The combination of
AlphaFold with experimental structure determination methods has
improved protein construct design for crystallization, addressing
a major bottleneck in structure-based drug discovery [88]. De novo
drug design approaches leveraging AlphaFold structures have enabled
rapid generation of target-specific compounds, as demonstrated by
the identification of a CDK20 inhibitor within 30 days from target
selection [89].

4.5. AI Across the Drug Discovery Pipeline

Al technologies have been applied across the entire drug discovery
pipeline, from target identification through clinical translation.
Figure 3 illustrates the integration of Al, computational chemistry, and
bioinformatics across key drug discovery stages.

4.5.1. Target identification

Al approaches for target identification leverage diverse data sources
including genomic associations, transcriptomic profiles, proteomic
data, and biomedical literature. NLP-based text mining of scientific
literature can identify emerging target-disease relationships and
druggable genome annotations [90]. GNNs applied to protein—
protein interaction networks enable systematic identification of
disease-relevant targets based on network topology and multi-omics
features [74]. Recent advances combining protein structure prediction
with druggability assessment have expanded the repertoire of
potentially druggable targets [87].

4.5.2. Hit discovery

Virtual screening, the computational evaluation of large compound
libraries against target structures, has been transformed by Al approaches.
Deep learning scoring functions such as CNN-SF, Pafnucy, and KDEEP
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Figure 3: Integration of artificial intelligence, computational chemistry, and bioinformatics across the drug discovery pipeline,
showing key methodologies and their interconnections.
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Figure 4: Future roadmap for artificial intelligence-assisted drug discovery, showing key technological directions, development

timelines, enabling infrastructure, and persistent challenges.

have demonstrated improved enrichment of active compounds compared
to traditional force-field-based scoring [35,91,92]. Ultra-large virtual
library screening has been enabled by deep learning models such as
DFCNN that screen billions of compounds orders of magnitude faster
than traditional docking [93]. The Deep Docking approach by Gentile
et al. demonstrated the feasibility of screening ultra-large libraries
of billions of compounds using deep learning classifiers to pre-filter
compounds before expensive docking calculations [94].
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4.5.3. Lead optimization

Al-driven lead optimization employs generative models to modify hit
compounds toward desired property profiles. RL frameworks such as
REINVENT and DrugEx iteratively optimize molecular structures
toward multiple objectives including potency, selectivity, and drug-
likeness [36,49]. Multi-objective optimization approaches using
Pareto-based methods enable simultaneous optimization of potency
against multiple targets while minimizing off-target effects [49].
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Recent diffusion-based approaches such as DecompOpt provide
controllable molecular optimization through decomposed diffusion
models that preserve beneficial structural features while modifying
specific regions [95].

4.5.4. ADMET prediction

Prediction of ADMET properties is critical for identifying developable
drug candidates. Machine learning models for ADMET prediction
have achieved high accuracy across diverse endpoints including oral
bioavailability, blood—brain barrier penetration, CYP inhibition, and
hERG channel binding [96]. Transformer-based models pre-trained
on large chemical databases demonstrate strong transfer learning
for ADMET prediction, particularly when training data for specific
endpoints is limited [43]. AutoML approaches have democratized
ADMET model development, enabling non-experts to build predictive
models with competitive performance [68].

4.5.5. Drug repurposing

Drug repurposing — identifying new therapeutic indications for approved or
investigational drugs — has been significantly advanced by Al approaches.
Network-based methods analyze drug-target-disease
through graph algorithms and network proximity measures [82].
Transcriptomic signature matching compares disease signatures with drug-
induced expression profiles to identify compounds that reverse disease
states [77]. Knowledge graph completion methods predict novel drug-
disease associations by learning embeddings of biomedical entities [75].

relationships

Recent large-scale efforts have demonstrated the practical potential of
Al-drivendrugrepurposing. The COVID-19 pandemic catalyzedrapid

application of Al repurposing methods, with several computational
predictions subsequently validated experimentally [97]. For rare
diseases, where traditional drug development is economically
challenging, Al approaches including mediKanren and DeepPurpose
have identified repurposing candidates that might otherwise be
overlooked [85,98]. The convergence of generative molecular
design with repurposing workflows, exemplified by ReMODE,
enables optimization of drug-likeness for repositioned scaffolds,
blurring the boundary between repurposing and de novo design [99].

5. COMPARATIVE ANALYSIS

Table 1 presents a comparative analysis of representative studies
included in this review, summarizing key methodological features,
datasets, drug discovery stages addressed, major outcomes, and
limitations. This comparison reveals several important patterns in the
current landscape of Al-driven drug discovery.

Several key insights emerge from this comparison. First, there
is a clear trend toward increasingly complex architectures, with
early studies (2020-2021) predominantly employing RNNs and
standard GNNs, while more recent work (2023-2025) has adopted
transformers, diffusion models, and large-scale pre-training. Second,
dataset scale has increased substantially, with recent foundation
models training on billions of molecules compared to millions in
earlier work. Third, the scope of Al applications has expanded from
single tasks such as property prediction to encompass end-to-end drug
discovery pipelines. Fourth, all studies report significant limitations,
particularly regarding experimental validation, generalization to

Table 1: Comparative analysis of representative studies in artificial intelligence-driven drug discovery (2020-2025).

Study Year Al method Dataset Discovery = Major outcome Limitations
stage

Jumper 2021 Transformer PDB+UniRef Target ID/  CASP14-winning accuracy; Multi-chain complexes;
et al. (AlphaFold2) (Evoformer) SBDD 200M+structures predicted limited ligand modeling
Yang 2019 GNN (Message ChEMBL+ ZINC Lead Opt/ State-of-the-art on Requires 2D graph input;
et al. (D-MPNN) Passing) ADMET MoleculeNet benchmarks 3D info limited
Corso 2022 Diffusion Model PDBBind Hit Top-1 accuracy 22.2% versus ~ Rigid protein assumption;
et al. (DiffDock) (GNN) Discovery 15.5% Vina; 100xfaster limited to known pockets
Abramson 2024 Diffusiont+ PDB+AFDB SBDD/ Protein-ligand complex Training data restrictions;
et al. (AF3) Transformer Target ID prediction; antibody modeling some accuracy gaps
Rong 2020 GNN+ ZINC+ ChEMBL ADMET/ Superior transfer learning; rich Computationally intensive
et al. (GROVER) Transformer (10M) Lead Opt representations pre-training
Huang et al. (PMDM) 2024 Dual Diffusion  CrossDocked2020 Lead 3D molecule Scalability for ultra-large

Model Optimization generation+optimization by libraries

pocket

Lin et al. (ESMFold) 2023 Transformer UniRef+PDB Target ID Sequence-only structure Slightly lower accuracy

(ESM-2) prediction; fast inference than AF2 on some targets
Blaschke 2020 RNN+RL ChEMBL Lead Novel bioactive compounds ~ Requires careful reward
et al. (REINVENT) Optimization generated; 95% validity design; mode collapse risk
Popova 2018 RNN+RL ZINC+ ChEMBL Hit Multi-property optimization  Training instability; limited
et al. (ReLeaSE) Discovery  demonstrated scaffold diversity
Bormn 2021 VAE+RL GDSC+CCLE Hit Cancer-specific molecule Limited to cell line data;
et al. (PaccMannRL) Discovery  generation from validation gap

transcriptomics
McNutt 2021 CNN+AutoDock PDBBind+ Hit Superior versus enrichment Pose generation still relies
et al. (GNINA) DUD-E Discovery  versus traditional SFs on traditional methods
Gentile et al. (Deep 2022 DNN Classifier Enamine REAL  Hit Screened 1B+compounds; Dependence on docking for
Docking) (1B+) Discovery  validated experimentally training labels
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novel chemical space, and the gap between computational predictions
and clinical outcomes. The future roadmap of Al-assisted drug
discovery is illustrated in Figure 4.

6. DISCUSSION

6.1. Advantages of AI-Driven Drug Discovery

The systematic review findings demonstrate that Al approaches
offer several compelling advantages over traditional drug discovery
methods. Speed represents perhaps the most significant advantage: Al
models can screen billions of compounds, predict protein structures,
and optimize molecular properties in hours to days rather than
months to years required by experimental methods [100]. The Deep
Docking platform demonstrated virtual screening of over one billion
compounds in a fraction of the time required by traditional methods,
with experimental validation confirming novel active compounds [94].
Similarly, the 30-day timeline from target selection to validated hit for
CDK20, enabled by AlphaFold structure prediction and generative Al,
represents orders of magnitude acceleration compared to traditional
timelines [89].

Cost reduction is another major advantage. By prioritizing the most
promising compounds for experimental validation, Al approaches can
significantly reduce the number of compounds requiring synthesis and
testing. The reduction in wet-lab experimentation translates directly to
reduced material costs, labor, and time. Foundation models pre-trained
on large chemical databases enable transfer learning that reduces the
amount of task-specific training data required, further lowering costs
for specialized applications [13,41].

Novelty and creativity represent emerging advantages. Generative
Al models can explore chemical space beyond known drug-like
regions, proposing molecular scaffolds that human chemists might
not consider. RL and diffusion models have demonstrated the ability
to generate novel chemical structures with desired properties while
maintaining drug-likeness and synthetic accessibility [24,36]. This
creative capability is particularly valuable for addressing novel targets
and overcoming resistance mechanisms.

6.2. Limitations and Current Bottlenecks

Despite significant advances, the field faces substantial limitations that
must be addressed for widespread clinical impact. Dataset quality and
bias represent fundamental challenges. Most Al models are trained on
publicly available datasets that suffer from various biases: Activity data
is predominantly available for well-studied target classes, leading to
representation bias; assay conditions vary across studies, introducing
experimental noise; and negative results are underreported, creating
positive outcome bias [101]. These biases can lead to overoptimistic
performance estimates and poor generalization to novel targets or
chemical series.

Model interpretability remains a critical concern. While deep learning
models achieve impressive predictive accuracy, their “black box” nature
makes it difficult to understand the molecular basis for predictions.
This lack of interpretability hampers model debugging, limits trust
among medicinal chemists, and complicates regulatory approval where
mechanistic understanding is valued [102]. Recent advances in attention-
based models and explainable Al methods offer partial solutions, but
interpretability remains an active research challenge.

The experimental validation gap represents perhaps the most
significant bottleneck. The majority of studies included in this review
reported only computational validation, with relatively few providing
experimental confirmation of predicted bioactivity, binding affinity,
or ADMET properties. This gap between in silico predictions and
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experimental reality undermines confidence in Al predictions and
limits translational impact [103]. The few studies that did include
experimental validation often reported discrepancies between predicted
and measured activities, highlighting the need for improved models
and validation strategies.

6.3. Dataset Bias and Quality

The quality and diversity of training data fundamentally constrain
Al model performance in drug discovery. Chemical space coverage
in public databases is highly uneven, with certain target classes
(kinases, GPCRs) and therapeutic areas (oncology, infectious disease)
overrepresented while others (rare diseases, neglected tropical diseases)
are underrepresented [104]. This imbalance can lead to models that
perform well on common target classes but fail on underrepresented
ones.

Data heterogeneity poses additional challenges. Bioactivity data
compiled from different laboratories using different assay protocols,
conditions, and readouts contain substantial noise that can limit
model performance. Standardization efforts such as the ChEMBL
database have made significant progress, but data quality remains
variable [105]. The Findable, Accessible, Interoperable, Reusable
(FAIR) data principles offer a framework for improving data quality
and accessibility, but widespread adoption in the pharmaceutical
domain remains incomplete.

6.4. Model Interpretability

As Al models become more deeply integrated into drug discovery
workflows, the need for interpretability grows. Medicinal chemists
require mechanistic rationales for Al predictions to guide structural
modifications and prioritize synthetic efforts. Regulatory agencies
increasingly expect model explanations as part of submissions [102].
Attention-based architectures such as GATs and transformers provide
some interpretability through attention weights that highlight
important molecular features [38]. SHapley Additive exPlanations and
Local Interpretable Model-agnostic Explanations methods have been
applied to molecular property prediction models, though their utility
for complex deep learning models remains limited.

6.5. Experimental Validation Challenges

The translation of Al predictions into experimentally validated drug
candidates remains the critical bottleneck. Several factors contribute
to this challenge. First, Al models are typically trained and validated
on historical data that may not represent current discovery challenges.
Second, molecular property prediction models often achieve high
correlations on benchmark datasets but fail to generalize to structurally
novel compounds [106]. Third, the complex interplay between
molecular properties — such as the relationship between binding affinity
and cellular activity or between in vitro potency and in vivo efficacy —
is difficult to capture with current models.

Addressing the validation gap will require closer integration between
computational and experimental teams, standardized validation
protocols, and increased publication of negative results. The
development of active learning and Bayesian optimization frameworks
that iteratively combine computational predictions with experimental
feedback represents a promising direction for closing this gap [107].

6.6. Regulatory and Ethical Considerations

The regulatory landscape for Al-driven drug discovery is evolving.
Current Food and Drug Administration and European Medicines
Agency guidance does not specifically address AI/ML methods, though
both agencies have indicated interest in developing frameworks for
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evaluating Al-generated evidence [102]. Key regulatory considerations
include model validation standards, data quality requirements,
explainability expectations, and processes for updating models as new
data becomes available. The pharmaceutical industry’s conservative
culture and risk aversion may slow adoption of Al methods until clear
regulatory pathways are established.

Ethical considerations include equitable access to Al-enabled
drug discovery capabilities, responsible use of patient data for
model training, and the environmental impact of training large Al
models [108]. The concentration of Al drug discovery expertise and
resources among well-funded organizations raises concerns about
equitable access to these transformative technologies, particularly for
research on neglected diseases and conditions affecting low-income
populations.

7. FUTURE PERSPECTIVES

7.1. LLMs and Foundation Models

The emergence of LLMs and foundation models trained on molecular
and biological data represents the most significant near-term opportunity
for Al-driven drug discovery. Models such as MOLFORMER (1.1
billion molecules), GROVER (10 million molecules), and Uni-Mol
(209 million conformations) demonstrate that scale brings emergent
capabilities for molecular understanding [13,26,41]. Future foundation
models will likely integrate diverse data modalities — including
molecular structures, textual descriptions, biological assay data, and
clinical outcomes — through unified architectures that learn cross-
modal relationships [80].

The development of domain-specific LLMs for chemistry and biology
— such as ChemBERTa-2, LlaSMol, and MolReGPT — promises to
democratize access to sophisticated Al capabilities for the broader
pharmaceutical research community [14,25,29]. These models can
serve as intelligent assistants for medicinal chemists, providing
property predictions, literature synthesis, and molecular design
suggestions through natural language interfaces. However, significant
challenges remain in ensuring the accuracy, reliability, and safety of
LLM-generated scientific information.

7.2. Agentic AI and Autonomous Discovery

Agentic Al — architectures in which Al agents autonomously
plan, execute, and learn from scientific experiments — represents a
transformative vision for drug discovery. Boiko et al. demonstrated
the potential of LLM-based agents to design, execute, and analyze
chemical experiments autonomously, including complex organic
synthesis procedures [109]. Multi-agent systems in which specialized
Al agents collaborate on different aspects of drug discovery — synthesis
planning, property prediction, experimental design — could enable
increasingly autonomous discovery workflows.

The integration of Al with laboratory automation robotics offers
a pathway toward closed-loop autonomous discovery. Systems
combining predictive models with automated synthesis and testing
platforms can iteratively generate hypotheses, synthesize candidate
compounds, measure properties, and update models based on
experimental results [110]. While fully autonomous drug discovery
remains distant, hybrid human-Al systems that automate routine
decisions while involving human experts for critical judgments
represent a pragmatic near-term goal.

7.3. OML

QML represents a potentially transformative long-term direction for
drug discovery. Quantum computers can naturally represent molecular
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wavefunctions, potentially enabling more accurate electronic structure
calculations for large molecules that are intractable for classical
computers [73]. Recent advances include hybrid quantum-classical
algorithms for molecular energy estimation, quantum generative
models for molecular design, and quantum-enhanced optimization for
drug discovery workflows [111,112].

While current quantum hardware remains limited by noise and qubit
counts, quantum-inspired algorithms running on classical hardware
have already demonstrated practical advantages. The Fujitsu Digital
Annealer, applied to drug discovery in collaboration with Polarisgb,
achieved significant speedups for virtual screening optimization
problems [113]. As quantum hardware matures, QML approaches
may enable breakthrough applications in accurate binding affinity
prediction, reaction mechanism elucidation, and large-scale molecular
simulation.

7.4. Multi-Modal AI and Data Integration

Future Al systems for drug discovery will increasingly integrate
diverse data types through multi-modal architectures. MoleculeSTM
demonstrated the power of aligning molecular structures with textual
descriptions through contrastive learning, enabling molecule editing
through natural language instructions [31]. PanGu Drug Model
integrated sequence and graph representations through transformer
architectures, processing 1.7 billion molecules [114]. These multi-
modal approaches can leverage the complementary information in
different data types to build more robust and generalizable models.

The integration of real-world evidence data — including electronic
health records, claims data, and patient-generated health data — with
Al drug discovery pipelines offers opportunities for more clinically
grounded predictions [99]. Such integration could enable Al models to
predict not only molecular properties but also patient-specific treatment
responses, supporting precision medicine approaches.

7.5. AI-Driven Precision Medicine

The convergence of Al drug discovery with precision medicine
promises to enable more personalized therapeutic strategies. Al
models that predict patient-specific drug responses based on genomic,
transcriptomic, and clinical features can guide treatment selection
and drug development [115]. The Geneformer model by Theodoris
et al. demonstrated the potential of foundation models trained on
transcriptomic data to predict disease mechanisms and therapeutic
targets in a cell-type-specific manner [76]. Digital twin technologies,
which create computational models of individual patients for treatment
optimization, represent an emerging application of Al in precision
medicine.

8. CONCLUSION

This PRISMA-guided systematic review provides comprehensive
evidence that Al-driven drug discovery has matured substantially
between 2020 and 2025, with transformative advances across
computational chemistry and bioinformatics integration. The field has
evolved from applying generic deep learning architectures to molecular
data toward developing sophisticated domain-specific approaches
including GNNs, diffusion models, protein language models, and
multi-modal foundation models.

Key findings from this review include (1) GNNs and transformer
architectures have become the dominant approaches for molecular
representation learning, outperforming traditional methods across
benchmark tasks. (2) AlphaFold and related protein structure
prediction models have fundamentally altered structure-based
drug design, providing accurate structural models for previously
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intractable targets. (3) Diffusion models and RL are driving
innovation in de novo molecular design, generating novel compounds
with desired properties. (4) LLMs and foundation models represent
the emerging frontier, offering unified approaches that span multiple
drug discovery stages.

The integration of Al with computational chemistry tools — including
molecular docking, MD, QSAR modeling, and DFT calculations — has
created powerful hybrid approaches that combine the speed of machine
learning with the physical rigor of traditional methods. Similarly,
bioinformatics integration through network pharmacology, multi-
omics analysis, and protein structure prediction has enabled more
holistic approaches to target identification and drug repurposing.

However, significant challenges remain. The experimental validation
gap between computational predictions and clinically validated
therapeutics represents the most critical bottleneck. Dataset quality
and bias, model interpretability, and regulatory frameworks require
continued attention. Addressing these challenges will require closer
collaboration between computational scientists, medicinal chemists,
biologists, and clinicians; increased investment in high-quality
benchmark datasets; development of standardized validation protocols;
and establishment of clear regulatory pathways for Al-generated
evidence.

Looking forward, the convergence of foundation models, agentic
AL, QML, and multi-modal data integration promises to further
transform drug discovery. Realizing this potential will require not
only continued methodological innovation but also investment in the
enabling infrastructure — high-performance computing, open-source
frameworks, standardized benchmarks, and FAIR data principles — that
supports reproducible and scalable Al research. By addressing these
challenges collaboratively, the field can accelerate the translation of Al
advances into life-saving therapeutics for patients worldwide.
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