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Abstract -The integration of machine learning (ML) into
drug discovery is reshaping pharmaceutical development,
addressing high costs exceeding 32 billion per drug, decade-
long timelines, and success rates below 10%. This review
categorizes ML applications into four domains: (1) Target
Identification and Validation, where ML algorithms mine
genomic and proteomic data to uncover novel therapeutic
targets and validate their relevance; (2) Molecular Design
and Screening, utilizing deep learning to design and
optimize lead compounds, significantly reducing physical
screening; (3) Predictive Toxicology and Pharmacokinetics,
leveraging ensemble learning to predict safety profiles and
ADMET properties with precision; and (4) Clinical Trial
Optimization, employing patient stratification and real-
time monitoring to streamline trials. Although ML offers
transformative potential, challenges persist, including
data quality inconsistencies, model interpretability, and
regulatory hurdles. Emerging technologies like quantum
computing, with its unparalleled molecular simulation
capabilities, and generative Al, which excels in creating
novel molecular entities, show promise in overcoming
these obstacles. Drawing on recent advances, this review
emphasizes the necessity of interdisciplinary collaboration
among  computational  scientists, pharmacologists,
and clinicians. Future directions include the adoption
of federated learning for secure multi-institutional
collaborations, explainable AI for greater transparency,
and hybrid classical-quantum algorithms. Together,
these innovations position ML as the cornerstone of
next-generation drug discovery, accelerating timelines,

reducing costs, and improving success rates.
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Introduction

The discovery and development of new drugs is critical
to addressing ever-evolving global health challenges,
from combating infectious diseases to managing chronic
conditions and rare genetic disorders. However, this process
is one of the most intricate and resource intensive, typically
spanning 10-15 years, requires an estimated investment of
around USD 2.5 billion, and is characterized by a failure
rate exceeding 90%, with only a fraction of drug candidates
successfully reaching the market [1].The main obstacles
in drug discovery and development are the mounting cost,
risk, and time frame needed to develop new medicines. Fair
pricing and accessibility are another unmet global challenge
[2]. With such immense costs and hurdles, revolutionizing
the drug development process through innovation has
become critical.

Artificial intelligence (Al) and machine learning (ML) have
emerged as transformative tools to address these challenges,
offering the potential to reduce costs, improve efficiency,
and increase the success rate of drug discovery [3] [4]. Al
a concept with roots dating back to the 1940’s and formally
coined in 1956 by John McCarthy, now drives advances in
multiple areas of science, from discovering new drugs to
analyzing medical images and modeling biological systems.

Transformer models [5] have revolutionized text generation,
while AlphaFold [6] breakthrough in protein structure
prediction has opened new frontiers in medical research.
These advances demonstrate Al’s potential to transform
drug discovery and development [7].The impact of Al
in pharmaceuticals is exemplified by the FDA’s record-
breaking approvals in 2020—40 new molecular entities
(NMEs) and 13 biologics license applications (BLAs), the
highest count in two decades [8].

Drug discovery and development employs three main
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computational approaches. Structure-based methods focus
on analyzing the 3D structure of target proteins, enabling
rational design of drugs that fit precisely into binding sites.
Protein-ligand based approaches examine the interactions
between drugs (ligands) and their protein targets, helping
predict binding affinity and potential drug effectiveness
[9]. System-based methods take a broader view, studying
how drugs affect entire biological networks and pathways,
providing insights into drug behavior at a cellular or
organism level.

Computational [10] [11] Left some explanation of XAi and
quantum parts. In this paper we also review the Explainable Al
(XAI) which addresses the” black box™ nature of traditional
Al by making predictions transparent and interpretable,
fostering trust among researchers and regulators. It helps
elucidate how molecular features influence drug efficacy
or toxicity, aiding informed decision-making. Quantum
computing complements this by leveraging phenomena
like superposition to solve complex problems, such as
protein folding, with unparalleled efficiency. Together,
XAI and quantum computing promise to revolutionize drug
discovery by providing deeper insights and accelerating the
development of novel therapies.
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Figure 1: The process of drug discovery and development and the failure

rate at each step. [12]
Drug Discovery and Development Process

The drug discovery and development process is a lengthy,
costly, and multi-step journey [12] designed to bring
safe and effective drugs to patients and following are the
processes [13].

o Target lIdentification and Validation: Researchers
identify a biological target, such as a protein or gene,
associated with a disease. The target’s role in the
disease process is validated using various techniques
such as genetic studies or biochemical assays.

e Lead Identification and Optimization: Potential

drug molecules (leads) are identified through high-
throughput screening and computational methods.
These leads are optimized for improved efficacy, safety,
and bio- availability while minimizing toxicity.

Studies:
preclinical testing in cell and animal models to assess

e Preclinical Optimized leads undergo
safety, pharmacokinetics (how the drug moves through

the body), and efficacy.

e Clinical trials: Phase 1. Tests the drug’s safety and
dosage in a small group of healthy volunteers. Phase
II: Evaluates efficacy and side effects in a larger group
of patients. Phase III: Confirms efficacy and monitors
adverse reactions in an even larger patient population.

e Regulatory Approval: Data from preclinical and
clinical studies are submitted to regulatory authorities,
like the FDA, for review. If approved, the drug can be
marketed.

e Post-Marketing Surveillance: After approval, ongoing
monitoring ensures long-term safety and effectiveness.

This process, spanning 10-15 years, cost around US $ 2.5
billion, is resource-intensive with failure rate of more than
90 % with only a fraction of candidates reaching the market.

(1]
Dataset and Database

The success of deep learning (DL) and machine learning
(ML) in drug discovery hinge on diverse, high-quality
datasets that enable robust model generalization. However
significant challenges persist across the drug development
pipeline, from early-stage target identification to clinical
trials. This include limited access to comprehensive drug-
target interaction data, patient privacy concerns that restrict
data access, high cost associated with expert annotations,
and data scarcity, particularly for rare conditions [14]. The
field faces additional complexity due to the diverse nature of
required datasets, spanning chemical structures (PubChem,
ChEMBL),biological activity data (BindingDB, DrugBank),
ADMET properties (ADMETLab 2.0), and clinical
outcomes. Data quality and standardization issues further
compound these challenges, particularly when integrating
data from multiple sources.

To address these challenges the field has embraced FAIR
(Findable, Accessible , Interoperable, and Reusable) data-
guiding principles which provide a framework for the
management of scientific research data [15] and offer a
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systematic approach to tackling the challenges of reusing
fast-growing, but frequently inaccessible and inconsistently
annotated, research data resources [16]. The implementation
of FAIR principles has improved dataset management
through standardized metadata annotations, clear indexing,
and compatible data formats (like SMILES and SDF), while
establishing clear usage rights and quality descriptors [17].

Advanced learning techniques like few-shot and zero-
shot learning enable drug discovery models to learn from
minimal data by transferring knowledge from similar
tasks, while transfer learning leverages pre-trained models
to achieve high performance with limited samples [18].
Federated learning enables privacy-preserved collaboration
between institutions, complemented by synthetic data
generation through advanced generative model [19][20]. The
integration of diverse data types, from quantum mechanical
properties (QM9 dataset) to real-world evidence, combined
with standardized reporting, has created a robust foundation
for ML driven drug discovery while maintaining data
integrity. List of Dataset for the drug discovery are given
below. Table 1.
Table 1

Dataset for drug discovery

Protein Data

Datasets

ate drug likeness.

Dataset Type Description Example
Chemical Contain information PubChem,
Structure about chemical structures, | ChEMBL, ZINC
and Property molecular properties, and | Database,
Datasets descriptors. ChemSpider

. . Include bioassay results, .

Biological binding affinitics, 1C50 | BindingDB,

Activity values, EC50 values, and PubChem,

Datasets ’ ’ IUPHAR
more.

Pharmacoki- F(.)cus. on absorptipn, dis-

netic and AD- trlbutlf)n, metabol%SI.n,- ADMETIab2.0,

MET excretion, and toxicity pkCSM, eTOX

(ADMET) data to evalu- | Project

Genomic and

Contain information on
gene expression, protein

UniProt, Gene-

Proteomic sequences, and their
Datasets interactions relevant to Bank, TCGA
drug targets.
Clinig;l.lTl.rials.
. . Provide clinical trial re- ov, VIVIL
Shtmcatl Trial sults, patient responses, DLtlmchal Trials
atasets and outcomes. ata snaring,

FDA'’s Clinical

logical targets.

Trial Data
Data_sf?tsdf_ocusing_on
Disease-Spe- Specilic LUSeases, 1n- DisGeNET
. cluding biomarkers, /
cific Datasets athways, and epidemio- OMIM, TCGA
ogical data.
Contain data on the in-
Elrtg%g?é%et teraction between small SD%II %%_?k
Datasets molecules and their bio- PharmGKB

Bank (PDB),
Structural and Include structural data of | Binding-
Crystallo- proteins and MOAD,
graphic protein-ligand complex- Cambridge
Datasets es. Structural
Database
(CSD)
Contain information on
Natural Prod- natural compounds and I\ggastgr’a?u'
uct Datasets their pharmacological ]%CMSP ’
properties.
) Include large scale data
Omics Data- for genomics, transcrip- GEO, PRIDE,
sets tomics, proteomics, and Metabo Lights
metabolomics studies.
Provide data on drug
Toxicity Data- safety, toxic Tox21, Tox-
sets doses, and adverse ef- Cast, OpenTox
fects.
Ee%—World
vidence Include  patient Truven Health
(RWE). data, prescription Analytics,
and Epide- records, and healthcare 18V A, MIM-
miological outcomes. I
Datasets
Collaborative research
Image Data- projects to in- 1;2?1\6[%1})%%'
sets vestigate the use of Al'to | j¢ <
make MRI scans faster.
Machi Specifically designed for
Leicmliﬂ?g training and I&/I}{MIC, 1\D/[egep-
Benchmark benchmarking drug dis- Dagrs]e’tQ
Datasets covery models.
Methods
We use the keywords” Machine Learning”, “Drug
Discovery”, “Drug Development”, “deep learning”, “drug

CEINNT3

design”, “drug repurposing”, “computational drug design”
. We filter it on IEEE, PubMed, arxiv, biorxiv, Nature,
Eelsvier and other publications based on web search. First
section explains the background and section II is about
drug discovery development process, section III about the
different datasets that are present for the drug discovery and
development, section V is about the role of machine learning
and section VI is about the challenges and future direction
of drug discovery and development and the last section of
conclusion.

Role of Machine Learning on different stages
5. 1 Machine Learning process based on data

Various learning paradigms offer distinct advantages in
addressing the complex challenges of drug development,
from molecular design to clinical trials. To address from
data scarcity to privacy preserving, the following are the
machine learning approaches.

e Supervised learning serves as the foundation for many
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drug discovery applications, particularly in structure-
activity relationship (SAR) modeling and binding
affinity prediction. This approach relies on labeled
datasets of known drug-target interactions and their
outcomes to train models that can predict properties of
novel compounds.

Semi-supervised learning has emerged as a crucial
paradigm in pharmaceutical research, addressing
the common challenge of limited labeled data. This
approach proves particularly valuable in scenarios
where obtaining labeled data requires expensive wet-
lab experiments. By leveraging a small set of labeled
compounds alongside larger unlabeled datasets, semi-
supervised learning enables more robust model training
for tasks such as toxicity prediction and drug-target
interaction analysis.

Unsupervised learning plays a vital role in discovering
hidden patterns within chemical spaces and biological
data. This approach excels in analyzing large-scale
molecular databases to identify natural clustering of
compounds, potentially revealing new drug classes
or unexpected therapeutic applications. Unsupervised
learning comes into use when the data are not structured.

The emergence of self-supervised learning has provided
new avenues for understanding molecular structures
and properties without explicit labels. This paradigm
has proven especially valuable in pre-training models
on vast chemical databases before fine-tuning them for
specific drug discovery tasks.

Deep learning has transformed the landscape of drug
discovery, as highlighted by LeCun et al. (2015) in
their seminal work. Their paper emphasizes how deep
neural networks can learn hierarchical representations
from complex chemical and biological data, enabling
unprecedented accuracy in predicting drug properties
and interactions. Deep learning architectures,
particularly graph neural networks and attention
mechanisms, have demonstrated remarkable success
in modeling molecular structures and predicting drug-
protein interactions.[21]

Transfer learning has become increasingly important
in drug discovery, allowing knowledge gained from
one chemical space or therapeutic area to be applied
to others. This approach is particularly valuable when
dealing with rare diseases or novel drug targets where
data may be limited. As noted by Cai et al., transfer

learning enables more efficient model development
by leveraging pre-trained models on larger chemical
datasets.[22]

Zero-shot learning represents an innovative approach
in drug discovery where models can make predictions
about entirely new classes of compounds or therapeutic
targets without any prior training examples. This
capability is particularly valuable when exploring
novel chemical spaces or targeting newly discovered
disease pathways where traditional training data may
not exist. For instance, zero-shot learning enables
models to predict potential drug-target interactions
for emerging viral variants or previously unexplored
protein families.

Few-shot learning builds upon this concept by utilizing
only a small number of examples to make accurate
predictions about new chemical entities or biological
targets. This paradigm has proven especially valuable
in rare disease drug discovery, where limited data
is available for model training. Few-shot learning
enables rapid adaptation to new therapeutic targets with
minimal experimental data, significantly accelerating
the early stages of drug development.

Federated learning represents a promising direction for
pharmaceutical research, enabling collaborative model
training while maintaining data privacy. This approach
allows multiple research institutions or pharmaceutical
companies to contribute to model development without
sharing sensitive molecular or clinical data.

Active learning strategies help optimize the expensive
process of drug screening by intelligently selecting
which compounds to test experimentally. This approach
reduces the number of required experiments by
identifying the most informative molecules for testing,
thereby accelerating the drug discovery pipeline while
minimizing costs.

Reinforcement learning has found applications in de
novo drug design, where models learn to generate
novel molecular structures that optimize desired
properties through an iterative process of exploration
and exploitation.

5.2 Machine Learning Models

Random Forest: An ensemble learning method that
builds multiple decision trees and merges their outputs
for more accurate and stable predictions.[23].
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e Support Vector Machine (SVM): A supervised learning
algorithm that finds the optimal hyperplane to classify
data into different categories. [Cortes and Vapnik,
1995][24]

e XGBoost: A gradient-boosted decision tree algorithm
known for its efficiency and performance in handling
structured data. [Chen and Guestrin, 2016][25].

e K-Nearest Neighbors (KNN):A simple instance-based
algorithm that classifies data points based on the
majority class among its nearest neighbors. [Cover and
Hart, 1967][26]

e Neural Networks:

Deep Neural Networks (DNN): A type of neural network
with multiple layers between input and output, capable of
learning hierarchical patterns. [McCulloch and Pitts, 1943]
[27].

Convolutional Neural Networks (CNN): Designed for image
data, CNNs use convolutional layers to capture spatial
hierarchies. [LeCun et al., 1998][28].

Recurrent Neural Networks (RNN): Suitable for sequential
data, RNNs use loops to retain information over time.
[Rumelhart et al., 1986][29].

Graph Neural Networks (GNN): Specialized in processing
graph-structured data, GNNs capture relationships and
interactions between entities. [Scarselli et al., 2009][30].
GNN review of 2017-2023 suggest review the application
on drug target interaction, drug drug interaction, drug
repurposing, drug representation ADMET prediction while
Graph Convolution NN and its related optimization are
currently the core algorithm in this fields.[31]

e Transformer: A model architecture leveraging self-
attention mechanisms for sequence-to-sequence tasks,
such as language modeling. [Vaswani et al., 2017]
[5]. MVI ViT transformer model on early detection
of Alzheimer disease found the SOTA model that has
higher accuracy of 97.65, precision 96.98, recall 96.40,
F1-score 96.69 and a computational overhead 00:12:45.
However, the model requires more computation
overhead, and the future direction is headed toward
pruning the algorithm for simplification. On Albation
test the result go down when MVI Vit was removed
although other block removing loose less accuracy
suggest that the transformer has the greater possibility
on detection. [32]

. Generative Models:

Auto encoder: A neural network for unsupervised learning
that encodes data into a latent representation and reconstructs
it. [Hinton and Salakhutdinov, 2006] [33]

Generative Adversarial Networks (GANs): A generative
model comprising a generator and a discriminator that
compete to create realistic data. [Goodfellow et al., 2014]
[34]

Diffusion Models: A class of generative models that
iteratively denoise data samples to generate outputs. [Sohl-
Dickstein et al., 2015][35].

5.3 Application of ML in drug discovery

The process of drug discovery represents one of the most
challenging and time-intensive aspects of pharmaceutical
development. However, machine learning (ML) and deep
learning (DL) have emerged as powerful tools to address
the inefficiencies and uncertainties of traditional methods
[39]. As highlighted by Silva et al. [40], these technologies
are transforming the industry through innovative models,
tools, and databases that enhance various phases of drug
development, from initial design to final synthesis which is
present on table [2].

e Target Identification: Target identification represents
a crucial initial step in which ML algorithms excel in
identifying key proteins, genes, and pathways involved
in disease processes. Through the analysis of complex
biological datasets and networks, these computational
methods can predict potential drug targets and their
interactions, significantly accelerating the early stages
of drug development.

*  Virtual screening: It’s a computational technique that
advanced quantitative structure activity relationship
modeling and molecular docking simulations, leading
to more accurate predictions of binding affinities and
compound optimization [41].

e Drug Design: Powered by generative models including
Vibrational auto encoders (VAE) and generative
adversarial networks (GANs), enable the creation and
optimization of novel molecular structure with desired
properties while maintaining synthetic feasibility [42].

*  Drug Repurposing: Network based ML models have
benefited the efficient identification of new therapeutic
uses for existing drugs. Through the analysis of
biomedical literature and databases, technologies like
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graph neural networks have become instrumental
in discovering novel drug-target interactions and
repositioning drugs for rare diseases [43].

ML/DL
enhanced predictability and efficiency by forecasting

*  Chemical synthesis: approaches have
reaction outcomes and optimizing conditions. These
technologies analyze reaction databases to recommend
efficient synthetic routes, reducing experimental trial-
and-error and ensuring scalability in drug production,

as emphasized by Silva et al. [40].
5.4 Explainable Al

Explainable AI (XAI) has emerged as a crucial component
in modern artificial intelligence applications, especially in
healthcare and pharmaceutical research. According to recent
research, the implementation of explainable Al frameworks
has become essential to ensure both scientific rigor and
practical utility in medical applications [44]. The Five-
Framework Approach to Explainable Al.

a) Transparency: Transparency serves as the foundation
of explainable Al in medical applications. As high-
lighted by Sendak et al. [45], transparency encompasses
not just the technical aspects of Al models but also
the comprehensive disclosure of methodologies,
limitations, and potential biases. This framework
ensures that both the scientific community and
healthcare practitioners can understand and validate the
Al decision-making process.

b)  Reproducibility: The reproducibility framework, as
emphasized by Nature’s landmark study Benjamin et
al.[46], focuses on the crucial ability to replicate Al
models and their results across different contexts. This
aspect is particularly vital in drug discovery, where
consistent results across various research settings
can significantly impact the development of new
therapeutic approaches.

c¢) Effectiveness: The effectiveness framework examines
the practical application and success rates of Al models
in real-world scenarios. According to Cai et al. [47],
effectiveness in medical Al applications is measured
not just by raw performance metrics but by the quality
of data utilized and the model’s ability to generate
actionable insights in clinical settings.

d)  Ethics: The ethical framework, as outlined by Char et al.
[48], addresses the crucial aspects of Al implementation
in healthcare, including fairness, patient autonomy,

and privacy considerations. This framework ensures
that AI applications in medicine maintain high ethical
standards while delivering valuable insights for drug
discovery and development.

e) Engagement: The engagement framework, described
by Richards et al. [49], emphasizes the importance
of stakeholder involvement in Al development and
implementation. This ranges from basic consultation to
full partnership with healthcare providers and patients,
ensuring that Al solutions meet real-world needs and
expectations.

The integration of machine learning frameworks in drug
discovery has revolutionized the field through MLops
practices. As demonstrated by Wang et al. [50], combining
this framework creates Al systems that are both powerful and
trustworthy. This unified approach, highlighted by Chen et
al. [51], ensures Al models meet dual objectives: achieving
technical excellence while satisfying the rigorous demands
of medical research and regulatory requirements. The result
is a more efficient drug discovery pipeline supported by Al
models that are not only high-performing but also transparent
and interpretable enough to gain regulatory approval and
clinical acceptance.

Table 2
Summary of tools used on drug discovery and development
Name | ML/ DL Description

Prediction of the target protein structure

TrRosetta DNN Predict 3D structures of

Server proteins

AlphaFold DNN Predlpt 3D structures of
proteins

ComplexQA GNN Predict protein complex
structure

ProteinBERT Transformer Predict secondary
structure

ESMfold Transformer Predl.ct structure gnd
function of proteins

TAPE Transformer Predl.ct structure fmd
function of proteins

Transformer Predict structure and

ProtTrans . .

function of proteins
Name ML/ DL Description

Predicting protein—protein interactions

IntPred RF P.redlct PPI interface
sites

eFindSite SVM; NBC Predict PPI interfaces

DELPHI RNN; CNN Predict PPI sites

PPISP- XGBoost Predict PPI sites

XGBoost
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HN-PPISP CNN Predict PPI sites SCScore CNN Evaluate the molecular
TAGPPI GCN Predict PPIs accessibility
Struct2Graph GAT Predict PPIs [SJlt\l/ICIDI(errLSlpt RNN, VAE, GAN g;?gﬁm de novo drug
DeepFE-PPT DNN Predict PPIs PETrans Transfer learning | Conduct de novo drug
SGPPI GCN Predict PPIs design
DeepPPI DNN Predict PPIs FSM-DDTR Transformer Conduct de novo drug
: design
- GNN Predict PPI
DL-PPI re %C s DNMG GAN Conduct de novo drug
DeepSG2PPI CNN Predict PPIs design
MaTPIP Transformer; CNN | Predict PPIs with MedGAN GAN Design novel molecule
explainable Al
ProtInteract Autoencoder; CNN | Predict PPIs Name | ML/ DL Description
MultiPPIMI BAN (bilinear | Predict PPIs Prediction of the ADME/T properties
attention network) Prodict ADME/T
ADMETboost XGBoost p;ngrties
Name ML/ DL | Description . Predict ADME/T
Predicting drug—target interactions VNN -NN properties
Transformer Predict DTI binding Interpretable- Predict ADME/T
MocFormer . :
affinity ADMET CNN; GAT properties
Multimodal: GAT, | Predict DTI affinity Predict ADME/T
MFFDTA CNN, GCNLSTM XGraphBoost GNN properties
DeepC- CNN Predict DTI binding sites Predict toxicity of
SeqSite DeepTox DNN compounds
DeepSurf CNN; ResNet Predict DTI binding sites LightBBB LightGBM Predict blood—brain
PrankWeb RF Predict DTI binding sites barrier
PUResNet ResNet Predict DTI binding sites Deep-B3 CNN Eredpt blood-brain
: — arrier
AGAT-PPIS GNN Predict DTI binding sites Predict stability of
DeepDTA CNN Predict DTI binding PredPS GNN compounds in human
affinity plasma
SimBoost GBM Pred¥ct DTI binding
affinity Name ML/ DL Description
DEELIG CNN Z;Eﬂi:; DTl binding Application of Al in drug repurposing
- T Predict new targets of
CNN Predict DTI bindin;
DeepDTAF offinity g deepDTnet Autoencoder known drugs
: T Predict new targets of
CNN, MPNN Predict DTI bindin &
GraphDelta afﬁnlty g NeoDTI GCN known drugs
: ndi . Birandom walk Predict new indications of
PotentialNet CNN Pred}ct DTI binding MBIiRW Aloorith . q
affinity gorithm nown drugs
] RNN, CNN Predict DTI binding Predict new indications of
DeepAffinity affinity GDRnet GNN known drugs
deepDR VAE Predict new indications of
Name ML/ DL Description known drugs
De novo drug design GIPAE VAE ilrledlct (IlleW indications of
RNN; RL Conduct de novo drug ovs./n rugs. .
ReLeaSE design DrugRep- Heterogeneous | Predict new indications of
ChemVAL CNN: GRU. Conduct de novo drug HeSiaGraph siamese neural knovs./n drugs _
Autoencoder | design iEdgeDTA GCNN Predict DTI binding
RNN, GGM (Graph | Conduct multi-objective de affinity
MoIRNN ~ ~ Predict DTI bindin
generative model) |novo drug design DeepPurpose DNN, CNN . &
PaccMann VAE Generate compounds with affinity -
(RL) anti-cancer drug properties AI-DrugNet DNN Drug-target pair (DTP)
network
druGAN AAE C01_1duct de novo drug
design
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Name ML/ DL Description
Others
. RNN, GNN, A. series of cln'ucal
PyTrial trial task solutions and
Transformer
resources
Chemprop MPNN Molt?cglar property
prediction
. Diffusion .
DiffBoost Probabilistic Model Data augmentation
Eghbali- Markov decision Predicting the adverse
effect of drugs and
Zarch et al, process ..
medication plan.

Note: DNN, deep neural network; RNN, recurrent neural
network; RF, random forest; CNN, convolutional neural
network; XGBoost, eXtreme gradient boosting; GCN, graph
convolutional network; GAT, graph attention network;
SVM, support vector machine; NBC, naive Bayes classifier;
ResNet, residual network; GBM, gradient boosting machines;
RL, reinforcement learning; GRU, gated recurrent unit;
VAE, variational autoencoder; AAE, adaptive adversarial
autoencoder; GNN, graph neural networks; k-NN, k-nearest
neighbor; LightGBM, light gradient boosting machine;
NTN, neural tensor network; GAN, generative adversarial
network; GCNN, graph convolutional neural network.

5.5 Quantum Computing

Quantum computing represents a transformative approach to
drug discovery by leveraging quantum mechanical principles
like superposition and entanglement through qubits,
offering exponentially faster computational capabilities than
traditional systems. This technology enables researchers to
simulate complex molecular interactions, predict protein
folding mechanisms, and analyze drug-target interactions
with unprecedented accuracy and speed. As demonstrated by
Fujitsu in collaboration with Toray Industries Inc., quantum-
inspired computing methods, specifically combining FEP
(Free Energy Perturbation) and QM/MM with Digital
Annealed technology, have successfully reduced early-stage
drug development time from 15 months to just seven weeks
in COVID-19 [52] and dengue fever research, enabling rapid
evaluation of billions of molecular compounds for toxicity,
synthesizability, and biological activity.

The most significant promises of quantum computing in
drug discovery lie in several key areas: molecular simulation
and modeling for more accurate drug-target interaction
predictions, enhanced drug optimization through quantum
algorithms like the Variational Quantum Eigensolver
(VQE), improved machine learning capabilities via

Quantum Support Vector Machines (QSVM) for better drug
property prediction, and secure data management through
Quantum Key Distribution (QKD)[53]. While practical
implementation challenges remain, including the need for
more powerful quantum computers and refined algorithms,
the technology’s potential to dramatically accelerate drug
development while reducing costs makes it a crucial frontier
in pharmaceutical research.

Challenges and Future Direction

Despite the transformative potential of machine learning in
drug discovery, several significant obstacles impede its full
implementation. The complexity of ML models, particularly
deep learning architectures, creates a critical challenge in
interpretability, making it difficult for researchers to validate
and trust model predictions. Access to high-quality datasets
remains limited, while computational resource demands pose
substantial barriers to widespread adoption. Additionally,
concerns about Al-generated predictions’ safety and
accountability create hesitation among stakeholders. The
integration of quantum computing, while promising,
introduces new complexities in algorithm development and
infrastructure requirements [7].

The future of ML-driven drug discovery holds remarkable
promise through several emerging architectures and
approaches. Transformer models, with their sophisticated
attention mechanisms, demonstrate exceptional potential
in understanding molecular structures and predicting drug-
target interactions [40]. Their ability to process long-range
dependencies makes them particularly valuable for analyzing
complex biological sequences and protein structures.
Similarly, GNNs excel at capturing molecular geometry and
chemical interactions, offering powerful tools for predicting
molecular properties and drug-target binding [31].

The convergence of these advanced architectures with
quantum computing represents a transformative opportunity,
potentially revolutionizing molecular modeling and drug
design capabilities beyond current classical computing
limitations [54]. This integration could dramatically
accelerate discovery timelines and enhance pre- diction
accuracy, particularly in simulating quantum mechanical
properties of molecules.

Strategic initiatives are advancing to address current
limitations. Development of explainable Al [44]
methodologies aims to demystify model predictions, while
cross-sector collaborations strengthen the foundation for

ethical and effective ML implementation [55]. Hybrid
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approaches combining classical ML with quantum
computing represent a frontier in computational drug
discovery. Furthermore, the integration of multi-modal
data sources, including genomic and clinical information,
promises to enhance model robustness and reliability.

The establishment of comprehensive regulatory frameworks
will play a crucial role in shaping the field’s evolution.
These guidelines must balance innovation with ethical
considerations, ensuring responsible Al implementation
while maintaining scientific progress. By embracing
emerging technologies and maintaining rigorous standards,
the industry can maximize ML potential while mitigating
associated risks.

Conclusion

The integration of machine learning (ML) into drug discovery
represents a transformative approach to address long-
standing challenges in pharmaceutical research. This review
demonstrates that ML technologies offer unprecedented
potential to revolutionize the drug development process by
addressing critical inefficiencies, including historically high
costs, long timelines, and low success rates. Using advanced
computational approaches such as deep learning, graph
neural networks, and generative models, researchers can
now accelerate target identification, virtual screening, drug
design, and repurposing with remarkable efficiency.

The emergence of explainable Al (XAI) frameworks further
enhances the credibility of these computational methods by
providing transparency and interpretability, which are crucial
to gain regulatory acceptance and scientific trust. Moreover,
the convergence of ML with emerging technologies like
quantum computing presents an extraordinary frontier,
promising to dramatically reduce drug development timelines
and enhance predictive capabilities. However, significant
challenges remain, including data quality limitations, model
interpretability concerns, and computational resource
constraints. The future of drug discovery lies in continued
interdisciplinary collaboration, strategic technological
integration, and the development of robust regulatory
frameworks that balance innovation with rigorous scientific
and ethical standards. As machine learning continues to
evolve, it holds the potential to transform pharmaceutical
research, ultimately accelerating the development of more
effective, personalized therapeutic solutions and addressing
complex global health challenges.
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