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Abstract: Nanomedicine has transformed modern drug delivery by enabling precise targeting, controlled
release, and enhanced therapeutic efficacy. However, the design and optimization of nanocarriers
remain complex due to the multitude of physicochemical and biological parameters involved. Artificial
Intelligence (AI) and Machine Learning (ML) have recently emerged as transformative tools in the
rational design of nanomedicines. This review highlights the integration of Al and ML techniques in
predicting nanoparticle properties, optimizing formulations, and evaluating biocompatibility and
toxicity. Deep learning models and algorithms such as neural networks, random forests, and support
vector machines are increasingly used for predicting nanoparticle—cell interactions and drug release
profiles. The role of Al in accelerating nanomedicine-based drug discovery, virtual screening, and
personalized nanotherapy design is also discussed. Furthermore, the review addresses the challenges of
data availability, model interpretability, and regulatory acceptance of Al-driven nanomedicine. The
convergence of nanotechnology and artificial intelligence offers a powerful framework for next-generation
intelligent drug delivery systems, paving the way for precision and patient-tailored therapies.
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I. INTRODUCTION

Nanomedicine represents one of the most rapidly advancing frontiers in pharmaceutical research, offering innovative
solutions for targeted drug delivery, controlled release, and improved therapeutic efficacy. Nanocarriers such as
liposomes, polymeric nanoparticles, dendrimers, and solid lipid nanoparticles have been extensively explored for
transporting drugs, genes, and biomolecules to specific tissues or cells. Despite significant progress, the design and
optimization of these nanocarriers remain highly complex due to the involvement of multiple physicochemical
variables—including particle size, surface charge, lipid composition, and drug—carrier interactions—that collectively
influence their pharmacokinetics and therapeutic performance .

In recent years, Artificial Intelligence (AI) and Machine Learning (ML) have emerged as transformative tools capable
of revolutionizing nanomedicine design. By analyzing large datasets and identifying hidden patterns, Al algorithms can
predict nanoparticle behavior, optimize formulation parameters, and reduce the time and cost associated with
experimental trials . ML models such as neural networks, support vector machines, and random forests are increasingly
used to forecast nanoparticle stability, drug loading capacity, and cellular uptake efficiency.

The integration of Al with nanotechnology marks a paradigm shift toward data-driven and intelligent formulation
design. This convergence not only accelerates drug discovery but also supports the development of personalized
nanomedicine, where therapies can be tailored according to patient-specific physiological and genetic profiles .
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Consequently, understanding the role of Al and ML in nanomedicine design is crucial for advancing next-generation
drug delivery systems and achieving precision healthcare.

II. AIM
Artificial Intelligence and Machine Learning in Nanomedicine Design: Revolutionizing Drug Delivery

I11. OBJECTIVES
* To understand the basic concept and importance of nanomedicine in modern healthcare.
* To study different types of NPs used in drug delivery and disease treatment.
* To analyze the role of Al and ML in the design and optimization of nanomedicine formulations.
* To evaluate how Al and ML help in predicting biodistribution, toxicity, and therapeutic efficacy of NPs.
* To study the importance of nano-bio interactions and protein corona formation in nanomedicine.
* To understand the use of high-throughput screening and automated systems in Al-driven nanomedicine research.
* To identify the major challenges associated with Al-integrated nanomedicine, including data scarcity, algorithmic
bias, and regulatory limitations.
* To explore future opportunities and advancements of Al and ML in next-generation nanomedicine development.

IV. A1 APPLICATIONS IN NANOMEDICINE DESIGN
Artificial Intelligence (AI) and Machine Learning (ML) are transforming the way nanomedicines are designed,
optimized, and evaluated. Traditional nanocarrier formulation often relies on time-consuming trial-and-error methods.
In contrast, Al-driven approaches can analyze large experimental datasets to predict the optimal formulation parameters
such as particle size, zeta potential, entrapment efficiency, and release kinetics .
ML models including Artificial Neural Networks (ANNs), Random Forests (RFs), and Support Vector Machines
(SVMs) are increasingly used to establish correlations between input formulation variables (lipid ratio, surfactant
concentration, drug properties) and output characteristics (stability, drug release, targeting efficiency). This predictive
modeling accelerates nanocarrier development while reducing experimental costs and material wastage.
In addition, Al tools assist in nanoparticle toxicity prediction, biocompatibility assessment, and target-site interaction
modeling, helping researchers design safer and more effective nanomedicines . Deep learning frameworks can process
imaging and biological data to study nanoparticle uptake, biodistribution, and clearance patterns in living systems .
Overall, Al-based modeling offers a data-driven framework that enhances decision-making in nanomedicine design,
leading to improved therapeutic precision, faster development cycles, and personalized treatment approaches .

Al in Drug Loading and Release Modeling

Al plays a vital role in predicting and optimizing drug loading efficiency and release kinetics in nanocarriers.
Traditional methods depend on extensive laboratory trials, whereas Al algorithms such as Artificial Neural Networks
(ANNSs) and Support Vector Machines (SVMs) can model complex relationships between formulation parameters (e.g.,
polymer type, particle size, surfactant ratio) and outcomes like entrapment efficiency or drug diffusion rate

Machine learning tools can forecast drug—nanocarrier interactions, helping in the selection of suitable materials and
reducing formulation failures. Moreover, Al-based simulations predict controlled or sustained release profiles, ensuring
that therapeutic levels are maintained for the desired duration . This approach enables the design of smart nanocarriers
with predictable performance, accelerating development and improving patient compliance .

Al For Targeted Therapy And Personalized Nanomedicine

Artificial Intelligence (AI) is revolutionizing targeted drug delivery and personalized nanomedicine by enabling data-
driven optimization of treatment strategies. Using patientspecific biological, genetic, and clinical data, Al algorithms
can predict the most effective nanocarrier composition, drug dose, and targeting ligand for individual patients .
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Machine learning (ML) models analyze large datasets on tumor markers, receptor expression, and nanoparticle
biodistribution to design nanocarriers that precisely reach diseased tissues while minimizing side effects . Deep
learning, particularly Convolutional Neural Networks (CNNs), is used in medical imaging to identify optimal delivery
sites and monitor nanoparticle accumulation in real time .

Al also facilitates adaptive therapy design, where real-time feedback from biosensors or imaging systems is analyzed to
adjust dosage or release rates dynamically. This integration of Al with nanotechnology is paving the way for precision
medicine, where treatment is tailored not only to the disease but also to the unique molecular profile of each patient .

Canenr
Bicsansars
' e encapsaation
Packani
Drug :h?mng
Resenjor
"
Power -~
Supply
4 Ha‘nq;ra Anenng
Actustor 4
Conirrl Elecironics” Intamonnoct

Figure no .1 Implantable drug delivery device
Polymeric Nanoparticles: Solid particles formed from biodegradable polymers (like PLGA). They offer high
mechanical stability and tunable release kinetics.
Dendrimers: Highly branched, tree-like polymers with a precise, defined structure and numerous surface groups for
drug attachment or targeting.
Solid Lipid Nanoparticles (SLNs): Colloidal carriers made from solid lipids, offering a high stability advantage over
liquid emulsions and better biocompatibility than polymeric systems.

IV. THE COMPLEXITY OF NANOCARRIER DESIGN
Detailed Explanation: The design challenge lies in the multidimensional relationship between the carrier's structure and
its biological fate (pharmacokinetics and therapeutic performance). Changing one factor, such as particle size,
dramatically impacts all others.
Particle Size: Affects biodistribution. Particles $>200$ nm are quickly removed by the spleen; those $<10$ nm are
rapidly cleared by the kidneys. Optimal size for tumor targeting is generally $10-100$ nm.
Surface Charge (Zeta Potential): Highly negative or positive charges can lead to aggregation or non-specific binding to
proteins, resulting in rapid clearance by the immune system (reticuloendothelial system or RES). Neutral/near-neutral
charges or PEGylation are often preferred.
Lipid Composition/Polymer Type: Determines stability, drug loading efficiency, and the rate of drug release. The
choice of material is crucial for biocompatibility and avoiding toxicity.
Drug—Carrier Interactions: The physicochemical forces (e.g., hydrogen bonding, hydrophobic forces) between the drug
and the carrier dictate the drug loading capacity and the release kinetics.
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2. The AI/ML Transformation in Nanomedicine Design Al and ML as Transformative Tools

Detailed Explanation: AI/ML provides a paradigm shift from Empirical (trial-anderror) Science to Data-Driven
Rational Design. They act as powerful pattern recognition engines that can process complex, non-linear relationships
that are too difficult for the human mind or simple statistics.

patient risk. For example, designing a particle that targets a receptor uniquely overexpressed in that patient's tumor.
Conclusion: Achieving Precision Healthcare

* Detailed Explanation: The ultimate goal of this convergence is to achieve precision healthcare by advancing next-
generation drug delivery systems. These systems will be highly specific, adaptive, and tailored to the individual,
moving away from massmarket drugs towards truly customized nanotherapies.

V. BASICS OF ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING IN DRUG DEVELOPMENT
Artificial Intelligence (AI)
* Definition: Al is the broad field of computer science dedicated to creating systems that can mimic human intelligence
to perform tasks. This involves simulating cognitive functions like decision-making, prediction, problem-solving, and
learning.
* Application in Drug Development: Al acts as the overall framework to automate and rationalize complex processes,
such as navigating the vast chemical space to select the most promising drug candidates or setting up the optimal
parameters for a clinical trial design.
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Figure no.3 Al Application
The traditional drug development process is slow, costly, and has a high failure rate. AI/ML addresses these pain points
by accelerating and rationalizing key stages:

1. Target Identification and Validation

* Explanation: Al analyzes massive datasets (genomics, proteomics, clinical data) to identify novel disease targets (e.g.,
specific proteins or genes) that are strongly implicated in a pathology. It predicts which targets are "druggable" and
most likely to respond to intervention.

2. Compound Screening (Virtual Screening)

* Explanation: Instead of manually testing thousands of compounds in a lab, ML models are used to virtually screen
millions of potential drug molecules .

» They predict a compound's activity against a target, its off-target effects, and its efficacy based on its chemical
structure, drastically reducing the time required to find a "hit" compound.

3. Formulation Optimization

* Explanation: AI/ML models analyze different combinations of excipients (inactive ingredients), solvents, and
manufacturing parameters to determine the optimal formulation for a drug (e.g., tablet, capsule, or liquid form) that
maximizes stability, solubility, and bioavailability.

4. Clinical Trial Prediction and Design

* Explanation: Al analyzes historical clinical trial data and patient characteristics to:

Predict Success: Forecast the probability of a trial stage (Phase I, II, or III) succeeding.

Optimize Design: Suggest optimal patient cohorts, dosing schedules, and trial locations to improve efficiency and
reduce costs.
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Specific ML Algorithms and Prediction Targets The utility of AI/ML is realized through specific algorithms tailored to
different predictive tasks:

Key ML Algorithms

» Artificial Neural Networks (ANNs) / Deep Learning: Used for complex, non-linear relationships, like predicting the
3D structure of a protein or modeling complex biological pathways. Deep Learning (a type of ANN with many layers)
is particularly effective for analyzing complex input data, such as images of cell cultures or large genomic sequences.

* Support Vector Machines (SVMs): Highly effective for classification tasks, such as predicting whether a new drug
candidate will be "toxic" or "non-toxic" based on its chemical features.

* Random Forests (RFs): An ensemble model (many decision trees) used for robust prediction and identifying the most
important features (e.g., which specific chemical functional group is most correlated with high solubility).

Key Prediction Targets

* Drug Solubility and Stability: Forecasting how well a drug dissolves in biological fluids and how long it remains
chemically viable under storage conditions.

* Toxicity: Predicting potential adverse effects on the body (e.g., hepatotoxicity, cardiotoxicity) using computational
models, minimizing the need for early animal testing.

OE

Figure no. 4 Nanomedicine Design
1. AI/ML as a Paradigm Shift in Formulation Design Overcoming Trial-and-Error Methods
* Traditional Method (Trial-and-Error): Developing a stable, effective nanocarrier (like a liposome or polymeric
nanoparticle) traditionally involves synthesizing and testing hundreds, if not thousands, of different formulations in the
lab. This is a timeconsuming, expensive, and resource-intensive process that often misses the globally optimal
formulation.
* Al-Driven Approach (Rational Design): Al and ML, particularly when paired with High-Throughput Screening
(HTS) techniques, analyze existing data (or data generated rapidly via HTS) to identify the specific input parameters
that yield the desired output characteristics. This is a move toward "Design by Prediction."
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* Prediction of Optimal Formulation Parameters: Al models establish complex, nonlinear relationships between:
o Input Variables (e.g., polymer molecular weight, lipid-to-drug ratio, solvent concentration, temperature, $\text{pH}$
during synthesis). o Output Characteristics (e.g., Particle Size, Zeta Potential, Entrapment Efficiency, and Release

Kinetics).

Table no. 1 Key Formulation Parameters Predicted:

Parameter ” Importance in Nanomedicine H

How AI Helps |

Affects biodistribution, cellular|Predicts the size achieved given the synthesis
Particle Size |uptake, and clearance (e.g., renal|parameters, optimizing it for the target tissue|
vs. RES). (eg.., S$10-1005 nm for passive tumor
targeting).
Dictates stability (electrostatic|Predicts the resulting surface charge based
Zeta Potential |repulsion) and interaction with|lon the materials used, aiming for a charge|
cells and blood proteins. that promotes stability but minimizes
nonspecific binding.
Entrapment The percentage of the drug|Maximizes this efficiency by modeling the
Efficiency successfullv encapsulated in the |precise ratios and conditions that enhance
nanocarrer. drug-carrier affinity.
Release -
The rate and duration of drug Models the release profile (e.g., sustained,
Kinetics . L
release at the target site. burst, or triggered release) by optimizing the

matrix material's degradation rate.

2. Machine Learning Models for Correlation and Prediction
ML models are the mathematical engines that transform raw data into actionable predictions, fundamentally linking a
nanocarrier's design to its performance.

Establishing Correlations (Input vs. Output)
ML algorithms are used to find hidden, often non-intuitive correlations between the input formulation variables and the

output performance.
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Fig no.5 Application of deep learning & artificial intelligence
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4. Overall Impact: Precision and Personalized Medicine

Al-based modeling creates a unified, data-driven framework that impacts the entire development lifecycle.

* Enhanced Decision-Making: Scientists are equipped with quantitative predictions instead of relying on limited
experimental results, leading to more confident and rational choices.

* Improved Therapeutic Precision: By optimizing every parameter for a specific target, Al ensures the drug is delivered
with maximum accuracy and minimal off-target effects.

* Faster Development Cycles: The efficiency gained from predictive modeling significantly reduces the overall time
required to move a new nanomedicine from the discovery phase to preclinical testing.

* Personalized Treatment Approaches: Ultimately, Al can analyze a patient's individual physiological and genetic
profiles to tailor the nanocarrier—optimizing its size, surface chemistry, and dosage for that single patient's disease
state, realizing the promise of precision healthcare.

VI. AT IN DRUG LOADING AND RELEASE MODELING
1. Predictive Modeling of Formulation Outcomes
Al algorithms are trained on large, complex datasets from previous experiments to establish reliable Structure-Process-
Property relationships. This allows them to predict the outcome of a new, untried formulation with high accuracy.

Modeling Complex Relationships
The models establish correlations between Input Formulation Parameters and Output Performance Outcomes by
learning the underlying physics and chemistry.
Input Formulation Parameters

Output Performance Outcomes

Polymer/Lipid Type & Ratio Entrapment Efficiency (Drug Loading %)

Particle Size (Initial vs. Final) Drug Diffusion Rate (Release Kinetics)
Surfactant Concentration [Nanocarrier Stability & Drug Leakage
Manufacturing Conditions ($\text{pH}$, Temp.) Surface Charge (Zeta Potential)

Table no. 2 AI/ML In drug loading & drug release

Key ML Algorithms

» Artificial Neural Networks (ANNSs): These are particularly suited for modeling nonlinear relationships, such as how
the concentration of a polymer non-linearly affects both the particle size and the drug release rate. ANNSs learn intricate
patterns that simple linear models cannot capture.

* Support Vector Machines (SVMs): Used for classification (e.g., predicting whether a new formulation will yield
"high" or "low" entrapment efficiency) and regression (predicting the actual percentage value of entrapment
efficiency). SVMs are robust in high-dimensional spaces, making them ideal for formulations with many input
variables.

* Deep Learning (DL): A sophisticated subset of ANNs that can process vast, unstructured data, such as images (to
predict morphology's effect on release) or complex molecular interaction data.

2. Optimizing Drug Loading Efficiency (EE)
* Accelerated Development: The rational, predictive nature of Al models eliminates the need for extensive synthesis-
and-test cycles, drastically accelerating development timelines and reducing the cost per successful formulation.
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Al for Targeted Therapy and Personalized Nanomedicine

1. Personalized Nanocarrier Design and Prediction

The core of this revolution lies in using Al to integrate and interpret complex biological data for individual patients,
optimizing the nanocarrier before it is synthesized.

Integration of Patient-Specific Data

Al algorithms analyze vast, diverse datasets, often referred to as multi-omics data, for a single patient:

* Genetic Data (Genomics): Identifies specific mutations, gene expression profiles, or unique biomarkers present in the
patient's diseased cells (e.g., a specific receptor overexpressed on a tumor).

* Biological Data (Proteomics/Transcriptomics): Provides real-time information about the proteins and RNA being
produced, which informs on the cellular environment and pathway activity.

* Clinical Data: Includes age, weight, organ function (e.g., liver/kidney function), medical history, and pre-existing
conditions, all of which affect pharmacokinetics (A.
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Figure no. 6 Nanotechnology

* Case Study (Zhou et al., 2023): Researchers used a deep learning algorithm to predict the optimal ratios and types of

lipids required for specific liposomal formulations.

» Al Advantage: By analyzing complex datasets of input lipid compositions and resulting output properties (size,

stability, drug encapsulation), the model could identify the ideal formulation conditions much faster and more

accurately than traditional lab methods.

* Result: This led to enhanced drug encapsulation efficiency (more drug loaded per liposome) and improved stability

(longer shelf life and less leakage), directly impacting the viability and effectiveness of the therapeutic system.

2. Predictive Design for Targeted Therapy

The second case demonstrates using ML to tailor the nanocarrier's structure to improve its function, specifically in
cancer treatment.

* Case Study (Patil et al., 2024): The team employed Machine Learning-based Quantitative Structure—Activity
Relationship (QSAR) models to design polymeric nanoparticles for delivering anticancer drugs.

QSAR Mechanism: QSAR models correlate the chemical structure of a molecule (in this case, the polymer) with its
biological activity or property (e.g., cell targeting ability). ML algorithms train on these correlations.

* Result: The models successfully designed polymeric nanoparticles that exhibited significantly improved targeting
precision. This means the nanocarriers were more likely to selectively bind to and deliver their payload to cancer cells,
reducing damage to healthy tissues
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3. Advanced Simulation and Modeling

Beyond direct lab optimization, Al enhances computational tools to study nanocarrier behavior at a molecular level, a
step that replaces extensive bench-top experiments.

* Al-Driven Molecular Dynamics (MD) Simulations: MD simulations model the movement and interaction of atoms
and molecules over time. Al enhances these simulations by:

o Speeding up Calculations: ML models can learn the complex potential energy surfaces, allowing MD simulations to
run faster and explore larger systems or longer time scales. o

VIII. ADVANTAGES AND CHALLENGES OF AI IN NANOMEDICINE
Advantages of Al in Nanomedicine
AI/ML provides a competitive advantage by transforming the development process from empirical to predictive,
accelerating innovation while boosting efficacy.

Data-Driven Optimization

* Detailed Explanation: AI and ML algorithms (like Genetic Algorithms or Deep Neural Networks) analyze massive,
high-dimensional datasets that include hundreds of physicochemical variables (e.g., polymer types, surfactant
concentrations, conditions, temperature) alongside resulting performance metrics.

* Impact: Instead of making incremental changes in the lab, AI can simultaneously optimize multiple critical
parameters—such as aiming for a specific particle size a near-neutral zeta potential, and drug encapsulation
efficiency—by predicting the single set of input conditions that best meets all criteria. This minimizes the unproductive
"trial-and-error" steps characteristic of traditional formulation.

Cost and Time Efficiency

* Detailed Explanation: The process of synthesizing, purifying, and testing a single nanocarrier formulation is
expensive and time-consuming. ML models act as powerful virtual screening tools, filtering out thousands of predicted
failures in silico (on a computer) before any chemical synthesis begins.

 Impact: This saves substantial capital on reagents, laboratory labor, and expensive analytical testing (like HPLC,
DLS, or TEM), ultimately accelerating the time-tomarket for new nanomedicines.

Enhanced Precision and Personalization

* Detailed Explanation: Al's unique strength is its ability to integrate complex, highly individualized data, such as a
patient's genomic profile (specific cancer mutations), proteomic markers (receptor expression levels), and medical
history.

* Impact: This allows Al to design targeted therapies tailored to the unique molecular profile of the individual patient.
For example, selecting the one optimal targeting ligand and the ideal

IX. CHALLENGES OF AI IN NANOMEDICINE
Despite the advantages, several significant barriers must be addressed to ensure the safe and widespread adoption of Al
in nanomedicine.

Data Availability and Quality

* Detailed Explanation: AI models are only as good as the data they are trained on. High-quality, standardized, and
large-scale experimental datasets on nanomedicines are currently limited, fragmented, and heterogeneous. Data from
different labs often use varied protocols and reporting standards.

* Impact: This lack of consistency makes it difficult to train ML models that can generalize accurately across different
nanomaterial types or therapeutic targets, limiting their utility to specific lab settings.
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Complexity of Biological Systems

* Detailed Explanation: Biological systems are highly dynamic, adaptive, and variable (e.g., protein corona formation,
immune response, tumor heterogeneity). Predicting how a nanoparticle will interact with cells, tissues, and organs (in
vivo) is vastly more complex than predicting an in vitro property.

* Impact: Models trained on simple cell culture data often fail to translate to the complexity of a living organism,
necessitating continuous integration of more complex in vivo and clinical data.

Interpretability Issues

* Detailed Explanation: Many of the most powerful Al models, particularly Deep Learning and complex Neural
Networks, operate as "black boxes." They can output an accurate prediction (e.g., "use this exact lipid ratio"), but they
cannot easily provide a clear, traceable rationale or explain why that ratio is optimal.

* Impact: This lack of Explainable Al (XAI) is a major hindrance for regulatory bodies (like the FDA or EMA), which
demand clear scientific justification, traceability, and human oversight for drug approval.

Regulatory and Ethical Barriers

X. FUTURE PROSPECTS
1. Multimodal AI and Digital Twins
The next generation of Al will move beyond analyzing single types of data (unimodal) to integrating complex, diverse
information sources simultaneously.
* Multimodal AI Systems: These advanced models will simultaneously process chemical data (nanocarrier composition,
drug structure), biological data (genomic and proteomic profiles), and clinical data (medical history, imaging scans) to
create a holistic predictive landscape. o Example: Correlating a patient's genetic mutation (genomics) with the
nanocarrier's optimal surface chemistry (chemical data) and its predicted tissue penetration (imaging data) all at once.
* Digital Twins of Patients: This is a revolutionary concept where a high-fidelity, virtual representation of an individual
patient's biological system is created. o Function: This digital twin allows researchers to virtually test the efficacy,
safety, and pharmacokinetics of a specific nanomedicine design before it is administered to the real patient. It simulates
complex scenarios, like predicting how a nanocarrier will circulate, whether it will cross the blood-brain barrier, and
how it will be metabolized, dramatically improving safety and success rates.

Figure no. 7 Drug delivery system
2. Explainable AI (XAI) for Trust and Translation
Addressing the "black box" challenge of complex Al models is critical for clinical acceptance and regulatory approval.

XI. CONCLUSION
The integration of Artificial Intelligence (AI) and nanotechnology represents a transformative advancement in modern
medicine. Al significantly accelerates the design, prediction, and optimization of nanoparticles, enabling researchers to
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develop safer, more targeted, and more efficient drug-delivery systems. By analyzing vast datasets, Al can predict the
ideal size, shape, composition, and drug-release behavior of nanoparticles, reducing the need for lengthy experimental
trials. This leads to faster development timelines, reduced research costs, and more precise therapeutic outcomes.
Nanotechnology, on the other hand, enhances drug delivery by ensuring controlled release, improved targeting, and
reduced toxicity. When combined with AI’s predictive capabilities, nanomedicine becomes highly adaptable,
particularly for complex diseases such as cancer, neurological disorders, and infections. The future of this integration
lies in precision and personalized medicine, where Al can tailor nanoparticle-based treatments to an individual’s
genetic and clinical profile.

However, challenges remain-such as limited high-quality data, difficulties in understanding Al decision-making, and
evolving regulatory frameworks. Addressing these barriers will be essential for clinical translation. Overall, Al-driven
nanomedicine holds immense potential to revolutionize drug discovery, diagnostics, and patient-specific therapy,
marking a significant leap toward safer, smarter, and more personalized healthcare solutions.
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