OPEN ACCESS
NIJBAS ONLINE ISSN: 2992-5797

https://doi.org/10.59298/NIJBAS/2026/7.2.7378

Al-Guided Design of Nanomedicines for Personalized
Cancer Therapy

Talitkwa Nicholas Ceaser

Department of Pharmacognosy Kampala International University Uganda
Email:ceaser.taliikwa@studwc.kiu.ac.ug

ABSTRACT

Personalized cancer therapy aims to tailor treatment strategies to the unique molecular, genetic, and phenotypic
characteristics of individual patients. Nanomedicine has emerged as a powerful enabler of this paradigm by
improving drug delivery, enhancing tumor selectivity, and reducing systemic toxicity. However, the rational
design of effective nanomedicines is challenged by the complexity of cancer biology, interpatient heterogeneity,
and the vast design space of nanomaterial properties. Artificial intelligence (Al) offers transformative tools to
address these challenges by integrating large-scale biological, chemical, and clinical datasets to guide
nanomedicine design and optimization. Al-driven approaches, including machine learning, deep learning, and
reinforcement learning, can predict nanoparticle behavior, therapeutic efficacy, and patient-specific responses
with unprecedented accuracy. This review examines the role of Al in guiding the design of nanomedicines for
personalized cancer therapy. We discuss how AI enables data-driven nanoparticle engineering, patient
stratification, and adaptive treatment strategies. Current applications, emerging platforms, and translational
challenges are critically evaluated. By bridging nanotechnology and precision oncology, Al-guided
nanomedicine holds significant promise for realizing truly personalized cancer treatment.
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INTRODUCTION
Cancer is a highly heterogeneous disease characterized by extensive genetic, epigenetic, metabolic, and
microenvironmental diversity both between patients and within individual tumors [1-387. This heterogeneity
underlies variable therapeutic responses and the frequent emergence of drug resistance, posing a major obstacle
to effective cancer treatment [4—77]. Personalized cancer therapy seeks to overcome these limitations by
tailoring interventions to patient-specific tumor features, informed by genomic, transcriptomic, proteomic, and
clinical data[87]. While advances in molecular profiling have enabled more precise target identification,
translating this information into optimized therapeutic delivery remains a critical challenge[9, 107.
Nanomedicine offers unique advantages for personalized therapy by enabling controlled drug delivery, improved
pharmacokinetics, and selective tumor accumulation['11, 127]. Nanoparticles can be engineered with tunable size,
shape, surface chemistry, and functional ligands to optimize circulation time, tumor penetration, and cellular
uptake. Moreover, nanocarriers can co-deliver multiple agents, incorporate imaging functionality, and respond
to tumor-specific stimuli[ 187]. Despite these advantages, the clinical impact of nanomedicine has been limited
by inconsistent performance across patient populations and difficulties in rational nanoparticle design[14—167].
Traditional nanomedicine development relies heavily on empirical experimentation and trial-and-error
optimization. Given the enormous combinatorial design space encompassing material composition, architecture,
surface modifications, and payload combinations, this approach is inefficient and poorly suited for
personalization[ 17, 187. Furthermore, nanoparticle-biological interactions are highly complex and context-
dependent, influenced by patient-specific factors such as protein corona formation, immune status, vascular
permeability, and tumor microenvironment properties[ 19, 207]. These factors complicate the prediction of in
vivo behavior and therapeutic outcome.
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Artificial intelligence has emerged as a powerful framework for addressing complex, high-dimensional problems
in biomedical research. By leveraging machine learning algorithms capable of identifying nonlinear patterns in
large datasets, Al enables data-driven modeling and prediction beyond human intuition[21, 227. In oncology,
Al has already demonstrated value in image analysis, biomarker discovery, treatment response prediction, and
clinical decision support. Extending these capabilities to nanomedicine design represents a logical and
potentially transformative progression[22, 237.

Al-guided nanomedicine integrates data from materials science, cancer biology, pharmacology, and clinical
outcomes to inform nanoparticle engineering decisions. Machine learning models can correlate nanoparticle
physicochemical properties with biological performance metrics such as biodistribution, cellular uptake, toxicity,
and efficacy[24, 257]. Deep learning approaches can extract features from imaging and omics data to guide
patient stratification and therapy selection. Reinforcement learning can support adaptive optimization of
nanoparticle design and dosing strategies over time[[25, 267].

Importantly, Al enables personalization at multiple levels. At the design level, nanoparticles can be optimized
for specific tumor phenotypes or molecular subtypes. At the patient level, predictive models can identify which
nanomedicine formulation is most likely to be effective based on individual biological profiles. At the treatment
level, AI can support dynamic adaptation of therapy in response to longitudinal patient data. Collectively, these
capabilities position Al-guided nanomedicine as a cornerstone of next-generation precision oncology.

2. Al Methodologies Applied to Nanomedicine Design

A range of Al methodologies are being applied to the design and optimization of nanomedicines, each offering
distinct strengths[277]. Machine learning (ML) techniques, including supervised, unsupervised, and semi-
supervised learning, are widely used to model relationships between nanoparticle properties and biological
outcomes. Supervised learning algorithms such as random forests, support vector machines, and gradient
boosting are commonly employed to predict metrics like drug loading efficiency, stability, toxicity, and tumor
accumulation[[277].

Deep learning (DL), a subset of ML based on artificial neural networks with multiple layers, is particularly well
suited for handling complex and high-dimensional data. Convolutional neural networks enable automated
analysis of microscopy and medical imaging data, facilitating prediction of nanoparticle—cell interactions and
treatment response[ 28, 297]. Recurrent and transformer-based architectures support temporal modeling of
pharmacokinetic and longitudinal clinical data.

Unsupervised learning techniques, including clustering and dimensionality reduction, are valuable for
identifying latent patterns in nanoparticle libraries and patient datasets. These approaches can reveal previously
unrecognized structure—function relationships and support hypothesis generation[ 307. Reinforcement learning,
which optimizes decision-making through iterative feedback, is increasingly explored for adaptive nanoparticle
design and treatment scheduling[(307].

Crucially, the effectiveness of AI models depends on data quality, diversity, and interpretability. Integration of
experimental, computational, and clinical datasets is essential for robust model training. Explainable AI
approaches are gaining importance to ensure transparency, regulatory acceptance, and clinical trust[317].

3. Data-Driven Engineering of Nanoparticle Properties

Artificial intelligence (AI)-guided design has transformed nanoparticle engineering from a largely empirical
process into a data-driven and predictive discipline[327]. The therapeutic performance of nanoparticles is
critically influenced by physicochemical parameters such as size, shape, surface charge, elasticity, composition,
and ligand density. These properties collectively govern biodistribution, circulation time, cellular uptake,
intracellular trafficking, and clearance. Al-based modeling enables systematic optimization of these parameters,
allowing rational design tailored to specific biological contexts[327].

Machine learning algorithms trained on large experimental datasets can uncover non-linear relationships
between nanoparticle attributes and biological outcomes that are difficult to discern through conventional
approaches[ 3387. For instance, Al models can predict optimal nanoparticle size ranges for tumor penetration by
integrating data on vascular permeability, interstitial fluid pressure, and stromal density. Such predictions help
balance competing requirements small sizes favor deep penetration, while larger particles may enhance retention
and drug payload capacity[337].

Surface chemistry optimization represents another area where Al provides substantial advantages. Nanoparticle
surface charge and functionalization strongly influence protein corona formation, which in turn affects immune
recognition and targeting efficiency[847]. Al models trained on proteomic and physicochemical data can predict
corona composition under different biological conditions, guiding surface modifications that enhance stealth
properties while preserving active targeting. This enables the rational selection of polyethylene glycol
alternatives, zwitterionic coatings, or biomimetic surfaces to optimize in vivo stability [34].

Material selection also benefits from Al-driven optimization. By analyzing performance metrics across
polymeric, lipid-based, inorganic, and hybrid nanoparticle systems, machine learning models can recommend
materials best suited for specific therapeutic goals, such as sustained release, imaging contrast enhancement, or

This is an Open Access article distributed under the terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work is properly cited

Page | 74



OPEN ACCESS
NIJBAS ONLINE ISSN: 2992-5797
Publications 2025 PRINT ISSN: 2992-6122

immune modulation[857. These insights accelerate early-stage development and reduce reliance on costly trial-
and-error experimentation.

Importantly, Al-guided nanoparticle engineering supports iterative refinement through closed-loop
optimization. Predictive modeling informs experimental validation, and experimental results are fed back into
models to improve accuracy[357]. This continuous learning process shortens development timelines, reduces
resource consumption, and enables rapid customization of nanomedicines for different cancer subtypes or
biological barriers. Collectively, data-driven engineering establishes a scalable and efficient framework for next-
generation nanotherapeutic design.

4. Patient Stratification and Personalized Nanotherapy Selection

Beyond nanoparticle design, Al plays a pivotal role in aligning nanomedicine strategies with patient-specific
biology. Cancer heterogeneity across patients—and even within individual tumors—significantly influences
nanoparticle delivery efficiency and therapeutic response[ 36, 37. Al-enabled patient stratification integrates
multidimensional data, including genomics, transcriptomics, proteomics, radiomics, and clinical parameters, to
identify patient subgroups most likely to benefit from specific nanotherapeutic formulations[377].

Predictive models can correlate tumor features such as vascular density, extracellular matrix composition,
immune infiltration, and metabolic state with nanoparticle accumulation and penetration[ 387]. For example, Al
analysis of imaging and histopathological data can identify tumors with enhanced permeability and retention
characteristics suitable for passive nanoparticle targeting, while others may require active targeting or
microenvironment-responsive systems[387.

Al-driven decision support systems further enable personalized nanotherapy selection by recommending
optimal payloads, dosing regimens, and delivery strategies. By integrating toxicity profiles, pharmacokinetic
data, and patient comorbidities, these systems help balance therapeutic efficacy with safety[397]. Such
personalization is particularly valuable for complex nanomedicines carrying potent cytotoxic agents or
immunomodulators.

Importantly, Al facilitates dynamic patient stratification over time. Longitudinal data analysis allows
monitoring of tumor evolution, treatment response, and resistance development, enabling timely adaptation of
nanotherapy strategies. By aligning nanomedicine design and deployment with individual patient biology, Al
supports a paradigm shift from population-averaged treatments to truly individualized cancer care[[397].

5. AI-Guided Combination Nanomedicines and Adaptive Therapy

Combination therapy has become a cornerstone of modern oncology, reflecting the multifactorial nature of
cancer progression and resistance. Al-guided nanomedicine enables rational design of combination
nanotherapeutics by modeling drug—drug interactions[407], synergistic effects, and toxicity profiles. Machine
learning algorithms can predict optimal drug combinations, ratios, and release kinetics for co-delivery within a
single nanoparticle, maximizing therapeutic synergy while minimizing adverse eftects[407].

Nanoparticles provide a unique platform for synchronized delivery of multiple agents, overcoming
pharmacokinetic mismatches that limit conventional combination therapies. AI models trained on preclinical
and clinical data can guide the selection of payloads targeting complementary pathways, such as chemotherapy
combined with immune checkpoint inhibition or metabolic modulation[417. This systems-level optimization
enhances therapeutic robustness and reduces the likelihood of resistance.

Adaptive therapy represents an emerging frontier in Al-guided nanomedicine. By continuously analyzing
longitudinal patient data, including imaging, biomarkers, and clinical outcomes, Al systems can recommend
real-time adjustments to treatment regimens[427]. Nanomedicines designed with modular architectures or
stimulus-responsive release mechanisms are particularly well suited for adaptive strategies, as payload
composition or activation can be modified in response to disease dynamics.

Al-driven feedback loops enable dynamic treatment optimization, adjusting dosing, scheduling, or therapeutic
combinations based on patient response and toxicity signals[427. This adaptive approach moves beyond static
treatment protocols, offering a responsive and personalized strategy for managing cancer as an evolving disease.
6. Translational Challenges and Clinical Integration

Despite significant promise, the clinical translation of Al-guided nanomedicine faces several challenges. Data
scarcity and heterogeneity remain major obstacles, as robust Al models require large, standardized datasets
encompassing nanoparticle properties, biological responses, and clinical outcomes[487]. Variability in
experimental protocols and reporting further limits model generalizability and reproducibility.

Regulatory frameworks for Al-driven design and decision-making are still evolving. Questions surrounding
model validation, interpretability, and accountability must be addressed to ensure patient safety and regulatory
acceptance[ 44 ]. Transparent and explainable AI models will be critical for building clinical trust and facilitating
regulatory review.

Manufacturing scalability and reproducibility pose additional challenges, particularly for highly customized
nanomedicines designed through AI optimization. Ensuring consistent quality while accommodating
personalization requires advances in manufacturing technologies and quality control systems[45]. Ethical
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considerations, including data privacy, algorithmic bias, and equitable access to Al-enabled therapies, must also

be carefully managed.

Overcoming these challenges will require close collaboration among materials scientists, clinicians, data

scientists, regulators, and ethicists. Standardized data infrastructures, early regulatory engagement, and

integrated translational pipelines will be essential for realizing the full clinical potential of Al-guided

nanomedicine in precision oncology.

7. Conclusion and Future Perspectives

Al-guided design of nanomedicines represents a paradigm shift in personalized cancer therapy. By integrating

advanced computational intelligence with nanotechnology and oncology, this approach enables rational, data-

driven optimization of therapeutic delivery tailored to individual patients. Al enhances every stage of

nanomedicine development, from material selection and design to patient stratification and adaptive treatment.

While significant translational challenges remain, ongoing advances in data integration, model interpretability,

and regulatory science are steadily paving the way toward clinical implementation. As these barriers are

addressed, Al-guided nanomedicine is poised to become a central pillar of precision oncology, offering more

effective, safer, and truly personalized cancer therapies.
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