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Nanomedicine has emerged as a dynamically evolving frontier in contemporary medical research. However, the development of
nanomedicine is impeded by significant challenges due to its complex, multidisciplinary nature, necessitating the exploration of
innovative solutions. Artificial intelligence (AI) has established itself as a pivotal and rapidly advancing domain within nano-
medicine research. By leveraging its robust data processing and analytical capabilities, AI can efficiently analyze large datasets
and accurately predict the properties and medical functions of nanomaterials. Over the past years, AI applications have pro-
liferated across critical nanomedicine subdomains, including intelligent nanobiosensors for precision diagnostics, AI-optimized
nanocarriers for targeted drug delivery, machine learning-guided adjuvant therapy systems, and predictive computational models
for nanosafety evaluation. This review aims to provide a thorough analysis of AI’s influence throughout the entire spectrum of
nanomedicine, as well as the formidable challenges and extraordinary potential for pioneering researchers.
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1 Introduction

Every technological revolution opens up new possibilities
for scientific advancement by providing innovative tools and
redefining research paradigms. The ongoing artificial in-
telligence (AI) revolution is no exception. It has the potential
to significantly lower the barriers to the development of
nanomedicine.
Nanomedicine [1,2], a pivotal frontier branch of modern

medicine, has achieved remarkable progress in the fields of
disease diagnosis, prognosis, and treatment in recent years
[3]. This progress is largely attributed to its unique ability to
integrate multidisciplinary knowledge and technologies
through finely designed nano-platforms [4–6]. These plat-
forms enable targeted medical functions and minimize sys-
temic toxicity. A prime example is the lipid nanoparticle
(LNP) delivery of mRNA technology, which stands as one of
the landmark achievements in nanomedicine [7,8]. This
technology has been successfully applied to the treatment of
COVID-19. The nanocarrier delivery system is one of the
key factors that enabled the success of mRNA. This break-
through was awarded the Nobel Prize in Physiology or
Medicine in 2023 [9–11].
However, the development of nanomedicine is impeded by

significant challenges due to its complex, multidisciplinary
nature [12,13]. Nanomedicine research integrates materials
science, chemistry, biology, and medicine, presenting
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intricate interdisciplinary challenges that have become a
major bottleneck [14]. These bottleneck issues are difficult to
overcome using a single classical research approach, such as
experimentation, theory, or simulation. Traditional nano-
medicine research methods, which rely heavily on extensive
trial-and-error experimentations, are not only time-consum-
ing and labor-intensive but also result in a low success rate.
Fundamental theories, often applicable within a single dis-
cipline, face open-ended difficulties when applied to this
interdisciplinary field of nanomedicine. Additionally, al-
though molecular simulations have the potential to elucidate
microscopic mechanisms and structure-activity relation-
ships, the inherent complexity of nanobiology often leads to
a scarcity of detailed molecular-level information, making it
difficult to effectively conduct these simulations [15]. These
limitations collectively hinder the rapid advancement of
nanomedicine, necessitating the exploration of innovative
solutions.
The rapid advancement of AI technologies has emerged as

a transformative force in addressing the multifaceted chal-
lenges of scientific research and lowering the barriers to its
development [16], such as in the field of nanomedicine [17]
and synthetic chemistry [18]. Unlike classical theory and
simulation technologies, which rely heavily on intermediate
physical mechanisms to establish quantitative cause-and-
effect relationships, AI operates on an end-to-end basis. It
relies solely on data without the need to understand the un-
derlying mechanisms. As long as sufficient cause-and-effect
data are available, AI can establish mathematical models to
quantitatively elucidate these relationships. This data-driven
paradigm is exemplified by large language models (LLMs)
[19,20], which leverage vast amounts of text data to generate
human-like responses without explicit programming of lin-
guistic rules or world knowledge. This characteristic makes
AI particularly well-suited to nanomedicine, a field where
the intrinsic mechanisms are often difficult to fully elucidate.
By leveraging its robust data processing and analytical

capabilities, AI can efficiently analyze large datasets and
accurately predict the properties and medical functions of
nanomaterials. This enables AI to optimize the design of
nanomedicine systems, thereby significantly enhancing de-
velopment efficiency, reducing costs, and accelerating the
clinical translation of nanomedicines. Moreover, the appli-
cation of AI in nanomedicine extends beyond the design
phase. AI can also be used to optimize the manufacturing
processes of nanomedicines, thereby improving production
efficiency and quality control. Additionally, AI can analyze
clinical data to provide intelligent diagnostic support, en-
abling precision medicine [21]. In summary, AI has the po-
tential to revolutionize various aspects of nanomedicine,
from design and manufacturing to clinical application.
Consequently, the integration of AI into nanomedicine has

ignited a global surge in research activity, particularly in the

development of innovative AI-driven frameworks for nano-
drug design and high-throughput screening. This synergy has
yielded ground-breaking advances across diverse domains,
including the creation of nanosensors for disease detection
and diagnosis [22], the optimization of nanocarriers for tar-
geted drug delivery [23], the screening of inorganic nano-
particles (NPs) for adjuvant therapies, and the safety
assessment of engineered nanomaterials (Figure 1). Several
recent reviews have summarized these developments, em-
phasizing AI’s transformative role in reshaping nanomedi-
cine. For instance, Schroeder et al. [24] systematically
surveyed the integrated application of AI and nanotechnol-
ogy in precision cancer medicine, with a focus on how AI
optimizes nanomaterial design, patient diagnosis, and per-
sonalized treatment plan formulation, while Serov and Vi-
nogradov [25] reviewed the applications of AI and machine
learning (ML) in nanomedicine and explores how data-dri-
ven approaches can optimize the physicochemical properties
and clinical translation of nanomedicines. Collectively, these
analyses deliver critical insights into specialized subfields,
underscoring AI’s strategic importance as a catalyst for in-
novation and paradigm shifts within the discipline.
AI has established itself as a pivotal and rapidly advancing

domain within nanomedicine research. Ongoing investiga-
tions are actively exploring optimal methodologies for in-
tegrating AI across diverse subdomains of nanomedicine.
The exponential increase in scholarly publications in this
area not only reflects the field’s robust growth but also
highlights the necessity for a comprehensive summary. This
review aims to address this need by providing a thorough
analysis of AI’s influence throughout the entire spectrum of
nanomedicine. This includes data acquisition, AI-enhanced
diagnostic nanosystems, intelligently engineered therapeutic
delivery platforms, and AI-driven nanotoxicology assess-
ment. By critically evaluating current methodological
approaches, persistent interdisciplinary challenges, and
emerging future directions, we elucidate how AI is funda-

Figure 1 (Color online) Integration of artificial intelligence with func-
tional materials: AI bridges inorganic/organic/biological material systems
(left) to advanced applications in sensing, drug delivery, and therapeutics
(right), demonstrating cross-disciplinary synergy in nanotechnology.
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mentally reshaping the innovation landscape in nanomedi-
cine. It is not merely accelerating discovery but also actively
expanding the theoretical and practical boundaries of the
field.

2 AI-based new research paradigm for nano-
medicine

2.1 Datasets

The structural composition of nanomedicine systems typi-
cally exhibits considerable complexity, often comprising
diverse components ranging from small organic molecules
and macromolecular biomolecules to inorganic nanomater-
ials. To systematically elucidate the structure-activity re-
lationships (SARs) of these nanomedicines, AI-based
computational approaches have emerged as powerful tools.
The construction of an AI-driven SAR model generally in-
volves four critical phases: (i) data collection, (ii) encoding,
(iii) algorithm selection, (iv) validation.
The successful implementation of AI-driven SAR model-

ing in nanomedicine research heavily relies on the avail-
ability of high-quality, well-organized datasets. To ensure
that scientific data can be effectively utilized for computa-
tional analysis, the FAIR (Findable, Accessible, Interoper-
able, Reusable) principles have been widely adopted as a
guiding framework [26]. The core objective of FAIR is to
enhance data reusability by requiring that datasets be ac-
companied by comprehensive metadata, assigned persistent
identifiers (e.g., DOIs), and indexed in searchable re-
positories. This structured approach not only facilitates rapid
data retrieval but also enables seamless integration across
different computational workflows, thereby supporting more
robust AI-based SAR predictions. As the field progresses,
adherence to FAIR principles becomes increasingly critical
in bridging the gap between experimental nanomedicine
research and AI-driven drug discovery.
AI for science and drug development [27] provides a

systematic review of earlier advancements, including com-
prehensive lists of databases and models for comparison. The
current discussion focuses primarily on research progress
from the past three years. Recent developments in high-
accuracy machine learning interatomic potentials (MLIPs)
have been reviewed elsewhere (e.g., Wan et al. [28]) and are
not repeated here. The first part introduces key databases and
automated data acquisition methods, while the second part
examines AI algorithms and models, with particular attention
to their interpretability and computational efficiency in drug
discovery applications.
The datasets used to construct AI models are typically

derived from experimental measurements, computational
simulations, and existing databases. Table 1 summarizes the
key datasets relevant to nanomedicine applications. While

experimental and simulation datasets can often be directly
utilized for machine learning, literature-derived datasets re-
quire substantial preprocessing, including text extraction,
data annotation, information retrieval, and data mining op-
erations. Recent advances have led to the development of
automated workflows leveraging large language models
(LLMs) for dataset preparation. Current scientific LLMs
employ core NLP pretraining methodologies, exemplified by
GPT-based architectures [29] (e.g., MolXPT [30]) and
BERT-based frameworks [31] (e.g., KV-PLM [32]).
Domain-specific adaptations such as BioGPT, Bio-MedLM
[33], and med-PALM [34] demonstrate enhanced perfor-
mance in biomedical question-answering through fine-tun-
ing of foundational models like GPT-2 [35] and PaLM [36].
Supervised fine-tuning with limited paired data has also
proven effective, as demonstrated by DrugChat [37].
General-purpose LLMs (e.g., DeepSeek, ChatGPT) have
been successfully applied to dataset preparation through
specialized workflows [38]. The CrystaLLM model re-
presents a significant advancement in bridging natural-lan-
guage processing with materials informatics [39]. BERT-
based variants, including BioBERT, ChemBERT, Materi-
alBERT, LLM-Prop [40], and MatKG, have established new
benchmarks in materials science knowledge representation
[41,42]. The MatSci-BERT [43] framework specifically ad-
dresses materials science dataset preparation through Sci-
BERT adaptations. Additionally, manually curated literature
datasets have enabled the training of specialized machine
learning models to support nanodrug development initiatives
[44,45].
AI systems like Coscientist [46] and AI-Chemist [47] have

enabled robotic automation of chemical experiments. These
integrate with high-throughput density functional theory
workflows (e.g., AFLOW [48]), accelerating nanomedicine
development through efficient experimentation and compu-
tational modeling.
The development of small molecule databases can be

achieved by integrating molecular graph representations with
quantum mechanical (QM) calculations. A prominent ex-
ample is the GEOM dataset [49], which contains high-
quality molecular conformers. In this database, 3D molecular
structures are initially generated using RDKit [50] and sub-
sequently refined through geometry optimization with
ORCA [51] and CREST [52]. The dataset includes two
widely used subsets, GEOM-QM9 and GEOM-Drugs, which
serve as standard benchmarks for evaluating molecular
conformation generation methods.
Several globally recognized advanced materials databases

have been developed through density functional theory
(DFT) calculations. Notable examples include the Materials
Project datasets, which contain a Γ-phonon database com-
prising approximately 146,000 materials [53] and a partial
density of states (PDOS) database derived from density
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Table 1 Publicly accessible databases for small molecules, proteins, and materials

NAME Description URL

Propedia A database for protein-peptide identification based on a hybrid http://bioinfo.dcc.ufmg.br/propedia2/

sc-PDB A database for identifying variations and multiplicity of “druggable” binding sites in
proteins

http://bioinfo-pharma.u-strasbg.fr/
scPDB/

ACCDB A collection of chemistry databases for broad computational purposes https://doi.org/10.1002/jcc.25761

SCOP A structural classification of proteins database for the investigation of sequences and
structures https://www.ebi.ac.uk/pdbe/scop/

PubChemQC project A large-scale first-principles electronic structure database for data-driven chemistry https://nakatamaho.riken.jp/pub-
chemqc.riken.jp/

GDB-17 Enumeration of 166 billion organic small molecules in the chemical universe
database https://gdb.unibe.ch/downloads/

AlphaFold Protein
Structure Database

Massively expanding the structural coverage of protein-sequence space with high-
accuracy models https://alphafold.com/

Atomly AI-driven computational material data with wide coverage to support predictive modeling https://www.atomly.net

Materials Project Open source DFT database, community contribution-based https://legacy.materialsproject.org/

OQMD Focus on material stability and formation prediction https://www.oqmd.org/

AFLOWLIB Structure and property repository from high-throughput ab initio calculations of
inorganic materials https://aflowlib.org

Computational Materials
Repository

Infrastructure to enable the collection, storage, retrieval and analysis of data from
electronic-structure codes https://cmr.fysik.dtu.dk

GDB Databases of hypothetical small organic molecules https://gdb.unibe.ch/downloads

Harvard Clean Energy Project Computed properties of candidate organic solar absorber materials https://cleanenergyproject.org

Materials Project Computed properties of known and hypothetical materials were carried out using a
standard calculation scheme https://materialsproject.org

NOMAD Input and output files from calculations using a wide variety of electronic-structure codes https://nomad-repository.eu

Open Quantum Materials
Database

Computed properties of mostly hypothetical structures were carried out using a
standard calculation scheme https://oqmd.org

NREL Materials Database Computed properties of materials for renewable-energy applications https://materials.nrel.gov

TEDesignLab Experimental and computed properties to aid the design of new thermoelectric
materials

https://doi.org/10.1016/j.commats-
ci.2015.11.006

ZINC Commercially available organic molecules in 2D and 3D formats https://zinc15.docking.org

ChEMBL Bioactive molecules with drug-like properties https://www.ebi.ac.uk/chembl

ChemSpider Royal Society of Chemistry’s structure database, featuring calculated and
experimental properties from a range of sources https://chemspider.com

Citrination Computed and experimental properties of materials https://citrination.com

Crystallography Open Database Structures of organic, inorganic, metal-organic compounds and minerals https://crystallography.net/cod

CSD Repository for small-molecule organic and metal-organic crystal structures https://www.ccdc.cam.ac.uk

ICSD Inorganic Crystal Structure Database https://icsd.fiz-karlsruhe.de

MatNavi Multiple databases targeting properties such as superconductivity and thermal
conductance https://mits.nims.go.jp

MatWeb Datasheets for various engineering materials, including thermoplastics, semicon-
ductors and fibers https://matweb.com

NIST Chemistry WebBook High-accuracy gas-phase thermochemistry and spectroscopic data https://webbook.nist.gov/chemistry

NIST Materials Data Repository Repository to upload materials data associated with specific publications https://materialsdata.nist.gov/

PubChem Biological activities of small molecules https://pubchem.ncbi.nlm.nih.gov

CATH 4.2 151 million protein domains https://www.cathdb.info/

ProFold Protein fold classification with additional structural features and a novel
ensemble classifier https://doi.org/10.1155/2016/6802832

Gene Ontology The world’s largest source of information on the functions of genes https://www.geneontology.org/

ENZYME A repository of information relative to the nomenclature of enzymes https://enzyme.expasy.org/
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perturbation functional theory (DPFT) calculations for 1,521
semiconductor compounds [54]. Additionally, the Atomly
platform provides an extensive collection of 340,000 calcu-
lated band structures [55], further expanding the available
computational materials data resources.

2.2 AI models related to nanomedicine

2.2.1 AI for organic small molecules
Machine learning approaches for modeling 2D molecular
representations have demonstrated considerable potential in
computational chemistry [56,57]. These techniques offer
viable alternatives to resource-intensive quantum chemical
(QM) calculations for determining 3D molecular config-
urations, thereby substantially improving the efficiency of
molecular simulation workflows. The key distinction be-
tween 2D and 3D molecular representations lies in their
structural encoding: 2D representations capture the mole-
cular graph topology with node and edge attributes, whereas
3D representations incorporate atomic spatial coordinates.
These coordinates enable precise calculation of geometric
parameters such as interatomic distances, bond angles, and
torsion angles. Given the profound influence of molecular
conformation on physicochemical properties, 3D structural
information significantly enhances the accuracy of property
predictions. Such spatial data is particularly valuable for
applications including molecular property prediction, mole-
cular dynamics simulations, and protein-ligand docking
studies.
However, acquiring accurate 3D molecular geometries

through quantum mechanical calculations remains highly
challenging due to their substantial computational demands,
which significantly restricts the broad application of 3D
structural data. Consequently, machine learning-based re-
construction of 3D molecular geometries has emerged as a
promising alternative approach, offering the potential to
substantially reduce computational costs while improving
accessibility to 3D structural information. Considerable
progress has been achieved in developing machine learning
models for molecular conformation generation. Never-
theless, with ongoing advancements in computational cap-
abilities, the increasing availability of QM-derived datasets
will play a pivotal role in enhancing these models, particu-
larly for drug discovery applications where accurate struc-
tural data is crucial.

2.2.2 AI for proteins
As demonstrated in Table 2, ML approaches for protein
structure modeling have advanced significantly through the
integration of diverse structural data sources, including
monomeric, homodimeric, and heterodimeric protein struc-
tures from the Protein Data Bank (PDB). The field has wit-
nessed substantial progress through the application of graph

neural networks, diffusion models, and three-dimensional
geometric learning techniques, which collectively enable
more efficient discovery and design of novel protein struc-
tures. A transformative development has been the im-
plementation of deep learning-based generative approaches,
particularly diffusion models, which have fundamentally
altered protein design methodologies by achieving un-
precedented levels of accuracy, efficiency, and structural
diversity. The key innovation of these approaches involves
the direct generation of atomic coordinates within three-
dimensional space while incorporating physical constraints,
contrasting with conventional methods that depend on en-
ergy function optimization. This coordinate-based genera-
tion more accurately reflects real physical space. The
denoising process employed by diffusion models, analogous
to techniques used in image generation, facilitates explora-
tion of broader conformational landscapes while producing
structurally viable and diverse protein architectures. Notably,
diffusion models exhibit particular effectiveness in addres-
sing symmetry-related challenges, such as those encountered
in symmetric protein complex arrangements, and demon-
strate superior capability in designing complex multimeric
structures that have proven difficult to achieve through tra-
ditional design approaches.
As demonstrated experimentally, various 3D structural

representations (including atomic coordinates, reference
frames, and internal angles) at different resolution levels
(Cα, backbone, or full-atom representations) exhibit distinct
computational requirements and diffusion dynamics. A
landmark achievement published in Science by David Ba-
ker’s research group demonstrated the capability of AI sys-
tems to design functional enzymes de novo, with catalytic
efficiencies surpassing previous designs by a factor of
60,000. Parallel developments have yielded specialized
computational workflows, including an AlphaFold-based
pipeline for cyclic peptide structure prediction and design
[58], and ColabDock’s innovative adaptation of AlphaFold’s
architecture for protein-protein docking applications in-
corporating experimental constraints [59].

2.2.3 AI for inorganic materials
The application of AI in material structure analysis has
progressed significantly, as comprehensively documented in
Table 3. For solid-state systems, traditional crystallographic
representations employing translation vectors and fractional
atomic coordinates prove inadequate for machine learning
applications. This limitation has driven the evolution of
graph-based representations for crystalline materials,
progressing from basic 2D depictions to sophisticated crystal
graphs. Current graph neural network architectures for
crystals fall into two categories: those without periodic
boundary condition integration (including CGCNN, SchNet,
and MEGNet) and periodic-aware models (such as
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Matformer, PotNet, and Ewald-MP). These frameworks en-
able property prediction at multiple structural levels: graph-
level predictions encompass formation energy, band gaps,
Ehull, bulk moduli, and shear moduli; node-level analyses
capture atomic forces and charges; while edge-level
computations describe bond energies [60].

2.2.4 AI for protein(material)-ligand interactions
While AI applications for individual molecular systems have
been extensively investigated, it is crucial to recognize that
molecular physical and biological functionalities are pre-
dominantly governed by intermolecular interactions. This
section consequently focuses on AI methodologies specifi-
cally developed for analyzing molecular interaction systems,
with particular emphasis on small molecule-protein interac-
tions and small molecule-material interfaces.
Protein-ligand binding prediction and structure-based drug

design represent both fundamental and challenging aspects
of modern drug discovery. Recent advances in geometric
deep learning and generative modeling have enabled more
effective representation of protein-ligand complexes as
three-dimensional structures, where complex interaction
patterns and symmetry requirements can be accurately en-
coded. Current state-of-the-art approaches can be system-
atically categorized into two distinct paradigms: (1) context-
aware atomic generation methods that sequentially build
molecular structures based on binding site characteristics and
previously generated atoms, and (2) coordinate-based gen-
eration techniques that directly predict complete 3D atomic
configurations, as exemplified by diffusion modeling ap-
proaches. Notably, the AlphaFold3 framework incorporates

diffusion-based structure generation, demonstrating un-
precedented capability in predicting complex molecular as-
semblies comprising proteins, nucleic acids, small
molecules, ions, and post-translational modifications.
Comparative analyses reveal that these advanced AlphaFold
implementations achieve substantial improvements in pre-
diction accuracy over conventional computational tools
[61].
Regarding small molecule-material interactions, current

research has predominantly focused on predictive tasks, with
limited exploration of generative or design-oriented ap-
proaches. Several computational methodologies have been
developed to characterize material-molecule interactions,
including NPCoronaPredict—a specialized framework for
modeling NP-coronavirus interactions (e.g., SARS-CoV-2)
with direct applications in therapeutic delivery systems,
vaccine development, and antiviral material engineering
[62]. Table 3 systematically summarizes existing computa-
tional approaches for predicting key interaction parameters
including binding energies, interfacial forces, and molecular
adsorption configurations in material systems.
Explainable artificial intelligence (XAI) plays a crucial

role in drug discovery by identifying critical molecular
substructures or functional groups that influence target
properties. While significant progress has been made in de-
veloping XAI methods for conventional 2D graph neural
networks, interpretability techniques for geometric deep
learning (GDL) models operating on 3D molecular graphs
remain relatively underdeveloped. Current GDL interpreta-
tion approaches [63,64] primarily focus on analyzing and
visualizing learned representations through systematic ar-

Table 2 ML-based protein conformation generation models

Subtasks Approaches Name

Protein folding Two-stage learning RaptorX-Contact, AlphaFold1, trRoseTTA

Protein representation End-to-end learning AlphaFold3, AlphaFold2, RoseTTAFold, ESMFold, OpenFold

Learning Invariant networks IEConv, HoloProt, MaSIF, dMaSIF, ProteinMPNN, GearNet,
ProNet, PiFold, CDConv GVP-GNN, GBPNet

Protein Equivariant networks
Structure representation: coordinates ProtDiff, Chroma, Genie, LatentDiff

Backbone Structure representation: frames RFdiffusion, FrameDiff

Generation Structure representation: internal angles FoldingDiff

Table 3 ML-based protein(material)-small molecule conformation generation models

Subtasks Approaches Name

Protein-ligand binding prediction Predict coordinates RaptorX-Contact, AlphaFold1, trRoseTTA

Structure-based drug design End-to-end learning AlphaFold3, AlphaFold2, RoseTTAFold, ESMFold, OpenFold

Molecule and material interactions Invariant networks IEConv, HoloProt, MaSIF, dMaSIF, ProteinMPNN, GearNet,
ProNet, PiFold, CDConv GVP-GNN, GBPNet
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chitectural examination. A recent advancement introduced a
perturbation-based interpretation method specifically de-
signed for 3D point clouds [65]. This technique employs a
trainable interpreter model that introduces controlled noise to
individual 3D coordinates while jointly training with the
target GDL model. The resulting noise patterns generate
importance scores for each spatial point, providing local
interpretability. However, this framework currently only
addresses invariant prediction tasks and does not account for
the fundamental geometric constraints of equivariance in its
interpretations [66]. Consequently, there exists a pressing
need for novel XAI methodologies specifically tailored to
equivariant GDL architectures that preserve the geometric
consistency of both predictions and their explanations.

3 AI-based new research paradigm for nano-
medicine

The integration of AI and nanotechnology has driven
groundbreaking advancements in medical diagnostics, en-
abling rapid, precise, and scalable solutions for disease de-
tection. This section explores two critical domains—
nanosensors and micro/nanofluidics—and their synergy with
AI to overcome challenges related to sensitivity, specificity,
throughput, and real-time biomarker analysis for more ac-
curate and efficient disease diagnosis.

3.1 Nanosensors

The fusion of AI and nanotechnology has transformed dis-
ease detection and diagnosis. By integrating the unique
physicochemical properties of nanomaterials with the bior-
ecognition units, nanosensors achieved exceptional sensi-
tivity and specificity in detecting disease-associated
biomarkers [67–69]. Beyond identifying native biomarkers,
nanosensors can also be engineered as synthetic biomarkers
that generate molecular reporters in response to specific
biological targets in vivo. This innovation addresses key
challenges such as low sensitivity, poor specificity, and the
absence of detectable signals in early-stage diseases, mark-
ing a paradigm shift in diagnostic strategies [70]. Capitaliz-
ing on their X-ray attenuation, magnetic, and optical
properties, various nanoprobes have been developed to en-
hance biomedical imaging techniques, including computed
tomography (CT), magnetic resonance imaging (MRI), and
optical imaging. For instance, quantum dots (QDs) have
been extensively used for biomedical imaging, even within
the near-infrared (NIR) window [71,72]. Recently, Fang
et al. [73] synthesized an erbium-based rare-earth nanoprobe
(pEr) that exhibits distinct emission properties in response to
oxyhemoglobin saturation (sO2) levels. Using this nanop-
robe, they developed a non-invasive bioimaging technique to

evaluate tumor vessel oxygenation within the NIR-IIb
(1,500–1,700 nm) window. Their findings revealed that
cancer cell oxygen consumption modulates vessel sO2 levels
during early tumorigenesis and that a positive response to
immunotherapy is often accompanied by a remarkable de-
crease in tumor vessel sO2 levels.
Despite the progress achieved, nanosensor technology still

faces challenges in clinical disease detection, including
limitations in sensitivity, specificity, and real-time data
analysis. Recent developments in AI offer promising solu-
tions for these challenges, enabling the creation of intelligent
diagnostic platforms with enhanced accuracy and efficiency.
One of AI’s most successful applications in this domain is
biomedical image processing, encompassing automatic seg-
mentation, structure identification, feature extraction, and
report generation [74–76]. For instance, convolutional neural
network (CNN)-based deep learning (DL) models have been
employed to detect and quantify a broad range of gold NP
(AuNP) concentrations used as contrast agents in CT ima-
ging [77]. Magnetic particle imaging (MPI), a noninvasive
and radiation-free diagnostic technique that leverages the
nonlinear magnetic response of superparamagnetic NPs, has
emerged as a valuable imaging modality [78]. However,
challenges in image reconstruction have limited its clinical
applicability. To address this, AI-driven approaches, in-
cluding machine learning (ML) and DL techniques, have
been integrated into MPI workflows, enhancing image re-
construction, resolution and diagnostic accuracy [79,80].
Notably, a unified hybrid DL system was recently developed
to improve breast cancer risk stratification using multimodal
data, demonstrating superior performance compared to ex-
perienced radiologists [81].
Although NIR fluorescence imaging enhances tumor vi-

sualization, it remains susceptible to interference from light
scattering and autofluorescence, leading to reduced clarity
and contrast. To address these issues, several AI-based so-
lutions have been developed. For instance, Ma et al. [82]
utilized generative adversarial network (GAN), a class of DL
models capable of generating high-quality synthetic data, to
transform fluorescence images from the NIR-I/IIa window
(900–1,300 nm) into higher resolution images in the longer-
wavelength NIR-IIb window, significantly improving re-
solution and signal-to-noise ratio. Additionally, the integra-
tion of task-assisted GAN into microscopy acquisition
pipelines enables selection of regions of interest and opti-
mization of imaging sequences, eliminating the need for
manual parameter adjustments during image acquisition
[83]. By coupling neuromorphic detection with CNN-based
DL models, researchers have achieved real-time tracking of
fluorescent NPs with 50 nm spatial resolution and milli-
second temporal resolution, highlighting AI’s potential to
advance both fundamental research and clinical diagnosis
[84].
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Most nanosensors are designed to detect specific targets.
However, disease diagnosis based on individual biomarkers
often suffers from low specificity and poor positive pre-
dictive value. To overcome this challenge, in 2022, Kim
et al. [85] proposed a perception-based strategy that en-
hances diagnostic accuracy by integrating multiple sensory
inputs with a pre-learned pattern library. Perception systems
accomplish target recognition through the alignment of
multiple sensory inputs, each encoding distinct character-
istics, with a pre-learned pattern library. This approach uti-
lizes organic color center (OCC)-functionalized, single-
stranded DNA (ssDNA)-encapsulated single-walled carbon
nanotubes (SWCNTs) to construct nanosensor arrays
(OCC-DNAs, Figure 2A). By training multiple ML models,
including artificial neural networks (ANNs), random forest
(RF), and support vector machines (SVMs), to analyze the
diverse emissions of OCC-DNA nanosensors in response to
various biofluid characteristics, this strategy enabled classi-
fication of high-grade serous ovarian carcinoma (HGSOC)
based on disease-specific molecular fingerprint (Figure 2B).
The optimized SVM model (Figure 2C) demonstrated ex-
ceptional diagnostic performance, achieving a sensitivity of
87% and a specificity of 98%, outperforming conventional
protein biomarker-based tests (Figure 2D).

3.2 Microfluidics and nanofluidics

Microfluidics and nanofluidics, which enable precise control
of fluids at the microliter to picoliter scale [86], offer min-
iaturized lab-on-a-chip systems for disease detection and
diagnosis. These systems facilitate multiplexed analysis of
blood, saliva, sweat, or other body fluids while minimizing

sample consumption. For instance, microfluidic purification
chips allow for the capture and label-free detection of mul-
tiple disease biomarkers from a blood sample, significantly
enhancing target capture and release efficiency compared to
conventional methods [87]. Beyond sample collection and
transport, microfluidic colorimetry enables RNA/DNA am-
plification at the single-nucleotide level, allowing for the
quantification of nucleic acid biomarkers associated with
viral diseases such as COVID-19 and H1N1 influenza A
from saliva [88]. The miniaturization of microfluidic chips
has also led to the development of portable health monitoring
systems. For example, a reported wearable composition de-
tection system integrates a microfluidic module for dynamic
sweat sampling, enabling real-time monitoring of uric acid
and tyrosine levels [89]. At the clinical level, a microfluidic-
based thermophoretic profiling system facilitates early can-
cer detection by precisely profiling extracellular vesicle
surface proteins [90]. These advancements in microfluidics
and nanofluidics are revolutionizing disease detection and
diagnosis by enabling precise fluid manipulation, real-time
monitoring, and integration into cost-effective, miniaturized,
and even wearable diagnostic devices. The ability to collect,
transport, and process minimal fluid volumes with high ac-
curacy improves reproducibility, while rapid data generation
with minimal reagent consumption enhances efficiency and
affordability.
While microfluidic and nanofluidic systems offer sig-

nificant advantages in precision and high-throughput analy-
sis, they also present challenges, particularly in optimizing
complex parameters and managing the vast data streams they
generate. The integration of AI provides a transformative
solution, enhancing the accuracy, efficiency, and scalability

Figure 2 (Color online) (A) Schematic representation of an OCC-DNA nanosensor array. (B) Intensity changes in each OCC-DNA sensors responding to
215 serum samples from patients with HGSOC, other diseases, and healthy donors. (C) Performance comparison of ANN, RF, and SVM models for HGSOC
classification. (D) Classification accuracy of the optimized SVM model (left) versus a conventional biomarker-based test (right). Reproduced with permission
from Ref. [85]. Copyright©2022, Springer Nature.
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of these systems. AI-driven microfluidic and nanofluidic
platforms enable real-time, automated, high-throughput, and
high-precision screening of biological and pathological
samples, and significantly advance point-of-care (PoC) di-
agnostics. DL models have been incorporated into micro-
fluidic platforms for high-throughput single-cell analysis,
flow cytometry, and organ-on-a-chip (OoC) applications,
facilitating blood analysis, omics studies, and pathological
cell sorting. In 2018, a DL-assisted microfluidic cell sorting
system (Figure 3A) was developed, integrating high-
throughput cell microscopy, focusing, and sorting within a
single automated platform [91]. Powered by a CNN model,
the system achieved real-time data acquisition, processing,
decision-making, and actuation within 32 ms, enabling pre-
cise sorting of microalgal and blood cells based on in-
tracellular protein localization and cell-cell interactions.
Given their capability to analyze image arrays, neural net-
works have been widely applied in microfluidic flow cyto-
metry for cell classification. For instance, CNNs can

generate t-distributed stochastic neighbor embedding
(t-SNE) plots from stimulated Raman scattering (SRS) images
collected via flow cytometry, allowing for differentiation of
cell types and pathological conditions (Figure 3B) [92].
Additionally, integrating refractive index (RI) tomography
with neural networks has demonstrated high accuracy in
lymphocyte classification [93]. Pathological cell screening is
a fundamental component of single-cell disease diagnosis. In
2020, a CNN-driven image analysis architecture was em-
ployed for cell localization and segmentation in an omics
analysis system, facilitating single-cell analysis under ex-
perimental conditions [94]. In phenotyping applications, ML
approaches have been integrated with real-time fluorescence
and deformability cytometry (RT-FDC), a novel microfluidic
technique capable of generating multi-dimensional datasets,
to differentiate cancerous from healthy tissue (Figure 3C)
[95]. Given the large volumes of image-based and multi-
dimensional data produced by RT-FDC, AI-driven analysis
has proven particularly effective for this application. The

Figure 3 (Color online) (A) Schematic representation of a deep-learning-assisted microfluidics cell sorting system. Reproduced with permission from Ref.
[91]. Copyright©2018, Cell Press. (B) SRS images of E. gracilis cells cultured under 3 different conditions, with a CNN-generated t-SNE plot for cell
classification. Reproduced with permission from Ref. [92]. Copyright©2019, the Author(s). (C) Machine learning-based phenotyping system for distin-
guishing cancerous tissue from healthy tissue. Reproduced with permission from Ref. [95]. Copyright©2023, the Author(s). (D) Workflow for osteoporosis
drug screening using a bone-on-a-chip system. Reproduced with permission from Ref. [97]. Copyright©2023, the Author(s).
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miniaturized and cost-effective nature of microfluidic chips
makes them valuable tools for a wide range of medical ap-
plications, particularly in resource-limited settings. AI-as-
sisted microfluidic platforms hold the potential to overcome
key challenges in personalized medicine and disease detec-
tion. Moreover, these systems facilitate in vitro rapid drug
screening. For instance, OoC models, which replicate human
physiological environments and simulate complex patholo-
gical conditions, have been integrated with AI to predict
adverse cutaneous drug reactions and assess osteoporosis
treatments (Figure 3D) [96,97]. This convergence of AI and
microfluidics opens new avenues for disease diagnosis and
personalized drug screening, enhancing both therapeutic
development and precision medicine.

4 Nanocarriers for drug delivery

4.1 Lipid NPs

Lipid-based NPs (LBNPs) represent one of the most widely
utilized nanocarriers in clinical practice, particularly for
cancer therapies and nucleic acid delivery [98]. This diverse
category encompasses liposomes, LNPs, solid lipid NPs
(SLNs), and lipid nanoemulsions, among others [99].
Notable examples include Doxil®—the first FDA-approved
liposomal nanomedicine for cancer—and the COVID-19
mRNA vaccine, which relies on LNP technology [7,8]. De-
spite their clinical success, the development of lipid-based
nanomedicines has been remarkably slow [100]. Over the
past three decades, only approximately 20 lipid-based for-
mulations have gained regulatory approval, a stark contrast
to the approximately 20-fold higher number of approved
small-molecule drugs. The development of lipid-based NPs
faces multifaceted challenges: optimizing biocompatibility,
achieving tissue-specific targeting, delivering therapeutic
efficacy, minimizing immunogenicity, and ensuring scalable
manufacturing. Traditional approaches, dependent on em-
pirical trial and error, struggle to navigate the high-dimen-
sional design space defined by lipid chemistry, formulation
parameters, and biological interactions. In recent years, ad-
vances in the integration of AI and machine learning (ML)
have improved efficacy in LBNP design, optimization, and
application in nanomedicine.

4.1.1 AI-driven rational design of functional lipids
Functional lipids, such as ionizable lipids, charged lipids,
and PEGylated lipids, influence key properties of LBNPs,
including stability, encapsulation efficiency, biodistribution,
and cellular uptake [101]. The design and screening of op-
timal functional lipids require a comprehensive under-
standing of their molecular structures, physicochemical
properties, and interactions with drug payloads and other
components. However, traditional lipid discovery and

screening methods are often labor-intensive, time-consum-
ing, and limited in their ability to design, synthesize and
evaluate a vast number of lipid candidates [102,103]. These
limitations highlight the critical need for advanced, high-
throughput, and AI-driven approaches to accelerate func-
tional lipid innovation.
By integratingML, deep learning, and molecular dynamics

simulations, AI can systematically analyze complex datasets,
propose new lipid structures, predict lipid behavior, and
optimize lipid properties for specific therapeutic applications
[104]. For example, AI-driven virtual screening approaches
have been applied in the rational design of ionizable lipids.
The AI-guided ionizable lipid engineering (AGILE) plat-
form, combined with deep learning and combination chem-
istry, was used to streamline ionizable lipid development
with efficient library design, in silico lipid screening via deep
neural networks, and adaptability to diverse cell lines. With
AGILE, researchers identified a potent ionizable lipid, H9,
from 12,000 virtual structures [105]. Furthermore, re-
searchers have gathered various structures of ionizable lipids
from literature sources and patents to predict apparent pKa

and mRNA delivery efficiency of LNPs. AI-driven genera-
tion and screening led to the design and evaluation of nearly
20 million ionizable lipids, identifying several candidates
that demonstrated robust experimental performance [106]. In
another study, a dataset of over 9,000 LNP activity mea-
surements was used to train a directed message-passing
neural network for predicting nucleic acid delivery with di-
verse lipid structures. By evaluating 1.6 million lipids in
silico, two lipids with promising local mRNA delivery effi-
cacy were identified [107]. These examples highlight the
power of AI in rational functional lipid design.

4.1.2 AI-driven formulation design and optimization of
lipid-based NPs
Unlike many other nanocarriers, lipid-based NPs typically
comprise more than two different types of lipids. For in-
stance, FDA-approved Doxil® liposomes contain hydro-
genated soy phosphatidylcholine (HSPC), cholesterol, and
PEG-DSPE in a 56:39:5 molar ratio [108]. Similarly, Mod-
erna’s COVID-19 LNP formulation comprises four lipid
components at optimized molar ratios: ionizable lipid (SM-
102, 50%), helper lipid (DSPC, 10%), cholesterol (38.5%),
and PEG-lipid (DMG-PEG, 1.5%) [109]. The complex lipid
composition poses significant challenges in the formulation
design of lipid-based nanocarriers, making traditional em-
pirical, low-throughput formulation approaches inefficient.
AI models can optimize lipid compositions using empirical
data to achieve ideal physicochemical properties (e.g., size,
surface charge, stability) [110]. By feeding historical data on
formulations into machine learning models, researchers can
predict the most effective lipid ratios and combinations for
specific applications, such as drug delivery, gene therapy, or
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vaccine development. Furthermore, when combined with the
automated high-throughput screening (HTS) workflow,
AI-screened formulation candidates can be efficiently eval-
uated [111].
AI has emerged as a transformative tool for navigating the

complexity of LBNPs. For example, Eugster et al. [112]
demonstrated this potential by training XGBoost models on
over 1,300 liposome formulations, achieving robust predic-
tions for vesicle size and formation probability. This high-
lights a paradigm shift from empirical formulation design to
AI-driven rational engineering, with profound implications
for vaccine development, gene therapy, and precision on-
cology.

4.1.3 AI for lipid-based NPs preparation and production
The preparation and large-scale production of LBNPs pre-
sent significant challenges, particularly in achieving precise
control over particle size, polydispersity, encapsulation ef-
ficiency, and batch-to-batch reproducibility [113,114]. These
challenges make exploring the application of AI in lipid-
based NP production highly significant, especially after the
rise of microfluidic manufacturing during the COVID-19
pandemic.
AI algorithms, particularly deep learning and reinforce-

ment learning models, can analyze high-dimensional data
from experimental and production settings to predict the
ideal conditions for NP assembly. Thus, they hold great
promise for optimizing the preparation parameters for NP
synthesis. For instance, AI can optimize solvent selection,
lipid composition, mixing speed, temperature, and flow rates
in microfluidic systems [115]. Researchers have applied XAI
to predict the complex interactions between formulation and
process parameters, enhancing lipid behavior prediction
during microfluidic production. Through model training, a
reliable framework has been established for transitioning
from traditional liposome production to microfluidic tech-
niques [112].
In addition to optimizing preparation parameters, AI-

driven techniques are being integrated into real-time mon-
itoring systems to improve quality control. By utilizing AI-
enhanced characterization and imaging techniques, such as
Raman spectroscopy, dynamic light scattering (DLS), and
transmission electron microscope (TEM), AI models can
detect suboptimal production conditions and deviations in
NP characteristics [116]. Automated feedback mechanisms
can dynamically adjust process variables, ensuring high re-
producibility and minimizing batch failures. This is parti-
cularly crucial for pharmaceutical applications, where
stringent regulatory compliance requires precise control over
NP specifications.
Furthermore, AI also plays a pivotal role in scaling up

LBNP production for clinical and commercial applications,
addressing critical challenges such as batch-to-batch

reproducibility that arise during the transition from labora-
tory to industrial manufacturing. The AI-assisted autono-
mous, integrated microfluidic (AIM) platform streamlines
LBNP production by combining continuous-flow synthesis,
inline purification, real-time monitoring, and AI-driven
Bayesian optimization [117]. It enables rapid, autonomous
production of tailored liposomal NPs with precise size and
encapsulation control, ensuring reproducibility. These
AI-based predictive models facilitate process adjustments
before actual scale-up, reducing material wastage and im-
proving cost-efficiency.

4.1.4 AI for predicting interactions between lipid-based
NP and biological systems
The interactions between lipid-based NPs and biological
systems play a crucial role in determining their in vivo sta-
bility, biodistribution, therapeutic efficacy, and safety
[118,119]. Upon administration, NPs encounter complex
biological environments, including plasma proteins, immune
cells, physiological barriers, and intracellular trafficking
organelles [120]. Understanding these interactions is essen-
tial for optimizing NP formulations to achieve precise drug
delivery while minimizing off-target effects and im-
munogenicity.
One significant application of AI in this field is the pre-

diction of NP-protein corona formation [121]. When LBNPs
enter biological fluids, proteins from plasma rapidly adsorb
onto their surface, forming a “protein corona”. This corona
alters the biological identity of the NPs, influencing cellular
uptake, immune recognition, and biodistribution [122].
AI-driven predictive models, particularly deep learning, can
analyze high-throughput proteomics data to forecast the
specific plasma proteins likely to bind to different LBNP
formulations. For instance, machine learning (e.g., random
forest and neural network) models were used to learn the
complex relationships between NP properties and corona
composition and then to comprehensively and quantitatively
predict the formation of protein coronas and the related cell
responses [44]. This predictive ability helps researchers de-
sign LBNP formulations to avoid off-target effects and un-
intended immune outcomes.
In addition to predicting the protein corona formation, AI

can help predict the cellular uptake and intracellular traf-
ficking of LBNPs. Machine learning algorithms (e.g., uni-
variate analyses and random forest algorithms) have been
used for analyzing data acquired by pooled screening with
multiomic annotation to identify features of the cancer cells
and NPs that could predict successful NP delivery. This
method identified the SLC46A3 gene as a negative regulator
and predictive biomarker for LBNP uptake [123]. The
AI-driven insights are particularly useful in predicting the
targeting efficiency for specific tissues of NPs, such as the
liver, spleen, or tumor. For example, a supervised deep
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neural network has been trained to predict the organ accu-
mulation of NPs by analyzing mass spectrometry data on the
protein corona composition [124]. These approaches allow
the rational design of LBNPs to improve targeting efficiency,
particularly in cancer therapy and gene delivery applications.
Furthermore, AI is also being used to assess the potential

toxicity of LBNPs. AI models trained on large datasets of NP
compositions and their immunogenic profiles can predict the
likelihood of adverse reactions. Being trained on datasets
that include the physicochemical properties of NPs, exposure
conditions, and cellular responses of different cell lines, AI-
driven models (e.g., Random Forest) exhibited the highest
performance in the given dataset and can be used to predict
NP toxicity, leading to cost and time savings for toxicity
analysis [125].
AI shows significant potential in LBNPs research by en-

abling the rational design of functional lipids, optimizing
formulations, enhancing large-scale production efficiency,
and predicting biological interactions. However, many
challenges still remain in this area, including the need for
standardized datasets and high-throughput experimental va-
lidation. Overcoming these challenges will require inter-
disciplinary collaboration across computational science,
materials chemistry, pharmaceutical science, engineering
science, and biomedical science. With continuous advance-
ments, AI-driven methodologies are expected to accelerate
the development of next-generation LBNPs, paving the way
for more effective and personalized therapeutic solutions.

4.2 Nucleic acid-based nanocarriers

Nucleic acid-based nanocarriers are a class of nanoscale
architectures assembled from DNA, RNA or DNA/RNA
hybrids leveraging nucleic acid nanotechnology, which has
been emerging as a robust framework for next-generation
therapeutics and precision diagnostic systems [126]. As a
best-known paradigm of nucleic acid-based nanocarriers,
two- or three-dimensional DNA origami, which is self-
assembled from a long single-stranded DNA molecule into
nearly arbitrary shapes and patterns by employing hundreds
of short oligonucleotides [127], is becoming a robust tool
possessing great potential in the biomedical and drug de-
livery sectors [128].
In the past fifteen years, nucleic acid nanostructures,

especially DNA origami, have evolved from small oligonu-
cleotide assemblies into megadalton-scale architectures
composed of hundreds to thousands of nucleic acid strands
[129,130]. And characterization of the nanostructures pro-
duces complex datasets. Advances in computational power
have enabled the simulation-based prediction of the nano-
properties across diverse design configurations. As a trans-
formative tool in scientific analytics, AI has fundamentally
transformed conventional approaches to molecular structure

analysis and design. Machine learning is increasingly em-
ployed to optimize synthesis and characterization processes.
By using machine learning algorithms supported by plenty of
open-source machine learning/AI packages, researchers can
analyze vast nanoscience datasets, uncover new patterns, and
accelerate nucleic acid nanostructure discovery through ac-
tive learning, which is fundamentally reshaping experi-
mental planning, data characterization, storage, and
interpretation in nucleic acid nanotechnology.
The most demanding aspect of machine learning im-

plementation involves the accurate identification and ex-
traction of relevant feature descriptors. In DNA origami
specifically, key descriptors in the machine learning pipeline
typically include structural characteristics (e.g., shape, size,
compactness, etc.), biological interactions (e.g., cell type,
etc.), or synthesis process parameters (e.g., temperature,
duration, concentration, etc.) [131]. Taking into account in-
ternalization and in vivo biostability of DNA origami, a more
sophisticated yet highly informative input feature space can
be established. These descriptors are domain-specific and
span the parameter space of interest-whether for novel ma-
terial discovery or performance optimization, thus ascer-
taining the right structure of the DNA origami.
A relatively extensive application of AI in nucleic acid

nanotechnology is relieving data analysis of complicated
nucleic acid nanostructures, which is time-consuming and
prone to operator-dependent variability. Intra-image struc-
tural characterization of nucleic acid assemblies constitutes a
critical requirement for efficient prototyping and quality
assessment in the nano-scaffold fabrication. As a subfield of
machine learning, computer vision (CV) develops intelligent
software with human-like visual recognition and compre-
hension capabilities based on machine learning algorithms,
which helps to resolve the critical limitation of manual
structure annotation in image characterization, such as
atomic force microscopy (AFM) [132]. Convolutional neural
network (CNN)-based CV has been utilized in the detection,
classification, and prediction of DNA origami nanostructures
in recent years.
Kim et al. [133] propose an integrated approach combining

systematic data acquisition protocols with deep learning-
enhanced image super-resolution to enable accurate and
high-throughput AFM characterization. The established
workflow for AFM image acquisition and preprocessing
requires only one matched low- and high-resolution image
pair for effective training of conventional super-resolution
models, significantly reducing data requirements. Im-
plementation for DNA nanostructure metrology reveals
nearly tenfold acceleration in AFM scanning without ap-
preciable precision loss. The integrated transfer learning
module facilitates on-demand optimization for diverse target
samples. This approach proves particularly valuable for the
comprehensive characterization of structurally analogous
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sample variants across diverse environmental parameters or
design iterations.
Using the You Only Look Once (YOLO) v5 deep con-

volutional neural network, Chiriboga et al. [132] outline a
generalized protocol for the rapid automation of DNA
structure detection and classification in raw AFM image
data6. From molecular design to predictive analytics of DNA
nanostructure, a complete pipeline including AFM imaging,
data annotation, data augmentation, model training, and in-
ference is presented, with a methodology integrating data
acquisition and preparation, model building and training,
prediction generation and evaluation, and data curation. The
method reduces AFM image annotation duration by three
orders of magnitude (hours to less than 30 s) with high re-
peatability compared with conventional manual approaches.
Deep neural networks are also utilized by Chen et al. [134]

to develop a YOLOx-based feature enhancement method
(YOLOx+3BiFPNc+attention) for DNA origami, especially
the defective origamis, detection and yield estimation. A
feature enhancement fusion network is proposed with the
attention mechanism. The presence of impurities, including
salt crystals, secondary structures, and noise, does not di-
minish the robustness and accuracy of the approach, which is
confirmed by AFM images from wide-area scans to zoomed-
in regions. The method demonstrates the capability for yield
estimation of the DNA origami in a complex environment,
achieving millisecond-level detection speeds.
Addressing the demand for rapid, high-throughput

screening of fluorescence intensity trajectories, Deep-LASI
(deep-learning assisted single-molecule imaging analysis),
another software suite assisted by deep neural networks, is
introduced by Wanninger et al. [135] for single-, two- and
three-color single-molecule imaging data analysis of multi-
color DNA origami structures. Deep-LASI performs auto-
mated trace sorting, Förster resonance energy transfer
(FRET) correction factor determination, and dynamic state
transition classification with a processing time of 20–100 ms
per trajectory. On the basis of a highly tunable L-shaped
DNA origami structure, Deep-LASI is used to conduct ti-
tration and characterize protein conformational dynamics,
validating its capability in total internal reflection fluores-
cence microscopy and confocal single-molecule FRET
(smFRET) data analysis.
Truong-Quoc et al. [136] present a deep-learning-based

graph neural network for rapidly inferring the three-dimen-
sional conformation of DNA origami assemblies. The graph
neural network demonstrates the base-pair connectivity, se-
quence-dependent geometric and mechanical properties of
base-pair steps, and electrostatic repulsive forces of DNA
origami. To minimize the data-driven loss and the physics-
informed loss, it is designed a hybrid data-driven and phy-
sics-informed approach is designed by incorporating the
mechanical energies into the loss function, besides a detec-

tion for the structural variance. The model achieves near
real-time inference of monomeric DNA origami structure
and enables analysis of supramolecular assemblies com-
prising hundreds of DNA building blocks through an un-
supervised approach. The model also makes it possible to
design DNA origami structures inversely with a given target
shape.
Except for above researches which demonstrate the fea-

sibility of deep neural networks in automatically recognizing
static DNA nanostructures in AFM or fluorescence micro-
scopy, Wang et al. [137] conduct a deep neural networks-
based pipeline for quantifying the structure and mechanical
properties of dynamic DNA origami devices, which is im-
portant to enable their applications in molecular diagnostics,
force sensing, and nanorobotic systems. A YOLOv5 deep
neural network is used to detect the nanostructures from
TEM images of DNA origami (i.e., particle detection), then a
Resnet50 deep neural network is used to detect the con-
formation from individual images (i.e., pose estimation). The
pipeline is also applied to a “Hinge-Nucleosome” system and
a three-arm device to demonstrate its robustness in multiple
dynamic DNA origami devices.
In addition to expediting labor-intensive analytical pro-

cesses, AI has been employed to optimize the design of
nucleic acid-based nanostructures. Sidestepping quantum
molecular modeling, which is difficult to execute quantum
chemistry calculations on large molecular structures of nu-
cleic acids [138], machine learning enables systematic ex-
ploration of the nanostructure design space across diverse
geometries and spatial patterns, reducing the required num-
ber of experimental iterations while maximizing the prob-
ability of achieving target nanocarriers for specific drug
delivery.
Benson et al. [139] present a method for in silico stimu-

lating wireframe DNA nanostructure and assessing their ri-
gidity by applying the coarse-grained molecular dynamics
package oxDNA. An iterative evolution of the more rigid
nanostructure is autonomously generated by inducing
structural mutants through the addition or removal of base
pairs in designated helices or by repositioning of internal
supports. Using the simulation dataset, a graph neural net-
work is trained to predict the beneficial mutations to local or
overall DNA nanostructures and achieve shape fidelity to
target profiles.
In addition, a machine learning model based on an

equivariant Euclidean neural network framework is devel-
oped by Lee et al. [140] to provide quantum-accurate
ab initio electron density profiles for arbitrary DNA nanos-
tructures up to ~225 kDa. Training on B-DNA basepair steps
to capture base interaction, the model obtains the electron
densities with typical errors of less than 1%, and it can ex-
trapolate to the A- and Z-DNA configurations. It is demon-
strated that the computational scaling for the model is linear
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by the calculation of several large-scale DNA nanos-
tructures. In comparison to conventional force field ap-
proaches, this machine learning electron density model can
produce more accurate electrostatic potentials for the pre-
diction of structural properties of designed-DNA nanos-
tructures.
AI is helpful to identify and program the internal behavior

and function of nucleic acid-based nanostructures for bio-
medical applications. Protein corona is the proteins adsorb-
ing on nanostructures in complex biological fluids [141]. It
has been a long-term challenge in nanomedicine to predict
and control protein corona and even engineer their functions.
Most recently, Huzar et al. [142] developed a machine
learning model to predict the protein corona composition
with priority enrichment on a DNA nanostructure based on
properties of both the nanostructures and proteins. Based on
a prepared library of DNA nanostructures with diverse sizes,
shapes, charges, and surface modifications, two machine
learning models are developed to predict whether a protein
will appear in the corona of a DNA nanostructure with 92%
accuracy, which supports the design of DNA nanocarriers
with functionalized protein corona for improved drug de-
livery in vivo.
Overall, the integration of AI in nucleic acid nano-

technology has progressed gradually. It is imperative to build
a comprehensive database or standardized platform for
sharing DNA nanostructure data and developing models,
which is a goal that has not yet been achieved at present, and
will promote the development of nucleic acid-based nanos-
tructures from simple proof-of-concept into biomedical ap-
plications. Some promising resources, such as Nanobase, an
online database of nucleic acid nanostructures introduced by
Poppleton et al. [143], are encouraging the process of ma-
chine learning in the field by sharing existing designs and
promoting data accessibility.

4.3 Peptides and proteins

4.3.1 Fundamentals of AI in peptides and proteins nano-
carrier design
In recent years, AI technologies have achieved breakthrough
progress in the biomedical field, particularly demonstrating
enormous potential in peptide and protein nanocarrier de-
sign. Traditional peptide and protein design primarily relied
on experimental trial and error and limited rational design
approaches, while the introduction of AI has significantly
improved design efficiency and accuracy, accelerating the
translation from design to application. The emergence of
AlphaFold2 represents a major breakthrough for AI in the
field of protein structure prediction. Developed by the
DeepMind team, this system employs deep learning algo-
rithms to predict three-dimensional protein structures with
near-experimental accuracy [144]. For drug delivery nano-

carrier design, accurate prediction of peptide and protein
structures is crucial for understanding their self-assembly
behavior, drug binding properties, and biocompatibility.
RoseTTAFold, as another powerful structure prediction tool,
integrates multi-scale structural information and demon-
strates excellent performance in predicting complex struc-
tural domains [145]. Moreover, advanced evolutionary
algorithms and neural networks have further enhanced our
capability to design peptide structures with precise folding
properties [146]. These AI-driven structure prediction tools
provide a solid structural foundation for nanocarrier design,
enabling researchers to understand nanocarrier behavior at
the molecular level. Recent work by Lin et al. [147] on
evolutionary-scale prediction of atomic-level protein struc-
ture with a language model has further expanded our ability
to predict complex protein structures with unprecedented
accuracy (Figure 4) [148].
Deep learning methods have been widely applied to reveal

the sequence-structure-function relationships of peptides and
proteins. Transformer architecture from natural language
processing has been utilized to build embedding re-
presentations capable of capturing protein language through
pre-training on large-scale protein sequence data, providing a
powerful tool for function prediction [149,150]. In nano-
carrier design, understanding how to sequence variations
affect carrier drug loading capacity, stability, and targeting
performance is particularly important. Comprehensive ma-
chine learning analysis of NPs in cancer research has pro-
vided data-driven insights into nanocarrier performance
across different design parameters [151]. This work sys-
tematically evaluated the relationship between NP properties
and in vivo behavior, establishing a foundation for predictive
nanocarrier design. Peptide self-assembly behavior is key to
constructing nanocarriers. Recent advances in machine
learning approaches have overcome human bias in the dis-
covery of self-assembling peptides [152]. This research re-
vealed how AI can identify non-intuitive sequence patterns
that lead to effective self-assembly, expanding the design
space beyond traditional heuristics (Figure 5).
Large language models have demonstrated remarkable

capabilities in generating functional protein sequences across
diverse families [153]. Madani et al. [153] showed how
models pre-trained on protein sequence data can capture
fundamental principles of protein design, enabling the gen-
eration of novel sequences with desired functionalities for
nanocarrier applications. Building on this foundation, Ferruz
and Höcker [154] demonstrated controllable protein design
with language models, allowing for precise engineering of
proteins with specific properties—a critical advancement for
designing peptide-based delivery systems.
The translation of AI-designed peptides and proteins to

clinical applications requires understanding their in vivo
behaviors. Wang and Höcker [155] developed tumor-selective
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cascade-activatable self-detained nanocarrier systems for
rational design and efficient peptide delivery. Their in-
tegrated theoretical and experimental approach provided
valuable insights into complex delivery processes and es-

tablished design principles for optimizing nanocarrier per-
formance [156]. Supporting these developments, Gao et al.
[157] conducted a systematic review on integrating machine
learning with molecular modeling for drug delivery

Figure 4 (Color online) Structure prediction models for peptide and protein nanocarriers. Artificial intelligence algorithms including AlphaFold2
(Reproduced with permission from Ref. [144]. Copyright©2021, the Author(s)) and RoseTTAFold (Reproduced with permission from Ref. [145]. Copy-
right©2021, the Author(s)) accurately predict three-dimensional molecular conformations, providing essential structural insights that guide the rational design
and optimization of peptide and protein-based nanocarrier systems. Reproduced with permission from Ref. [148]. Copyright©2025, the Author(s).

Figure 5 (Color online) AI algorithms for predicting peptide self-assembly. Machine learning models analyze sequence features to predict assembly
propensity and resulting nanostructure morphologies. Reproduced with permission from Ref. [152]. Copyright©2022, Springer Nature.
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nanocarrier design, highlighting how computational ap-
proaches can accelerate next-generation delivery system
development by establishing predictive relationships be-
tween nanocarrier properties and therapeutic outcomes.

4.3.2 Protein engineering and optimization via AI
Proteins as drug delivery carriers possess high specificity,
biocompatibility, and multi-functionality. AI technology has
significantly accelerated the engineering and optimization
process of protein carriers. Natural proteins such as albumin
and ferritin are ideal drug carriers. Recent advances in lan-
guage models have guided the modification of natural pro-
teins to enhance their drug delivery properties [154]. By
identifying conservation patterns and functional motifs,
these models can predict modifications that maintain struc-
tural integrity while enhancing drug binding capacity.
Groundbreaking work by Cao et al. [158] has developed
methods for designing protein-binding proteins from target
structure alone, enabling the creation of small, stable pro-
teins that can bind to specific targets with high affinity and
specificity. This approach opens new possibilities for de-
signing targeted drug delivery systems with enhanced bind-
ing properties. Comprehensive research on the self-assembly
of peptides to nanostructures has provided insights into how
various non-covalent interactions drive the formation of
different nanoarchitectures that can serve as effective drug
carriers [146].
Protein cages are a class of nanocarriers with hollow

structures capable of encapsulating drug molecules. Recent
advances in protein structure prediction through Alpha-
Fold21 and RoseTTAFold2 have enabled the precise design
of protein cage assemblies with controlled interior volumes
and surface properties. Yang et al. [159] have developed
computational methods for designing non-porous pH-
responsive antibody NPs that can package a variety of mo-
lecular payloads and undergo tunable pH-dependent dis-
assembly in the range of pH 5.9–6.7, providing new routes
for targeted delivery of biologics. These AI-guided ap-
proaches have significantly expanded the design space for
protein-based nanocarriers. Research investigating structure-
induced functional changes in self-assembled peptide nano-
fibers has revealed how such modifications can be leveraged
for targeted drug delivery, demonstrating how subtle struc-
tural modifications can dramatically alter the drug release
profiles and targeting capabilities of peptide nanocarriers
[160].
Controlling protein-protein interfaces is key to construct-

ing complex protein nano-components. Recent evolutionary
language models trained on sequence data can capture the
subtle patterns that govern protein-protein interactions [147].
This approach enables the design of complementary inter-
faces for the precise assembly of multi-component protein
nanostructures. Baker et al. [161] have developed a hier-

archical design method for pseudosymmetric protein nano-
cages, creating large self-assembling protein nanomaterials
with diameters of up to 96 nm, which are the largest bounded
computationally designed protein assemblies generated to
date. Similarly, Lee et al. [148] have developed four-
component protein nanocages through programmed sym-
metry breaking, achieving complex structures with tetra-
hedral, octahedral, and icosahedral symmetries. These
approaches significantly expand the possibilities for de-
signing sophisticated drug delivery vehicles. Functionalized
PLGA-PEG NPs for in vivo targeted drug delivery have es-
tablished important principles for the formulation of poly-
mer-protein hybrid nanocarriers that can be optimized using
AI-based approaches [162].

4.3.3 AI-optimized functional peptides for targeted deliv-
ery
Targeted delivery is a key strategy for improving therapeutic
effects and reducing side effects. AI technology has greatly
accelerated the discovery and optimization process of func-
tional targeting peptides. Utilizing deep learning, a peptide
nanocarrier with improved penetration efficiency can be
designed for antisense oligomers, even RNA and DNA, with
the prediction of nuclear-targeting properties [163]. For
specific targeting, Baker et al. [164] have significantly im-
proved the design of protein binders using deep learning,
increasing the success rate of designed binders nearly
10-fold by combining AlphaFold2 or RoseTTAFold.
Kolodziejski et al. [165] have developed a machine learning-
driven approach for multifunctional peptide engineering,
creating peptides with high melanin binding, efficient cell
penetration, and low cytotoxicity for sustained ocular drug
delivery. Engineering of bacteria-derived outer membrane
vesicles as vaccines using bacterial glycoengineering has
provided insights into how protein and peptide-based na-
nostructures can be designed for targeted immune responses
that could be further optimized using AI-driven approaches
[166,167] (Figure 6).
Tumor-homing peptides can specifically recognize tumor

tissues and are important components for targeted tumor
therapy. Machine learning analyses of large datasets have
identified NP properties that correlate with enhanced tumor
accumulation [151]. Advanced language models can gen-
erate sequences with specific binding affinities to target re-
ceptors [153]. By training on known receptor-ligand
interactions, these models can design novel peptides with
enhanced specificity and binding strength. Shen et al. [168]
have developed advanced machine learning approaches for
designing nanotheranostics, combining therapeutic and di-
agnostic functions in a single nanoplatform.
Designing peptides with both targeting and efficient de-

livery capabilities requires balancing multiple competing
design objectives. Modern AI approaches, particularly those
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incorporating Pareto optimization frameworks, can effec-
tively balance these competing objectives to identify optimal
peptide sequences that maintain high performance across all
relevant metrics. Self-play reinforcement learning has
emerged as a powerful technique for protein engineering, as
demonstrated by Yang et al. [169], allowing for the
optimization of complex protein functions through sequen-
tial decision-making processes. Recent advances in stan-
dardizing protein building blocks, as shown by Courbet et al.
[170], have enabled the blueprint approach to designing
extendable nanomaterials with predictable properties, which
can significantly improve nanocarrier design in protein and
peptide.

4.3.4 AI-optimized functional peptides for targeted delivery
Drug loading efficiency and controlled release are key in-
dicators for evaluating nanocarrier performance. AI tech-
nology provides powerful tools for optimizing these
processes. Understanding the interactions between drugs and
carriers is crucial for optimizing loading efficiency. Gao
et al. [157] demonstrated how molecular modeling combined
with machine learning can predict drug-carrier interactions
with high accuracy. This approach enables the rational de-
sign of nanocarriers with enhanced affinity for specific drug
molecules.
By combining structural biology and machine learning,

smart materials can design stimuli-responsive nanocarriers
for precise drug release and optimized loading efficiency.
Comprehensive machine learning analyses of large datasets

of NPs in preclinical cancer research, as conducted by Conde
et al. [171], have provided valuable insights into how NP
properties influence their therapeutic performance, guiding
the rational design of drug delivery systems (Figure 7).
Cleavable peptide linkers are important components for

achieving controlled drug release. Machine learning models
trained on protease specificity data can design peptide se-
quences with precise degradation kinetics in response to
disease-specific enzymes. These linkers enable the devel-
opment of intelligently responsive drug delivery systems that
release their cargo selectively at disease sites. Maximizing
drug loading capacity is a key goal in nanocarrier design. The
development of nanotheranostics guided by machine learn-
ing has further expanded the functionality of drug delivery
nanocarriers by integrating therapeutic and diagnostic
capabilities [168].

4.3.5 Future perspectives in AI-designed peptide/protein
nanocarriers
The application of AI in peptide and protein nanocarrier
design is in a stage of rapid development and will further
promote the development of personalized precision medicine
in the future. End-to-end platforms integrating design, opti-
mization, and validation are future development directions.
Pandi et al. [172] demonstrated the combination of cell-free
biosynthesis with deep learning, which offers a powerful
approach to accelerate the de novo development of func-
tional peptides. Human-in-the-loop approaches developed by
Xu et al. [173], can significantly accelerate the prediction

Figure 6 (Color online) AI for designing cell-penetrating and tumor-homing peptides. Reproduced with permission from Ref. [167]. Copyright©2024, the
Author(s). Neural networks analyze structure-function relationships to optimize peptides for cellular penetration and tumor targeting.
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and discovery of peptide hydrogels by integrating expert
knowledge with computational predictions. These compre-
hensive platforms that combine multiple AI technologies for
automated design, optimization, and validation of peptide/
protein nanocarriers will significantly accelerate the devel-
opment cycle from concept to clinical application.
Transfer learning can accelerate the design of novel na-

nocarriers. By leveraging knowledge gained from related
domains, transfer learning approaches can significantly re-
duce the amount of experimental data required to design
effective nanocarriers for new applications or target diseases.
This approach is particularly valuable for developing per-
sonalized delivery systems based on limited patient-specific
data. Improving the explainability of AI decisions is crucial
for rational design. As machine learning models become
increasingly complex, ensuring transparency in their deci-
sion-making processes becomes essential for scientific pro-
gress. Advanced interpretability methods can reveal the
molecular features that drive model predictions, providing
valuable insights for rational nanocarrier design.
Personalized medicine is a future development trend.

AI-driven approaches that integrate multi-omics patient data
with nanocarrier design principles can enable the develop-
ment of personalized delivery systems tailored to individual
patient profiles. These systems can account for variations in
disease presentation, metabolism, and immune responses to
optimize therapeutic outcomes. The integration of quantum
computing with AI techniques promises to unlock new
capabilities for designing highly complex nanocarrier sys-
tems with unprecedented precision and functionality.
Quantum algorithms offer the potential to efficiently explore
the vast conformational spaces of proteins that remain

challenging for classical computing approaches, which could
revolutionize the field of protein nanocarrier design in the
coming years (Figure 8).

4.4 Polymers

Polymeric nanocarriers have shown great potential in drug
delivery due to their advantages, such as controlled drug
release, biocompatibility, and targeted delivery [174].
However, designing optimized polymeric drug delivery
systems requires precise control over material properties,
drug loading efficiency, and release kinetics. Traditional
trial-and-error methods are time-consuming and inefficient,
highlighting the need for advanced computational ap-
proaches. AI is transforming the field of polymeric nano-
medicine by accelerating material screening, optimizing
formulations, and predicting in vivo behavior [175]. This
section provides an overview of the role of AI in the design,
optimization, and biomedical applications of polymeric na-
nocarriers for drug delivery.

4.4.1 AI-based design and optimization of polymeric na-
nocarrier formulations
AI is increasingly applied in nanomedicine, particularly in
the design and optimization of polymeric nanocarriers for
drug delivery [176]. AI techniques such as big data analysis,
machine learning (ML), and computational simulations en-
able the efficient prediction of key nanocarrier parameters,
including solubility, biodegradability, and drug binding ca-
pacity, facilitating optimized carrier formulations. Su-
pervised learning models can select polymeric nanocarriers
with the best drug encapsulation efficiency and stability,

Figure 7 (Color online) AI design of stimuli-responsive release mechanisms. AI algorithms design peptide sequences that respond to environmental
triggers (pH, temperature, enzymes) for controlled drug release at target sites.
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enabling precise and efficient drug delivery strategies [175].
AI is useful in the early design phase of nanocarriers,

predicting drug-carrier interactions and optimizing for-
mulations [177]. For example, Hathout and Metwally [178]
proposed a computer-assisted drug formulation design
method. They used molecular dynamics simulations to
model nanocarriers of trimyristin and poly(lactide-co-
glycolide) (PLGA), studied drug-carrier interactions through
molecular docking, and correlated binding energies with
drug loading. Using an artificial neural network (ANN), they
analyzed the effects of drug molecular descriptors on binding
energy and drug loading, showing that AI could accurately
predict drug loading, saving experimental time and effort.
Machine learning combined with experimental design also
plays a significant role in optimizing drug delivery systems.
Raza et al. [179] used an artificial neural network and design
of experiments (ANN-DoE) approach to optimize sorafenib-
loaded self-assembled NPs based on fucoidan and poly-
ethyleneimine. Their study revealed that the ANN-DoE
model accurately predicted the relationship between polymer
concentration and NP size, leading to stable NPs with high

encapsulation efficiency, offering a promising solution for
anticancer drug delivery. AI is also used to predict drug re-
lease behavior and guide formulation design. Ainslie et al.
[180] focused on AI-assisted drug release from polymeric
NPs. They developed a diffusion-erosion model to describe
drug release based on drug diffusion and polymer degrada-
tion. Using machine learning to estimate the diffusion
coefficient, they could accurately predict in vitro drug re-
lease, which helped design Ace-DEX-based formulations. In
combination therapy, optimizing dual-drug-loaded NPs is
crucial. Zhao et al. [181] used machine learning combined
with sequential nanoprecipitation to prepare dual-drug-
loaded polymeric NPs. Their study identified hydrophobicity
as a key factor influencing formulation performance, with
polymer selection also playing a significant role. Most of the
evaluated formulations showed good stability, with dual-
drug NPs achieving high loading efficiency, providing new
insights for combination therapy.
While significant progress has been made in drug delivery,

challenges remain in gene delivery, particularly in develop-
ing efficient polymers to replace viral vectors [182,183].

Figure 8 (Color online) Integrated AI platforms for end-to-end nanocarrier development. A comprehensive platform that combines multiple AI technol-
ogies for automated design, optimization, and validation of peptide/protein nanocarriers.
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Reineke et al. [184] synthesized 43 polymers via reversible
addition-fragmentation chain transfer polymerization and
identified the polycationic carrier P38 as efficient for plas-
mid DNA delivery. ML methods like SHapley Additive ex-
Planation and causal modeling revealed different design
requirements for pDNA and ribonucleoproteins, offering
guidance for the design of polymeric carriers tailored for
specific therapeutic needs (Figure 9). AI is revolutionizing
the design and optimization of polymeric nanocarriers, sig-
nificantly enhancing the precision, efficiency, and ther-
apeutic potential of drug and gene delivery systems.

4.4.2 AI-driven controlled synthesis of polymeric nano-
carriers
Polymeric nanocarriers enable targeted drug delivery but
require precise control of size, drug-loading, and surface
charge. AI optimizes synthesis parameters via data-driven
models, establishing quantitative structure-property re-

lationships for programmable release and targeting. This
reduces trial-and-error, accelerating tailored nanomedicine
development with reproducible, scalable production.
As a practical polymeric carrier, the controlled synthesis of

PLGA is frequently investigated using AI-driven data
models [185–187]. Huwaimel and Alqarni [185] developed
an AI framework to optimize PLGA NP synthesis via na-
noprecipitation. Integrating antisolvent properties, polymer
parameters, and concentration gradients, a three-phase model
was implemented: data preprocessing (outlier removal, nor-
malization), hybrid regression (LASSO-SVR with ensemble
learning) for size prediction, and glowworm swarm optimi-
zation for hyperparameter tuning, achieving high zeta po-
tential accuracy (R2 > 0.9). This AI-driven approach enables
precise control of NP size and surface charge while mini-
mizing synthesis variability, advancing programmable na-
nocarriers for tailored therapeutics.
ANN enables controlled polymeric nanocarrier synthesis

Figure 9 (Color online) Combinatorial library polymers with characterized pDNA loading and multimeric assembly, enabling rapid evaluation of inter-
nalization, delivery efficiency, and toxicity. Interpretable ML methods derive structure-function relationships. Reproduced permission from Ref. [184].
Copyright©2022, the Author(s).
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through nonlinear mapping of polymer properties (molecular
weight, hydrophobicity) and process parameters [188–190].
By establishing “synthesis-structure-performance” models,
ANN predicts particle size, polydispersity, and surface
charge while optimizing nanoprecipitation and micro-
fluidics. This data-driven approach reduces trial-and-error,
advancing programmable nanodrug delivery systems via
end-to-end design.
Hashad et al. [190] developed an ANN to optimize chit-

osan-tripolyphosphate NP synthesis. By linking chitosan-
TPP ratios to synthesis outcomes, the ANN model achieved
precise control over particle size, zeta potential, and yield
while preventing aggregation. This study demonstrated
ANN’s capability in simultaneously predicting NP char-
acteristics and process efficiency, establishing a data-driven
framework for controllable nanocarrier design. The approach
enables reproducible fabrication of functional drug delivery
systems through intelligent parameter optimization.

4.4.3 AI-driven controlled release of polymeric nano-
carriers
AI is transforming polymeric nanocarrier release kinetics
research from empirical to computational approaches by
decoding multifactorial release mechanisms. Traditional
methods, limited by nonlinear material-process-environment
interactions (e.g., polymer crystallinity, drug hydrophobicity,
and pH), fail to systematically resolve release regulation. ML
algorithms like ANN build quantitative models linking
multiscale parameters to release dynamics, enabling two
breakthroughs: nonlinear interaction decoding through graph
theory-integrated deep learning reveals hidden material-en-
vironment-kinetics relationships, while inverse design using
ANN and Bayesian optimization reverse-engineers process
parameters (solvent ratios, emulsification) to optimize drug
loading and burst suppression [191]. This AI-driven frame-
work enables predictive nanocarrier engineering with tai-
lored release profiles, advancing intelligent drug delivery
systems [188,192–195].
Narasimhan et al. [192] developed an AI-driven frame-

work to optimize drug release kinetics in polyanhydride
nanocarriers. By integrating polymer chemistry, drug prop-
erties, and NP parameters, the hybrid model combined linear
manifold learning with nonlinear graph-theoretic analysis.
While linear methods identified key descriptors (e.g., poly-
mer hydrophobicity), nonlinear modeling achieved high-
precision predictions (<10% error) for novel antibiotics,
even with untrained atomic groups. The model maintains
robustness (ΔR2 < 0.05) when incorporating new formula-
tions. Leveraging DrugBank data and minimal experimental
inputs, this framework enables virtual screening of polymer-
drug pairs and programmable release kinetics, accelerating
antibacterial nanomedicine development with controlled
burst suppression and sustained delivery.

4.4.4 AI-driven multiscale modeling of polymeric nano-
carrier-biointeractions for precision drug delivery
The delivery efficiency and safety of polymeric nanocarriers
are governed by their structural characteristics, biological
barrier penetration capacity, and microenvironmental re-
sponsiveness. Clinical translation challenges primarily stem
from insufficient mechanistic insights into hierarchical nano-
bio interactions across tissue-cellular-molecular scales. Off-
target risks can be attributed to sequential biological barriers,
including systemic clearance, tissue permeation, and in-
tracellular delivery [13]. AI-enhanced quantitative structure-
activity relationship (QSAR) models integrate multi-omics
data with polymeric carrier parameters to dynamically si-
mulate biointerfacial interactions. This paradigm bridges
structure-function relationships of polymeric architectures
with tissue-organ delivery dynamics, establishing a pre-
dictive multiscale framework that correlates physicochem-
ical properties of nanocarriers with therapeutic efficacy
outcomes [25].
In gene delivery system optimization, poly(β-amino ester)

(pBAE) has garnered significant attention due to its bio-
compatibility and tunable chemical architecture. However,
its delivery efficiency is constrained by multifaceted factors
including polymer internal structure, compositional dis-
tribution, and cellular uptake mechanisms, rendering con-
ventional experimental screening approaches labor-intensive
and inefficient. The integration of AI technology provides
novel strategies to decode pBAE’s structure-performance
relationships. Current studies explore AI applications in
pBAE optimization from multiple perspectives. Initial work
quantitatively analyzed pBAE component distributions, re-
vealing synergistic effects between high- and low-molecular-
weight fractions to guide structural refinement [188]. Sub-
sequent research expanded to large-scale pBAE libraries,
employing ML to construct cross-cell-line transfection and
toxicity prediction models, thereby enhancing screening ef-
ficiency and applicability [196]. Further investigations in-
tegrated AI to elucidate pBAE cellular uptake mechanisms,
identifying critical determinants (backbone configuration,
terminal oligopeptides, particle size) of endocytic pathways
[197]. This progression from polymer composition optimi-
zation to high-throughput modeling and cellular interaction
mechanism decoding establishes a theoretical foundation and
technical roadmap for intelligent design of advanced gene
delivery vectors.
Chan’s seminal research [124] on the correlation between

polymeric nanocarrier structure and biodistribution demon-
strates that polyethylene glycol-coated gold NPs exhibit
complex cascading distribution behaviors in biological sys-
tems. These behaviors are governed not only by surface
chemistry but also by dynamic protein corona evolution,
vascular network permeation efficiency, and extracellular
matrix interactions. By integrating proteomics with
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supervised deep learning, the team pioneered a hierarchical
QSAR model linking surface modifications to organ-specific
biodistribution. This model quantitatively established that
distinct patterns of surface-adsorbed proteins drive hepatic
and splenic targeting. Further extending QSAR analysis to
micrometastases, ML revealed that microenvironmental
parameters such as vascular density and matrix heterogeneity
regulate diffusion kinetics, which directly govern cellular
uptake efficiency (Figure 10) [198]. Early-stage micro-
metastases, characterized by immature vasculature and
simplified stromal architecture, demonstrated a 50% increase
in NP penetration compared to primary tumors. Collectively,
these studies established a multiscale QSAR framework in-
tegrating systemic biological analysis of organ-level dis-
tribution and microenvironment-focused cellular delivery
mechanisms. The framework reconciles active modulation of
macroscopic biological barriers with passive targeting stra-
tegies at microscopic scales. Future developments in multi-
omics-driven dynamic QSAR modeling are poised to be-
come pivotal for achieving precision nanomedicine delivery
and overcoming complex biological barriers.

5 Inorganic NPs for adjuvant therapy

5.1 Tumor radiosensitizers

As a clinically feasible regime, radiotherapy is at the fore-
front in curing various solid tumors through directly or in-
directly damaging DNA of malignant cancer cells as well as

their other intracellular biomacromolecules including
proteins [199]. High-Z nanoparticles (NPs) have emerged as
promising nanoscale radiosensitizers due to their strong ra-
diation attenuation capabilities and ability to enhance local
energy deposition through secondary electron generation and
reactive species production. A wide range of high-Z NPs—
such as Au, Bi, Hf, and W—have demonstrated significant
improvements in radiotherapeutic efficacy, particularly in
overcoming the resistance of hypoxic tumor cells. Experi-
mental evidence highlights that the radiosensitization effects
of these NPs are strongly influenced by their size, shape, and
surface chemistry. Studies have reported size-dependent
enhancement in DNA damage and tumor suppression, shape-
dependent cellular uptake efficiencies, and surface-ligand-
dependent variations in ROS generation and cell death
pathways. For instance, PEGylated AuNPs show superior
radiosensitization compared to citrate-coated counterparts,
and nanospike geometries functionalized with cell-pene-
trating peptides yield higher sensitization ratios. Collec-
tively, these findings underscore the complex relationship
between the physicochemical characteristics of high-Z NPs
and their biological performance under ionizing radiation
(see Supporting Information online for detailed discussion
and references, Section S1).
Despite these advances made, much remains largely un-

known regarding the influence of morphology features and
surface functionalization on the radiosensitization by high-Z
NPs, thereby it is difficult to define the desired size, shape,
and surface properties to improve their radiotherapeutic

Figure 10 (Color online) (A–E) ML image segmentation technology was used to analyze 3D microscopic images of liver, quantitatively characterize the
spatial distribution of nuclei, blood vessels and NP strength in micrometastases, and analyze the distance between cells and blood vessels to construct an
individualized quantitative feature map of micrometastases. Reproduced with permission from Ref. [198]. Copyright©2019, the Author(s).
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efficacy. In this case, the central issue of current research
should be to consider the precise control over the morphology
features and surface properties of high-Z NPs. Current
synthesis of high-Z NPs primarily includes hydrothermal,
solvothermal, precipitation, chemical reduction, and thermal
decomposition processes. Generally, most of the experi-
mental parameters involved in these methods, such as tem-
perature, concentration, reaction time, and surface ligand, are
strongly interdependent upon each other during the forma-
tion of high-Z NPs. Therefore, lots of trial-and-error ap-
proaches are required to understand the complex
interdependence effects, experimentally making the synth-
esis of desired high-Z NPs rather laborious, time-consuming,
and resource-intensive. For example, a small disturbance of
reagent concentrations and pH could cause a drastic differ-
ence in the size of AuNPs, and therefore hundreds of syn-
thetic experiments are needed to ascertain the optimum
parameters for better radiosensitization effects [200].
To circumvent these bottlenecks and simultaneously ex-

pedite the discovery of novel nanoscale radiosensitizers,
integration of AI, especially deep learning algorithms, with
the methods mentioned above, offers a powerful tool to relate
experimental parameters to the morphology features of high-
Z NPs and thereby develop efficient protocols for their
synthesis [201,202]. During process development, experi-
mental conditions/results serve as input to machine learning
algorithms, learning the mathematical relationships between
the morphology features of interest (e.g., shape, size, or
crystalline structure) and a set of experimental conditions
(e.g., temperature, concentration, or reaction time), the sur-
face propertied of interest (e.g., zeta potential) and a set of
experimental conditions, or even the radiosensitization effect
and physicochemical properties of high-Z NPs. These es-
tablished relationships are particularly useful to guide the
synthesis of high-Z NPs with tight specifications in terms of
shape and size and to help understand the influence of
morphology features and physicochemical properties on
their radiosensitization effects. For the former case, some
efforts have been devoted recently to providing new insights
into the synthesis of high-Z metal NP. Schletz et al. [203]
used interdependent variation parameters such as precursor,
capping agent, reducing agent, and the amount of gold seeds
as input conditions and the size of AuNPs as output targets.
These were trained with tree-based machine learning algo-
rithms including Linear Regression, Random Forest Re-
gression, AdaBoost, and XGBoost, to learn the algorithms on
the semi-batch, seed-mediated synthesis of AuNPs, finally
establishing the correlation between synthesis parameters
and size to predict the synthetic outcomes and optimize ex-
periment planning. Li et al. [204] presented a machine
learning model by stacking Siamese neural networks with
the graph convolutional neural networks. By training the
limited data (only 54 examples), more chemical insights

could be acquired from the decision tree to understand the
synthesis process and help guide the synthesis of desired
AuNPs. The hybrid model, achieved by combining artificial
neural network and modified particle swarm optimization,
could establish the relationships between the size of silver
NPs (AgNPs) and practical parameters including tempera-
ture, pH, feed rate, AgNO3 to opium ratio, and agitation
speed, finally producing optimal conditions to yield AgNPs
with the average diameter of approximately 4 nm [205]. By
extracting experimental data from an eight-dimensional
chemical space (Au-Ag-Cu-Co-Ni-Pd-Sn-Pt) as inputs, Wahl
et al. [206] used the Bayesian optimization algorithm to
predict the synthesis of polyelemental nanomaterials and
guide their synthesis to achieve targeted structural properties.
Unfortunately, artificial intelligence-assisted synthesis has
yet to be used for the fabrication of high-Z NPs as nanoscale
radiosensitizers, and, so far, no studies have been devoted to
understanding how the morphology features and physico-
chemical properties affect their radiosensitization effects and
interact with each other. Given the complicated properties of
high-Z NPs and the complexity of the biological responses,
the introduction of AI into the field of nanoscale radio-
sensitizers could provide an effective alternative way to
achieve better decision-making to design high-Z NPs with
ideal features and explore corresponding mechanisms of
radiosensitization. In fact, during the radiotherapy workflow,
considerable studies have demonstrated a proof of principle
that AI could be used to extract robust features such as
radiomics and genomics, effectively establishing predictive
models for treatment response [207–210]. For example, a
novel artificial neural network with selective connection
based on gene patterns could learn the gene pattern in-
formation and provide insights into radiosensitivity and
radiocurability [211]. The nomogram based on radiomics
signature showed proper sensitivity to predict the risk of
local recurrence after intensity-modulated radiotherapy.

5.2 Tumor catalytic therapy

Catalytic tumor therapy has emerged as a transformative
paradigm in tumor treatment, leveraging in situ catalytic
reactions to selectively eliminate cancer cells [212]. This
approach utilizes engineered catalytic biomaterials that ex-
ploit endogenous tumor microenvironment (TME), such as
acidic pH and elevated hydrogen peroxide (H2O2) levels
[213], or respond to exogenous stimuli including light, ul-
trasound, magnetic field, X-rays or thermal triggers to gen-
erate cytotoxic agents/species at the tumor site [214].
Especially, Huang and Chen [215] recently proposed the
concept of pancatalytic medicine by holistic management of
catalytic biomaterial preparation (P), catalytic biological
effect activation (A) and non-toxic (N) catalytic therapy of
tumor or other diseases, which further significantly promotes
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the clinical translation of catalytic biomaterials for versatile
disease treatment. Although a wide spectrum of catalytic
biomaterials, including nanozymes [216], photosensitizers,
sonosensitizers, magnetic NPs, and thermoelectric agents
[217], have demonstrated the desirable therapeutic potential,
clinical translation remains impeded by several challenges.
Chief among these are the inherent complexity and varia-
bility of the TME, limited predictive understanding of bio-
material behavior in vivo, and the need for personalized
therapeutic regimens tailored to individual patient profiles,
which have significantly hindered the translation of catalytic
tumor therapy from bench to bedside.
Recent breakthroughs in AI have catalyzed innovation

across biomedical disciplines, including drug discovery and
materials science, by offering data-centric approaches cap-
able of resolving nonlinear high-dimensional problems. In
the context of catalytic tumor therapy, AI is rapidly gaining
traction for its ability to optimize catalytic biomaterial de-
sign, predict tumor-specific catalytic reactions, and enable
individualized therapeutic strategies. By integrating hetero-
geneous datasets ranging from experimental assays to
quantum mechanical simulations to public repositories, AI
algorithms can uncover latent patterns and generate pre-
dictive models of materials-biological system interactions.
This facilitates the rational design of next-generation cata-
lytic agents, enhances mechanistic understanding of their
biological fate, and circumvents the inefficiencies of tradi-
tional trial-and-error methodologies. Consequently, AI is
poised to accelerate the development of more efficient,
adaptable, and clinically viable catalytic tumor therapies,
ushering in a new era of precision oncology.
The implementation of AI in catalytic tumor therapy ty-

pically adheres to a systematic, multi-step process, encom-
passing data aggregation, feature engineering, model
development, performance validation, and clinical applica-
tions (Figure 11). Initially, diverse data types, such as phy-
sicochemical measurements, theoretical calculations (e.g.,
density functional theory, Monte Carlo simulations), high-
throughput screening outputs, and multi-omics data derived
from patient biopsies, are curated to capture the multi-
dimensional nature of both catalytic biomaterials and tumor
biology. From these inputs, a range of descriptors is con-
structed to encode structural, electronic, and biological at-
tributes. Subsequently, machine learning (ML) models,
spanning conventional algorithms (e.g., random forests,
support vector machines) to advanced deep learning archi-
tectures (e.g., graph neural networks, Transformers), are
trained to map these features to therapeutic outcomes, in-
cluding drug loading efficiency, catalytic efficiency, and
tumor responsiveness. Interpretability methods such as
SHapley Additive exPlanations are employed to identify key
drivers for performance, thereby guiding iterative optimi-
zation of materials and treatment regimens. This closed-loop

pipeline integrates in silico predictions with experimental
feedback, enabling continuous refinement and broader
applicability across various therapeutic contexts.
Among the most impactful applications of AI in catalytic

tumor therapy is the rational design and high-throughput
screening of catalytic biomaterials. Traditionally reliant on
heuristics and labor-intensive methods, the development of
catalytic biomaterials is undergoing a paradigm shift enabled
by AI-driven prediction of structure-function relationships.
Machine learning models can correlate key physicochemical
features, such as particle size, surface area, band gap energy,
and coordination geometry, with performance metrics like
reactive oxygen species (ROS) yield [218], enzyme-mi-
micking activity, or energy conversion efficiency. In photo-
catalytic systems, machine learning models trained on
molecular fingerprints, electronic descriptors, and quantum
chemical properties have accurately predicted light absorp-
tion characteristics, enabling the pre-synthesis optimization
of hybrid structures like Pt-Mn nanocomposites [219,220].
More sophisticated deep learning models, such as graph
neural networks, capture spatial and electronic features at the
atomic level, supporting the prediction of adsorption en-
ergies and catalytic turnover rates under tumor-relevant
conditions [221]. These models have been instrumental in
identifying metal-organic frameworks with high drug load-
ing capacities, and designing nanozymes with customized
enzyme-mimetic activity adapted to specific TME [222,223].
When integrated with databases like the Materials Project,
AI-driven virtual screening pipelines dramatically accelerate
the discovery of high-potential candidates [224]. Further-
more, model interpretability tools provide mechanistic in-
sights into how specific design parameters modulate
therapeutic performance, bridging the gap between pre-
dictive modeling and rational material synthesis [225].
In addition to catalytic biomaterials design, a major fron-

tier in catalytic tumor therapy lies in elucidating the “mate-
rial-biology interface”, which is the complex zone where
nanomaterials interact with biomolecules, cells, and tissues.
These interactions govern processes such as cellular uptake,
biodistribution, immune recognition, and catalytic reactivity,
ultimately determining therapeutic outcomes. However,
conventional experimental approaches often fall short of
capturing the full spatiotemporal dynamics of these inter-
actions. AI offers the ability to decode this interface by in-
tegrating high-dimensional and multimodal datasets, often in
conjunction with other physical simulations (e.g., molecular
dynamic simulation) [226]. For example, AI-assisted pro-
tein-protein interaction analyses have been used to identify
synergistic drug candidates targeting pyroptosis regulators
[227]. Omics-integrated models have elucidated how meta-
bolic pathways (e.g., lipid metabolism), cytoskeletal re-
modeling, and signaling cascades (e.g., Notch/Akt) influence
NP trafficking and therapeutic efficacy [228]. AI has also
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been applied to spatially resolve tumor heterogeneity by
integrating histopathological imaging with molecular
profiles, revealing how features such as stromal density and
vascular architecture affect nanocatalyst penetration and lo-
cal reactivity [222]. Active learning frameworks combined
with fluorescence-based high-content imaging further enable
iterative optimization of NP surface properties such as
PEGylation and charge density as tailored to specific biolo-
gical milieus [229]. Collectively, these AI-guided strategies
transform static material design into a dynamic, systems-
level engineering of therapeutic biomaterial platforms.
The ultimate objective of catalytic tumor therapy is to

induce potent, tumor-specific cytotoxic effects while mini-
mizing systemic toxicity. AI models have been instrumental
in achieving this balance by predicting therapeutic efficacy
and safety profiles based on integrated datasets. For instance,
machine learning algorithms have identified oncolytic pep-
tides that exhibit high selectivity for cancer cells while
sparing healthy tissues [230]. In clinical oncology, multi-
modal AI frameworks, such as Multi-Modal model, suc-
cessfully predicted patient-specific outcomes (e.g.,

progression-free survival) in response to HER2-targeted
therapies and their combinations with immunotherapies
[231]. These tools enable dynamic adjustment of treatment
regimens based on tumor responsiveness. AI also facilitates
the design of synergistic therapeutic combinations, such as
catalytic agents co-delivered with drugs that induce ferrop-
tosis while avoiding counterproductive autophagy responses
[232]. Moreover, AI-guided identification of im-
munomodulatory biomarkers, through network-based ML
analysis of gene expression, has improved prediction of
immune checkpoint inhibitor responses, surpassing tradi-
tional metrics such as PD-L1 expression [229,233]. Through
accurate modeling of therapeutic efficacy, immunological
interactions, and toxicity, AI has evolved into a critical
component in the decision-making pipeline for catalytic tu-
mor treatment.
Despite its transformative potential, the AI-driven catalytic

tumor therapy still faces significant barriers, including the
scarcity of standardized high-quality datasets, the inherent
heterogeneity and dynamism of the TME, and challenges in
integrating multimodal data types with varying dimension-

Figure 11 (Color online) Schematic illustration of the AI-enabled workflow for catalytic tumor therapy. The pipeline encompasses data collection, feature
extraction, model training, interpretation, experimental validation, and clinical translation.
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alities and noise levels. The lack of standardized and high-
quality data limits the training and predictive accuracy of AI
models. Moreover, the dynamic and heterogeneous nature of
the TME complicates the accurate simulation of catalysis
and drug interactions. The integration of diverse data types,
such as clinical, imaging, and omics data, remains a chal-
lenge due to dimensional differences and data noise. Fur-
thermore, the lack of model interpretability remains a
significant challenge, as clinicians and researchers need
transparent, understandable decision-making processes to
trust and adopt AI-driven solutions. Looking ahead, the in-
tegration of AI with catalysis and other interdisciplinary
fields, such as nanotechnology, material science, biology and
clinical medicine, will foster the development of multi-
functional, targeted catalytic agents with enhanced tumor
specificity and therapeutic efficiency. Additionally, AI-dri-
ven adaptive treatment strategies, supported by real-time
feedback systems, will allow for dynamic adjustments based
on tumor progression and microenvironmental changes,
improving treatment outcomes while minimizing side effects
of catalytic tumor therapy. The synergy among AI, catalytic
biomaterials and immunotherapy also presents a promising
frontier, where AI can optimize combination therapies, such
as pairing catalytic biomaterials with immune checkpoint
inhibitors, to improve tumor response and reduce immune
escape. In the future, the role of AI in catalytic tumor therapy
will expand, leading to more efficient, adaptive, and perso-
nalized treatments, ultimately enhancing patient survival and
quality of life.

5.3 Antibacterial

Inorganic nanomaterials have garnered increasing attention
in the antibacterial field due to their diverse mechanisms of
action, low likelihood of inducing resistance, and broad ap-
plicability across medical, environmental, and agricultural
settings. These nanomaterials, including metal/metal oxide
NPs (e.g., Ag, Cu, ZnO), carbon-based nanostructures (e.g.,
graphene oxide, carbon quantum dots), and emerging mate-
rials such as sulfur or enzyme-mimetic NPs, exert anti-
bacterial effects primarily through membrane disruption,
redox stress, metal ion release, and external stimulus-trig-
gered responses. Depending on their physicochemical
properties, these materials can be applied to various contexts
—from clinical infection control to food preservation and
crop protection. A more detailed classification, mechanism
analysis, and application mapping of antibacterial inorganic
NPs is provided in the Supplementary Information (Section S2).

5.4 Antioxidants

5.4.1 Oxidative stress and antioxidant inorganic NPs
Reactive species encompass a diverse group of extremely

reactive substances that are produced as metabolic by-
products. They include ROS and reactive nitrogen species
(RNS), collectively known as RONS. Reactive species serve
as signaling molecules in cells and tissues [234]. ROS are
molecules generated during the aerobic processes in biolo-
gical systems. These molecules typically comprise H2O2,
O2

• −, •OH, ROOH, ROO•, and RO• [235–237]. Reactive ni-
trogen species (RNS) are a distinct category of free radicals,
including ONOO− and •NO [238,239]. RONS interact to
form molecular networks that link their signaling pathways.
Their interaction is essential for regulating the cellular re-
sponses [240,241]. However, an imbalance of RONS content
may lead to significant adverse effects. There are special
compounds that maintain redox homeostasis, including low-
molecular antioxidants, such as ascorbic acid, glutathione,
and cysteine, and antioxidant enzymes, such as catalase
(CAT), superoxide dismutase (SOD) [242], and glutathione
peroxidase (GPx) [243,244]. In case the native antioxidant
system cannot cope with maintaining redox homeostasis, the
reactive species deal damage to biomolecules [245] and
cellular organelles [246], causing oxidative stress. In turn,
oxidative stress is involved in the pathogenesis of a wide
variety of diseases [247]. Administration of therapeutic
formulations endowed with antioxidant activity is a pro-
mising tool for alleviating such pathologies [248]. One of the
advanced approaches in this field is the development of an-
tioxidant inorganic NPs [249]. This kind of bioactive nano-
materials includes different formulations based on metals,
metal oxides and other metal and nonmetal compounds
[250]. Most of these NPs exhibit enzyme-like activities and
are collectively referred to as nanozymes [251]. In this sec-
tion, the different types of antioxidant inorganic NPs, their
mechanisms of action and biomedical applications are reviewed.
Furthermore, the roles of AI in their development and current
perspectives and challenges are discussed (Figure 12).

5.4.2 Types of antioxidant inorganic NPs
(1) Metal
PtNPs possess CAT-like activity under neutral and alkaline

conditions, SOD-like under neutral conditions, 1O2-scaven-
ging activity under neutral and alkaline conditions [252,253],
and HOO·-scavenging activity [254]. Pt NPs combined with
proteins show SOD- and CAT-like activities depending on
pH and temperature [255–257].
PdNPs exhibit SOD- and CAT-like activities, depending on

their surface facets: lower surface energy (111)-faceted Pd
octahedrons demonstrate more efficient antioxidant activity
than higher surface energy (100)-faceted Pd nanocubes
[258]. Pd nanosheets show both CAT-like [259] and SOD-
like activities [260].
AuNPs can act as SOD and CAT mimetics with pH-

tunable activity [261]. There is also an approach to switch the
peroxidase (POD)-like to CAT-like activity of Au NPs using
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specific coatings [262].
Trimetallic nanozyme, consisting of Pt, Pd, and Mo, sca-

venge RONS, including 1O2, H2O2,
•OH, and •NO at neutral

pH [263]. Au@Pt nanostructures and nanocomposites de-
monstrate SOD- and CAT-like activities [264,265].
(2) Metal oxides
Cerium dioxide NPs (CeO2 NPs, nanoceria) mimic activ-

ities of SOD [266–268] and CAT [269,270], depending on
their size, shape, exposed facets, and Ce3+/Ce4+ ratio
[271,272]. Nanoceria remains active under various condi-
tions, including pH and physiological environments [273].
CeO2 NPs can be functionalized with various coatings, en-
hancing their biocompatibility and bioaccumulation [274].
Iron oxide NPs not only show POD-like activity [275] but

also have antioxidant properties [276]. In particular, Fe3O4

and γ-Fe2O3 NPs exhibit pH-dependent POD-like and
CAT-like activity: they decompose H2O2 at neutral condi-
tions, while acting as POD at an acidic pH [277].
Mn3O4 nanoflowers possess ROS-scavenging capability,

based on their SOD-, CAT- and GPx-like activities
[278,279]. Manganese dioxide (MnO2) NPs also mimic the
activities of SOD and CAT [280]. Manganese oxide (MnO)
NPs demonstrate SOD-like activity along with MRI-contrast
properties [281].
Co3O4 NPs are CAT and SOD mimics, with their activity

tunable by pH [282,283]. Cobalt oxide NPs demonstrate a
remarkable stability when exposed to different pH and
temperature [284]. The enzyme-like antioxidant activity
depends on their size, shape, and exposed crystal planes [285].
Copper oxide (Cu2O) and Au@Cu2O nanostructures mi-

mic the activities of SOD, CAT, and GPx [286,287]. Vanadia
nanowires (V2O5) mimic GPx individually [288] and in
combination with SOD- and CAT-mimicking MnO2 NPs
[289]. Yttrium oxide nanocrystals (Y2O3) scavenge

·OH,
depending on their size, shape, and dopants [290].
(3) Other metal compounds

Metal sulfide NPs, such as MnS, NiS, and ZnS NPs, are
able to scavenge ROS [291,292]. Also, MoS2 nanosheets
mimic SOD and CAT under physiological conditions [293].
Prussian blue NPs (PB NPs) exhibit CAT- and SOD-like
activities [294,295], which can be enhanced by doping them
with Ni or by loading them with MoS2 [296]. Cerium
fluoride NPs (CeF3 NPs) demonstrate H2O2- and •OH-
scavenging activity under X-ray irradiation [297].
(4) Nonmetal
Graphene oxide NPs are able to effectively decrease the

level of ROS [298]. They show CAT-like activity in the
physiological microenvironment of healthy tissues such as
neutral pH and low H2O2 content [299].
Fullerenes (C60) and their derivatives exhibit ROS

scavenging capability [300], which is based on their
SOD- [238,301] and pH-switchable CAT-like activity [302].
There are metal-doped fullerenes that demonstrate improved
antiradical capacity [303].
Carbon nanodots (CNDs), doped with different elements,

are known for their antioxidant properties [304], mimicking
CAT and SOD [305]. Carbon nanotubes (CNTs) also exert
strong antiradical activities [306,307].
Mesoporous carbon decreases the level of intracellular

ROS, particularly through its multienzyme-like activity
[308,309].
Selenium NPs are known for their ability to scavenge

various ROS, such as O2
• −, 1O2, and

•OH [310–313]. This
ability can be attributed to their GPx-like activity [314,315].

5.4.3 Mechanisms and kinetics of the antioxidant activity
The mechanisms of the antioxidant activity of inorganic NPs
are mainly based on the redox transitions of their core ele-
ments at active sites or/and adsorption and rearrangement of
the substrate [279,282,316,317]. For example, nanoceria
exhibits enzyme-like activity through Ce3+/Ce4+ redox switch
in the presence of oxygen vacancies [267,269–271,313].
The catalytic activity of nanozymes is usually described by

the Michaelis-Menten kinetics, which is typical for natural
enzymes [87]. Therefore, when characterizing the anti-
oxidant NPs, endowed with enzyme-like activity, their key
parameters, including catalytic efficiency (kcat), substrate
affinity (KM), and highest reaction velocity (Vmax), are de-
termined [286,318,319].

5.4.4 Biomedical applications
Antioxidant inorganic NPs are promising candidates for
adjuvant therapy in a wide range of diseases associated with
oxidative stress, including cardiovascular diseases (such as
atherosclerosis [320], cardiovascular injury [321], and car-
diac microvascular ischemia-reperfusion injury [322]);
chronic inflammatory diseases (such as psoriasis [323],
rheumatoid arthritis [324], and diabetic wounds [325]); as
well as sepsis [84]. The NPs also have prospects for appli-

Figure 12 (Color online) AI-assisted development of antioxidant in-
organic NPs for oxidative stress alleviating and adjuvant therapy of related
diseases. Created with https://BioRender.com.
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cation in the fields of neuroprotection against brain injury
and stroke [326], Alzheimer’s disease [327], Parkinson’s
disease [279], as well as wound healing [328] and cytopro-
tection [329].

5.4.5 The role of AI in the development of antioxidant
inorganic NPs
Recently, data-driven approaches, including machine learn-
ing, and computationally-driven methods, including density
functional theory (DFT) calculations, have been used to
develop antioxidant inorganic NPs for various biomedical
applications. In an early study, a data-informed approach was
developed to discover hydrolytic nanozymes. The obtained
Ce-FMA-MOF exhibited multiple substrate-cleaving activ-
ity (FMA, fumaric acid; MOF, metal-organic framework
[330]) and demonstrated applications in biofilm elimination
[331]. Recently, genetics-like evolutionary data-driven
design of multienzyme-like nanozymes, mimicking SOD
and CAT, among others, culminated in creating CuMnCo7O12

NPs (Figure 13) [224]. Machine learning-assisted high-
throughput screening of nanozymes conditioned the devel-
opment of SrDy2O4 NPs with remarkable ROS-scavenging
ability for ulcerative colitis therapy [332]. Antioxidant
property, acid stability, and zeta-potential parameters have

been analyzed using machine learning, while intestinal bar-
rier repair efficacy and biosafety were processed through
high-throughput screening (Figure 14). Application of ma-
chine learning allowed for to prediction of the cytotoxicity of
(Er,Yb)-doped ZnO NPs, depending on the NPs concentra-
tion and cell line type [333]. The extra tree and random forest
models were used for this prediction (Figure 15). ChatGPT,
combining machine learning, has been used to predict the
catalytic activity of nanozymes, including antioxidant ones,
endowed with SOD-, CAT-, and GPx-like activities
(Figure 16A) [334]. The antioxidant activity of Nd-doped
CeO2 NPs has been elucidated using machine learning, using
different techniques [335]. Among them, the random forest
model showed the highest accuracy (Figure 16B). Rational
design of bienzyme-mimicking (SOD and CAT) N3S4 NPs
has been conducted using a nine-tier high-throughput
screening strategy for inflammatory bowel disease therapy
[336]. First-principles DFT calculations have been applied to
develop N- and B-doped fullerene, exhibiting pH-switchable
catalase-like activity [302]. A similar approach, based on
DFT and machine learning, was used to predict 2D nano-
materials with CAT-like activity [337]. Manganese thio-
phosphite (MnPS3) antioxidant nanozyme, which highly
efficiently mimics SOD, was created using machine learning

Figure 13 (Color online) Flowchart of the data-driven evolutionary design process for multienzyme-like NPs. Reproduced with permission from Ref.
[224]. Copyright©2024, American Chemical Society.
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to treat androgenetic alopecia [338]. High-throughput com-
putational screening, based on principles of energy level and
adsorption energy, allowed for to computational prediction
of NPs with the intrinsic SOD-like activity [339].

6 ADME and toxicity of NPs

6.1 ADME

The physiological journey of nanomaterials or nanomedi-
cines in vivo typically encompasses four sequential phases:
absorption, distribution, metabolism, and excretion (collec-
tively termed ADME). The ADME profile fundamentally
dictates the biomedical efficacy, toxicity profile, and safety
parameters of nanomedicines [340,341]. Current technolo-
gical approaches for ADME investigation can be categorized
into three domains: Quantitative analytical techniques, in-
cluding inductively coupled plasma mass spectrometry (ICP-
MS), atomic absorption spectroscopy (AAS), fluorescence
spectroscopy, and isotopic tracing; in vivo imaging
modalities, such as photoacoustic imaging (PAI), biolumi-
nescence/fluorescence imaging, magnetic resonance ima-

ging (MRI), micro-computed tomography (micro-CT), and
positron emission tomography/single-photon emission
computed tomography (PET/SPECT-CT); chemical imaging
and morphological characterization techniques, exemplified
by synchrotron radiation imaging and X-ray spectroscopic
analysis. While these technologies have proven indis-
pensable in nanomaterial/nanomedicine research [342], they
remain constrained by technical limitations including low
throughput, labor-intensive workflows, and prohibitive op-
erational costs. The evolution of computational methodolo-
gies has catalyzed the integration of AI into biomedical
research. Recent years have witnessed growing interest in
leveraging AI-driven approaches for ADME prediction
[343]. Compared to conventional experimental paradigms,
AI algorithms harness unparalleled computational power to
achieve transformative improvements in both prediction
speed and accuracy.
AI technology, leveraging its efficient data processing,

pattern recognition, and predictive capabilities, has estab-
lished a novel paradigm for nanomaterial ADME research.
AI has demonstrated concrete applications across all ADME
stages, with predictive dimensions spanning cellular uptake,

Figure 14 (Color online) Scheme of a rational design process for multi-featured nanozymes in ulcerative colitis therapeutics. Reproduced with permission
from Ref. [332]. Copyright©2025, Wiley.
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biodistribution, pharmacokinetics, and beyond [344,345].
Epa et al. [346] employed Bayesian-regularized artificial
neural networks (ANNs) to successfully construct a quanti-
tative predictive model for NP cellular uptake. The team
compiled experimental data encompassing 50 types of NPs
and approximately 3,200 experimental data points, achieving
an accurate prediction of NP uptake in the pancreatic cancer
cell line PaCa2. Results revealed a remarkable 90% predic-
tion accuracy (Figure 17A). This predictive power facilitates
the optimization of nanomedicine design to enhance specific
cellular absorption in vivo, thereby improving therapeutic
efficacy. Despite the 90% accuracy, the black-box nature of
ANNs may limit mechanistic interpretability.

Tang et al. [347] developed a generative adversarial net-
work for distribution analysis to predict the biodistribution of
quantum dots post-intravenous injection. This methodology
utilizes a generative-discriminative statistical framework
capable of synthesizing new samples sharing key features
with training datasets. By training on over 27,000 tumor
image patches, the convolutional neural network (CNN)-
based model generates QD distribution maps, precisely
predicts intratumoral localization relative to vasculature, and
employs a discriminator model to distinguish authentic ver-
sus synthetic images (Figure 17B). This work exemplifies
big data generation from limited experimental datasets,
advancing tumor-targeted nanomedicine design.

Figure 15 (Color online) (A–E) Overview of the machine learning experiment findings regarding (Er,Yb)-doped ZnO NPs cytotoxicity. Reproduced with
permission from Ref. [333]. Copyright©2024, Springer Nature.
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In complex biological fluids (e.g., blood), proteins adsorb
onto NP surfaces to form a protein corona, which alters NP
physicochemical properties and influences interactions with
biological systems, thereby modulating ADME processes.
Liu et al. [348] devised a predictive model correlating pro-
tein corona fingerprints and NP physicochemical properties
with cellular association/uptake. They screened 129 quanti-
fiable serum proteins from 785 candidates, defining PCFs by
relative abundance. Sequential forward floating selection
was applied to identify optimal descriptors from 120 protein
corona fingerprints and 19 NP properties. Subsequently,
linear regression and nonlinear support vector regression
models were developed to establish QSARs. Model validity
was confirmed via bootstrapping, while robustness was
verified through Y-randomization tests. Descriptor im-
portance was assessed by randomized permutation-induced
prediction accuracy decline (Figure 17C). Such models
deepen the mechanistic understanding of nanomedicine
metabolism.
AI also enables prediction of holistic pharmacokinetic

parameters (e.g., half-life, clearance, volume of distribution).
Kaminskas et al. [349] created dendPoint, an open-access
web platform for dendrimer-based therapeutic pharmacoki-
netic prediction. The platform evaluates dendrimer archi-
tectures and predicts parameters via critical scission

molecular methodology, including hepatic uptake and ur-
inary excretion. Triazine-cored dendrimers exhibited pro-
longed half-life and reduced clearance, with significant
correlations observed between pharmacokinetic parameters
and dendrimer molecular weight/PEGylation (positive for
half-life, negative for clearance) (Figure 17D). Principal
component analysis further highlighted the predictive dom-
inance of dendrimer/PEG molecular weights and PEG group
density (Table 4).

6.2 Toxicity

Unlike conventional materials assessed primarily by che-
mical composition, dosage, and exposure pathways, NPs
demand a multidimensional framework for biological safety
evaluation owing to their unique physicochemical attributes.
This requires evaluating both inherent characteristics (size,
morphology, surface properties, colloidal stability, crystal-
linity, quantum effects) and external variables (exposure
metrics, administration routes, species-specific responses,
and organ/cellular targeting interactions) [350].

6.2.1 The influence of surface properties of NPs on bio-
logical effects
Surface modifications critically regulate NP behavior, in-

Figure 16 (Color online) (A) Operating principle and performance of ChatGPT-based nanozyme copilot. Reproduced with permission from Ref. [334].
Copyright©2024, American Chemical Society. (B) Results of machine learning modeling of scavenging activity. Reproduced with permission from Ref.
[335]. Copyright©2024, Royal Society of Chemistry.
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fluencing cellular uptake, intracellular trafficking, and toxi-
city profiles. For instance, PDDAC-coated Au nanorods
exhibit enhanced endocytosis with minimal cytotoxicity
compared to CTAB- or PEI-modified counterparts, while
CTAB-functionalized variants selectively localize in cancer
cell mitochondria, inducing membrane depolarization, ROS

elevation, and apoptosis—contrasting with lysosomal accu-
mulation and safe excretion in normal cells [351,352].
Similarly, amino-modified polystyrene NPs disrupt cell cy-
cle progression (G1 phase delay, cyclin D/E downregulation)
and compromise membrane integrity more severely than
carboxylated forms [353]. Unmodified graphene activates

Figure 17 (Color online) Application cases of AI in ADME research. (A) Evaluation of NP uptake models in PaCa2 cells using training set (black circles)
and test set (red triangles). Reproduced with permission from Ref. [346]. Copyright©2012, American Chemical Society. (B) Framework of generative
adversarial network for distribution analysis (GANDA) during training and testing phases, enabling prediction of intratumoral nanomedicine distribution and
vascular proximity assessment. Reproduced with permission from Ref. [347]. Copyright©2021, Elsevier. (C) QSAR development workflow: predictive
modeling of NP cellular uptake based on protein corona fingerprints and nanomaterial physicochemical properties. Reproduced with permission from Ref.
[348]. Copyright©2015, Royal Society of Chemistry. (D) DendPoint-predicted pharmacokinetic parameters (half-life and clearance rate) for dendrimer-based
nanomedicines. Reproduced with permission from Ref. [349]. Copyright©2019, the Author(s).
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mitochondrial apoptotic pathways via ROS generation and
impairs macrophage function through TLR/NF-κB-mediated
cytokine release [354,355]. Under light exposure, graphene
oxide (GO) generates electron-hole pairs, depletes oxygen
content, and amplifies antibacterial activity through redox-
driven oxidative stress and antioxidant system disruption
[356].
Once NPs enter the body, they inevitably encounter bio-

macromolecules, particularly proteins and interact with them
with different mechanisms (Figure 18). Given the dynamic
nature of various biological barriers, these NPs undergo
continuous transformations throughout their journey, from
initial bio-integration to eventual clearance. Currently, most
studies in the field have focused on characterizing the dy-
namics, composition, and abundance of the protein corona
that forms around NPs, as well as the acquired biological
identity of these NPs. These factors significantly impact their
recognition and distribution both in vitro and in vivo. In
contrast, research on how the inherent chemical properties of
NPs interact with the biotransformation of the NP-protein
corona—and the holistic effects of these interactions on
homeostasis and disease pathologies—has been surprisingly
lacking. This is despite the fact that most NPs are functio-
nalized with surface chemistry prior to their biomedical ap-
plications.
A series of studies have been conducted to advance the

understanding of local and distal effects of NPs in hosts,
focusing on their transportation and biotransformation from
the perspective of the protein corona. For instance, Chen and
colleagues [357] discovered that apolipoprotein E (ApoE), a

key component of the protein corona, mediated the transport
of molybdenum disulfide (MoS2) NPs to the liver. There, the
NPs underwent transformation, with molybdenum being
incorporated into molybdenum enzymes and affecting their
specific activities. This was achieved using in situ and highly
sensitive techniques based on the synchrotron radiation fa-
cility. This finding revealed a protein corona-mediated chain
of transport, transformation, and bioavailability for MoS2

Table 4 AI algorithms with demonstrated utility in ADME prediction

Algorithm Core functionality & domain applications

Linear regression (LR) Calculates significant interactions between continuous outcomes and data matrix features, applicable for
predicting drug solubility, absorption rates, etc.

Logistic regression Evaluates significant interactions between data matrix elements and categorical outcomes, applicable for
optimizing molecular feature selection related to drug absorption

Principal component analysis (PCA) Reduces dimensionality and extracts uncorrelated principal components, applicable for predicting drug
absorption, distribution, metabolism, and excretion (ADME) properties

Linear discriminant analysis (LDA) Identifies category-distinguishing features through data point projection, applicable for dimensionality
reduction and classification of nanomedicine data

Support vector machine (SVM) Separates different categories by finding an optimal hyperplane, advantageous for handling high-dimensional
data and small sample sizes

Generative adversarial network (GAN) Composed of two neural networks: a generator and a discriminator, capable of generating high-quality data
through adversarial training

Convolutional neural network (CNN) Automatically extracts image features through convolutional layers

K-nearest neighbors (KNN) Predicts target sample categories/values by: Calculating distances to all training samples; Identifying K
closest neighbors; Aggregating neighbor labels/values

Random forest Performs classification/regression through multiple decision trees, reducing overfitting and enhancing
generalization capability

Bayesian optimization Finds global optima with minimal evaluations, applicable for searching optimal molecular descriptors or
related parameters

Figure 18 (Color online) NPs encounter several interactions in the pre-
sence of biomolecules, including electrostatic interaction, hydrogen bond-
ing, hydrophobic interaction, ligand-receptor interaction, stereoselective
interaction, coordination and membrane curvature effects.
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in vivo. In other work, they demonstrated the feasibility of
manipulating the ApoA-I protein corona in vivo to mitigate
cardiovascular damage caused by silica NPs [358]. They also
identified the crucial roles of intracellular coronal proteins,
particularly STAT3 and C1q adsorbed on carbon NMs
(graphdiyne oxide and Gd@C82(OH)22), This facilitated
cancer immunotherapy in vivo [359,360]. Additionally, they
showed that carbon nanotubes promoted breast cancer me-
tastasis, with effects extending beyond local pulmonary
pathologies to influence distal tissues [361]. These findings
have unveiled a range of previously unknown behaviors
governed by the acquired protein corona and their associated
local and remote effects, significantly contributing to the
field of nanosafety.

6.2.2 The influence of the size of NPs on biological effects
The size of NPs significantly impacts their biological effects
and toxicity. For instance, the toxicity of carbon nanotubes
(CNTs) is closely related to their length. Short multi-walled
carbon nanotubes (MWNTs; 0.5–2 μm) promote endocytosis
and cell efflorescence, enhance nerve growth factor signal-
ing, and support neural cell differentiation without toxicity
[362]. In contrast, longer CNTs (20–50 μm) induce alveolar
macrophages to secrete TGF-β, stimulating fibroblast pro-
liferation and collagen secretion, thereby causing pulmonary
fibrosis. The TGF-β/Smad2/Collagen III signaling pathway
is critical in this fibrotic process [363]. Additionally, long
CNTs cannot be fully phagocytosed by macrophages and
directly interact with fibroblasts and alveolar epithelial cells,
activating fibroblasts and inducing myofibroblast differ-
entiation and epithelial-mesenchymal transition via the TGF-
β/Smad2 pathway [364]. Furthermore, cells can internalize
larger particles (>5 μm) through phagocytosis and micro-
pinocytosis, while submicron-sized particles enter cells via
receptor-mediated endocytosis, depending on receptor type
and particle size [365].

6.2.3 Other physicochemical factors affecting the biolo-
gical effects of NPs
NP toxicity is critically influenced by structural parameters
and degradation dynamics [366]. For instance, shape-de-
pendent cellular uptake is exemplified by gold NPs in MCF-7
breast cancer cells, where increased aspect ratios correlate
with reduced internalization [352]. Crystal plane engineering
further modulates biological interactions: noble metal na-
nostructures with high surface energy facets (e.g., cubic
configurations) exhibit enhanced enzyme-mimetic activity
compared to low-energy forms (e.g., octahedrons), directly
impacting antimicrobial efficacy. Notably, Gram-negative
bacteria demonstrate crystal plane-selective accumulation of
palladium NPs due to unimpeded membrane penetration,
whereas Gram-positive counterparts show no such dis-
crimination [365].

In addition, degradation pathways also determine NP
biological fate and toxicity endpoints. For example, hepatic
biotransformation of MoS2@HSA nanocomplexes involves
Mo(IV)-to-Mo(VI) oxidation, integrating molybdenum into
metabolic enzymes to modulate hepatic activity [357]. Silver
NPs undergo lipid raft-mediated endocytosis followed by
oxidative dissolution to Ag+, which binds sulfhydryl groups
to induce cytotoxicity via oxidative stress—a process miti-
gated by surface modification or NAC chelation [367,368].
Interestingly, the products of carbon-based NP degradation
and transformation mediated by gut microbiota or lipase
affect the function of intestinal stem cells or directly elicit
inflammation [369,370]. In contrast, gold nanorods demon-
strate exceptional in vivo stability without degradation [371].

6.2.4 The use of artificial intelligence in nanotoxicity re-
search
For the nanotoxicology research, the application of AI pro-
vides new ideas for addressing the challenges posed by large-
scale data [372]. AI technology can transform vast amounts
of nanotoxicity data into key information by constructing
quantitative structure-toxicity relationships of NPs, thereby
revealing the molecular mechanisms related to toxicity. For
example, the team led by Yan et al. [373] successfully con-
verted nanotoxicity data into information using AI and mo-
lecular simulations, offering new methods for nanotoxico-
logy research. Additionally, AI is employed to develop
predictive models for nanotoxicity. By analyzing the re-
lationship between the physicochemical properties of NPs
and their toxicity through machine learning algorithms, these
models can predict the potential adverse effects of new NPs.
Such AI-based predictive models not only enhance research
efficiency but also reduce the reliance on animal experi-
ments. In the future, with the development of high-quality
nanotoxicity databases and more powerful nanodescriptors,
AI is expected to play an even greater role in the field of
nanotoxicology.

7 Summary, challenges and future perspective

Nanomedicine has emerged as a pivotal and dynamically
evolving frontier in contemporary medical research, dis-
tinguished by its engineered nanoplatforms that enable un-
precedented integration of cross-disciplinary knowledge and
cutting-edge technologies. These sophisticated systems are
revolutionizing therapeutic paradigms through innovative
approaches to disease diagnosis, prognostic evaluation, and
targeted treatment modalities. Nevertheless, the very inter-
disciplinary nature that empowers nanomedicine’s transfor-
mative potential simultaneously introduces formidable
scientific challenges. The necessity to reconcile molecular-
scale design principles with macroscopic therapeutic out-
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comes, optimize multifactorial nanoparticle synthesis para-
meters, and decipher complex nano-bio interactions across
multiple biological scales creates substantial barriers to
translational progress. These intrinsic complexities not only
elevate the intellectual and technical demands of nanome-
dicine research but also inevitably extend development
timelines from laboratory discovery to clinical implementa-
tion.
Artificial intelligence (AI), as a transformative technolo-

gical paradigm of the new century, has fundamentally re-
shaped the landscape of scientific inquiry, with
nanomedicine emerging as one of its most promising bene-
ficiaries. The synergistic integration of AI is currently re-
volutionizing nanomedicine research methodologies while
simultaneously unlocking unprecedented opportunities for
therapeutic innovation. Over the past five years, AI appli-
cations have proliferated across critical nanomedicine sub-
domains, including intelligent nanobiosensors for precision
diagnostics, AI-optimized nanocarriers for targeted drug
delivery, machine learning-guided adjuvant therapy systems,
and predictive computational models for nanosafety eva-
luation. While this review examines recent advancements in
these areas, it must be acknowledged that the AI-nanome-
dicine convergence remains at a relatively nascent stage,
presenting both formidable challenges and extraordinary
potential for pioneering researchers. List below is the key
challenges and emerging solutions.
(1) Data scarcity and heterogeneity. The integration of AI

with nanomedicine primarily relies on AI methodologies to
construct mathematical models from existing datasets, en-
abling prospective prediction of biomedical functionalities
for nanodrugs. This paradigm accelerates the entire devel-
opment pipeline—from rational design and synthesis opti-
mization to precision clinical translation. Crucially, as a data-
dependent methodology, AI demands exceptionally high
standards of data integrity and standardization. However,
when investigating novel nanotherapeutic entities, re-
searchers confront a fundamental dilemma: The high-di-
mensional parameter space requiring optimization frequently
exceeds the available experimental or clinical data volume.
This data scarcity bottleneck severely constrains AI’s capa-
city to generate robust predictive models, rendering com-
prehensive optimization of multivariate interactions
computationally intractable. To address the challenge of data
scarcity and heterogeneity in nanomedicine AI research, a
multifaceted strategy must be implemented to expand data
resources and enhance data utilization efficiency. This in-
tegrated approach encompasses three critical dimensions:
historical knowledge mining, high-throughput computa-
tional simulation, and automated experimental data acqui-
sition, which will be discussed in detail below. The
synergistic implementation of these data-acquisition meth-
odologies will establish a multidimensional data ecosystem,

effectively overcoming current limitations in data volume,
diversity, and interoperability—ultimately enabling robust
AI models for predictive nanomedicine.
(2) Complexity in quality control. Nanomedicine for-

mulations are intrinsically complex, characterized by multi-
component chemical compositions rather than pure single
entities. This complexity presents substantial challenges for
rigorous quality control during manufacturing, significantly
complicating both synthesis and characterization processes.
To overcome these barriers, the establishment of a systematic
classification framework based on chemical composition and
fabrication strategies is paramount. Such a framework is the
essential foundation for developing modular, high-through-
put manufacturing pipelines and automated characterization
protocols, enabled by robotics and intelligent algorithms.
This rational classification and the resulting automated
processes are critical prerequisites for building robust data-
bases of nanomedicine properties. Ultimately, this integrated
approach enables a reverse-engineering paradigm, where
nanomedicines are precisely engineered to meet predefined
physicochemical properties, thereby facilitating targeted
therapeutic applications.
(3) Prolonged safety and efficacy evaluation cycle. A

critical bottleneck in AI-driven nanomedicine development
is the extended timeframe required for safety and efficacy
assessment. Conventional preclinical evaluation, heavily
reliant on complex and time-consuming animal studies,
generates critical data at a pace far too slow for effective AI
model training. This data scarcity and latency severely hin-
der the iterative refinement of AI algorithms, limiting their
predictive power and delaying the translation of promising
nanomedicine candidates. To overcome this fundamental
constraint, innovative in vitro models, particularly patient-
derived organoids and organ-on-a-chip systems, offer a
transformative potential. These sophisticated platforms re-
capitulate key aspects of human tissue architecture and
function, enabling higher-throughput, more physiologically
relevant screening of nanomedicine interactions. By gen-
erating rich, human-relevant datasets faster and more ethi-
cally than traditional animal models, these technologies can
significantly shorten the evaluation cycle. This acceleration
is crucial for feeding timely, high-quality data into AI
training pipelines, ultimately enabling more robust model
development, faster lead optimization, and a more efficient
path towards clinically viable nanomedicines.
(4) Lack of interpretability and transferability. A sig-

nificant limitation of current AI models in nanomedicine lies
in their inherent “black-box” nature, which obscures the
underlying physical and chemical mechanisms governing
nanomaterial behavior. This lack of interpretability severely
compromises model transferability and reuse across different
nanoparticle types or biological contexts, hindering broader
applicability. To tackle this challenge, the synergistic
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integration of AI with accelerated molecular simulations
presents a transformative path. By embedding classical
physics-based theories and multiscale modeling frameworks
within AI architectures, this approach can generate me-
chanistically interpretable descriptors that reflect funda-
mental interactions. This fusion not only enhances the
predictive power and efficiency of simulations but is para-
mount for developing causally rooted, generalizable AI
models that elucidate the governing principles of nanome-
dicine performance, enabling rational design and reliable
extrapolation.
(5) Cross-modal data integration for disease-specific de-

sign. To realize predictive and rational design of nanocarriers
tailored to specific disease models such as tumors, it is es-
sential to integrate heterogeneous data across experimental
characterization, molecular simulation, and therapeutic ap-
plication using artificial intelligence. We propose a cross-
modal, AI-driven framework composed of four key com-
ponents. First, establish a unified and standardized database
architecture that encodes nanomaterial physicochemical
properties, biological interactions, and disease-model per-
formance, enabling consistent cross-study data integration.
Second, apply high-throughput molecular simulations (e.g.,
MD, DFT, coarse-grained models) to generate mechanism-
based descriptors that reflect nanocarrier behavior at mole-
cular and cellular interfaces. Third, employ machine learning
frameworks—such as graph neural networks and multi-
modal fusion architectures—that fuse these multiscale da-
tasets, while embedding disease-specific constraints (e.g.,
tumor targeting, EPR effect, immune modulation) to guide
design. Finally, implement a closed-loop optimization sys-
tem where AI-generated candidates are rapidly validated
using organ-on-chip or in vitro tumor models, and new data
are fed back into the model to enhance its performance. This
integrative strategy transforms fragmented information into a
cohesive and interpretable pipeline, enabling the construc-
tion of high-performance nanocarriers that are both biolo-
gically effective and clinically translatable.
While the fusion of AI and nanomedicine faces the sub-

stantial challenges outlined above, and will inevitably en-
counter further domain-specific hurdles as research advances
into novel applications, the trajectory is clear. Continued
advances in addressing data limitations, automating complex
workflows, accelerating biological evaluation, and improv-
ing model interpretability are not just incremental steps—
they have the potential to drive a fundamental shift in na-
nomedicine development. Crucially, this transformation
hinges on the availability of high-quality, reproducible ex-
perimental data. Without reliable data, AI models are prone
to being misled, leading to inaccurate predictions and sub-
optimal outcomes that may impede, rather than advance,
progress in the field. The synergistic resolution of these
challenges will empower the precise, AI-driven engineering

of next-generation nanotherapeutics, fundamentally accel-
erating their path from conceptual design to clinical reali-
zation and ultimately enabling unprecedented levels of
personalized and effective therapies.
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