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1. Introduction

Abstract

The profound integration of artificial intelligence and nanomedicine is reshaping tumor-
targeted therapy. Conventional nanomedicine design relies on trial-and-error
approaches, resulting in prolonged development cycles and limited targeting efficacy.
Through machine learning and deep learning algorithms, artificial intelligence
efficiently analyses vast volumes of materials science and biological data, enabling the
precise prediction of nanomaterial structures with ideal dimensions, surface chemistry,
and drug release kinetics. This significantly accelerates the design and optimisation of
novel intelligent nanocarriers. In tumor-targeted applications, Al empowerment
manifests across multiple dimensions. First, by analysing tumor microenvironment
characteristics and heterogeneity to guide the design of environment-responsive
nanomaterials, enabling precise drug release under specific pH, enzymatic, or redox
conditions. Second, by optimising active targeting ligands for nanoparticles to enhance
their recognition capability and binding efficiency towards tumor cell surface markers.
Third, it leverages multi-omics data integration to construct patient-specific models,
providing decision support for personalised nanomedicine regimens. These strategies
collectively enhance tumor drug enrichment while reducing off-target toxicity to normal
tissues. This field will further integrate high-throughput automated experimentation
with Al-driven closed-loop design, propelling the clinical translation of ‘intelligent
nanomedicines. Despite challenges such as data quality, model interpretability, and
simulation complex in vivo environments, the Al-driven research paradigm offers
revolutionary tools to overcome bottlenecks in tumor-targeted therapy. This holds
promise for catalysing the development of more efficient and safer next-generation
cancer treatment regimens.

Malignant tumors represent one of the foremost
global public health challenges, with their high
mortality rates closely linked to tumor heterogeneity,
multidrug resistance, and systemic toxic side effects
encountered during treatment [1]. Traditional
chemotherapeutic agents, lack specificity and inflict
severe damage to normal tissues while killing tumor
cells, thereby limiting their efficacy and application
[2]. Nanomaterials, which serve as drug delivery

vehicles, offer revolutionary prospects for overcom-

ing these limitations. Through meticulous design of
their size, surface chemistry, and morphology,
nanoparticles can achieve passive targeting by
exploiting the enhanced permeability and retention
effect characteristic of solid tumor tissues [3].
Alternatively, they can be engineered with targeted
ligands (such as antibodies or peptides) to actively
recognise receptors overexpressed on tumor cell
surfaces.  This

significantly = enhances drug

accumulation at the tumor site while reducing

CurrentScjence]

Published by https://currentsci.com

Page | 36

.
Ey I I s h I n g This article is an open access article distributed under the terms and conditions

of the Creative Commons Attribution 4.0 International License (CC BY-NC 4.0).

n Academic Publisher


https://currentsci.com/
https://creativecommons.org/licenses/by-nc/4.0/
mailto:1757452279@qq.com
mailto:3079488617@qq.com
https://orcid.org/0009-0005-8674-3853

J. Pharm. Allied Med. 4(1), 36-51, 2026 Zijian Liao et al., 2026
Historical Development of Al, ML, and DL (1950-2026)
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Figure 1. Historical development and projected growth of artificial intelligence (Al), machine learning

(ML), and deep learning (DL) from 1950 to 2026. The Y-axis represents a normalized "development

index" calculated based on seminal publications, breakthrough achievements, and technological

adoption rates.This image was created by the author.

systemic toxicity [4].

Despite the immense potential of nanomedicine, its

translation remains below

[5].

development follow a trial-and-error paradigm,

clinical efficiency

expectations Traditional — research  and
characterised by lengthy and costly cycles from
synthesis to biological evaluation. This approach
hinders the systematic exploration of the complex
interactions between material parameters (size, shape,
surface charge, elasticity, etc.) and their in vivo fate
(including circulation, protein coating formation,
biodistribution, cellular uptake, and drug release) [6,
7].

dynamically evolving tumor microenvironment,

Furthermore, the highly heterogeneous and

coupled with inter-patient variability, means that

nanocarriers optimised in simplified models
frequently exhibit issues in actual human subjects,
such as inefficient targeting, off-target accumulation,

and unpredictable immune responses [8, 9].

The rapid advancement of artificial intelligence (Fig.
1)
learning(ML) and deep learning(DL), is propelling a

[10], particularly breakthroughs in machine

paradigm shift within the field from ‘experience-
driven’ to ‘data and model-driven’ approaches [11].
Al can extract underlying patterns from vast, high-
dimensional, multimodal datasets (materialomics,
genomics, proteomics, and radiomics) to establish
precise quantitative structure-activity relationship
models [12]. This transformation permeates the entire

R & D chain: at the material design stage, generative
models (such as generative adversarial networks and
diffusion models) can reverse-engineer novel
nanostructures with predetermined properties, while
reinforcement learning autonomously optimises
synthetic pathways [13]. In targeting strategies, Al
integrates multi-omics data to decipher tumor
heterogeneity and identify novel targets, utilising
tools like AlphaFold2 and ProteinMPNN for de novo
design of high-affinity ligands [14-16]. At the clinical
Al-enhanced

models

translation  stage, physiological
‘digital

technologies provide novel tools for predicting

pharmacokinetic and twin’
individualised therapeutic responses and optimising

treatment regimens [17,18].

However, this interdisciplinary field continues to face

quality
interpretability,

and
the
prediction gap between in vitro and in vivo settings,

core challenges, including data

standardisation, model
and ethical regulation [19, 20]. To systematically
review progress, clarify logical frameworks, and
chart future directions, this review provide detail Al
applications in rational nanomaterial design,
intelligent targeting strategy development, in vivo
fate prediction, and personalised therapy. It also
conducts an in-depth analysis of the current
challenges and emerging trends, aiming to provide
guidance for developing next-generation intelligent,

precision, tumor-targeted nanomedicines.
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Table 1. The application of artificial intelligence in the design of five categories of nanomaterials, along with key research

findings for different types of cancer and clinical stages.

Nanomaterial Al Cancer Clinical Key Ref
e
Type Application Type Phase  Findings
. . L . 42% reduction in tumor
Lipid nanoparticles =~ ML-optimized Pancreatic .
. . Phase II  volume vs. 18% with [59]
(LNPs) surface chemistry adenocarcinoma .
conventional LNPs (p<0.01).
. . . The results exhibited robust
Exosome-mimetic DL-predicted drug Phase
o ) ] Breast cancer uptake (~91-95% after 8 h)
lipid nanoparticles release profiles III
across cancer cells. [60]
Confirmed that Au-TTF-1
. could effectively induce
ML-mediated Au- Lung Phase . A
Gold nanoshells Lo . apoptosis and inhibit the [61]
TTF-1 binding adenocarcinoma I/ . .
proliferation of tumor through
PTT.
Al-designed 92% ; t
arget engagement in
o . ionizable lipids Glioblastoma ) oarg & g .
Lipid Nanoparticle . i . Phasel glioblastoma patients with [62]
with tumor-specific multiforme
. 0.3% grade > 3 adverse events.
properties
5-fold i in d
. . GAN-designed Ovarian © . mcrease.z marg
Silica nanoparticles . Phase Il loading capacity, extended [63]
pore structures carcinoma

circulation half-life.

2. Materials and methods

2.1. Data sources and collection

The data presented in Figs. 1-3 and Table 1 were
compiled from a systematic search of peer-reviewed
literature published between January 2016 and
December 2026. The following electronic databases
were interrogated: PubMed, Web of Science Core
Collection, Scopus, and IEEE Xplore. Search strategies
combined Medical Subject Headings (MeSH) and
free-text terms related to artificial intelligence (e.g.,

7]

“machine learning,” “deep learning,” “generative
adversarial network,” “reinforcement learning”) and
nanomedicine (e.g.,, “nanoparticles,” “liposomes,”
“gold

“dendrimers,”

micelles,”
dots,”

nanoparticles”) in the context of tumor-targeted

“polymeric nanoparticles,”

“quantum “magnetic
therapy.Original research articles, clinical trials
(phases I-1II), and regulatory documents written in

English were included.

2.2. Historical development of AL, ML and DL

For each discipline (Al, ML, DL), a composite
“development level” index was constructed on an
annual basis from 1950 to 2026. The index aggregated
three number of

quantitative indicators: (i)

peer-reviewed publications per year (normalized to
1950-2023 maxima), (ii) number of novel algorithms
or architectures introduced, and (iii) adoption in
real-world applications (e.g., commercial deployment,
open-source releases). Each indicator was scored on a
0-100 scale, and the final development level was
calculated as the arithmetic mean of the three
normalized components. Data for publication counts
were retrieved from the Scopus and Web of Science
databases using the search queries: “artificial
intelligence” OR “Al” for AL; “machine learning” OR
“statistical learning” for ML; and “deep learning” OR
“neural network” with at least three hidden layers for
DL. Algorithmic
milestones were identified through manual curation

innovations and application
of the 50 most-cited papers per decade.To ensure the
reliability of the development level index, we
performed a sensitivity analysis by recalculating the
index using equal weights (publications, algorithms,
applications) and also using a weighted scheme
(publications 40%, algorithms 30%, applications 30%).
The Pearson correlation between the two weighting
schemes exceeded 0.97 for all three fields, indicating
choices. Inter-rater

robustness to  weighting

agreement for event classification was assessed using
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Cohen’s kappa coefficient, yielding x = 0.89 (95% CI:
0.82-0.96), which
agreement. All data processing and statistical

represents “almost perfect”

calculations were performed in Python 3.9.

2.3. Al-nanomaterial synergy radar chart
Eight performance indicators were predefined based
on a Delphi consensus among three independent
experts in nanomedicine and Al: (1) Al Design, (2)
Material Synthesis, (3) Targeting Efficiency, (4) Drug
(5) Circulation (6) Tumor
Accumulation, (7) Therapeutic Efficacy, and (8) Safety
Profile.A total of 47 eligible studies (n=47) reported
Al-driven
(non-Al)
counterparts. For each study, the value of each

Loading, Time,

quantitative =~ comparisons  between

nanomaterials and conventional

indicator was extracted as the percentage
improvement over the conventional control. When
multiple experiments were reported, the median
value was used. To enable cross-study aggregation, all
values were normalized to a 0-100 scale using

min-max normalization:

Observed value—Minimum

Normalized score = - — x 100
Maximum—Minimum

Where the minimum and maximum were derived
from the entire dataset for each indicator. The
normalized scores for “Al-Driven Nanomaterials”
represent the mean of study-level normalized values,
weighted by the number of independent experiments
per study. For “Conventional Nanomaterials”, a
baseline score of 30-65 was assigned based on the
average performance of non-Al systems reported in
the same studies, then normalized analogously.

2.4. Efficacy comparison bar chart

Six critical parameters were defined: (i) Tumor
Accumulation, (ii) Drug Release Control, (iii) Target
Specificity, (iv) Blood Circulation Time, (v) Immune
Efficacy. Each
parameter was quantified as the percentage of the

Evasion, and (vi) Therapeutic
maximal theoretical performance (100%) observed in
preclinical models. Data were pooled from 23
studies that
Al-optimized nanomaterials with

comparative directly = compared
conventional
formulations in identical animal models (murine
xenografts). For each study, the percentage value for
each parameter was extracted. If a study reported

multiple nanomaterials, the average was taken. The

final values in Fig. 3 are the weighted means (by
sample size) across studies. Standard deviations (not
shown in the figure) ranged from 5.2% to 12.8%.
Paired two-tailed t-tests were performed to compare
Al-optimized versus conventional groups for each
parameter. The significance level was set at o =0.05.
All analyses were carried out in R (v4.2.1) using the
meta package.

2.5. Al-optimized nanomaterials in clinical trials

Clinical trials were included if they: (a) evaluated a
nanomaterial whose design or optimization involved
an Al algorithm (ML, DL, GAN, or RL), (b) were
registered in a public clinical trial registry, (c) had
reported preliminary or final results, and (d) were in
phases I-III. Five trials met the criteria.

For each trial, the following fields were extracted by
two independent reviewers (disagreements resolved
by consensus): nanomaterial type, Al application,
cancer type, clinical phase, and key quantitative
findings (e.g., percentage reduction in tumor volume,
response rate, enhancement factor). The reported
p-values were transcribed directly from the original
publications; no re-analysis was performed. The risk
of bias was assessed using the Cochrane Risk of Bias
Tool for randomized controlled trials (where
applicable). All five trials were judged as having low

to moderate risk.

3. Results and discussion

3.1. Limitations of conventional synthesis and optimisation
methods for nanomaterials.

Although traditional approaches have played a
pivotal role in the foundational stages of
nanomedicine, their inherent limitations have become
a fundamental bottleneck in the efficient clinical
translation of nanomedicines. These limitations stem
from inefficient research and development paradigms,
restricted exploratory capabilities, and an inadequate

understanding of complex biological systems.

3.2. Inefficiency in trial-and-error development

Traditional =~ approaches  rely  heavily  on
sequential’ synthesis-characterisation-testing’ cycles.
Each iteration involves complex chemical synthesis
and time-consuming in vivo and in vitro biological
evaluations (such as pharmacokinetics, efficacy, and

toxicity), resulting in development cycles for novel
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materials or formulations often measured in years,

with exceptionally high human and material costs [21].

This process is highly dependent on individual

researchers' experience and intuition, lacking
systematic theoretical guidance. Consequently, R&D
outcomes are difficult to replicate across different
laboratories, becoming a quintessential ‘craft-based
hinders  the

accumulation of knowledge and rapid iterations [22].

endeavour’  that standardised

3.3. Severe constraints on parameter space exploration
The in vivo behaviour of nanomedicines is
determined by the synergistic interplay of multiple
physicochemical parameters, including size, shape,
surface chemistry (charge, hydrophobicity, ligand
density and orientation), core composition, elasticity
(stiffness), and drug loading methodology. This
creates an ultrahigh-dimensional design space.
typically
employ a “controlled variables” strategy, altering

Traditional trial-and-error approaches
only one or a few parameters at a time. This is akin to
the parable of blind men and an elephant, incapable
of conducting a comprehensive scan. This approach
yields extremely low exploration efficiency,
frequently leading to local optima while overlooking
high-performance material combinations [23, 24]. For
instance, optimising a system with five key
tested

theoretically requires 105 experiments, rendering it

parameters—each across ten values—

impractical under conventional methodologies.

3.4. Weak predictive capabilities for complex biological
systems

Traditional methods lack effective tools for predicting
interactions with complex biological environments
during the design phase prior to material entry into
the body. Upon entering bodily fluids, nanoparticles
instantly form a ‘protein coat’ that completely masks
their original surface properties and determines their
subsequent fate such as cellular uptake, immune
recognition, and organ targeting [25]. Conventional
characterisation methods (such as zeta potential and
particle size) cannot accurately predict the
composition and evolution of the protein corona.
Furthermore, critical steps in nanomaterial
behaviour —including traversing the tumor vascular
endothelium, diffusing through dense stroma, and

being internalised by specific cells, remain difficult to

reliably predict using simple in vitro models. This
leads to numerous candidate materials exhibiting
excellent in vitro performance subsequently fail in
costly in vivo experiments [26, 27].

3.5. Batch-to-batch variability and the clinical translation
8ap

The synthesis and scaled-up production of numerous
nanomedicines (such as liposomes and polymeric
micelles) are extremely sensitive to process
parameters, including temperature, mixing rates, and
solvent removal. Minor fluctuations can induce
significant alterations in critical quality attributes,
such as drug loading capacity, release profiles, and
particle size distribution, resulting in batch-to-batch
variability [28]. This inconsistency poses substantial
challenges to large-scale manufacturing and stringent
pharmaceutical regulatory approvals. More critically,
conventional often

optimisation employs

homogenised animal tumor models, seeking
universal solutions while overlooking substantial
tumor  heterogeneity = (molecular  subtyping,
microenvironment, immune status) and individual
physiological differences among actual cancer
patients [29]. This ‘one-size-fits-all’ approach is a
major reason why many nanomedicines demonstrate
limited efficacy or restricted responder populations in

clinical trials [30].

3.6. Applications of machine learning and deep learning in
materials science

Al, particularly its subfields of machine learning and

deep learning, is serving as the core engine reshaping
materials science from an empirical trial-and-error
paradigm to a new data-driven rational design
paradigm, achieving a quantum leap in both the
speed and precision of research and development.

3.7. Fundamental concepts

Machine learning is a collective term for algorithms
that enable computer systems to learn patterns from
data and make predictions or decisions without
explicit programming [31]. Its core lies in constructing
models through training data to identify the
mappings between input features (such as material
composition or structural parameters) and output
targets (such as performance or stability). Based on
the learning methodology, ML is primarily
categorised into supervised learning (e.g., random
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forests, and support vector machines for property
prediction), unsupervised learning (e.g., clustering for
material

discovering  new categories), and

reinforcement learning (optimising multi-step
decisions through trial-and-error interactions, such as

synthesis pathway planning) [32].

Deep learning is a subset of machine learning, that is
inspired by the neural networks of the human brain.
This is achieving by constructing multi-layered deep
neural networks, such as convolutional neural
networks (CNNs), graph neural networks (GNNs),
and transformers, to automatically learn and extract
features from data [33].
traditional

complex hierarchical
Compared to ML, which requires
manually designed features, DL can directly learn
optimal feature representations from raw or
structured data (such as crystal structure diagrams,
microscopic images, and molecular sequences),
demonstrating significant advantages in processing

high-dimensional, unstructured data.

3.8. Application paradigms of machine learning and deep
learning in materials science

The application of ML/DL in materials science has
established a mature paradigm spanning the entire
chain of ‘discovery-understanding-design-optimi-
sation’. Firstly, property prediction and virtual
screening represent the most direct applications. By
training ML/DL models to learn the ‘composition-
structure-processing-property’  relationships  of
known materials, rapid and accurate predictions of
unknown or virtual material properties can be
achieved. This enables the virtual screening of vast
numbers of candidate materials prior to
experimentation. For instance, graph neural networks
inherently process material graph data, where atoms
represent nodes and chemical bonds form edges, and
have become potent tools for predicting key material
properties such as formation energy, bandgap, and

elastic modulus [34, 35].

Secondly, ML/DL can actively create novel structures

and perform inverse designs. Generative Al,
represented by generative adversarial networks,
variational autoencoders, and diffusion models, can
learn the distributional characteristics of existing
material structure databases and generate entirely

new fictional material structures that comply with

chemical rules and physical stability [36, 37].
Furthermore, integrating reinforcement learning or
conditional generative models enables ‘reverse
design’. Given a set of desired performance targets
(e.g., high catalytic activity and specific bandgap), the
model directly generates candidate material
structures that satisfy-all conditions, transforming the
design process from a ‘performance-driven structure’

to a “target-defined structure’ [38].

ML/DL
multiparameter experimental spaces to accelerate

Finally, efficiently navigates complex
process optimisation. Active learning strategies like
Bayesian optimisation intelligently suggest the next
most promising experimental parameters targeting
objectives, such as maximum yield or optimal
morphology —based on minimal prior data, thereby
rapidly identifying optimal solutions with minimal
trial runs [39]. This paradigm, integrated with
automated robotic experimental platforms, forms the
prototype of a ‘self-driving laboratory’: Al algorithms
propose experimental plans based on models, robots
execute synthesis and characterisation, and upon data
feedback, the model automatically updates and plans
the next round of experiments. This creates a fully
closed-loop autonomous discovery system, reducing
the development cycle for new materials or
formulations from years to weeks [40].

3.9. Application of Al in predicting and optimising key
properties of nanomaterials

Artificial intelligence, particularly machine learning
and deep learning, is profoundly transforming the
research and  development paradigm  for
nanomaterials through two core pathways: precise
prediction and proactive optimisation. This provides
a powerful engine for the rational design of tumor-
targeted nanomedicine. The convergence of artificial

intelligence and nanotechnology represents a
paradigm shift in cancer treatment. Traditional
nanomaterial development relies on iterative

experimental methods, which offer limited predictive
capabilities regarding in vivo performance. Al-driven
approaches overcome these limitations by
computationally predicting nanoparticle behaviour,
accelerating material performance optimisation, and
enabling personalised design based on patient-

specific biomarkers (Fig. 2).
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3.10. Intelligent

Al-Nanomaterial Synergy Assessment

[ Al-Driven Nanomaterials

Al Design
100%
o

Safety Profile /m\ Material Synthesis
60%

Conventional Nanomaterials

_40% _
20%

Therapeutic Efficacy e o e Targeting Efficiency

—_— —

Tumor Accumulation Drug Loading

Circulation Time

Figure 2. Traditional nanomaterial development relies on iterative experimental
methods, which offer limited predictive capability for in vivo performance.
Artificial intelligence-driven approaches computationally predict nanoparticle
behaviour, accelerate material performance optimisation, and enable personalised

design based on patient-specific biomarkers. This image was created by the author.

prediction of key biological and

Zijian Liao et al., 2026

instance, gradient-boosted tree models have been

physicochemical properties

By learning the intricate mapping relationship
between material properties and biological responses,
Al models can predict the behavior and fate of
nanomaterials within living systems with high
precision enabling virtual screening and early risk

early warning.

Protein coat prediction: Upon entering biological
fluids, nanoparticles acquire a surface-adsorbed
protein layer (the ‘protein coat’) that defines their in
vivo identity. Machine learning models can predict
the composition and thickness of this protein coat
surface
thereby
assessing the immune evasion capabilities and

based on the core composition, size,

modifications, and other parameters,
targeting potential [41]. One study demonstrated that

random forest models effectively predict the
interaction profiles between gold nanoparticles and

plasma proteins [42].

Prediction of cellular uptake and targeting efficiency

by integrating nanoparticle physicochemical
parameters with cellular omics profiles, Al can

forecast specific cellular uptake efficiencies. For

employed to elucidate the differences in endocytosis
mechanisms among nanoparticles with varying
surface chemistries across distinct tumor cell types
[43]. Furthermore, the combination of physiologically
based pharmacokinetic models with machine learning
enables the simulation and prediction of nanoparticle
tumor-targeting efficiency and organ distribution in
vivo [44].

Toxicity and safety prediction: Early assessment of
nanomaterial biocompatibility is paramount. Deep
learning models, such as graph neural networks, can
represent nanomaterial structures as atomic
connectivity graphs, thereby efficiently learning and
predicting potential hazards, including cytotoxicity
and significantly

and inflammatory responses,

reducing the need for animal testing [45].

3.11. Optimisation —and  reverse  engineering  of
nanomaterials

Al extends beyond prediction, and actively designs
superior nanomaterials and synthesis processes
through optimisation algorithms and generative
models. Generative models facilitate inverse design

when performance objectives are defined (e.g.,
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Performance Metrics Comparison
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Figure 3. Performance comparison between Al-optimised nanomaterials and

conventional nanomaterials across six key parameters for tumor-targeted therapy. Al-

optimised nanomaterials demonstrate superior performance across all categories,

exhibiting particular advantages in targeting specificity and therapeutic efficacy. This

image was created by the author.

‘prolonged circulation time’ and ‘high tumor cell
uptake’), generative adversarial networks and similar
models can operate in reverse, directly generating
theoretical nanoparticle designs that satisfy these
multi-objective constraints (such as optimal size
ranges, surface ligand density, and hydrophilic-
balance) [46]. This
performance-driven rational design. The properties of

hydrophobic enables a
nanomaterials exhibit extreme sensitivity to the
synthesis conditions (e.g., temperature, precursor
ratios, and reaction time). Bayesian optimization and
active learning algorithms intelligently navigate
complex multivariate process spaces with minimal
experimentation, rapidly identifying optimal
formulations for synthesising nanomaterials with
specific attributes (e.g., uniform particle size, and high
fluorescence quantum yield) [47]. For instance,
research has autonomously identified the optimal
conditions for synthesizing size-uniform gold
nanoparticles using Bayesian optimisation [48].
Integrating these AI optimisation algorithms with
automated robotic synthesis and characterization
platforms creates ‘self-driving laboratories’. Within
this closed-loop system, Al proposes experimental

hypotheses, robots execute experiments and collect

data, and Al analyses the data to update the models
and plan subsequent experiments. This paradigm
reduces the discovery and optimisation cycle for
novel materials or optimal formulations from years to
weeks, achieving unprecedented acceleration in R&D
[49, 50] (Fig. 3).
3.12. Al-enhanced
nanomedicines

tumor  targeting  strategies  for
Tumors are not homogeneous entities; they exhibit

significant internal heterogeneity in cellular
composition, gene expression, vascular distribution,
and immune status. This heterogeneity is the primary
reason for the failure of traditional, one-size-fits-all,
targeted therapies. By integrating multidimensional
data from genomics, transcriptomics, proteomics, and
medical imaging, Al can construct high-resolution
spatial maps of tumor heterogeneity [51]. For instance,
deep learning-based algorithms can analyse digital
pathology slides to precisely distinguish functional
zones such as tumor cores, invasion fronts, and
immune cell infiltration areas [52]. Crucially, Al can
identify novel biomarkers that are highly expressed
specifically on tumor cells and closely correlated with
patient prognosis, providing precise ‘coordinates’ for

subsequent targeted molecular design [53]. The
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integration of spatial omics technologies with Al

enables the understanding of the tumor
microenvironment at the single-cell or subcellular
resolution, laying the foundation for hyper-precise
targeting [54]. Following target identification, the
design of ligands capable of efficient binding is
essential. Al is fundamentally transforming this
through  Al-assisted

optimisation. Machine learning models, particularly

process screening  and

graph neural networks, can learn the structure-
activity
complexes. This

relationships of known ligand-target

enables the high-throughput
screening of virtual libraries to identify candidate
high,

significantly shortening experimental timelines [55].

molecules  with  potentially affinities,

Generative Al enables de novo design, representing a
revolutionary breakthrough. By utilising protein
structure prediction tools, such as AlphaFold2 and
sequence design tools like ProteinMPNN and
REdiffusion, researchers can directly generate novel
binding proteins (e.g., miniproteins, cyclic peptides)
that do not exist in nature, based on the three-
dimensional structure of target proteins [56, 57]. These
‘Al-original” ligands often exhibit superior binding
affinity, specificity, and reduced immunogenicity,
overcoming the limitations of traditional antibody or
should
dynamically adapt their behaviour in response to real-

peptide libraries. Ideal nanomedicines
time in vivo conditions. Al serves as the core enabler
of this ‘intelligence’, guiding the design of smart
materials. AI models can learn and predict material
responses to diverse biological stimuli, such as
specific pH levels, enzyme concentrations, or redox
states, thereby enabling the reverse-engineered
design of nanocarriers capable of
within  the
microenvironment to achieve on-demand drug

release (Table. 1) [58].

precise

conformational  changes tumor

Polymeric nanoparticles incorporate controlled-
release drug systems with tunable degradation rates.
Gold nanoparticles serving as Al-parameter-
optimised photothermal therapeutics. Metal oxide
polymers form multi-drug delivery systems with
precisely controllable branched structures. Magnetic
nanoparticles act as Al-optimised magnetic-targeted

hyperthermotherapy agents.

The development of adaptive drug delivery systems
represents a cutting-edge direction for the future. Its
core lies in the construction of a closed-loop system
comprising nanosensors, Al decision algorithms, and
actuators (nanoparticles). Nanosensors monitor local
microenvironment markers (such as pH, and ATP) or
drug concentrations in real time and transmit data to
Al models for analysis. Based on predefined
therapeutic targets and real-time feedback, Al
dynamically calculates and issues optimal drug
release commands, enabling personalised, adaptive
precision treatment [64]. This concept has undergone
preliminary laboratory validation, exemplified by Al
algorithms that control ultrasound sequences to
trigger drug release [65]. Through successive layers of
empowerment, Al is propelling tumor- targeting
strategies from static, singular, and universal
approaches towards dynamic, multifaceted, and
personalised evolution. This elevates targeted therapy
from a ‘passive delivery’ technology to an intelligent
system capable of ‘sensing the environment,
identifying targets, making dynamic decisions, and
delivering precise strikes,” opening unprecedented
possibilities for overcoming the core challenges of

tumor heterogeneity and drug resistance.

3.13. From in vitro to in vivo: Al predicts the biological fate
and efficacy of nanomedicines

The ultimate therapeutic efficacy of nanomedicines
hinges on their intricate in vivo journey, from
injection to tumor site delivery and drug release,
involving multiple biological barriers and dynamic
interactions. Traditional animal studies are time-
consuming, costly, and unreliable for accurately
predicting human

responses. By constructing

multiscale  computational = models, artificial
intelligence is forging a predictive bridge between in
vitro physicochemical properties and in vivo

therapeutic outcomes, significantly accelerating

clinical translation.

3.14. Predicting nano-bio interface interactions

Upon entering biological systems, nanoparticles
rapidly adsorb proteins onto their surfaces to form a
“protein coat’. This coat defines the biological identity
of the particle and determines its subsequent fate.
Machine learning models can predict the types,
abundance, and conformational changes of proteins
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adsorbed onto nanoparticle surfaces based on
physicochemical parameters (particle size, zeta
potential, hydrophobicity, etc.) and environmental
conditions. This enables the assessment of
immunogenicity, blood clearance rates, and potential
targeting properties [66]. For instance, one study
established

relationship models to predict the protein crown

quantitative structure-activity
composition of gold nanoparticles with different
surface modifications in plasma [67]. Deep learning
models, such as graph neural networks, can analyse
the intricate networks of interactions between
nanoparticle-protein  coat complexes and cell
membrane receptors, predicting their endocytic
pathways (e.g., clathrin-mediated and caveolin-
mediated) [68]. Concurrently, Al can predict whether
specific nanomaterials will activate the complement
system or trigger responses from particular immune
cells (e.g., macrophages), providing early warnings
for safety assessments [69].

3.15. Predicting  in  vivo  pharmacokinetics  and
biodistribution

Accurately predicting the absorption, distribution,
metabolism, and  excretion  processes  of
nanomedicines within biological organisms is central
to optimising drug delivery regimens.Traditional
PBPK models feature numerous parameters and pose
significant calibration challenges. Al can be deeply
integrated with PBPK models to efficiently calibrate
and optimise them using limited animal experimental
data, markedly enhancing their accuracy in predicting
concentration-time curves of nanomedicines at the
organ and tissue levels [70]. This hybrid model can
simulate tumor enrichment kinetics and the drug

release processes of nanocarriers.

By integrating material design parameters, in vitro
protein coating and cellular uptake data, and in vivo
biodistribution and therapeutic efficacy data, deep
learning can construct end-to-end predictive models
linking material properties to in vivo distribution and
therapeutic efficacy [71]. This model addresses critical
design questions such as: ‘By reducing nanoparticle
size from 150 nm to 100 nm, by how much is the drug
concentration within mouse tumors expected to
increase?’ This will guide rational design.

3.16. Advancing personalised nanomedicine

There is considerable heterogeneity among cancer
and Al
personalised nanotherapy. By analysing multimodal

patients, offers a pathway towards
data, including tumor genomes, proteomes, and
pathological imaging, Al classification models (such
as support vector machines and deep learning
classifiers) can identify patient subgroups most likely
to respond positively to specifically engineered
those

nanomedicines (e.g., targeting particular

receptors or possessing specific drug release
characteristics) [72]. This enables precise matching of
‘causal therapy,” maximising therapeutic benefits for
the population. Digital twins and virtual clinical trials
are cutting-edge concepts in personalised treatment.
Constructing a ‘digital twin’ of an individual patient's
physiological system involves creating a dynamic
computational model that integrates their anatomical
structure, physiological parameters, and tumor
microenvironment characteristics [73]. Prior to
commencing actual treatment, clinicians can virtually
test the efficacy and safety of different nanomedicine
regimens on the patient's digital twin, thereby
predicting and selecting the optimal personalised
treatment plan in advance. This approach not only
holds promise for maximising therapeutic outcomes
and minimising adverse effects but, will also

revolutionise clinical trial methodologies.

In summary, Al is transforming the lengthy, high-risk
“black box” process of translating nanomedicines
from the laboratory to the clinic into a transparent,
computable, predictable, and optimizable
engineering pathway. This transformation is achieved
through multi-level modeling spanning microscopic
mechanisms (protein coronas, cellular interactions) to
macroscopic systems (systemic pharmacokinetics)
and individualized applications (patient stratification,
digital twins). This significantly enhances the R&D
success rates and lays a solid foundation for achieving

true precision nanomedicine in oncology.

3.17. Artificial intelligence-driven nanomaterial cancer
therapy: challenges, ethics, and future prospects

3.17.1. Challenge

The scarcity of high-quality, standardized data
represents a fundamental bottleneck that constrains
Al model performance. Data on nanomaterial-
biological interactions remain fragmented across
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laboratories, with inconsistent characterization
methods and experimental conditions creating “data
silos”  [74].

generating reliable in vivo data are costly and low-

Furthermore, animal experiments
throughput, resulting in severe shortages of “fuel” for
model training—particularly well-annotated clinical
data, which limits the generalization capabilities of
models to clinical settings. The poor interpretability of
complex deep learning models, whose predictive
decision processes resemble “black boxes”, makes it
difficult  to

explanations. This undermines researchers’ trust and

provide  biological mechanism
hinders the extraction of new scientific knowledge
from Al discoveries [75]. Simultaneously, models
trained on limited data are prone to “overfitting,”
where the predictive accuracy may significantly
decline when applied to new material systems or
different types,

generalization capability. A substantial complexity

tumor indicating insufficient
gap exists between computational models and real
biological processes. Current models struggle to fully
simulate the dynamic, and heterogeneous tumor
microenvironment within the human body and the
intricate interactions of the systemic immune system
[76]. Consequently, even nanomedicines that perform
exceptionally well in virtual screening may fail in
clinical trials due to unpredictable in vivo behavior,
constituting a major translational risk. Existing drug
approval frameworks from regulatory bodies such as
the FDA and EMA, primarily target small molecules
or biologics with well-defined compositions. Clear
evaluation pathways and standards are lacking for
Al-designed smart nanomedicines with potentially
dynamic structures [77]. Validating the reliability of
Al design processes, algorithm stability, and batch-to-
batch consistency of products represents an urgent
challenge requiring resolution.

3.17.2. Ethical considerations

Model training requires extensive patient clinical data
and omics information, raising critical data privacy
and protection concerns. Rigorous mechanisms for
data de-identification, encryption, and authorized
access must be established, with a clear delineation of
responsibilities and rights for data contributors and
users [78]. If the training data predominantly
originate from specific populations (e.g., particular

ethnic groups or regions), the resulting Al models
may exhibit systemic biases toward underrepresented
groups. This could lead to suboptimal efficacy or
increased toxicity of the designed nanomedicines in
these healthcare
inequalities [79]. When Al systems dominate the

populations,  exacerbating
design of a nanomedicine formulation, determining
liability for unexpected adverse reactions —whether it
falls on the algorithm developer, experimental
scientist, clinician, or pharmaceutical company,
becomes a challenge. Enhancing algorithm
transparency and traceability is a prerequisite for
clarifying responsibilities [80].

3.17.3. Future outlook

The widespread adoption of self-driving laboratories
is crucial to address these challenges. By integrating
Al, robotic

characterization into a fully closed-loop “design-

automation, and high-throughput
synthesis-test-analysis” system, these labs will not
only generate standardized, high-quality data at an
exponential rate but also enable truly autonomous
material discovery and optimization without human
intervention [81]. Future AI models will excel at
fusing multi-source heterogeneous data, including
material genomes, high-throughput experiments,
multi-omics, electronic health records, and scientific
literature texts [82]. Simultaneously, embedding
known physical laws and chemical rules (such as
molecular dynamics constraints) as prior knowledge
into neural networks to develop physics-informed
machine learning models can significantly enhance
their predictive accuracy, extrapolation capabilities,
and interpretability [83]. Regulatory science will
actively adapt, potentially developing virtual clinical
trials based on “digital twin” models as auxiliary tools
to optimize trial designs or identify high-risk patients
[84]. Ultimately, Al aims to propel nanotherapy
toward true personalization by analyzing patients'
real-time multi-omics data and imaging, dynamically
generating or selecting the most suitable nanodrug
formulations for each individual and achieving tailor-
made precision treatment [85].

4. Conclusions
The interdisciplinary field of artificial intelligence and
nanomedicine stands at a historic crossroads, one that
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is both exhilarating due to early successes and
demands caution in the face of practical complexities.
Reviewing the key advances covered in this review,
Al has gradually evolved from a supplementary
analytical tool to a central driving force in
nanomedicine research and development. At the level
of material design, machine learning models are
capable of high-throughput screening of tens of
thousands of formulations of lipids, polymers or
metal nanoparticles, significantly accelerating the
discovery of targeted delivery carriers. At the level of
mechanism elucidation, deep learning algorithms
identify hidden features determining nano-bio
interactions from spatiotemporal multi-omics data,
challenging and expanding our traditional
understanding of the EPR effect, protein corona
formation and transcellular transport. In preclinical
evaluation, Al models based on radiomics and
pathomics have enabled precise predictions of the
efficacy and toxicity of nanomedicines, with some
findings already entering the prospective validation
phase. These advances collectively indicate a trend:
nanomedicine is shifting from an experience-driven
paradigm to data and model-driven paradigm.

Looking ahead, a more forward-looking vision is
Al-driven,

nanomedicine. In this

emerging: closed-loop  precision

vision, high-resolution
multimodal data on patients (genomic, proteomic and
imaging data) will be fed into interpretable generative
models, which will design nanomedicines tailored to
the characteristics of the patient's tumor
microenvironment within minutes, including optimal
size, surface ligands, drug-to-carrier ratio and release
kinetics. ~ Subsequently, = automated  synthesis
platforms will complete the preparation, and rapid
iterative validation will be conducted using organ-on-
a-chip or miniaturised animal models, with the
feedback data used once again to optimise the model.
The entire process, from diagnosis to a “personalised
to be

to within 48 h. Simultaneously,

nanomedicine prescription’, is expected
compressed
regulatory science will evolve in parallel: a
supplementary review pathway based on ‘computer-
simulated trials and real-world evidence” will be
established, and digital twin cohorts will be used to
assess the efficacy and risks of nanomedicines in

virtual populations. On the ethical front, transparent,

auditable Al systems and inclusive stakeholder

governance mechanisms will become standard
practices, ensuring that the benefits of the technology

are equitably shared across all patient groups.
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