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Abstract

Traditional medical material development relies on trial-and-error experimentation and lengthy clinical trials, resulting in prolonged
cycles, high costs, and limited success rates. This model not only severely hampers research and development efficiency but
also struggles to rapidly address the urgent demand for new materials in the medical field. Artificial intelligence (Al) technology,
by integrating multimodal data with advanced algorithms, is breaking through this bottleneck. This paper systematically reviews
the application progress of Al across the entire medical material development chain, focusing on 3 core scenarios: “Al-driven mo-
lecular material design,” “biocompatibility prediction,” and “personalized material customization.” Through comparative analysis
of differences in technical approaches and methodological frameworks among global research groups, it deeply elucidates the
key challenges currently facing the field and offers forward-looking perspectives. “biocompatibility prediction,” and “personalized
material customization.” By comparing and analyzing differences in technical approaches and methodological frameworks among
global research groups, it deeply elucidates key challenges in the field and prospectively outlines future directions for the conver-
gence of Al and medical materials. This aims to provide a systematic framework for innovative development in medical materials.

Keywords: Biocompatibility, Entire research and development chain, Molecular material design, Multimodal data, Personalized

medicine

1. Introduction

Medical materials serve as the fundamental substances in fields
such as medical devices, tissue engineering, and drug delivery.
They can be used for diagnosing, treating, repairing, or replacing
diseased tissues and organs in living organisms, as well as enhanc-
ing physiological functions!!l. Their development must balance
biocompatibility, functionality, and clinical applicability. Tradi-
tional research and development (R&D) models face inherent
limitations, whereas artificial intelligence (AI) technology offers
breakthrough solutions across the entire process—from molecular
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design to clinical translation. This article focuses on Al’s innova-
tive applications in medical materials R&D, addressing tradition-
al development challenges, and explores how it drives the field
toward precision, efficiency, and personalization (Figure 1).

2. Traditional models suffer from inherent
limitations such as lengthy cycles and high failure
rates

Conventional medical material R&D relies on trial-and-error
driven “experiential development,” exhibiting 3 critical
flaws!?:

(1) Extremely lengthy R&D cycles: The average develop-
ment period exceeds 10 years. The entire process—from
molecular screening and performance testing to clinical
validation—involves repeated experimental iterations, sig-
nificantly prolonging the technology transfer pathway. This
makes it difficult to meet the urgent clinical demand for new
materials, and there is a lack of efficient predictive tools.

(2) Exorbitant overall costs: Trial-and-error expenses ac-
count for over 70% of total R&D investment. Approx-
imately 90% of candidate materials ultimately fail due
to critical issues like insufficient biocompatibility, subpar
mechanical properties, or degradation rates incompatible
with clinical requirements. These failures often stem from
inadequate data-driven prediction of core material per-
formance in early stages, resulting in substantial waste of
human and material resources.

(3) Limited innovation scope: Traditional R&D approach-
es struggle to systematically uncover the complex
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Figure 1. Overview diagram of Al in medical material research and development.
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interrelationships between a material’s molecular com-
position, microstructure, macroscopic properties, and in
vivo biological responses. The process heavily relies on
researchers’ accumulated experience, leading to blind
exploration within the material chemistry space. This
hinders breakthroughs beyond known material systems
and prevents the efficient design of novel materials with
multidimensional superior performance.

Consequently, core bottlenecks in traditional medical ma-
terial R&D—including prolonged cycles, high costs, and
difficulties in multiproperty synergistic optimization—have
become critical barriers to innovation in the field, urgent-
ly requiring breakthroughs through efficient technological
approaches.

3. Targeted optimization solutions and technical
pathways via Al technology

Thus, Al—leveraging its core strengths in integrating mul-
tisource heterogeneous data, uncovering complex correla-
tion patterns, enabling precise performance prediction, and
achieving efficient multiobjective optimization—has emerged
as the pivotal technological support for overcoming tradi-
tional medical material R&D bottlenecks and driving inno-
vation in the field. The following sections will detail optimi-
zation solutions addressing core pain points through 3 core
technical pathways: generation, prediction, and optimization
(Table 1).

3.1 Generative models driving molecular design in
materials: efficiently overcoming bottlenecks in chemical
space exploration

As a core Al technology (Table 1) driving materials innova-
tion, generative models leverage deep learning algorithms! to
uncover intrinsic correlations between material structures and
properties. This enables a shift from empirical trial-and-error to
rational design, offering a revolutionary pathway for efficiently
exploring vast chemical spaces and precisely constructing novel
medical materials.

Building upon massive material datasets, generative mod-
els learn latent distribution patterns of molecular structures
through algorithmic learning. They can directly generate novel
molecular structures with targeted properties. Their core ad-
vantage lies in eliminating reliance on traditional experimental
trial-and-error, significantly enhancing the efficiency of chemical
space exploration and the precision of material design.

Currently, the most mature generative models applied in
medical material design fall into 2 categories: composite models
like material generative adversarial network (MatGAN), which
fuse variational autoencoders (VAE) and generative adversar-
ial networks (GAN)Pl; and graph neural networks (GNNs)!®l,
optimized for graph-structured data. Both models achieve ef-
ficient exploration of unknown chemical spaces by capturing
the correlation between structural features and properties of
material molecules. However, they complement each other in
data processing approaches and applicable scenarios, jointly ad-
vancing medical material design toward intelligent and precise
development. The following sections will detail the technical

Comparative analysis of the 3 core technologies.

Al technology’s

breakthrough value Traditional pain points

Central principle or fundamental mechanism

Generation model (MatGAN,
GNNs)

Long cycle, difficult to explore
chemical space

Without relying on experimental trial and error, new material molecular structures with target properties can
be directly generated through algorithms, compressing the “material design cycle” from years to weeks

Optimized algorithms (NSGA-II, Balancing multiple properties (such  Breaking through the limitations of “empirical trade-offs,” efficiently exploring the “multi-objective

Bayesian optimization) as mechanical, degradation, and
compatibility) is difficult
Biocompatibility screening is

inefficient

Prediction models
(ImmunoMat, GAT, MD+Al)

performance space” through algorithms, and precisely balancing multidimensional indicators such as
biocompatibility, mechanical strength, and degradation rate

Replace traditional animal/in vitro experiments with a method that uses multiomics data and Al models to
preidentify candidate materials with low biocompatibility and high immune risk, significantly reducing the

failure rate from 90%

Al artificial intelligence; GAT, graph attention network; GNNs, graph neural networks; MatGAN, material generative adversarial network; MD, molecular dynamics; NSGA-Il, nondominated sorting genetic

algorithm.
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architecture, training logic, and typical applications of Mat-
GAN and GNNs in medical material design.

3.1.1 MatGAN model: material molecular generation via
VAE-GAN fusion

In recent years, deep learning models have garnered widespread
attention across numerous fields due to their exceptional per-
formance in classification and prediction tasks”l. Among these,
the “Material Generative Adversarial Network (MatGAN)”
proposed by the Massachusetts Institute of Technology research
team offers an innovative solution for medical material molec-
ular design. This technology effectively integrates the technical
strengths of both GANs and VAFEs. By combining the limita-
tions of either model, it demonstrates outstanding performance
in polymeric medical material design, becoming a core tool
for achieving precise generation of novel material molecular
structures.

From a technical perspective, as a key branch of generative
models, VAEs fundamentally uncover latent structural features
within data. An encoder maps input material data into a low-
dimensional latent space, from which Gaussian distributions are
sampled. A decoder then reconstructs these sampled latent vec-
tors into new data samples, providing the foundational frame-
work for “generating” material molecular structures. GANs,
conversely, accomplish their core task through 2 adversarial net-
work models: the generator constructs novel material molecular
structures, while the discriminator evaluates the consistency be-
tween generated structures and real material data. The dynamic
adversarial optimization between these 2 components enhances
the authenticity of generated samples. Taking biodegradable su-
tures as an example, the model design workflow diagram is as
follows (Figure 2):

Although both VAE and GAN can be used independently for
material data augmentation, each model has distinct limitations:
VAE-generated samples often suffer from insufficient diversity,
while GANs are prone to pattern collapse due to training insta-
bility. Therefore, MatGAN constructs a composite architecture
by integrating VAE and GAN, incorporating the latent variables
from VAE into the generation and discrimination processes of
GAN. This approach retains VAE’s capability to extract latent
features from material data while leveraging GAN’s adversarial
training to enhance model convergence, ultimately achieving su-
perior generation quality and performance.

During actual model training, researchers first collected
multidimensional data on known biomedical polymers to
construct a standardized training dataset. The training pro-
cess involves the encoder converting input material structure
data into low-dimensional latent vectors, while the decoder
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generates novel material molecular structures based on these
vectors. Subsequently, the discriminator evaluates the sim-
ilarity between generated structures and real data, enabling
the model to progressively learn the intrinsic mapping be-
tween material structure and properties through iterative
optimization.

In the design and application of biodegradable sutures, the
MatGAN model has demonstrated significant practical value:
It successfully generated 10 candidate materials. In vitro exper-
iments confirmed that these novel materials exhibit significantly
superior degradation rates and cellular compatibility compared to
traditional suture materialssuchaspoly(glycolicacid), poly(lactic-
co-glycolic acid), and polycaprolactone (PCL)!®. They also pos-
sess the mechanical strength and biosafety required for clinical
applications, providing an efficient technological pathway for
the innovative development of absorbable sutures.

3.1.2 GNNs model: graph structure-driven complex
material design

Metal-organic frameworks (MOFs), as a novel class of organic-
inorganic hybrid polymeric materials”®l, feature structures as-
sembled from metal ions and organic ligands. Their unique
structural characteristics confer significant advantages: On 1
hand, they possess extremely high specific surface areas. On
the other hand, they feature diverse pore structures and tunable
chemical properties. These characteristics endow MOFs with
immense application potential across multiple fields, including
gas storage, adsorption, and separation, as well as drug delivery
systems—an area of significant importance in medicine.

The crystal structure of MOFs inherently possesses graph-
like properties, naturally representing a graph: each node cor-
responds to a fundamental building block of the MOF, while
edges represent chemical bonds or intermolecular interactions
between nodes. Both nodes and edges are assigned feature vec-
tors containing physicochemical information. This structural
representation aligns perfectly with the core strengths of GNNs
in processing graph data, laying a crucial foundation for GNN
applications in MOF design.

The key to GNNs’ efficient processing of MOF graph data
lies in the message-passing mechanism of their graph convo-
lutional layers: First, this mechanism performs weighted ag-
gregation of a node’s own features and those of its neighbors,
enabling dynamic updates to node representations. Subse-
quently, through the stacking of multiple graph convolutional
layers, GNNs overcome local structural constraints to effec-
tively capture long-range atomic interactions within MOF
structures while precisely identifying complex structural

Biodegradable Suture
Materials

Figure 2. MatGAN model design workflow for degradable sutures.
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patterns. Finally, a weighted sum operation is performed on
the nodes themselves to integrate the global structural infor-
mation of the MOFs!!%,

In the practical design of MOFs as drug carriers, the technical
advantages of GNNs are fully translated into tangible R&D ef-
ficiency: the research team used structural data of known MOFs
and their corresponding drug loading capacities as training
samples. Through model training, GNNs learned the intrinsic
correlation between MOF structural features and drug load-
ing capabilities. The trained model possesses 2 core functions.
First, rapid prediction capability enables accurate forecasting
of novel MOFs’ drug loading capacity without time-consuming
experimental validation. Second, it enables reverse design ca-
pabilities, guiding MOF structural optimization based on pre-
defined drug-loading target properties. For instance, in practical
research, scientists can adjust pore sizes by modifying organic
ligands or metal node types, while GNNs precisely predict how
these changes affect drug-loading capacity, thereby aiding the
design of MOFs with specific pore sizes and superior loading
capabilities. The mechanism of GNN-based drug-loading pre-
diction is illustrated in the figure below (Figure 3):

These MOFs, optimized through GNN-based design, are
subsequently synthesized in laboratories into actual materials.
They are further utilized to construct highly efficient targeted
chemotherapy drug delivery systems, with the ultimate goal of
enhancing drug accumulation at tumor sites, thereby providing
critical material support for precision cancer therapy.

3.1.3 Breakthrough value and application prospects of
generative models

Through technical pathways like MatGAN and GNN, genera-
tive models have achieved 3 core breakthroughs in medical ma-
terial design: First, they compress the material design cycle from
years to weeks, significantly boosting R&D efficiency; Second,
they overcome traditional R&D reliance on known chemical
spaces by algorithmically generating novel molecular structures,
expanding the boundaries of medical material innovation;
Third, they enable precise presetting of material properties, en-
suring generated materials better align with clinical demands
in aspects like biocompatibility and functional specificity. These
breakthroughs not only effectively address core challenges in
traditional medical material R&D—Ilong cycles, high costs, and
innovation constraints—but also provide systematic solutions
for material innovation in critical fields such as biodegrad-
able medical devices and efficient drug delivery systems. This

WW‘
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propels medical material R&D into a new era of data-driven
intelligence!*.

3.2 Predictive models empowering biocompatibility
assessment: enabling high-throughput precision screening

Biocompatibility is a critical indicator for the clinical applica-
tion of medical materials!'?, directly determining the safety and
efficacy of implants or medical devices. Al predictive models
integrate multidimensional biological data with advanced algo-
rithms to establish 2 core technical pathways: * Omics-Data-
Driven Immunoresponse Modeling and Molecular Dynamics
(MD). The integration of these approaches with Al not only ad-
dresses the efficiency limitations of traditional experiments but
also enhances assessment accuracy, redefining the paradigm of
biocompatibility evaluation.

3.2.1 Omics data-driven immune response modeling:
precisely capturing material-organism interaction patterns

Implantable medical devices often trigger host immune re-
sponses upon insertion into the human body. Macrophage-
mediated inflammatory processes are key factors leading to
implant failure. Rejection reactions and secondary infections
frequently cause poor wound healing, sometimes resulting
in fibrotic encapsulation around the implant. This ultimately
leads to implant dysfunction or necessitates surgical removal*3l,
Addressing this core challenge, Al models achieve precise predic-
tion and regulation of material immunocompatibility by uncov-
ering correlations between omics data and immune responses.

The ImmunoMat model developed by Stanford University
researchers exemplifies this approach. Based on evolutionary
algorithms that simulate the immune system’s learning process,
its core logic unfolds through “feature extraction — correlation
modeling — predictive application”:

First, surface analysis techniques capture detailed surface
chemical feature vectors of material samples. Concurrently,
macrophages are cocultured with material samples in vitro. To-
tal cellular RNA is extracted and sequenced to obtain transcrip-
tome data. After normalization, key gene expression profiles
associated with immune activation are identified. Next, using
material samples with known surface chemical features and cor-
responding macrophage transcriptome responses as the training
set, a mapping relationship is established from material surface
chemical features to macrophage transcriptome characteristics
and immune activation scores. This process focuses on learning
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the correlation patterns between surface chemical groups, struc-
tures, and macrophage polarization directions. Finally, inputting
the surface chemical characteristics of novel candidate materials
enables the prediction of their induced macrophage transcrip-
tome alterations and immune activation levels. In practice, this
approach has successfully avoided 3 highly inflammatory candi-
date materials, providing efficient guidance for designing highly
biocompatible implant materials. The schematic diagram of the
predictive model is as follows (Figure 4):

This omics data-driven approach is equally applicable to op-
timizing the immunocompatibility of specific materials. Take
titanium alloys, widely used in orthopedics and dentistry, as
an example. While they offer advantages such as high strength,
corrosion resistance, and fundamental biocompatibility!'4, post-
operative fibrous encapsulation consistently impacts long-term
stability. Research indicates that implant surface roughness and
protein adsorption profiles are key factors regulating macro-
phage polarization and inflammatory responses—a correlation
often overlooked in traditional R&D. To address this, the re-
search team employed machine learning to construct a predictive
model: First, they collected titanium alloy samples with vary-
ing surface characteristics, quantifying their surface roughness,
protein adsorption profiles, and corresponding macrophage
polarization data. Then optimized the model through cross-
validation to reveal the intrinsic link between surface properties
and macrophage polarization. This ultimately established design
rules for “immunologically friendly” titanium alloys based on
optimized surface characteristics, effectively reducing the inci-
dence of postoperative fibrous encapsulation. This further vali-
dates the universality of omics-data-driven models in assessing
material immunocompatibility.

3.2.2 Molecular dynamics and Al integration: atomic-level
prediction of biomolecular interactions

Beyond macroscopic immune responses, microscopic interac-
tions between materials and biomolecules (eg, proteins, DNA)
constitute a core dimension of biocompatibility assessment. For
instance, thrombosis induced by blood-material contact directly
correlates with fibrinogen adsorption on material surfaces and
platelet interactions!'. While MD simulations can reproduce
such microscopic interactions, traditional MD suffers from low
efficiency and challenging data interpretation. The integration of
Al technology overcomes these limitations, enabling atom-level
precision prediction and optimization.

Consider the optimization of blood compatibility for PCL
nanofibers: As a semicrystalline polyester, PCL offers excel-
lent mechanical properties, biocompatibility, and degradability,

Surface chemical
/ features

materials

\, Transcriptomic

I

]

1
Candidate 1/

|

' data

Core_ Immune Prediction Model

1
1
Model Algorithm Logic | |
1
I

www.precisionnutritionjournal.com

making it a common material for nanofibers used in tissue engi-
neering scaffolds or drug delivery systems!'*l. However, its blood
compatibility remains suboptimal.

In this study, the integration of deep learning and MD sim-
ulations"”! formed an efficient optimization pathway: First,
MD simulations reproduced the interaction process between
PCL nanofibers and fibrinogen under physiological conditions
and various surface states, generating multidimensional raw
data including molecular motion trajectories, atomic coor-
dinates, binding energies, hydrogen bonds, and hydrophobic
interactions. Subsequently, the data undergoes cleaning and
normalization to extract key features such as binding site
atom types, interaction distances, and peak energy changes,
converting them into structured vectors processable by deep
learning models; A convolutional neural network deep mod-
el tailored for molecular structure and dynamic temporal
data is constructed. Trained with “material surface features +
MD interaction data” as input and binding strength patterns
as output, it captures the mapping relationship between mate-
rial surface properties and biomolecular binding efficacy. Fi-
nally, the model rapidly predicts the effectiveness of different
surface modification schemes, identifies optimal strategies, and
significantly reduces platelet adhesion rates. The schematic is
illustrated below (Figure 5):

Similarly, the graph attention network (GAT) model of-
fers an innovative approach for assessing the clotting risk
of blood-contacting materials. Polyethylene glycol (PEG),
valued for its excellent biocompatibility and anticoagulant
properties, is commonly used as a surface coating for blood-
contacting materials!"”l. Its clotting risk is directly correlated
with surface chemical composition, functional group types,
and topological structure—characteristics that can be natu-
rally represented as graph-structured data comprising nodes
and edges.

The GAT model proposed by the Tsinghua University re-
search team achieves precise prediction of clotting propensity by
analyzing interactions between material surface chemistry and
clotting factors: it takes the graph representation of a material’s
surface chemistry as input and outputs the clotting time for the
target material. Leveraging graph convolutional operations with
attention mechanisms, it effectively captures the differential
contributions of distinct chemical regions on the material sur-
face to clotting risk. Data augmentation and regularization tech-
niques employed during model training enhance generalization
capabilities. When screening PEG coating schemes, the model
identifies low-risk options with longer clotting times, thereby
constructing a clotting risk database for blood-contacting mate-
rials and significantly improving the efficiency and accuracy of
blood compatibility assessment.
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3.2.3 Breakthrough value and application prospects of
predictive models

Al predictive models revolutionize traditional biocompatibility
assessment paradigms through 2 technical pathways: omics data-
driven approaches and MD integration. On 1 hand, models
like ImmunoMat and GAT achieve breakthroughs in replacing
experiments, substantially reducing reliance on animal testing
and lowering evaluation costs. On the other hand, the models’
high-throughput processing capability enables parallel screen-
ing of tens to hundreds of candidate materials, compressing the
evaluation cycle from weeks to days. Simultaneously, precise
predictions eliminate approximately 90% of low-compatibility
candidates, significantly boosting R&D efficiency and providing
critical technical support for the translation of medical materi-
als from laboratory to clinical application.

3.3 Multiobjective optimization algorithms solve
performance balancing challenges: synergistically
enhancing material comprehensive efficiency

Clinical application of medical materials requires simultane-
ous fulfillment of multidimensional performance demands
such as mechanical strength, biodegradability, and immuno-
logical inertness, with inherent conflicts among certain metrics.
Traditional R&D relies on empirical trial-and-error methods,
which struggle to quantify the balance between conflicting per-
formance metrics while suffering from lengthy development
cycles and high resource consumption. Al multiobjective op-
timization algorithms efficiently explore the “multi-objective
performance space.” Their core objective is to rapidly converge
and uniformly distribute the algorithmic population within the
nondominated optimal region of the problem, enabling pre-
cise identification of optimal solutions that balance multiple
properties. This provides a systematic technical pathway for
synergistically enhancing the comprehensive performance of
materials (Figure 6).

3.3.1 NSGA-II algorithm: efficient exploration of
multiobjective nondominated optimal solutions

The nondominated sorting genetic algorithm (NSGA-II)!?°I has
become a classic tool for solving the challenge of balancing
multiple material properties, leveraging its core advantage of
“non-dominated sorting combined with elite retention strategy.”
Its key value lies in rapidly screening optimal designs that are
not dominated by other solutions, while ensuring the stability of
optimal solutions during iterations through elite retention. This

51

algorithm has demonstrated significant practical value in both
orthopedic implant and biodegradable polymer scaffold design.

In orthopedic implants, traditional standardized devices often
fail to adapt to patients’ unique skeletal morphology, density,
and mechanical environments, leading to adverse events like
fracture, loosening, deformation, and infection. For instance,
Wang Hong’s team found that material defects and design flaws
accounted for 72% of adverse events in Guangdong Province’s
orthopedic implants®!l. To address this issue, the BioMatch sys-
tem developed by Massachusetts General Hospital integrates
patient computed tomography scans, bone density data, and
personalized mechanical requirements. Utilizing the NSGA-II
algorithm, it intelligently optimizes orthopedic implants: the al-
gorithm rapidly screens design solutions, balancing mechanical
load capacity and bone ingrowth characteristics through non-
dominance ordering, while an elite retention strategy ensures
each iteration preserves optimal solutions for continuous refine-
ment. The generated implant 3D models are manufactured using
high-precision 3D printing techniques such as selective laser sin-
tering and fused deposition modeling, and must undergo rigor-
ous quality control and sterilization. Clinical trials demonstrate
that implants designed by this system exhibit a postoperative
loosening rate of only 6%, representing a 40% reduction com-
pared to traditional designs, establishing a technical paradigm
for multiperformance synergistic optimization of orthopedic
implants.

3.3.2 Bayesian optimization: precision navigation in
complex design spaces

As a key Al approach for multiobjective optimization, Bayesian
optimization balances exploration of unknown parameter spac-
es with exploitation of known optimal regions through Gauss-
ian Process Surrogate models. This enables rapid identification
of optimal solutions balancing multiple performance metrics
without exhaustively traversing all parameter combinations. It
demonstrates remarkable efficiency in complex material designs
like hydrogel dressings. Its core logic involves constructing a
surrogate model based on minimal initial experimental data, dy-
namically selecting the next most promising experimental plan
through function evaluation, and iteratively optimizing until
target performance is achieved—fundamentally overcoming the
efficiency bottlenecks of traditional trial-and-error approaches.

In designing multifunctional hydrogel dressings for chronic
wound healing, a research team at Germany’s Fraunhofer In-
stitute employed Bayesian optimization to explore complex
design spaces, targeting core multiobjective optimization met-
rics of moisture retention, breathability, and antimicrobial
properties??l,
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The research workflow specifically included:

(1) Initial parameter pool construction: Collecting hydrogel
preparation parameters (varying crosslinking degrees and
component ratios) alongside corresponding performance
data.

(2) Establishing a surrogate model: Training a Gaussian pro-
cess model using initial data to quantify parameter influ-
ences on performance metrics and predict uncertainty.

(3) Iterative screening: Selecting “regions with optimal pre-
dicted performance” or “regions with highest model
uncertainty” via the acquisition function for experimen-
tation, progressively narrowing down optimal parameter
combinations;

(4) Performance validation: Conduct multidimensional
testing on hydrogel dressings prepared with optimized
parameters, including mechanical properties, freeze-
thaw stability, self-healing characteristics, biocompati-
bility, and wound healing promotion?}. Clinical trials
demonstrate that the novel hydrogel dressing designed
by this algorithm reduces dressing change cycles by ap-
proximately 30 days compared to traditional dressings,
significantly alleviating patient discomfort and medical
burden. Its synergistic multiperformance effects far ex-
ceed those of products designed using traditional trial-
and-error methods.

In developing personalized hydrogel dressings for diabetic
wounds, the Huazhong University of Science and Technology
research team further integrated Bayesian optimization with
individual patient data. Diabetic wound healing faces unique
challenges, including significant blood glucose fluctuations, high
infection risks, and complex microenvironments, making tradi-
tional dressings inadequate for personalized needs due to their
lack of dynamic adaptability. The team first collected extensive
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clinical data from diabetic patients, using machine learning to
uncover correlations between blood glucose variability and
wound infection risk, as well as drug demand thresholds®*.
Subsequently, employing Bayesian optimization algorithms,
they designed the network structure and drug loading scheme
of the dynamically responsive hydrogel with multiple objectives:
glucose responsiveness, precise drug release, and wound repair
efficiency. The optimized hydrogel reversibly adjusts its pore size
in response to ambient glucose concentration: when blood glu-
cose rises to a preset threshold, the network pores expand to
accelerate the release of hypoglycemic and anti-infective drugs;
When blood glucose returns to normal ranges, the pore size
shrinks to slow drug release and prevent side effects. Animal ex-
periments confirmed that this smart dressing improves infection
control efficiency by 50% compared to traditional dressings and
can adapt to individual patients’ blood glucose fluctuation pat-
terns, offering a new solution for personalized chronic wound
treatment.

3.3.3 Breakthrough value and application prospects of
multiobjective optimization algorithms

AI multiobjective optimization algorithms, through technical
approaches like NSGA-II and Bayesian optimization, not only
resolve the traditional challenge of balancing multiple prop-
erties in medical materials but also drive the development of
medical materials toward precision and personalization by
integrating with patient-specific data and organ-on-a-chip
technologies!®’l. As multimodal data integration capabilities
advance, these algorithms will achieve full-process automation
from molecular design and performance prediction to clinical
adaptation, providing more robust material support for preci-
sion medicine.



Lu et al. e Volume 3 ¢ Number 1 ¢ 2026

4. Global Al-driven medical materials research
landscape: global trends, core challenges, and
ecosystem development

The deep integration of Al and medical materials is reshaping
technological boundaries and application scenarios in health-
care. From accelerating material development to enabling pre-
cise clinical implementation, Al technologies inject revolutionary
momentum into the medical materials industry by innovating
technical paradigms, optimizing data flow, and bridging transla-
tion pathways. Simultaneously, it faces multifaceted challenges
including crossdomain collaboration and compliance/security,
with a diverse ecosystem gradually emerging globally.

4.1 Core research trends

4.1.1 Technological paradigm: from “trial-and-error
iteration” to “intelligent design”

Deep learning is currently primarily applied to material property
prediction. By constructing neural network models that simulate
correlations between material microstructure and biocompatibil-
ity/mechanical properties, it significantly shortens R&D cycles.
Multialgorithm fusion continues to optimize processes, with ma-
chine learning used for material screening and quality control,
while big data technology integrates research patents and mar-
ket data to enhance R&D efficiency. Personalized customization
emerges as a core direction. By analyzing patient medical histories
and other datal?®l] Al facilitates the development of tailored or-
thopedic implants, cardiac stents, and similar products, enabling
treatment plans that better align with individual needs.

4.1.2 Data sharing: advancing toward a “standardized
collaboration” model

Crossinstitutional data alliances are accelerating, with global
research institutions and medical device companies jointly
building and sharing databases. These platforms integrate multi-
dimensional information including material R&D data, clinical
application feedback, and production process parameters. The
industry is progressively exploring technical solutions like data
anonymization and tiered access permissions to maximize data
value while ensuring compliance. Data and algorithms iterate
synergistically, with extensive real-world data training signifi-
cantly enhancing model accuracy®”

4.1.3 Clinical translation: building a “rapid transformation”
pathway

Clinical needs drive R&D in reverse. Al analyzes clinical diag-
nosis and treatment data to uncover unmet demands, precisely
guiding the functional design and performance optimization
of medical materials. Intelligent acceleration of the translation
process leverages Al to optimize clinical trial protocols, predict
efficacy, and assess risks, shortening the timeline from laborato-
ry to clinical application. Multiscenario integrated applications
are being deployed, with Al-empowered products like intelligent
surgical robots and personalized therapeutic consumables accel-
erating adoption across orthopedics, cardiovascular medicine,
oncology, and other fields.

4.2 Core challenges in the current context

4.2.1 Data barriers: format inconsistencies and labeling
gaps
Data serves as the core foundation for Al model training, yet

inconsistent data formats remain a widespread issue. Data-
sets from different laboratories, hospitals, or research phases
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exhibit variations in recording formats, storage methods, and
measurement units. This necessitates extensive manual cleaning
and conversion for centralized analysis, increasing R&D costs
while introducing potential data errors!l. Simultaneously, the
absence of standardized annotations hinders the application of
supervised learning models, ultimately creating data silos. This
increases the difficulty of developing and training Al models,
weakens their transferability and robustness across different
scenarios, and obstructs the achievement of deep learning and
model optimization objectives.

4.2.2 Clinical translation bottlenecks: lengthy validation
cycles and high costs

Clinical trials are crucial for verifying the safety and efficacy
of medical materials in humans. While AI can accelerate early
stage R&D, clinical validation remains a bottleneck throughout
the entire process. Many promising Al design proposals are ter-
minated midway due to excessive time and financial investment,
hindering the rapid translation of innovative outcomes into clin-
ical practice®.

4.2.3 Ethical and regulatory challenges: “black box” and
regulatory lag

The deep application of Al in medical material design raises eth-
ical and regulatory issues®®. First, the “black box” problem—if
Al-designed materials cause adverse reactions or long-term com-
plications, tracing the root cause becomes difficult, potentially
endangering patient safety and triggering a crisis of trust in Al
medical products. Second, regulatory lag—existing regulations
lack clear guidance and approval standards, leading to lengthy
and inefficient product approval cycles that hinder industry de-
velopment while undermining patients’ rights to access safe and
effective innovative products.

Academic and industrial communities are currently address-
ing the “black box” problem through multiple dimensions'l. At
the methodological level, interdisciplinary tools are introduced
to deconstruct computational logic, or physical information ma-
chine learning is employed to incorporate physical constraints.
At the model architecture level, “white box™ algorithms are se-
lected, or techniques like SHAP values and LIME are used to
interpret black box models.

4.3 Ecosystem development

4.3.1 Core participants

In recent years, numerous international research institutions,
medical device organizations, and clinical institutions have col-
laborated to build ecosystems. Research institutions lead foun-
dational algorithm development and material property studies,
providing the industry with source innovations. Medical device
companies handle technology commercialization and product
manufacturing, while technology firms provide Al algorithms
and data processing support, forming a collaborative “algorithm
+ material + manufacturing” model®?.. Clinical institutions offer
feedback on clinical needs and trial scenarios, validate product
safety and efficacy, and drive technology implementation. Reg-
ulatory and service bodies establish industry standards, com-
pliance rules, and ethical guidelines, providing services such as
approval oversight and intellectual property protection.

4.3.2 Ecosystem collaboration mechanisms

Joint laboratories and technology transfer platforms acceler-
ate the conversion of research outcomes into clinical products,
achieving deep integration among industry, academia, research,
and application. Transnational institutions break geographical
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and institutional barriers through data alliances and technical
collaborations, pooling global innovation resources to establish
worldwide resource-sharing networks. Governments guide cap-
ital market investment in Al medical materials through industri-
al support policies and research funding, enhancing policy and
financial backing.

5. Future trends

Future Al medical materials R&D will transcend reliance on
single data sources or models. Instead, it will leverage large-
scale, multisource, heterogeneous data to build comprehensive
models. These models will not only interpret materials’ chemical
genomic data but also deeply learn from vast biomedical liter-
ature to uncover implicit knowledge on material-biological in-
teractions. They will also integrate patient clinical trial feedback
data. This fusion of multimodal large models will significant-
ly enhance AT’s reasoning capabilities and knowledge breadth,
potentially enabling full-process automation from initial mo-
lecular design and structural optimization to biocompatibility
prediction, in vivo behavior simulation, and ultimately clinical
indication determination®3.

Personalized medicine represents a crucial future direction for
healthcare, so medical material development should also serve
personalized medical needs®¥. A key future breakthrough lies in
designing a closed-loop “organ-on-a-chip-AI” system. Al mod-
els continuously refine, adjust, and optimize procedures based
on real-time data through iterative cycles, forming a closed-
loop “organ-on-a-chip-AI” system. This enables more precise
personalized medical material design and validation, drastically
shortening the path from laboratory to clinical application and
tailoring the most suitable implants or dressings for individual
patients.

Future Al will not only focus on material performance and
biocompatibility but also consider the entire material lifecycle.
Al will design more environmentally friendly medical mate-
rials, ideally selecting fully biodegradable or easily recyclable
options. Factors like biodegradability and eco-friendliness will
serve as key constraints or objective functions in Al optimiza-
tion, driving medical materials toward sustainability. As human
society advances, environmental protection will coexist with
humanity.

6. Conclusion

This paper addresses the core challenges in traditional medi-
cal material development—extended R&D cycles, high costs,
high failure rates, and difficulties in balancing multiple prop-
erties—by systematically presenting breakthrough Al solutions:
Generative models (MatGAN, GNNs) efficiently explore ma-
terial chemical spaces; predictive models (ImmunoMat, GAT,
MD+AI) enable high-throughput screening for biocompatibil-
ity; multiobjective optimization algorithms (NSGA-IIL, Bayesian
optimization) resolve performance trade-offs. These 3 technical
pathways span the entire R&D chain while highlighting global
research groups’ distinct technical approaches and industrializa-
tion disparities.

Current Al-driven medical materials R&D still faces chal-
lenges such as inconsistent data formats, clinical translation
bottlenecks, and lagging ethical oversight. However, future
evolution will advance in 3 key directions: full-process auto-
mation using multimodal large models, closed-loop personal-
ized customization through “organ-on-a-chip-AI” integration,
and green sustainable design. In summary, Al is reshaping the
foundational logic of medical materials R&D. Despite existing
challenges, it will inevitably become the core engine for break-
ing through field bottlenecks and supporting precision medicine
development through technological iteration and deepened in-
terdisciplinary collaboration.
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