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Traditional approaches to biomaterial design face numerous challenges, 
including high trial-and-error costs, long development cycle, and the difficulty 
in deciphering the complex relationship between material properties and 
biological responses. With the rise of artificial intelligence (AI) technology, its 
capabilities in processing high-dimensional data and constructing complex 
mapping relationships have brought revolutionary changes to biomaterial 
design. This article reviews the four core applications of AI in the design of 
biomaterials. Firstly, based on the therapeutic needs of diseases, the functions of 
materials are clarified and formulations are generated. Secondly, high- 
throughput prediction and virtual screening of material properties using AI 
models significantly reduce development costs. Furthermore, the performance 
of materials and production efficiency can be enhanced by optimizing material 
formulas and processing techniques through AI. Finally, AI is used to predict the 
interaction between materials and cells or tissues, and to assess the safety and 
efficacy of the materials. This paper systematically explores how AI empowers 
biomaterial design, driving its advancement toward precision and intelligence, 
thereby providing robust support for the realization of personalized and precision 
medicine.
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1 Introduction

Biomaterials are special functional materials, which can be natural or man-made. They 
interact with living systems and include metallic, inorganic, and organic types (Zhang et al., 
2025b). In modern medicine, biomaterials are key for medical devices, tissue engineering 
scaffolds, and drug delivery systems (Liu et al., 2023; Zhou et al., 2024). Clinically, they are 
used in biodegradable polymer catheters, bone implants, skin grafts and so on (Song et al., 
2024; Wang et al., 2024b; Wang et al., 2025c). These advanced biomaterials, with stable 
physical and chemical properties and controlled drug release, have advanced regenerative 
and precision medicine.
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However, despite high demand and wide use, the traditional way 
of developing biomaterials is facing bigger problems. Creating 
biomaterials has usually relied on researchers’ skills, trial-and- 
error methods, or accidental discoveries during experiments. This 
process is slow and costly, greatly limiting the improvement of 
existing biomaterials and the creation of new ones (Yang et al., 
2021). These challenges affect all stages of biomaterial development, 
including designing materials that meet therapeutic needs, 
predicting their performance, optimizing production processes, 
and predicting and evaluating the interaction between materials 
and organisms.

First of all, at the stage of biomaterial design that is consistent 
with the treatment goal, researchers will customize materials to meet 
certain clinical needs, such as promoting angiogenesis or inhibiting 

the growth of specific bacteria. However, traditional methods often 
lack systematic design principles. For example, when developing 
soluble microneedles for the treatment of androgenic hair loss, 
researchers have to rely entirely on empirical knowledge and 
rigorous experiments to evaluate the combination of polymers, 
crosslinking agents and drug vectors to meet the requirements of 
high hardness and rapid release at the same time (Sun et al., 2024; 
Wang et al., 2022).

Secondly, in the stage of predicting material properties, the 
physical, chemical and mechanical properties of biological materials, 
such as degradation rate, conductivity and viscosity, are the key to 
their successful application. In the past, these properties had to be 
obtained through tedious synthesis and characterization processes. 
To predict the diameter and strength of electrospun fibers, 
researchers repeatedly adjust parameters such as polymer 
concentration and voltage, followed by electron microscopy 
observation and mechanical testing of each sample. This process 
yields only a vague correlation between process conditions and 
properties, making precise prediction prior to fabrication impossible 
(Cho et al., 2025; Wang et al., 2024a).

Furthermore, during the stage of optimizing material 
preparation processes, especially in advanced manufacturing 
technologies such as 3D printing and microfluidic technology, 
even minor changes in process parameters such as printing speed 
and temperature significantly affect the quality of the final product 

SCHEME 1 
A scheme demonstrating the comprehensive integration of AI technology into the biomaterial design paradigm, including reverse design, prediction 
and screening, process optimization and biological response.

Abbreviations: AI, artificial intelligence; AI-AMP, AI-guided antimicrobial 
peptide; ANN, artificial neural network; CNN, convolutional neural 
networks; DL, deep learning; DNN, Deep neural network; EY, eosin Y; 
GelMA, methyl acrylate-modified gelatin; GPT-4, Generative pre-trained 
transformer-4; IL-8, interleukin-8; IL-10, interleukin-10; LLM, large 
language model; ML, machine learning; MLP, multilayer perceptron; MRSA, 
methicillin-resistant staphylococcus aureus; MTJ, myotendinous junction; 
NVP, n-vinyl-2-pyrrolidone; PINNs, Physics-informed neural networks; PVA, 
polyvinyl alcohol; RF, random forest; RMSE, root mean square error; SHAP, 
SHapley Additive exPlanations; TEA, triethanolamine; TNF-α, tumor necrosis 
factor-α.
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TABLE 1 The main characteristics and specific applications of different AI methods in the design of biomaterials.

Core 
technologies

Typical 
models

Advantages Disadvantages Applicable scenarios Ref.

ML Ensemble learning Establishing a quantitative relationship from 
components or processes to performance

Relatively high computing resources and time costs Prediction of the mechanical properties of macroscopic 
materials such as hydrogels and bone scaffolds by the XGBoost 
model

Ege and Boccaccini 
(2024), Xu et al. (2025)

Evaluating the printability of 3D bioprinting ink by RF model Chen et al. (2023)

Prediction of the kinetics of drug release in porous polymer 
carriers by the gradient boosting regression model

Alshahrani et al. (2024)

Gaussian process 
regression

Uncertainty quantification and few-shot learning High computational complexity and difficulty in 
handling high-dimensional data

Prediction of the drug release curve of acetylated glucan 
nanofibers by the Gaussian process regression model

Woodring et al. (2025)

Rapidly identifying topological structures that induced 
macrophage polarization by Gaussian process regression ML 
model

Hou et al. (2024)

Support vector 
machine

Ability of handling high-dimensional data and 
strong generalization ability

Low efficiency in training with large-scale samples, 
and high sensitivity to noise

Prediction of the Young’s modulus and ultimate tensile 
strength of PVA electrospun scaffolds by support vector 
machine model

Roldán et al. (2024)

Real-time assessment of cartilage regeneration status by 
support vector machine model combined with near-infrared 
spectrum

Sadeesh et al. (2025)

Conventional neural 
network

Ability of handling nonlinear problems and 
automatic feature engineering

“black box” problem and overfitting risk Optimizing stiffness of the hydrogel by ANN model Karaoglu et al. (2023)

Prediction of the cytotoxicity threshold of zinc-based materials 
by MLP model

Wang et al. (2025a)

DL DNN Constructing complex nonlinear mappings, 
especially for sequences and high-dimensional data

Vulnerability to adversarial samples and catastrophic 
forgetting

Prediction of the structure and function of proteins or nucleic 
acid sequences by AptaTrans

Shin et al. (2023)

Prediction of the ultimate tensile strength of silk fibers from 
the amino acid sequences by a DNN classification model

Shin et al. (2024)

CNN Processing images and spatial data with strong 
feature extraction capability

Difficulty in understanding the semantic relationships 
between regions that are far apart in an image

Creating skeletal structures with specific directional elasticity 
by CNN model

Wang et al. (2023)

Automatically recognizing and quantifying nanoscale 
D-banding collagen fiber patterns in atomic force microscopy 
images

Huang et al. (2025a)

PINN Enhancing the generalization and scientific nature 
of the model to alleviate the “black box” problem

Difficulty in training and high computational cost Simultaneously calculating the spatial distribution of an 
organization’s elastic modulus and Poisson’s ratio by PINN 
model

Kamali et al. (2023)

Accurately simulating the macroscopic mechanical behavior of 
3D printed biomaterials by PINN model

Meynen et al. (2025)

Diffusion model Creating brand-new molecules or structures that 
conform to constraints

Slow generation speed Generating novel polypeptide sequences by embedding the 
attention mechanism in the conditional diffusion framework

Liao et al. (2025)
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(Zheng et al., 2024). Traditional optimization methods, such as 
single-factor experimental design, struggle to handle the complex 
interactions among multiple parameters. To get a methyl acrylate- 
modified gelatin (GelMA) hydrogel with the desired stiffness, 
researchers often need to conduct extensive experiments, 
exploring different parameter combinations like photoinitiator 
concentration and exposuwre time (Zhu et al., 2024). This 
procedure is inefficient and it is difficult to produce the desired 
biomaterials.

Finally, in the phase of forecasting biomaterial-biological 
interactions, researchers assess the material’s biocompatibility, 
immunogenicity, and biological functions. This phase is mainly 
dependent on many costly in vitro cell experiments and in vivo 
animal studies. For example, to evaluate how a nanostructure 
influences macrophage polarization, conventional methods can 
only demonstrate the functionality of a specific biomaterial 
within particular cell or animal models. They fail to predict 
interactions with complex biological systems during the initial 
stages of material design, becoming the most significant block in 
clinical translation (Jia et al., 2025; Wang et al., 2025b).

In this situation, artificial intelligence (AI), particularly machine 
learning (ML) and deep learning (DL), offers groundbreaking ways 
to solve the problems. AI refers to technology that mimics human 
thinking through computer algorithms. AI performs tasks that 
usually require humans to complete, such as learning, reasoning, 
problem-solving, visual recognition, etc. (Lehman, 2025). AI 
uses insights from large amounts of experimental data and 
existing research to uncover complex relationships between a 
biomaterial’s structure and its activity. In stark contrast to 
traditional trial-and-error approaches, AI offers core 
advantages including the ability to process high-dimensional 
data, uncover intricate structure-property relationships, and 
drastically reduce development time and cost through virtual 
screening and optimization. This shifts biomaterial creation 
from a trial-and-error approach to a data-based, rational 
design method. AI can find new material formulas that meet 
specific performance goals, quickly assess thousands of potential 
materials in a virtual setting, independently find the best ways to 
make and process them, and even predict long-term biological 
effects by looking at early cell shapes (Hang et al., 2025). Within 
the AI toolkit, different technologies offer complementary 
strengths: ML excels at extracting design rules from existing 
datasets, DL unlocks the prediction and generation of complex 
structures from images or sequences, and generative AI enables 
the de novo creation of materials tailored to multifunctional 
clinical needs.

This review provides a unique perspective by synthesizing these 
disparate AI methodologies into a coherent, intelligent closed-loop 
framework—spanning from reverse design and performance 
prediction to process optimization and biological response 
evaluation—thereby charting a systematic roadmap for the next- 
generation of biomaterials (Scheme 1). We will summarize the 
features of various AI models and their application scenarios in 
the design of biomaterials (Table 1). Finally, we will look at the 
current challenges related to data quality and model interpretability, 
while also looking ahead to future paths that could offer new ideas 
and concepts for pushing forward the clinical use of smart 
biomaterials.

2 Reversely designing biomaterials for 
specific clinical applications

The conventional way of developing biomaterials usually means 
finding uses for materials that already exist. This method is often 
inefficient and somewhat random. On the other hand, AI-powered 
reverse engineering starts with specific clinical problems, defines the 
functional needs biomaterials must meet in the body, and then uses 
AI to find the best material formulas and structures to meet those 
needs. In this big change in biomaterial design, ML and DL have 
played key roles.

2.1 ML-based reverse design of biomaterials

The strength of ML resides in its capacity to analyze extensive 
high-dimensional datasets and uncover concealed patterns, hence 
facilitating the reverse extraction of biomaterial design principles 
from a knowledge repository grounded in current literature. A 
representation of this process is the utilization of generative AI 
technologies in data extraction.

For example, NanoSafari, an AI assistant, employs its grouped 
iterative verification information extraction method to 
automatically analyze nanoparticle synthesis parameters and 
characteristic information from over 20,000 published biomedical 
nanoscience literature. It has constructed a database integrated into 
a generative large language model (LLM) (Wang et al., 2025f). This 
completes the initial step: building a searchable, organized database 
using existing knowledge. The database helps researchers quickly 
extract the essence of a large number of scientific literature and 
obtain reliable design parameters for nanomaterials.

Based on a structured database, ML models establish accurate 
mapping relationships between component and performance, 
achieving more precise reverse screening and design. For 
example, a user-friendly ML prediction model was developed to 
design extracellular matrix-mimicking hydrogels with specific 
rheological properties for 3D bioprinting. This model utilizes 
click chemical crosslinking and, based solely on limited 
experimental data, accurately predict the ratio of gelatin to 
hyaluronic acid in hydrogels that exhibit specific mechanical 
behaviors, significantly reducing the financial and time costs of 
trial and error (Cadamuro et al., 2025). Sirtmilarly, natural language 
processing techniques are also employed to explore broader material 
field. Transformer is a neural network architecture based on the self- 
attention mechanism. It processes the entire sequence data in 
parallel, significantly enhancing the ability of long-range 
dependency modeling and training efficiency. Generative pre- 
trained transformer-4 (GPT-4), a LLM combined with 
representational clustering technology, was used to mine metal- 
organic frameworks with specific electrical conductance, 
demonstrating immense potential of LLM (Zhang et al., 2025a).

When clinical demands become complex and stringent, such as 
requiring simultaneous fulfillment of multiple functions including 
antibacterial, good biocompatibility and self-healing property, 
simple predictive models prove inadequate. To address this issue, 
Zhang et al. developed an AI-driven automated antimicrobial 
peptide hydrogel design platform by integrating generative design 
with multi-objective optimization (Jiang et al., 2025). This platform 
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used cutting-edge ML and AI technologies, such as GPT, prompt- 
tuning, and reinforcement learning, to generate a novel mercaptan- 
containing antimicrobial peptide. The AI-guided antimicrobial 
peptide (AI-AMP) was then functionally coupled with hydrogels 
to form complex network structures (Figure 1A). AI-AMP achieved 
a bactericidal efficiency of over 99.99% against methicillin-resistant 
staphylococcus aureus (MRSA) (Figures 1B,C). In a rat model with 
full-thickness back wound infected with MRSA, AI-AMP achieved a 
wound healing rate of 99.5% at the end of treatment (Figures 1D,E). 
The success of AI-AMP marked that AI-based reverse design 
platforms created unknown biomaterials to meet complex 
clinical needs.

The advancement of biomaterial reverse design has spurred the 
development of more sophisticated multi-agent fusion systems. 
AtomAgents, a generative AI platform synergizes LLM with 
multiple AI agents specializing in knowledge retrieval, 
multimodal data integration, and physical simulation. This 
enables autonomous collaboration of AI agents to tackle difficult 
material design tasks, like designing metal alloys with superior 
performance to pure metals (Ghafarollahi and Buehler, 2025).

On the other hand, combining high-throughput experiments 
with statistical learning provides another powerful path for reverse 
material design. By combining regression-based statistical learning 
with high-throughput data acquisition related to gradient surface 

FIGURE 1 
AI-driven automated antimicrobial peptide hydrogel design platform. (A) Dataset, prediction model and experimental screening of the platform. (B) 
Representative colony images of MRSA treated hydrogel designed by the platform. (C) Colony forming unit of MRSA. (D) Wound healing effect of the rats 
treated by different hydrogels. (E) Wound closure rate. Copyright 2025, John Wiley & Sons. Abbreviations: AI-AMP, AI-guided antimicrobial peptide; BTO, 
Cu-modified barium titanate nanoparticle; CFU, Colony forming unit; GPT, Generative Pre-trained Transformer; MRSA, methicillin-resistant 
staphylococcus aureus; RL, reinforcement learning. All statistical data are represented as mean ± SD (NS: no significance, **P < 0.01, ***P < 0.001, 
****P < 0.0001).
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generation, the optimal conditions beyond the experimental test 
range could be inferred from the model, and an unprecedented 
ternary functionalized surface with the best osteogenic, angiogenic 
and neurogenic activities had been successfully reverse-engineered 
(Fang et al., 2023). ML also greatly accelerate the reverse exploration 
process by optimizing the experimental design itself. In the 
development of microneedles for treatment of androgenetic 
alopecia, researchers proposed a ML-driven strategy (Yan et al., 
2025). By conducting 18 experiments based solely on orthogonal 
experimental designs, this strategy was able to precisely locate the 
optimal material composition that simultaneously achieves high 
hardness and rapid dissolution. This approach combines AI’s 
predictive power with efficient experimental design, providing a 
repeatable framework to speed up independent biomaterial research 
and development.

2.2 DL-based reverse design of biomaterials

Unlike traditional ML, DL has unique advantages in processing 
images, sequences and generating complex unstructured data, thus 
contributing to the reverse design of biological microstructures.

In the past, the design of porous biological materials used to 
construct complex structures was limited to regular shapes, such as 
rod grids. Researchers have introduced the convolutional neural 
network (CNN) method to explore various random patterns that 
support biological movement (Wang et al., 2023). CNN uses 
learnable convolutional kernels to perform local scanning and 
feature extraction on the input data, thereby efficiently capturing 
hierarchical patterns in spatial or topological structures. 
Therefore, CNN model helped create skeletal structures with 
specific directional elasticity and directly produce large 
orthopedic implants with the required variable porosity. This 
method helps to develop new biological materials with unique 
microstructures.

In short, AI-driven reverse design is changing the field of 
biomaterial design from an experience-based approach to a 
rational design method. ML is good at identifying design rules 
from large data sets and expert knowledge, and can effectively 
evaluate material combinations and production settings. With its 
powerful representation and generation capabilities, DL can directly 
design complex materials with specific structures. The combination 
of ML and DL provides strong support for the reverse design of 
biological materials to meet the needs of treatment.

3 Predicting the characteristics of 
biomaterials

Traditional biomaterial characterization relies heavily on 
advanced technology and repetitive testing, which consumes a lot 
of manpower, material and financial resources. We use AI to 
develop algorithm models. These models can predict the final 
performance based on material composition, structural 
characteristics or process factors, so as to achieve fast and 
accurate prediction of biological material properties and promote 
virtual screening. This section will systematically discuss how to 
apply AI to predict the structure and physicochemical properties of 

biological materials from molecular to macro levels, and focus on 
how advanced AI models can improve the accuracy of prediction.

3.1 Performance prediction of polymer 
biomaterials based on sequence 
and structure

The properties of biological materials, especially those based on 
natural macromolecules such as proteins, are usually closely related 
to their molecular sequences and multi-hierarchical structures. 
Traditional molecular dynamics simulation, while capable of 
predicting structural details, are computationally expensive and 
unsuitable for designing large-scale or complex systems (Wang 
et al., 2025e). Conversely, AI techniques have attained accurate 
predictions of the performance of biological polymers derived from 
proteins, peptides, and nucleic acids by examining the intricate 
mapping relationships among sequence, structure, and function.

The breakthrough lies in predicting protein structure and 
function through DL. For example, SeqPredNN, a feedforward 
neural network, had been proposed (Lategan et al., 2023). It had 
been trained on a database of X-ray crystal structures of proteins for 
prediction of types of amino acids in proteins solely based on the 
relative positions, orientations, and dihedral angles of nearby 
residues, effectively solving the “inverse protein folding problem”. 
In structural analysis, Wang et al. employed supervised ML to 
analyze circular dichroism spectra and related structural 
properties of 112 proteins, achieving more accurate predictions 
of complex secondary structures beyond typical α-helix and β- 
sheet (Wang and Kenry, 2025).

The primary sequence of proteins or nucleic acids significantly 
influences the properties of biomaterials. The COLOR model 
employs a DL model with interpretable steps to directly track the 
contribution of monomers to protein properties (Pandey et al., 
2025). This model is 22% more interpretable than gradient and 
attention-based models in identifying key functional motifs. Deep 
neural network (DNN) is a potent AI model that can automatically 
learn and combine complex abstract features layer by layer from the 
original data, thereby achieving breakthrough performance in 
complex pattern recognition tasks such as image recognition and 
natural language processing. In the field of nucleic acids, AptaTrans, 
as a DNN pipeline, accurately predict the interaction between 
nucleic acid aptamers and proteins by leveraging a Transformer- 
based pre-trained encoder (Shin et al., 2023).

Moreover, predicting phenomena of complex biointerface also 
relies on a deep understanding of molecular behavior. After entering 
the bloodstream, nanoparticles will rapidly adsorb a shell composed 
of proteins and other biomolecules on their surface, known as a 
protein corona (Canchola et al., 2025). The protein corona endows 
nanoparticles with new properties, such as new identity tags or 
targeting capabilities. Accurate prediction of the protein crown 
composition will lay the foundation for revealing potential new 
properties of nanoparticles. For instance, Liao et al. addressed the 
issue of data imbalance by introducing resampling embedding 
technology and combining it with models such as random forest 
(RF), achieving accurate prediction of the protein corona 
composition on the surface of nanoparticles (Figure 2A) (Liao 
et al., 2023). After the implementation of data resampling 
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technology, the relative protein abundance distribution of the 
protein corona was significantly improved (Figure 2B). In the 
kernel density estimation graph, the irregular low-density data 
points decreased and a single peak appeared (Figure 2C). After 
resampling, the RF model showed the root mean square error 
(RMSE) and R2 of 60 amino acids (Figure 2D). Compared with 
the baseline, the RMSE of the data processed by random 
oversampling decreased by 0.11, and the R2 increased by 0.06. As 
the sample size exceeded 600, the RMSE gradually stabilized at a 
lower level, proving the stability of the model (Figure 2E). Finally, 
the author selected four types of model nanoparticles and seven 
target proteins, and demonstrated that the model achieved 
predictive performance with an R2 value greater than 
0.70 (Figure 2F).

3.2 Intelligent prediction of the physical 
properties of macroscopic biomaterials

For macroscopic biomaterials such as hydrogels and scaffolds, 
their physical properties including mechanical parameters, 
rheological characteristics, and degradation capabilities are the 
key factors determining their application effects (Tran et al., 
2025). AI models significantly simplify material property 
characterization by establishing quantitative relationships between 
material composition, process parameters, and these physical 
properties.

Precise modeling of mechanical and rheological properties is 
one of the most widely applied fields. A study established an 
interpretable ML framework, XGBoost, based on a 

FIGURE 2 
AI prediction model for the protein corona components of nanoparticles. (A) Flowchart for predicting protein corona using resampling embedding 
and RF model. (B) The number of training instances for 60 proteins after random oversampling. (C) The kernel density estimation plot of the first protein 
after random oversampling. (D) The root mean square error and R2 of 60 proteins. (E) The root mean square error curve of the RF model. (F) Four types of 
model nanoparticles. This Figure originated from Liao et al. (2023), Regenerative Biomaterials under CC BY 4.0 license. https://creativecommons. 
org/licenses/by/4.0/. Abbreviations: HA, hydroxyapatite; KDE, kernel density estimation; NPs, nanoparticles; RF, Random Forest; RMSE, root mean square 
error; RPA, relative protein abundance.
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comprehensive dataset of 350 data points from existing literature to 
predict the tensile strain of polyvinyl alcohol (PVA) hydrogels, and 
achieved excellent prediction performance with test set R2 of 0.801 
(Xu et al., 2025). The XGBoost model has also been utilized in 
predicting the mechanical properties of various material systems.

XGBoost illustrated the cumulative impact of the ratio between 
alginate dialdehyde and gelatin hydrogel, pore size, and the content 
of bioactive glass filler on the hardness of the hydrogel (Ege and 
Boccaccini, 2024). Assisted by ML algorithms such as XGBoost and 
AdaBoost, AI technology achieved highly accurate predictions of the 
mechanical properties of polylactic acid/calcium hydroxyapatite 
bone implants (Omigbodun et al., 2024). The R2 values for 
predicting compressive and tensile strength reached 0.9173 and 
0.8772, respectively, highlighting the effectiveness of AI-driven 
methods in forecasting material properties. A study utilized 
28 ML models to predict the Young’s modulus and ultimate 
tensile strength of PVA electrospun scaffolds, a category of tissue 
engineering implants, and effectively identified scaffold topologies 
that corresponded with the mechanical properties of real tissues 
(Roldán et al., 2024). This study indicated that the classification and 
regression trees model effectively identified the structure of 
biomimetic materials, whereas the cubist and support vector 
machine models were more adept at predicting the mechanical 
properties of materials.

In electrostatic spinning, the artificial neural network (ANN) 
model shows better efficiency in deriving algorithm functions 
from a limited experimental data set than the Box-Behnken design 
or non-neural network algorithm, so that it can more accurately 
predict the fiber diameter and tensile strength (Badaraev et al., 
2025). ANN models were employed to precisely forecast the 
biodegradation rate, compressive strength, and hardness of 
tricalcium phosphate biological ceramics (Zilin et al., 2025). 
These parameters are crucial for the porosity of orthopedic 
implants and the ability to promote bone growth. DNN based 
on real experimental data was used to predict the stress-strain 
response of porous PVA/gelatin hydrogels under compressive 
loads (Khalvandi et al., 2023). Classification model, employing 
DNN was used to predict the ultimate tensile strength of silk fibers 
from amino acid sequences with an accuracy of 0.83. It was the 
first time that the macroscopic mechanical properties of 
biomaterials had been predicted with reference to the primary 
structure sequence (Shin et al., 2024).

In terms of rheological properties, researchers measured the 
rheological properties of different formulations of hyaluronic acid 
methacrylate/GelMA hydrogels, generated a dataset for training ML, 
and successfully established an AI model HydroThermoMLP for 
predicting the viscosity and shear stress of hydrogels (Deng 
et al., 2025).

The degradation performance and drug release curve of drug- 
loaded biomaterials are important parameters that determine the 
biocompatibility and efficacy. The Gaussian process regression 
model was used to predict the drug release curve of acetylated 
glucan nanofibers, demonstrating a method for predicting release 
kinetics without physical objects (Woodring et al., 2025). The 
gradient boosting regression model combined with leveraging 
firefly optimization had been proven to predict the release 
kinetics of controlled-release drugs in porous polymer carriers 
most effectively, with an R2 score of 0.9977 (Alshahrani et al., 2024).

Hydrogel-type biomaterials with high porosity usually have 
better biocompatibility and higher water retention capacity, so 
the prediction of porosity is of great significance. The gradient 
boosted regression tree model had been proven to be capable of 
accurately predicting poly (2-hydroxyethyl methacrylate)-poly 
(vinyl alcohol) composite (Wu et al., 2024). The effective 
porosity of hydrogel had a predicted percentage error of only 
0.85%. The ANN model coupled with genetic algorithm was 
specially developed for accurately predicting the porosity of 
alginate gel scaffolds, and the mean absolute error reached 0.13 
(Das et al., 2023).

In addition, some advanced AI models are used to predict other 
macroscopic properties of materials, such as fiber diameter and 
printability. Golbabaei et al. encoded various polymers through the 
simplified molecular input line entry system and combined with ML 
to achieve a prediction accuracy rate of 94.78% for the fiber diameter 
of electrospinning scaffolds (Golbabaei et al., 2024). The printability 
of 3D bioprinting ink denotes its capacity to be efficiently extruded, 
shaped, and retain its form during the 3D printing process, serving 
as a critical criterion for assessing the efficacy of 3D printing 
(Roppolo et al., 2024). Various ML techniques were employed to 
assess the printability of bioprinting inks according to their 
constituents (Chen et al., 2023). Among them, RF exhibited the 
highest performance, achieving a prediction accuracy of 88.1% and a 
precision of 90.6%. Rafieyan et al. developed a fully connected neural 
network by adjusting the hyperparameters of more than 40 AI 
algorithms, ranging from clustering analysis to DL, to accurately 
evaluate the printability of raw materials and the quality of scaffolds 
(Rafieyan et al., 2024). In addition, the Bayesian optimization 
framework was used to predict the viscosity of bioink precursors 
under constraints, and its external properties such as printability and 
biocompatibility were predicted through the mask function (Xu 
et al., 2024). Bayesian optimization, a design strategy used for 
optimizing black-box functions utilizes probabilistic models such 
as Gaussian processes as surrogate functions to predict the target, 
thereby finding the optimal solution with a very small sample size.

3.3 Application of advanced AI models in 
prediction of biomaterial properties

The forecasting of material properties by conventional AI 
algorithms is characterized as “black-box” prediction, with its 
primary issue stemming from the lack of explainability due to 
the intricate and obscure internal decision-making processes of 
the model. Nonetheless, the advent of rising AI technologies has 
elevated the accuracy and reliability of performance prediction by 
incorporating physical principles and elucidating the underlying 
mechanisms of the forecasts (Wong et al., 2025).

Physics-informed neural networks (PINNs) are a method that 
embeds physical equations into the neural network training process, 
enhancing the model’s generalization capability under data-scarce 
conditions. For instance, with the support of fundamental physical 
laws, PINNs simultaneously calculated the spatial distribution of an 
organization’s elastic modulus and Poisson’s ratio at one time 
(Kamali et al., 2023). Real experimental data and finite element 
modeling have verified the accuracy of the model, which is expected 
to be used to predict the mechanical properties of biomaterials 
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implanted in vivo in real time. The DL model combined with the 
fractional order Lejande wavelet method can accurately predict the 
thermal behavior of biological tissue (Panigrahi et al., 2025). The 
experimental results show that the model reduces the thermal 
prediction error to 2.5 °C, and the calculation speed is 15% faster 
than the traditional method. It is very suitable for predicting the 
performance of biomaterials used in thermal therapy or 
photothermal therapy. ML-assisted finite element modeling 
technology using PINNs algorithm can accurately determine 
modeling parameters, so as to achieve accurate simulation of the 
macromechanical behavior of 3D printed biomaterials (Meynen 
et al., 2025). A model with two exponential linear fourth-order 
invariants is considered to be the best prediction model of the three- 
dimensional anisotropic relationship of warped polypropylene 
fabric (McCulloch and Kuhl, 2024). This model can be directly 
applied to other fabrics, or used to design programmable textile 
supermaterials.

The combination of DL and graph theory in complex structural 
analysis provides a new perspective for understanding the intricate 
relationship between microstructure and performance (Wang et al., 
2016). For example, the open-source DL tool Pore D2 can 
automatically and accurately measure the diameter of each 
aperture or window in the scanned electron microscope image. 
This not only eliminates the expenses associated with manual 
measurement but also clearly presents the microscopic 
morphology of tissue engineering scaffolds (Karaca and Aldemir 
Dikici, 2024). ML-driven image analysis applied CNN to 
automatically recognize, segment and quantify nanoscale 
D-banding collagen fiber patterns in atomic force microscopy 
images, with an accuracy rate as high as 99% (Huang et al., 
2025a). Zhong et al. integrated four types of staining and multi- 
dimensional parameters, constructed a semi-quantitative scoring 
standard and trained an AI model. The model increased the 
accuracy rate of residual cell nucleus recognition in acellular 
matrix biomaterials to over 98%, effectively eliminating false 
positives of impurities (Zhong et al., 2025). ML combined with 
visible and near-infrared spectroscopy had achieved non-destructive 
prediction of glycosaminoglycans and DNA content in tissue- 
engineered cartilage constructs, thereby assessing their maturity 
with an accuracy of 100% (Elkadi et al., 2025). The quantitative 
analysis of protein adsorption on 208 polymer microarrays was 
achieved by combining ML with liquid extraction surface analysis 
and tandem mass spectrometry, and a predictable ML model was 
generated, clarifying the relationship between the surface chemical 
properties of polymer-based biomaterials and their protein 
adsorption capacity (Meurs et al., 2025). There was also a rapid 
extraction method based on ML for automatically prediction of the 
three-dimensional orientation distribution of nanofiber 
biomaterials from wide-angle X-ray diffraction patterns (Sun 
et al., 2023).

An AI-driven predictive algorithm, integrating perturbation 
theory and neural networks, analyzed a dataset of over 
1,200 bioprinting tests (Bediaga-Bañeres et al., 2025). The 
predictive algorithm achieved high-precision prediction of 
various properties of 3D-printed bioinks, demonstrating 88.4% 
specificity and 86.2% sensitivity.

In a word, AI has developed a comprehensive and intelligent 
biomaterial performance prediction framework. The framework 

first analyzes the molecular sequence and arrangement, then 
evaluates their physical and chemical properties, and finally uses 
advanced models based on physical laws to clarify complex 
structures. This innovative method has significantly shortened 
the research and development cycle of biomaterials, reduced 
costs, and laid a solid technical foundation for the design of the 
next-generation of high-performance biomaterials to meet 
specific needs.

4 Optimizing the material formula and 
processing technology

For biological materials for clinical applications, they not only 
need to show excellent performance to meet the challenges posed by 
complex medical scenarios, but also need to have repeatable 
formulas and production methods (Zhang et al., 2026). 
Traditional material optimization techniques, such as single- 
factor experiments, often find it difficult to deal with complex 
nonlinear interactions between various components and 
parameters involved in the design of biological materials. In 
contrast, AI models, especially through the integration of ML 
and optimization algorithms, can independently determine the 
best scheme for material synthesis, thus significantly improving 
the efficiency and effect of material formula and manufacturing 
process optimization.

4.1 Intelligent 3D printing technology and 
advanced manufacturing processes

Additive manufacturing technology, especially 3D printing and 
bioprinting, can manufacture biological materials with complex 
structures. However, the quality of printing and the performance 
of the final product will be significantly affected by many process 
parameters (Tian et al., 2025). AI models play a crucial role in 
optimizing the manufacturing process. They can establish an 
accurate mapping relationship between process parameters and 
performance results, so as to achieve the best adjustment and 
finally achieve the expected effect.

In optimizing the 3D printed bone support, a study adopted an 
integrated multimodal strategy, which combines the Taguchi 
L27 orthogonal table, the backpropagation ANN model and finite 
element analysis. This method systematically evaluates the effects of 
different lattice geometry, wall thickness and applied load on the 
displacement and strain of the bracket (Shetty et al., 2025). The 
research results not only highlight the excellent mechanical integrity 
of the spiral structure under specific stress conditions, but also 
develop a reverse propagation ANN model, which can predict the 
bracket displacement with an R2 value of up to 0.9991. This 
establishes a reliable calculation framework for enhancing the 
mechanical properties of 3D printed bone supports and 
improving the bone healing effect. Another study focused on 
polylactic acid bone support, and carefully examined the effects 
of nozzle temperature, printing speed and feed rate on Young’s 
modulus. Researchers introduced the ANN model to further 
optimize the printing parameters (Quan et al., 2025). Under the 
premise of satisfying the geometric constraints, the maximum 
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Young’s modulus predicted by the ANN model is equivalent to the 
Young’s modulus of the loose bone, indicating that the stent 
optimization model has the potential to meet specific clinical needs.

In order to enhance the mechanical properties of polyvinyl 
alcohol (PVA) hydrogel scaffolds, researchers carefully examined 
four different preparation methods, all of which use PVA with a 
molecular weight of 145 kDa and a concentration gradient of 
10–20 wt% (Li et al., 2025b). The quantitative analysis of the 
XGBoost ML model shows that the effect of the preparation 
process on the mechanical properties of hydrogel is as high as 
74%, which is significantly higher than the impact of other 
parameters. It is worth noting that the compression modulus of 
the annealed hydrogel is 26 times higher than that of the hydrogel 
prepared by the traditional freeze-thaw method, and the friction 
coefficient is only 0.05. This example provides a clear process and 
scientific basis for the construction and optimization of high- 
strength pure PVA biomaterials. In another study, researchers 
used genetic algorithms to optimize the performance of palm 
fruit as a natural material (Samuel et al., 2024). The results show 
that the heating temperature of 50 °C combined with the insulation 
time of 120 min can make the tensile strength of the material twice 
that of the control group. This proves the potential of enhancing the 
mechanical properties of biomaterials through heat treatment, and 
provides valuable insights for engineering applications.

By fine-tuning the local characteristics of the printing structure, 
3D printing biological materials can be further optimized. In order 
to accurately replicate the mechanical heterogeneity in real tissues 
(such as muscle tendon junctions (MTJ)) in vitro, researchers used 
AI training algorithms to optimize printing parameters 
(Kiratitanaporn et al., 2024b). They used 3D printing technology 
based on digital light processing to make different areas in poly 
(glyceryl decanoate) acrylate brackets. These areas are carefully 
designed with different stiffness, simulating the characteristics of 
muscles, tendons and tendon-muscle junctions respectively. The 
results of the experiment are encouraging. The scaffold shows the 
regional mechanical heterogeneity closest to the natural tendon 
junction, which significantly enhances the expression of 
molecular markers related to the tendon junction. This clearly 
shows the feasibility of using AI-assisted printing technology to 
build complex biological bionic design, opening up a new way for 
tissue engineering and regenerative medicine. Another study 
employed a neural network model to improve printing 
parameters, allowing the poly (glycerol sebacate) acrylate scaffold 
produced by light-curing 3D printing to be changed within a 
stiffness range of 49 kPa to 2.8 MPa (Kiratitanaporn et al., 
2024a). This neural network model was compatible with both 
digital light processing and two-photon polymerization, enabling 
its application across a wide range of photopolymerization printing 
methods from the hundred-micrometer scale to the submicrometer 
scale. It provided scaffolds for tissues with mechanically gradient or 
heterogeneous interface structures.

Real-time monitoring of the component quality of 3D 
bioprinting materials to ensure the structural integrity is crucial 
for the optimization and continuous upgrading of the materials. A 
CNN model cropped confocal layer-by-layer images into small 
blocks, thereby identifying defect categories on hydrogels in real 
time and locating their spatial coordinates, with an accuracy rate of 
over 95% (Jin et al., 2023). This model can be directly embedded in 

the printer to achieve millisecond-level feedback closed loop, 
automatically correcting extrusion pressure, light intensity or 
path offset. The approach lays the foundation for optimizing the 
morphology and biocompatibility of tissue engineering constructs.

4.2 AI-driven optimization of material 
formulation and performance

In addition to the manufacturing process, the composition of the 
biomaterials is a fundamental factor that influences its performance. 
Through the analysis of the intricate interaction between 
components and performance, AI suggests the ideal material 
ratio, thus minimizing laborious trial-and-error tests.

Multiple studies have demonstrated the effectiveness of AI in 
optimizing hydrogel-based biomaterial systems. To construct an 
optimized paradigm for GelMA hydrogel, Karaoglu et al. 
systematically quantified the effects of concentrations of eosin Y 
(EY), triethanolamine (TEA), and n-vinyl-2-pyrrolidone (NVP) in 
the visible light cross-linked system on the modulus and gelation 
time (Figure 3A) (Karaoglu et al., 2023). Firstly, 1H NMR spectra 
proved the successful synthesis of GleMA (Figure 3B). EY, TEA and 
NVP were respectively set at five different levels, with a total of 
125 formulas. Subsequently, the parameters of 125 hydrogels were 
detected to train an ANN model, which achieved an accuracy of 
98.4% in the prediction of stiffness and 99.5% in the prediction 
of gelation time (Figures 3C,D). Based on this model, a 
comprehensive virtual database was established to predict the 
rigidity and gelation time of hydrogels with unknown 
formulations. For instance, after the concentration of TEA 
was fixed, the gel stiffness showed a significant increasing 
trend as the dosage of NVP increased, while in most cases, 
the gel stiffness was relatively low after the NVP was fixed 
(Figure 3E). This model provides a standardized paradigm for 
optimizing clinical-grade GelMA hydrogels. When developing 
new biomaterial scaffolds for tissue engineering, some studies 
combined the response surface methodology and ANN to 
optimize the natural polysaccharide scaffold composed of 
four components such as chitosan (Chinta et al., 2025). The 
optimal formula containing 36.1% chitosan was ultimately 
identified. The scaffold fabricated through this formula had a 
compressive strength of 0.4 MPa suitable for cartilage and 
showed good adhesion to various cells, providing an 
optimized platform for natural polysaccharid-based tissue 
engineering scaffolds.

The optimization method is also applicable to other material 
systems. A study had incorporated shear rate into the viscosity 
prediction of alginate-based ternary bioinks and established 169 sets 
of rheological data-driven ML models (Sarah et al., 2025). RF 
significantly outperformed decision tree and polynomial fitting 
with R2 of 0.99, achieving precise prediction from formulation to 
shear rate and viscosity and optimizing extruded bioprinting ink 
without experiments. 125 sets of polycaprolactone/polyethylene 
glycol electrospinning formulations and the corresponding 
material characterization data were used to train an ANN model 
(Virijević et al., 2024). The optimal electrospinning scaffold 
recommended by this model was adopted and used to deliver 
antibiotics around animal wounds. The density of new blood 
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vessels increased by 2.3 times within 7 days, and the wound closure 
rate was 96% within 14 days, providing an expandable blueprint for 
the intelligent design of pro-healing scaffolds.

In the optimization of functional material, AI not only assist in 
optimizing the composition and formula of materials, but also 
directly enhance the performance of products at the application 
level. A patch with polyacrylic acid as the skeleton was used to 
prepare a stretchable strain flexible sensor (Liu et al., 2025). After 
optimizing the flexible sensing strategy through DL, the real-time 
recognition accuracy rate of the patch material for finger and wrist 
movements reached 99.33%, providing a preparation solution for 
self-adhesive, high-toughness wearable health monitoring device 
and flexible electronic skin. When developing natural 
lignocellulose dressing-based biological dressings, researchers 
utilized ML and human-computer interaction technologies to 
prepare new types of dressings that sensitively decoded multiple 
signals such as pressure and humidity in real time (Li et al., 2026).

4.3 Discovery of new biomaterials and high- 
throughput development

The ultimate potential of AI is in its capacity to transcend the 
constraints of human experience, autonomously investigate the 
extensive domains of chemistry and structure, uncover novel 
biological materials, or maximize the performance of 
existing materials.

Self-evolutionary discovery systems represent the cutting 
edge of this direction. To develop carriers for single-cell 

proteomics analysis, Hu et al. employed nine automated 
workstations in conjunction with an augmented Bayesian 
algorithm (Hu et al., 2025). This approach enabled self- 
iteration within the ultra-high-dimensional formulation space 
of carrier materials, yielding a super-inert surface with an 80% 
reduction in non-specific protein adsorption index compared to 
conventional methods after just over a hundred experimental 
cycles. The experimental workload was reduced by four orders of 
magnitude. The microfluidic chip obtained from the 
aforementioned carrier was used for single-cell protein 
analysis, and the detection sensitivity was increased by 
9 times. This was the first verification that the AI-assisted 
self-evolution discovery system provided a universal carrier 
platform with high sensitivity for single-cell multi-omics.

In the design of new biopolymers, breakthroughs have been 
made in the integration of DL and bioengineering. To overcome the 
challenge of difficult heterologous expression of spider silk protein 
in prokaryotic systems, a study replaced the polyalanine of spider 
silk protein MASP1 with a bacterial sequence mined through DL, 
successfully achieving high expression of five soluble spider silk 
proteins in Escherichia coli (Huang et al., 2025b). These spider silk 
proteins can be electrospun into uniform nanofibers, providing a 
blueprint for the large-scale production of high-performance 
biomimetic fibers. PolypeptideDesigner, an AI model for 
polypeptide design, embedded an attention neural network as a 
denoiser within a conditional diffusion framework to generate novel 
polypeptides residue by residue (Liao et al., 2025). Compared to the 
industry-standard PDG-B model, PolypeptideDesigner designed 
longer and more diverse sequences, providing a powerful tool for 

FIGURE 3 
AI-driven optimization of optical cross-linking system for construction of GelMA hydrogel. (A) Scheme for ANN model which outputs the stiffness 
and gelation time through the proportion of EA, TEA and NVP. (B) 1H NMR spectra of gelatin and GelMA. (C) The linear correlation between the predicted 
and actual values of stiffness. (D) The linear correlation between the predicted and actual values of gelation time. (E) The library for Yong’s modulus of 
GelMA hydrogel established through the ANN model. Copyright 2023, American Chemical Society. Abbreviations: ANN, artificial neural network; EA, 
eosin Y; NVP, N-vinyl-2-pyrrolidone; TEA, triethanolamine.
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the on-demand customization of functional peptides and 
biomaterials.

High-throughput screening and optimization is another key 
path to accelerate material discovery. To screen out uniform 
spheres from bioprinted models that can be used for liver 
transplantation, an automatic label-free sorter that can be stuffed 
into a biosafety cabinet was manufactured (Sampaio da Silva et al., 
2024). This sorter employed transfer learning to rapidly distinguish 
activity and printability of multicellular spheres in brightfield 
images, achieving a sorting throughput of 600 spheroids per 
hour, thereby overcoming a critical bottleneck in tissue 
engineering therapies for end-stage liver disease. In the field of 
biofilm countermeasures, researchers had coupled individual 
biofilm models with Bayesian optimization to select optimal 
nanostructured surfaces tailored to specific applications (Zhai 
and Yeo, 2023). The selected nanoscale surface topography 
removed over 90% of biofilms, providing an on-demand surface 
design framework for fields requiring biofilm control, such as 
marine, medical, and bioenergy applications.

In a word, AI has become an indispensable catalyst for 
promoting the development of biological material formulas and 
processing methods. It can perform well in complex multi- 
parameter environments, enabling AI models to precisely control 
complex manufacturing processes such as 3D printing. This 
accuracy makes it possible to customize the transformation of 
biological materials from macro to micro levels. AI can not only 
recommend the most suitable material formula, but also 
independently discover new high-performance biological 
materials. AI has significantly shortened the time required for 
functional biomaterials to go from conceptual design to practical 
clinical application, thus opening a new era in the field of 
biomaterials.

5 Evaluating the effect of biomaterials 
on organisms

The effectiveness of biological materials depends not only on 
their physical and chemical properties, but more importantly on the 
complex biological reactions they cause when they interact with 
organisms. By integrating a variety of data types such as images, 
spectra and mechanical properties, these models can predict 
biological results before implantation, thus accelerating the 
development of safe and effective clinically applied 
biological materials.

5.1 Precise assessment and prediction of the 
biocompatibility of biomaterials

Once the biomaterial is implanted in the body, it will closely 
combine with the host cell, inevitably triggering the recognition and 
response of the immune system. Biocompatibility stems from the 
complex interaction between biomaterials and the host’s immune 
system after implantation. The quality of biocompatibility 
determines whether biomaterials are suitable for long-term use in 
the human body. Traditional biocompatibility assessment methods, 
such as cytotoxicity tests and hemolysis tests, can only provide basic 

information about these interactions. AI technology can interpret 
and predict the whole interaction process in real time, thus changing 
biocompatibility assessment from passive endpoint detection to 
active prediction.

Macrophages, as key regulators of the immune system, play a 
crucial role in tissue integration through their polarization states 
(Chen et al., 2025b). A study has established a label-free macrophage 
subtyping platform based on quantitative phase imaging and the DL 
model ResNet-18 (Martkamjan et al., 2025). This platform achieved 
an identification accuracy of over 90% for various macrophage 
phenotypes, including M0, M1, M2a, and M2c. It also revealed in 
real time the immune propensities of different collagen 
coatings—type I collagen is pro-inflammatory, while type IV 
collagen is anti-inflammatory, providing a novel AI-guided, 
rapid, and non-destructive paradigm for evaluating the 
immunocompatibility of biomaterials. Assessing the inflammatory 
response at the implant-tissue contact interface by examining the 
impact of surface topography on macrophage polarization is of 
crucial importance for the design and widespread application of 
implantable biomaterials. To establish a comprehensive nanoscale 
biointerface library through high-throughput screening, Hou et al. 
employed their self-developed dynamic laser interference 
lithography technique to fabricate, in a single batch, over one 
million types of line, grid, and hierarchical structures spanning 
scales from 100 nm to several micrometers, forming an array of 
combinatorial biophysical cues (Figure 4A) (Hou et al., 2024). After 
obtaining macrophage phenotypes, a Gaussian process regression 
ML model was employed to rapidly identify topological structures 
within the array that induced either M1 or M2 phenotypes 
(Figure 4B). In vitro experiments confirmed that nanostructures 
promoting the M1 macrophage phenotype indeed enhanced the 
expression of pro-inflammatory genes, including tumor necrosis 
factor-α (TNF-α) and interleukin-8 (IL-8), whereas M2-biased 
nanostructures exhibited the opposite regulatory effects (Figures 
4C,D). Further mechanistic studies revealed that, compared to the 
control group, three nanostructures respectively increased 
macrophage transcriptional levels by 1.38-fold, 1.38-fold, and 
1.29-fold, indicating that these three topological structures might 
regulate macrophage polarization via epigenetic activation, 
particularly involving the cytoskeleton and Rho-associated 
protein kinases (Figure 4E). These results demonstrated that this 
AI-based screening model could swiftly pinpoint 
immunomodulatory active topological structures from a vast 
array of morphologies at the million-scale, providing a reliable 
standard for the subsequent mass production of nano-coatings 
for implants.

There are also studies exploring the influence of various physical 
parameters of the implant on the polarization of macrophages. 
Based on over 1,200 experimental data points from more than 
30 research articles, Chen et al. developed algorithmic rules that 
establish correlations between parameters such as contact angle and 
roughness of titanium-based implants and the levels of interleukin- 
10 (IL-10) and TNF-α secreted by macrophages, utilizing models 
including RF, extreme gradient boosting, and multi-layer 
perceptron (Chen et al., 2025a). The algorithm demonstrated an 
error margin of less than 8% in predicting IL-10 levels, proving that 
this model offered an interpretable and reproducible AI design 
paradigm for immunomodulatory implants. Similarly, a study 
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employed various ML approaches to train and analyze the 
inflammatory responses of macrophages induced by 15 types of 
electrospun nanofibrous scaffolds composed of polyesters, 
polysaccharides, and polyethers (Sujeeun et al., 2025). In these 
models, the prediction accuracy of TNF-α levels by random 
forests (RF) reached 92.8%, and it was found that fiber-oriented 
entropy and polysaccharide percentage were the key parameters 
affecting macrophage inflammation.

When evaluating the biological safety of materials, it is very 
important to accurately predict the toxicity of biological materials to 
tissue cells. A study developed 5 ML models using 51 pure zinc 
cytotoxicity data sets (Wang et al., 2025a). The multilayer 
perceptron (MLP) model shows that the survival rate of bone 
cells, endothelial cells and fibroblasts is high when the leachate 
concentration does not exceed 40%; the decision tree model also 
proves that the leachate concentration is a key predictor variable. 
The study determined that 40% was the in vitro toxicity threshold of 
zinc-based implants, and created a standardized, machine-based 
machine-learning-based toxicity assessment system for 
biodegradable zinc-based implants. Another study evaluated the 
prediction accuracy of the DL model for the biocompatibility of 
tissue scaffolds. The results showed that when using structured 
numerical data, the ANN model was better than the CNN model, 
and its F1 score reached 1.0 (Oncu et al., 2025).

At present, the definitions and evaluation standards for 
biocompatibility are different in different fields, which hinders 
data standardization and its integration with AI models. Mozafari 

proposed a method to redefine biocompatibility through a unified 
“hierarchical modular” architecture (Mozafari, 2025). This method 
systematically evaluates biological materials based on clinical 
background, material classification and exposure time, so that AI 
models can access structured big data. This structured method 
accelerates material discovery, regulatory approval and post- 
listing risk monitoring, and promotes the data-driven progress of 
biomaterial development.

5.2 Dynamic assessment of tissue 
regeneration and functional formation

The main biological function of biological materials is to 
promote the regeneration and functional recovery of normal 
tissues. AI technology has significantly improved our 
understanding of the process of organization generation through 
non-destructive monitoring, early prediction and dynamic 
evaluation.

In the field of cartilage regeneration monitoring and evaluation, 
a study used near-infrared spectrum combined with non-biased ML 
algorithms (such as random forests and support vector regression) 
for the first time to monitor the supernatant of the engineered 
cartilage culture system. The expected R2 values of hyaluronic acid, 
lactic acid and total collagen are 0.98, 0.70 and 0.44 respectively, 
which provides a sampling-free method for real-time quality 
assessment of synthetic cartilage (Sadeesh et al., 2025). Another 

FIGURE 4 
AI-driven prediction of macrophage polarization and inflammatory response to surface topological structures of implants. (A) Combined biophysical 
clue array of four structures. (B) Comparison of phenotypic prediction of macrophages using traditional method and ML. (C) The regulation of TNF-α 
expression level in macrophage by various nanostructures. (D) The regulation of IL-8 expression level in macrophage by various nanostructures. (E) The 
intensity of epigenetic activity marker H3K4me3 under conditions of no treatment, +cytotoxin and +Y27632. Copyright 2024, American Chemical 
Society. Abbreviations: IL-8, interleukin-8; ML, machine learning; TNF-α, tumor necrosis factor-α. All statistical data are represented as mean ± SD (**P < 
0.05, **P < 0.01, ***P < 0.001).
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study shows that the near-infrared spectrum combined with the 
ResNet-18 model has achieved an identification accuracy of more 
than 90% in distinguishing between normal cartilage regions and 
degenerative cartilage regions, which helps to early evaluate cartilage 
degradation in a microgravity environment (Wu et al., 2025). In the 
field of bone tissue engineering, a research has developed a 
descending model based on ML, which is combined with 
Shapley’s additional interpretation to predict the degree of 
osteogenic differentiation (Drakoulas et al., 2024). Meanwhile, it 
was discovered that the scaffold stiffness of 200–250 MPa was most 
conducive to osteogenesis. After optimizing the multi-objective 
genetic algorithm based on this conclusion, the bone cell 
coverage area increased from 38% to 61%, providing a novel 
paradigm for prediction and design of 3D-printed biodegradable 
scaffolds. In the aspect of vascularization assessment, scholars have 
designed an AI-based software named IKOSA (Salvante et al., 2024). 
It utilized the chorioallantoic membrane CAM model and 
microscopic images to evaluate vascular area, lumen length, and 
vascular branching potential. Based on this research, an AI pre- 
screening platform had been proposed, which may replace 
mammalian experiments for the rapid assessment of the 
vascularization potential of biomaterials.

AI technologies exhibit significant benefits in the analysis of 
intricate tissue imaging data and the development of high- 
throughput screening platforms. A study employed cleared tissue 
light-sheet microscopy to acquire three-dimensional 
autofluorescence maps of whole organs and volumetric muscle 
defect specimens at an isotropic resolution of 0.6 μm (Ngo et al., 
2023). By utilizing computational spectral classification, this 
method, for the first time, achieved three-dimensional analysis of 
the interaction microenvironment between host tissue and 
implanted scaffolds at the single-cell scale.

5.3 Early prediction and manipulation of cell 
behavior and fate

AI technology enables the prediction of long-term cell fates 
based on early cell morphology and behavior, serving as a potent 
instrument for the swift evaluation of biomaterial biological 
performance.

In the field of immune cell therapy, it was found that the 
subsequent mechanosensitive expansion potential of T cells can 
be predicted based on their short-term spreading morphology 
on biomaterials. A DL model distinguished between healthy and 
chronic lymphocytic leukemia donors with an accuracy of over 
92% using only 6-h bright-field images (Wang et al., 2025d). 
Moreover, it predicted the cell expansion fold on substrates of 
different stiffnesses 4 weeks in advance with an error of less than 
15%, providing a rapid and precise quality prediction tool for 
adoptive cellular immunotherapy. Another automated ML- 
based detection method first employed thresholding and cell 
tracking to swiftly delineate candidate cell division events 
(Manorost et al., 2025). Subsequently, it utilized ANOVA 
testing to screen for eight-dimensional interpretable features. 
Finally, it uses RF algorithms to eliminate artifacts. This method 
achieved an impressive accuracy of 88%, striking a balance 
between speed and interpretability. Compared to DL, it was 

more suitable for the automated monitoring of high-density cell 
proliferation.

For the prediction of stem cell fate, Zhou et al. integrated public 
transcriptome databases and combined the k-nearest neighbor 
strategy to develop a three-line differentiation prediction 
framework for mesenchymal stem cells (Zhou et al., 2023). This 
framework determined the differentiation direction of human 
mesenchymal stem cells on various biomaterials on the seventh 
day without the need for markers. It achieved a testing accuracy of 
90.6%, which is 10% higher than that of traditional marker gene 
method, providing a rapid assessment tool for high-throughput 
screening of material biological functions. Another AI model, the 
orthopedic implants-osteogenic differentiation network, utilized 
intuitive early-stage cell morphology images and alkaline 
phosphatase levels as training data. It enabled high-throughput 
prediction of the osteogenic potential of titanium surfaces within 
48 h, enhancing the screening speed of orthopedic implant surface 
layers by 10-fold and reducing costs by 80% (Li et al., 2025a). To 
achieve label-free cell differentiation assessment and material 
screening, Hao et al. constructed a light-controlled thiol-ene 
high-throughput chip (Hao et al., 2023). The device can generate 
128 different material combinations in one operation. They use 
unmarked CNN combined with classification and statistical models 
to evaluate the surface of materials with specific biological functions.

A study assessing gene therapy efficacy involved the 
implantation of fibroblasts derived from patients with Leber 
hereditary optic neuropathy and subjected to AAV gene 
transduction, into a three-dimensional artificial scaffold (Larin 
et al., 2024). The study demonstrated that a DL algorithm model 
designed to monitor and analyze cellular characteristics such as 
migration speed, proliferation rate, and morphology, could 
potentially replace animal testing in evaluating drugs targeting 
genetic cellular disorders.

AI has fundamentally changed the way we evaluate the impact of 
biological materials on organisms, and established a comprehensive 
and multi-dimensional evaluation framework covering from cell 
phenotype to tissue function. This paradigm shift not only 
accelerates the clinical transformation of safe and effective 
biological materials, but also fundamentally changes the way we 
understand and develop these materials.

6 Discussion

This article discusses how AI affects the design process of 
biomaterials, and puts forward an AI-based intelligent closed- 
loop paradigm. The paradigm advocated in this review represents 
a dynamic, iterative, and self-improving system where AI seamlessly 
integrates each stage of biomaterial development. The loop initiates 
with AI-driven reverse design based on clinical needs, whose outputs 
are fed into predictive models to forecast properties and screen 
candidates virtually. The optimal candidates then undergo AI- 
guided optimization of their formulation and manufacturing 
process. Finally, the loop closes with the AI-powered evaluation 
of biological responses, whose results—such as newly discovered 
structure-activity relationships or unsatisfied biological 
performance—can be fed back to refine the initial design goals or 
prediction models. This creates a virtuous cycle where data and 
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insights from downstream stages continuously enhance the 
upstream design, ultimately accelerating the development toward 
high-performance, clinically viable biomaterials.

As we enter this new era, we must realize that there are many 
major problems in the current AI system. Future development 
depends on how effectively we deal with these challenges.

The main problem lies in the quality and quantity of data. 
Biomaterial data, including composition, processing and 
performance, come from various sources, resulting in 
differences between batches. The lack of a standardized 
database limits the generalization ability of AI models 
(Mozafari, 2025). High-quality experimental data, especially 
long-term in vivo biological data, are expensive and scarce, 
making model training difficult. In order to solve this problem, 
the field of biomaterials should establish standardized data 
collection and reporting specifications, and create an open 
and standardized data sharing platform. Considering that the 
data may involve confidential information, a federal ML model 
can be used to allow cross-agency joint training models while 
protecting data privacy and expanding the training sample size 
(Montagnese et al., 2025).

The second problem is the inherent limitations of the AI 
model. Despite tools such as SHapley Additive exPlanations 
(SHAP) analysis, the decision-making logic of many complex 
models, especially DL models, is still unclear (Xu et al., 2025). It 
is difficult for researchers to explain why the model makes 
certain predictions, which hinders the model from providing 
reliable physical or biological insights for the discovery of new 
materials. In addition, when applied to new material systems or 
cell types, AI models usually perform poorly and are less robust. 
To solve this problem, the existing AI model should integrate 
explainable AI technologies, such as attention mechanism and 
counter-factual interpretation, to identify key factors and reveal 
mechanisms, so as to accelerate scientific discovery (Zhou et al., 
2023). It is also crucial to develop a neural network based on the 
principles of physics that embeds physical laws into model 
algorithms, which can ensure that the prediction results are 
in line with scientific principles (Naga Ramesh et al., 2025). 
Furthermore, the model reproducibility is also a major obstacle 
to the reliable adoption of AI technology. This means that even if 
the same algorithm is used, differences in experimental 
procedures and data processing can still lead to vastly 
different results. Therefore, the use of containerized 
computing environments, such as Docker are recommended 
to ensure the consistency of model performance across 
different laboratories and datasets (Hernández-Velázquez 
et al., 2025).

Thirdly, biomaterials operate across multiple scales from 
molecules and cells to tissues and organs. However, most current 
AI models are designed for a single scale and lack a framework that 
integrates physical, chemical, and biological processes across scales. 
To overcome this, multi-scale AI models have been proposed, which 
combine molecular dynamics simulations, mesoscopic models, and 
macroscopic models using AI to predict the entire lifecycle of 
biomaterials from preparation to in vivo use.

AI is driving a significant shift in the biomaterial field, moving 
from a supplementary tool to the core of the research and 
development process. A future of fully integrated, automated, 

and personalized intelligent biomaterial development is on 
the horizon. In the future, researchers may only need to 
input clinical requirements into a computer, and the AI 
system will autonomously generate material solutions, 
predict their performance, operate robotic platforms for 
synthesis and optimization, and evaluate their biological 
effects. To achieve this, enhanced interdisciplinary 
collaboration among biologists, materials scientists, doctors, 
and AI specialists is needed. We believe AI will become a 
powerful ally in fighting diseases, promoting tissue healing, 
and improving human health.
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