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Abstract
With the rapid advancements in biomedical engineering, bioprinting has emerged as a pivotal solution to address the short‐
age of organ transplants and advance disease model research. The evolution of bioprinting has progressed from the fabrica‐
tion of simple models (1.0) to the fabrication of permanent implants (2.0), tissue engineering scaffolds (3.0), and complex 
biostructures utilizing living cells (4.0). Nevertheless, significant challenges remain, particularly in accurately replicating the 
structure and function of host tissues, selecting appropriate materials, and optimizing printing parameters. The integration of 
artificial intelligence (AI), especially machine learning, provides promising novel opportunities in bioprinting (5.0). This re‐
view systematically summarizes the current applications of AI in bioprinting, discussing both construction strategies and ap‐
plication scenarios. It also explores the potential of AI to improve bioprinting in the preparation of complex functional tis‐
sues and in situ tissue repair. Overall, the synergy between AI and bioprinting is poised to drive the development of personal‐
ized medicine, facilitate high-throughput preparation of in vitro models, and provide robust tools for regenerative medicine 
and precision healthcare.
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1　Introduction

Organ transplantation remains the definitive treatment for 
end-stage organ diseases; however, the chronic shortage of 
donor organs severely limits its availability [1, 2]. This 
shortage has driven the search for alternative solutions, par‐
ticularly through bioprinting technologies such as three-
dimensional (3D) bioprinting [3, 4]. Simultaneously, there 
is an increasing demand in biomedical research for reliable 
disease models that accurately mimic human physiological 
and pathological conditions [5]. Traditional two-dimensional 
(2D) cell cultures and animal models often fail to accurately 
replicate human disease mechanisms, resulting in inefficien‐
cies in drug development and therapeutic interventions [6–8]. 

Consequently, advanced bioprinting techniques aim to cre‐
ate complex, multicellular 3D tissue models that provide 
more physiologically relevant environments for disease 
modeling and drug testing.

Bioprinting emerged as an extension of additive manufac‐
turing within the biomedical sector, adhering to principles 
such as layered manufacturing and stacked assembly [9]. 
This field is distinguished by its use of a diverse array of 
components—including biomaterials, drugs, growth factors, 
cells, and even active tissues [10–15]—to fabricate com‐
plex tissue structures or organs. The manufacturing process 
not only replicates the structural and componential biomim‐
icry but also ensures the viability and functionality of these 
prefabricated structures through their developmental stages 
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post-manufacturing [16]. This necessitates addressing both 
existing and novel scientific and technical challenges inher‐
ent to bioprinting processes. Currently, bioprinting predomi‐
nantly utilizes an open-loop, prefabricated approach. Typi‐
cally, biological constructs are produced and then subjected 
to biological testing and clinical validation to refine and iter‐
ate the manufacturing process. This approach often pro‐
longs technology development cycles due to the intricate 
and interconnected nature of living systems and the internal 
microenvironments of tissues and organs, which are com‐
plex to replicate and standardize. These complexities fre‐
quently result in extensive trial-and-error efforts for identi‐
fying suitable bioinks and optimizing manufacturing pro‐
cesses to fulfill specific clinical requirements [17, 18].

Since the widespread adoption of ChatGPT in 2022 and 
the launch of AlphaFold 3, artificial intelligence (AI) has 
demonstrated its transformative impact across both humani‐
ties and technical sciences [19, 20]. Machine learning (ML), 
a subdiscipline of AI, has become pivotal in optimizing sys‐
tems for a more efficient use of products, materials, and ser‐
vices, particularly in the 3D printing industry. ML signifi‐
cantly reduces fabrication time and costs, and improves the 
quality of standard 3D printing processes through improve‐
ments in process optimization, dimensional accuracy, defect 
detection, and material property prediction. In bioprinting, 
AI integration is refining the precision and efficiency of bio‐
printing processes. The capacity of AI to process large data‐
sets enables optimization of bioprinting parameters, predic‐
tive modeling of tissue growth, and real-time adaptive re‐
sponses during printing, thereby improving the accuracy 
and functionality of bioprinted organs and tissues. Unlike 
traditional physics-based models, which often struggle with 
nonlinearities and uncertainties, ML models are highly 
adaptable and excel at making data-driven predictions. 
These models autonomously learn, predict, and improve, 
significantly benefiting the production of precise biological 
structures. This capability is crucial for advancing drug test‐
ing, reducing animal testing, and improving regenerative 
medicine. For instance, Datta et al. demonstrated how ML 
algorithms could optimize bioprinting parameters to miti‐
gate light scattering by cells in bioink, thus simplifying the 
calibration process for various structures in digital light-
processing-based bioprinting methods [21]. The synergy be‐
tween AI and bioprinting not only augments the capabilities 
of existing technologies but also opens novel avenues for in‐
novative disease models and personalized therapeutic inter‐
ventions, marking a substantial advancement in regenera‐
tive medicine and tissue engineering.

This review delves into how AI-enabled bioprinting, be‐
ginning with the historical development of bioprinting tech‐
niques and the foundational principles and functions of AI, 
has catalyzed groundbreaking scientific advancements. The 
discussion will encompass the specific applications of AI in 

the bioprinting of artificial tissues and organs, including its 
critical role in improving the precision and functionality of 
bioprinting, as well as predicting tissue adaptation postim‐
plantation. Moreover, this review explores the contributions 
of AI to the construction of cross-scale vascularized tissues, 
arrangement of physicochemical cues in spatiotemporal dis‐
tribution to guide controllable tissue growth, and in situ 
printing for tissue repair. These advancements will push bio‐
printing to a new phase, enabling the creation of tissues that 
more closely resemble natural tissues in both form and func‐
tion, with greater convenience, reproducibility, and effi‐
ciency. By advancing algorithm development and fostering 
interdisciplinary collaboration, AI is poised to significantly 
propel life sciences and medical research forward, encourag‐
ing more researchers to engage with AI in bioprinting to ac‐
celerate progress in human health sciences (Fig. 1).

2　Overview of bioprinting

2.1　Historical development of bioprinting

The development of bioprinting technology has made re‐
markable strides over the decades, in terms of both techni‐
cal systems and innovative applications, as depicted in 
Fig. 2. Initially, the focus was on boosting the capabilities 
of forming technologies, diversifying material choices, and 
advancing manufacturing systems. Concerning forming ca‐
pabilities, the technology has evolved from producing ho‐
mogeneous structures at a single scale to fabricating hetero‐
geneous biological structures across multiple scales. Mate‐
rial choices have expanded from synthetic materials to ac‐
tive components such as cells and proteins. Manufacturing 
systems have advanced from conventional three-axis motion 
platforms to more complex systems with multiple degrees of 
freedom, incorporating multidegree robotic arms for in situ 
printing—a technique that has shown impressive results.

Innovative applications of bioprinting have progressed 
from creating models for surgical planning to using living 
tissues and organs as printing materials. These biologically 
inspired and functional structures are currently playing an 
increasingly vital role in areas such as new drug develop‐
ment and repair of tissue and organ defects. The narrative 
will next focus on reviewing the evolution of bioprinting 
technology through four representative stages, emphasiz‐
ing both technical systems and innovative applications.

The first phase of bioprinting (Bioprinting 1.0) involved 
producing models without the requirement for biological 
compatibility, such as biomedical models and surgical aids. 
This phase allowed the use of standard additive manufactur‐
ing equipment and materials to create structures, often 
using extrusion-based techniques such as fused deposition 
modeling for orthopedic applications, where thermoplastic 
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filaments are extruded along predetermined paths to con‐
struct parts layer by layer [22, 23]. More complex solid or‐
gan models required higher precision, material diversity, 
and transparency, resulting in the adoption of multimaterial 
photopolymerization techniques such as PolyJet, which can 
print up to seven resins simultaneously, enabling custom‐
ized textures, transparency, and hardness [24–26].

The second phase (Bioprinting 2.0) moved toward the 
fabrication of permanent implants that were biocompatible 
but not biodegradable. These structures had to mimic ana‐
tomical shapes and match the physical properties of exist‐
ing bodily structures. Clinically used materials such as bio‐
compatible ceramics and titanium were shaped using selec‐
tive laser sintering, which sinters layers of metal or ce‐
ramic powder with a laser to achieve high-precision 3D 
structures [27, 28].

The third phase (Bioprinting 3.0) focused on tissue 
engineering scaffolds designed to maintain, repair, or 

improve tissue functions. These scaffolds are biocompat‐
ible and often biodegradable, designed to work synergisti‐
cally with cells and tissues within the body or provide tem‐
porary mechanical support as new tissues grow. The materi‐
als used for designing these scaffolds range from synthetic 
polymers such as polylactic acid [29, 30] and polycaprolac‐
tone [31, 32] to natural biomaterials such as hyaluronic acid 
and collagen. Techniques such as extrusion printing [33–38], 
electrohydrodynamic (EHD) printing [39–43], laser sinter‐
ing [44–47], and vat polymerization [48–53] are commonly 
used, with extrusion printing being the most widespread 
due to its versatility with various materials.

The fourth phase (Bioprinting 4.0) represents a signifi‐
cant advancement, using living cells, microtissues, and organ-
like structures as printing materials. This phase includes the 
fabrication of in vitro tissue organ models, organ chips, 
and therapeutic implants [54], wherein techniques such as 
extrusion printing, inkjet printing, and light-based curing 

Fig. 1  Schematic of the current applications of AI in bioprinting and the role AI plays in enabling bioprinting of the next phase. Created with 
BioRender.com
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are commonly used. Inkjet technology is particularly effec‐
tive in providing high precision for cell placement [55–59]. 
The introduction of biologically active photosensitive mate‐
rials such as gelatin methacryloyl (GelMA) has enabled the 
printing of cell-laden structures using high-precision, cell-
friendly photocuring techniques such as digital light pro‐
cessing (DLP) and continuous liquid interface production 
(CLIP) [60–67]. Extrusion printing remains popular in this 
phase due to its adaptability in handling a wide range of ma‐
terials and ease of integration with other manufacturing pro‐
cesses or external physical fields, making it ideal for con‐
structing complex multimaterial structures [68–75].

2.2　Challenges and limitations of bioprinting

Despite significant advancements in biomanufacturing, sev‐
eral critical challenges remain that hinder its full realization 

in clinical and therapeutic applications. The complexity of 
biological systems presents a major obstacle; accurately rep‐
licating the mechanical properties and biological functions 
of native tissues requires precise control over both biomate‐
rials and manufacturing processes. The inherent heterogene‐
ity of tissues, characterized by diverse cell types and intri‐
cate structural configurations, further complicates the fabri‐
cation process. Furthermore, selecting suitable materials that 
are both biocompatible and possess the requisite mechanical 
and biological properties is immensely challenging. These 
materials must not only support cell growth and integrate 
seamlessly with the human body but also emulate the me‐
chanical strength and flexibility of the tissues they aim to 
replace. In addition, the biodegradation rates of these mate‐
rials must be precisely synchronized with tissue regenera‐
tion to maintain structural integrity and functionality over 
time.

Fig. 2  Different bioprinting technologies used in different application phases. Created using BioRender.com. (a) Application of extrusion printing: 
(a1) presurgical planning model (reproduced from [23], Copyright 2011, with permission from Springer-Verlag); (a2) biodegradable scaffold 
with various available materials (reproduced from [35], Copyright 2023, with permission from the authors, licensed under CC BY 4.0); 
(a3) spheroids and organoids printing (reproduced from [75], Copyright 2021, with permission from Wiley‐VCH GmbH). (b) Inkjet printing: 
(b1) inkjet printing used in cell distribution (reproduced from [72], Copyright 2018, with permission from WILEY-VCH Verlag GmbH & Co. 
KGaA, Weinheim). (c) Application of EHD printing: (c1) soft scaffold preparation based on EHD technologies (reproduced from [40], Copy‐
right 2019, with permission from the authors, licensed under CC-BY-NC). (d) Selective laser printing: (d1) hip joint prepared by selective laser 
melting (SLM) (polished) (reproduced from [27], Copyright 2023, with permission from the authors. licensed under CC BY-NC-ND); (d2) SLM-
prepared porous biodegradable scaffolds (reproduced from [44], Copyright 2020, with permission from Acta Materialia Inc.). (e) Application of 
vat polymerization: (e1) complex presurgical planning model printed by PolyJet (reproduced from [26], Copyright 2019, with permission from 
Elsevier Inc.); (e2) DLP-based high-resolution scaffold preparation (reproduced from [53], Copyright 2024, with permission from the authors, 
licensed under CC BY-NC-ND); (e3) high-efficiency tissue construction printed by vat polymerization (reproduced from [66], Copyright 2024, 
with permission from Wiley-VCH GmbH)
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Another set of challenges involves scalability and reproduc‐
ibility, which are crucial for transitioning biomanufacturing 
processes from the laboratory to clinical settings. Ensuring 
consistency and maintaining high-quality standards across 
different production batches and setups are essential for 
medical applications. Variations in raw materials, environ‐
mental conditions, and operational techniques can cause re‐
producibility issues, affecting the overall efficacy and safety 
of bioprinted products. These challenges emphasize the 
need for advanced solutions that can streamline manufactur‐
ing processes, improve material properties, and ensure the 
scalability and reproducibility of bioprinted tissues and or‐
gans. Addressing these issues is vital not only for advancing 
the field but also for ensuring that biomanufacturing fulfills 
the stringent requirements of clinical applications, paving the 
way for broader adoption and implementation in healthcare.

3　Overview of AI

3.1　Definition and historical development

AI is a branch of computer science that aims to generate 
computational systems capable of performing tasks typi‐
cally associated with human intelligence, including visual 
perception, speech recognition, decision-making, and natu‐
ral language processing [76]. AI is a multidisciplinary field, 
drawing insights from computer science, mathematics, psy‐
chology, linguistics, and philosophy. In recent years, AI has 
gained prominence due to its potential to drive innovation 
across diverse sectors such as healthcare, finance, transpor‐
tation, and manufacturing.

The inception of AI dates back to the 1950s, with the 
term “artificial intelligence” first coined by John McCarthy, 
a computer scientist at Dartmouth College, in 1955 [77]. A 
pivotal workshop organized by McCarthy and a group of 
computer scientists and cognitive psychologists laid the 
foundation for AI as an academic discipline. Early AI re‐
search primarily focused on developing rule-based systems, 
known as artificial expert systems, which used a defined set 
of rules and knowledge to make decisions. A landmark in 
the early history of AI was the creation of the Logic Theo‐
rist by Allen Newell and Herbert Simon in 1956, a program 
that could prove mathematical theorems and is considered 
an early milestone in AI [78].

The 1970s and 1980s witnessed a paradigm shift in AI re‐
search toward more complex systems capable of experien‐
tial learning. This era saw the emergence of ML algorithms 
such as decision trees, neural networks, and support vector 
machines (SVMs), which facilitated data-driven learning [79]. 
The 1990s and early 21st century brought a resurgence of 
interest in AI, with significant advances in ML, natural lan‐
guage processing, and computer vision, all spurred by the 

advent of the World Wide Web and the vast amounts of 
data it generated.

Over the past decade, the field of AI has experienced a 
series of significant developments and transformations. 
These advancements have not only propelled the progress 
of technology but also brought profound impacts on human 
society. In 2012, deep learning achieved a breakthrough in 
the field of visual recognition, during which the deep convo‐
lutional neural network (CNN) AlexNet achieved unprec‐
edented results in the ImageNet competition. Subsequently, 
in 2014, the proposal of generative adversarial networks 
brought revolutionary changes to areas such as image gen‐
eration and artistic creation. In 2016, DeepMind’s AlphaGo 
defeated the world champion of Go, Lee Sedol. This event 
not only demonstrated the ability of AI in complex strategic 
games but also marked a significant progress of AI in the 
field of strategic decision-making. In 2017, natural lan‐
guage processing technology witnessed remarkable develop‐
ment. Deep learning-based language models began to 
emerge, significantly improving the ability of language un‐
derstanding and generation and opening up novel possibili‐
ties for the interaction between AI and humans. In the same 
year, OpenAI released the GPT-1 model, which was the de‐
but of pretrained language models and laid the foundation 
for subsequent language model research. In November 
2022, OpenAI launched the AI conversation application ser‐
vice ChatGPT based on the GPT model. ChatGPT demon‐
strated the tremendous progress of natural language process‐
ing technology. Based on large-scale data training and deep 
learning algorithms, it can generate high-quality, logically 
coherent text responses, providing novel ideas and methods 
for the further development of AI technology and prompt‐
ing researchers to continuously explore more advanced al‐
gorithms and model architectures [19]. During this period, a 
major breakthrough of AI in the field of biology was the 
emergence and development of AlphaFold, which can pre‐
dict the structures and interactions of biomacromolecules 
with atomic precision. The development of this technology 
not only represents a scientific breakthrough but also indi‐
cates the immeasurable potential of AI in changing the way 
life science research is conducted. These key developments 
and progress together constitute the glorious course of AI in 
the past decade. They not only promoted the continuous ad‐
vancement of AI technology but also depicted a future full 
of infinite possibilities for us. We should continuously fo‐
cus on and deeply investigate these developments to better 
promote the continuous progress of AI and bring more ben‐
efits and development opportunities to human society.

3.2　Varieties of ML

AI involves developing computational agents that simulate 
human cognitive functions such as problem-solving, learning, 
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and strategic planning. The primary objective of AI is to en‐
gineer systems capable of performing tasks that typically re‐
quire human intelligence, such as interpreting language, rec‐
ognizing patterns, and making decisions. ML, a critical sub‐
set of AI, focuses on training algorithms to learn from data 
and make decisions or predictions based on these data. 
These algorithms improve their accuracy in predicting out‐
comes or identifying patterns through iterative learning, 
without being explicitly programmed for specific tasks, 
thereby forming the foundation of most practical AI applica‐
tions today.

ML can be categorized into several distinct types, each 
suited to different problem-solving scenarios, thereby im‐
proving the flexibility and applicability of AI across various 
domains [80]. Supervised learning involves training an algo‐
rithm on a labeled dataset, where the correct outcomes are 
already known. The model learns to predict these outcomes 
on new, unseen data, making it ideal for applications such 
as spam detection and image classification. In contrast, un‐
supervised learning does not rely on labeled data; it identi‐
fies hidden patterns and relationships within the dataset, 
which is useful in applications such as market basket analy‐
sis and anomaly detection [81]. Reinforcement learning is 
distinguished by training algorithms through trial-and-error, 
guided primarily by rewards and penalties [82]. This 
method is particularly effective in dynamic environments 
such as robotics and gaming, where the algorithm must make 
a series of decisions to maximize a cumulative reward.

Together, these ML methods emphasize the robust versa‐
tility of AI, contributing to its transformative impact across 
industries and its ability to augment human capabilities in 
increasingly sophisticated manners.

3.3　Prominent ML models

In the rapidly evolving landscape of ML, various models 
have emerged, each tailored for specific tasks and data 
types, significantly improving the capabilities of computa‐
tional analysis across numerous fields [79, 83, 84]. Random 
forests leverage the collective power of multiple decision 
trees to improve predictive accuracy and prevent overfit‐
ting, rendering them invaluable for ensemble learning. 
SVMs excel in high-dimensional data, adeptly handling 
both regression and classification tasks, and are particularly 
effective in scenarios requiring clear margins of separation. 
Logistic regression, though traditionally used for binary 
classification, effectively estimates the probability that an 
input belongs to a certain category, thereby facilitating 
applications such as medical diagnoses and other binary 
outcomes.

Neural networks represent a more complex class of ML 
models, capable of managing and interpreting intricate, 
structured data, rendering them particularly valuable in 

deep learning applications involving large volumes of 
data [85–87]. Recurrent neural networks are specifically de‐
signed to recognize patterns in sequential data, maintaining 
a flow of information across network loops, which is essen‐
tial for processing text or speech where context and se‐
quence are critical. CNNs are predominantly used in image 
processing and tasks requiring the recognition of spatial hi‐
erarchies, such as facial recognition and autonomous driv‐
ing systems.

Graph neural networks are specialized for analyzing data 
formatted as graphs and examining the interdependencies 
between nodes, which is crucial for applications such as so‐
cial network analysis and chemical structure analysis. Fi‐
nally, transformers, utilizing self-attention mechanisms, ex‐
cel in tasks requiring an understanding of the sequence of 
input data, such as language translation and text summariza‐
tion. These models leverage large datasets to learn and are 
particularly effective in tasks where contextual relationships 
within the data are essential for generating accurate predic‐
tions or insights. Altogether, these diverse ML models fa‐
cilitate a wide range of applications, driving innovation and 
efficiency in fields ranging from healthcare to autonomous 
vehicle navigation.

3.4　Benefits and limitations

The potential of AI to transform the biomedical field is pro‐
found, providing benefits that could significantly improve 
healthcare and research. Nevertheless, AI also faces chal‐
lenges, including data requirements, potential biases, over‐
reliance risks, and ethical dilemmas surrounding privacy 
and consent. The implementation of AI in the biomedical 
sector must be approached with cautious consideration.

3.4.1　Benefits of AI in biomedical fields

AI is revolutionizing biomedicine, providing numerous ben‐
efits that improve the quality and accessibility of healthcare 
services [88]. The ability of AI to customize treatments 
based on individual genetic profiles significantly improves 
the management and efficacy of therapies. In drug discov‐
ery, AI accelerates the identification and development of 
new drugs, reducing both time and the associated costs [89]. 
Furthermore, AI extends the reach of quality healthcare to 
underserved regions, potentially reducing the incidence of 
medical errors. For instance, using mobile health (mHealth) 
to collect residents’ health data in relatively remote areas 
can enable local residents to receive timely health monitor‐
ing. The large amount of data collected can be analyzed 
with the assistance of AI to achieve rapid disease screening 
and provide effective strategies for promoting the develop‐
ment of local medical and health levels [90, 91]. By stream‐
lining operations, AI also alleviates the administrative 
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burdens and costs associated with healthcare delivery. Simi‐
larly, AI has significant potential in reducing healthcare 
costs. The use of AI to analyze patient hospitalization re‐
cords enables disease predictions for patients and the provi‐
sion of early intervention treatments, thereby reducing pos‐
sible future treatment costs [92]. For clinicians, AI serves as 
a powerful decision-support tool, augmenting their capacity 
to make informed decisions and thereby improving patient 
outcomes. By acquiring large amounts of real-time data 
from electronic health records (EHRs), AI can rapidly cre‐
ate patient-specific clinical prediction models, such as pre‐
dicting whether a patient with a blood disease will develop 
a multidrug-resistant infection during neutropenia, so that 
appropriate treatment options can be recommended in a 
timely manner [93]. The advanced image recognition capa‐
bilities of AI are critical in fields such as radiology and pa‐
thology, enabling the detailed analysis required for accurate 
diagnoses. In the analysis of children’s metacarpal bones, 
AI uses deep learning models to achieve efficient and accu‐
rate automated bone age evaluation in medical image analy‐
sis. Its accuracy is equivalent to that of expert radiologists, 
significantly reducing human errors and time costs [94]. To 
summarize, AI is comprehensively improving the effi‐
ciency, accuracy, and accessibility of the medical and 
health field through its excellent analytical capabilities, per‐
sonalized medical support, and a wide range of application 
scenarios, providing strong technical support for the devel‐
opment of global medical services.

3.4.2　Limitations of AI in biomedical fields

Despite its substantial benefits, the application of AI in bio‐
medicine comes with several challenges and limitations that 
must be carefully managed. The effectiveness of AI heavily 
depends on the quality and availability of training data, 
which must be comprehensive and free from biases to en‐
sure reliability. When the data used in training an AI system 
are inconsistent with the data or environment in which it ac‐
tually operates, it may result in incorrect predictions. For in‐
stance, different devices or individual differences between 
patients may cause errors in AI analysis. This problem can 
be significantly improved by increasing the quality and 
quantity of data used for training [95]. The inherent com‐
plexity of AI models, particularly those based on deep learn‐
ing, poses challenges in terms of explainability and trust, 
making it difficult for users to fully understand and trust the 
decision-making processes of AI. For instance, AI is used to 
determine whether a patient will benefit from an antidepres‐
sant drug. Nevertheless, the use of a large amount of clinical 
data (such as age, region, and genetic information) in the 
training process results in an exceedingly complex reason‐
ing model. The logic behind its decisions remains opaque, 
making it a so-called “black box” model. The possible 

misdiagnosis rate and the lack of transparency make it im‐
possible for clinicians to trust the conclusions drawn by the 
model [96]. The performance of AI can also vary across dif‐
ferent populations due to genetic, lifestyle, and environmen‐
tal differences, thereby emphasizing issues with generaliz‐
ability. Furthermore, integrating AI into healthcare raises 
significant regulatory and ethical concerns, including issues 
of responsibility, fairness, and the potential to exacerbate 
existing health disparities. When real patient data are used 
to train AI, there are problems with patient privacy and data 
leakage. How to ensure that the data are not used for other 
profit-making purposes has also become an urgent problem 
to be solved [97]. It is essential to address these challenges 
to maximize the positive impacts of AI in biomedicine and 
ensure equitable benefits across all sectors of society.

To summarize, although AI presents vast opportunities in 
biomedical fields, it is imperative to address the challenges 
related to data quality, model interpretability, and the ethi‐
cal and regulatory aspects of its deployment. Overcoming 
these hurdles is essential to unlock the complete potential of 
AI in this domain.

4　Current status of AI applications in 
bioprinting

4.1　AI applications in structure design and 
performance prediction

The anisotropic microstructures of natural tissues and or‐
gans play a vital role in the effective reconstruction of bio‐
logical functions [76]. This presents significant challenges 
for the artificial construction of tissue organs. To replicate 
the complex microstructures of natural tissues and organs in 
vitro, it is essential to consider the interrelationships among 
the design models, matrix materials, and forming processes. 
Moreover, potential manufacturing defects that may de‐
velop during the specific manufacturing process must be ac‐
counted for, making this a multiobjective analysis and opti‐
mization task. Considering the multidimensional and com‐
plex information involved in the manufacturing process of 
tissue organs, traditional mechanical design and finite ele‐
ment methods are often inadequate for predicting the design 
and manufacturing functions of natural tissues and organs. 
AI, particularly in the form of ML methods, provides trans‐
formative technical support for bioprinting.

4.1.1　AI-assisted model structure design

In model design, the macroscopic and microscopic struc‐
tural characteristics of tissues are crucial for replicating 
their physical properties. Currently, tissue structure charac‐
teristics can be effectively captured using technologies such 
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as computed tomography (CT) and magnetic resonance im‐
aging (MRI), followed by manual optimization of the 
structural design. With the development of bioprinting tech‐
nologies, the construction of tissues has shifted from fabri‐
cating structures that macroscopically resemble natural tis‐
sues to pursuing the replication of microscopic structures, 
thereby fabricating biomimetic structures. Natural tissues 
feature complex and diverse microstructures, and the form‐
ing process involves the use of multiple material structural 
gradients and a combination of various processes. Therefore, 
manual design of tissue organ models is often inadequate to 
meet the requirements of model design under conditions in‐
volving multiple variables, objectives, and multifield cou‐
pling. In this context, AI-assisted model design has emerged 
as a feasible solution for overcoming these challenges.

Preliminary investigations have been conducted by re‐
searchers in this field. For instance, Li et al. developed a 
stepwise algorithm-assisted bioprinting technology that uses 
an adaptive mesh generation algorithm combined with a me‐
chanical equilibrium mechanism to efficiently generate aniso‐
tropic mesh patterns with optimized topological structures 

within a designated space. These mesh patterns are then en‐
coded into effective printing paths using a greedy search al‐
gorithm. The effectiveness of this method was validated us‐
ing models of anisotropic femoral head units and femoral 
units featuring biomimetic osteon microstructures and bio‐
logical properties. This design method effectively addresses 
the structural deformations caused by the accumulation of 
multiple materials and also shortens the printing time 
(Fig. 3a) [98]. AI can also be used to predict the final per‐
formance of the design model. Barrera et al. utilized hierar‐
chical 2D images as input, with Young’s modulus, shear 
modulus, and porosity as outputs, to train a 3D CNN, ulti‐
mately achieving the prediction of the mechanical proper‐
ties of scaffolds [99].

4.1.2　AI-assisted bioink development

Material selection is a key factor determining the successful 
preparation and functionality of biological structures. In ad‐
ditive bioprinting, the selection of materials must consider 
both printability and fidelity postprinting, as well as 

Fig. 3  AI-assisted biological additive manufacturing enabled through two paths: (I) model design and functional prediction; (II) parameter opti‐
mization and closed-loop control. Created using BioRender.com. (a) AI-assisted structure design: AI generates anisotropic mesh patterns with 
optimized topology and encodes them into efficient print paths (reproduced from [98], Copyright 2022, with permission from Wiley-VCH 
GmbH). (b) AI-assisted bioink development: machine learning predicts the structure, rheological properties, and printability of granular bioinks 
(reproduced from [106], Copyright 2023, with permission from the authors, licensed under CC BY-NC-ND). (c) AI-assisted viability predic‐
tion: ensemble algorithms combining neural networks, ridge regression, K-nearest neighbors, and random forests (RF) predict cell survival under 
various bioprinting conditions (reproduced from [110], Copyright 2020, with permission from Springer Science Business Media, LLC, part of 
Springer Nature). (d) AI-assisted optimized parameters: an AI-assisted high-throughput printing condition screening system (AI-HTPCSS) opti‐
mizes parameters by recognizing subregions of hydrogel pattern images via machine learning (reproduced from [113], Copyright 2022, with permis‐
sion from Wiley-VCH GmbH). (e) AI-based closed-loop controller: anomalies in the printing process are monitored using a system based on layer-by-
layer images and machine learning algorithms (reprinted from [116], Copyright 2021, with permission from the American Chemical Society)
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biological requirements. Materials with high polymer content 
and viscosity typically exhibit good fidelity in terms of struc‐
tural similarity to the original design. Nevertheless, such 
materials may adversely impact the function of active tis‐
sues such as cells. In extrusion printing, the matrix materi‐
als used in cell printing must possess sufficient mechanical 
properties to ensure appropriate shaping while also being 
conducive to subsequent cell survival, migration, and bio‐
logical activity. This conflicting requirement requires com‐
prehensive consideration of the application functions, form‐
ing effects, and other aspects in the selection of materials 
for bioprinting, resulting in adjustments in material print‐
ability and printing conditions that often require extensive 
time and cost for experimentation.

In recent years, researchers have begun using ML meth‐
ods to address these issues through two primary ap‐
proaches. The first approach involves integrating AI tech‐
nology with bioink development, allowing researchers to 
simulate and predict the physical and chemical properties, 
bioactivity, and other characteristics of materials. For in‐
stance, AI methods such as artificial neural networks 
(ANNs), SVMs, and support vector regression can predict 
material properties under different pH, temperature, and 
other environmental conditions, thereby accelerating the 
design of materials with specific drug release require‐
ments [100, 101]. In the field of nanomedicine design, AI 
can utilize computer vision or natural language processing 
to rapidly mine existing data and predict new datasets 
through model training, thus enabling the predictive analy‐
sis of nanomedicine properties [102]. Techniques such as 
quantitative structure–activity relationship (QSAR), which 
combine nanotechnology and computational methods, can 
link the structures of chemical compounds to their biologi‐
cal properties, predicting both their activity and potential 
toxic effects [103]. By combining AI technologies such as 
deep learning and reinforcement learning with QSAR, re‐
searchers can perform ultralarge-scale docking molecule 
screening, rapidly selecting potential material components 
and synthesis conditions [104].

The second approach involves using AI to predict the 
printability of materials before preparing structures. With 
improvements in computational power, it is possible to pre‐
dict printing results with multiple material components and 
use these results as feedback to further optimize the mate‐
rial ratios. This iterative process ultimately yields optimized 
values concerning functionality and formability. In this re‐
gard, Ruberu et al. used ML based on Bayesian optimiza‐
tion to quantitatively evaluate the printability of materials, 
establishing a scoring system that includes fiber formation 
and layered stacking effects to assess the printability of 
GelMA and hyaluronic acid methacrylate (HAMA) bioinks. 
This method significantly reduces the number of experiments 
required [105]. Furthermore, Verheyen et al. developed an 

additive manufacturing ML model for the design and opti‐
mization of granular hydrogel matrix bioinks, which can 
predict the structural volume, rheological properties, and ex‐
trudability of granules, thus enabling the rapid design and 
manufacture of granule-based matrices with controllable 
structures and performance (Fig. 3b) [106]. Chen et al. used 
decision trees, random forests (RF), and deep learning to 
predict the printability of biomaterials, with accuracy, preci‐
sion, recall, and F1 score used as metrics to evaluate predic‐
tive capabilities. Their results demonstrated that all three 
methods could predict material printability, with random 
forests achieving the best accuracy, precision, and F1 score, 
whereas deep learning had the highest recall rate. Moreover, 
the ML model can predict the printable window of biomate‐
rials, providing guidance for material development [107]. 
Lee et al. used ML to examine the printability of collagen, 
hyaluronic acid, and fibrinogen composite inks. Their re‐
sults revealed that printable inks should possess a high stor‐
age modulus (Gʹ) and low yield stress (τy). Subsequently, 
multivariate regression analysis was used to derive various 
natural biomaterial ink formulations that provide high shape 
fidelity. Finally, this framework of high-shape-fidelity bio‐
material inks was used to fabricate a gelatinous 3D structure 
containing cells, confirming high cell survival and prolifera‐
tion within the 3D structure [108].

4.1.3　AI-assisted prediction of cell viability

Maintaining the activity and functionality of cells and or‐
ganoids is another critical consideration in bioprinting. Opti‐
mal process parameters for preserving cell activity typically 
depend on the size and shape of the specific cell type and its 
sensitivity to external mechanical forces. Nevertheless, cur‐
rent methods for evaluating cell viability often involve re‐
peated experiments, which are both time-consuming and ex‐
pensive [109]. To address this problem, researchers have in‐
vestigated AI technology to predict cell survival rates under 
specific process parameters, thereby reducing the need for 
extensive experimentation.

Mohammadrezaei et al. developed an ML model for pre‐
dicting cell viability based on various bioprinting variables. 
They further used a Bayesian optimization model combined 
with a regression neural network to optimize bioprinting pa‐
rameters, maximizing cell viability while minimizing trial-
and-error experiments [109]. Xu et al. used ML to develop 
a prediction model for cell viability by integrating neural 
networks, ridge regression, K-nearest neighbors, and RF. 
They investigated the performance of the model using three 
error metrics and used RF to determine the importance of 
each process parameter on cell viability. Their results indi‐
cated that the model could accurately predict cell viability 
and identify the critical process parameters in stereolithogra‐
phy (SLA) printing (Fig. 3c) [110].
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4.2　AI applications in the optimization of 
bioprinting quality

In bioprinting, the selection and optimization of process pa‐
rameters for printing structures and materials, as well as the 
real-time monitoring and feedback of these parameters dur‐
ing the printing process, are crucial for achieving accuracy 
and fidelity in the formed structures. These factors also im‐
pact the functionality of materials, growth factors, cells, and 
other components contained within the structures.

4.2.1　AI-assisted optimization of process parameters

Real-time monitoring and feedback optimization of pro‐
cess parameters are essential for ensuring the precision 
and fidelity of printed structures and the functionality of 
the incorporated active factors and cellular components. 
Currently, setting process parameters often depends on op‐
erators’ previous knowledge and laborious optimization 
experiments [111, 112]. Several bioinks require repeated ex‐
perimentation to optimize printing parameters such as 
nozzle movement speed, extrusion pressure, and printing 
distance, ensuring that the printed structures closely re‐
semble the original digital model [113]. Furthermore, with 
the rapid increase in the types of biomaterial inks, particu‐
larly multicomponent bioinks, the added components can al‐
ter the rheological properties, potentially resulting in nonlin‐
ear relationships between input and output parameters [114]. 
The increasing complexity of the scaffold structures further 
escalates the cost and effort required for exploring and 
optimizing the printing parameters through extensive 
experimentation.

As AI technology advances, utilizing AI to obtain opti‐
mized printing parameters and improve print quality is 
emerging as a viable technical solution. For instance, 
Nguyen et al. used a deep neural network system in selec‐
tive laser sintering processes to obtain the optimal laser 
power, scanning speed, powder layer thickness, and hatch 
distance, significantly enhancing the quality of printed struc‐
tures [112]. Furthermore, Fu et al. identified critical mate‐
rial and process parameters that affect the printability of ex‐
trusion printing and developed a preliminary ML model for 
optimizing these parameters. They considered rheological 
properties, nozzle gauge, nozzle temperature, path height, 
and the effects of ink composition on the printability of 
Pluronic F127, generating a process map through an SVM 
model to help select the best printing parameters, achieving 
high-quality prints with a probability >75% [115]. Chen 
et al. also proposed an AI-assisted high-throughput printing 
condition screening system (AI-HTPCSS), comprising a 
programmable pneumatic extrusion (bio)printer and an 
AI-assisted image analysis algorithm. This method divided 
the extruded hydrogel images into 94 subregions and used 

ML to identify and mark the pattern state of each subregion, 
thus enabling the high-throughput screening of printing con‐
ditions for uniform hydrogel structures. The optimized scaf‐
folds exhibited satisfactory mechanical and in vitro biologi‐
cal performance and accelerated in vivo diabetic wound 
healing (Fig. 3d) [113]. In addition, Sedigh et al. used a 
fuzzy model system for approximating and quantifying the 
accuracy and printability of common bioinks. The system 
approximated the line width under given printing speed, ex‐
trusion pressure, and media dilution percentage, identifying 
a set of printing parameters that could achieve the highest 
shaping accuracy. It also increased the shaping accuracy of 
Pluronic F127 by 68% and introduced a bioink precision in‐
dex, which can rapidly generate bioink shaping accuracy 
without considering the printing technology or environmen‐
tal parameters [114].

4.2.2　AI applications in the online regulation of 
bioprinting

Incorporating closed-loop control techniques into the bio‐
printing process is a critical strategy to improve the forming 
accuracy and ensure the repeatability of the prepared struc‐
tures. As bioprinting technology expands its applications in 
tissue and organ repair, drug screening, and disease re‐
search, the need to explore process parameters for new func‐
tional materials becomes increasingly important. Conven‐
tionally, this exploration requires laborious trial-and-error 
by professionals. Even when optimal process parameters 
are identified, variations between different material batches 
can result in inconsistent outcomes, making closed-loop 
feedback systems a promising solution. Integrating AI-
driven closed-loop controllers in additive manufacturing 
has become vital [111].

Current research attempts focus on the real-time evalua‐
tion of the material deposition morphology to adjust the 
printing parameters dynamically. For instance, Bonatti et al. 
proposed a deep learning-based robust control loop that op‐
timizes the printing parameters and monitors the printing 
process in real time. This system uses a high-resolution net‐
work camera to record the printing process, generating a 
comprehensive dataset of the extruded prints. This dataset 
is used to train a CNN architecture for classifying the 
forming quality. Combined with a mathematical model of 
the extrusion printing process, the system can monitor and 
automatically adjust specific parameters during continuous 
printing [18]. Jin et al. developed an anomaly detection sys‐
tem for the bioprinting process using image-based ML algo‐
rithms to classify issues such as discontinuity, nonunifor‐
mity, and irregularity in transparent hydrogel prints. By ap‐
plying CNN methods and advanced image processing tech‐
niques to small block images, the system achieved high ac‐
curacy in detecting anomalies, thereby predicting various 
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anomalies and simultaneously accurately identifying the cat‐
egory and location of the defects within the image blocks 
(Fig. 3e) [116].

For fine fiber or droplet-forming processes, monitoring 
the ink shape as it exits the nozzle is another method of 
evaluating the effectiveness of printing. Sun et al. used digi‐
tal microscopic imaging technology to monitor the Taylor 
cone in the EHD printing process. They used image process‐
ing algorithms to extract relevant features and recognition 
algorithms for evaluating the suitability of the Taylor cone 
for manufacturing the electrohydrodynamically printed scaf‐
fold. A CNN recognition model was established and imple‐
mented for the morphological classification of the Taylor 
cone, achieving an accuracy >90% [117]. Huang  et al. pro‐
posed an unsupervised learning approach using a deep re‐
current neural network (DRNN) to examine droplet flow 
patterns in inkjet printing. Their experimental results dem‐
onstrated that this method could learn the hidden represen‐
tations of the droplet ejection process video data and infer 
the key parameters of droplet formation. This approach is 
particularly useful to understand the process dynamics and 
achieve real-time in situ monitoring and control of droplet 
deposition quality [118].

In conclusion, bioprinting is rapidly emerging as a tech‐
nology with vast application prospects in the biomedical 
field, finding applications in surgical models, permanent im‐
plants, tissue engineering scaffolds, and biostructured prepa‐
rations. The various bioprinting methods address structural 
preparation requirements across scales from nanoscale to 
millimeter, utilizing materials that range from traditional 3D 
printing thermoplastics and metals to biologically active 
bioinks designed for functional tissue and organ repair. Inte‐
grating AI into bioprinting is an emerging field that pro‐
vides substantial benefits. The combination of AI with bio‐
printing not only provides critical data support for bioink 
component design, topological structure optimization, pro‐
cess parameter optimization, and improved cell survival 
rates, thereby reducing both the number of trial-and-error 
experiments and the material, labor, and time costs, but also 
significantly improves forming accuracy. During bioprint‐
ing, AI technology provides essential process monitoring 
and feedback, enabling timely identification of anomalies 
and automatic optimization of process parameters (Table 1). 
The incorporation of AI improves the efficiency and quality 
of bioprinting, thereby enabling additive biotechnology to 
more effectively fulfill the demands of practical applications.

5　Role of AI in advancing bioprinting to 
the next phase

As discussed in the previous section, some research attempts 
have already combined AI with bioprinting technology to 

address the coupling relationships between design models, 
matrix materials, and forming processes. These advance‐
ments have enabled the improvement of printing capabili‐
ties through multiobjective analysis, optimization, perfor‐
mance prediction, and online intelligent control of manufac‐
turing processes. Nevertheless, natural tissues and organs 
possess complex multiscale structures and intricate func‐
tions, such as vascular networks, anisotropic mechanical 
properties, and the highly organized orchestration of cells 
and the extracellular matrix (ECM) [119, 120]. Therefore, 
in the construction of artificial tissues and organs, it is im‐
perative to replicate tissue-specific physicochemical cues 
and cross-scale vascular networks to effectively approxi‐
mate the biological functions of natural tissues and organs. 
This results in more complex and challenging problems.

Furthermore, the integration of multi-degree-of-freedom 
robotic arms for direct in situ printing aimed at repairing tis‐
sue defects is demonstrating significant potential. However, 
this development also presents researchers with increas‐
ingly complex tasks related to system modeling, analysis, 
and evaluation. The in situ printing process involves intri‐
cate material–tissue interfaces and microenvironment con‐
trol, which urgently require novel technological interven‐
tions to explore these uncharted domains.

The capability of AI to process vast amounts of data and 
learn from complex patterns provides more efficient and ac‐
curate methods for model design, material development, pa‐
rameter prediction, and process control in bioprinting. This 
capability is vital for overcoming the abovementioned chal‐
lenges, thereby advancing the bioprinting technology re‐
quired to fabricate artificial tissues and organs that closely 
resemble their natural counterparts in both shape and func‐
tion. Such advancements are essential for promoting further 
developments in tissue engineering and regenerative medicine.

5.1　AI-assisted construction of cross-scale 
vascularized structure

Achieving vascularization is critical in the construction of 
artificial tissues and organs because vascular networks 
play a fundamental role in nutrient exchange, selective 
substance passage, and the formation of pathological mi‐
croenvironments [121, 122]. Current methods for con‐
structing vascular channels in vitro include coaxial extru‐
sion printing [75, 123], vat polymerization [124], and hy‐
brid additive/subtractive manufacturing [125–127]. Although 
bioprinting has demonstrated promise in creating complex 
vascular networks, challenges remain in the controlled con‐
struction of cross-scale hierarchical vascular networks, par‐
ticularly those involving capillaries. A promising approach 
involves integrating both bottom-up and top-down printing 
strategies, incorporating principles from developmental biol‐
ogy into the model design, and achieving capillary network 
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formation through guided angiogenesis rather than solely 
depending on manufacturing techniques. This strategy 
could enable the creation of vascularized structures as de‐
scribed earlier.

Nonetheless, integrating these two processes remains a 
challenge. Although bottom-up cell self-assembly can form 
capillary networks, it is hindered by prolonged formation 
times and the typically disorganized structure of the result‐
ing vessels. Moreover, the capillary density and tissue pat‐
terns vary across different tissues, necessitating careful con‐
sideration of spatial distribution characteristics when con‐
structing the capillary networks. Ensuring stable morphol‐
ogy and density in vascular networks is essential for obtain‐
ing consistent results in drug screening. Incorporating key 
regulatory information for capillary generation into the 
design and fabrication of macrostructures may address these 

issues, guiding capillaries to form as required. AI technolo‐
gies can play a vital role in predicting and analyzing these 
aspects, selecting optimal strategies for preparing vascular‐
ized bioconstructions, and evaluating the function of vascu‐
lar networks for further optimization (Fig. 4).

In the top-down approach, AI can assist in establishing 
structural models for preparing meso-sized channel net‐
works. For instance, Wang et al. used a decision-tree-based 
method to extract key parameters—such as total vascular 
volume, average vessel diameter, total vessel length, and av‐
erage vessel curvature—from patient data on hepatic veins, 
portal veins, the aorta, and inferior vena cava to construct 
geometric models of vascular networks. Clinical tests dem‐
onstrated good repeatability of this method, with intragroup 
correlation coefficients ranging from 0.81 to 1.00 [128]. 
Similarly, Takahashi et al. used ML to classify the images 

Table 1  Current status of AI used in bioprinting
Algorithm and model
Stepwise

3D CNN

Bayesian optimization

Random forest and gradient 
boosting

Decision trees, random forests, 
and deep learning

ML and multiple regression

Neural network-based 
Bayesian optimization model

Ensemble learning algorithm

Deep neural networks

Support vector machine

ML-assisted image analysis

Fuzzy model system

Deep learning

Image-based machine learning

CNN
DRNN

Application
Model design

Model design

Bioink development

Bioink development

Bioink development

Bioink development

Cell viability prediction

Cell viability prediction

Parameter optimization

Parameter optimization

Parameter optimization

Parameter optimization

Closed-loop controller

Closed-loop controller

Closed-loop controller
Closed-loop controller

Function
Generating anisotropic mesh patterns with optimized topological 
structures

Predicting Young’s modulus, shear modulus, and porosity from 
input layered 2D images of the porous structure

Evaluating the printability of bioinks according to filament morphol‐
ogy and architecture in extrusion printing and providing the best 
parameters

Rapid design of granule-based matrices with controllable structures 
and performance

Outputting shape fidelity based on different input ink formulations; 
predicting the printability window to guide ink formulations

Determining relationships between rheological properties and print‐
ability and predicting the printability of different ink compositions

Analyzing different parameters’ impact on cell viability; predicting 
optimal bioprinting parameters without experiments

Predicting cell viability under various ultraviolet intensities, exposure 
times, concentrations, and layer thicknesses in SLA

Obtaining the optimal laser power, scanning speed, powder layer 
thickness, and hatch distance

Selecting the best printing parameters based on rheological properties, 
nozzle gauge, nozzle temperature, path height, and ink composition

High-throughput screening of printing conditions for uniform hydro‐
gel structures

Approximated line width under given printing speed, extrusion pres‐
sure, and media dilution percentage

Monitoring and automatically adjusting specific parameters during 
continuous printing

Predicting various anomalies and identifying the category and location 
of the defects

Morphological classification of the Taylor cone
Examining droplet flow patterns in inkjet printing and inferring key 
parameters of droplet formation

Reference
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of organs. By combining topological data analysis with non‐
homogeneous Poisson process (NHPP) methods, they ex‐
tracted high-resolution 3D geometric features of whole-
organ vascular networks in mice [129].

At the bottom-up level, AI can also play an active role in 
generating capillary networks between printed channels in a 
controlled manner. Current research indicates that vascular 
endothelial growth factor (VEGF) significantly influences 
endothelial cell behavior. Endothelial cell filopodia prefer‐
entially extend toward increasing VEGF gradients, forming 
vascular sprouts, whereas negative gradients lead to sheet-
like migration resembling vascular dilation [130]. Hence, 
guiding directional vascular growth through the spatiotem‐
poral distribution of VEGF is a crucial method for con‐
structing controlled capillary networks [131]. Although 
there has been no report that AI regulates VEGF distribu‐
tion to control angiogenesis, it has been applied in the de‐
sign of drug delivery systems in the biomedical field. For 
instance, Nemati et al. used inputs such as drug loading, 
pore-forming agent type, and concentration to predict the 
dexamethasone release curve from porous carriers [132]. 
Xu et al. synthesized 126 hydrogels with various composi‐
tional ratios using high-throughput robotics, characterized 
their swelling, mechanical properties, degradation rates, 
transparency, and protein release profiles, and used dy‐
namic regression models and partial least squares regression 
to predict hydrogel compositions with specific protein re‐
lease profiles [133].

The oxygen concentration gradient also plays a role in di‐
recting capillary growth, because hypoxic conditions reduce 
endothelial cell contact, promoting cell migration and vascu‐
lar sprouting. Tronolone et al. developed regression models 
of vascular network morphology and oxygen delivery func‐
tion using ML. They evaluated oxygen delivery capability 
within vascular networks in microfluidic chips using six 
metrics—vascular coverage, length, number of branches, 
number of segments, average segment length, and average 
segment diameter—as regression inputs. Their study found 
that vascular coverage showed the highest correlation with 
oxygen delivery capability, and combining other metrics im‐
proved prediction accuracy. Among regression models, ran‐
dom forests demonstrated the highest accuracy in predicting 
oxygen delivery capability [134].

The mechanical properties of the ECM are crucial factors 
that affect and regulate cell migration and vascular sprout‐
ing [135]. Recent advancements in bioadditive manufactur‐
ing technology, such as adjusting crosslinking density [136] 
and using multimaterial composite printing [137, 138], have 
enabled the preliminary development of gradient mechani‐
cal structures. AI technology provides a more efficient so‐
lution for selecting external matrix materials and structural 
preparation. AI can optimize printing model designs to 
achieve the spatial distribution of material gradients, facili‐
tating the development of controlled microvascular net‐
works at specific locations. AI can also determine the print‐
able range of materials, optimizing material design through 

Fig. 4  AI-enabled vascularized structure preparation. (a) Design of vessel network morphology and spatiotemporal distribution of signals to 
guide vascularization based on AI technology. Created with BioRender.com. (b) Design of cross-scale vascular network construction strategies. 
Created with BioRender.com. (c) Prediction of oxygen delivery performance in vascular networks based on neural network algorithms (repro‐
duced from [142], Copyright 2023, with permission from the authors, licensed under CC BY). VNQI: vascular network quality index
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methods such as Bayesian analysis, decision trees, and ran‐
dom forests. AI can also be used in the optimized design of 
printing systems. For instance, AI can optimize system de‐
sign in multimaterial composite extrusion printing by reduc‐
ing the need for experimental tests and addressing issues 
such as rapid material switching, feed rate control, and com‐
patibility with different rheological properties and channel 
resistances.

Shear stress within blood vessels promotes the formation 
of endothelial cell adhesion plaques and improves cell mi‐
gration along the flow direction [139], thereby accelerating 
capillary channel growth and extensive vascular network 
formation [131]. Currently, computational fluid dynamics 
(CFD) software can simulate fluid shear stress throughout 
the designed vascular networks using the Navier–Stokes 
equations. Nevertheless, fluid calculations in complex chan‐
nel networks are challenging and time-consuming, limiting 
further biomedical applications. AI provides a promising so‐
lution to this problem. Kochkov et al. developed a numeri‐
cal solver using end-to-end deep learning methods. By re‐
placing lost variables affected by lower resolution with dis‐
crete equation-based pointwise accurate solutions on un‐
solved grids, they achieved comparable accuracy with 
coarser grid simulations, achieving a 40- to 80-fold increase 
in computational speed [140]. Liang et al. trained deep neu‐
ral networks using CFD-simulated hemodynamic data to es‐
timate intravascular pressure and flow velocity, achieving 
hemodynamic distribution predictions within 1 s with an av‐
erage error <2% [141].

In addition, AI technologies provide robust support for 
accurately and rapidly evaluating vascularization quality 
and functionality, optimizing vascular network design, and 
improving the controllability and reproducibility of vascu‐
larized tissue and organ constructs. These advancements are 
essential for clinical translation and high-throughput in vitro 
drug testing and pathological studies. AI-driven approaches 
have already been applied to optimize vascular system mod‐
els within the body. For instance, Tronolone et al. devel‐
oped a neural network chain algorithm trained with indica‐
tors from vascularized microphysiological systems, effec‐
tively predicting the effects of matrix characteristics, cell 
density, types, and growth factors on vascular network oxy‐
gen transport, aiding in vascular network design and optimi‐
zation within tissues (Fig. 4c) [142]. Furthermore, Lee et al. 
used an improved graph convolutional network (GCN) to 
analyze vasculature morphologies in microfluidic chips, de‐
scribing vascular network structures through mesoskeleton 
extraction and segmenting skeletons into components using 
GCNs. This method accurately quantified the changes in 
vascular morphology [143].

Integrating top-down and bottom-up strategies provides 
feasible technological solutions for constructing hierarchical, 
multiscale vascular networks. However, linking vascular 

networks from top-down construction with those from 
bottom-up development to achieve controllable morphol‐
ogy and density remains a challenge. AI can predict condi‐
tions for vascular network formation, model design, top-
down process selection, and printing path planning, simul‐
taneously providing suitable component gradients for 
bottom-up methods, promoting the development of con‐
trolled capillary networks. Moreover, AI can evaluate the 
functionality of formed vascular networks, refine model de‐
signs, and adjust printing strategies. Overall, AI technology 
promises to improve the controllability and reproducibility 
of biomimetic vascularized tissues and organ constructs, en‐
abling the advancement of tissue constructs with cross-scale 
vessel networks in clinical applications and in vitro high-
throughput drug testing and pathological research.

5.2　AI applications in constructing 
physicochemical cues

Natural tissue organs, such as the heart, muscles, and blood 
vessels, possess unique anisotropic structures and complex 
internal components [144]. These physicochemical ele‐
ments guide cells in forming orderly geometric structures 
in vivo and interact with the surrounding matrix to perform 
specific tissue functions, making the construction of such 
cues critical in fabricating in vitro organ models [145]. 
Currently, bioprinting involves the construction of both 
static [145–147] and dynamic cues [148, 149], including 
tissue-specific microstructures and biochemical components 
(Fig. 5a).

The biochemical cues within structures fabricated 
through bioprinting play a vital role in the growth and matu‐
ration of tissues. Freeman et al. demonstrated that creating 
gradients of bone morphogenetic protein-2 (BMP-2) and 
VEGF, both inside and outside structures, significantly im‐
proves angiogenesis and new bone formation. The timing 
and gradient of growth factor release can critically influ‐
ence tissue growth, with inappropriate release rates and con‐
centrations potentially weakening or negating their stimula‐
tory effects [150]. Kilian et al. proposed a method for con‐
structing osteochondral substitutes using coaxial printing, 
enabling the localized delivery of multiple factors and cells. 
By designing the core–shell layer’s loaded factors and cell 
types, this method addresses the distinct growth require‐
ments of cartilage and bone, with the release rate of factors 
controlled by the Laponite concentration in the core layer 
material. Their experimental results demonstrated that this 
method could induce directional differentiation of cells in 
different regions simultaneously while minimizing the im‐
pact of factors on cells in other areas [151]. These findings 
emphasize the importance of biochemical cue gradients and 
their spatial distribution in influencing cellular and tissue 
behavior.
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Bioprinting provides an excellent platform for the pre‐
cise, controllable, and reproducible arrangement of 
biochemical cues within complex tissue structures. Never‐
theless, embedded drugs and factors can face challenges 
such as rapid clearance, degradation, and inappropriate re‐
lease rates, which can undermine their effectiveness [152]. 
Using delivery carriers such as exosomes, liposomes, and 
polymers can effectively address these issues. AI can ana‐
lyze the compatibility of different carriers with their pay‐
loads, predict release rates, and synchronize them with cell 
proliferation and migration behaviors, thereby achieving con‐
trolled tissue growth. Furthermore, the material properties 

and structural characteristics directly affect the diffusion of 
embedded components [153, 154]. AI can predict the diffu‐
sion performance of components in specific materials and 
structures, allowing for the incorporation of specific diffu‐
sion pathways in model designs to create gradient distribu‐
tions. AI research on the dynamic behavior of biochemical 
cue carriers under various material component ratios and 
active–passive conditions is crucial. The complexity of 
multi-physical fields and fluid–solid interactions increases 
the difficulty of analyzing and predicting the dynamic be‐
haviors of biochemical cue carriers, exponentially increas‐
ing the variables and coupled mechanisms involved. Using 

Fig. 5  Possible applications of AI in constructing physicochemical cues in artificial tissues and organs. (a) Physicochemical cues designed to 
guide cell behaviors (reproduced from [145] (Copyright 2018, with permission from Elsevier Ltd.) and [149] (Copyright 2019, with permission 
from WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim)). (b) AI-based design methods for modeling structures with macrostructure and mi‐
crostructure features (reproduced from [155], Copyright 2021, with permission from Zhejiang University Press). (c) AI-assisted parameter pre‐
diction and error compensation. Created with BioRender.com. (d) AI evaluation of the impact of substrate size and porous microstructure on cell 
behavior (reproduced from [158], Copyright 2019, with permission from the authors, licensed under CC BY 4.0)
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AI for design optimization can significantly reduce the re‐
quired testing time and costs, thereby improving the effi‐
ciency of developing functional tissue-engineered constructs.

Microstructural cues within biological organisms signifi‐
cantly influence the behavior of cells and tissues. Current 
fabrication technologies, such as multiphoton fabrication 
and EHD printing, provide micron- and submicron-level 
precision but struggle to efficiently produce the centimeter-
scale 3D structures required for clinical applications. Al‐
though extrusion printing can create larger structures, its pre‐
cision is typically >100 μm, which is inadequate for some in‐
ternal microstructures. An effective solution is integrating 
multiple fabrication techniques to achieve controllable cross-
scale structure assembly. However, manufacturing-induced 
structural size errors can affect the efficacy of physicochemi‐
cal cues or even eliminate their benefits. For instance, in 
fused deposition modeling (FDM) and electrospinning, 
nozzle temperature, movement speed, and platform dis‐
tance critically affect the interfacial structures. Inappropri‐
ate parameters can weaken interfacial bonding or erase 
fiber microstructures. Combining photolithography and 
EHD writing requires optimizing the structure to reduce 
light attenuation due to the opacity of electrohydrodynami‐
cally written structures. These issues reveal that integrat‐
ing multi-fabrication techniques introduces numerous vari‐
ables from multi-physical fields and fluid–solid coupling 
effects, thereby increasing the complexity. AI can opti‐
mize structural designs and process parameters tailored to 
composite fabrication structures, reducing test time and 
costs, as well as providing real-time correction of print er‐
rors, thereby achieving superior manufacturing precision 
and quality (Fig. 5c).

AI can significantly augment the understanding and opti‐
mization of physicochemical cues through spatial and tem‐
poral distribution and dynamic change analysis. This en‐
ables better design optimization and real-time monitoring 
and adjustment during the manufacturing process of artifi‐
cial tissue organs. For instance, in the formation of biostruc‐
tures, the surface and 3D morphology of matrix materials, 
as well as the geometry and size of pores, influence cellular 
behavior through contact guidance, cytoskeletal reorganiza‐
tion, and mechanotransduction. These complex physical 
cues present challenges in the model design using tradi‐
tional computer-aided design (CAD) methods. To address 
these challenges, some researchers have integrated AI with 
CAD design methods. For instance, Wang et al. proposed 
using parametric design derived from CAD for the macro-
design of models when using evolutionary algorithms for 
modeling local models and microstructures. This approach 
not only reduces the design costs but also minimizes the 
high computational demands solely on AI (Fig. 5b) [155].

AI can also be used to detect the effects of physicochemi‐
cal cues on cellular behavior. Beyond functional predictions, 

AI can also monitor the induction effects of biochemical 
cues on cells in real time. For instance, Choi et al. devel‐
oped a deep learning-based cell nucleus segmentation and 
image skeletonization algorithm that uses 16 metrics, in‐
cluding the length, number, and distribution of nuclei, to 
quantitatively evaluate angiogenesis responses under 
growth factor gradients [156]. Coupled with active physi‐
cochemical cues, this system can adjust tissue growth states 
online, providing a solid foundation for cultivating organ-
on-chips with physiological and pathological characteris‐
tics or for creating tissue repair constructs and substitutes. 
Park et al. used a deep learning-based method to analyze 
the migration speed, travel distance, and orientation of 
L929 and HT22 cells on periodically nano-wrinkled sur‐
faces by detecting and classifying cell boundaries, elonga‐
tion rates, and directions. This approach helps determine the 
impact of the wrinkle geometric characteristics on cellular 
behavior [157]. Tourlomousis et al. investigated the effects 
of melt electrospinning writing fibers on cell morphology 
and focal adhesions using ML. In their study, fibroblasts 
served as model cells, and they used confocal fluorescence 
microscopy combined with automated single-cell bioimag‐
ing data analysis to quantify cells and their adhesions for 
model training. This technology revealed that substrate size 
and porous microstructures significantly influence the cell 
morphology, producing more uniform cell shapes than those 
produced using nonwoven fiber substrates (Fig. 5d) [158]. 
This method helps optimize the structure and spatial distri‐
bution of physicochemical cues during the model design 
phase.

The effectiveness of physicochemical cues is closely re‐
lated to their topological structure, scale, concentration, 
and gradient. Integrating the design of these cues into bio‐
printing and constructing biological structures with mac‐
roscale and microscale features through multi-technique 
composite additive manufacturing significantly expand the 
capabilities of bioprinting, especially in the fabrication of 
complex tissues and organs. Nevertheless, incorporating 
various physicochemical cues, dynamically coordinating 
multi-cue interactions, and managing the complexity of 
multi-technique composites drastically increase the num‐
ber of variables requiring analysis and optimization. These 
multifactorial coupling problems present significant chal‐
lenges to traditional, manually driven experimental meth‐
ods. AI technology provides solutions by improving fabri‐
cation precision, optimizing interface bonding, and im‐
proving the rational design and spatiotemporal distribution 
of physicochemical cues. Through real-time efficacy feed‐
back monitoring, AI can achieve closed-loop iteration of 
the manufacturing process and products, thereby increas‐
ing the reliability and reproducibility of physicochemical 
cues, simultaneously constructing complex tissues and 
organs and in vitro models.
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5.3　AI-enabled in situ bioprinting

In tissue repair, additive bioprinting is playing an increas‐
ingly vital role, particularly in in situ molding repair, which 
is gaining attention due to several advantages as follows: 
(1) better conformity to the complex contours of defective 
tissue surfaces, (2) improved alignment with the edges of 
damaged organs, (3) elimination of the need for an implan‐
tation process, thereby avoiding issues such as swelling and 
shrinkage during ex vivo preparation, and (4) reduced me‐
chanical performance requirements for implants during 
ex vivo preparation [159, 160]. Unlike conventional bio‐
printing platforms, the forming platform in in situ bioprint‐
ing is the damaged tissue or organ itself, which features un‐
even contours and a complex, dynamic environment. This 
requires careful consideration of model design, material se‐
lection, process parameter optimization, and process super‐
vision to ensure controlled and reliable formation that ful‐
fills the intended functions. These demands require large-
scale, high-speed data processing. Moreover, unlike conven‐
tional 3D printing, in situ printing involves the direct depo‐
sition of materials on the surface or inside tissues. If a print 
fails, the deposited structure must be corrected or removed 
rather than simply discarded, resulting in a lower tolerance 
for errors than standard bioprinting. Consequently, in situ 
molding places higher demands on process reliability, ren‐
dering the integration of AI a promising solution for over‐
coming these challenges. Current research in this field pri‐
marily focuses on injury site identification, geometric data 
acquisition, model construction, and in-process parameter 
compensation.

A crucial early step in in situ bioprinting for disease treat‐
ment is identifying the wound site. Traditional manual 
methods for image processing require significant labor and 
expertise, which is time-consuming and susceptible to er‐
rors. AI technology can extract extensive information from 
images, identifying subtle features that the human eye 
might miss. This improves disease recognition, thereby in‐
creasing accuracy and simultaneously reducing time and 
costs [161, 162]. For instance, Wang et al. proposed a 
wound area measurement method based on the Mo‐
bileNetsV2 neural network. By training the model with 
1109 images of foot wounds from 889 patients, they 
achieved quantitative measurement of the wound area. 
Their results demonstrated precision, recall, and Dice scores 
of 91.01%, 89.97%, and 90.47%, respectively, exceeding 
those obtained from the commonly used FCN-VGG-16 ar‐
chitecture for wound image measurement [163]. Curti et al. 
trained a regression model using a dataset of 612 wound im‐
ages for wound segmentation and extraction of quantitative 
information, such as the color and morphology of the 
wound and surrounding areas (photographic wound assess‐
ment tool (PWAT)). The PWAT predictions demonstrated a 

strong correlation with clinical PWAT values [164]. Chen 
et al. developed a portable robotic device that integrates AI 
with near-infrared and ultrasound imaging technologies to 
acquire vascular images. These images serve as a training 
set for a deep convolutional network, enabling the identifi‐
cation of vascular positions within surrounding tissues and 
dynamically tracking and compensating for position 
changes caused by pulsation. Their test results confirmed 
that the system could accurately guide needles and cath‐
eters into submillimeter-sized blood vessels (Fig. 6a) [165].

In in situ bioprinting, after identifying the tissue to be re‐
paired, the process typically involves 3D reconstruction, re‐
pair, and optimization to convert the data into 3D model 
files commonly used in bioadditive technology. For instance, 
Albanna et al. used a 3D laser scanner to capture wound data 
using markers placed around the wound as reference points, 
generated wound models using Geomagic Studio, and cre‐
ated the printing path using Artcam [166]. Similarly, Zhao 
et al. used a structured light scanner to obtain point cloud 
data of wounds, processed the data using Geomagic Studio, 
and used Boolean operations to generate models of skin de‐
fects [167]. For internal tissue defect repair, micro-CT was 
used to reconstruct the 3D geometry of liver defects, provid‐
ing path data for subsequent in situ printing via minimally 
invasive surgical instruments [168]. In such applications, AI 
technology can efficiently and accurately model defect ar‐
eas. For instance, Fuessinger et al. developed a statistical 
shape model (SSM) using the CT scans of 131 healthy 
skulls. By matching the SSM to defect areas, they recon‐
structed unilateral or bilateral skull defect models, reducing 
errors by 60% compared with those by traditional mirror-
based manual reconstruction by surgeons [169]. Moreover, 
a fully automated 3D skull defect reconstruction method 
based on a cascaded CNN architecture was developed, 
achieving an average surface error of 0.59 mm and seam‐
less integration with surrounding tissues without manual 
cleanup [170]. Some commercial software, such as Mimics, 
has already integrated AI algorithms to automatically recog‐
nize organ contours and internal structures from images, 
generating high-precision 3D models [161].

Unlike conventional bioprinting, the materials used in in 
situ bioprinting must consider the wound environment dur‐
ing formation. These materials should rapidly form within 
the body’s environment, which involves considerations of 
body temperature, moisture, and dynamic conditions, dis‐
tinct from traditional processes. The preparation must be 
rapid and simple to minimize treatment time and risk. In 
addition, material selection must ensure that components, 
preparation processes, solvents, and crosslinking agents 
do not harm normal tissues, narrowing the range of appli‐
cable materials and forming windows, thereby posing a 
significant challenge. AI technology can predict the form‐
ing windows and biocompatibility of different material 
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Fig. 6  Application of AI in in situ bioprinting for tissue repair. (a) Combining AI with near-infrared (NIR) and ultrasound (US) imaging technol‐
ogies to identify the position of blood vessels from surrounding tissues and dynamically track and compensate for positional changes caused by 
pulsation (reproduced from [165], Copyright 2020, with permission from the authors, under exclusive licence to Springer Nature Limited). 
(b) AI-based in situ wound-repairing robot (reproduced from [175], Copyright 2024, with permission from Wiley-VCH GmbH)

50



Bio-Design and Manufacturing (2026) 9:32–62

compositions, facilitating material selection for in situ bio‐
printing. Moreover, improving in situ forming effects 
through material structure design is another effective ap‐
proach. For instance, Xie et al. developed a bioconcrete hy‐
drogel consisting of cell-laden microgels prepared by elec‐
trospray and a GelMA gel precursor solution. The former 
possesses rheological properties similar to those of Bing‐
ham fluids and is suitable for complex environments, 
whereas the latter ensures ink flowability and printability. 
This bioconcrete resolves the contradiction between me‐
chanical performance and cellular biocompatibility in 
printed structures [171]. Upon photocrosslinking, strong in‐
terfacial bonding forms between the hydrogel and tissue. AI 
can pre-evaluate material printability, accelerate microunit 
structure design in the ink, and optimize printing processes 
and platform design. Sarmadi et al. constructed a model for 
microparticle extrudability, including parameters such as 
particle shape, size, concentration, initial distribution, 
nozzle diameter, and solution viscosity. A trained neural 
network predicted the performance of particle extrusion, im‐
proving the extrusion performance by six times [172].

Compared with the fixed-distance receiving platforms 
used in traditional bioprinting methods, in situ bioprinting 
prints components directly on the surface of tissues and or‐
gans. This direct approach results in positional deviations 
between the dynamic, deforming surface of tissues/organs 
and the preset forming surface, significantly affecting the 
quality of the formed structures and potentially causing 
complete failure. This issue can be addressed by implement‐
ing dynamic compensation to correct positional changes on 
the forming surface. Currently, some researchers have inte‐
grated dynamic compensation into in situ additive systems. 
For instance, Zhao et al. used a binocular camera to track 
wound positions. This method uses a color filter to identify 
the color of the wound, ultimately determining its contour 
and centroid coordinates. The binocular camera captures 
two simultaneous frames to obtain the spatial position of 
the wound, achieving a positioning error <0.8 mm. By in‐
corporating the detected wound position changes into the 
preset path, this approach enables extrusion printing on 
moving surfaces [167]. Zhu et al. used a computer vision-
based target tracking method, which tracks the position of 
the reference markers on the target surface using a camera 
to estimate the postural information of the target. Combined 
with point cloud data obtained from a structured light scan‐
ner, this information is fed back to the motion controller for 
compensation, allowing for extrusion printing on moving 
surfaces with a tracking error <1.5 mm. Nevertheless, the 
tracking effectiveness is related to the movement speed of 
the target, with higher speeds reducing the tracking stabil‐
ity that affects the forming outcome [173]. In addition, 
because human soft tissues are not rigid bodies, it is im‐
portant to consider the complexities of expansion and 

contraction. Zhu et al. addressed this problem by optimiz‐
ing parameters for the prior speed range of the target using 
AI technology, providing reliable and accurate tracking so‐
lutions for complex deforming surfaces and improving tar‐
get tracking and forming outcomes. This method adopted a 
two-stage approach to track deformed lung surfaces, com‐
bining offline and online stages. Initially, they used a struc‐
tured light scanner to collect multiple lung point clouds for 
training sets offline and applied ML to derive a linear 
shape model of the deforming surface. During online track‐
ing, they used a stereo camera system to track reference 
markers on the target surface, deriving a deforming sur‐
face model from these marker positions, which generates 
real-time printing paths with temporal characteristics [174]. 
Furthermore, Jeong et al. proposed an INTIGHT computer 
recognition system, integrated with a six-degree-of-
freedom robotic arm, which can recognize wounds from 
various angles and accurately allocate bioinks to multiple 
wounds in different positions using a method that also facili‐
tates the rapid switching and printing of different bioinks 
across large wound areas, using an extrusion and inkjet mul‐
tinozzle system (Fig. 6b) [175].

Currently, the application of AI in in situ molding is still 
in its infancy. Further integration of AI technology into in 
situ molding techniques is required to advance this technol‐
ogy toward clinical application. This integration is crucial 
for improving the precision and adaptability of in situ bio‐
printing methods, potentially transforming the manner 
through which surgical interventions and tissue repairs are 
conducted in medical settings.

The intricate heterogeneity of natural tissues, character‐
ized by their complex physicochemical cues and hierarchi‐
cal, multiscale vascular systems, presents significant chal‐
lenges in constructing tissue repair structures or drug screen‐
ing platforms through in vitro bioprinting techniques. The 
advancement of AI technologies provides promising solu‐
tions to these challenges (Fig. 7). AI-assisted model design 
and material selection optimization, coupled with the predic‐
tion of printability, enable precise control over the distribu‐
tion and density of physicochemical cues to induce cell 
growth, differentiation, and migration. This approach inte‐
grates appropriate material and structural gradients within 
the design to facilitate the directional release of compo‐
nents, resulting in highly controlled and reproducible tissue 
growth. By rationalizing the integration of both bottom-up 
and top-down manufacturing strategies and effectively re‐
placing certain experimental processes, exploring and opti‐
mizing parameters for composite-forming techniques, 
AI-enabled bioprinting will ultimately achieve the efficient 
fabrication of artificial tissues and organs with both mac‐
roscale and microscale characteristics.

Moreover, in situ printing has emerged as a promising re‐
search direction in tissue repair, providing advantages in 
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conformity and adaptability. The precise fabrication of re‐
pair structures directly on wound surfaces remains a critical 
issue. Currently, AI has shown preliminary applications in 
wound recognition, modeling, and dynamic surface compen‐
sation during printing, thus improving both precision and ro‐
bustness and simultaneously reducing the time and labor re‐
quired in the preparatory stages. Despite these advancements, 
the integration of AI and in situ printing remains in its in‐
fancy. Addressing large-surface wounds or performing in‐
ternal tissue repairs with minimally invasive surgical tools 
requires further investigation. Furthermore, the fabrication 
of complex tissue and organ repair structures often requires 
multiple steps and processes in vitro. The integration of AI 
to enable precise, editable modeling and in situ formation of 
these structures, along with improving forming reliability, 
remains an area for future research.

To summarize, AI technology has made remarkable prog‐
ress in model design, material selection, process parameter 
optimization, and closed-loop control of forming processes. 
However, the combined application of AI and bioprinting is 
still in its early stages, which is partially due to the lack of 
relevant training data and the high technical barriers associ‐
ated with AI technology, indicating the need for interdisci‐
plinary expertise spanning computer science, materials 

science, mechanical engineering, biology, and medicine. It 
is also important to further improve our understanding of 
the complex functions and phenomena within tissue and 
organ systems. Addressing these challenges is vital for ad‐
vancing the application of AI in designing and fabricating 
complex, heterogeneous biological structures.

6　Future perspectives

Further integration of AI and bioprinting technology results 
in improved design of bionic macrostructures and microen‐
vironments, more convenient material design and selection, 
more efficient exploration of material printing window and 
process parameter setting, improved forming accuracy and 
control, and a higher printing success rate. These benefits 
will augment the role of bioprinted structures in fields such 
as tissue engineering, drug screening, and disease research. 
Nevertheless, creating biological structures with specific 
functions is only the initial step in the application of bio‐
printing technology in biomedical research. A crucial area 
for future development is achieving the rapid and highly re‐
producible construction of these structures, leveraging the 
capabilities of AI.

Fig. 7  Role of AI in addressing urgent challenges in bioprinting to advance it to the next phase
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The discovery and development of drugs depend heavily 
on high-throughput screening methods. However, the use of 
overly simplistic models, such as 2D culture dishes, often 
results in outcomes that deviate significantly from real-life 
scenarios [176]. This limitation has driven the growing in‐
terest in bioprinting for generating 3D in vitro tissue and or‐
gan models, marking a significant advancement in the 
manufacturing of artificial tissues. Nonetheless, the current 
industrial demand for throughput, such as the need for 
10,000 drug screenings per day [177], emphasizes that the 
throughput of bioprinting for drug screening models is still 
relatively low, thereby limiting its further development and 
application in this field.

In recent years, researchers have recognized the need for 
the high-throughput fabrication of in vitro tissue and organ 
models and have sought to improve the throughput of bio‐
printing through various methods. For instance, Derman 
et al. used droplet-based bioprinting to efficiently generate 
nasal epithelial tissue models, requiring only a fraction of the 
cell density required by traditional methods (Fig. 8a) [178]. 
Moreover, Gong et al. used acoustofluidic technology to 
rapidly deposit cell-laden solutions, forming uniformly sized 
organ-like structures (Fig. 8b) [179]. In addition, the system 
developed by Shin et al. efficiently arranges organ precur‐
sors in a short time [180], whereas Lawlor et al. used extru‐
sion printing to rapidly place cells with high repeatability in 

Fig. 8  Prospects for AI-empowered bioprinting of artificial tissues and organs. (a) High-throughput construction of a skin tissue model using 
droplet-based bioprinting (DBB) technology (reproduced from [178], Copyright 2023, with permission from the authors, licensed under CC BY 
4.0). (b) High-throughput organoid preparation by acoustic field printing (reproduced from [179], Copyright 2021, with permission from Wiley-
VCH GmbH). (c) High-throughput preparation of kidney organoids based on extrusion printing technology (reproduced from [181], Copyright 
2020, with permission from the authors, under exclusive licence to Springer Nature Limited). (d) High-throughput preparation of in vitro 
models and organoids based on DLP technology (reproduced from [182], Copyright 2021, with permission from IOP Publishing Ltd.). (e) Exog‐
enous electric field promotes cell migration and accelerates wound healing (reproduced from [185], Copyright 2024, with permission from Else‐
vier Ltd.). (f) Near infrared (NIR) irradiation affects cell migration and proliferation (reproduced from [187], Copyright 2022, with permission 
from the authors, licensed under CC BY-NC)
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organ diameters (Fig. 8c) [181]. Furthermore, DLP technol‐
ogy has demonstrated efficiency and repeatability in prepar‐
ing in vitro models and organoid structures, particularly in 
Chen’s research, where it not only rapidly constructed 
samples but also improved the functional characteristics of 
biological structures (Fig. 8d) [182].

Despite significant progress in the high-throughput prepa‐
ration of structured organ models and organoids, challenges 
remain that include not only the technical issues of mimick‐
ing natural tissue organs, as discussed in previous sections, 
but also those related to the success rate, stability, consis‐
tency, and repeatability of high-throughput preparations. 
Such aspects present new challenges for model design, pro‐
cess control, and the prediction and evaluation of sample 
performance. For instance, variations in matrix material 
types and component concentrations in different parts of the 
same organ model complicate the formulation of bioinks, 
which must consider shear thinning, viscoelasticity, yield 
stress, and crosslinking methods to ensure reliable molding 
along with considering the impact of material microproper‐
ties on cell behavior [183]. The high costs associated with 
the use of biological materials and growth factors in post‐
fabrication cultures also pose significant barriers to the 
rapid clinical translation of this field. Using AI to replace 
current labor-intensive and iterative trial-and-error methods 
could reduce human, time, and material costs. AI can play a 
vital role in investigating the optimal extracellular matrix 
materials, growth factor gradients, cell concentrations, and 
arrangements of different cell types to improve the effi‐
ciency of organ preparation. Particularly for patient-specific 
in vitro models using cells or tissues derived from patients, 
AI could enable inexpensive, high-throughput construction 
of personalized and specific organ models, providing techni‐
cal support for clinical applications.

In constructing tissue constructs, incorporating external 
environmental information into the bioprinting process al‐
lows for the application of mechanical [184], electrical 
(Fig. 8e) [185], magnetic [186], optical (Fig. 8f) [187], and 
ultrasonic [74] stimuli, which can regulate the migration, 
proliferation, and differentiation of tissues. This, in turn, 
may accelerate the construction speed of biological struc‐
tures and improve the functional development of organisms 
and tissue maturity in the high-throughput preparation of 
bioconstructions. Nevertheless, a single environmental 
stimulus may not suffice for tissue growth and repair. The 
synergistic action of various environmental stimuli with the 
components of the structure may provide a more favorable 
microenvironment for tissue growth [188]. The coupling ef‐
fect between different external environmental stimuli and 
the structure itself on the microenvironment should be fur‐
ther analyzed using AI technology. Based on this analysis, 
functional prediction and synergistic optimization of envi‐
ronmental stimuli and structural components are potential 

future directions for AI-empowered bioprinting. Further‐
more, the intensity of local environmental stimuli required 
within tissues and organs varies, and the deviations in the 
structures or materials produced during the preparation pro‐
cess can result in actual applied stimuli differing from the 
design. AI technology can provide real-time feedback on 
the local stimulation conditions at different positions of the 
bioprinted structures, enabling adjustments and compensa‐
tion to the external environmental sources, thereby better 
regulating the cellular microenvironment [189].

Assessing the maturity of cultured tissues allows for the 
evaluation and optimization of process methods during the 
early developmental stages of bioprinted structures and 
helps determine the developmental level of the tissues. This 
is essential for providing quantitative indicators for the high-
throughput cultivation of tissue and organ grafts and in vitro 
models, as well as for reducing costs through the timely 
elimination of substandard samples. Manually analyzing 
cell and tissue behaviors is time-consuming, labor-
intensive, and often inconsistent. For instance, Andrion 
et al. reported only 70% consistency among five pathology 
experts when evaluating 88 cases of pleural malignant me‐
sothelioma, emphasizing the challenges in evaluating prepa‐
ration samples under high-throughput conditions [190]. Fur‐
thermore, some detection methods can cause irreversible 
damage to tissue cells, inadvertently increasing the prepara‐
tion workload. Recently, computer vision technology based 
on deep learning has achieved capabilities such as monitor‐
ing cell viability [191], identifying cell differentiation [192], 
and tracking and monitoring organoids [193]. Further devel‐
opment of these technologies will enable the high-
throughput, non-destructive identification of cell and tissue 
growth states from the perspective of image recognition. 
Moreover, applying AI technology to electrochemical analy‐
sis and other detection methods of cell tissues or their secre‐
tions can provide quantitative feedback for cell and tissue 
culture, achieving precise control over the cultivation pro‐
cess [194]. In the future, leveraging AI technology to inte‐
grate and analyze multiomics data from imaging, proteins, 
and metabolites, combined with robotic automation plat‐
forms [195, 196], is expected to provide robust technical 
support for the high-throughput preparation of personal‐
ized tissue constructs, thereby expanding further applica‐
tions of bioprinting in medical applications such as transla‐
tional tissue engineering, drug discovery, and disease 
model research.

Furthermore, in the field of AI, the integration of various 
resources is crucial for propelling technological advance‐
ment. Software and toolkits such as TensorFlow, PyTorch, 
and Scikit-learn are commonly used as open-source software 
for tasks including image recognition, parameter optimiza‐
tion, and ML [197]. These toolkits support a multitude of 
ML and deep learning algorithms, significantly accelerating 
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the processes of model training and performance optimiza‐
tion. Moreover, databases for biomaterials and printing pa‐
rameters, such as MaterialHub and BioPrintDB, provide a 
data-driven basis for material selection and parameter opti‐
mization in the field of bioprinting [198, 199]. These data‐
bases meticulously document the physicochemical proper‐
ties and biocompatibility parameters of materials, which 
are essential for improving printing accuracy and cell vi‐
ability. In addition, biomedical datasets, such as ImageNet 
and MedMNIST, play a significant role in training image 
recognition algorithms and validating the efficacy of AI 
models [200, 201]. These standardized datasets not only 
provide a common benchmark for researchers but also fa‐
cilitate the comparison and refinement of algorithms. Be‐
yond these general datasets, there are specific cell image da‐
tabases and 3D tissue image datasets for drug screening, 
which are vital for achieving automated analysis and high-
throughput applications. By comprehensively leveraging 
these resources, the application of AI in the biomedical 
field will become more precise and efficient.

The complexity of the biological structure preparation 
also poses higher requirements for AI technology to better 
adapt to the requirements of bioprinting technology. Al‐
though the application of AI in bioprinting holds vast poten‐
tial, there are inherent risks and challenges. The primary 
challenge that AI faces in bioprinting applications is the 
complexity and uncertainty inherent in biomedical systems. 
These systems are nonlinear and heterogeneous, with pa‐
rameters that are highly complex and uncertain, including 
gene expression levels, protein–protein interactions, and 
metabolic levels, which are difficult to predict and are often 
influenced by a multitude of factors, several of which are 
unknown. Moreover, physiological parameters are not 
static; they are dynamic and change over time in response 
to environmental conditions and due to shifts in the internal 
state of the organism, further adding to the uncertainty of 
physiological parameters and functions. Studies have dem‐
onstrated that when analyzing complex systems with uncer‐
tain distribution functions, such as quantitative physiology, 
morphogenesis, and gene regulation, AI models may not 
yield significant benefits. Traditional statistical models, 
such as logistic regression, can cause biased estimations of 
treatment effects, especially in complex data that include 
nonlinear and nonadditive terms [202]. This is because para‐
metric models require assumptions regarding the functional 
form and distribution of covariates [203], which is particu‐
larly pronounced in biomedical systems with multiple co‐
variates [204]. In addition, although some studies have 
achieved success in contexts where the functional relation‐
ship of parameters is clearly defined, such as Catalanotti us‐
ing bootstrap and Bayesian uncertainty quantification to ad‐
dress high-dimensional challenges in composite material 
damage modeling [205], the application of mathematics in 

the biomedical field is often questioned due to irreversible 
processes and black box models in biomedicine. The com‐
plexity of biomedicine, with its algorithms and information 
processing differing from simple laws, increases the diffi‐
culty of mathematical modeling and inevitably introduces 
errors [206]. Therefore, in the field of bioprinting, the theo‐
retical foundation of AI models remains insufficient, and 
the application of existing engineering models such as finite 
element models [207], phase space methods [208], and 
minimax methods [209] is limited. Therefore, it is believed 
that this field requires more theoretical support and innova‐
tive methods to ensure that the application of AI in bioprint‐
ing is safe and effective.

7　Summary

Bioprinting provides precise spatial control over the distri‐
bution of cells and matrix components, providing an effec‐
tive method for creating complex in vitro organ models and 
repairing intricate tissue defects. Nevertheless, the complex‐
ity of tissue organs poses significant challenges to bioprint‐
ing technologies. Several research initiatives have inte‐
grated AI with bioprinting to address the interconnectedness 
of design models, matrix materials, and forming processes. 
These efforts have focused on improving technological ca‐
pabilities through multiobjective optimization, performance 
prediction, and intelligent closed-loop control during the 
manufacturing process. AI has helped achieve promising de‐
velopments in innovative applications in constructing artifi‐
cial tissue organs. These achievements emphasize the feasi‐
bility and importance of combining AI with bioprinting 
technologies. Observing the current research landscape and 
technological advances, the construction of in vitro organ 
models with cross-scale vascular networks and controllable 
spatiotemporal distribution of physicochemical cues, as 
well as the in situ repair of tissue and organ injuries through 
in situ bioprinting, is becoming the focus of the develop‐
ment of bioprinting technology, which is not only of consid‐
erable potential but also in great demand for innovative ap‐
plications of AI. It is anticipated that the deep fusion of AI 
technology with top-down and bottom-up construction strat‐
egies, composite bioprinting and in situ printing technolo‐
gies, and other manufacturing methods can elevate bioprint‐
ing technology to an entirely new phase, realizing the fur‐
ther application progress of bioprinting in human health 
sciences.
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