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The Synergy of Artificial Intelligence and 3D Bioprinting:
Unlocking New Frontiers in Precision and Tissue Fabrication
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This review examines the transformative role of artificial intelligence (Al) in
3D bioprinting, focusing on how advanced Al technologies enhance its
precision, functionality, and scalability. Al, through branches, such as
machine learning (ML), computer vision (CV), robotics, natural language
processing (NLP), and expert systems (ES), provides critical improvements in
real-time process monitoring, error correction, and optimization of bioprinting
parameters. The integration of Al enables automated quality control and
predictive maintenance, improving bioprinting outcomes by increasing cell
viability and structural fidelity, and reducing the amount of bioink wasted.
Specifically, ML algorithms are employed to predict optimal bioprinting
conditions and streamline the bioprinting workflow, while deep learning
enhances the ability to process complex datasets for precision tissue
biofabrication. Furthermore, Al-powered robotics and CV systems ensure
accurate bioink placement and facilitate the construction of complex tissues.
Despite the remarkable progress, challenges remain, particularly in the areas
of process monitoring, quality control, and the scalability of bioprinting
systems. This review also aims to guide scientists, engineers, and healthcare
providers in understanding the complexities and potential of Al-enhanced

1. Introduction

3D Bioprinting, an advanced technology
in tissue engineering and regenerative
medicine, has revolutionized the fabrica-
tion of complex biological constructs,!l by
precisely layering biomaterials and cells.
This technology holds great promise for
producing tissues and organs tailored for
transplantation as well as disease modeling,
drug testing, and personalized medicine.
The ability to bioprint complex structures
such as vascular networks opens the door
for previously unimaginable medical ap-
plications. Despite these breakthroughs,
the path toward scalable, functional, and
clinically applicable bioprinted tissues re-
mains challenging. Several obstacles are
hindering the full potential of bioprinting.
These limitations can be broadly catego-
rized into technical, biological, and scal-
ability challenges. One of the most sig-

bioprinting, fostering a deeper appreciation of its role in the future of

regenerative medicine and personalized healthcare.

nificant technical barriers lies in achiev-
ing precise control over the deposition of
cells. Accurate positioning of cells is crucial
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for ensuring the desired function of the final construct, especially
for heterocellular tissues with different cell types and gradients.
However, the complexity of working with living cells introduces
variability that can affect print fidelity and consistency. Further-
more, current bioprinters are limited by the resolution of nozzle-
based systems, which restricts the precision required to build the
micro-architecture of native tissues, such as capillaries, nerve net-
works, and osseous tissue.l”

Additionally, achieving real-time feedback and error correction
during bioprinting is still underdeveloped. Factors such as non-
uniform bioink extrusion in extrusion-based bioprinting (EBB),
droplet size variations, and nozzle clogging in droplet-based bio-
printing (DBB), pose significant risks, reducing the reproducibil-
ity of bioprinted constructs. Moreover, the bioinks must balance
bioprintability with biological compatibility, often requiring op-
timization to avoid mechanical instability and maintain cell vi-
ability and function. Cells can be subjected to stress during the
bioprinting process due to shear forces or exposure to ultravio-
let light (UV) and chemicals during crosslinking. These factors
can compromise cell viability and affect their long-term function.
Moreover, replicating the complex vascular network required for
nutrient and oxygen diffusion in thick tissues remains a major
challenge. Another biological constraint lies in recapitulating the
dynamic microenvironment of native tissues. Cells interact with
their surroundings and neighboring cells through biochemical
signaling, which influences their proliferation and differentia-
tion. Current bioprinting methods struggle to incorporate these
dynamic aspects, limiting the bioactivity and proper maturation
of bioprinted tissues.

Although bioprinting has shown promise in laboratory set-
tings, transitioning to clinics remains a challenge. Scaling up the
production of tissues or organs introduces logistical challenges,
such as controlling batch-to-batch variation, automating produc-
tion processes, and managing supply chain requirements for bio-
materials. Bioprinting times can also be prohibitively long, espe-
cially for organ-sized constructs, which affects cell viability, fur-
ther hindering scalability. The use of multi-material bioprinting,
co-culturing different cell types, and the creation of perfusable
vascular networks are essential to mimic functional organs. How-
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ever, balancing the mechanical properties of bioinks with biolog-
ical needs while maintaining bioprinting precision becomes in-
creasingly complex when scaling up bioprinted constructs.

Al has been considered a powerful tool to address many of
these challenges. Al-driven models can optimize bioprinting pa-
rameters to enhance precision and reduce variability. Al algo-
rithms can analyze large datasets from pre- and post-bioprinting
stages, improving bioprinting fidelity through predictive model-
ing. Moreover, Al can monitor bioprinting in real-time, enabling
error detection and correction during bioprinting. These ad-
vancements collectively improve the reliability and reproducibil-
ity of bioprinted constructs. Al also plays a vital role in optimizing
bioink formulations and predicting cell behavior based on large
datasets, thus enhancing the biological relevance of bioprinted
tissues. In addition, Al-powered robotic systems facilitate high-
throughput bioprinting, paving the way for scalable production.
Different Al algorithms can be explored to automate the adap-
tation of bioprinting conditions, making real-time adjustments
based on feedback. With these capabilities, Al is poised to unlock
new levels of precision and scalability in bioprinting, accelerating
its transition from bench to bedside.l*]

Al involves the development of algorithms and systems that
allow machines to perform tasks typically requiring human in-
telligence. Al systems process vast amounts of data, recogniz-
ing patterns and making informed decisions based on that data.
Key subfields of Al, including CV, robotics, NLP, ES, and ML,
allow machines to perform complex tasks by learning from data
or applying rule-based decision-making.[*>] ML enables systems
to adapt and improve performance autonomously, without ex-
plicit programming. When combined with the other subfields,
Al becomes a powerful tool for solving data-driven challenges
across industries, including healthcare. In bioprinting, Al allows
optimization of bioprinting processes by analyzing diverse data
sources, such as imaging data, bioink properties, and environ-
mental conditions.[®’] CV systems can process and interpret real-
time visual data to detect irregularities during the layer-by-layer
formation of tissue constructs. This integration of real-time anal-
ysis and adaptive control leads to improved precision, reduced
waste of bioinks and cells, and more reproducible fabrication of
complex tissues. Evaluating the effectiveness of Al in bioprint-
ing involves assessing how well these systems can predict, moni-
tor, and improve bioprinting while maintaining cell survival rates
and function.®®! For instance, ML algorithms can be trained to
predict optimal bioprinting parameters such as speed, pressure,
and temperature for various bioinks, based on past experiments.
The performance of these models is evaluated by comparing pre-
dicted outcomes with actual results, including cell viability, me-
chanical strength, and the physiological integration and function-
ality of bioprinted tissues within their intended biological con-
text. With each new print, Al systems refine their algorithms,
constantly improving their predictive capabilities. Reinforcement
learning (RL) plays a key role here, where Al agents learn through
atrial-and-error process, continuously optimizing bioprinting pa-
rameters by receiving feedback from the process in real-time.!1%]

For example, CV systems integrated with ML can inspect each
layer of bioprinted constructs, ensuring consistency in thickness,
patterning, and bioink distribution.[''! Any deviations from the
desired output can be immediately corrected through real-time
adjustments, minimizing errors and improving reproducibility.
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Moreover, Al-driven systems such as ES offer significant im-
provements in handling the inherent variability in biological
systems.!12] Unlike traditional logic systems that require exact in-
puts, fuzzy logic, an expert system algorithm, can handle uncer-
tainty and variability, making it ideal for biofabrication, where en-
vironmental conditions and biological responses can fluctuate.

The synergy between Al and 3D bioprinting is still in its early
stages, but its potential is immense. As Al technologies con-
tinue to evolve, they will enable more sophisticated models that
can anticipate the biological behavior of bioprinted tissues over
time, leading to more biologically-relevant and clinically useful
tissues. This integration of Al-driven automation, data analysis,
and real-time optimization has the potential to revolutionize the
field, making it possible to bioprint tissues with higher precision,
faster production rates, and improved function.

This review explores how advances in Al are transforming
3D bioprinting by addressing important technical and biologi-
cal challenges to make it more precise, functional, and scalable.
First, we discuss recent developments in Al-driven bioprinting
and examine specific Al functions that enhance the process, such
as CV for real-time monitoring, robotics for precise handling,
NLP as an interface tool, and ES for decision-making. Next, we
explore how ML methods, including supervised, unsupervised,
and RL, are used to optimize bioprinting settings and results
by learning from previous experiments. In addition, the Review
discusses the integration of Al with different bioprinting tech-
niques, such as EBB, DBB, laser-assisted and light-based bio-
printing, and other emerging techniques. Finally, we consider
challenges and opportunities in bringing Al-enhanced bioprint-
ing into clinical use and conclude with future perspectives in this
promising field.

2. The Evolution of Al in 3D Bioprinting

Al has undergone substantial evolution since its initial concept
in the 50s, with early developments in machine intelligence lay-
ing the groundwork for rule-based systems.['*] However, the lim-
itations of these static systems spurred the emergence of ML, a
subfield of Al that allows machines to learn and adapt from data,
moving beyond fixed rules. Pioneering breakthroughs in artifi-
cial neural networks have driven significant advancements across
multiple domains, including 3D bioprinting. A foundational
framework for pattern storage and retrieval, inspired by human
memory, was developed using energy minimization principles
to address computational challenges, establishing the basis for
neural networks in optimization and pattern recognition,* es-
sential for achieving high precision in processes, such as 3D bio-
printing. For example, Al-driven optimization algorithms now
facilitate nozzle path planning, ensuring accurate deposition of
bioinks and minimizing print errors during fabrication of com-
plex tissue constructs.'>] The development of advanced neural
networks, comprised of weighted-response neurons, mimics the
behavior of biological neurons, /1% enhancing real-time decision-
making in bioprinting systems.

Further, artificial neural networks (ANN), could efficiently
solve complex optimization classic problems like the traveling
salesman problem, outperforming traditional digital methods.!”]
This capability to handle complex tasks has been adapted in 3D
bioprinting, where it optimizes print-path planning, bioink dis-
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tribution, and enhances the structural integrity of bioprinted tis-
sues. The advancements in ANN, particularly with the develop-
ment of Boltzmann machines, introduced unsupervised learn-
ing methods, allowing machines to learn from data without
explicit labels.[’® These breakthroughs laid the foundation for
modern DL techniques, which have been crucial in enhancing
bioprinting."! Further progress in computer capabilities, back-
propagation, and deep belief networks propelled Al forward, driv-
ing innovations in fields, such as CV and NLP.[? The ability
to effectively train deep neural networks transformed AI, mak-
ing DL models indispensable across various fields, including
bioprinting.[?!]

Al-powered robots use ML and DL algorithms to learn from
their environment, adapt to new situations, and autonomously
execute tasks. In bioprinting, Al-enhanced robotics is used for
precision manipulation, automation of intricate processes, and
real-time quality control. These systems integrate Al functional-
ities to improve trajectory planning, navigation, and task execu-
tion, making them crucial for high-precision tasks in tissue en-
gineering and other industrial applications.!?”) As robots become
more autonomous, their capacity to work alongside humans in
dynamic environments continues to expand, addressing chal-
lenges posed by irregular and dynamic surfaces, which are cru-
cial for in situ bioprinting. Similarly, ES, a branch of AI designed
to emulate the decision-making capabilities of human experts,
complement this autonomy by enabling robots to make precise,
context-aware decisions in such complex environments.[??! ES
typically employ “if-then” rules, using a knowledge base and in-
ference engine to mimic expert-level reasoning. ES allows non-
experts to make informed decisions based on predefined rules
crafted by specialists, making them useful in fields such as di-
agnostics, bioprinting parameter control, and process optimiza-
tion. However, ES face limitations when applied to highly com-
plex problems, where creating an exhaustive rule-based system
becomes impractical. Despite these challenges, ES remains valu-
able for tasks that require clear decision pathways, where data-
driven ML models may not yet be applicable. Meanwhile, gen-
erative Al, such as NLP integrated with DL, is gaining impor-
tance through systems like ChatGPT, Copilot, and Gemini, offer-
ing complementary solutions for ES by handling more complex
situations using artificial creativity.

The NLP branch focuses on creating new content, such as
text, images, audio, videos, and soon, 3D models that resem-
ble human-generated content. In bioprinting, generative Al pro-
vides promising tools to enhance the design and optimization
of complex biological structures, such as tissues and organs.
This technology leverages advanced models and algorithms to
produce novel outputs based on training data, with applications
like predicting tissue constructs, generating 3D models from pa-
tient data, and automating experiment documentation. It uti-
lizes NLP, which enables computers to understand, interpret,
and generate human language through various techniques, in-
cluding DL and ML algorithms. Some types of Al models com-
monly used in bioprinting include generative adversarial net-
works (GANs), variational autoencoders (VAEs), and large lan-
guage models (LLMs).[?3) GANs are a type of Al that consists
of two parts, one generates data and the other evaluates it by
comparing the generated models with existing ones, improving
the accuracy of the output over time. For example, GANs can
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Figure 1. Al integration in bioprinting focuses on A) bioink selection, B) optimizing bioprinting parameters, C) design, and D) process monitoring
through in situ scanning to enhance precision and cell viability and function for tissue engineering applications. This figure was produced with Adobe

Inc., (2019), Adobe lllustrator.

process medical imaging data, like magnetic resonance imag-
ing (MRI) or computed tomography (CT) data, to extract the de-
tailed shapes and structures of patient-specific organs. By inte-
grating additional patient-specific information as inputs, such as
age, weight, and physiological characteristics, these models can
generate customized 3D designs that match the patient’s unique
anatomy. This enables more precise bioprinting, with tailored tis-
sue constructs with improved function and compatibility in med-
ical applications.

2.1. Advancing 3D Bioprinting with Al

Al is transforming bioprinting by significantly enhancing pre-
cision, efficiency, and quality control throughout the entire
process.[?*l Al assists in selecting and fine-tuning bioinks.?*]
Bioink selection is critical for successful bioprinting, especially
when creating complex tissues, so the bioinks must have proper-
ties that support both printing and cell survival. Researchers have
developed bioinks using natural and synthetic materials, each
offering unique benefits.?®] Rheological properties of bioinks
describe how they flow and deform. Key factors include vis-
cosity and yield stress, supporting the structural property post-
bioprinting. Balancing these factors ensures both printability and
structural integrity. AI can analyze rheological data to predict op-
timal combinations of viscosity and yield stress/?’] (Figure 1A).
These properties help ensure the bioink can be printed smoothly
and hold its shape. Moreover, mechanical properties, such as
stiffness, elasticity, and strength, are also vital for the stability
of bioprinted constructs.[?®] Al can optimize these properties by
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learning from past data to adjust parameters like pressure, layer
thickness, and crosslinking methods, leading to stronger and
more consistent prints. Besides the structural properties, bio-
compatibility is critical for bioinks, as bioinks must support cell
survival and growth without causing harm. Natural polymers like
collagen and gelatin are often used, as they closely mimic natu-
ral tissues’ extracellular matrix.[?] AT can understand how differ-
ent bioink formulations interact with cells, optimizing parame-
ters such as temperature and material composition to enhance
biocompatibility. Degradation rates of bioinks are also crucial,
as bioinks should break down in sync with tissue formation.[?”]
Al can help predict how bioinks degrade in biological environ-
ments, optimizing factors like crosslinking and biomaterial com-
position to achieve the desired degradation rate. Swelling is cru-
cial for nutrient diffusion and waste removal in bioprinted con-
structs, which depend on factors like crosslinking density, poly-
mer composition, and osmotic conditions. Excessive swelling can
compromise constructs, while insufficient swelling hinders cell
function.?% AT optimizes swelling by analyzing the past data of
material and environment, fine-tuning parameters like crosslink-
ing intensity and polymer concentration to ensure functionality
and support cell growth. Other bioprinting parameters, such as
pressure (or flow rate), nozzle size, printing speed, ambient tem-
perature, and humidity, can be optimized using Al (Figure 1B).
By analyzing data from both successful and unsuccessful bio-
printing attempts, Al can learn to predict the optimal parameters
for future applications, tailored to specific tissue types.!”]
Another important role of Al is in design optimization, where
algorithms analyze complex biological data, such as CT or MRI,
to create precise 3D models that mimic the intricate internal
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structure of native tissues, including porous structure, vascula-
ture networks, and tissue interfaces.?! These models ensure ef-
fective patterns and structures for bioprinting, which are crucial
for the fabrication of scalable constructs, such as whole organs
(Figure 1C). By integrating data from patient medical records and
images, Al can design customized tissues and organs that pre-
cisely match the unique anatomical and physiological character-
istics of each individual.[3233] This level of personalization is es-
sential for improving patient outcomes and advancing the field of
regenerative medicine.>*! It enables the production of bioprinted
tissues that are not only structurally accurate but also function-
ally viable, enhancing the likelihood of successful integration and
performance in the patient’s body.[**3]

In addition, Al-powered CV and machine vision (MV) systems
are integral to real-time process monitoring, capturing high-
resolution images to verify that each layer of bioinks is accu-
rately deposited®!! (Figure 1D). This real-time feedback mech-
anism allows for the immediate detection and correction of de-
fects such as air bubbles, misaligned layers, and incomplete ar-
eas, thereby enhancing the precision and consistency of bio-
printed constructs.’”] Furthermore, Al automates the calibration
and alignment of bioprinters, significantly reducing the need for
manual adjustments.3®! By utilizing visual markers and refer-
ence points, Al ensures that the print head and platform remain
accurately positioned throughout bioprinting, resulting in faster
and more efficient setups.[*! It predicts the optimal combina-
tions of cells, growth factors, and biomaterials, and adjusts flow
rates and viscosity in real-time to ensure smooth and accurate
deposition.[?>38] This capability is crucial for maintaining the in-
tegrity and function of bioprinted tissues, particularly when deal-
ing with complex and delicate structures. Avoiding faulty situ-
ations can be done using predictive maintenance, another area
where Al proves invaluable.[***!] By continuously monitoring the
performance of bioprinting equipment, Al systems can predict
maintenance needs through advanced analytics, ensuring con-
sistent operation and minimizing downtime.[*>*3] This proactive
approach to maintenance helps to avoid unexpected equipment
failures that could disrupt the bioprinting process and compro-
mise the quality of bioprinted tissues. Post-processing analysis is
also enhanced by Al, as tools can assess the structural integrity,
geometric fidelity, and functional properties of bioprinted con-
structs, ensuring they meet required standards.[** Al algorithms
can analyze imaging data to detect any deviations from the in-
tended design, allowing for quick adjustments and ensuring that
the final constructs are of the highest quality.[**%] This is par-
ticularly important for complex bioprinted tissues that require
precise spatial organization of multiple cell types and bioinks.

Overall, Al's integration into bioprinting leads to enhanced
precision and quality control, enabling real-time error detection
and correction.l*#’] This reduces waste, lowers the risk of de-
fects, and ensures that bioprinted tissues and organs are both
functional and accurate in shape. By optimizing design, execu-
tion, and quality control, AI systems make the biofabrication of
complex and high-quality tissues and organs more reliable and
scalable, paving the way for significant advancements in regener-
ative medicine and personalized healthcare.[*’*8] The use of Al in
bioprinting not only accelerates the development of new medical
treatments and technologies but also ensures that these innova-
tions are effective and tailored to the needs of individual patients.
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Figure 2. CV-based framework for 3D bioprinting and in situ analysis. The
process begins with image acquisition and processing to extract key fea-
tures. Rule-based, ML, or DL models analyze features for tasks such as
wound detection and bioprinting analysis. ROl segmentation defines areas
for further processing, including 3D model generation and boundary cal-
culations. These outputs guide slicing, parameter optimization, and adap-
tive bioprinting with real-time feedback enabled by DL.

This transformative potential underscore the critical role of Al for
the future of bioprinting.

3. Al Functions for 3D Bioprinting

As discussed in the previous sections, Al plays a key role in ad-
vancing bioprinting technologies. This section discusses various
Al functions, such as CV, robotics, NLP, and ES. The discus-
sion entails the methodology of associated algorithms and re-
views their integration with bioprinting to enhance precision and
adaptability.

3.1. Computer Vision

Computer vision (CV) is a branch of Al that enables computers
to interpret the visual world in a way like human sight. While hu-
mans understand shapes, colors, textures, faces, and emotions,
CV enables computers to visualize the outside world and perform
specific tasks. The integration of CV with machines has revolu-
tionized the interaction of machines with the world. The process
involves multiple key steps, and Figure 2 shows the flow of the ba-
sic functions of a CV system integrated with a bioprinter. The pro-
cess begins with image acquisition, where images are captured
using cameras or microscopes and converted into a digital form.
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Then, image processing techniques, such as noise reduction and
contrast enhancement, prepare the images for further analysis.
Next, feature extraction identifies key characteristics like shape,
size, and texture. These features can be processed by different ap-
proaches: rule-based models, ML models, or DL models. When
there is enough data and a well-designed architecture, DL can
automatically detect patterns in the images without the need for
manual feature selection. All three methods can provide simi-
lar outputs, such as region of interest (ROI) segmentation or in
situ bioprinting analysis to monitor the bioprinting process in
real time. After analysis, the system generates 3D models of the
bioprinted constructs, which are either prepared for bioprinting
using slicing software or used to set the initial bioprinting param-
eters, like printing speed and bioink flow rate. Finally, boundary
calculation ensures that the bioprinted constructs have the cor-
rect dimensions. This entire process operates as a feedback loop,
constantly improving accuracy and reliability by monitoring and
adjusting the bioprinting workflow.[*’]

CV can use many algorithms to perform specific tasks. For ex-
ample, medical imaging can be used in CV for tasks such as en-
hancing pre-operative and post-operative images.l>*! Some algo-
rithms, such as defect segmentation, are important to ensure that
tissues are bioprinted with the precise placement of each layer
according to the digital model.’!] These can monitor the process
and respond in real time, verify that the final product matches
the intended design, thus ensuring that bioprinted tissues are
both accurate in shape and functionally viable (Figure 3A). High-
resolution cameras integrated with software can identify defects
like air bubbles, misaligned layers, or incomplete areas.!>?] Early
detection of these issues allows for instant corrections, reducing
waste and ensuring the quality of bioprinted tissues or organs.
Building on this, Rhee et al. explored bioprinting of collagen con-
structs for cartilage fabrication.>3! They utilized CV to ensure ge-
ometric fidelity, and they also showed high accuracy in the bio-
printed constructs. This approach demonstrated that CV could
improve the precision of bioprinted soft constructs. In another
study, Schmieg et al. improved the quality control using MRI for
non-destructive evaluation of hydrogel constructs.>*! They devel-
oped a protocol to measure repeatability and geometric fidelity of
bioprinted hydrogel constructs, which related geometric errors to
specific process parameters.

An important aspect of bioprinting involves scanning and
analyzing medical data to reconstruct tissues or organs. How-
ever, processing these scanned data, which includes segmenta-
tion and reconstruction, can be hard and error-prone due to the
limitation on 3D perceptions of 2D images. CV algorithms are
capable of segmenting 3D images, such as those of the liver,
heart, and brain, and enhancing the final resolution of scans(>>>¢!
(Figure 3B). At this stage, CV and computer graphics are signif-
icant. While CV algorithms automate and improve the segmen-
tation and identification of anatomical features from the scans,
computer graphics techniques reconstruct these features into
highly accurate 3D models. Advances in commercial software,
like those equipped with ML and DL, have also been shown to im-
prove the accuracy of organ segmentation and anomaly detection,
providing automated solutions with a success rate of 98.8%.057]

Kengla et al. integrated medical imaging with bioprinting to
create patient-specific bone constructs.>®! They used CV to con-
vert patient anatomy into bioprinted constructs, ensuring that
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shapes and architectures matched the individual’s anatomy. Us-
ing 3D scanners, Borras-Novell et al. enhanced precision in bio-
printing on irregular surfaces.® They developed customized
silicone masks for non-invasive ventilation by scanning the fa-
cial surface of a premature manikin and processing the data
into a stereolithography (STL) file. The customized mask was
printed with biocompatible silicone and showed a 14% reduction
in air leaks compared to older model masks. Zhu et al. demon-
strated that an integrated robotic system aided by CV can per-
ceive changes in the 3D printing workspace, such as geome-
tries and motions of target surfaces(®! (Figure 4A). They suc-
cessfully printed functional electronic devices on a free-moving
human hand and cell-laden hydrogels on live mice, creating
models for future studies of wound-healing diseases and achiev-
ing up to 91% correction efficiency. Preprocessing of captured
images includes binarization, noise removal, and edge detec-
tion using the Sobel operator for precision. A point cloud of
the helix’s centerline was generated and compared to the refer-
ence path, with deviations corrected using a compensation vec-
tor. This correction algorithm modified the reference path in
real time to adjust the print head, minimizing errors and en-
suring more accurate prints.[!] Another example of utilizing ad-
vanced imaging and bioprinting techniques for cartilage repair
on irregular surfaces is demonstrated by Gatenholm et al.,[®?]
who analyzed large cartilage defects and osteoarthritis (OA) us-
ing computer-aided design (CAD) models generated from 3D
imaging (Figure 4B). 3D Scanning provided the best results in
terms of resolution, detecting precise OA defects. The results
were used to generate G-code for in situ bioprinting directly into
lesions.

Vascularization is one of the biggest challenges in bioprinting.
Cadle et al. improved vascularization by creating anatomically re-
alistic vascular patterns from CAD images of rodent mesentery
and colon.[®] They used CV to bioprint these patterns, showing
functional, anatomically accurate tissues for precision medicine.
Bioprinting can also be used to construct phantoms, which are
artificial models used for simulating human tissues for medi-
cal research and training. For example, Azizi et al. showed the
use of bioprinted tissue-mimicking phantoms for studying diag-
nostic imaging techniques.[®* They created phantoms simulat-
ing benign and cancerous tissues, imaged with a clinical ultra-
sound scanner. CV analysis differentiated among tissue types,
showing the ability of phantoms to mimic in vivo conditions
closely. In terms of integration in Al functions, Bertelsen et al.
used robotic arms with CV for knee cartilage lesion repair.®]
They developed an intra-operative scanner using photogrammet-
ric pipelines to reconstruct cartilage surfaces from photographs
taken by a robotic-handled endoscope.

By enabling real-time monitoring and error correction, CV
technologies ensure the production of high-quality bioprinted tis-
sues and organs, paving the way for more reliable and scalable
bioprinting applications. MV, a subset of CV, is presenting es-
sential advancements in the manufacturing industry, matching
demands for quality control and product traceability.*®) MV sys-
tems, integrated into production lines, perform quality inspec-
tions to avoid defective products and control machines, such as
guiding robots during assembly.[”] Key tasks include object iden-
tification, position detection, completeness checking, shape and
dimensional inspection, and surface inspection. These ensure
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Figure 3. A) Overview of a standard industrial visual inspection system architecture, highlighting its key components and functional elements. Panel
(A) is reproduced (adapted) with permissionl4] Copyright 2021, Springer Nature. B) Essential aspects in the design and implementation of a machine
vision system. Panel (B) is reproduced (adapted) with permission.[>>] Copyright 2007, Elsevier B.V.
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adaptive print-paths for each layer, along with a live mouse before and after the creation of an artificial wound with fiducial markers for alignment and
monitoring. Panel (A) is reproduced (adapted) with permission.[®0] Copyright 2018, John Wiley and Sons. B) Instrumental and experimental setup for
analyzing the tibial plateau. The setup includes MRI and 3D scanning systems for data acquisition. Gaussian curvature analysis was performed on 3D
models generated from CT and 3D scanning. CAD models with different infill patterns were developed for the construct evaluation. An in situ bioprinting
setup was used to print directly into a cartilage defect in a tibial plateau obtained from an osteoarthritic patient following total knee arthroplasty.
Histology sections show chondrocyte differentiation after 2 weeks, including bioprinted primary chondrocytes, demonstrating successful differentiation
and matrix formation. Panel (B) is reproduced (adapted) with permission.[52] Copyright 2020, SAGE. C) A workflow schematic of the adaptive multi-
degree-of-freedom robotic in situ bioprinter. Panel (C) is reproduced (adapted) with permission., [7% Copyright 2022, John Wiley and Sons. D) CV
algorithms enable real-time monitoring, defect detection, and process optimization in bioprinting. High-resolution imaging systems identify issues
such as overfilling, allowing Al to adjust bioprinting parameters and ensure precise, functional tissue fabrication. This figure was produced with Adobe
Inc., (2019), Adobe lllustrator.

that products are correctly identified, accurately assembled, prop-
erly completed, within geometric tolerances, and free of surface
defects. MV systems consist of cameras, illumination sources,
image acquisition hardware, and software for processing and
evaluating images.[®®] Building on CV capabilities, although MV
is specifically designed for industrial applications, it has the po-
tential to advance bioprinting.[®) While CV focuses on under-
standing and extracting information from images, MV assists
with automated calibration and alignment of a bioprinter. Utiliz-
ing visual markers and reference points, MV can automatically
adjust the bioprinter and print-head, maintaining accurate posi-
tioning throughout the bioprinting process, reducing the need
for manual adjustments, and making the setup faster and more
efficient.

Adv. Funct. Mater. 2025, e09530 €09530 (8 of 47)

Algorithms, such as Simultaneous Localization and Mapping
(SLAM), are valuable in bioprinting for real-time tracking and
adjustment, especially for 6-axis robots that need to understand
both their environment and their own position. This technol-
ogy helps overcome current limitations in bioprinting hard-
ware, such as inadequate process monitoring and quality con-
trol, thereby increasing the potential for industrial scale bioprint-
ing applications.[*”] An example of this application is automated
calibration systems in high-end bioprinters, which use MV to de-
tect and adjust the position of the print-head and platform, en-
suring optimal alignment and reducing errors. Zakharova et al.
proposed a novel method for 3D bioprinting on moving surfaces,
addressing the challenge of maintaining accuracy and precision
in dynamic environments.[®] Their approach involves real-time
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video processing to analyze and adjust the bioprinting process,
thereby improving tissue quality. Another study investigated bio-
printing of tubular tissues, e.g., vascular tissues, using a cus-
tom 3D bioprinter with the MV technology,'!l where a quality
inspection scheme was implemented utilizing advanced sensors
for real-time measurement, establishing a relationship between
tissue quality and factors like the angle and brightness of bio-
printed constructs.

MV systems detect and correct errors immediately, enhancing
the precision and consistency of bioprinted constructs, mainly in
situ bioprinting, where the environment can change during the
process. Factors such as nozzle alignment errors or non-linear be-
havior of bioinks can lead to discrepancies between designed and
fabricated constructs. To address this, advanced scanning tech-
niques, such as laser-based or interferometry methods, can be
used to monitor bioink deposition in real time.l*7>]

Skin tissue engineering represents one of the most signifi-
cant application areas for MV in 3D bioprinting. Effective clini-
cal skin repair requires rapid healing, personalization, and func-
tionality. MV can improve wound treatment, as shown by Gho-
lami et al, who developed a tool for segmenting wounds, convert-
ing the data into instructions for a bioprinter robot.”* This tool
compared several segmentation methods, finding the Livewire
method most effective. The segmented wound coordinates were
used to generate G-codes, achieving high accuracy in bioprinted
skin patches, enhancing clinicians’ control over the bioprinting
process. Similarly, Ding and Chang developed an in situ bioprint-
ing workflow to fabricate skin grafts directly onto burn wound
phantoms. Their method integrated contour extraction, calibra-
tion, and a novel printpath generation algorithm to achieve pre-
cise bioprinting of cell-laden constructs that promote cell viabil-
ity and proliferation.l””] In another study, Zhao et al. introduced
an adaptive bioprinting robot for in situ bioprinting (Figure 4C)
on full-thickness excisional wounds in mice.””) Equipped with
a 3D scanning and closed-loop visual system, the robot offered
precise wound coverage through stereotactic bioprinting. Us-
ing bioinks with epidermal stem cells and skin-derived precur-
sors, bioprinted wounds exhibited complete wound healing. To
advance personalized wound care, Jeong et al. developed IN-
SIGHT (Intelligent in situ printing Guided by Eye-in-Hand robot
Technology).”®! Using a depth camera and a robot arm, IN-
SIGHT finds and prints on wounds at different angles, targeting
multiple areas and applying various bioinks to create constructs
and bandages quickly. On an ex vivo porcine model, INSIGHT’s
printing modes (extrusion or spray) reduced the time needed for
large wounds. Its microgel-based bioink promoted cell growth
and was effective for treating diabetic wounds.

Another critical application area of MV in bioprinting is ad-
dressing the lack of direct process control, which often leads to
inaccuracies and design limitations in EBB.’”) Armstrong et al.
tackled this issue by introducing an iteration-to-iteration process
monitoring system that enhances bioink deposition accuracy.l’”]
This system uses a non-contact laser displacement scanner to
measure bioink placement after the initial print. A custom im-
age processing algorithm then compares the scanner data to the
reference trajectory, generating an error vector that adjusts the
reference trajectory for subsequent iterations. This method im-
proves spatial bioink placement and reduces dimensional errors.
Building on this, the same group developed a process monitor-
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ing and control strategy to improve bioink deposition accuracy
a year later.”®] Using a non-contact laser displacement scanner
and a custom image processing script, the system evaluates de-
position errors and adjusts control inputs iteratively, reducing 1D
and 2D errors significantly. This approach improves spatial ma-
terial placement and width consistency, enhancing the precision
of bioprinted constructs. In the future, the process can be further
enhanced by integrating CV with multiple nozzles to improve the
bioprinting accuracy. For example, upon identifying a defect layer
through real-time scanning, the bioprinting could be paused to
analyze the defect. Subsequently, an appropriate nozzle could be
selected to precisely fill the cavity without over-filling, thereby en-
suring higher precision and quality (Figure 4D).

Ensuring high quality during bioprinting remains a challenge,
particularly for in situ and in-line monitoring. In this regard,
Gugliandolo et al. proposed infrared (IR) imaging to monitor bio-
printed geometries non-destructively.””! This method addresses
the limitations of visible-range imaging, particularly with trans-
parent bioinks, and provides precise information on the latest
bioprinted layer. IR imaging significantly enhances in-line moni-
toring of bioprinting ensuring construct quality. In another study,
Zhang et al. developed a transformer-based neural network for
real-time monitoring in top-down vat photopolymerization, an
additive manufacturing method known for its low cost, high pre-
cision, and fast production.®! This approach addresses the chal-
lenge of defect detection in large, segmented prints. Using a
dataset of in situ images and the Swin Transformer model, they
achieved a high mean intersection over union (a widely used met-
ric for evaluating segmentation performance as it measures the
overlap between predicted and ground truth regions, averaged
across all classes) of 96.14% for accurate layer-by-layer monitor-
ing. Additionally, a multi-quality monitoring indicator was cre-
ated to detect common print issues, reducing waste and improv-
ing efficiency. This monitoring strategy holds significant poten-
tial for bioprinting applications, where precise control and defect
detection are critical for maintaining cell viability and achieving
high structural fidelity. Overall, MV systems bring substantial
benefits to bioprinting by automating critical tasks, enhancing
precision, and ensuring consistent quality. These advancements
facilitate the industrial application of bioprinting technologies,
making the processes more efficient and reliable for producing
complex and high-quality biological constructs.

3.2. Robotics

Robotics is widely employed in in vitro and in vivo fabrication of
3D constructs with complex shapes, enhancing the precision and
automation of bioprinting tasks.!®!] Bioprinting with robots uses
a predefined CAD model based on image reconstruction of de-
fects, enabling the fabrication of complex tissues with the print
path adjusted and monitored by the user. These devices can fea-
ture multiple print heads and bioink chambers. Key elements typ-
ically include a high-resolution 3D defect scanner, a bioprinting
unit (e.g., EBB and DBB), a robotic manipulator (e.g., cartesian,
parallel, or articulated) with three or more degrees of freedom, a
control and monitoring cabinet, and occasionally a workbench.
Robots function by processing user commands and sensor
signals, which are then sent to processing models, including
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Figure 5. Schematic representation of the robotics framework for an au-
tonomous process. The system starts with user commands and sensor in-
puts, which are processed through a data processing module. This module
utilizes rule-based models for predefined actions, ML models for adaptive
decision-making, and DL models for handling complex scenarios. The pro-
cessed data drives three key robotic operations: localization and mapping
for spatial awareness, path planning for navigation, and fault detection
for reliability. These components work within a closed-loop system, where
continuous sensor feedback optimizes robot movement and performance.

rule-based, ML, and DL approaches. This enables key tasks like
localization, path planning, and fault detection. The processed
data guide the robot, allowing autonomous movement and task
execution with continuous feedback for real-time adjustments
(Figure 5). The integration of robotics into a bioprinting setup
allows for high accuracy and reduces the potential for operator fa-
tigue. The configuration of these robots, whether Cartesian coor-
dinate, articulated, or parallel, plays a crucial role in defining the
working space, deposition flexibility, and operational precision
required during bioprinting. Robots use sensors such as cam-
eras, LIDAR, and tactile devices to analyze their environment and
interpret events around them. Sensor data supports critical tasks
like localization and mapping, path planning, and fault detection,
enabling robots to plan their movements effectively. These cal-
culations can use either rule-based models, which are fast but
limited, or ML and DL algorithms, which are highly adaptive for
tasks, such as object recognition and autonomous navigation in
dynamic environments.

Cartesian coordinate bioprinting robots, or Cartesian bioprint-
ers, are the most common bioprinters. Operating on the princi-
ples of Cartesian coordinates (x, y, and z axes), these bioprinters
move print-heads along three linear axes, allowing precise posi-
tioning and layer-by-layer construction of 3D structures by de-
positing bioinks in a predefined pattern. This linear movement
ensures high precision and accuracy, essential for creating de-
tailed and complex biological structures. It offers a high degree of
platform stiffness. Cartesian bioprinters are versatile, capable of
handling a wide range of bioinks (e.g., hydrogels, and spheroids),
making them suitable for various applications, such as tissue
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engineering, drug testing, and disease modeling.[>#?] However,
challenges include non-uniform bioink viscosity, poor cell via-
bility during bioprinting, anisotropic bioprinting, low resolution
with speed, and the stair-step effect due to the restricted motion
of the nozzle to a 2D plane. Technological advancements have en-
abled integration with imaging technologies, providing real-time
feedback, improving cell viability, and ensuring accurate depo-
sition by monitoring and adjusting parameters during the pro-
cess. Additionally, enhanced automation and robotics mitigate
anisotropic printing and the stair-step effect by enabling multi-
axis motion, improving resolution without compromising speed,
and ensuring greater reproducibility and efficiency in complex
tissue fabrication. Examples of Cartesian bioprinters include the
INKREDIBLE series by CELLINK, BioBot Basic by Advanced
Solutions,®*) and R-GEN 100,200 by RegenHU,!%! each offering
unique features for different research and medical applications.
Innovations, like the biomimetic “tendon cable” soft robot arm,
have been introduced to enhance printing flexibility by adding
six degrees of freedom.[®®] Moreover, the xyz gantry system has
been employed for direct deposition on a moving human body,
demonstrating the feasibility of robotic bioprinting on dynamic
surfaces.

Parallel robots, or delta robots, have multiple arms connected
to a single base, allowing for delicate and precise movement.
Delta robots are known for their high efficiency and speed.
For example, Zhu et al. introduced an adaptive 3D bioprinting
technique on moving freeform surfaces using a Delta robot.[*]
In another work, Zhao et al. developed a bioprinting plat-
form integrated with advanced robotic technology for in situ
bioprinting.!¥’] This platform employed a delta robot configura-
tion for operations within the human body, using a printed cir-
cuit micro-electro-mechanical system to fit within a 30 mm di-
ameter for endoscopic procedures. Articulated robots, equipped
with 360° rotating joints, overcome the limitations of fixed-axis
systems.!®8] These robots feature rotary joints powered by servo
motors, allowing precise placement of bioinks onto curved sur-
faces with sophisticated profiles. For example, the Da Vinci
surgical system allows surgeons to perform delicate operations
through small incisions.®?] In another study, Lipskas et al. used
a robotic-assisted approach for repairing bone and cartilage de-
fects through a minimally invasive procedure.®”! The system
demonstrated high printing accuracy with an average error of
0.06 + 0.14 mm, comparable to other bioprinting methods. Fol-
lowing this study, Ma et al. demonstrated an in situ bioprint-
ing technology for cartilage regeneration, demonstrating its po-
tential for clinical applications.®! A six-degree-of-freedom robot
was employed alongside a novel tool center point calibration
method to enhance printing precision. The entire bioprinting
process took ~60 sec, enabling rapid defect repair with the re-
generated cartilage showing comparable biomechanical and bio-
chemical properties with respect to the native cartilage. These
robots allow precise placement of bioinks onto curved surfaces.
For example, Zhao et al. developed an adaptive multi-degree-
of-freedom in situ bioprinting robot for hair-follicle-inclusive
skin repair.’%l This robot integrates 3D scanning and a closed-
loop visual system with a six-degree-of-freedom manipulator, en-
abling precise wound coverage and functional skin repair. In a
related study, Chen et al. developed a robot-assisted system for in
situ bioprinting of skin using GelMA hydrogels.[®?! This system
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Figure 6. A) Schematic of minimally invasive bioprinting with functional inks through a small incision, compared to traditional bioprinting systems.
The FSCR features a soft polymer matrix and operates via magnetic field-based control for precise maneuvering. Panel (A) is reproduced (adapted) with
permission.!93] Copyright 2021, Springer Nature. B) Overview of the in situ bioprinting process and the in vivo study workflow. The figure includes a
general view of the robotic manipulator-based bioprinter, demonstrating its capability for precise in situ bioprinting. Panel (B) is reproduced (adapted)

with permission.[®4 Copyright 2021, Elsevier B.V.

demonstrated complete wound healing and functional tissue re-
generation, indicating potential clinical applications in skin re-
pair. The robot-assisted bioprinting system, with its precise ap-
plication capabilities, ensures efficient delivery of the bioink to
wound sites, promoting skin regeneration that closely resem-
bles native tissue. Concurrently, Zhou et al. developed a fer-
romagnetic soft catheter robot (Figure 6A) for minimally inva-
sive bioprinting, using magnetic actuation for precise control.l?]
Figure 6A also compares this system with a traditional bioprint-
ing setup that uses a rigid nozzle and requires a larger incision,
which may increase native tissue damage. The Flexible Soft Con-
tinuum Robot (FSCR) consists of a soft polymer matrix embed-
ded with hard-magnetic particles and reinforced with a polylac-
tide (PLA) mesh. Magnetic polarity is programmed along the
FSCR’s axial direction, enabling controlled movement. The nu-
merical control strategy guides FSCR operations through digital
data, allowing precise maneuvering via rotation and translation
of four permanent magnets. Building on these advancements, Li
et al. introduced an in situ bioprinting system (Figure 6B) for re-
pairing large segmental bone defects, demonstrating improved
accuracy and effectiveness in bone repair.**l This advanced sys-
tem integrates a robotic arm with a 3D bioprinter, facilitating pre-
cise deposition of bioinks directly at the defect site. The multi-
material printhead can deposit various bioinks, including os-
teoinductive materials and cells, to enhance bone regeneration.
In another study, Zhang et al. demonstrated a robotic bioprinter
for cardiac tissue bioprinting, combining a six-degree-of-freedom
robotic arm with an oil bath-based cell bioprinting method.[*”]
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This system, combined with a custom bioreactor and a repeated
print-and-culture strategy, successfully generated vascularized,
contractile, and long-term viable cardiac tissues, thus offering a
promising solution for in vitro fabrication of solid organs. Lastly,
Zhao et al. developed a 7-axis robot-assisted minimally invasive
surgery technique for fetal membrane repair, showing successful
sealing of premature rupture of membranes in both in vitro and
mid-gestational rabbit models, showing that the hydrogel patches
could significantly prolong pregnancy by maintaining mechani-
cal properties like native tissues.[*!

Overall, the integration of robotics with bioprinting represents
a significant advancement. These robots, with their multiple de-
grees of freedom and precise control, allow for the accurate depo-
sition of biomaterials onto complex and curved surfaces. The ver-
satility and flexibility of these systems have been demonstrated in
various applications, from repairing bone and cartilage defects to
regenerating skin and cardiac tissues. As these technologies con-
tinue to evolve, they hold the promise of further enhancing the
capabilities of bioprinting, paving the way for innovative treat-
ments and breakthroughs toward clinical translations.

3.3. Natural Language Processing

Natural language processing (NLP) operates by breaking down
human language into a machine-readable form, enabling com-
puters to process, analyze, and even generate text or speech.[””
An NLP system processes text or speech input, transcribing
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Figure 7. An NLP framework for bioprinting adjustments and command
generation. The system processes input from text or speech, with speech
input transcribed before entering the text processing module. Text pro-
cessing involves feature extraction, enabling three pathways: rule-based
models for predefined rules, ML models for adaptive text analysis, and DL
models for advanced comprehension. Outputs include basic text genera-
tion for simple tasks and complex semantic and syntactic text generation
for detailed command formation. These outputs support keyword extrac-
tion, command execution, and log/report generation. NLP-driven sugges-
tions create a feedback loop to optimize bioprinting parameters in real
time.

speech before text processing. Feature extraction enables two
pathways: rule-based models for predefined rules and ML models
for adaptive analysis. DL models, used for advanced comprehen-
sion, often bypass extensive feature extraction. Outputs include
simple text generation for basic tasks and high-level semantic
text generation for complex commands. These outputs support
keyword extraction, command execution, and log/report genera-
tion. NLP-driven feedback optimizes bioprinting parameters in
real time. Figure 7 shows the basic flow of an NLP system in the
context of bioprinting.

Text generation is achieved through advanced NLP models,
particularly those based on DL, like transformers (e.g., Gener-
ative pretrained transformer (GPT)). These models are trained
on vast amounts of text data, learning the underlying structure,
grammar, and patterns of language. During text generation, the
model uses this learned knowledge to predict the next word or
sequence of words based on a given prompt. This allows for the
creation of coherent and contextually relevant text, which is in-
creasingly being used in applications such as chatbots, content
creation, and automated reporting. In bioprinting, NLP can sig-
nificantly enhance research and innovation by leveraging these
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principles to manage and interpret large volumes of scientific
data and literature. For instance, NLP can automate the extrac-
tion of critical information, such as bioink compositions, cell via-
bility, or printing parameters, from scientific papers, reports, and
datasets. By applying NLP techniques to this data, researchers can
quickly identify trends and insights, reducing the manual effort
needed to collect vast amounts of literature.

However, it's important to remember that while NLP can
make data analysis faster, it should not be the only method
used, as it is still in the development stage. Manual supervi-
sion is advisable, especially during the initial stages of experi-
mental planning to ensure accuracy and account for nuances
that automated techniques may overlook. The algorithm then
scans abstracts for these keywords, extracting insights on tech-
nological trends, emerging bioprinting technologies, and links
between techniques, materials, and applications. For instance,
Bonatti et al. showcased the application of NLP techniques to au-
tomatically extract and analyze knowledge from the bioprinting
literature.[®?! Their approach uses abstracts and author-provided
keywords, which are automatically categorized into groups, such
as manufacturing techniques, materials, and applications.

Moreover, NLP can streamline the operations of bioprinting
systems by enabling natural language interfaces. Researchers
could use voice commands or written inputs to control bio-
printing parameters, making the process more intuitive and ef-
ficient. NLP can also assist in automatically generating research
summaries and reports on bioprinting results, offering sugges-
tions based on prior studies and experimental results for bioink
changes and parameter tunning.!'%1% NLP techniques can con-
vert textual descriptions of materials or shapes into CAD files or
directly generate designs, as demonstrated by Khan et al. on text-
to-3D model generation and Badagabettu et al. on the generation
of the CAD model with the help of self-refinement loops.[192103]
This process bypasses manual coding by leveraging Al to un-
derstand natural language commands and generate specific ge-
ometries and properties required for bioprinting. Recent work by
Kyaw et al. on “Speech to Reality” systems shows how NLP can
drive on-demand production using generative Al for physical ob-
ject creation, highlighting the efficiency of this approach in de-
sign and manufacturing. The system presented good results for
slow operations; however, some instability was detected when the
speed was increased.!'%!

In bioprinting, robust quality control measures are essential
across various stages of the workflow, including pre-process op-
timization, in-process monitoring, and post-process assessment,
to ensure the final product is both functional and safe for clinical
use.8] NLP can play a pivotal role in this process by specifying
the mechanical properties, cellular composition, and geometric
features of tissue constructs. NLP algorithms can interpret user-
defined input regarding mechanical properties (such as stiffness,
elasticity, and compressive strength), cellular composition (such
as the type and density of cells to be bioprinted), and geomet-
ric features of tissue constructs (such as shape, size, and poros-
ity). By integrating NLP with bioprinting software, these inputs
can be transformed into standardized design files (e.g., STL or
G-code) and bioprinting parameters such as printing speed and
layer thickness, which can be directly utilized by a bioprinter.
Thus, the integration of NLP into bioprinting holds significant
promise for advancing the field by enhancing user interactions,
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Figure 8. ES framework for bioprinting optimization and guidance. The
framework combines input from experts, literature, and user interactions
to support intelligent decision-making. A knowledge acquisition module
collects and updates data, which is stored in a structured database and
knowledge base. Users interact through a user interface to submit re-
quests related to tasks such as bioink preparation, CAD modeling, process
optimization, bioprinting parameters, and post-printing analysis. The in-
ference engine processes these inputs using stored knowledge and rules
to generate actionable recommendations, enabling precise and efficient
bioprinting workflows.

improving design customization, and streamlining data analysis,
thereby driving innovation and efficiency in bioprinting.

3.4. Expert Systems

Expert systems (ES) are intelligent software systems designed to
replicate and apply the knowledge of human experts to solve com-
plex problems within specific domains, such as multi-material
bioprinting processes.['%1%] These systems use rules, knowl-
edge bases, and reasoning mechanisms to provide insights, au-
tomate processes, and improve accuracy. ES are typically com-
posed of three key components: 1) a knowledge base, which col-
lects and store domain-specific knowledge, facts and rules; 2) an
inference engine, which processes the information in the knowl-
edge base by applying logical rules to draw conclusions and make
decisions; and 3) a user interface, which allows users to interact
with the system, input data, and receive advice or instructions
based on the system’s reasoning.['®] Figure 8 shows how an ES
works. ES in bioprinting leverages accumulated expert knowl-
edge to apply well-established parameters, such as optimal pres-
sure, temperature, and printing speed. By enforcing these bound-
aries, ES help predict and prevent failures and potential dam-
age to both the bioink and bioprinter, ensuring smoother oper-
ations and maintaining the integrity of bioprinted constructs. As
knowledge-based tools, ES offer significant advantages: they cap-
ture and reuse expert knowledge to ensure consistent decision-
making, enhance efficiency by automating routine tasks, and
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swiftly process large datasets, ensuring accuracy while minimiz-
ing human errors, bias, and variability in decisions.'71%] Thus,
ES have been extensively adopted across various fields, includ-
ing additive manufacturing, where their integration has ushered
in a new era of possibilities, enabling enhanced design opti-
mization, path planning, material selection, process control, and
precision.[1%]

Designing and reconstruction of 3D models serve as a funda-
mental and critical phase in 3D bioprinting, significantly influ-
encing the successful fabrication of target constructs, particularly
in the modeling of complex human tissues and organs.[''9] ES
can provide valuable design and modeling support by offering
insights into optimal model geometry, orientation, supporting
materials, and structural configurations, including filling den-
sity and structure. This assistance not only enhances the shape
fidelity of bioprinted constructs and reduces material consump-
tion but also contributes to the distribution of biomaterials and
cells, mechanical properties, and the pore arrangement for ex-
change of nutrients, oxygen, and metabolites.!'1%] Moreover, an
essential application of ES in bioprinting lies in process optimiza-
tion. These systems analyze complex parameters of bioprinting,
optimizing critical variables such as layer thickness, bioprinting
speed, operating temperature, pneumatic pressure, biomaterial
selection, and bioink formulations to enhance printing precision
and efficiency.

Abdollahi et al. established an expert-guided optimization
(EGO) system to optimize 3D printing of a polydimethylsiloxane
elastomer resin.[?! This EGO strategy integrates expert knowl-
edge with algorithmic optimization, using expert screening, hill-
climbing search, and iterative decision-making to fine-tune the
printing parameters. The developed EGO system was success-
fully applied to 3D printing of complex structures with unprece-
dented precision and shape fidelity, demonstrating its effective-
ness in optimizing 3D printing processes. The EGO strategy is
also well-suited for bioprinting applications, such as embedded
bioprinting. EGO could enhance the ability of bioprinting func-
tional tissues by incorporating parameters like cell type, growth
factor levels, and other biological properties into the optimiza-
tion process. For example, Yang et al. established a knowledge-
based expert system, where a structured knowledge framework
organizes and represents the geometry, materials, functions, and
relationships of assembly components, and modified the RETE
algorithm-based design decision-making, achieving the decision
guidance for printability and integrity of target assembly in the
additive manufacturing process.!''!l Additionally, a prototype of
ES was developed to detect polymer particles for 3D printing, an-
alyzing key properties that influence the quality of selective laser
sintering.'?] This ES can also be used for detecting the quality
of preparing spheroids and cell-laden microgels, thereby enhanc-
ing the efficiency and stability of processes, such as aspiration-
assisted bioprinting.[11*]

The application of ES in manufacturing planning exhib-
ited considerable potential for improvements in efficiency and
decision-making. Effective bioprinting planning is crucial for
creating complex multicellular tissues. A specialized expert sys-
tem can optimize cell and material deposition, improving accu-
racy and mimicking native structures, enhancing tissue engi-
neering for clinical use.'*15) Likewise, Abdulwahab et al. re-
ported a rule-based ES for the selection of additive manufacturing

© 2025 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH

95U8017 SUOWIWOD SAIIEa1D 8|qeal|dde auyy Aq peusencb afe sapoiLe O ‘88N JO SajnJ 1o} Akeiqiaulju 8|1/ UO (SUOTIPUOI-pUe-SWLB)W0Y A8 | 1M AJeiq 1jpuluo//sdny) SUONIPUOD pue SWB | 84} 88S *[6Z0Z/TT/2T] o Arlgiauljuo 481 ‘0ES605202 WiPe/Z00T 0T/I0p/W0dAs 1M ARelq 1 puljUO"peaueApe// Sy Wolj papeojumod ‘0 ‘820£9T9T


http://www.advancedsciencenews.com
http://www.afm-journal.de

ADVANCED
SCIENCE NEWS

ADVANCED
FUNCTIONAL
MATERIALS

www.advancedsciencenews.com

systems, including common metal and non-metal printing, to
streamline decision-making for manufacturers.'®) Given the
variety of bioprinting techniques developed to date, establish-
ing a similar ES for bioprinting selection is essential for adapt-
ing to the specific requirements of constructing different tis-
sues or organs.'”118] Moreover, quality assurance stands as
a cornerstone of additive manufacturing, particularly in high-
requirement sectors, such as aerospace and biomedicine. ES
plays a crucial role in real-time monitoring and control of bio-
printing processes, leveraging ML and image recognition tech-
nologies to promptly identify anomalies and deviations from es-
tablished quality standards, thereby facilitating immediate ad-
justments to ensure optimal output quality and enhance the relia-
bility of bioprinted constructs.''? In the context of culturing and
evaluating living tissue substitutes for bioprinting, the develop-
ment of specialized ES grounded in biomedical knowledge and
principles will be instrumental. This system can enhance func-
tional tissue regeneration by dynamically adjusting growth fac-
tors and optimizing the tissue microenvironment, thus creating
conditions conducive to effective tissue development.[*?°] Finally,
maintaining bioprinting equipment is crucial for ensuring sus-
tained productivity. ES plays a key role in predicting maintenance
needs of machines or processes by analyzing machine data, his-
torical maintenance records, and usage patterns, especially for
automatic biofabrication processes in the future.['?!! This predic-
tive capability not only helps prevent costly downtime and bioink
waste but also significantly enhances the reliability of bioprinting
processes while extending their operational lifespans.[1?2]

Overall, ES significantly enhances additive manufacturing by
supporting every stage of the processes, from design optimiza-
tion and material selection to real-time monitoring, error de-
tection, and even post-processing and quality assurance. By au-
tomating complex decision-making, these systems accelerate the
development of bioprinting, addressing technical challenges, im-
proving efficiency, and driving innovation in the field. While the
integration of ES in additive manufacturing offers significant ad-
vantages, several challenges remain to be addressed, such as the
need for more comprehensive databases, continuous refinement
of Al algorithms, and standardized interfaces to ensure different
systems work together. Particularly in the emerging field of bio-
printing, establishing reliable and comprehensive databases for
ES is a significant challenge, due to the complexity and variabil-
ity of biological materials, cellular behavior, and tissue-specific
requirements. However, with the rapid advancements and data
accumulation in bioprinting, such as the establishment of an
open source bioink database for EBB, along with the integra-
tion of ML and DL algorithms, empowers ES to enhance the ef-
ficiency and stability of bioprinting functional tissue analogs.[1?3]
This progress is poised to significantly advance clinical transplan-
tation efforts in biofabrication. Similarly, fuzzy logic, a mathe-
matical approach used to model complex systems, offers a com-
plementary tool for addressing the inherent uncertainties in bio-
printing processes, where conventional models may fail due to
their binary nature.l124]

Unlike traditional Boolean logic, which outputs values as ei-
ther 0 or 1, fuzzy logic operates on a spectrum of truth values
between 0 and 1.1'2>126] This approach mirrors human reason-
ing more closely and is advantageous in various applications,

Adv. Funct. Mater. 2025, 09530 e09530 (14 0f47)

www.afm-journal.de

including bioprinting. A fuzzy logic system comprises four key
components: fuzzification, fuzzy inference, defuzzification, and
a knowledge base.['?] Fuzzification is a process in fuzzy logic
that transforms plain numbers into fuzzy values, which repre-
sent degrees of truth rather than absolute truths or falsehoods.
These fuzzy values are generated using expert-set rules, which
are graphically represented as shapes like triangles, trapezoids,
or curves. These shapes help determine how much an input
value, such as bioink temperature, fits into categories like “hot”
or “cold.” The range of fuzzy values between 0 and 1 allows for nu-
anced classifications, beyond just binary hot or cold, by indicating
degrees of hotness or coldness. In more advanced fuzzy systems,
these rules themselves can be fuzzy, introducing greater flexibil-
ity and capacity to handle uncertainties, though at the expense of
more complex calculations.[127:128]

The knowledge base of fuzzy logic consists of rules expressed
as IF-THEN statements. These rules relate input variables to out-
put variables using linguistic terms. In bioprinting, one can con-
sider the rule: IF extrusion speed is “very fast” and pressure
is “very high,” THEN bioprint quality is “very poor.” The fuzzy
logic system uses these terms to evaluate inputs against rules.
In this scenario, the inference mechanism determines the rel-
evance of each rule based on the given inputs: extrusion speed
and pressure.['?] The output of this evaluation is a secondary
fuzzy value, which is organized in a matrix format, showing the
degree to which each rule, such as the one stated, applies. This
matrix represents the fuzzy logic’s intermediate step before final
output generation. This fuzzy value is then processed in the de-
fuzzification stage to transform it back into a clear and specific
value.[125127]

Fuzzy logic systems are particularly useful for optimizing bio-
printing parameters. Given the often-vague nature of input data
in bioprinting, fuzzy logic can enhance the resolution and qual-
ity of bioprinted constructs. For instance, Sedigh et al. used a
fuzzy system to predict how printing parameters—speed, pres-
sure, and bioink dilution—affect printed line width.!'?] By print-
ing squares with varying parameter combinations and measur-
ing the line widths, they created a rule set for the fuzzy system.
The system then predicted line widths for any combination of
parameters within the tested range, resulting in significant pre-
cision improvements for bioinks. The researchers compared two
fuzzy systems in predicting bone tissue mineralization based on
cell culture duration and cell suspension density.'*! By feeding
micro-CT data into both systems, they generated predictive mod-
els that accurately depicted how these parameters influence min-
eralization volume. The study highlighted the superior accuracy
of type II fuzzy systems due to their ability to handle more com-
plex uncertainties. Together, these studies demonstrate the ben-
efits of fuzzy logic in optimizing bioprinting parameters. By re-
ducing the need for extensive measurements and bioink usage,
fuzzy logic systems can efficiently map how different parameter
combinations affect bioprinting outcomes. This approach saves
time and resources while providing highly accurate predictions,
making it a valuable tool in bioprinting. Its ability to model sys-
tems with vague or imprecise information makes it ideal for opti-
mizing bioprinting parameters, enhancing the quality and preci-
sion of bioprinted constructs, and contributing to advancements
in bioprinting.
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Al Technique Working Mechanism Key Strengths & Advantages Major Limitations & Drawbacks Applications
v Utilizes image datato e Enhances print fidelity and resolution, enabling ® Processing speed and accuracy heavily reliant Automated quality control,
identify defects, real-time quality control and defect detection.l”’]  on high-quality imaging.[*°] error detection, process
isolate areas of e |mproves reproducibility by automating adjust- optimization, surface
interest, reconstruct ments during bioprinting.[e‘] reconstruction in
surfaces, and enhance complex
automated quality applications.[6066]
control.[37.74]
Robotics Employs one or more e Automates bioink placement, reducing human ® High setup and operational costs. Real-time process
multi-axis robotic error.[%0] ® Complex Al and robotic integration required, monitoring,
arms for flexible, e Enhances real-time quality control and  challenging for smaller labs or teams. high-precision
adaptable, and scalability.[130] manipulation of cells,
multi-material bioink e Ensures precise and repeatable manipulation of automation of complex
deposition.[60.70] delicate tissues.[%] structures with a
minimal error.[%]
NLP Analyzes and interprets e Enhances user-machine communication. ® May struggle with context-specific jargon or  Improving usability in
human language to e Automates record-keeping and reporting ambiguous language in technical settings. bioprinting software
facilitate user processes.!1%0] ® Requires extensive training data.[%] interfaces, automating
interaction, automate process documentation,
documentation, and extracting data from
extract insights from scientific literature.[°%100]
textual data.[*%%]
ES Utilizes a rule-based e Provides domain-specific decisions quickly.['%8] e Rule-based systems are challenging to scale ~ Diagnostic assistance,

knowledge systemto e Optimizes specific tasks with high precision.!1%]
replicate human e Reduces manual intervention by automating ® Difficult to adapt to new, unforeseen

expert decision-making processes.!105:112]

decision-making in
controlling
processes.!19%]

highly complex problems. parameter control, and
process optimization in
conditions.[15] bioprinting.[121.125]
Applies during
pre-bioprinting (bioink
selection),
post-bioprinting (quality
control analysis), and
active bioprinting
processes.[10512%]

Table 1 summarizes the working mechanism, advantages, lim-
itations, and applications of different Al functionalities in the
context of bioprinting.

4. Optimizing Bioprinting Processes through ML

MLis a key branch of AI, and it is closely related to other branches
such as CV, robotics, NLP, and ES. These branches can operate
with an explicit set of rules, but adding ML improves their flexibil-
ity, accuracy, and effectiveness. ML helps them learn from data,
adapt to new situations, and make smarter decisions. Nowadays,
these areas often rely on ML techniques to improve their function
and performance. These intelligent systems can adapt to new in-
formation and changing situations.['*') Much like humans and
animals learn from their surroundings and experiences, ML sys-
tems in bioprinting use the data from previous experiments to
improve future outcomes. In general, learning means adapting
systems based on experience. For example, ML can refine print
parameters after each experiment, optimizing future processes
to achieve better quality and function.!?’]

Al models that use ML are typically trained using large
datasets, either from previous prints or from simulations (dig-
ital twins) of tissue growth and cell behavior, and are evalu-
ated based on their ability to generalize to new scenarios. Met-

Adv. Funct. Mater. 2025, e09530 €09530 (15 of 47)

rics, such as accuracy, precision, recall, and mean squared er-
ror, are commonly used to assess performance of trained ML
models.[®%] ML algorithms are typically classified as supervised,
unsupervised or RL, where supervised learning relies on labeled
data employed to train the predictive models for pattern recog-
nition and regression tasks, while unsupervised learning does
not require labeled data, most suitable for clustering tasks,['3]
which involve grouping similar data points based on their char-
acteristics to identify patterns or relationships within the data.
In bioprinting, supervised learning can help predict specific out-
comes like cell survival, print quality, or bioink behavior using
the data that are already labeled with known results. This allows
researchers to adjust bioprinting settings like pressure, temper-
ature, or bioink composition to achieve better results. Unsuper-
vised learning, on the other hand, does not need labeled data.
For example, it can group bioink types based on their proper-
ties or how well they print. This can reveal new insights that im-
prove bioprinting without needing as much pre-labeled data. RL
can optimize bioprinting parameters by learning from real-time
feedback. For instance, a CV algorithm can monitor the process,
assess layer precision and bioink deposition, and provide feed-
back to the RL system, assigning rewards for improved quality
and penalties for defects, thereby optimizing the model in real
time.
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Figure 9. lllustration of model complexity and its impact on classification and regression in ML. Classification boundaries and regression models
demonstrate different levels of fitting: A) underfitting: linear or simple models fail to capture the nonlinear separability or trend in the data, B) optimal
fit: nonlinear models effectively balance bias and variance, accurately capturing the data structure or relationship, and C) overfitting: highly complex

models fit noise, reducing generalization to unseen data.

Anotable subfield of ML is DL, which automates the feature ex-
traction process from raw data, leading to superior performance
in various tasks. DL has shown remarkable success in applica-
tions such as image recognition, NLP, and generative models. In
bioprinting, DL can be combined with CV for in situ scanning
and real-time monitoring of bioprinting, ensuring print qual-
ity and layer precision.[**] Additionally, DL, alongside computer
graphics, can analyze medical images like CT and MRI scans to
generate detailed 3D models for personalized bioprinting. NLP
can also be used to analyze medical records and generate diag-
nostics, further enhancing the accuracy of bioprinted constructs
Dy tailoring them to specific patient needs based on medical data.
Additionally, ML can facilitate real-time corrections during the
bioprinting, enabling adjustments based on immediate feedback
from sensors and monitoring systems.[°!] This ensures that any
deviations from desired parameters can be quickly addressed,
leading to higher-quality output and reduced waste.

ML has two crucial aspects that are directly applicable in bio-
printing. First are classification models, which focus on catego-
rizing data into distinct groups. For instance, classification mod-
els can identify patterns or categories to determine the suitability
of a bioink by analyzing specific properties of its formulations.
This enables researchers to quickly assess which bioinks are vi-
able for their applications.!*8] These properties may include vis-
cosity, cell concentration, gelation time, and mechanical strength,
with the output classified as either suitable or not suitable. The
second are regression models, which focus on predicting contin-
uous numerical values. These models can predict and fine-tune
outcomes, such as the precise pressure, printing speed, and tem-
perature needed during extrusion, ensuring more accurate and
consistent bioprinting results.[2¢]

Data representation is crucial for effective ML in bioprinting.
Input data must be organized to capture the critical features that
determine successful bioprinting. Key parameters such as rheo-
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logical and mechanical properties, biocompatibility, degradation
rate, swelling behavior, environmental conditions, and the spe-
cific cell types used all play a critical role in influencing bio-
printing quality and ensuring cell viability. Properly organizing
this input data ensures that ML models can efficiently learn and
make accurate predictions. For example, if the data captures how
bioink viscosity affects printability, the model can predict bio-
printing results for bioinks having different viscosities, provided
other parameters are maintained the same.!'3* Additionally, data
quality directly affects the performance of the ML model. High-
quality data that accurately reflects the properties of bioinks leads
to better predictions. This requires precise and reliable instru-
ments for data collection. If the data is biased or incomplete, the
model’s predictions will be unreliable, leading to suboptimal re-
sults. Therefore, the calibration and accuracy of data acquisition
tools, such as sensors or other hardware, are vital for the success-
ful implementation of ML in bioprinting.***]

A crucial concept in ML is generalization, which ensures
that models not only perform well on training data but also on
new, unseen data. In bioprinting, where bioinks and processes
can vary significantly, generalization is especially important. ML
models must capture the underlying patterns in the data rather
than memorizing specific details from the training set. One com-
mon challenge in ML is underfitting (Figure 9A), where a model
is too simple to capture the underlying patterns in the data, result-
ing in poor performance on both the training and new data. To
achieve optimal fitting, it is essential to strike a balance between
underfitting and overfitting by ensuring that the model captures
the underlying patterns in the data without becoming overly spe-
cialized to the training set (Figure 9B). This requires a combi-
nation of robust model design, appropriate data preprocessing,
and effective training strategies. Achieving sufficient generaliza-
tion, meaning the model performs well on both training and
new data, requires careful design of the model architecture and
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tuning of hyperparameters. For example, selecting the right
neural network architecture is crucial for optimal performance.
CNNs are well-suited for tasks involving image data, such as real-
time defect detection, while recurrent neural networks (RNN)
are ideal for sequential data, like monitoring cell behavior over
time. Hyperparameters, which are model configurations set be-
fore training, play a significant role in balancing accuracy and
avoiding overfitting. Key hyperparameters include the learn-
ing rate, batch size, and the number of hidden layers, each of
which directly influences the model’s learning dynamics and
performance.[***] On the other hand, overfitting (Figure 9C) oc-
curs when a model becomes overly specialized to the training
data, leading to poor performance on the new data.['”] The learn-
ing rate controls how quickly the model updates in response to
data. A high learning rate can cause abrupt shifts, leading to un-
stable predictions and issues like uneven layer deposition or cell
damage due to poorly tuned parameters. Conversely, a low learn-
ing rate slows down learning, prolonging training times and de-
laying results. The batch size affects the amount of data processed
at once. While smaller batches require less computational power,
excessively small batch sizes may impair generalization, result-
ing in lower accuracy on new data. The number of hidden layers
determines the network’s depth and its capacity to learn com-
plex patterns. Deeper networks are beneficial for capturing intri-
cate relationships, particularly with large datasets. However, too
many hidden layers can cause overfitting, as the model becomes
overly tailored to the training data and struggles to generalize new
examples.[13¢]

Furthermore, the adaptability of ML models is essential in the
fast-evolving field of bioprinting. As new bioinks and techniques
are developed, ML models can be updated to incorporate new
knowledge, ensuring that bioprinting processes remain efficient
and cutting-edge. Overall, ML is more than just a tool for an-
alyzing data; it is a driving force of innovation in bioprinting
and related fields. Its ability to learn, adapt, and optimize pro-
cesses is key to pushing the boundaries of what bioprinting can
achieve, making it an indispensable part of the future of tissue
engineering.[**®]

Table 2 provides an overview of various ML algorithms utilized
in bioprinting. Several key subfields of ML that contribute sig-
nificantly to advancing Al-driven applications in this domain are
highlighted below.

4.1. Supervised Learning

In supervised learning, models are trained on labeled datasets
to recognize patterns and make predictions based on input-
output pairs. In other words, the models depend on data with
known input and output to perform two major tasks: classi-
fication and regression. This approach is foundational in ML
and bioprinting, allowing for precision and adaptability in vari-
ous tasks. Supervised learning techniques such as artificial neu-
ral networks, deep learning, and convolutional neural networks
are widely utilized due to their ability to learn complex rela-
tionships and improve decision-making.['*?] These models en-
hance the accuracy of bioprinting processes by optimizing pa-
rameters and predicting outcomes with high reliability. In the
following sections, supervised learning methods are explored,
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highlighting their structure, functionality, and applications in
bioprinting.

4.1.1. Artificial Neural Networks (ANNs)

ANN s are predictive models inspired by the structure and func-
tion of the human nervous system. These models can learn sys-
tem behavior from data and apply it to a wide range of prob-
lems, including pattern recognition, regression, control, time se-
ries forecasting, and optimization.[>17] ANNs consist of ar-
tificial neurons, which are interconnected and perform com-
putations analogous to synaptic connections in biological neu-
rons (Figure 10A-i). The concept of artificial neurons can be de-
scribed as a model with multiple inputs, like a neuron’s den-
drites, represented by variables (x;, x,, ..., x,), and a single out-
put, akin to a neuron’s axon, represented by a variable (y).[*®
During the training process, the synaptic weights (w,, w;, w,, ...,
w,) are adjusted based on the training data. An activation func-
tion is then used to produce the output of the neuron, based
on the input values and their corresponding synaptic weights.
Figure 10A-ii illustrates the schematic of an artificial neuron.
The simplest form of an ANN is a single artificial neuron, also
known as a “perceptron.” However, in practical applications, mul-
tiple neurons are often combined into more complex architec-
tures. One of the most widely used architectures is the Multi-
layer Perceptron (MLP), which consists of multiple layers of neu-
rons. MLPs typically have an input layer that receives the inputs,
one or more hidden layers containing neurons, and an output
layer.[159-161]

The training process for ANNs, known as backpropagation, in-
volves two phases.[!] The first phase is the feed-forward phase,
where inputs are propagated through the network layer by layer,
and the final output (y) is computed based on the current synap-
tic weights. This output is then compared to the target value (j) to
calculate the error (€). In the second phase, known as the back-
ward phase, this error is propagated back through the network
to update the synaptic weights. The two phases are repeated iter-
atively to minimize the difference between the predicted output
(y) and the target value () (Figure 10B).

In pattern recognition tasks, the perceptron is effective when
the data are linearly separable. For instance, in a 2D graph with
the blue and the red dots, if a straight line can separate blue from
red, the data are linearly separable. Figure 10C shows an exam-
ple of how separation hyperplanes can be used with two inputs
in a perceptron network. However, when the data are not linearly
separable, more complex architectures like MLPs are required,
where the hyperplanes in MLPs handle more complex decision
boundaries. For challenging problems, using an MLP with one or
more hidden layers is necessary. In a study by Mohammadrezaei
et al.,, ANNs were applied in EBB.['**] They built a comprehen-
sive dataset of bioprinting parameters for gelatin and alginate
bioinks, and developed regression and classification neural net-
work models to predict cell viability (Figure 10D). This approach
allowed the identification of optimal bioprinting parameters to
maximize cell, significantly reducing the need for laborious
trial-and-error experiments. The neural network-based Bayesian
optimization model proved highly effective in predicting cell
viability with high accuracy and optimizing the bioprinting

© 2025 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH

85U8017 SUOWILLIOD BAea1D 3|qedljdde au Aq peusenob are saolie O ‘88N 4O S3nJ o AkeiqiT8ulUO A1/ UO (SUO I IPUD-pUR-SLIBY W00 A8 1M AeIq 1 jBul U/ Sd1y) SUORIPUOD Pue SWB | 38U} 88S *[5202/TT/2T] uo A%eiqiauliuo A8 (1M ‘085605202 LWHPe/Z00T OT/I0P/W0D A8 | 1M Alelq Ul U0 PaoURADe//SARY WO papeo|umoq ‘0 ‘8Z0E9TIT


http://www.advancedsciencenews.com
http://www.afm-journal.de

ADVANCED
SCIENCE NEWS

www.advancedsciencen

ADVANCED
FUNCTIONAL
MATERIALS

ews.com

Table 2. ML algorithms in 3D bioprinting.

www.afm-journal.de

Supervised Learning

ML algorithms

Primary functions

Major advantages

Limitations

Applications in

ANN

DL and DNN

CNN

Model non-linear
relationships, optimize
printing processes,
predict outcomes, and
adapt based on
historical data for
improved performance.

Learns complex patterns
from large datasets
through multiple layers
of neural networks. An
advanced version of
ANNs with many hidden
layers, used for complex
pattern recognition.

Specializes in image and
pattern recognition,
often used in visual data
analysis and CV tasks.
Modified version of
ANN with convolutional
and pooling layers.

RNN Processes sequential data

Decision trees, RF,
gradient
boosting, and
extreme
gradient
boosting
(XGBoost)

by remembering
information from
previous inputs.
Modified version of
ANN in which the
previous outputs are
used as inputs for the
next inference.

Splits data into branches
based on features to
guide decisions.

Capable of modeling com-
plex, non-linear relationships
and solving diverse prob-
lem types across various
domains.

High flexibility for complex,
non-linear datasets.

Can handle highly complex
problems.

Very high flexibility in applica-
tions.

Performs  well with large
datasets.

Great for image data and real-
time monitoring.
Automatically extracts fea-
tures from visual data.

Ideal for handling time-series
data.

Useful in modeling sequential
processes in bioprinting.

Easy to interpret and visual-
ize.

Works well with both categor-
ical and numerical data.
Handles non-linear relation-
ships.

Advanced versions handle
overfitting and perform well
in complex scenarios.

High computational de-
mands.

Reliance  on large
datasets

Risk of overfitting and
limited interpretability.

Require  very  exten-
sive computational
resources.

Large, labeled datasets
are prone to overfitting.
Have limited inter-
pretability.

Perform optimally only
with image data, re-
quire extensive labeled
datasets, are compu-
tationally ~ demanding,
and offer limited inter-
pretability.

Raw data requires pre-
processing strategies.

It can struggle with long-
term information.
Requires high computing
power.

Sometimes they are slow
to train and can struggle
with finding optimal net-
work parameters.

Decision Trees are prone
to overfitting and sensi-
tive to data changes.
Ensemble methods like
RFs, Gradient Boosting,
and XGBoost require sig-
nificant  computational
resources.

These methods need
careful hyperparameter
tuning.

They can struggle with
imbalanced or noisy
datasets.

As complexity increases,
interpretability may de-
crease.

Without proper regular-
ization, they risk overfit-
ting.

bioprinting
® Predict cell
viability;[13°] de-

velop  DMSO-free
bioinks  for  cryo-
bioprinting.[140]

® Parameter opti-
mization in DLP
bioprinting.[141]

® Real-time quality
control and parame-
ter optimization;!4’]
image segmenta-
tion and organoid
analysis in  high-
throughput drug
screening.[142]

® No relevant applica-
tions found.

® Accurate pathogen
classification
in bioprinted
constructs;[143]
predict scaffold
quality and  cell
response.“‘“]
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Supervised Learning

ML algorithms Primary functions

Major advantages

Limitations

Applications in

SVM Strong classification .
model.

L]

L]

BO and GP Efficiently searches for .

optimal parameters by
balancing exploration .
and refinement based
on data. It uses a .
probabilistic model to
predict outcomes by .
treating input-output
relationships as a .
continuous function
and guides the next
experiments to refine

the system.

Linear regression Predict continuous °
and logistic outcomes by modeling .
regression relationships between

dependent and .
independent variables.
Classifies binary .
outcomes (e.g., success
vs failure) based on
input parameters.
k-NN Predicts print outcomes by .

finding the closest data
points in previous o
bioprinting experiments.

Ensemble learning Combines multiple .

and hML algorithms or layers .
hierarchically to improve .
decision-making

accuracy.

High accuracy in classifica-
tion tasks.

Effective in cases where the
data has a clear margin of
separation.

No need for large datasets if
the margin is clear.

Reduces the number of exper-
iments required.

Efficiently  handles  small
datasets.

Efficient in high-dimensional
spaces.

Balances exploration and ex-
ploitation.

Works well for complex, non-
linear processes.

Simple and interpretable.
Effective when relationships
between variables are linear.
Good for binary classification
problems.

Easy to implement.

Simple and easy to imple-
ment.

Requires no assumptions
about the data distribution.
Effective with small datasets.

Increases model robustness.
Reduces overfitting.

Highly adaptable to complex
processes in bioprinting.

Require significant com-
putational resources for
large datasets.

Struggle with noisy data
and overlapping classes.
They are less effective for
high-dimensional  data
without careful hyperpa-
rameters selection.

Computationally de-
manding  for  high-
dimensional problems.
Do not scale well with
large datasets.

May underperform with
complex or non-linear
data.

Sensitive to outliers and
multicollinearity in pre-
dictors.

It can be slow with large
datasets.

Relies on the proper
choice of the number of
neighbors and distance
metric.

Struggles  with  high-
dimensional data.
Sensitive to noise and ir-
relevant features, which
can reduce accuracy.

It can be computationally
intensive.

Require careful model
tuning.

Often lacks interpretabil-
ity due to complexity.
Rely heavily on the hierar-
chy’s structure.

May propagate errors
across levels, affecting
overall performance.

bioprinting
® Optimize  printing
parameters for

Pluronic in EBB.I™3]

® Optimize EBB pa-
rameters for GelMA
and GelMA/HAMA
bioinks.!146] Opti-
mize nozzle geom-
etry and material
properties for im-
proved cell viability
in EBB.I7]

® Develop DMSO-
free  bioinks  for
cryo-bioprinting.[140]

® Predict cell viability
based on printing
conditions in  SLA
bioprinting.!14]

® Predict cell num-
bers and monitor
droplets in DBB;I1#]
improve glioma
treatment prediction
and analyze tumor
microenvironments!150];
optimize algi-
nate bioprint-
ing with minimal
experimentationl>1];
predict printing reso-
lution in EBB.I™52]
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Supervised Learning

ML algorithms Primary functions Major advantages Limitations Applications in
bioprinting
Unsupervised Learning
ML Algorithms Primary Functions Major Advantages Limitations Applications in
Bioprinting
Kmeans Cluster data categorizes e Split data into categories, ® An expert is required for Classify 3D-printed
them into groups. making it easier to under- cluster interpretation. scaffolds based on
stand. ® Requires a predefined biomaterial
number of clusters compositions and
printing
conditions.[44]
GANs Generates new data. It can ® Replace expensive experi- ® Require large datasets. 3D Nuclei

be used for data

augmentation.

ments with data collection.
Feasible digital twin option.

segmentation in

CLSM images to
analyze cell behaviors

in 3D models('>3]

Reinforcement Learning

ML algorithms Primary functions

Major advantages

Limitations

Applications in
bioprinting

Q-Learning Learns through
trial-and-error feedback
from real-time
bioprinting
environments.

Adaptable to dynamic envi-

ronments.

Continually improves perfor-

mance with more iterations.

Minimizes human interven-

tion.
Low or no training required.

® Requires a precise re-
ward system.

Generate a 3D vascular
network in a bone
model based on a

medical image
dataset.[>4]

Abbreviations: ANNSs, Artificial neural networks; DL, Deep learning; DNN, Deep neural networks; CNNs, Convolutional neural networks; RNNs, Recurrent neural networks;
CV, Computer vision; RF, Random forest; SVM, Support vector machine; BO, Bayesian optimization; GP, Gaussian processes; EBB, Extrusion-based bioprinting; DLP, Digital
light processing; SLA, Stereolithography; DBB, Droplet-based bioprinting; GelMA, gelatin methacryloyl; HAMA, hyaluronic acid methacrylate; DMSO, dimethyl sulfoxide;

k-NN, k-nearest neighbors; hML, hierarchical machine learning; GANs, generative adversarial networks; CLSM, confocal laser scanning microscopy.

process, offering a powerful tool for more efficient and precise
bioprinting techniques.[***! In cryo-bioprinting, Qiao et al. ap-
plied ML to predict the effects of different cryoprotective agents
(CPAs) on GelMA bioinks. The study compared four ML mod-
els: multiple linear regression, decision trees, random forest,
and ANN, to determine their predictive accuracy. The ANNs
model outperformed the others, proving especially effective in
predicting the cryopreservation efficiency of bioinks composed
of various CPAs. These findings highlight the potential of ML,
particularly neural networks, in accelerating the development
of dimethyl sulfoxide-free (DMSO-free) cryoprotective bioinks,
which are crucial for maintaining cell viability during cryo-
bioprinting. This approach represents a significant advancement
in the long-term preservation of artificial tissues and organs, of-
fering an efficient pathway for bioink development.l'*?l In an-
other study, a neural network was used to optimize bioprinting
parameters for fabricating personalized gingival grafts. By ap-
plying second-order quadratic regression, the system identified
ideal printing conditions with minimal experiments. The result-
ing constructs maintained high shape fidelity and cellular viabil-
ity over 18 days.[162]

Adv. Funct. Mater. 2025, e09530 €09530 (20 of 47)

4.1.2. Deep Learning and Deep Neural Network

Deep learning (DL) is a subset of ML that uses neural networks
with multiple layers, known as deep neural networks (DNNs), to
model complex patterns in data. Figure 11 shows an example of
a deep DNN. Unlike traditional ML algorithms, which typically
require manual feature extraction and simpler architectures, DL
automates the identification of relevant features directly from raw
data.!93] This capability makes DL particularly effective for work-
ing with large and complex datasets, such as those encountered
in fields like computer vision, robotics, NLP, ES, and bioprinting.

In bioprinting, preferring DL over traditional ML methods de-
pends on several important factors. DL is especially advantageous
when dealing with complex, high-dimensional, or unstructured
data, such as images or sensor readings, because it can auto-
matically detect patterns without the need for extensive man-
ual work.["] Tt excels when applied to large or non-structured
datasets, often yielding better accuracy by identifying intricate,
non-linear relationships. DL is also suitable for tasks that in-
volve predicting multiple outcomes simultaneously, making it a
valuable tool for modeling complex bioprinting processes. For
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Figure 10. A) i) Illustration of a neuron structure, highlighting its anatomical features, ii) schematic representation of a perceptron and ANN, showing
neurons’ interconnections within a neural network architecture (produced with Adobe Inc., (2019), Adobe Illustrator). B) Simplified representation of
forward and backward propagation in a neural network. During the forward phase (blue arrows), predictions (y) are computed from input data (x) by
passing information through network layers using weights (w) and neurons. In the backward phase (red arrows), errors (€) are calculated by comparing
predictions (f) with true values (y) and propagated backward to adjust weights (w). This iterative process trains the neural network to minimize errors
and enhance prediction accuracy. C) Perceptron behavior on linearly separable and non-separable data. For linearly separable data, the perceptron finds a
decision boundary. For non-separable data, it fails to converge due to the lack of a linear solution. D) Algorithm of a Bayesian optimization model utilizing
a regression neural network for optimizing bioprinting. Panel (D) is reproduced (adapted) with permission.l'3®! Copyright 2024, IOP Publishing Ltd.
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Figure 11. Schematic representation of a deep neural network (DNN) architecture, illustrating input, hidden, and output layers. This figure was produced

with Adobe Inc., (2019), Adobe Illustrator.

example, the system can take input from various sensors, such
as cameras, accelerometers, and thermometers in a DBB setup,
to monitor important factors like droplet size and stability, tem-
perature, and vibration.

Using this data, it can automatically adjust the voltage of a
droplet actuator, control the temperature, and fine-tune the print-
ing speed to prevent errors and ensure a stable DBB process all at
once. However, DL comes with higher computational demands
and often requires more specialized expertise. When computa-
tional resources or expertise are limited, traditional ML meth-
ods may be more appropriate for simpler tasks. For example,
Guan et al. applied DL techniques to address the challenges of
cell-induced light scattering in DLP bioprinting.!*!] They used a
DNN model (Figure 12A) with multiple layers to automatically
generate optimized bioprinting parameters, improving printing
fidelity. The model’s hierarchical feature learning compensated
for complex scattering effects, which would be difficult for even
experienced operators to manually adjust. Despite training the
model on a small dataset of only 32 samples, it demonstrated
generalization capabilities, significantly enhancing print quality
across a range of designs and biomaterials (Figure 12B). That
study highlights the potential of DL in bioprinting, particularly
in situations where data are limited, and manual parameter ad-
justments fall short.

Adv. Funct. Mater. 2025, e09530 €09530 (22 of 47)

4.1.3. Convolution Neural Network

Convolution Neural Networks (CNNs) are one of the most well-
known and widely used algorithms in DL."3}] They are similar to
MLPs, but they offer the distinct advantage of automatically ex-
tracting relevant features from raw data, eliminating the need for
manual feature extraction typically required in MLPs, where spe-
cialists apply statistical strategies to preprocess data. CNNs have
become popular across various domains, including speech recog-
nition, image analysis, and fault detection.[1*#1%] CNN’s architec-
ture can include several layers, with convolutional, pooling, and
flattening layers being the most common. These layers play cru-
cial roles in processing input data and optimizing model perfor-
mance. Convolutional layers use filters to scan the input data, au-
tomatically learning important patterns and features, while pool-
ing layers simplify the data by reducing its size, which helps lower
the complexity of the network and makes it easier for the model to
process without losing key information. This reduction decreases
the number of training parameters, helping to prevent overfit-
ting. At the end of the network, the flattened layer shapes the
data to fit a fully connected layer’s neural network, which maps
the information from the previous layers into the final output.[*!!
Figure 13A shows the flow of a CNN with two convolutional lay-
ers and two pooling layers.
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Figure 12. A) Schematic of the learning process: 32 sample masks are bioprinted as single-layer trials to calibrate a bioprinter simulator. The calibrated
simulator generates extensive training data, which, along with bioprinted samples, trains the neural network. The network then calculates optimized
masks to compensate for cell scattering, with final quality tested on predefined target designs. B) Post-processed microscopic images of test prints.
The first column displays the designed target structures, while the second column shows bioprinted structures using neural network (NN)-calculated
masks. The third, fourth, and fifth columns present the printing results with identical masks at exposure doses of 100%, 75%, and 70%, respectively.
Scale bar: 200 um. Panels (A) and (B) are reproduced (adapted) with permission.l"#1 Copyright 2021, IOP Publishing.

Recent advancements in CNN and DL have significantly im-
pacted the field of bioprinting, offering new approaches for opti-
mizing and automating various stages of bioprinting processes.
One notable example is the work by Bonatti et al., who developed
a DL-based CNN quality control system for EBB.I*/] By leveraging
CNNs, their system was able to optimize bioprinting parameters
and monitor the process using machine vision in real time. High-
resolution video data of different bioprinting outcomes, such as
under-extrusion or over-extrusion, were recorded and used to
train the CNN model. This allowed the system to predict print
quality as “ok,” “under extrusion,” or “over extrusion,” reaching
above 90% of accuracy, and make automatic adjustments to bio-
printing parameters, which significantly reduced bioink waste
and improved overall print fidelity. This innovative integration
of machine vision with CNNs sets the stage for a fully automated
quality control loop, ensuring consistent and reliable bioprinting
outcomes.

Tebon et al. introduced a novel pipeline combining bioprint-
ing, high-speed live cell interferometry (HSLCI), and ML for
high-throughput drug screening at the single-organoid level.[*?]
Their bioprinting process maintained the native characteristics of
tumor cells using a Matrigel bioink with precise temperature con-
trol to ensure consistent extrusion. This setup allowed for accu-

Adv. Funct. Mater. 2025, 09530 09530 (23 0f47)

rate control of the size and shape of bioprinted constructs, which
were then analyzed using HSLCI to monitor mass changes over
time. ML algorithms, including CNNs (with U-Net architecture
and ResNet-34 encoder) for image segmentation and XGBoost
for track classification, were applied to analyze large datasets gen-
erated during this process (Figure 13B). This approach enabled
accurate tracking and analysis of individual organoids, offering
critical insights into drug resistance and sensitivity, and poten-
tially informing personalized cancer treatment strategies. Sok-
men et al. employed a CNN-based deep learning approach for
the segmentation of coronary arteries from Computed Tomog-
raphy Angiography images, using the nnU-Net architecture en-
hanced by transfer learning to overcome dataset limitations. By
leveraging pre-trained weights from a liver vessel segmentation
network, the model outperformed two other CNN-based archi-
tectures, U-Net and MultiResU-Net, in terms of accuracy. The
Al-generated segmentations were used to reconstruct 3D mod-
els of patient-specific coronary arteries, which were successfully
bioprinted using hydrogel.*®] Collectively, these studies demon-
strate the transformative potential of integrating DL and ML
techniques into bioprinting. From real-time process optimization
and quality control to advanced applications in tissue maturation
and drug screening, integration of these technologies is driving
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Figure 13. A) Architecture of a CNN for image analysis and feature extraction. The network processes an input image through two convolutional layers
for feature detection, each followed by a pooling layer to reduce spatial dimensions. The features are then flattened into a 1D vector and passed through
a fully connected layer for classification and regression tasks. The output includes type classification and coordinate predictions (x, y, and volume),
showcasing the network’s ability to perform object recognition and spatial localization. This figure was produced with BioRender.com and Microsoft
PowerPoint. B) General schematic of the pipeline for cell cluster identification. Image segmentation was performed using a U-Net architecture with
a ResNet-34 backbone. The U-Net’s encoder extracts features, while the decoder restores resolution, aided by skip connections that retain pixel-level
contextual information. This approach produces detailed segmentation masks, even with small training datasets, enabling accurate identification despite

background noise and debris. Panel (B) is reproduced (adapted) with permission.!'#2] Copyright 2023, Springer Nature.

innovations in the field. DL models are proving instrumental in
overcoming challenges related to print fidelity, tissue develop-
ment, and organoid analysis, setting the stage for future advance-
ments in personalized medicine and bioprinting technologies.

4.1.4. Recurrent Neural Network

Recurrent neural networks (RNNs) are a class of ML algo-
rithms designed for tasks involving sequential or time-dependent
data.l197168] Their architecture enables them to capture and uti-
lize information from previous inputs through a dynamic hidden
state, making them particularly effective for modeling temporal
patterns (Figure 14A). This ability is vital for optimizing compu-
tationally intensive simulations, as RNNs can capture complex
dynamic behaviors, minimizing the need for resource-heavy sim-
ulations that often slow research and development. In the realm
of bioprinting, for example, RNNs can simulate bioink flow be-
havior, reducing reliance on finite element simulations, which re-
quire significant computational power. By learning from data and

Adv. Funct. Mater. 2025, e09530 €09530 (24 of 47)

approximating system behavior, RNNs provide a more computa-
tionally efficient alternative to traditional modeling approaches,
accelerating optimization while maintaining accuracy. RNNs can
also be employed to predict the behavior of cells and tissues in re-
sponse to various bioprinting conditions, environmental factors,
and biological stimuli. For example, they can be used to forecast
how cellular structures respond to growth factors or mechanical
stresses over time, significantly reducing the need for repeated
physical trials and simulations.[') However, despite their poten-
tial, no significant studies have yet been published that combine
RNNs with bioprinting, indicating an area ripe for exploration
and innovation.[!7]

4.1.5. Decision Trees, Random Forest, Gradient Boosting (GBoost),
and Extreme Gradient Boosting (XGBoost)

A foundational component of ML, decision trees (DTs) are non-
parametric, supervised learning models used for classification
and regression tasks.['"!72] In bioprinting, decision trees can
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Figure 14. A) Architecture of RNNs. The diagram illustrates the structure of RNNs, which consist of input, hidden, and output layers. Unlike traditional
neural networks, RNNs have recurrent connections that enable them to maintain a memory of previous inputs by passing information through hidden
states. This figure was produced with Adobe Inc., (2019), Adobe Illustrator. B) Example of a DT for evaluating bioink printability based on key parameters,
including yield stress, viscosity, nozzle size, cell viability, and printing time. The assessment begins by verifying if the bioink’s yield stress and viscosity
are within an acceptable range. If acceptable, it is followed by checking the uniformity of the extruded filament. Next, the impact of nozzle size on cell
viability is evaluated. The next step is to assess whether the final cell viability and nozzle size fall within the required range. Finally, printing speed and
time are evaluated to ensure that they fall within acceptable limits. Bioinks that satisfy all criteria are classified as printable, ensuring optimal performance

and cell integrity during bioprinting. This figure was produced with BioRender.com and Microsoft PowerPoint.

streamline processes like evaluating bioink printability by guid-
ing decision-making based on key parameters, like viscosity or
cell viability, making them powerful tools for improving bio-
printing outcomes.['7>174] For example, a decision tree evaluating
bioink printability might start with the question of viscosity, fol-
lowed by assessments of shear stress stability, bioactivity, and ex-
trusion capability. They operate by starting with a primary ques-
tion, such as “Is this bioink printable for 3D bioprinting?” and
branching out through a series of feature-based queries, creat-
ing decision nodes that segment the data into subsets. Each path
from root (initial node) to leaf (final decision node) node repre-
sents a classification or prediction, with leaf nodes indicating the
outcome (e.g., printable or not printable). The decision tree pro-
gresses by comparing values against thresholds defined during
the training phase. For example, a question like “Is cell viability
greater than 80%?” guides the flow: if the answer is yes, the pro-
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cess continues to the next node. If not, the flow either terminates
or redirects to a more appropriate set of questions for further
evaluation (Figure 14B). DTs are simple to understand, interpret,
and visualize, making them useful for both technical and non-
technical stakeholders. They require minimal data preparation
and can handle both categorical and numerical data, although
they are prone to overfitting, where the model becomes too com-
plex and captures noise in the data. Techniques such as pruning,
limiting tree depth, or setting minimum sample sizes at nodes
are used to prevent overfitting.!'”!] DTs employ the classification
and regression tree (CART) algorithm, utilizing metrics such as
Gini impurity or mean squared error to evaluate the efficacy of
splits and optimize data partitioning.['’>] There are several types
of DTs used in ML as discussed in the following paragraphs.
Random forest (RF) is a powerful and robust ensemble learn-
ing algorithm that leverages the combined output of multiple

© 2025 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH

95U8017 SUOWIWOD SAIIEa1D 8|qeal|dde auyy Aq peusencb afe sapoiLe O ‘88N JO SajnJ 1o} Akeiqiaulju 8|1/ UO (SUOTIPUOI-pUe-SWLB)W0Y A8 | 1M AJeiq 1jpuluo//sdny) SUONIPUOD pue SWB | 84} 88S *[6Z0Z/TT/2T] o Arlgiauljuo 481 ‘0ES605202 WiPe/Z00T 0T/I0p/W0dAs 1M ARelq 1 puljUO"peaueApe// Sy Wolj papeojumod ‘0 ‘820£9T9T


http://www.advancedsciencenews.com
http://www.afm-journal.de

ADVANCED
SCIENCE NEWS

ADVANCED
FUNCTIONAL
MATERIALS

www.advancedsciencenews.com

decision trees to improve predictive accuracy and reduce the risk
of overfitting. Known for its flexibility, RF is effective for both clas-
sification and regression tasks. It uses a method called bagging,
where it randomly selects samples of data (bootstrap sampling)
and features to build many decision trees. By choosing different
features at each split, RF ensures that trees are less similar to
each other, which helps reduce the risk of overfitting, a common
problem with single decision trees. This makes RF more accurate
and reliable in its predictions.['’®177] The core strength of RF lies
in aggregating predictions from multiple DTs, using averaging
for regression tasks and majority voting for classification tasks.
This approach allows the algorithm to capitalize on the strengths
of individual trees, resulting in more accurate and stable
predictions.

In the context of bioprinting, Safir et al. employed an RF
classifier to analyze Raman spectra for classifying bacterial and
blood cell types within droplets bioprinted using an acous-
tic bioprinter.'3! Their study aimed to rapidly analyze cellu-
lar components in complex samples by integrating surface-
enhanced Raman spectroscopy (SERS) with ML. Given the
high-dimensional nature of the spectral data, researchers uti-
lized principal component analysis (PCA) for dimensionality
reduction and t-distributed Stochastic Neighbor Embedding
(t-SNE) for visualization. These techniques enabled efficient
data processing, allowing the RF algorithm to achieve more
than 99% classification accuracy for single-cell-line droplets
and over 87% accuracy for mixed-pathogen samples. Beyond
pathogen identification, this approach demonstrates broader
applicability in bioprinting applications, including the evalu-
ation of cell viability. By enabling high-throughput screening
of biological constructs, this methodology supports advance-
ments in tissue engineering and regenerative medicine, pro-
viding tools for quality control and optimization of bioprinted
constructs.

Gradient boosting is a powerful ensemble learning technique
that builds predictive models sequentially, where each new model
is trained to correct errors of previous ones.['7817] It works by
converting weak learners, typically decision trees, into a strong
learner by combining their outputs to reduce bias and variance.
At each iteration, the algorithm computes the negative gradient
of the loss function, which represents the direction and mag-
nitude of the steepest reduction in error. A new decision tree
is then trained to predict this negative gradient, effectively fo-
cusing on the new model in correcting the most significant
mistakes of the previous models. After the new model is fit-
ted, predictions are updated by adding the predictions of the
newly trained tree to the existing model. This process contin-
ues until the model converges or reaches a predefined stop-
ping criterion, such as the number of iterations or a perfor-
mance threshold. XGBoost’s ability to handle structured data
with superior accuracy and speed has made it a popular choice
in ML, outperforming other gradient and boosting implemen-
tations in many real-world applications.['¥"] By combining weak
learners, typically DTs, gradient boosting produces highly ac-
curate models for both classification and regression tasks. Ex-
treme gradient boosting (XGBoost), a highly optimized ver-
sion of gradient boosting, adds features like regularization and
parallelization, making it faster and more accurate for large
datasets.[180181]
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In bioprinting, these techniques can be used to optimize com-
plex parameters like printability and scaffold quality. For exam-
ple, Rafieyan et al. employed both gradient boosting (GBoost)
and XGBoost, along with other ML algorithms, to analyze one of
the most extensive open-source datasets on printed scaffolds.[1#]
Their dataset included detailed information on 1171 scaffolds,
covering over 60 biomaterials, 49 cell lines, and various printing
conditions. Their model, tuned for optimal performance, demon-
strated superior accuracy for XGBoost in predicting scaffold qual-
ity and cell response over other algorithms.

4.1.6. Support Vector Machine

Support vector machine (SVM) is a supervised learning algo-
rithm originally designed for binary classification tasks. The ob-
jective of SVM is to maximize the margin of the decision bound-
ary, which separates samples of different classes. The decision
boundary is defined by focusing on the samples that are closest
to the line separating different classes. These key samples, which
have similar features but belong to different classes, are called
support vectors. In its original strategy, SVM is capable of sepa-
rating linearly separable samples, for instance, in a 2D scenario,
samples could be separated into distinct classes using a straight
line. This approach aims to enhance the generalization capability
of the model while addressing overfitting issues. SVM was origi-
nally designed to separate data into distinct categories with a clear
boundary. Over time, they have been improved to handle more
complex data that does not have a simple dividing line, thanks to
methods like “soft margins.”['82] A soft margin allows the model
to make a few classification errors, making it more flexible when
dealing with messy data or outliers (unusual data points). The
flexibility is controlled by a setting called the “box constraint” (C).
A smaller value for C creates a wider margin, which makes the
model more tolerant to errors, while a higher value of C makes
the model focus more on precision, which can be less tolerant to
noisy data.

Another improvement is the use of “kernel functions,” which
help separate data that cannot be divided by a straight line by
transforming the data into a higher-dimensional space. This
transformation makes it easier for SVM to find a dividing bound-
ary. Common kernels include “polynomial,” “RBF” (Radial Basis
Function), and “sigmoid”. RBF kernel, widely used for its sim-
plicity, requires only one setting to adjust, making it easier to
optimize compared to more complex kernels.[1#318] Figure 15A
shows how a linear kernel hyperplane would be fit to two separate
2D classes.

An example of SVM’s application in bioprinting is illustrated
in the work by Fu et al., where the researchers developed an
ML model using SVM to optimize bioprinting parameters for
Pluronic.'®] The SVM model was trained on the data related to
material properties and print quality, enabling it to identify the
best combinations of printing parameters (Figure 15B). This ap-
proach led to the creation of a process map that guided the selec-
tion of optimal settings, resulting in a success rate of over 75%.
The study demonstrates how SVM can significantly reduce the
need for extensive trial-and-error experiments by providing data-
driven recommendations, making it easier to optimize printing
conditions for new bioinks.
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Figure 15. A) SVM decision boundary and margin. The diagram illustrates an SVM separating two classes (green and pink) using a linear decision
boundary (solid line). The margin, defined as the distance between the boundary and the nearest data points (support vectors), is maximized to enhance
classification robustness. Support vectors play a crucial role in defining the boundary, while other data points do not directly affect their placement.
B) Effect of path height on printing outcomes with experimental examples. The correct path height is shown with the stress region highlighted. Low path
height results in interference and smearing, while high path height leads to stretching, thin lines, or breakage. The correct line width is indicated by the
dashed line. Scale bar: 1.87 mm. Reproduced (adapted) with permission.!'] Copyright 2021, AccScience Publishing. C) BO process using a GP model.
The figure illustrates the iterative steps of BO. The initial GP model is built with a few evaluated points (red dots), and the acquisition function (green
line) identifies the next point for evaluation. Sequential updates refine the GP model, improving its approximation of the true function (dashed line) and
reducing uncertainty (shaded region). The acquisition function dynamically adjusts to suggest the next optimal evaluation point. The flowchart on the
right outlines the process: starting with a training dataset, fitting a GP model, selecting the next point using the acquisition function, updating the GP,
and iterating until the stopping criteria are satisfied. The process outputs the parameters corresponding to the optimal function value. This figure was
produced with BioRender.com and Microsoft PowerPoint.

4.1.7. Bayesian Optimization with Gaussian Process Modeling

Bayesian optimization (BO) and Gaussian process (GP) model-
ing have become essential tools in optimizing the complex and
resource-demanding process of bioprinting. In EBB, where pre-
cise control over parameters like bioink composition, nozzle ge-
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ometry, and extrusion pressure is crucial, traditional trial-and-
error methods can be inefficient and time-consuming. BO starts
by testing a few initial parameter combinations and using a GP to
create a model that predicts the system’s behavior. It then uses an
acquisition function to decide the next parameters to test, search-
ing for a balance between exploring new possibilities and refining
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the most promising ones. Each new result updates the GP model,
making predictions more accurate. The process repeats until a
stopping condition is met, such as reaching a set number of itera-
tions or finding a sufficient result. Finally, the approach identifies
the best solution found!'%5] as shown in Figure 15C.

GP modeling, often used within BO, creates a probabilistic
model of the system by predicting the outcomes of experiments
based on limited data. It treats the relationship between input
parameters and outputs as a continuous function, allowing for
predictions about how changes in bioprinting conditions, such
as bioink properties or nozzle geometry, will affect outcomes like
shear stress or cell viability. Overall, while BO refers to the opti-
mization framework that searches for the best parameters, GP
is the statistical model used within that framework to predict
the system’s behavior. For example, in bioprinting, BO may be
used to find the optimal bioink composition and extrusion speed,
while GP models identify how these parameters affect outcomes
like shear stress or cell viability. The GP model helps BO choose
the next experiments to refine the search for optimal conditions.
As new data are collected, the model is updated, improving its
accuracy over time.

In a study by Ruberu et al., BO was employed to optimize EBB
parameters for GelMA and GelMA/HAMA bioinks.[*®] The re-
searchers devised a scoring system to evaluate filament forma-
tion and pore architecture during extrusion. BO enabled them
to significantly reduce the number of experiments required to
identify optimal bioprinting parameters, conducting as few as 4
to 47 experiments instead of thousands typically needed in tra-
ditional trial-and-error approaches. This study highlights the po-
tential of BO to accelerate the bioprinting process by efficiently
narrowing down parameter sets, offering a quantitative and ro-
bust method for evaluating printability in EBB. Similarly, Reina-
Romo et al. applied GP modeling to explore how nozzle geom-
etry and bioink properties affect shear stress and cell viability
in EBB of shear-thinning hydrogels.'*”] Using in-silico model-
ing techniques, such as computational fluid dynamics, the study
analyzed the impact of different nozzle designs (conical versus
blunted) and hydrogels (alginate-gelatin, alginate, and pluronic)
on shear stress, a key factor influencing cell survival during bio-
printing. The GP model successfully captured the complex rela-
tionships between nozzle geometry, bioink properties, and shear
stress, providing valuable insights into optimizing nozzle design
to improve cell viability. By integrating a design of experiments
approach, this study demonstrated how GP modeling can reduce
experimental workload and improve the precision of the bioprint-
ing process. Together, these studies illustrate the significant ad-
vantages of BO and GP modeling in bioprinting. Both methods
streamline parameter optimization, reduce experimental over-
head, and enhance the understanding of key bioprinting factors,
such as filament formation, shear stress, and cell viability. These
approaches offer efficient, data-driven solutions for refining bio-
printing processes and improving their outcomes.

4.1.8. Linear Regression and Logistic Regression
Linear regression is a straightforward ML algorithm used to

predict continuous outcomes by modeling the relationship be-
tween a dependent variable and one or more independent
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variables!'¢1%7] (Figure 16A). Linear regression can help opti-
mize key parameters like extrusion pressure, bioink viscosity,
or nozzle speed to predict outcomes such as print resolution or
bioink strength. For example, it can be used to determine how
adjustments in bioink composition affect the tensile strength of
printed constructs, enabling researchers to fine-tune the process
for better structural integrity. However, it is best suited for sim-
pler problems, where the relationship between variables is rel-
atively linear. Logistic regression, on the other hand, is a clas-
sification algorithm used to predict categorical outcomes!!88.18%
(Figure 16B). In bioprinting, it can be applied to classify whether
a set of bioprinting parameters, such as temperature, bioink com-
position, or printing speed, will lead to either optimal or poor cell
viability. Logistic regression models the probability of success or
failure by analyzing how these variables influence cell survival.
Like linear regression, logistic regression is effective for prob-
lems, where the relationships between variables are not too com-
plexor nonlinear. Overall, the main difference between linear and
logistic regression is what they predict. Linear regression predicts
continuous numbers, like the strength of a material, while logis-
tic regression predicts categories, like whether a process will suc-
ceed or fail.

A model was proposed by Huang et al. that employed ML to
predict printability in bioprinting.['*! In cryo-bioprinting, where
developing DMSO-free bioinks for safe cell cryopreservation is
a major challenge, predictive models like linear regression are
invaluable. As demonstrated in a study by Qiao et al., ML mod-
els, including linear regression, can be used to predict cell viabil-
ity in cryoprotective bioinks.['*"l This accelerates the bioink for-
mulation process by providing data-driven predictions on how
different bioink compositions will impact cell survival during
freezing and thawing. Such predictive models streamline bioink
development, reducing the time and resources needed for ex-
perimental testing and enabling more efficient advancements in
cryo-bioprinting.

4.1.9. K-Nearest Neighborhood

The K-nearest neighborhood (k-NN) algorithm is a simple yet
effective ML technique used for both classification and regres-
sion tasks. It works by identifying the k closest data points in the
training set to a given input, typically using Euclidean distance
as the metric, where k is an integer arbitrarily chosen by the pro-
grammer. In classification tasks, the algorithm assigns the most
frequent label among the neighbors (Figure 16C), while in re-
gression tasks, it predicts the value by averaging the neighboring
points!®*191l (Figure 16D). In bioprinting, k-NN can be particu-
larly useful for predicting outcomes based on historical data. For
example, if researchers have a dataset containing successful bio-
printing conditions for different bioinks, k-NN can predict the
optimal printing parameters for a new bioink by comparing it to
previously successful cases. For instance, in SLA bioprinting, Xu
et al. developed a predictive model that incorporated k-NN along-
side other ML algorithms to forecast cell viability under varying
bioprinting conditions.l'*] They used experimental data as in-
puts, including UV intensity and exposure time, GelMA concen-
tration, and layer thickness, to predict cell viability. By applying
k-NN to analyze similarities between bioprinting parameters and
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Figure 16. Comparison of linear versus logistic regression. A) The plot illustrates linear regression, where a line is fit to model the trend continuously.
B) The plot demonstrates logistic regression, which uses a logistic (sigmoid) function to map the linear combination of inputs to probabilities between
0 and 1. By applying a threshold (e.g., 0.5), data points are classified into two distinct classes: those below the threshold are assigned to the green class
and those above it to the orange class. lllustration of kNN classification and regression. C) The plot demonstrates kNN classification, where a new gray
point is classified based on its nearest neighbors. With k = 4, it is classified as green due to the majority class among its 4 nearest neighbors. When k =8,
it is classified as blue, emphasizing the impact of hyperparameter selection on classification accuracy. D) The plot illustrates kNN regression, where the
black point represents the average value of its 5 nearest red neighbors (k = 5), highlighting how kNN predicts continuous outputs by averaging values

from nearby data points.

previous results, the model achieved a high predictive accuracy
of 0.953, a relative error of 0.013, and a root mean squared er-
ror of 0.015. Their study found that UV exposure time was the
most significant factor affecting cell viability, while UV intensity
had the least effect. The combination of multiple models, includ-
ing k-NN, enabled highly accurate predictions of bioprinting out-
comes, demonstrating the potential of k-NN in optimizing bio-
printing conditions and improving cell viability.

4.1.10. Ensemble Learning and Hierarchical Machine Learning

Ensemble learning and hierarchical machine learning (HML)
are both advanced techniques that enhance decision-making by
leveraging multiple models, though they operate in different
ways. Ensemble learning combines the predictions of several ML
algorithms in parallel to improve accuracy and robustness, and
reduces bias and variance.'?] Models such as neural networks,
decision trees, or regressors are trained independently, and their
outputs are aggregated using methods like averaging for regres-
sion or voting for classification. The strength of ensemble learn-
ing lies in utilizing the advantages of different models to compen-
sate for individual weaknesses, leading to a more accurate overall
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prediction. Bagging, boosting, and stacking are techniques used
to improve the accuracy of prediction models.'?] Bagging in-
volves training multiple models on different subsets of data and
averaging their predictions (Figure 17A). Stacking uses multiple
models for the same data set to make predictions, and then a final
model combines these into one optimal prediction by learning
the best way to blend them!'®! (Figure 17B). Boosting sequen-
tially trains models, each focusing on correcting errors made by
the previous one, to improve accuracy (Figure 17C). In bioprint-
ing, ensemble learning can, for instance, enhance the accuracy
of predicting a bioink’s printability by aggregating the outcomes
from multiple predictive models. This approach leverages a vot-
ing system among models to determine the most likely classifica-
tion, effectively utilizing collective insights of various algorithms
to improve decision-making.

HML structures the decision-making process sequentially,
with each layer refining the predictions from the previous one
while incorporating domain-specific knowledge. In HML, mid-
dle layers act as a bridge between input parameters and the fi-
nal output, using known physical or chemical laws to simplify
the data-driven process.['*] In bioprinting, for example, insights
into the rheological behavior of bioinks can be integrated into
these middle layers, allowing the model to focus on improving
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Figure 17. Ensemble learning techniques for enhanced model performance. A) Bagging, where the dataset is randomly sampled with replacement to
create subsets. Each subset trains a separate model, and the final prediction is made by averaging (for regression) or voting (for classification) the
outputs of all models, reducing variance and improving stability. B) Stacking, where predictions from multiple models are used as inputs for a meta-
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predictions related to print fidelity and structural accuracy. By em-
bedding this expert knowledge, HML can optimize bioprinting
processes more efficiently with fewer data points, reducing the
need for extensive trial-and-error experimentation.!>!]

In a proof-of-concept study, Huang et al. explored the use of
ensemble learning to predict the number of cells in droplets dur-
ing DBB by analyzing droplet velocity at two points along the
nozzle-substrate trajectory.l'*®] They employed an ensemble of
ML algorithms, including linear regression, support vector re-
gression, decision tree regressor, random forest regression, and
extra tree regression. These algorithms were used to detect the
presence of cells in single droplets and predict the total num-
ber of cells in multiple droplets. The RF regressor achieved 80%
accuracy in detecting cells within single droplets, while the ex-
tra tree regressor exhibited a low mean error of 12% when pre-
dicting the number of bioprinted cells in multiple droplets. This
study underscores the potential of ensemble learning in droplet
monitoring systems for real-time cell count assessment, enhanc-
ing the precision and control of cell distribution in bioprinted
constructs. In another study, Tang et al. integrated 3D bioprint-
ing with a multi-algorithm ML approach to enhance the under-
standing of glioma treatment responses and tumor microenvi-
ronment characteristics.!'* The researchers developed Glio Ma-
chine Learning, a workflow incorporating nine distinct ML algo-
rithms and a weighted ensemble model to generate robust gene
expression-based predictors. The ensemble model outperformed
individual algorithms across various in vitro systems, including
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bioprinted patient-derived tissues. The integration of bioprint-
ing and ML expanded treatment evaluation, particularly in T-cell-
related and anti-angiogenesis therapies, revealing immunosup-
pressive and angiogenic microenvironments within glioma. The
success of the ensemble model demonstrates its potential to im-
prove treatment prediction accuracy and advance personalized
cancer therapeutics.

Bone et al. developed an HML framework to optimize the bio-
printing of alginate using a small dataset of 48 prints.[5!] The
model employed LASSO (Least Absolute Shrinkage and Selec-
tion Operator) regression for feature selection and incorporated
a middle layer of physical variables, such as shear rate, viscosity,
and flow rate, achieving an R? value of 0.643 for print predic-
tion accuracy. The HML framework optimized print parameters,
enabling high-fidelity features like 80 pm linewidths and sharp
corners (0 mm radius) with less than 10% error, critical for com-
plex tissue constructs. It identified trade-offs between optimizing
line morphology and corner sharpness, emphasizing the need for
multi-objective optimization in bioprinting. This approach offers
a scalable and data-efficient method for optimizing print quality
and can be extended to evaluate cell viability, density distribu-
tion, and live/dead cell ratios. In another study, Oh et al. com-
pared different models, including an SVM and RF, with their
new rheology-informed hierarchical ML (RIHML) model*>?! to
predict printing resolution. The SVM model showed good pre-
dictive abilities, but the RIHML model performed the best, with
the lowest error rates when predicting outcomes across different
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Figure 18. K-Means clustering process. The figure illustrates the K-Means algorithm, beginning with the random initialization of centroids. Data points
are assigned to the nearest centroid based on the Euclidean distance. The centroids are updated iteratively by calculating the mean position of the
assigned points. This process repeats until the centroids stabilize, forming distinct clusters, as shown in the top sequence. The flowchart below outlines
the steps: selecting the number of clusters (K), initializing centroids, assigning data points, recalculating centroids, and iterating until centroids no
longer change. The algorithm optimizes clustering by maximizing intra-cluster similarity and minimizing inter-cluster similarity.

printing conditions, like nozzle speed and extrusion pressure.
The RF model also did well but was not as accurate as the
RIHML model, especially when new components were added
to the bioink. This study shows that while SVM is effective, the
RIHML model is even more accurate and adaptable, making it
better suited for complex bioprinting tasks.

4.2. Unsupervised Learning

Unsupervised learning is a branch of ML that identifies patterns
in data without the need for labeled examples. Unlike super-
vised learning, which relies on predefined labels to guide the al-
gorithm, unsupervised learning autonomously explores data to
find underlying structures, relationships, and groupings. Com-
mon techniques include clustering algorithms, such as KMeans,
which group the data based on similarity, and generative mod-
els, such as GANs, which learn to create new data samples re-
sembling the original dataset.['®) For instance, clustering algo-
rithms like KMeans can reveal hidden groupings in scaffold com-
positions or printing settings, helping to classify scaffold designs
based on their quality and cell compatibility. GANs, on the other
hand, can generate synthetic data or enhance existing images,
which is valuable in scenarios where real experimental data are
limited or costly to obtain, which are discussed in detail in the
following sections.

4.2.1. KMeans

The KMeans algorithm works by initially assigning data points
to random clusters and then iteratively updating these clusters
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to minimize the distance between each point and the cluster’s
centroid (the average position of points in that cluster). Through
this process, KMeans aims to find clusters that group similar
data points together while maximizing the differences between
clusters!’! (Figure 18). In bioprinting, KMeans can be partic-
ularly useful for categorizing complex datasets generated from
different biomaterials, printing conditions, or scaffold designs.
For instance, Rafieyan et al. applied KMeans clustering to classify
printed scaffolds by analyzing various printing conditions and
biomaterial compositions.!'**] By clustering a large dataset of over
1000 scaffolds, they identified five distinct groups that revealed
key differences in factors like crosslinking methods, nozzle size,
cell density, and syringe temperature. For instance, Cluster 4 in-
cluded scaffolds printed under high pressure and temperature
with larger nozzles, while Cluster 2 featured primarily photo-
crosslinked scaffolds. This clustering approach allowed pinpoint-
ing optimal material and cell combinations for improved scaffold
quality and cellular responses, enhancing the performance of su-
pervised methods later applied in the study.

4.2.2. Generative Adversarial Networks

Generative adversarial networks (GANs) are a type of model that
consists of two neural networks, the generator and discrimina-
tor, competing against each other. The generator creates syn-
thetic data samples, while the discriminator evaluates these sam-
ples against real data, trying to distinguish between genuine and
generated data. Through this adversarial process, the generator
learns to produce highly realistic samples that closely resem-
ble the original data, making GANs particularly useful for data
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augmentation and image enhancement in cases, where labeled
data is limited.'””] When the discriminator evaluates a sample
incorrectly, its weights are adjusted. Conversely, if it evaluates the
sample correctly, the generator’s weights are adjusted, as shown
in Figure 19A.

In bioprinting, GANs can be applied to enhance or generate
synthetic biological data, which is valuable for training models in
cases where real data are scarce, difficult to obtain, or expensive
to produce. For example, Yao et al. present the Aligned Disen-
tangled Generative Adversarial Network (AD-GAN), a variation
of GAN for 3D nuclei segmentation in Confocal Laser Scanning
Microscopy (CLSM) images that offers a faster, cost-effective way
to assess 3D cell culture models.[*>*! By disentangling and map-
ping real nuclei images to synthetic masks, AD-GAN more ac-
curately captures nuclei shape and position compared to tools
like CellProfiler and Squassh. This model enables detailed in-
sights into cell behaviors within fibrous scaffolds, such as ad-
hesion, migration, and proliferation, key for improving scaffold
design (Figure 19B). Future applications of AD-GAN could ex-
tend to complex structures like spheroids and organoids, provid-
ing insights into tissue-like architectures. Additionally, adapting
AD-GAN to other imaging techniques, such as electron or X-ray
microscopy, could deepen our understanding of cell behavior and
interactions in disease and drug testing models.

4.3. Reinforcement Learning

Reinforcement learning (RL), a subset of ML, combines meth-
ods of both supervised and unsupervised learning.l9¥1%! In RL,
the agent interacts dynamically with its environment through a
continuous loop of perception and action without explicit instruc-
tions on which actions are correct.['] Instead, the agent receives
rewards or punishments upon task completion, which serve as
feedback to guide its learning process.” Through repeated in-
teractions, the algorithm learns to optimize its path to maximize
rewards, balancing exploration of new paths with exploitation of
known paths to develop the most efficient route to reward. This
learning paradigm allows RL agents to autonomously improve
their performance on complex tasks, making RL a powerful tool
for various applications such as robotics, energy, finance, health-
care, transportation, and bioprinting.[2%]

In the context of bioprinting, the agent may begin in a spe-
cific state, defined by initial settings such as bioink composi-
tion, nozzle speed, or layer thickness. The agent then takes an
action, for example, adjusting one of these parameters, which
causes the environment (bioprinter) to respond by transition-
ing to a new state. This new state could involve the bioprinted
layer, with its characteristics such as shape accuracy or cell via-
bility. After each action, the agent receives either a reward or a
penalty based on how well the bioprinted layer aligns with the
desired outcome. For instance, a camera or sensor evaluates the
bioprinted layer in real-time. If the layer meets predefined tar-
get points such as dimensional accuracy or cell distribution, the
agent is rewarded. If the printed layer deviates from the target
design, the agent is penalized. Based on this feedback, the agent
refines its decision-making process, learning to associate certain
settings (such as bioink viscosity or nozzle speed) with better
results. This process is iterative, with the agent continually ad-
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justing parameters and improving its strategy. Over time, the
agent learns to balance exploration (trying new settings to dis-
cover better outcomes) and exploitation (using known success-
ful actions). Through repeated iterations, the agent converges
on an optimal policy, learning the best set of actions to consis-
tently produce high-quality, accurate prints.?°!] Figure 19C illus-
trates the process, where an agent interacts with an environment
to optimize its actions. The agent begins by observing the envi-
ronment’s state and processing it into relevant features. Based
on this observation, the agent uses its rules to decide an ac-
tion, which is executed in the environment. The environment re-
sponds by transitioning to a new state and providing feedback in
the form of a reward, indicating the effectiveness of the action.
The agent then updates its rules, neuron weights, or value func-
tion using this reward and the next observation to improve future
decisions.

In bioprinting, RL can be used to optimize properties of bio-
printed constructs, such as microstructure, possibly for diffusion
coefficient and cell viability, as well as tissue-specific mechanical
properties like viscosity and yield stress.[22] RL can also be em-
ployed for scaffold design, bioreactor conditions, or experiment
setups, enhancing the overall efficiency and effectiveness of bio-
printing processes. By continuously adapting to their environ-
ment, RL agents progressively enhance their decision-making ca-
pabilities, demonstrating increasing efficiency and effectiveness
over time. For instance, Dharmadhikari et al. used Q-learning,
a common RL algorithm, to optimize parameters such as laser
power and scan velocity for achieving the desired melt pool depth
in 3D printing.!2*?l They found the optimal combination of laser
power and scan velocity and analyzed the effects of various hyper-
parameters on the results. This study demonstrates the potential
of RL to fine-tune bioprinting parameters, leading to more pre-
cise and reliable outputs.

One notable application of RL in bioprinting is the design of
patient-specific bone tissue containing complex vasculature. Cre-
ating a viable vascular structure to accurately mimic that of na-
tive human tissue is one of the most significant challenges in
regenerative medicine. Current bone-engineered tissue in vitro
often lacks the spatial complexity required for cell viability, cre-
ating a disconnect between research and clinical needs. Sedigh
et al. were able to generate a 3D vascular network inside a bone
model using CT and MRI scans as cross-sections.['*] These
cross-sections were turned into a grid that acted as the state map
with inlets, outlets, and avascular regions that the RL algorithm,
Q-learning, had to navigate. Results from experiments showed
that the RL algorithm could create vasculature through a patient’s
bone with minimal computational cost. Despite the promising
potential of RL in bioprinting, there are relatively few studies
exploring its applications compared to traditional ML methods.
This is partly due to the high cost of biomaterials and the large
number of iterations required for RL training.l”! To make it feasi-
ble, RL can optimize the creation of customized tissue scaffolds.
Imagine a bioprinter making a patient-specific heart valve, with
an RL system adjusting parameters like bioink viscosity, nozzle
path, and nozzle speed. A camera monitors each printed layer,
comparing the result to the intended design. If the print matches
well, the RL system gets a reward; if not, it receives a penalty. Over
time, the RL system learns to fine-tune the process, improving
print quality and accuracy.

© 2025 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH

85U8017 SUOWILLIOD BAea1D 3|qedljdde au Aq peusenob are saolie O ‘88N 4O S3nJ o AkeiqiT8ulUO A1/ UO (SUO I IPUD-pUR-SLIBY W00 A8 1M AeIq 1 jBul U/ Sd1y) SUORIPUOD Pue SWB | 38U} 88S *[5202/TT/2T] uo A%eiqiauliuo A8 (1M ‘085605202 LWHPe/Z00T OT/I0P/W0D A8 | 1M Alelq Ul U0 PaoURADe//SARY WO papeo|umoq ‘0 ‘8Z0E9TIT


http://www.advancedsciencenews.com
http://www.afm-journal.de

ADVANCED ANSER
SCIENCE NEWS F/ﬂ%'z?ﬂ@

www.advancedsciencenews.com www.afm-journal.de

( Discriminator

Weight ‘
A( " / Adjust
Real sample |:> . ,f‘> )
acquisition 0 83 g
N J Discriminator -y
[ Network o
Generator I:> O 3
! Network J'::> @
k\ Generator Weight Adjust
Day 1
B Ef’ =
=
9
3]
[a]
™
©
£
@
S
S
s
§Z
E Q
g2
35
= -
P-4
[a)
(3]
C ®_9
State {@DPobservatio Input
Update L8J
Environment Agent
| Decision

Execution

Figure 19. A) Architecture of a GAN. The framework consists of two competing networks, the generator and discriminator. The generator produces
synthetic samples, while the discriminator evaluates whether the inputs are real or generated. Real samples are sourced from a dataset and compared
against the generator’s outputs. The discriminator provides feedback to the generator, enabling iterative improvements in output realism. Through this
adversarial process, the generator learns to produce highly realistic samples, while the discriminator refines its ability to distinguish between real and
generated data. This figure was produced with BioRender.com and Microsoft PowerPoint. B) Confocal laser scanning microscopy images and 3D nuclei
segmentation of A549 cells cultured at low density on Days 1and 3. Panel (B) is reproduced (adapted) with permission.['>3] Copyright 2021, AccScience
Publishing. C) RL framework illustrating the interaction between an agent and its environment in an RL setup. The agent observes the environment,
processes inputs, and takes actions that influence the environment’s state. These actions result in feedback in the form of a reward signal, guiding
the agent’s learning process. By optimizing decisions to maximize cumulative rewards, the agent continuously improves its performance through this
iterative cycle. This figure was produced with Adobe Inc., (2019), Adobe Illustrator.
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Figure 20. A) Utilization of Al in EBB to optimize ink properties, such as pressure, viscosity, and temperature, ensuring high print quality and cell viability.
Al systems dynamically adjust parameters to enhance structural fidelity and biological function. B) DBB benefits from Al integration for optimizing droplet
formation by controlling density, viscosity, temperature, and crosslinking. Al algorithms improve droplet consistency, enabling precise deposition and
reducing errors during bioprinting. This figure was produced with Adobe Inc., (2019), Adobe Illustrator.

Going forward, RL could be utilized to optimize printing con-
ditions, scaffold design, material selection, waste reduction, and
patient-specific parameter selection for in situ bioprinting.[2*]
The integration of RL into bioprinting could lead to significant
advancements in precision and function of bioprinted tissues
and organs, ultimately enhancing the capabilities of 3D bioprint-
ing in clinical applications. RL offers a powerful approach to opti-
mizing bioprinting processes by dynamically adjusting parame-
ters to achieve desired outcomes. Its ability to learn from interac-
tions with the environment and continuously improve decision-
making enables RL to be a valuable tool in advancing bioprinting
technologies.

4.4. ML Algorithm Selection Criteria

Here, we provide a selection criterion for the ML algorithms dis-
cussed before. We present Table 3 as a guide to assist in select-
ing the most appropriate algorithm based on key factors such
as data type, the amount of data available for training, computa-
tional power available, input-output structure, specific objectives,
and the required tuning and preprocessing steps. It is important
to remember that this table is merely a suggestion, and the al-
gorithms can be adapted or combined to suit different situations
and specific project needs. This structured approach aims to sim-
plify the decision-making process by aligning algorithm charac-
teristics with the project’s requirements.

5. Al integration with bioprinting modalities

Recently, advancements have been observed in the application of
ML to bioprinting-related needs such as medical imaging, bioink

Adv. Funct. Mater. 2025, e09530 €09530 (34 of 47)

optimization, and bioprinting process refinement, all of which
are enhancing the effectiveness of bioprinting. The most com-
mon 3D bioprinting techniques include EBB, DBB, laser-assisted
bioprinting (LaBB) and light-assisted bioprinting (LiBB), with
newer techniques like aspiration-assisted and magnetic-assisted
bioprinting also emerging. Table 4 highlights these different bio-
printing techniques, listing out their working mechanism, ad-
vantages, limitations, applications, and potential integration with
AL

5.1. Extrusion-Based Bioprinting

Extrusion-based bioprinting (EBB) is the most common bio-
printing technique that involves the continuous deposition of
bioinks through a nozzle.[2**-2%] With the integration of Al, EBB
is emerging as a powerful tool for enhancing precision, automat-
ing process optimization, and reducing errors in bioprinting
(Figure 20A). Al technologies provide dynamic solutions to the
challenges in EBB, such as optimizing print quality and main-
taining cell viability.[1*>?%7] In recent years, researchers have in-
tegrated ML algorithms to develop quality control loops for EBB,
thereby reducing the trial-and-error approach traditionally asso-
ciated with parameter optimization. For example, Bonatti et al.
applied DL in a closed-loop control system for EBB, where a
CNN was used to monitor and classify printing outcomes in
real-time.[*’] This model was trained on high-resolution videos
of the EBB process and could automatically detect anomalies,
such as under-extrusion or over-extrusion, providing immediate
feedback to adjust printing parameters. In another study, Tian
et al. successfully applied RF regression models to predict cell

© 2025 The Author(s). Advanced Functional Materials published by Wiley-VCH GmbH
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viability and filament diameter based on data from multiple stud-
ies using alginate and gelatin bioinks.?”] These models enable
researchers to optimize conditions, such as extrusion pressure,
in real time by analyzing large datasets and predicting outcomes
based on bioink and bioprinter settings. They also minimize the
need for manual interventions and allow for continuous adjust-
ments throughout bioprinting, ensuring higher precision and
consistency in final constructs.

One of the challenges in EBB is maintaining cell viability dur-
ing the extrusion process, as cells can be damaged due to shear
stress.[2%8! Al models have been used to predict the impact of dif-
ferent extrusion pressures, nozzle geometries, and bioink com-
positions on cell viability.2921] These models analyze histori-
cal data and use predictive algorithms to identify conditions that
maximize cell survival while maintaining structural fidelity. The
integration of Al in this context enables the creation of more
viable constructs, particularly for applications in regenerative
medicine. The integration of Al technologies is transforming
EBB by enhancing the precision, efficiency, and scalability of the
process. Al-driven systems offer real-time monitoring, automatic
parameter optimization, and improved quality control, signifi-
cantly reducing the manual labor and time required for success-
ful bioprinting. As Al continues to evolve, its role in EBB will ex-
pand, enabling the creation of more complex, functional tissues.

5.2. Droplet-Based Bioprinting

Droplet-based bioprinting (DBB) enables precise deposition of
droplets of hydrogels loaded with cells onto a substrate as
building blocks. DBB shows great potential for enabling high-
throughput fabrication of tissue models; however, there are other
factors, which should be optimized, such as droplet velocity,
bioink rheology, and droplet volume. That is where AI could play
a crucial role in optimizing and getting a precise bioprinted struc-
ture with high cell viability. AI technologies, such as ML algo-
rithms, can be used to optimize droplet formation, ensuring even
deposition of bioinks and minimizing errors in the printing pro-
cess (Figure 20B). For example, Shi et al. demonstrated the elim-
ination of satellite droplets using learning-based cell injection
control to simulate the piezoelectric DBB head, replacing exper-
imental trials, and an MLP, to optimize printing parameters.[?!]
This was required because satellite droplets may form during
DBB, which are unwanted smaller droplets that deviate from the
mainstream of bioink and affect printing position accuracy.

In another study, electrohydrodynamic (EHD) printing was
used as an alternative to conventional inkjet bioprinting for gen-
erating ultra-high-resolution droplets, where key process param-
eters like applied voltage, back pressure, and nozzle standoff
height were optimized using desirability function analysis. This
methodology was integrated with multi-objective optimization to
achieve precise control over droplet size and printing frequency
for better functionality.l?!?] Furthermore, Al-driven systems can
also be used to predict the volume of the droplet for precise
cell deposition that gives a reliable and replicable 3D micro-
environment. For instance, Shin et al. used an ML approach to
predict cell-laden droplet volumes for precise 3D microtissue and
organoid reconstruction.?!3] Here, the bioprinting platform gen-
erated a high-throughput dataset, comparing three ML and two
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DL algorithms. It used bioprinting parameters like bioink viscos-
ity, nozzle size, and pressure, and controlled droplet sizes from
0.1 to 50 uL. Using 5% GelMA and alginate with GFP-tagged 3T3
fibroblasts, the models achieved high predictive accuracy, opti-
mizing volume control and enhancing the scalability of organoid
production.[?3] Despite these efforts, integrating Al into DBB
presents challenges that must be addressed to optimize its ef-
fectiveness, such as the need for large and high-quality datasets
for training ML models, as limited or biased data can hinder
performance.

5.3. Laser-Assisted Bioprinting

Laser-assisted bioprinting (LaBB) is a sophisticated technique
that uses laser pulses to accurately deposit cells and biomateri-
als. The process involves focusing a laser beam on a ribbon coated
with a bioink, causing a droplet to form and precisely deposit onto
a substrate.[214216] LaBB is renowned for its high precision, which
includes single-cell bioprinting per droplet to high cell density,
making it ideal for applications requiring excellent spatial res-
olution and complex tissues. In terms of Al integration, LaBB
can benefit significantly from advancements in Al and ML. Al
algorithms can optimize laser parameters, such as pulse dura-
tion, energy, and focus, to ensure that the jet formation process
is consistent and tailored to the specific needs of different bioinks
or cell types (Figure 21A). In LaBB, jet flow transfers the bioink to
the substrate via bubble generation, and printing quality mainly
depends on jet flow regime, which could be stable or unstable. Al
can help to predict the best parameters for each situation to get
better printability by monitoring flow in real-time, predicting in-
stability, optimizing parameters (such as laser power, focus, and
pulse time), and simulating fluid dynamics to maintain stability.
In the literature, Qu et. al used a computational-fluid-dynamics
(CFD)-based model to predict the static balance between jet and
substrate along with jet size and achieved less than 14% simi-
larity as compared to experiments.[?17] A can enhance the preci-
sion and accuracy of jet deposition by continuously monitoring
and adjusting the printing process in real-time.[?!8] ML models
trained on data from previous prints could predict optimal condi-
tions for various bioinks, improving reproducibility and reducing
trial-and-error efforts in biofabrication.

5.4. Light-Based Bioprinting

Light-based bioprinting (LiBB) fabricates tissue and artificial or-
gans by selectively using UV light and sometimes near UV
(405 nm) light to crosslink a bioink, fabricating complex struc-
tures. This technique relies on key chemical components, such as
photocrosslinkable hydrogels and photoinitiators.[?!! The pho-
tocrosslinking process is finely controlled by factors includ-
ing polymer selection, functional group modifications, and the
choice of the photoinitiator. These elements enable precise mod-
ulation of mechanical properties and degradation rates, allowing
for tailored fabrication of 3D bioprinted structures. By doing so, it
provides resolution around 20-50 um and with detailed complex
structure, even it can fabricate microchannels which are chal-
lenging to achieve with other bioprinting techniques.[22°]
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Figure 21. A) In LaBB, Al algorithms optimize laser parameters, including pulse duration, energy, and focal spot size, to achieve consistent, droplet
formation. Al-driven adjustments ensure compatibility with various bioinks and cell types, improving precision and cell viability. B) LiBB benefits from
Al integration to enhance process efficiency and resolution. Al optimizes parameters such as light exposure, resin biocompatibility, and photoinitiator
concentration, enabling higher cell viability and structural fidelity. This figure was rproduced with Adobe Inc., (2019), Adobe Illustrator.

The integration of Al with LiBB can significantly enhance
the precision and efficiency of the process (Figure 21B). For in-
stance, ML algorithms have been integrated to optimize grayscale
design, enhancing the resolution and accuracy of printed mi-
crostructures. One study applied evolutionary algorithms and
ML to optimize the grayscale of DLP bioprinting blocks, achiev-
ing high-precision structures that could not be easily fabricated
by traditional methods.??! Similarly, another study integrates
RF models with DLP bioprinting to enhance precision and re-
duce print errors. By analyzing 690 experimental datasets from
commercial resin prints, the researchers developed a predictive
model for print errors, achieving remarkable control over fea-
ture sizes.?22] In LiBB, which relies on light sources, such as
UV light, to pattern and crosslink bioinks, AI can optimize cru-
cial parameters such as light intensity, exposure time, and wave-
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length to ensure better control over the printed structure. For in-
stance, optical projection stereolithography, which is similar to
DLP, ML models have been used to predict cell viability during
bioprinting.l*8] These models take parameters such as light in-
tensity, exposure time, and bioink properties to optimize cell sur-
vival rates. Moreover, studies have explored using ANNSs to tai-
lor drug release rates from 3D-printed tablets, showcasing how
Al-driven optimization can improve not only structural integrity
but also functional performance, like in drug delivery.}*] De-
spite these advancements, challenges remain in integrating Al
with LiBB, primarily due to the requirement of large, high-quality
datasets for model training. Biases or insufficient data can limit
the accuracy and effectiveness of these ML systems, but ongo-
ing research continues to refine these techniques for improved
precision and cell viability in bioprinting.
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5.5. Nonconventional Bioprinting Techniques

Aspiration-assisted bioprinting (AAB) is a relatively new tech-
nique that uses aspiration forces to pick and precisely place cell
aggregates, such as spheroids, onto a substrate.['1>223] AAB en-
hances positional accuracy and precision while minimizing the
risks of cell or tissue damage seen in other spheroid bioprinting
approaches.[222224] AAB can be used with either scaffold-based
or scaffold-free approaches, depending on whether spheroids are
printed into a functional gel or a sacrificial gel.l??’] AAB relies on
careful pressure optimization to avoid spheroids during pickup
and transfer.[??] Despite several advantages, it faces limitations
when applied to spheroids with larger diameters or very low stift-
ness, such as tumor spheroids, hepatic spheroids, brain, lung,
and renal organoids. To address this, a new magnetic-assisted
bioprinting approach called Spatially Patterned Organoid Trans-
fer (SPOT) has been reported.[?””] SPOT uses magnetic nanopar-
ticles and 3D printing to precisely control the spatial arrangement
of organoids, enabling accurate modeling of neurodevelopmen-
tal phenomena and disease progression, including brain tumor
integration.

Although there is no literature available on Al integration with
aspiration and magnetic-assisted bioprinting, Al can detect posi-
tional inaccuracy of spheroids, occasional dropping of spheroids
before bioprinting, and breakage of spheroids during their pick-
up. Consequently, it can optimize key parameters in the bioprint-
ing process, such as aspiration pressure, nozzle movement, pre-
cise placement, and magnetic fields for magnet-assisted printing.
By analyzing large datasets from previous sessions, Al can pre-
dict the optimal conditions for the size of spheroids, minimizing
the need for manual adjustments and trial-and-errors that can
lead to better control and accuracy.

6. Challenges and Opportunities in Clinical
Translation of Al-integrated Bioprinting

The clinical translation of Al-integrated bioprinting presents sev-
eral challenges, despite its vast potential to revolutionize health-
care. One significant challenge lies in ethical concerns, as Al
models depend on large datasets that can raise privacy and bias
issues, if not properly managed.[”-2*"] Ensuring that these Al-
driven bioprinting systems are safe and reliable for clinical use is
also a key obstacle.**!l Data limitations further complicate AI’s
implementation, as bioprinting often lacks the large and diverse
datasets required for training effective models, leading to poten-
tial generalization problems across diverse populations, ethnic-
ities, and ages. Additionally, integrating Al tools with existing
medical systems remains difficult due to the lack of interoperabil-
ity and traditional infrastructure not being designed for seamless
Al adoption.[?*>72%] Gaining the trust of medical professionals is
another hurdle, with many skeptical of Al decision-making due
to concerns about the “black box” nature of Al and its potential for
errors.2®-247] Furthermore, the high cost and scalability issues
associated with Al-driven bioprinting technologies create barri-
ers to widespread clinical use, especially in resource-constrained
healthcare systems.[248-250]

Regulatory hurdles also exist, as Al in healthcare requires
compliance with evolving frameworks to ensure safety and ef-
ficacy. The US Food and Drug Administration (FDA)’s “Artifi-
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cial Intelligence/Machine Learning (AI/ML) Software as a Med-
ical Device (SaMD) Action Plan” outlines the regulatory frame-
work for Al/ML-based medical devices.[*!] It emphasizes a risk-
based approach to premarket review, ensuring that AI/ML tech-
nologies meet safety and effectiveness standards before reach-
ing the market. The plan also promotes good machine learning
practices (GMLP) to encourage transparency, reproducibility, and
real-world performance monitoring. This initiative supports con-
tinuous learning Al systems and ensures that devices can adapt
safely to new data after deployment.

Despite these challenges, Al offers substantial opportunities
to improve bioprinting processes and outcomes. By enhancing
precision in cell placement, tissue architecture, and bioink selec-
tion, Al allows for highly customized bioprinted tissues, enabling
personalized treatments tailored to individual patients.5472253]
Al can also improve predictive modeling, helping clinicians fore-
cast how bioprinted tissues will behave in vivo, thus increasing
the success rate of bioprinted implants and reducing the need
for extensive clinical trials. Another major opportunity is the au-
tomation of quality control, where AI can continuously moni-
tor and correct printing errors, ensuring higher consistency and
reliability.>#25¢] Moreover, Al-augmented bioprinting can accel-
erate drug discovery and development by creating realistic tissue
models for high-throughput pharmaceutical screening, bridging
the gap between traditional cell cultures and animal models. Fi-
nally, AI’s ability to manage complex bioprinting processes could
advance regenerative medicine, particularly in the fabrication of
vascularized tissues and organs, addressing the global shortage
of transplantable organs and reducing reliance on donors. Over-
all, while challenges in clinical translation exist, the opportunities
for Al-enhanced bioprinting to improve personalized medicine
and regenerative therapies are immense.

7. Summary and Future Perspectives

The integration of Al into bioprinting holds transformative po-
tential for advancing precision, functionality, and scalability in re-
generative medicine. AI technologies significantly improve bio-
printing processes by enhancing predictive modeling, optimiz-
ing cell placement, and enabling real-time quality control. These
advancements open the door to more personalized treatments,
higher success rates for bioprinted tissues, and the potential to
accelerate drug development through realistic tissue models.
The branches of Al hold significant potential to advance bio-
printing technologies. CV can enhance quality control, facilitate
model generation, and enable fault detection. When combined
with robotics, it can create bioprinting systems that are more
autonomous, precise, and less prone to errors. Additionally, the
integration of robotics and CV can adapt to dynamic surfaces,
enabling in situ bioprinting, a critical capability for regenerative
medicine. By incorporating rule-based or ES, these technologies
can make precise decisions and minimize critical errors. While
this integration would render the system largely autonomous,
human supervision would still be essential to ensure smooth and
safe operations. NLP further improves human-machine interac-
tion by suggesting adjustments, generating reports, and provid-
ing recommendations for future procedures. ML acts as a pow-
erful tool to optimize all these features, making the system more
adaptable and precise across various aspects of the bioprinting
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Figure 22. Al integrated in situ 3D bioprinting set-up. CV enhances quality control, facilitates model generation, and enables fault detection. When
combined with robotics, it allows for the development of bioprinting systems that are more autonomous, precise, and less prone to errors. The integration
of robotics and CV also enables adaptation to dynamic surfaces, a crucial capability for bioprinting intraoperatively. Rule-based or ES further refine the

process by enabling precise decision-making and reducing critical errors,

while maintaining the necessity of human supervision for safe operations.

NLP improves human-machine interactions by suggesting adjustments, generating reports, and providing recommendations for future procedures.
ML optimizes these functionalities, enhancing system adaptability and precision across various aspects of bioprinting. This figure was produced with

BioRender.com and Microsoft PowerPoint.

process. Figure 22 envisions how a fully Al-integrated in situ bio-
printing system would function.

Looking ahead, the future of Al-enhanced bioprinting is
poised for rapid expansion and clinical adoption.?¢?57] Ag Al
technologies continue to evolve, they will likely enable more au-
tonomous bioprinting systems capable of making real-time deci-
sions with minimal human intervention. In the coming years,
improvements in ML algorithms and the availability of larger,
more diverse datasets will help mitigate current data limitations,
allowing AI models to better generalize across different patient
populations and biological environments. Additionally, Al-driven
innovations will likely play a critical role in refining tissue fabrica-
tion, bringing the goal of creating fully functional, transplantable
organs closer to reality. Ethical and regulatory frameworks need
to be adopted to ensure patient safety and equitable access to
these cutting-edge treatments. As Al continues to bridge the gap
between technological capabilities and clinical needs, the inte-
gration of Al with bioprinting could transform healthcare by
enabling personalized, on-demand tissue engineering solutions
and advancing the field of regenerative medicine to unprece-
dented levels.
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