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ARTICLE INFO ABSTRACT

Keywords: A wide array of biomaterials including proteins, polysaccharides, and other polymers are used to fabricate green
Bioprinting 3D printing inks suitable for use in the fields of biotechnology, water treatment, food and agriculture, energy,

3D/4D printing
Additive manufacturing
Biofabrication
Biomaterials

Green bioinks

Machine learning

and bioplastics. Although green materials are sustainable and have many favorable properties, each material has
its own limitations. The main focus of this paper is to review the currently available 3D printing biomaterials that
can be obtained from natural sources and investigate the artificial intelligence (AI) assisted approaches that can
be used to enhance their printability and accelerate their development. Results reveal that above 20 natural
materials can be used in 3D printing inks, and their properties vary widely making their development slow and

case-dependent. To speed up this process, this study highlights the significance of Al-assisted enhancement
techniques and proves that Al can be used in three main aspects of biomaterial development for 3D bioprinting;
material property prediction, smart material selection, and printing parameter optimization. It discusses the Al-
based systems that have the potential to accelerate the development of 3D printing biomaterials and concludes
that these methods are indeed promising but should be further tested, verified, and compared before they are
incorporated into the industry. The importance of this study lies in integrating advanced Al systems with sus-
tainable natural materials to leverage their inherent properties and utilize them in various applications for a
greener future.
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The 3D printing and bioprinting industry has experienced remark-
FEM Finite Element PLSR Partial Least Squares p J P 8 ,y P R
Method Regression able growth over the past decade, transforming from a niche technology
FFF Fused Filament PPO Proximal Policy that is used in limited fields into a widely utilized and demanded tool
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Regression Regression designed. This rapid expansion has been driven by advancements in
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Fig. 1. Sustainable Development Goals (SDGs) that biomaterial 3D printing serves in many industries.
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green materials or biomaterials that are naturally sourced (e.g., from
land crops and marine sources) and preferably biodegradable. In terms
of Sustainable Development Goals, the use of biomaterial 3D printing in
multiple industries serves various goals, as shown in Fig. 1. To avoid
confusion, the terms biomaterials and natural materials are used inter-
changeably to mean materials that are extracted from natural sources,
which is the scope of this study. Moreover, the term bioink is used to
mean a formulation that can be printed and is capable of hosting living
cells, regardless of whether it is actually loaded with cells or not. Bioinks
can be made of natural materials, synthetic materials, and various ad-
ditives. This paper focuses only on natural materials (i.e., which can be
used as base materials for bioinks and regular inks).

Biomaterials such as PLA (Polylactic acid) and natural hydrogels are
being used and developed as base materials for sustainable bioinks to
meet the demand of various industries that use 3D printing [1,5-7].
Although these biomaterials have various advantageous properties
ranging from high biocompatibility to tunable flexibility and mechani-
cal stability, most of them are still in their developmental stage.
Generally, each material either fails on the aspect of printability, me-
chanical stability, or biological compatibility. On one hand, many
protein-based biomaterials have attractive biological properties but lag
on the mechanical stability side. Conversely, some types of poly-
saccharides and other polymers are mechanically and thermally stable
but are not ideally biocompatible. Similarly, many hydrogels have
favorable electrochemical properties and/or adsorption characteristics
that are attractive as sustainable alternatives in industries such as the
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energy and water treatment industries but are limited by their stability
and printability. To enhance these materials, approaches such as hybrid
composites, material modification and functionalization, and structure
and printing parameter optimization are frequently used. A large part of
these developmental approaches requires extensive amounts of experi-
mental trial-and-error in which resources get wasted. Additionally, the
progress in this field needs to be fast in order to meet the growing de-
mand for green bioinks in various industries.

In this context, artificial intelligence (AI) has emerged as a powerful
tool with the potential to address these biomaterial development chal-
lenges. Since machine learning approaches have the ability to deal with
huge amounts of data and learn from it in a small amount of time, they
can be used to accelerate the discovery of new biomaterials, predict their
properties, and optimize their printability. Various machine learning
and deep learning approaches are being explored and developed for this
purpose.

Recently, as artificial intelligence is rapidly advancing in various
fields, its application in different 3D printing techniques is being studied
[8,9]. There are reviews in the literature that discuss the role of artificial
intelligence and machine learning in advancing multiple aspects of 3D
printing, such as monitoring, defect detection, parameter control, etc.
[10-16]. However, original studies exploring the use of machine
learning algorithms to specifically develop natural biomaterials for 3D
printing and bioprinting remain scattered in the literature. Fig. 2 shows
the exponential increase in publications on the use of Al in 3D printing in
the last few years. It appears that the same trend (in smaller numbers) is

Publications on AI Methods for 3D printing
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followed when the search is limited to naturally sourced materials only.
Therefore, it is crucial to pay more attention to this field to advance this
type of materials in order to meet the surging demand.

This review aims to serve as a guide for natural biomaterial devel-
opment using artificial intelligence for the purpose of sustainable 3D
printing ink fabrication. First, it discusses and analyzes the biomaterials
that have the potential to be used in this field, their properties, and
applications. Then, it explains how artificial intelligence can be used to
advance the printability and other properties of these materials (i.e.,
property prediction, smart material selection, and printing parameter
optimization) according to the available literature and further in-
terpretations. We expect this review to draw the focus of material sci-
entists and engineers to invest in Al-assisted solutions, and attract the
attention of research from various industries to advance the green so-
lutions presented in this study.

2. Biomaterial-based inks for various applications
2.1. Biomaterials for biotechnological applications

Natural materials have various favorable properties that make them
attractive for numerous applications, such biomedical/biotechnological,
water treatment, food, energy, bioplastics, and agricultural applications.
Generally, applications in each field require a certain set of properties.
For example, in the rapidly evolving field of biomedicine, there is an
increasing demand for materials that are biocompatible with human
tissues and cells. Research in this field is continuously looking for bio-
materials that can be used to make scaffolds that support cell growth and
maintain cell proliferation. Additionally, specific biomedical applica-
tions require particular characteristics. Fig. 3 shows the general favor-
able properties for biomaterials to be used in biomedical applications.
For instance, tissue engineering and wound healing applications require
controlled degradation and self-healing properties, drug delivery re-
quires porosity and responsiveness to external stimuli, cosmetics and
pharmaceuticals require antioxidation, anti-inflammatory, anti-aging,
and other bioactive properties. There is a wide range of biomaterials that
possess these properties, each in a unique combination. Among these
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biomaterials, the ones suitable for making bioprinting inks are discussed
in this section.

2.1.1. Protein-based materials

Protein-based materials from natural sources are attractive for
biomedical applications due to their minimal cytotoxicity and inherent
biocompatibility with human cells. In bioprinting, fibrous proteins,
globular proteins, and other protein complexes can be used to make
bioinks. Fibrous proteins which are long chains of water-insoluble pro-
teins (e.g., collagen, keratin, silk, and elastin) provide structural integ-
rity and flexibility for the scaffold while other protein complexes support
cell adhesion and proliferation. Although protein-based bioinks are
highly suitable for biomedical applications, they face numerous chal-
lenges in 3D bioprinting, among which the most important limitation is
their weak mechanical stability, as noticed in Table 1.

Collagen and gelatin are both protein biomaterials widely used in
bioprinting due to their favorable biological properties. Collagen,
abundant and supportive of cell function, faces challenges in bioprinting
due to poor mechanical stability and slow gelation [23,37]. To address
these, various approaches such as ink modification, sacrificial support,
and hybrid materials have been explored. Modifying collagen concen-
tration or crosslinking can improve its mechanical properties, though
increasing concentration may reduce bioactivity [38-40]. Blending with
materials like alginate [41] and hyaluronic acid [42] enhances stability,
and techniques like hierarchical porosity [42], double crosslinking [42],
and mineralization [43] further improve its suitability for bioprinting.

Gelatin, derived from collagen, shares similar biological properties
but offers better mechanical stability. It is also temperature-sensitive,
de-crosslinking and melting at 30-35 °C [6,24]. However, gelatin’s
poor rheological properties present challenges in bioprinting. To over-
come this, gelatin is typically used in modified forms, such as GelMA
(gelatin methacrylate), or combined with other materials like alginate
[44-46], hyaluronic acid [46], and additives such as decellularized bone
particles [47] and ferulic acid [48]. Efforts continue to develop
gelatin-based ink formulations with tailored properties for specific
biomedical applications, leveraging its biocompatibility and
biodegradability.

Properties required by biomaterials
for 3D bioprinting in biomedical applications

Properties

xef
«g“x@“
v
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Fig. 3. Properties required by biomaterials for 3D bioprinting in biomedical applications.
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Table 1
Properties and printability of protein-based materials for biomedical applications.
Material ~ Type Biological properties Physical properties Printability Visual examples Ref.
Collagen  Structural/fibrous - Supports cell functions - Poor mechanical stability Printable using extrusion, inkjet, [18-21]
protein - High cell adhesion - Slow gelation and laser-assisted bioprinting
- Not shear thinning techniques
- Thermal and enzymatic
crosslinking
[17]
Gelatin Protein - Good biocompatibility - Thermal, chemical, and Printable using nozzle-based and [6,20,23,
- Medium cell adhesion enzymatic crosslinking light-assisted techniques 24]
- Good biodegradability - Temperature responsive
- Shear thinning
- Poor rheological properties
Silk Fibrous protein - Low cell adhesion - Shear thinning (spider silk)  Printable using nozzle-based and [18,20,
- High enzymatic - Self-crosslinking light-assisted techniques 23.26]
degradation rate - Good structural integrity ’
Fibrin Fibrous protein - High biocompatibility - Thermal, chemical, and Printable mainly using nozzle-based [20,28]
- High cell adhesion enzymatic crosslinking techniques
- High biodegradability - Elastic and viscous
- Not shear thinning
- Has tunable mechanical
properties
dECM Mixture of proteins and - Excellent - Water soluble Printable using nozzle-based and [6,30,31]
other components biocompatibility - Weak mechanical light-assisted techniques
- Source of bioactive properties
molecules - Chemical and physical
crosslinking
Matrigel ~ Protein-based - High cell adhesion - Shear thinning Mainly printable using nozzle-based [7,20,33]
biomaterial - mimics human - Thermal crosslinking techniques.
extracellular matrix - poor mechanical strength Can also be used in laser-assisted
methods.
Keratin Fibrous protein - High biocompatibility - Weak mechanical Mainly printed using light-base [23,34,
- Biodegradable properties techniques. 35]
Can also be printed using nozzle-
based methods
Elastin Fibrous protein - Essential component of - High elasticity, Mainly printable using nozzle-based [18]

the ECM
Biodegradable
High cell attachment

stretchability, and
flexibility

techniques.

[36]

Other fibrous proteins, including silk, fibrin, and elastin, are also
used in bioinks. Silk offers good mechanical stability but has poor
rheology, enzymatic degradation, and potential crosslinking toxicity
[49-51]. Innovations like light-assisted bioprinting [52], hybrid bioinks
[53,54], and computational modeling [51] address these issues, though
challenges remain. Fibrin is elastic and biocompatible but has viscosity
challenges and high degradation rates [6,7,19]. Solutions include
blending with glycerol [27], gelatin [55,56], collagen [56], hyaluronic
acid [27,56], alginate [57], and chitosan [57]. Elastin promotes flexi-
bility and cell adhesion [23,58], but its natural extraction is difficult,
leading to the use of synthetic alternatives [59] or blends with materials
like resilin [60] and gelatin [61]. Keratin supports cell growth but re-
quires modifications such as water solubility, photocrosslinking [23,62],
and nanoparticle coatings [63].

Other protein complexes like dECM and Matrigel are also utilized.
dECM, obtained after decellularization, is tissue-specific and highly
biocompatible but faces challenges in reproducibility, decellularization,
and weak mechanical stability [6,19,31,64]. Matrigel, extracted from
mice tumors, mimics human ECM and has gelling properties but strug-
gles with reproducibility, low mechanical stability, and temperature
sensitivity [7].

2.1.2. Polysaccharide-based materials

Polysaccharides offer superior mechanical stability compared to
protein-based materials, making them highly attractive for use as bioink
base materials. These materials are abundant and derived from various
natural sources, such as cellulose, pectin, and starches from plants, and
alginate, carrageenan, and chitosan from marine sources as shown in
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Fig. 4. Chemical structures of polysaccharides from various natural sources [3].

Fig. 4. Their properties are influenced by factors such as chemical
structure, hydrogel concentration, and gelation mechanisms. Addition-
ally, polysaccharides do not carry the risk of transmissible diseases that
some protein-based materials do [65]. However, one challenge is their
relatively lower cell adhesion, which affects their biocompatibility
compared to protein-based hydrogels.

A commonly used polysaccharide in biomedical applications is hy-
aluronic acid (HA), which is known for its high biocompatibility and
favorable rheological properties. However, HA’s mechanical stability is
often insufficient, which requires modifications such as methacrylate or
cysteine to improve its gelation rates and mechanical properties [6,19,
66]. Another polysaccharide, dextran, is used in biomedical fields due to
its biocompatibility and biodegradability. However, its limited cell
adhesion reduces its effectiveness in tissue engineering applications
[67-701.

Among the polysaccharides sourced from algae, alginate and carra-
geenan are the most widely used in biomedical applications. Alginate’s
favorable biological properties support cell encapsulation, but it faces
issues such as low-resolution printing and brittleness due to its low
viscosity in its native state [5,71]. These challenges can be overcome by

creating hybrid hydrogels [72-74], or modifying the alginate structure
[75,76]. Carrageenan, while also beneficial for its bioactive properties,
shares similar limitations in terms of brittleness, but can be enhanced by
incorporating nanostructures or using alternating-layer bioprinting
techniques [3,77,78]. Fucoidan, another polysaccharide from algae, has
bioactive properties but limited experimental evidence for its print-
ability [4].

Chitosan, distinct due to its cationic nature, is often used in combi-
nation with anionic polysaccharides to improve bioink properties. Its
biocompatibility, biodegradability, and easy gelation properties make it
suitable for various bioprinting techniques, including nozzle-based and
light-assisted methods [79-82]. Agarose, while mechanically robust and
stable, has poor cell adhesion and limited degradation [5,83-85]. It is
commonly used as a sacrificial support material for weak biomedical
scaffolds [86,87].

Cellulose, another versatile polysaccharide, is commonly used in
modified forms such as methylcellulose and carboxymethylcellulose.
These derivatives offer favorable viscosity, thixotropy, and shear thin-
ning behavior, making them useful in bioink formulations. Additionally,
cellulose-based bioinks are biodegradable, but challenges such as
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insolubility and low shape fidelity at low concentrations remain
[88-91]. Other polysaccharides, such as starch and pectin, are derived
from food sources. While starch can form biodegradable gels, it requires
heating and cooling, which limits its applicability in cell encapsulation
[3]. Pectin, on the other hand, is often used as an additive to improve the
biological properties of bioinks without compromising their mechanical
integrity [92]. Lastly, natural gums, including guar gum and xanthan
gum, are used to enhance the rheological properties of bioinks [3].
Table 2 summarizes the properties and printability of
polysaccharide-based bioinks for biomedical applications.

2.1.3. Other materials

In addition to proteins and polysaccharides, there are a few other
types of materials that are naturally sourced and used in biomedical
applications mainly due to their strong mechanical properties. PLA
(Polylactic acid) and PHAs (Polyhydroxyalkanoates) are two biode-
gradable nontoxic polyesters that have excellent printability and me-
chanical/thermal stability. They are used to make high shape fidelity
biomedical scaffolds for tissue regeneration [154]. Although PLA is
widely used in conventional 3D printing, its crystallinity and low cell
adhesion limits its use in biomedical applications. To enhance the bio-
logical behavior of the PLA-based bioinks, studies are investigating the
use of PLA nanofibers [155], PLA hybrid bioinks [155,156], and PLA
nanocomposites [157]. Similarly, PHAs exhibit better biological prop-
erties when blended with other materials than when used independently
[158]. PHAs also have tunable biodegradability that can vary from
weeks to months, making them suitable for biomedical scaffold fabri-
cation. Additionally, they can be used to develop smart materials that
sense external stimuli and respond as programmed [158]. Interestingly,
diatom-sourced biosilica, which is a ceramic material, or a mineral is
also used for the fabrication of bioinks for biomedical applications. In
terms of mechanical properties, biosilica is crystalline, highly stable, and
resistance to moisture and chemicals, however it lags in biological
properties. Therefore, it is used as fillers and nanocomposites in com-
bination with other materials to leverage its benefits without compro-
mising the overall bioink bioactivity [159-161]. Table 3 summarizes the
properties and printability of PLA, PHAs, and biosilica.

2.2. Biomaterials for water treatment applications

Besides biotechnological applications that were discussed in the
previous section, 3D printing using natural materials is becoming more
popular in other fields such as the water treatment industry due to the
demand for intricate structures with high surface area, controlled
porosity, and advanced properties. Materials such as cellulose, PLA,
biosilica, alginate, and chitosan are used to fabricate various designs
including membranes, meshes, filters, among other structures that are
used for oil/water separation, metal and microplastic removal, and
water desalination.

Cellulose and its derivatives are commonly used to make function-
alized filter papers, membranes, and fibers that are used for water
treatment. 3D printing is gradually replacing the conventional methods
of preparing cellulose-based separation membranes such as the solution
casting method and replacing them with more advanced structures such
as foams, aerogels, and thin meshes. Fig. 5 illustrates the process of
preparing a cellulose-based ink and 3D printing it into filtration meshes.
The results by Koh et al. [176] show that the microporous hydrophilic
thin filters are able to separate oil and water with an efficiency of ~95
%, with the best results when the pores are smaller than 280 pm.
Additionally, they were able to achieve an efficiency of 99 % with a
more complex structure, emphasizing the importance of 3D printing in
enhancing the efficiency of oil/water separation. Similarly, Li et al.
[177] achieved an oil/water separation efficiency of up to 99 % by using
a 3D printed anti-fouling membrane made of cellulose acetate, polyvinyl
alcohol, and silica nanoparticles. Interestingly, besides hydrophilic
membranes, hydrophobic membranes are also used to treat water. For
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instance, Ning et al. [178] used a membrane made of cellulose and silica
to achieve an oil/water separation efficiency of 99.31 % after cycles and
Xu et al. [179] 3D printed a cellulose-based hydrophobic foam that has
the ability to remove microplastics. In another study [178], a
cellulose-based aerogel was developed in way that it can switch between
hydrophobicity for oil/water separation (efficiency: ~99.5 %) and hy-
drophilicity for water desalination using evaporation (efficiency: ~89.7
%). 3D printed cellulose-based membranes are also used for metal ions,
dye, and COy treatment [180]. However, further investigations and
evaluations should be done to prove the efficiency of these
cellulose-based materials under different scenarios and on larger scales.

Additionally, 3D printing has the potential to replace mesh coating in
the water treatment industry. Fig. 6 shows the difference in uniformity
and homogeneity between 3D printed meshes and coated meshes, which
enhances the performance and durability of the 3D printed counterparts.
Due to its stability and other favorable properties, PLA is commonly used
to 3D print matrices and scaffolds that can be further surface-modified
[181,182] and reinforced [183] to achieve a final composite that has
good adsorption and water treatment properties.

Moreover, chitosan- and alginate-based materials have the potential
to adsorb heavy metals such as copper and lead. In one study [185] a
chitosan-based filter was 3D printed and used to adsorb lead, while in
another study [186] chitosan was grafted on a scaffold made of a
different material to enhance its removal of dye from textile wastewater.
Also, chitosan catalysts incorporating metal oxides and other nano-
particles are reported for use in wastewater treatment [187]. However,
the involvement of 3D printing is yet new to this field and expected to
advance this field rapidly, especially on the nanoscale. Similarly, 3D
printed alginate-based materials are also used to adsorb and remove
water pollutants such as uranium [188], copper [189], zinc [189],
Methylene Blue [190], and others [189,191].

Natural hydrogels such as alginate, chitosan, and silica gel are also
used to host and immobilize living cells such as algae that have the
ability to treat water by recovering nutrients [192], removing heavy
metals [182,188,193], detecting pollutants [194], and monitoring
toxicity [195,196]. In this regard, 3D printing can either be used to print
a hydrogel that is already loaded with cells or can be used to seed the
cells into the hydrogel after printing the scaffold [4].

2.3. Biomaterials for food and agriculture applications

Aligning with Goal 2 of the United Nation’s Sustainable Develop-
ment Goals “End hunger, achieve food security and improved nutrition
and promote sustainable agriculture”, the food industry is increasingly
focusing on exploring and implementing innovative ways to ensure
sustainable food supply that meets the growing demand of the nations
and the changing challenges of the new generations. Among these
challenges in the food industry are the spread of highly selective diets,
the increasing demand for functional foods, and the limited availability
of certain food types. To address these issues, the incorporation of 3D
printing has shown the potential to provide customizable cost-effective
solutions using extrusion, inkjet, binder jetting, and light-assisted 3D
printing [197]. In terms of materials, studies are continuously devel-
oping new 3D printing formulations made of edible inks including nat-
ural biomaterials such as alginate [198-200], carrageenan [201-204],
chitosan [205], fish gelatin [206,207], pectin [208], starches [209],
natural gums [153,210,211], milk protein [212], and lipids [213]. These
formulations are used for many purposes such as high-nutrition func-
tional foods, personalized therapeutic foods, and vegan alternative
foods.

One of the main drivers for food 3D printing using edible bio-
materials is the need for precisely prepared foods for specific diets and
lifestyles. Recently, there have been many trials to 3D print vegan al-
ternatives with similar sensory attributes and nutritional value to food
types of non-vegan origin. Fig. 7 shows examples of seafood-like pro-
totypes made of sunflower oil, carnauba wax, soy protein isolate and
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Table 2
Properties and printability of polysaccharide-based materials for biomedical applications.
Material Biological properties Physical properties Printability Visual examples Refs.
Cellulose Tunable biodegradability Properties vary depending on Printable using extrusion [93-95], [100,101]
composition, can be: Crystalline, inkjet [96], and laser-assisted
thixotropic, shear thinning, thermally [97,98] techniques.
stable.
Alginate - Biocompatible - Chemical and ionic crosslinking Printable using extrusion [102-104] [20]
- Low cell adhesion - Shear thinning and laser assisted bioprinting [105,
- Nontoxic 106
- biodegradable !
Chitosan - Biocompatible - Ionic crosslinking Printable using various printing [20,
- Biodegradable - Good mechanical stability techniques (e.g., extrusion 110192
- Bioactive properties [108-111], inkjet [112], binder 1221
- Low cell adhesion jetting [113], laser-assisted
[114-117])
[118]
Agarose - Limited - Shear thinning Printable using extrusion techniques [20,84,85,
biocompatibility - Thermal crosslinking [123-125] 197128
- Uncontrolled - Thermoreversible hydrogel 128
biodegradation
- Low cell adhesion
- pH-responsive
Carrageenan - Biocompatible - High viscosity Printable using nozzle-based [129, [20,
- High cell viability - High shape fidelity . .
- Tunable - Shear thinning 130] and laser assisted [1] techniques 132-135]
biodegradability - Thermal and ionic crosslinking
Hyaluronic - Essential in connective, - Poor mechanical properties Printable using nozzle-based [6,19]
acid epithelial, and neural - Rapid degradation techniques [136].
tissues - Physical and chemical crosslinking Can be modified to suit laser-assisted
- Tunable properties - Viscoelasticity is pH sensitive methods [137].
Dextran - Biocompatible - Should be modified to form a Printable using extrusion techniques [3,141]
- Biodegradable hydrogel [139]
Fucoidan - Biocompatible - Shear thinning Limited literature available - [142-145]
- Bioactive properties - Viscoelastic
Pectin - Contains bioactive - Varying degrees of gelling Printable mainly through extrusion [146,148]
molecules - Low mechanical strength methods [146]
- Rapid degradation
[147]
Starches - Biodegradable - Low mechanical stability Printable mainly through extrusion [149]
- Nontoxic - Temperature sensitivity printing [149]
- Hydrophilic - Humidity sensitivity
- viscoelasticity
[150]
Natural - Biodegradable Water soluble, salt tolerant, gelling Useful as viscosity modifiers in - [151-153]
gums - Biocompatible and thickening (i.e., guar gum, locust ~ nozzle-based printing

bean gum, xanthan gum)
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Table 3
Properties and printability of biosilica, PLA, and PHAs for biomedical applications.
Material ~ Type Biological properties Physical properties Printability Visual examples Refs.
Biosilica  Ceramic - Commonly used as fillers and - Crystalline Printable using various methods Swt.% Bioglass-PDLGA [163]
material or nanocomposites due to limited - High thermal stability depending on the base components of
mineral bioactivity - Excellent mechanical the bioink
strength

Resistance to moisture
and chemicals

PLA Linear aliphatic - Varying biodegradability - High rigidity Widely used in 3D printing [165]
polyester - Nontoxic - Shape fidelity
- Low cell affinity - Crystalline and brittle
PHAs Polyester - Biodegradable - Semi-crystalline Printable using extrusion [167-169] [173-175]
- Biocompatible - Tensile strength and laser-assisted [170,171]
between 9 and MPa techniques
[166]
Ink Preparation Mesh 3D-Printing

Cellulose Acetate

[irfdeqef——

’11/17

- —

Regenerated Cellulose Mesh Cellulose Regeneration

NaOH/CH;OH

Cellulose

Fig. 5. (A) Fabrication of a cellulose mesh via 3D printing for water treatment, and (B) the setup of the oil/water separation process, (C) self-cleaning ability of the
mesh [176].
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Fig. 6. Difference in uniformity and homogeneity between 3D printed meshes and coated meshes [184].

k-carrageenan [214]. Although the results from this study are promising
and highlight the ability of plant-based lipids in improving the me-
chanical properties of the final print, the overall sensory properties are
yet to be optimized to achieve customer acceptance.

Besides the vegan industry, people with difficulty swallowing
(dysphagia) and the elderly need special food that is soft but does not
compromise the necessary nutritional value. One of the main compo-
nents used in the dysphagia diet is xanthan gum [215,216] and other
natural gums [217]. However, although gums are well printable, they
are not enough in terms of nutrition and textural properties for a com-
plete diet. Therefore, studies are investigating the incorporation of
various food groups in the preparation of edible 3D printing inks without
compromising its printability. These include konjac [215,218], mung
bean protein [217], rose powder [217], orange concentrate [153], whey
protein isolate [216], gelatin [216], and cellulose nanocrystals [216].
Interestingly, adding cellulose nanocrystals and storing the ink at 4 °C
raised its quality from below the standards of the dysphagia diet to a
level 5 class [216]. However, further improving the sensory aspects of
gum-based inks is required to increase the food’s desirability and avoid
malnutrition in patients. Additionally, other types of diets require ma-
terials with different properties. For example, 3D printing food in space
saves costs, space, time and allows room for more variety in food as the
inks can be stored in powder form and printed on demand. However, the
inks should have a long shelf life to ensure durability in space missions
[219,220].

To further enhance the quality of 3D printed food, living cells of
various plants can be cultured inside the hydrogel. For example, Van-
cauwenberghe et al. [147] encapsulated lettuce cells in a 3D printed
pectin hydrogel and observed successful cell proliferation that changed
the color of the hydrogel from white to green as shown in Fig. 8 (A).
Similarly, Park et al. [221] cultured carrot tissues in an alginate-based
hydrogel in a process shown in Fig. 8 (B). Although both studies ach-
ieved successful cell growth, 3D printing edible plant cultures still suf-
fers from low mechanical stability upon increase in cell density and low
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cell adhesion. Further investigations using materials that are compatible
with plant cells are needed to advance this field.

In addition to plant cell culturing, natural hydrogels can also be used
as a water and nutrient supply in the field of agriculture due to their high
water retention and ability to release particles controllably [222]. For
example, Dissanayake et al. [223] used 3D printing to prepare an
agar/urea hydrogel that provides a slow release of nitrogen as a po-
tential natural fertilizer. 3D printing is also used in other applications in
the food and agricultural industries, such as monitoring food safety, food
quality, and agricultural environments [224], and ongoing efforts are
working on using biomaterials to develop the food and agricultural
sectors sustainably.

2.4. Biomaterials for energy applications

As the energy demand is increasing on one side, and the call for
sustainable sourcing, manufacturing, and consumption are becoming
more urgent on the other side, innovative solutions are necessary to
address the challenges of the energy industry. 3D printing using natural
materials has emerged as a promising solution in this regard due to its
ability to utilize a wide range of materials to fabricate highly detailed
structures on micro- and nanoscales for energy devices. These advanced
structures possessing hierarchical porosity, high surface area, and
controlled microstructures have shown enhancements in the electro-
chemical and mechanical properties of 3D printed energy devices as
opposed to conventionally fabricated devices [225]. Additionally, Fig. 9
shows an example of how 3D printing shortens the manufacturing pro-
cess by eliminating a few steps. Moreover, the use of naturally sourced
materials such as cellulose, PLA, alginate, biochar, biosilica, and
carrageenan can be used in the fabrication of energy devices to reduce
their environmental footprint and enhance their performance sustain-
ably, however their use in 3D printed energy devices is still in its infancy.

In energy generation and conversion applications, natural materials
can be used as 3D printing inks in fuel cells, solar cells, water splitting
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Fig. 7. 3D printed vegan seafood-like carrageenan-based prototypes [214].

systems, and other electric generators [225,226]. This is due to their
naturally intricate and porous microstructures that provide increased
active sites and therefore enhance their energy conversion ability. For
example, in the case of conventionally fabricated fuel cells, the range of
peak power density is typically 240-415 mW/cm? while the highest
value achieved by 3D printing fabrication is 727 mW/cm? [225,227].
Similarly, in the case of solar cells, the typical range of power conversion
efficiency is 12.2 %-18.6 % while the highest achieved by 3D printing
fabrication is 26.47 % [225,228]. Although these values prove the po-
tential of 3D printing in improving the efficiency of energy generation
devices, they do not specifically represent the results of naturally
sourced materials. In other studies, PLA-based inks were used in com-
bination with graphene, nickel, and copper, and other active materials
to fabricate electrodes through fused deposition modelling (FDM) [226].
On the other hand, cellulose derivatives, lignin, and alginate were used
as base materials to fabricate electrodes through direct ink writing
(DIW) [226]. Although these materials can reduce the overall toxicity of
the fabricated devices, increase their degradability, and minimize the
need for synthetic surface modifications, their use in energy generation
devices is yet to be developed and optimized to achieve industry-level
standards.

In a similar manner, natural materials including PLA, cellulose,
alginate, gelatin, and starch are used in energy storage applications such
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as batteries and supercapacitors [226]. Using conventional battery
fabrication methods, even biochar, biosilica, carrageenan, and agar are
used to make various battery components like electrodes, electrolytes,
binders, and separators [229], however, further efforts are required to
test and optimize their performance under 3D printing conditions.
Fig. 10 summarizes the main properties and biomaterials suitable for use
in 3D printing for energy applications. The increasing demand for
wearable electronics is driving the energy industry to explore novel
materials that have good electrochemical and mechanical properties
while providing flexibility and biocompatibility. 3D printing using
natural materials not only serves the environmental needs, but also al-
lows the implementation of innovative solutions rapidly, on
micro-scales, and with precise accuracy. What remains is applying the
knowledge of electrochemical and morphological properties of natural
materials and tuning them to leverage their advantages and serve the
requirements of energy generation and storage devices.

2.5. Biomaterials for bioplastics and food packaging applications

In addition to biomedical, water, food, and energy applications, the
utilization of biodegradable natural materials in the packaging and
textile industries is becoming increasingly necessary to mitigate the
pollution caused by plastics and other materials derived from fossil fuel.
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Culturing

Fig. 8. (A) the growth of lettuce cells in pectin [147]. (B) The process of 3D printing carrot tissues in alginate [221].

However, strength, flexibility, and other mechanical properties are of
utmost importance in these industries, and proposed biomaterials
should be well-developed to meet the requirements of daily consumer
use and the standards set by the plastics, textile, and other related in-
dustries. It is worth noting here that although biodegradability is a
common feature in naturally occurring materials, modifying and treat-
ing these materials to achieve industrial standards can negatively impact
their biodegradability.

Studies are investigating the potential of naturally sourced PLA,
PHAs, cellulose [230,231], lignocellulose [232,233], starch [230,231],
chitosan [234], proteins [235-237], and other biomaterials to develop
novel packaging films and foils, edible packaging films, coatings, straws,
and even plant pots [235]. PLA is one of the commonly used 3D printing
materials due to its favorable mechanical properties and environmental
friendliness [238]. Similarly, PHAs are compatible with many
nozzle-based and light-based 3D printing techniques [239]. They are
desired for their nontoxicity and multifunctionality, however, more ef-
forts are still needed to achieve the processing methods and materials
that are compatible with the different PHA types and printing tech-
niques while keeping the cost at the feasible level [239,240].

Food packaging is one of the most important applications in this
field, in which various 3D printing techniques can be employed, as
shown in Fig. 11. Interestingly, as the technology advances, food
packaging is moving towards active and smart types of packaging, which
require the use of biomaterials that have certain bioactive properties. In
active packaging, biomaterials with anti-microbial and antioxidant
properties such as chitosan, soy protein, and gelatin are used to extend
the shelf life of the packed food and prevent its spoilage [241]. On the
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other hand, smart packaging utilizes the sensitivity of certain materials
to humidity, pH, and other parameters to sense and indicate any changes
occurring in the packed food. While 3D printing serves the purpose of
active packaging by allowing rapid prototyping of customized products,
4D printing is employed in the case of smart packaging to manufacture
products that deform over time when exposed to certain stimuli. Re-
views of the detailed mechanisms and materials used in 3D/4D printing
of active and smart food packaging are available elsewhere in literature
[241-243]. Additionally, edible biomaterials such as starch, natural
gums, and fruit and vegetable extracts and residues are used to fabricate
edible films for food packaging [244]. 3D printing also helps in incor-
porating nanoparticles in the packaging films, however although these
particles are attracting research interest, they still face potential toxicity
hazards [244].

3. New venues to improve biomaterial printability using
artificial intelligence

As researchers strive to enhance the functionality and adaptability of
printable natural materials to meet the set requirements for various in-
dustries, obstacles related to material compatibility, printability, and
stability are frequently encountered. The sensitivity of biomaterial
properties towards numerous parameters and conditions requires crea-
tive solutions to overcome the huge number of possible combinations
and formulations that would otherwise need to be tested experimentally,
wasting resources, efforts, and time. Herein, using artificial intelligence
comes to serve this purpose.

The integration of Al in bioprinting is a transformative approach that
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Fig. 9. A comparison between conventional battery manufacturing process and 3D printing process (the case of Li-ion battery) [226].

accelerates developments in the field and opens new opportunities for
innovative solutions. Generally, Al can be employed in all stages of 3D
printing, including preprinting (image processing, computer-aided
design, material selection, printing parameters), through printing
(printing method selection, control print defects, identify print failures),
and post printing (quality inspection and real-time monitoring) [10]. In
another study [11], the involvement of AI in 3D printing is better
categorized into 3 levels: (1) open loop Al printing, (2) closed loop Al
printing, and (3) predictive Al printing. In open loop printing, Al is used
offline for purposes such as scanning nonplanar surfaces before printing
or designing and shaping programming structures for 4D printing. In
closed loop printing, Al is used online (during printing) for monitoring
and real time adaptation based on any defects or moving parts. Lastly,
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predictive Al printing is used to predict deformations before they occur
and adjust on time. This sophisticated level of involvement is expected
to be further developed in the future for applications such Al-driven
surgical 3D printing. Although the aforementioned classifications are
valid, this review focuses solely on the aspects related to enhancing
biomaterial printability, which are (1) material property prediction, (2)
smart material selection, and (3) printing parameter optimization, as
shown in Fig. 12. It is worth noting that although most of these methods
are currently in the open-loop stage of involvement, they are developing
rapidly and have the potential to be integrated in closed loop Al print-
ing. Additionally, the discussions presented in the following subsections
are mainly based on information and studies conducted using natural
materials, although a few studies using unnaturally sourced materials
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Fig. 10. Properties and biomaterials used in 3D printing for energy applications.

are referred to when deemed necessary and suitable to inspire similar
trends to be performed for natural materials.

To apply artificial intelligence for enhancing biomaterial print-
ability, it is essential to understand the various types of machine
learning algorithms available and how they can be applied to different
challenges in bioprinting. Each type of machine learning—whether su-
pervised, unsupervised, semi-supervised, or reinforcement lear-
ning—offers distinct advantages depending on the specific problem at
hand, and can be used for different applications. Understanding the
characteristics and appropriate applications of these algorithms will
enable researchers to select the most effective approaches for improving
printability and overcoming material compatibility issues. Table 4 pro-
vides a comparative overview of these machine learning types and
summarizes their key features.

Among the diverse machine learning models, some are more
commonly used in bioprinting, such as decision trees, random forests,
artificial neural networks (ANNs), and convolutional neural networks
(CNNs). Each of the mentioned models have their distinct advantages,
limitations, and applications as discussed below.

Linear and regression-based models are basic tools that can be used
in bioprinting for parameter analysis and prediction. Multiple Linear
Regression (MLR) is a straightforward model that can predict outcomes
such as cell viability or tissue properties based on printing parameters
[251]. Its relatively direct interpretability makes it ideal for baseline
predictions and identifying key variables, although it assumes linear
relationships, which can limit its applicability in more complex sce-
narios. LASSO (Least Absolute Shrinkage and Selection Operator)
Regression takes a step further by focusing on feature selection to
pinpoint critical parameters influencing outcomes, simplifying models
for easier interpretation [252]. However, its reliance on linearity may
cause it to miss potential interactions between variables. Bayesian
Optimization (BO) stands out in design optimization by significantly

14

reducing the number of required experiments [253]. Using limited data,
BO identifies optimal process parameters and offers efficient prediction
capabilities, making it a powerful tool for streamlining experimental
workflows.

Tree-based models are widely utilized in different fields for their
ability to handle both linear and non-linear relationships effectively.
Decision trees (DT) are particularly valued for their interpretability, as
they can classify tissue types or predict properties based on printing
parameters. They are especially useful in preliminary analyses and
feature selection due to their simplicity and visual appeal [254]. For
more complex tasks, Random Forests (RF) provide a robust alternative.
By aggregating multiple decision trees, RF can manage intricate re-
lationships and produce advanced predictions while reducing the risk of
overfitting. Additionally, RF offers valuable insights into variable
importance, enhancing its utility in bioprinting applications.

Additionally, neural networks have the ability to adapt to complex
patterns and datasets. Artificial Neural Networks (ANNs) excel in
generating new designs or predicting outcomes with remarkable accu-
racy. Despite their effectiveness, ANNs operate as black-box models and
demand extensive training data, which can be a limitation. Moreover,
Convolutional Neural Networks (CNNs) are specifically tailored for
image analysis, making them indispensable for real-time feedback and
quality control in bioprinting. By analyzing structure images, CNNs
provide detailed insights into printed outputs, although their computa-
tional intensity requires significant resources [255].

Moreover, generative models offer innovative solutions for design
and parameter generation. Generative Adversarial Networks (GANs) are
renowned for their ability to create synthetic designs by capturing
detailed relationships within large datasets. This capability allows for
the exploration of novel parameters and structures, expanding the
boundaries of bioprinting innovation. Conditional GANs (CGANSs) build
on this foundation by introducing condition-specific data generation,
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enabling tailored designs and fostering condition-driven advancements
in bioprinting applications. These models find their applications in

biomimetic design [256].

Al for Printable Material Development

Al for
Printable
Material
Development

- Property

prediction
- Smart material
selection
- Parameter
optimization

Fig. 12. Al for printable material development.

Furthermore, reinforcement learning models are uniquely suited for
real-time optimization in dynamic bioprinting processes. For example,

Q-Learning can be used to optimize printing parameters by making
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Table 4
Comparative overview of machine learning types.
Type Description Key Features Examples of Algorithms/ Refs.
Models
Supervised Learning - Learns a function that maps input to output based on - Requires labeled data. - Linear and logistic [245,
labeled input-output pairs. - Goal-oriented approach. regression 246]
- Uses labeled data to infer a function. - Error is calculated based on the difference - Naive Bayes classification
between predicted and actual output. - Support Vector Machines
(SVM)
- Decision Trees
- Random Forest
Unsupervised - Analyzes unlabeled data without human supervision. - Data-driven approach. - Clustering [246,
Learning - The algorithm identifies patterns or structures within the - No labeled data required. - Dimensionality reduction ~ 247]
data by itself. - Focus on extracting features, trends, and - Anomaly detection
groupings. - Feature learning
Semi-Supervised - A hybrid approach combining labeled and unlabeled - Combines both labeled and unlabeled data. - Semi-supervised [246,
Learning data. - Effective when labeled data is scarce. clustering. 248,249]
- Uses a small amount of labeled data and a large amount - Semi-supervised
of unlabeled data for better prediction. classification.
Reinforcement - Learns by interacting with an environment and receiving - Environment-driven approach, based on - Q-Learning [246,
Learning feedback in the form of rewards or penalties. reward/punishment. - Deep Q-Network (DQN) 250]

Focuses on optimizing actions to maximize rewards.

Optimizes decisions over time.

Proximal Policy
Optimization (PPO)

adaptive state-action decisions, ensuring process adjustments are made
efficiently during operations [257]. Deep Q-Networks (DQN) take this
optimization a step further by focusing on spatial aspects, such as
enhancing printer head movements. Through their ability to learn
complex relationships and apply them in real-time, DQNs contribute to
achieving precise and efficient printing processes.

The following subsections discuss the recent developments in using
machine learning to enhance material properties for bioprinting
applications.

3.1. Material property prediction

Predicting the properties of printable biomaterials serves as a basic
building block in developing advanced 3D printing inks for specialized
applications. Based on these predictions, the printing techniques, con-
ditions, and parameters can be adjusted. Biomaterial-based ink formu-
lations can also be further optimized according to the suggested

predictions without undergoing a long series of experimental trial-and-
error or even lengthy simulations. For example, using the linear
regression (LR) model to predict and rank various geometries of soft/
brittle materials based on their toughness and strength was proven
around 250 times faster than achieving the same results using finite
element model (FEM) simulations [258]. Although this high speed does
not predict detailed values of strength and toughness, it successfully
predicts the rankings of 1 million geometries based on limited labeled
data in less than a second. On a large scale, this approach is useful in
filtering a huge number of possible combinations and shortlisting the
best ones for further exploration and optimization. Interestingly, this
study proves that using more complex machine learning methods such
as convolutional neural networks (CNN) does not necessarily yield
better ranking predictions despite their higher accuracy.

On a more specific level, machine learning methods can predict the
mechanical properties of various biomaterials, as shown in Table 5.
These properties include tensile strength, yield strength, stiffness,

Table 5
Properties predicted by AI methods to improve the printability of various biomaterials.
Property Al methods 3D printing material Prediction accuracy Refs.
& Best methods
Shape fidelity Inductive logic programing — ILP Atelocollagen (AC) Higher elastic modulus gives better shape fidelity while [251]
Extrudability (relative least general generalization extrusion is best achieved below the critical yield stress.
Algorithm)
Extrusion pressure Regression and classification methods Alginate and gelatin RF prediction error: 34.4%-44.4 % [260]
LR prediction error: 13.2%-73.4 %
PLSR and PCR Surimi paste PLS has the best prediction accuracy [261]
Printing temperature Regression analyses 968 drug formulations were ANN: best results [262]
studied
Microneedle features Classification methods and DL Biodegradable PLA ConvNeXt_Base DL model has highest accuracy (0.96) and [263]
precision (0.96)
Inkjet droplet velocity RFs, LASSO, XGB, SVR Sodium alginate hydrogel XGB: best prediction performance [254]
Inkjet droplet volume
Printability or DT, RF, DL 210 biomaterial formulations RF: best accuracy (88.1 %) and precision (90.6 %) [264]
printability window DL: best recall (87.3 %)
RF, MLP, SVM 687 drug formulations were Printability prediction accuracy: 97.22 % [265]
studied Print quality prediction accuracy: 97.14 %
SVM, RF, ANN, KNN, LR 968 drug formulations were Printability prediction accuracy: 93 % [262]
studied
Tensile strength OLS LR, RF, LGBM, XGB, ANN PLA XGB: best tensile strength prediction accuracy [259]
Stiffness, strength, and Image-driven CNN PDMS Process-structure-property studied [266]
toughness
Plastic viscosity LR, SVR, RF, XGB, MLP Concrete XGB: best plastic viscosity and yield stress prediction accuracy ~ [267]
Yield stress
Dissolution profile MLR, DT, SVM PCL with various amounts of DT: best accuracy [268]

ciprofloxacin and PEG
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toughness, plastic viscosity, and shape fidelity. Ege et al. [259]
employed five machine learning models to analyze the impact of 3D
printing parameters (i.e., nozzle temperature, printing speed, and layer
height) on the tensile strength of PLA, and predict the tensile strength
values. To achieve this, datasets containing 68 combinations of process
parameters and tensile strengths were used from literature: 80 % for
training and 20 % for testing. Their results show that in comparison to
the ordinary least squares linear regression (OLS LR), random forest
(RF), light gradient boost (LGBM), and artificial neural network (ANN)
models, the extreme gradient boost (XGBoost or XGB) model shows the
best accuracy in predicting the tensile strength values as illustrated in
Fig. 13. Additionally, the study concludes that high infill density and low
printing speed result in better prediction accuracy. This method can
further be developed to understand the importance of other 3D printing
parameters such as nozzle pressure and strut size. Further research
should also investigate the methods’ accuracy using other biomaterials.

Similarly, plastic viscosity and yield stress were best predicted by the
XGB model over linear regression (LR), support vector regression (SVR),
random forest (RF), and multilayer perceptron (MLP) models [267].
Based on the plastic viscosity and yield stress, the printability window
was predicted, and close results were obtained experimentally, as shown
in Fig. 14. Although these results were obtained for concrete rather than
natural biomaterials, the same approach of varying experimental pa-
rameters and obtaining rheological data to train the predictive models
can be applied to other types of natural materials. In another study
[264], the printability windows of various biomaterial formulations
were predicted using decision tree (DT), random forest (RF), and deep
learning (DL) models, as shown in Fig. 15. The models were trained
using the printability data and formulation compositions of 210 for-
mulations which consist of 16 biomaterials and that were 3D printed to
test their printability (Fig. 15 A). Among the three models, RF shows the
best prediction accuracy (88.1 %) and precision (90.6 %). RF excels in
overall performance due to its ensemble approach, which combines
multiple DT trained on different samples of the data. This diversity
among trees reduces overfitting and enhances the model’s generaliza-
tion ability. On the other hand, DL has the highest recall (87.3 %) and
finest map granularity as noticed in Fig. 15 B. These printability window
prediction methods are of high importance when dealing with large
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numbers of bioink formulations, such as in the pharmaceutical industry.
Studies have collected 900+ drug formulations to train machine
learning models to predict the ink printability using filament hot melt
extrusion [262] and inkjet [265] printing. Furthermore, the drug release
times and dissolution profiles can also be predicted using machine
learning algorithms [262,268].

The relationship between printability and mechanical properties is
further analyzed by Lee et al. [251]. They used an inductive logic pro-
gramming method to analyze the importance of various properties and
found that higher elastic modulus gives better shape fidelity while
extrusion is best achieved below the critical yield stress. This guideline
was used to develop mathematical prediction models and optimize
atelocollagen (AC) bioink formulations. Although the developed models
are material dependent, a similar approach can be used in future
research to predict the relationship between the properties and print-
ability of other types of bioinks.

Furthermore, machine learning can also be used to predict the 3D
printing process parameters such as extrusion pressure [260,261],
temperature [262], inkjet droplet velocity and volume [254], and even
microneedle features [263] for biomaterials such as alginate, gelatin,
surimi paste, PLA, and various drug formulations as shown in Table 5.
Prediction of printing parameters is of extreme importance as it leads to
parameter optimization which is necessary since the parameters deter-
mine the print quality and they are material dependent. Parameter
optimization is discussed in section 3.3.

The mechanical properties of biomaterial-based inks can also be
predicted through its microstructure using image-driven conventional
neural networks (CNN) [266]. Fig. 16 shows the experimental and
predicted values of stiffness, strength, and toughness of a 3D printed soft
hyperelastic polydimethylsiloxane-based (PDMS) hybrid composite
using a CNN prediction algorithm that was trained on images of mi-
crostructures from the printed specimens. This method needs more
effort to be developed because it has the potential to minimize
trial-and-error to a great extent as it depends on the visual microstruc-
tures rather than the printability data like other methods.
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by DT (a, d), RF (b, e), and DL (c, f) [264].
3.2. Smart biomaterial selection

Upon predicting the properties of various material combinations, it
becomes possible for the Al algorithms to select the material that has the
most suitable properties for the desired application, whether it has
previously been used or not. For example, in an attempt to optimize the
printing process of a silicon elastomer using hierarchical machine
learning, the results suggested a unique silicone ink formulation that
was not used before [269]. On the other hand, Rojek et al. used ANN
[270] and CNN [271] to select the best out of two known materials
which are PLA and PLA+. Their results indicate that PLA+ is the most
suitable for printing the targeted hand exoskeleton parts and optimized
printing parameters are also obtained. The selection of the material was
based on optimum tensile strength, however, further explorations
following similar methods should take into account various parameters
that determine the suitability of the material for the targeted 3D printing
application.

Additionally, the best combination of two materials out of a large
number of combinations can also be selected by machine learning (ML)
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models. In a study by Gu et al. [258], the mechanical properties of 1
million combinations of soft and brittle materials are predicted by ma-
chine learning models and then the best 25 composites are shortlisted
based on initial data that only indicates whether the combination is
“good” or “bad”. The models use classification probabilities and rank-
ings to quickly identify the best designs, saving significant time and
computational effort compared to FEM simulations. Although this
method gives results that are comparable to FEM simulations (Fig. 17) in
a much shorter time, its performance is yet to be investigated on a larger
scale and with more advanced structures and geometries.

Similarly, Yu et al. [272] employed deep learning to find the best
design of a soft/brittle hydrogel that has the highest fracture toughness.
They propose a hierarchical design method based on reinforcement
learning, in which it starts with low resolution images and once the best
design is obtained the resolution is increased leading to larger sized
systems, as illustrated in Fig. 18. This method selects the optimized
material in less time and cost compared to non-hierarchical design
methods. Moreover, in terms of material structure, artificial intelligence
plays an important role in optimizing designs to achieve the required
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Fig. 17. Comparison between FEM and ML generated high-toughness geometries made of stiff (pink) and brittle (black) materials [258].

properties. Comprehensive reviews on the use of machine learning and 3.3. Printing parameter optimization
artificial intelligence in the field of mechanical design are available in

the literature [273].

The quality of 3D printed structures not only depends on the material
properties, but also on the 3D printing technique and process parame-
ters. Optimizing printing parameters for biomaterials is challenging due
to many reasons. One of the main reasons is that the compositions of
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biomaterial formulations in research are continuously changing and
many times they are unique to the case they are used in. The composi-
tion and properties can also vary from batch to batch since the materials
are naturally sourced. This means each material has limited documen-
tation on its properties and behavior upon 3D printing. Consequently,
every time a new material is to be explored, lengthy processes of
parameter optimization should be undertaken. This slows down the
development of novel materials and formulations that have the potential
to solve certain problems but are limited by their compatibility with the
available 3D printing processes and the user’s experience regarding
parameter optimization. Additionally, many 3D printing techniques are
highly customizable and allow the adjustment of a wide array of printing
parameters, and most of the parameters are dependent on the type of
material used. This results in a huge number of possible combinations
that should be tested experimentally to select the best setup, meaning
excess resources, time, and money should be spent.

Alternatively, conventional simulation methods can be used, but in
the case of novel biomaterials their accuracy is limited. For example,
cases that involve spreading, dynamic viscosity, interlayer interactions,
and multiple nozzle printing might not be accurately simulated [274].
To increase the accuracy of the optimization process and decrease its
reliance on the knowledge of the user, conventional simulation methods
can be coupled with machine learning approaches to achieve a process
that learns from a given number of experiments and suggests optimized
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parameters. This method does not only speed up the optimization pro-
cess, but also uses less resources and requires a reduced number of
experimental trials. Finite element modeling (FEM) is one of the most
used numerical methods in combination with machine learning ap-
proaches [275]. FEM and machine learning methods are complementary
because FEM requires detailed knowledge of the material’s properties
and behavior upon printing which is not always available in the case of
newly developed biomaterials, while on the other hand machine
learning techniques can predict these properties, though requiring a
large amount of data which can be generated using a combination of
FEM and experimental data. This concept is explained in more detail by
Baturynska et al. [275] in their conceptual framework study developed
for a powder bed fusion printing system, and is expected to further be
investigated for other systems. Another optimization algorithm that can
be coupled with machine learning is the whale optimization algorithm
(WOA) [276]. In a study by Kumar et al. [276] a hybrid WOA-ANN
method was used to optimize the surface roughness, production time,
and volume percentage error of an FDM printing process using PLA.
Using this approach, a large dataset of different combinations is first
generated, then the relations between inputs and outputs were deter-
mined by the coupled optimization and machine learning approach,
revealing that the layer thickness and nozzle temperature have the most
significant impact on the surface roughness of the prints [276].
Machine learning is also used independently with experimental trials
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of various 3D printing techniques to optimize printing process param-
eters that are unique to each technique, despite the type of ink. For
example, CNN was used for TPL (Two-Photon Lithography) to optimize
the light dosage, ANN for WAAM (wire-arc additive manufacturing) to
optimize the printing toolpath, and GPR (Gaussian Process Regression)
for PBF to optimize its process window [277]. However, when intro-
ducing biomaterials that have sensitive properties and require strictly
optimized conditions, optimization becomes challenging and more
complicated, as the number of involved parameters increases. In spite of
its complexity, it is at this point where machine learning is actually
needed because otherwise either developing such types of novel 3D
printing biomaterials will be hindered, or exhaustive experimental trials
and lengthy conventional simulation runs should be performed. Table 6
shows the parameters that were optimized by various studies using
machine learning algorithms for 3D printing using various biomaterials
and printing techniques. Ideally, using machine learning algorithms, it
should be possible for the 3D printer user to set the desired output
properties, and the system suggests the best input parameters based on
its optimized values. This scenario is possible, but research is currently
working on the training phase of the machine learning algorithms to
reduce the time and energy they consume while maintaining high ac-
curacies and similarities to the experimental results.

Moreover, integrating a graphical user interface (GUI) to facilitate
communication between the user and the system allows material sci-
entists and engineers that are not well experienced in machine learning
and/or additive manufacturing to utilize the benefits of the complex
optimization systems conveniently. A user-friendly interface was
developed by Rahmani et al. [281] in which it takes in the CAD design
that is desired to be printed and printing parameters (i.e., pressure and
temperature) as an input and outputs an index representing the simi-
larity between the design and the predicted printing quality, as shown in
Fig. 19. The system was trained on various printing parameters and
designs having a variety of complexity indices obtained from the num-
ber of intersections in each design. This approach is beneficial when a
few trials using a certain material are available and the material’s
behavior when printing different structures is to be investigated. How-
ever, only simple structures were tested using this method and limited
parameters were adjustable. For the development of biomaterial inks,
more parameters should be involved, and more complex structures
should be explored.

Upon integrating more parameters, the machine learning optimiza-
tion system becomes more advanced and various training approaches
can be taken. Among these approaches, Ruberu et al. [253] employed a
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system based on Bayesian optimization (BO) to reduce the number of
experiments needed to optimize the GelMA/HAMA extrusion process
from 6000+ experiments down to a range of 4-47. To achieve this,
filament morphology and layer stacking are first assessed and scored, as
shown in Fig. 20 (A). Then, the data is fed into the BO system, it suggests
new improved data, the new data is tested experimentally, the experi-
mental data is fed into the optimizer, and the cycle goes on until the
optimal print is achieved, as illustrated in Fig. 20 (B). Although this
approach reduces the number of experimental trials needed consider-
ably, it still requires human interference in each cycle. This interference
can perhaps be replaced in the future by automatic robots that perform
the required experimental tests to achieve a fully automated optimiza-
tion process. The advantages of this system include significantly
reducing the number of required experiments, enabling step-by-step
refinement for improved accuracy, and creating opportunities for full
automation through robotic integration in the future.

Another method to train machine learning tools to achieve printing
parameter optimization is by using image analysis and classification as a
first step. In extrusion 3D printing, combinations of various printing
parameters can be used to generate prints which are then photographed
and fed into the Al-based optimizer to obtain the best combination. In a
study by Chen et al. [279], a pneumatic extruder is programmed to use
multiple combinations of printing pressures and speeds, an inclined
printing surface is used to alter the nozzle distance as shown in Fig. 21
(A), and the printed trials are imaged. The combination of the pro-
grammable extruder and the Al-assisted image analysis algorithm con-
structs a High-Throughput Screening system (AI-HTPCSS) that is able to
produce phase diagrams of the printable window and optimize the 3
given parameters. Results show that the proposed system can optimize
the printing conditions of the alginate/gelatin ink and achieve satisfying
mechanical and biological properties to accelerate the process of wound
healing. This method can further be tested with other biomaterials as it
shows good potential for extrusion printing optimization. As this system
becomes more mature, additional parameters such as temperature can
be incorporated, as many biomaterials are generally temperature
sensitive.

Similarly, image analysis in combination with machine learning can
be used to optimize printing parameters of aerosol jet printing (AJP) and
minimize the effects of high overspray, limited line thickness, and high
edge roughness [280]. Liu et al. [280] developed an optimization system
based on machine learning algorithms shown in Tables 6 and in which
line features and morphology are extracted from images of experimental
trials (Fig. 21 B), and then the correlation between the input and output

Table 6
Printing parameters optimized, and the respective ML methods, biomaterials, 3D printing techniques used.
Optimized parameters Input parameters Al methods 3D printing material Printing method Refs.
Ink composition, temperature, Filament formation, layer stacking, Bayesian optimization GelMA & HAMA Extrusion printing [253]
pressure, speed printability score (BO)
Layer fusion, stringiness, infill Ink material & flow speed, bath Hierarchical machine Silicon Freeform reversible [269]

material & conc., needle diameter,
retraction distance

Voltage, viscosity, surface tension,
nozzle diameter

Droplet diameter & speed

Material, layer height, shell Max. Tensile force & dimensions
thickness, fill density, speed,
temperature

Printing pressure, nozzle speed,
and printing distance

Surface roughness, production
time, volume percentage error

Line morphology

(ANN)

Images of bioink during and after
printing

Layer thickness, nozzle temp., speed,
and raster width

Line image analysis

(ANN)

learning (HML)

Fully connected neural
networks (FCNNs)

Artificial neural networks

Deep learning (DL)

Support vector machine
(SVM), K-means

embedding (FRE)

Cell laden bioinks: Dulbecco’s
Modified Eagle Medium (DMEM) and
sodium alginate

PLA, PLA+

Drop-on-demand [278]
(DOD) bioprinting

Fused deposition [271]
modelling (FFF)

Pneumatic extrusion [279]
bioprinting

Alginate & gelatin

Artificial neural networks PLA FDM [276]

Clariant® silver nanoparticles Aerosol jet 3D [280]

printing (AJP)

clustering
Similarity index (proper Image analysis (prints with varying LR, SVR, DT, RF, GBR & Nivea Creme (proof-of-concept study)  Pneumatic extrusion  [281]
printing, over-printing, or pressure, temperature, and complexity ~ XGB, BR, NNs bioprinting

under-printing) index)
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A

Percentage Method:
Actual: 94.36
GUI Prediction: 88.09

Original CAD Image

Visual Method:
Expert Score: 2
GUI Prediction: 1.7
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Percentage Method:
Actual: 49.39
GUI Prediction: 44.04

Percentage Method:
Actual: 25.66
GUI Prediction: 16.97

Visual Method:
Expert Score: 0
GUI Prediction: -0.53

Visual Method:
Expert Score: -1
GUI Prediction: -1.35

Fig. 19. Images showing the CAD designs (A) and their respective printed samples (B-D) having different print qualities and similarity indices [281].
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Fig. 20. A: scoring of filament morphology and pore architecture upon stacking, B: machine learning based optimization system for extrusion printing by [253].

parameters is analyzed and the line morphology is optimized. This
method does not take into consideration the impact of the ink and
substrate properties as it mainly focuses on the line features. Never-
theless, it shows the potential of Al-assisted image analysis in advancing
the field of 3D printing parameter optimization.

In the light of the above, it becomes clear that advancing natural
materials to meet the requirements of 3D printing and other industry-
specific characteristics is crucial to address the growing demand for
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highly intricate structures, case-sensitive properties, and rapid produc-
tion rate. This fast pace of growth can only be achieved by the help of Al
due to its ability to deal with large amounts of data in a few seconds.
However, due to the complexity of natural materials and other reasons
discussed in this review, the progress in this field is developing slowly.
Building on the growth rate of Al-assisted models in other fields, the
emergence of transfer learning [282], and the horizons and goals that
Al-assisted techniques can achieve in the field of natural material
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Fig. 21. A: Al-based optimization system setup for extrusion printing, examples of printed lines at different conditions, and a printability phase diagram [279] B:

features of a printed line using AJP [280].

development for 3D printing, an exponential growth in this field is ex-
pected soon.

4. Challenges and future prospects

As discussed, integrating Al into 3D bioprinting holds immense po-
tential to achieve significant advancements, enabling improvements in
precision, efficiency, and customization. However, despite these prom-
ising developments, several challenges persist that limit the full poten-
tial of AI in this domain. These challenges include limited data
availability, material property variability, high dependency on multiple
factors, etc. Addressing these obstacles requires a multidisciplinary
approach that utilizes advanced AI algorithms, collaborative data
sharing, and hybrid modeling techniques as is discussed below.

4.1. Property prediction

One of the key challenges in using Al for property prediction in 3D
printing is the limited availability of reliable and extensive data on novel
biomaterials. Many materials are new and still in the research phase,
meaning there is insufficient data for accurate machine learning model
training. Additionally, the natural variability of biomaterials leads to
inconsistent properties that complicate the prediction process. For
example, while methods like linear regression are fast and useful for
ranking geometries, they do not predict detailed material properties
accurately, highlighting the trade-offs between speed and precision in
some Al models [258]. Furthermore, prediction errors in extrusion
pressure using random forest and linear regression models emphasize
the challenge of achieving high accuracy across diverse biomaterials
[260]. To overcome this, there is a need for collaborative data sharing
between academia and industry to create large and standardized data-
sets for training AI models.

Available studies also reveal that some predictions for parameters
like plastic viscosity and yield stress are often limited to specific non-
biomaterials such as concrete, and still need to be generalized for nat-
ural biomaterials [267]. Even in cases where methods like extreme
gradient boosting (XGB) excel, challenges remain in extending these
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findings to other biomaterials and exploring the influence of additional
parameters like nozzle pressure and strut size [259].

Furthermore, the complexity of the material’s behavior upon 3D
bioprinting, such as viscosity, spreading, and layer adhesion, is not al-
ways predictable with existing simulation tools. Future work should
focus on integrating hybrid modeling techniques, combining simulation-
based models with AI algorithms to enhance prediction accuracy. The
continued exploration of Al-driven tools can also enable more dynamic
and adaptive predictions, which can even account for changes in ma-
terial properties during the printing process.

4.2. Smart biomaterial selection

The ability of Al techniques to select the most suitable biomaterials
based on desired properties is currently hindered by the lack of extensive
datasets on different material combinations, especially for new and
unique biomaterials. This limitation affects the scalability of Al models,
as highlighted by Gu et al. [258], where the efficiency of material se-
lection for 1 million combinations is possible but constrained by the
absence of advanced structural data. While AI methods like neural
networks and reinforcement learning have been used to predict suitable
material combinations, the challenge of accurate material ranking per-
sists, as many properties are multi-faceted and may conflict. For
instance, ANN and CNN models demonstrated by Rojek et al. [270,271]
highlighted the demand to incorporate diverse parameters beyond ten-
sile strength to achieve more reliable material rankings for specific
applications.

Another issue is the complexity of material behavior in various 3D
printing processes, where the material’s performance can depend
heavily on the specific application and environmental conditions. Yu
et al. [272] emphasized that optimizing designs using deep learning
methods, while cost-efficient, is complicated by the variability in reso-
lution and size scaling during the design process. To address these
challenges, future research should aim to develop Al algorithms that can
handle multi-dimensional material data and incorporate environmental
and application-specific factors. The creation of open-access material
databases could also help standardize material selection, allowing Al
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systems to suggest the best material for novel applications with higher
reliability and efficiency. However, cybersecurity threats in bioprinting
may rise as a new type of challenge [283].

4.3. Parameter optimization

The optimization of 3D printing parameters for biomaterials presents
significant challenges due to the inherent variability in material prop-
erties and the wide range of customizable parameters across different
printing techniques. The dependency of printing outcomes on both
material and process parameters makes it difficult to generalize solu-
tions. Additionally, since traditional simulation methods such as FEM
struggle to accurately predict the complex behaviors associated with
new biomaterials, such as spreading, dynamic viscosity, and interlayer
interactions, machine learning offers a promising alternative, yet its data
dependency and high computational costs can slow down the process
[274]. Moreover, machine learning models used for different printing
techniques, such as TPL, WAAM, and PBF, must account for the chal-
lenges posed by different parameter requirements for each biomaterial
and process [277].

To improve optimization, future work should focus on combining
FEM and other simulation methods with machine learning to create
more accurate and data-efficient models. For example, machine learning
methods, such as hybrid Whale Optimization Algorithm (WOA)-ANN,
could help tackle the challenge of parameter optimization by generating
large datasets and establishing the relations between inputs and outputs
to reduce computational efforts, especially in the optimization of pa-
rameters like surface roughness and production time [276]. Moreover,
advancing machine learning algorithms to handle large parameter
spaces without excessive computation will be essential for real-time
optimization.

Furthermore, the development of user-friendly optimization in-
terfaces that require minimal expertise could allow non-specialists to
take full advantage of Al-driven parameter optimization. As a further
step, integrating robotic automation in experimental workflows, as seen
in image-based Al systems for extrusion and aerosol jet printing, could
reduce human intervention and accelerate the optimization process, as
these systems could autonomously test and adjust parameters [279,
280].

5. Conclusion

The purpose of this review is to provide a guide for selecting suitable
biomaterial-based inks for specific applications based on the material’s
inherent properties, and the recent progress in Al-assisted techniques
that can be utilized to enhance their printability. As previous works
related to 3D printing bioinks mostly focus on various materials for
biomedical applications, this paper discusses only the naturally sourced
materials and gives equal importance to other fields in which natural
materials can be used as 3D printing inks to achieve significant im-
provements. Results show that there is a huge need for rapid enhance-
ments in the printable materials that have functional properties suited
for use in the biomedical, water, food, energy, and bioplastics industry.
There are 20+ natural materials each possessing a unique set of prop-
erties that make them promising for many applications, as discussed and
analyzed in this study. However, further improvements should be made
so that these materials find their way into industrial applications. Since
the development process of biomaterial-based inks involves lengthy
trial-and-error experiments that waste resources and efforts, machine
learning approaches can alternatively be used to perform thousands of
trials in a few seconds with minimal human intervention. Findings of
this work demonstrate that multiple machine learning and deep learning
techniques have the ability to advance the printability of biomaterials by
the prediction of their properties, smart selection of the bioink formu-
lations, and optimization of the printing parameters. Training of these
techniques can be based on many aspects such as binary scoring of the
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printability of experimental trials, image analysis, etc. Results can be in
the form of predicted mechanical properties, optimized set of parame-
ters, suggested printability windows, and many more which are dis-
cussed in the paper. Overall, in the age of big data, the integration of Al
in printable biomaterial development is essential to keep up with the
rapid progress of multiple industries that rely on 3D bioprinting while
maintaining sustainability. However, this concept requires more efforts
from scientists and researchers to enhance the accuracy of the models,
minimize the experimental data required for training, and consequently
establish standard procedures that can be incorporated into the industry.
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