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Abstract
Embedded ink writing has been extensively applied in recent years for various biomedical applications. Despite its outstand‐
ing ability to create complex structures, the challenge of optimizing multiple factors has hampered further utilization of this 
three-dimensional bioprinting strategy. In this work, we experimentally summarized the coupling effects of ink viscosity, 
support bath rheological properties, and key printing parameters on filament formation. Based on the gathered data, Bayesian 
optimization is used to establish a filament prediction platform, which can accurately estimate the rheology of support baths 
for printing alginate-based ink under the given conditions. Additionally, the platform is used to predict the optimal param‐
eters for printing with chitosan ink. Two representative eye-relevant tissues are successfully fabricated using the predictions of 
the platform. The insights from this study lay the foundation for embedded ink writing strategies that can guide support bath 
design and identify optimal printing parameters, aiding efficient reconstruction of human tissues and organs in the future.
Graphical abstract
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1　Introduction

Embedded ink writing (EIW), a material extrusion three-
dimensional (3D) printing strategy, has been rapidly devel‐
oped and extensively utilized in the past few years [1–3]. 
In EIW, ink material is printed into 3D structures within a 
liquid support bath, where the surrounding medium pro‐
vides both omnidirectional mechanical support and a bio‐
logically relevant environment. This unique configuration 
makes EIW particularly well-suited for printing cellular 
constructs and other complex architectures for biomedical 
applications [4, 5].

During EIW, the coupling effects of three main factors—
ink viscosity, support bath rheology (such as yield stress and 
thixotropic response time), and key printing parameters—
lead to the formation of various filament types [4, 6, 7]. 
Specifically, ink viscosity governs the flow behavior of the 
material during extrusion and its structural stability after de‐
position, which affects the selection of printing parameters 
and the design of the support bath. During extrusion, high-
viscosity inks typically require a higher dispensing pres‐
sure, a larger nozzle diameter (particularly for cell printing 
applications), and a relatively lower path speed in order to 
prevent filament breakup and flow instability. After extru‐
sion, the filaments formed from high-viscosity inks are bet‐
ter able to retain their geometry, reducing susceptibility to 
undesired upward flow along the crevasse generated by 
nozzle movement. As a result, support baths with relatively 
long thixotropic response times can still maintain printing fi‐
delity under such conditions.

The rheological properties of the support bath also affect 
the printing parameters, and are influenced by ink viscosity. 
Notably, yield stress serves two critical functions in EIW. 
(1) During printing, sufficient yield stress is required to sta‐
bilize deposited filaments and resist drag forces induced by 
nozzle motion; this enables the formation of well-defined 
filaments with diameters comparable to or smaller than the 
nozzle’s inner diameter. After printing, an adequate yield 
stress helps preserve filament position and shape, eliminat‐
ing unwanted filament shrinking within the support bath. 
Thus, a high yield stress is expected for high-speed EIW [1]. 
(2) Thixotropic response time primarily influences the sup‐
port bath behavior during printing by governing the time-
scale over which the bath material transitions from a fluid-
like state to a solid-like state following shear. Importantly, a 
longer thixotropic response time may be advantageous for 
low-viscosity inks printed at high speeds because extended 
fluidization facilitates the closure of the nozzle-induced cre‐
vasse, thereby minimizing unwanted upward flow and im‐
proving filament stability.

In EIW, only a few types of filaments have well-defined 
morphologies and controllable geometries that can be used to 
print 3D structures [8, 9]. Identifying the optimal conditions 

to form these filaments is labor-intensive and typically re‐
lies on trial and error. In particular, rapid screening for opti‐
mal factor combinations is extremely challenging when 
printing new inks and/or operating under specific printing 
constraints [10–12]. Therefore, it is vital to develop predic‐
tive platforms that can efficiently guide the design of 
support baths and the selection of printing parameters, en‐
abling the generation of well-defined filaments.

Recently, machine learning techniques have been inte‐
grated with diverse 3D printing strategies for real-time as‐
sessment of printed products [13], modulation of printing 
processes [14], structural design assistance [15], planning of 
printing trajectories [16], and other related applications. 
However, utilizing machine learning for filament prediction 
in EIW remains largely unexplored, mainly because of the 
complicated coupling effects among ink, the support bath, 
and printing parameters, which lead to less accurate results. 
In this work, we selected yield stress (τ0) and thixotropic re‐
sponse time (tr) as two classic support bath rheological 
properties, and controlled three key printing parameters—
path speed (vp), nozzle diameter (Dn), and dispensing pres‐
sure (P)—in order to print diverse filaments from inks with 
different viscosities (η0). Based on the position-shape-size 
(PSS) evaluation system published in a previous study [4], 
these filaments were assessed and categorized, as shown in 
Fig. 1a. This collection of data was further leveraged in the 
Bayesian optimization to establish a filament prediction 
platform (Fig. 1b). To validate the efficiency of the plat‐
form, we used it to design a support bath for printing tarsus 
structures from alginate-based ink, as well as to select opti‐
mal printing parameters for producing sclera structures 
from chitosan ink, as illustrated in Fig. 1c. The goal of the 
proposed platform is to replace current trial-and-error ap‐
proaches, providing an efficient method to optimize the key 
factors of EIW for future biomedical applications.

2　Results and discussion

2.1　Filament printing and evaluation via the 
PSS system

By utilizing varying combinations of ink, support baths, and 
printing parameters, over one thousand filaments were 
printed for this study, demonstrating diverse morphologies 
and geometries. A well-established PSS system [4] was uti‐
lized to assess and categorize these filaments. Specifically, 
the filament position was first qualitatively evaluated by com‐
paring the equilibrium position of a deposited filament with 
its initial placement, as depicted in Fig. 2a. A suitable sup‐
port bath must exhibit sufficient τ0 to maintain the filament 
in situ after deposition, enabling stable layer-by-layer stack‐
ing along predefined trajectories, and thus the fabrication of 
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well-organized 3D structures. If the support bath cannot 
fully counteract the downward extrusion force, the depos‐
ited filament gradually moves to the bottom and stops be‐
low the initial placement, resulting in the formation of sink‐
ing filament (encoded as 1.0 in this work).

Following assessment of the position, we focused on 
evaluating the filament morphology from two aspects. One 
was the filament’s overall shape, as illustrated in Fig. 2b1. 
Mismatches between ink and bath materials [17–20], 

unsuitable printing parameters [21–23], and undesired 
ink–bath interactions [18, 19, 24] typically lead to the forma‐
tion of filaments with irregular shapes, such as twisted, bro‐
ken, and discontinuous filaments (encoded as 2.1, 2.3, and 
2.4 in this work, respectively). These filaments are unsuit‐
able for reliable printing applications. The other aspect was 
the cross-sectional shape, which was assessed by measuring 
key geometric dimensions. The aspect ratio (ranging from 
0.5 to 0.7 [4]) can be calculated as a quantitative metric for 

(c) Step III: size evaluation (Df vs. Dn)

 Swelling filament (3.1)
 Equivalent diameter 

filament (3.2)
 Stretched filament (3.3)

Df

Dn

Cross section

(a) Step I: position evaluation

Printing position

Support bath

Δt

Sinking filament (1.0)

Nozzle

(b1)
 Twisted filament (2.1)
 Broken filament (2.3)

Discontinuous filament (2.4)

(b2) Step II: cross-sectional shape evaluation

Compressed filament (2.5)

Ink upflow

Step II: overall shape evaluation

 Over-extruded filament (2.2)

Fig. 2  Assessment of printed filaments via the established position-shape-size (PSS) system. (a) Evaluation of filament position compared to the 
initial printing position. Evaluation of overall shape (b1) and cross-sectional shape (b2) of printed filaments. (c) Quantification of filament 
diameter in comparison to nozzle inner diameter

(a)  Embedded ink writing of filaments  

Printing 
parameters: 
vp, Dn, and P 

Ink 
viscosity: 

η0  

Bath rheology: 
τ0 and tr 

Support bath 
Filament:  
position,

shape, and size
 

 

Printhead 

Bioprinting applications  
(c)

 

Case I: tarsus 
printing (support 

bath design) 

Case II: sclera 
printing (parameter 

prediction) 

η0, τ0,
tr, and Dn   vp and P   

 
η0, vp,

Dn, and P  τ0 and tr 
  

Bayesian optimization-based filament prediction platform  (b)  

Experimental
dataset 
η0, τ0, tr,

vp, Dn, and P 

Filament quality
(Q) in terms of

position, shape,
and size (Df)  

Bayesian optimization 

Fig. 1  Research outline. (a) Embedded ink writing and the three key factors which collectively affect filament morphology and geometry—ink 
viscosity, support bath rheological properties, and printing parameters. (b) Establishment of a Bayesian optimization-based filament prediction 
platform. (c) Efficient design of a support bath (Case I) and rapid prediction of printing parameters (Case II) using the platform
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filament cross-sectional fidelity. Two representative fila‐
ments include over-extruded filament (encoded as 2.2) and 
compressed filament (encoded as 2.5), as illustrated in Fig. 
2b2. Both of these filaments possess relatively well-defined 
overall shapes, but their uncontrollable cross-sectional geom‐
etries make them inappropriate for construction of high-
resolution 3D structures.

Finally, quantitative evaluation using Dn as a reference 
metric was performed on filaments that satisfied both the 
position and shape criteria. Filament size, as quantified by 
the filament diameter (Df) in Fig. 2c, is of great significance 
since it directly affects other key parameters in EIW (such 
as inter-filament distance and layer height). Generally, Df is 
determined by the counterbalance between vp and the ink 
extrusion speed (vink) [25–27]. When vp<vink, more ink ma‐
terial is accumulated during printing, resulting in the forma‐
tion of a swelling filament (encoded as 3.1) with Df exceed‐
ing Dn. When vp is approximated as vink, the dragging effect 
causes a reduction in Df, making it equivalent to Dn. Thus, 
the resultant filament is termed the “equivalent diameter” 
filament and was encoded as 3.2 in this work. When vp>
vink, the dragging effect becomes pronounced, causing Df to 
be less than Dn. This type of filament is therefore termed 
the “stretched” filament and was encoded as 3.3. Using this 
PSS system, the collected filaments were systematically 
analyzed and categorized into different codes.

2.2　Establishing a Bayesian optimization-
based filament prediction platform

Using the filament datasets, we established a Bayesian 
optimization-based filament prediction platform (hereafter 
referred to as the BO platform). BO was selected as the ma‐
chine learning approach for the following reasons. First, 
EIW involves a high-dimensional, nonlinear, and experi‐
mentally expensive design space. Generating each new data 
point requires material preparation, rheological characteriza‐
tion, and embedded printing tests. BO, on the other hand, is 
particularly well suited for this scenario because it enables 
sample-efficient optimization of expensive black-box func‐
tions. Unlike traditional trial-and-error approaches, BO 

combines a surrogate model with an acquisition function to 
balance the exploration of uncertain regions and the exploi‐
tation of promising conditions, thereby minimizing the num‐
ber of experiments needed to identify optimal parameters. 
This capability is especially valuable for our work, which 
aims not only to model existing data but also to efficiently 
guide the selection of support bath formulations and print‐
ing parameters. Second, BO offers several practical advan‐
tages over other machine learning approaches, such as ran‐
dom forests, support vector machines, and artificial neural 
networks [28–30]. For example, BO naturally incorporates 
predictive uncertainty, which is critical when data are lim‐
ited relative to the dimensionality of the parameter space. 
Additionally, BO is inherently aligned with process opti‐
mization rather than prediction or classification individu‐
ally. In this context, BO is not merely a regression tool, but a 
decision-making framework that can help recommend prom‐
ising experimental conditions for accelerated optimization.

In the BO platform, the optimization objective is to maxi‐
mize the filament quality, as quantified by a scalar metric 
Q∈[ 0, 3.3 ], where Q=0 represents severe filament defects 
(i.e., failures of position, shape, and size) while Q>3.0 rep‐
resents an ideal filament with excellent structural fidelity. 
The BO platform enables efficient navigation of the high-
dimensional parameter space associated with the ink viscos‐
ity, support bath rheological properties, and various printing 
parameters. These parameters and their role in filament for‐
mation during EIW are summarized in Table 1.

BO is implemented using a Gaussian process surrogate 
model to approximate the nonlinear relationships between 
the hyperparameters and the filament quality. Each filament 
printing experiment provides a data pair (Xi, Q), where Xi 
denotes a specific combination of the six parameters above. 
The Gaussian process surrogate formulates a predictive dis‐
tribution of filament quality, providing both a mean esti‐
mate μ(Xi) and an associated uncertainty σ(Xi), and thereby 
enabling informed decision-making in underexplored re‐
gions of the design space. The expected improvement (EI) 
acquisition function is applied to identify the next experi‐
mental condition, thus simultaneously balancing explora‐
tion (i.e., sampling uncertain regions with high σ(Xi)) and 

Table 1  A list of parameters in embedded ink writing (EIW) used in the Bayesian optimization
Hyperparameter
Y

X1

X2

X3

X4

X5

X6

Physical parameter
Filament quality (Q)
Yield stress (τ0)

Thixotropic response time (tr)
Path speed (vp)
Nozzle diameter (Dn)
Pressure (P)
Ink viscosity (η0)

Significance
Position, shape, and size of the printed filament
The support bath’s ability to mechanically stabilize the extruded filament and maintain its 
geometry

The support bath’s ability to recover its status and fill the air gap behind the nozzle translation
Nozzle movement speed to affect filament quality
Nozzle inner diameter to directly determine ink extrusion speed and affect filament quality
Dispensing pressure to directly determine ink extrusion speed and affect filament quality
Zero-shear-rate viscosity of the ink material to quantify extrudability
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exploitation (i.e., sampling near combinations already 
known to produce high Q values). For example, at iteration 
k, the next input Xi(k+1) is selected by maximizing the EI 
function: αEI( Xi )=E [ max (0, Q*−Q ) ], where Q* is the 
best filament quality observed so far. The acquisition func‐
tion is optimized with a multi-start gradient-based approach 
in order to mitigate local minima. The overall procedure for 
establishing the BO platform is summarized in Fig. 3a.

The established BO platform provides two major func‐
tions: (1) it can efficiently identify parameter combinations 
that consistently yield filaments with quality Q ranging from 
3.1 to 3.3, indicating the formation of swelling, equivalent 
diameter, and stretched filaments for EIW of 3D structures 
(as shown in Fig. 3b); (2) it can rapidly screen and predict 
unknown parameters by plugging in the expected filament 
quality Q and the predefined parameters (as illustrated in 
Fig. 3c). As a result, the BO-enabled EIW requires substan‐
tially fewer experiments than traditional trial-and-error ap‐
proaches, enabling efficient design of support bath materi‐
als and identification of optimal printing parameters.

2.3　Multi-objective BO and validation

To validate the functionality and predictive accuracy of the 
established BO platform, we conducted two series of opti‐
mizations under identical algorithmic settings but with dif‐
ferent bound-expansion factors and random initializations. 
Specifically, the bound-expansion factors were varied be‐
tween 1.0 and 1.5, allowing the optimizer to explore param‐
eter values beyond the original ranges of Xi. In this way, we 
can achieve controlled extrapolation of the design space and 
improve robustness to potential bias in the initial dataset. 
The first series of optimizations aimed to predict suitable 
parameter combinations for printing well-defined filaments 
with Q values ranging from 3.1 to 3.3. The goal of the sec‐
ond optimization series was to explore the BO framework’s 
ability to identify the formation of undesired filaments 

under the given conditions. The results of these tests are pre‐
sented in Fig. 4a.

Each optimization began with broad exploration of the 
design space, producing a dense distribution of sampled 
points over a wide range of performance values. As the opti‐
mization progressed, sampling became increasingly concen‐
trated in the high-performing regions identified by the 
Gaussian process surrogate and the EI acquisition function. 
The light green dots represent the evaluated candidate solu‐
tions sampled from one of four independent BO runs. The 
optimal solutions consistently lay near the upper envelope 
of the observed performance distribution, indicating that the 
optimization procedure can reliably guide the search toward 
high-quality parameter combinations in spite of the inherent 
stochasticity that arises from the random initialization and 
acquisition optimization. Meanwhile, the emergence of dis‐
tinct clusters of optimal points suggests the presence of mul‐
tiple high-performing local optima in the objective land‐
scape, demonstrating robust identification of competitive so‐
lutions. In this work, we randomly selected 10 parameter 
combinations to form well-defined filaments and 5 param‐
eter combinations to form defected filaments, which are 
marked by blue squares and red triangles, respectively. 
Then, to validate the predictive accuracy, three parameter 
combinations were chosen from these highlighted datasets 
in order to print filaments, as denoted in Fig. 4a.

Based on the target ink viscosities, we designed three ink 
materials composed of sodium alginate and poly(ethylene 
glycol) diacrylate (PEGDA) with different formulas. The 
viscosities of these ink materials were measured at different 
shear rates. The Carreau-Yasuda model [31] was applied to 
calculate the η0 of each ink material as: η(γ· )=η∞+(η0− 
η∞)(1+(λγ· )a)(n−1)/a (where η∞ is the infinite viscosity, η0 is 
the zero-shear-rate viscosity, λ is the relaxation time, γ·  is the 
shear rate, a is the transition parameter, and n is the flow be‐
havior index), with results shown in Fig. 4b. After this, 

Start 

Initialize experimental data
D=(X1, X2, …, X6, Q) 

 

Initialize Gaussian process surrogate
model in Bayesian optimizer  

Select new Xi (i=1, 2, …, 6)
by maximizing the expected
improvement (EI) function:
αEI(Xi)=E[max(0, Q*-Q)] 

 
 

Reach maximum
iteration number?  

Output
X1, X2, …,
X6, and Q   

Predict two unknown Xi

values based on Q and
four known Xi values

 
  

  

End End 

Yes  

No  

(a) (b) Filament 
prediction  

(c) Optimal parameter 
prediction  

Fig. 3  Establishment of the Bayesian optimization (BO)-based filament prediction platform. (a) Flowchart to establish the BO platform for 
(b) filament prediction and (c) optimal parameter prediction
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three yield-stress fluids were selected as the support bath 
materials for filament printing, including 5% nanoclay, 8% 
nanoclay-0.5% sodium alginate, and 7% nanoclay-0.6% sodium 
alginate. In particular, the Herschel-Bulkley model [32] (τ=
τ0+kγ· n, where k is the consistency index) was utilized to 
calculate τ0 for each support bath, as illustrated in Fig. 4c, 
while tr was determined by monitoring the temporal viscos‐
ity variation at different shear rates (Fig. 4d). The key print‐
ing parameters (vp, Dn, and P) were selected based on the 
optimization results.

Using these parameter combinations, three filaments 
were printed inside different support baths, with the pro‐
cesses recorded in Movie S1 (supplementary information). 
The results are also summarized in Fig. 4e. The filament 
made from Ink 1 exhibited a well-defined shape with a Df 
value of 0.43 mm, as shown in Fig. 4e1, which was greater 
than the Dn value of 0.41 mm. Thus, it was determined to 
be a swelling filament, which was consistent with the theo‐
retical prediction from the BO platform. The filament from 
Ink 2 also presented a good overall shape and circular cross-
sectional shape, as illustrated in Fig. 4e2. No pronounced 
variations in position were observed after printing. We then 
measured the filament size and obtained a Df value of 
0.19 mm, being significantly lower than the Dn value of 

0.33 mm. Therefore, this filament was categorized as a 
stretched filament, perfectly meeting the theoretical predic‐
tion (Q of 3.3).

The filament made from Ink 3 displayed an uncontrolled 
profile, with a measured diameter (Df of 5.95 mm) that was 
substantially greater than the nozzle diameter Dn (1.20 mm), 
clearly demonstrating severe over-extrusion (Fig. 4e3). The 
BO platform, however, predicted a Q value of approxi‐
mately 2.8, rather than the experimentally observed 2.2. This 
discrepancy likely arises from a nonlinear regime transition 
that was insufficiently sampled in the training dataset. 
Figure 4f summarizes the experimental inputs to print these 
three filaments as well as the evaluation results from the 
PSS system. Notably, the BO model correctly captured the 
overall statistical trends, that is, high viscosity, intermediate 
yield stress, and high path speed generally promote shape 
and diameter control. However, the simultaneous application 
of high P and long tr in the case of Ink 3 likely triggered a 
pressure-dominated flow enhancement, resulting in an extru‐
sion speed that significantly exceeded the path speed. Such 
threshold-like behavior represents a localized extrapolation 
beyond the densely sampled design space. Importantly, the 
predicted Q value of approximately 2.8 lay close to the 
boundary between the acceptable and over-extruded 

(f) Input F1 F2 F3
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Fig. 4  Multi-objective Bayesian optimization and validation through filament printing experiments. (a) Representative results from one of four 
independent Bayesian optimization runs with 10 randomly selected well-defined filaments denoted by blue squares, and five randomly selected 
defective filaments marked by red triangles. (b) Design of three inks with the η0 values approximating the predictions, including Ink 1 (9.5% 
sodium alginate-10% poly(ethylene glycol) diacrylate (PEGDA), denoted as 9.5Alg10PEGDA), Ink 2 (7% sodium alginate-15% PEGDA, denoted 
as 7Alg15PEGDA), and Ink 3 (10% sodium alginate-8% PEGDA, denoted as 10Alg8PEGDA). Key rheological properties, τ0 (c) and tr (d), of 
three support bath materials to print filaments, including Bath 1 (5% nanoclay, denoted as 5NC), Bath 2 (8% nanoclay-0.5% sodium alginate, 
denoted as 8NC0.5Alg), and Bath 3 (7% nanoclay-0.6% sodium alginate, denoted as 7NC0.6Alg). (e) Filaments from three inks printed within 
corresponding support baths. Scale bars: 1.0 mm for (e1) and (e2), and 3.0 mm for (e3). (f) Summary of the experimental inputs and evaluation 
of the printed filaments via the position-shape-size (PSS) system. Data in (b–d) are expressed as mean±standard deviation (n=3)
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regimes, suggesting that the BO platform can still provide 
physically reasonable predictions at the near-boundary area.

Overall, the platform proved itself reliable in screening 
for optimal parameter combinations for high-performance 
filament printing. In future work, additional experimental 
data may be incorporated to better sample the highly nonlin‐
ear failure regimes, thereby further improving the predictive 
accuracy for specific failure modes. For instance, in order to 
address the regime relevant to Ink 3, more experiments with 
high P and tr values need to be performed to provide more 
data for enriching the BO platform.

2.4　Design of support bath using the BO 
platform

After validating the predictive accuracy of the platform, we 
used it to guide the design of support bath materials with de‐
sirable rheological properties. Herein, an alginate-based ink 
was developed, which was composed of sodium alginate 
and PEGDA. Sodium alginate is an ionically crosslinkable 
hydrogel. When divalent (e.g., calcium Ca2+ ions) or multi‐
valent cations are applied, they bind to guluronic acid (G) 
blocks of alginate chains and form a classic “egg-box” mi‐
crostructure among chains [33]. PEGDA is a photocurable 
hydrogel. Upon exposure to ultraviolet (UV) radiation in 
the presence of a photoinitiator, free radicals initiate chain 
growth at the acrylate double bonds, triggering free-radical 

polymerization and causing covalently crosslinked net‐
works to form [1], as illustrated in Fig. 5a. When mixed, 
sodium alginate can effectively regulate the viscosity and 
biocompatibility of the ink, while PEGDA can precisely 
tune the mechanical properties of the ink following cross‐
linking [33, 34]. As a result, this alginate-based ink has 
been utilized for diverse biomedical applications, such as 
tissue reconstruction [35], in vitro disease modeling [36], 
and drug screening and toxicology testing [37].

Based on the preliminary tests, we used 9% and 10% as 
the sodium alginate and PEGDA concentrations, respec‐
tively. The viscosity of the alginate-based ink was mea‐
sured in order to calculate its zero-shear-rate viscosity 
(η0alg), as shown in Fig. 5b. Herein, we predefined the key 
printing parameters as follows: vp=50 mm/s, Dn=0.41 mm, 
and P=60 psi. These parameters, along with η0alg, served as 
the inputs to the BO platform to predict the optimal combi‐
nations of τ0 and tr, according to the procedure illustrated in 
Fig. 3c. After the optimization, we obtained 10 candidate 
combinations of these rheological properties that were used 
to design support baths. The combination highlighted in 
Fig. 5c was eventually chosen, which aimed to form 
stretched filaments in the target support bath.

Using these theoretical predictions, we designed a sup‐
port bath with 4.5% Laponite RD nanoclay, which had a 
τ0RD of 79.5 Pa (Fig. 5d) and trRD of 0.23 s (Fig. 5e); this 
was consistent with the predicted values and also provided 
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good transparency for the subsequent UV crosslinking 
(inset of Fig. 5d). Accordingly, a stretched filament was 
successfully printed in this support bath (Movie S2 in the 
supplementary information), which had a Df of 0.36 mm, 
being lower than Dn (0.41 mm), as summarized in Fig. 5f. 
This result confirms that the established BO platform can ef‐
fectively guide the design of support baths in order to 
achieve target rheological properties.

2.5　Identification of printing parameters 
using the BO platform

To identify optimal printing parameters using the BO plat‐
form, positively charged chitosan was used as the ink. Chitin/
Chitosan is a naturally occurring copolymer of the β-(1-
4)-linked co-polymers of N-acetyl-D-glucosamine and D-
glucosamine [38]. Under acidic conditions, the amine groups 
(–NH2) are protonated, converting neutral –NH2 into posi‐
tively charged –NH3+, which induces electrostatic repul‐
sion between chitosan chains (as shown in Fig. 6a). Upon 
exposure to a specific salt solution (e.g., potassium carbon‐
ate (K2CO3) in this work), carbonate ions hydrolyze to 
generate hydroxide ions, thereby increasing the local pH 
above the acid dissociation constant of chitosan (pKa≈
6.3 [39]), and inducing deprotonation of the protonated 
amine groups. This process eliminates the electrostatic re‐
pulsion between chitosan chains and promotes extensive 
inter- and intra-molecular hydrogen bonding and chain 

entanglement; these effects eventually result in the forma‐
tion of a physically crosslinked chitosan network and make 
the chitosan states shift from liquid to solid, as presented in 
Fig. 6a. Due to their excellent biocompatibility and biode‐
gradability, as well as tunable physicochemical properties, 
chitosan-based inks have been widely used for diverse appli‐
cations such as drug delivery [39] and wound healing [40] in 
tissue engineering.

In this study, 3% chitosan ink was prepared and its vis‐
cosity was measured as shown in Fig. 6b. Accordingly, the 
zero-shear-rate viscosity (η0chi) was computed as 5576.2 Pa·s. 
Laponite EP nanoclay was selected to formulate the support 
bath. Its organic modification reduces the pH sensitivity and 
enables stable miscibility with K2CO3. Thus, following de‐
position, chitosan filaments gradually underwent physical 
crosslinking in the support bath and eventually solidified. 
The τ0EP and trEP of the support bath were measured as 
7.9 Pa and 0.82 s, respectively, as illustrated in Figs. 6c and 
6d, respectively. Specifically, organic modification of Lapo‐
nite EP weakens electrostatic interactions between nanoclay 
platelets, resulting in a lower threshold stress for microstruc‐
tural collapse, but an extended timescale for microstructural 
recovery compared with Laponite RD nanoclay at a similar 
concentration (e.g., 4.5NCRD in Figs. 5d and 5e). Next, the 
ink viscosity and support bath rheological properties were 
input to the BO platform to predict the optimal combina‐
tions of vp and P, using a dispensing nozzle with a Dn of 
0.41 mm. After the optimization, we obtained 10 candidate 
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parameter combinations, as illustrated in Fig. 6e. One of 
these sets (highlighted in Fig. 6e) was chosen to print swell‐
ing filaments from the chitosan ink in the support bath (re‐
corded in Movie S3 in the supplementary information). The 
deposited filament is shown in Fig. 6f, which had a Df of 
0.47 mm (being greater than Dn), thus validating that the 
BO platform can accurately predict printing parameters that 
achieve well-defined filaments.

2.6　Efficient biofabrication of eye 
components using BO-enabled EIW

Using the designed support bath and the identified optimal 
printing parameters, two representative eye components—
the tarsus and sclera—were biofabricated from the alginate-
based ink and chitosan ink, respectively. We first created a 
tarsus model as shown in Fig. 7a1, which had overall di‐
mensions of 27.68 mm×11.67 mm×1.02 mm. Based on the 
diameter of alginate filaments in Fig. 5f, the model was 
sliced into multiple layers in order to generate correspond‐
ing printing trajectories. Then, the printing was performed 
within the Laponite RD support bath, as illustrated in 
Fig. 7a2 and Movie S4 (supplementary information). Fol‐
lowing printing, UV radiation was applied to chemically 
crosslink the printed tarsus, which was subsequently har‐
vested from the support bath and submerged in a calcium 
chloride bath to promote ionic crosslinking with sodium algi‐
nate. The crosslinked tarsus (Fig. 7a3) had an overall size of 
28.00 mm×13.55 mm×1.56 mm, which is close to the de‐
signed model. This engineered tarsus structure was then em‐
bedded within an eyelid (Fig. 7a4; Movie S5 in the supple‐
mentary information), which could be potentially used as a 
biomimetic scaffold to restore and support eyelid function, 

or as a patient-specific model for pre-surgical planning and 
training purposes [41–43].

Using a similar protocol, an engineered sclera structure 
was biofabricated via EIW. The digital model is presented 
in Fig. 7b1, which has a spherical shape with an outer diam‐
eter of around 18 mm, and a cornea diameter of about 
9 mm. The model was printed from chitosan inside the 
Laponite EP support bath with 0.5% K2CO3, as shown in 
Fig. 7b2 and Movie S6 (supplementary information). Subse‐
quent to printing, the structure was kept in the support bath 
for 5 h for initial crosslinking and then moved into a K2CO3 
bath for full crosslinking, as depicted in Fig. 7b3. The cross‐
linked sclera had an outer diameter of around 19.1 mm, 
which was close to that of the digital model, validating its 
shape fidelity. Finally, this engineered sclera structure was 
integrated into a 3D-printed orbit model for demonstration, 
as illustrated in Fig. 7b4 and Movie S7 (supplementary in‐
formation); it can potentially be used as a tissue-
engineering scaffold for seeding scleral fibroblasts and/or 
stem cells in the study of scleral regeneration [40, 44, 45].

2.7　Discussion

The established BO platform exhibited relatively low pre‐
dictive accuracy for defective filaments, which may be 
due to several factors. First, defective filaments originate 
from multiple competing failure mechanisms rather than a 
single stable formation mode. Although these outcomes 
are grouped under a common “defective” category, they 
remain mechanistically heterogeneous, making them inher‐
ently challenging for a single model to accurately learn 
and classify. Second, class imbalance within the dataset 
may bias the model toward the dominant category (i.e., the 
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well-defined filaments in this study), thereby reducing pre‐
dictive performance for defective cases that are less repre‐
sented in the data. Improvements could result from subdi‐
viding the defective category into mechanism-based classes, 
rather than treating all failure modes as a single label. This 
approach would also align better with the underlying 
physical interpretation established in this work. However, 
implementing such a strategy would require substantially 
larger experimental datasets that cover each defect-specific 
subgroup.

Nevertheless, the BO platform was demonstrated to effec‐
tively delineate a constrained region of rheological proper‐
ties (Fig. 5c) and identify optimized combinations of print‐
ing parameters (Fig. 6e), thereby forming well-defined fila‐
ments in EIW. This capability reduces the need for time-
consuming random experimentation. As a result, the devel‐
opment timeline for EIW of new inks can be shortened 
from several weeks or months to only a few days when em‐
ploying the BO platform, thus enhancing design efficiency.

3　Conclusions

In this work, numerous filaments were printed via EIW and 
assessed through a PSS system. The obtained filament data‐
sets, which encompassed six input variables (ink viscosity, 
support bath yield stress, thixotropic response time, path 
speed, nozzle diameter, and dispensing pressure), and one 
output variable (filament quality as evaluated by filament 
position, shape, and size), were utilized to establish the BO 
platform. The proposed platform could accurately predict 
the filament category when the input parameters were iden‐
tified. Additionally, it promoted efficient design of the sup‐
port bath and rapid selection of optimal printing parameters 
for new inks, which were validated by EIW tests with tarsus 
and sclera structures. This BO-enabled EIW offers a reli‐
able, high-throughput method, paving the way for human 
tissue and organ reconstruction applications.

To simplify the BO platform, only the most important 
rheological properties were considered in this study. Other 
ink and support bath properties, such as the shear-thinning 
index, storage modulus, and relaxation time, will be incor‐
porated into future BO platform iterations by training a new 
model using both the original descriptors and the added 
rheological features; this is a promising route for subse‐
quent research since such features also play critical roles in 
governing filament morphology and geometry during EIW. 
In addition, the established BO platform is currently con‐
strained to predicting hydrophilic ink printing within a hy‐
drophilic support bath. For ink–support bath pairs with op‐
posite affinities, interfacial behavior must be considered; fu‐
ture work on this topic would expand the applicative scope 
of the platform. Although the proposed BO platform was 

established with a necessary mechanistic basis to connect 
filament morphology and geometry to ink viscosity, bath 
rheological properties, and printing parameters, physics 
models were not integrated in the platform. In subsequent 
research, the platform can serve as a first step toward a 
framework that directly incorporates filament formation 
physics through physics-derived input descriptors, such as 
stress ratios, characteristic recovery times, and dimensionless 
ratios that compare nozzle transit time with support bath 
structural recovery time and other parameters. Such an ap‐
proach will likely improve the predictive accuracy as well 
as advance our understanding of the underlying physics 
governing EIW. Another possible avenue is to modulate the 
current BO platform and use it to optimize printing paths; 
paths play a critical role in 3D bioprinting as they directly 
govern the mechanical properties of the printed constructs.

4　Materials and methods

4.1　Material preparation

The following support bath materials were used to print fila‐
ments. The nanoclay-Pluronic F127-PEGDA nanocomposite 
was prepared as per the protocol in Ref. [46], which was com‐
posed of nanoclay (Laponite RD, Na0.7Si8Mg5.5Li0.3O20(OH)4, 
BYK Additives Inc., Gonzales, TX, USA) at 3% (0.03 g/mL), 
Pluronic F127 (P2443, Sigma-Aldrich, Burlington, MA, USA) 
at 20% (0.2 g/mL), and PEGDA (Mn 700, Sigma-Aldrich, 
St. Louis, MO, USA) at 20% (volume fraction). The nanoclay-
Pluronic F127 nanocomposites were prepared according to 
the protocol in Ref. [34], with nanoclay concentrations of 
2%, 3%, and 4% (0.02, 0.03, and 0.04 g/mL) and Pluronic 
F127 concentrations of 10%, 20%, 30%, and 35% (0.10, 0.20, 
0.30, and 0.35 g/mL). The nanoclay-NaAlg nanocomposites 
were prepared as per the protocol in Ref. [1], with nanoclay 
concentrations of 4% and 6% (0.04 and 0.06 g/mL) and 
NaAlg (NaC6H7O6, Sigma-Aldrich, Burlington, MA) con‐
centrations of 0.25%, 0.5%, 1%, 1.5%, and 4% (0.0025, 
0.005, 0.01, 0.015, and 0.04 g/mL). The nanoclay-PEGDA 
nanocomposites were prepared by following the procedure 
in Ref. [1], using nanoclay concentrations of 2%, 6%, and 
8% (0.02, 0.06, and 0.08 g/mL) and PEGDA concentrations 
of 10% and 20% (volume fraction). The nanoclay suspen‐
sions were prepared according to the protocol in Ref. [33], 
with nanoclay concentrations of 2%, 3%, 4%, and 6% (0.02, 
0.03, 0.04, and 0.06 g/mL). All preparations were per‐
formed at room temperature. Moreover, all support baths 
were degassed using a centrifuge (Cole-Parmer VS3400, 
Cole-Parmer Instrument Company, Vernon Hills, IL, 
USA) at 3000 r/min for 5 min. After removing entrapped air 
bubbles, the support baths were stored in sealed containers 
at room temperature for one day of aging prior to use.
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The ink materials for filament printing included NaAlg-
PEGDA solutions with NaAlg concentrations of 5% and 10% 
(0.05 and 0.10 g/mL) and PEGDA concentrations of 10% 
and 15% (volume fraction) as per the protocol in Ref. [1], 
gelatin (Emprove Essential, Sigma-Aldrich, St. Louis, MO, 
USA) solutions with concentrations of 1%, 2.5%, and 
5% (0.01, 0.025, and 0.05 g/mL) following the protocol in 
Ref. [47], Pluronic F127 solutions with concentrations of 
30% and 40% (0.3 and 0.4 g/mL) according to the protocol 
in Ref. [48], nanoclay-NaAlg nanocomposites with nano‐
clay concentrations of 6% and 8% (0.06 and 0.08 g/mL) and 
NaAlg concentrations of 1% and 4% (0.01 and 0.04 g/mL) 
as per the procedure in Ref. [1], and nanoclay-Pluronic 
F127 nanocomposite with a nanoclay concentration of 2% 
(0.02 g/mL) and Pluronic F127 concentration of 0.25% 
(0.0025 g/mL), again following the protocol in Ref. [1]. 
After preparation, the ink materials were degassed using 
the centrifuge at 3000 r/min for 2 min, thus removing air 
bubbles. For the ink materials containing nanoclay, one-day 
aging at room temperature was necessary before use.

The alginate-based ink for printing tarsus structures was 
prepared by dispersing 9% (0.09 g/mL) NaAlg powders into 
10% (volume fraction) PEGDA solution, and then mixing 
using an overhead stirrer (50006-03, Cole-Parmer Instru‐
ment Company, Vernon Hills, IL) at 800 r/min for 1 h. Be‐
fore adding NaAlg, 0.1% (0.001 g/mL) photoinitiator I2959 
(2-hydroxy-4’-(2-hydroxyethoxy)-2-methylpropiophenone, 
Sigma-Aldrich, Burlington, MA) was dispersed into the 
PEGDA solution and mixed for 5  min using the overhead 
stirrer. A red colored dye (McCormick & Co., Inc., Hunt 
Valley, MD, USA) was added at 0.01% (volume fraction) to 
enhance visibility. The support bath for printing this ink 
was prepared by dissolving Laponite RD nanoclay in deion‐
ized (DI) water at 4.5% (0.045 g/mL). The suspension was 
then aged for one day before use. To prepare the chitosan 
ink, crustacean shell chitosan powder was obtained from 
Tokyo Chemical Industry Co. Ltd. (Japan) and further 
deacetylated using hot sodium hydroxide under 120 °C for 
3 h under nitrogen reflux, to a degree of deacetylation 
above 90% as measured by titration. Deacetylated chitosan 
powder was washed with DI water 3–4 times and air-dried 
prior to the ink formulation. Then, the chitosan powder was 
added to 2% (volume fraction) acetic acid solution 
(CH3CO2H, ≥99%, Sigma-Aldrich, St. Louis, MO) at a 
concentration of 3% (0.03 g/mL), and dissolved by manu‐
ally mixing the solution with a stirring rod for 10 min. The 
support bath for printing this chitosan ink was prepared 
by dissolving Laponite EP nanoclay in DI water at 4% 
(0.04 g/mL). Furthermore, potassium carbonate (K2CO3, 
Sigma-Aldrich, St. Louis, MO) was added to the suspension 
at 0.5% (0.005 g/mL). The mixing process was performed 
using the overhead stirrer at 800 r/min for 90 min. All 
operations were conducted at room temperature.

4.2　Characterization of rheological properties

A rheometer (MCR 92, Anton Paar, Ashland, VA, USA) 
with a cone-plate measuring system (cone angle of 1°, cone 
diameter of 50 mm, and cone-to-plate gap of 0.102 mm) 
was used to characterize the yield stress and thixotropic re‐
sponse time of the support baths as well as the viscosity of 
the ink materials. In particular, steady shear rate sweeps 
were conducted to measure the yield stress values of sup‐
port baths, wherein the shear rate was increased from 0.01 
to 1000 s−1 and the shear stress was recorded. Transient 
step shear rate sweeps were performed to quantify the thixo‐
tropic response time. In these measurements, the support 
baths were pre-sheared at a relatively high shear rate of 
10 s−1 for 200 s and then sheared at a low shear rate of 
0.01 s−1. The variation of viscosity was recorded for 1000 s. 
All measurements were performed at room temperature. 
For the ink materials, steady shear rate sweeps were con‐
ducted in order to measure the viscosities by increasing the 
shear rate from 0.01 to 1000 s−1. For the gelatin solutions, 
the steady shear rate sweeps were performed at both room 
temperature and 37 °C. For all other inks, the viscosity was 
measured at room temperature.

4.3　Filament printing and data collection

To collect sufficient filaments for establishing the BO plat‐
form, the inks were printed in diverse support baths at dif‐
ferent pressures (ranging from 5 to 60 psi), path speeds 
(ranging from 1 to 100 mm/s), and nozzle diameters (0.20, 
0.25, 0.35, 0.43, 0.63, and 0.86 mm). To improve visibility, 
a red colored dye (McCormick & Co., Inc., Hunt Valley, 
MD) was added to the inks at 0.01% (0.0001 g/mL). A cam‐
era (120 frames/s USB camera, ELP, Shenzhen, China) was 
placed in front of the support baths to record the filament 
formation. Following printing, the filament position, shape, 
and size were evaluated to determine the filament type. In 
particular, the filament size was measured using ImageJ soft‐
ware (National Institutes of Health, Bethesda, MD, USA) 
based on the videos recorded by the camera. By varying the 
combination of support baths, ink materials, and printing pa‐
rameters, a total of 1018 filaments were printed and assessed. 
To validate the theoretical predictions, the alginate-based ink 
was printed in the Laponite RD nanoclay bath at a path speed 
of 50 mm/s, nozzle diameter of 0.41 mm, and dispensing 
pressure of 60 psi. The chitosan ink was printed in the Lapo‐
nite EP-K2CO3 bath at a path speed of 20 mm/s, nozzle di‐
ameter of 0.41 mm, and dispensing pressure of 30 psi.

4.4　Establishing the BO platform

To establish the BO platform, an initial training dataset was 
generated using Latin hypercube sampling so as to ensure 
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good space-filling coverage. After each iteration of the opti‐
mization, the surrogate model was retrained with the ex‐
panded dataset to improve its predictive accuracy. Each it‐
eration of the Bayesian optimization loop included: (1) iden‐
tifying a candidate parameter set using the expected im‐
provement acquisition function, (2) conducting a filament 
embedded printing experiment under the proposed condi‐
tions, (3) evaluating the resulting filament based on the PSS 
system in order to assign a Q value, and (4) updating the 
surrogate model. The optimization proceeded until the im‐
provements in Q* became negligible. Based on the predic‐
tions from the platform, filaments were printed from di‐
verse inks in the support baths with the desired rheological 
properties. The filament Q values were assessed using the 
PSS system and compared to the theoretical predictions to 
validate the platform’s effectiveness.

4.5　Printing of complex 3D structures

The same alginate-based ink and chitosan ink were utilized 
to print the tarsus and sclera structures, respectively, within 
the corresponding support baths. The printing parameters 
for both inks were consistent with those used for filament 
printing. A homemade extrusion 3D printing system modi‐
fied based on a fused deposition modeling 3D printer 
(SOVOL 3D, Shenzhen Liandian Technology Co., Ltd., 
Shenzhen, China) was applied to print the structures at 
room temperature. The models were created using Solid‐
Works software (Dassault Systèmes SolidWorks Corp., 
Waltham, MA, USA) and then converted into .STL files. 
After printing, the tarsus structure inside the support bath 
was exposed to UV radiation from a UV curing system 
(OmniCure Series 2000, wavelength: 320–500 nm, Lumen 
Dynamics, Mississauga, ON, Canada) for 15 min and then 
harvested from the support bath, which was subsequently 
submerged in a 2.0% (0.02 g/mL) calcium chloride (C8106, 
Sigma-Aldrich, Burlington, MA) solution for 1  h to cause 
ionic crosslinking. The sclera structure was kept inside the 
support bath for 5 h for crosslinking and then moved into a 
0.5% (0.005 g/mL) K2CO3 bath for 2 h for complete cross‐
linking. The camera was used to record both the printing 
process and structure demonstration.

4.6　Statistical analysis

All quantitative values of measurement in the figures were 
reported as mean±standard deviation with n=3 samples per 
group.
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