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Abstract
Embedded printing is a highly promising approach for creating complex structures within a yield-stress support bath. How‐
ever, the accurate prediction and control of printability remain fundamental challenges due to the complex interactions be‐
tween inks and support baths. Here, we present an artificial intelligence (AI)-driven framework that interprets and predicts 
embedded printability using rheological data. Using a standardized workflow, we extracted 21 rheological descriptors and es‐
tablished 12 indicators to evaluate structural continuity and geometric fidelity. Interpretable machine learning models re‐
vealed that direction-dependent defects are governed by the synergistic interplay among ink yield stress, support bath zero-
shear viscosity, flow behavior index, and time constant. To enable the prediction of printability in a generalizable manner, 
we further developed a cascaded neural network, which achieved mean relative prediction errors below 15% across all indica‐
tors. Experimental validation using three-dimensional (3D)-printed constructs and micro-computed tomography (μCT) recon‐
structions confirmed a strong correlation between predicted and actual fidelity. This work establishes a physics-informed, 
data-driven paradigm for decoding and optimizing embedded printing, offering broad applicability and providing a robust 
tool for the rapid pairing of suitable printable ink–support bath combinations.
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1　Introduction

The rapid evolution of manufacturing technologies has led 
to the emergence of embedded printing as a transformative ap‐
proach for fabricating intricate soft-matter architectures [1–5]. 
By employing a yield-stress support bath to stably confine 
deposited inks, this technique enables the construction of 
complex geometries while accommodating the use of low-
viscosity inks. These capabilities confer embedded printing 
with the potential to expand into diverse biomedical applica‐
tions, including tissue engineering and regenerative medi‐
cine [6, 7]. Despite these advantages, the widespread adop‐
tion of embedded bioprinting is obstructed by various criti‐
cal challenges, particularly the reliable enhancement of 
printability to ensure structural fidelity in complex three-
dimensional (3D) constructs  [8–13]. The vast diversity of 
bioink formulations and the intricate, often nonlinear inter‐
actions between bioinks and support baths significantly im‐
pede the rational design of compatible materials [14–16]. 
As a result, current efforts at optimization are largely em‐
pirical, relying on trial-and-error processes tailored to spe‐
cific material pairs.

Previous studies primarily explored narrow subsets of 
material combinations, focusing on how variations in for‐
mulation ratios, concentrations, and printing parameters 

influence printability qualitatively [17–21]. However, such 
approaches suffer from inherent limitations. First, they are 
time-consuming, resource-intensive, and prone to batch 
variability and human subjectivity. Second, the resulting de‐
sign principles can often not be transferred across materials, 
which limits their generalizability. Compounding these is‐
sues is the challenge of quantifying print fidelity, as an es‐
sential indicator of printability, in embedded contexts. Over‐
hanging and free-form geometries resist standard morpho‐
logical analysis, while poor optical transparency and thick 
exteriors obscure internal features. As such, advanced imag‐
ing techniques such as micro-computed tomography (μCT) 
and optical coherence tomography are often needed for ac‐
curate characterization, further exacerbating the complexity 
and cost [22]. Together, these challenges have significantly 
impeded the rapid, scalable advance of embedded bioprint‐
ing technologies.

Recently, the advent of artificial intelligence (AI) has in‐
troduced powerful computational tools that are reshaping 
the field of bioprinting [23–26]. In material design, AI-
driven approaches have enabled the systematic modeling 
and prediction of hydrogel properties across diverse formu‐
lation spaces. These approaches capture a wide range of 
physicochemical and biological characteristics, including 
mechanical strength [27–30], degradation kinetics [31, 32], 
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gelation dynamics [33, 34], swelling behavior [35–38], 
rheological parameters [39– 41], and biocompatibility [42], 
accelerating and rationalizing material optimization. Efforts 
to enhance printability and structural fidelity have also ben‐
efited from AI integration. For example, Nadernezhad and 
Groll [43] investigated the effects of rheological modifiers 
on bioink behavior, providing interpretable guidelines rooted 
in physical principles. Meanwhile, Daly et al. [44, 45] em‐
ployed real-time imaging and machine vision algorithms to 
identify printing defects and implemented closed-loop feed‐
back control to dynamically adjust printing parameters 
when defects emerge, improving consistency and precision. 
These pioneering applications underscore the potential of 
AI to transform extrusion-based bioprinting, enabling both 
accelerated material development and process optimization.

Despite these advances, AI applications in embedded bio‐
printing remain underexplored. In particular, the central 
challenge of quantifying and predicting compatibility be‐
tween bioink and support bath remains unresolved. Unlike 
extrusion printing, embedded bioprinting introduces an ad‐
ditional layer of complexity through the dynamic, nonlinear 
interactions between ink rheology and the mechanical prop‐
erties of the support bath. These interactions critically influ‐
ence print fidelity, but are poorly captured by current heuris‐
tic or material-specific frameworks. To bridge this gap, 
there is a pressing need for a generalizable, data-driven 
methodology that not only elucidates the physical signifi‐
cance of rheological features in governing embedded print‐
ing outcomes, thereby providing guidance for material design, 
but also predicts printability quantitatively, in order to boost 
the efficiency with which such systems can be designed.

In this work, we systematically investigated the role of 
rheology in determining printability within the field of em‐
bedded bioprinting and explored the potential of AI to 
speed up the design and screening of materials. In this 
work, rather than accounting for external factors such as 
printing parameters or environmental conditions, we fo‐
cused specifically on intrinsic rheological features and their 
influence on printability [46]. To this end, we constructed a 
curated dataset comprising diverse combinations of bioinks 
and support baths, spanning a range of compositions and 
concentrations. For each pairing, we extracted 21 rheologi‐
cal descriptors alongside 12 printability metrics derived 
from specialized geometric test patterns. Using interpretable 
machine learning models, we elucidated how rheological 
parameters influence printability outcomes. These results 
were then contextualized in relation to the physical prin‐
ciples of embedded bioprinting, revealing generalizable 
rules and mechanistic insights that inform rational material 
design. To confer the ability to predict printability, we fur‐
ther developed a cascaded neural network integrating a long 
short-term memory (LSTM) network with a multilayer per‐
ceptron (MLP), allowing the direct, quantitative prediction 

of printability based on raw rheological data (replacing the 
characteristic parameters obtained by rheological formula 
fitting). Validation with unseen materials and 3D-printed 
constructs confirmed the model’s predictive accuracy and 
practical utility, significantly reducing the reliance on ex‐
haustive trial-and-error testing and expensive characteriza‐
tion methods. Notably, our findings revealed the potential 
for our framework to be generalized across materials, even 
those without shear-thinning rheological profiles, extending 
its applicability beyond conventional hydrogels (Fig. 1).

2　Results and discussion

2.1　Design of rheological features and 
indicators for evaluating the quality of printing

Embedded bioprinting has demonstrated the capacity to fab‐
ricate soft, complex structures using low-viscosity bioinks, 
even including those lacking shear-thinning properties. Nev‐
ertheless, shear-thinning remains a predominant rheological 
trait in both bioinks and support baths due to its critical role 
in enabling controllable deposition and structural stability. 
Specifically, for bioinks, shear-thinning facilitates continu‐
ous flow through the nozzle under high shear stress, while 
the viscosity of the bioinks is recovered upon deposition, 
ensuring shape retention. Moreover, in support baths, shear-
thinning enables localized liquefaction in response to nozzle 
movement, allowing smooth translation of the nozzle and 
precise embedding of the extruded bioink [8, 9]. To ensure 
the generalizability of our findings, we constructed a com‐
prehensive database of shear-thinning materials encompass‐
ing a wide range of types and concentrations (Table S1 in 
the supplementary information). The bioinks included inher‐
ently shear-thinning materials (e.g., gelatin methacry‐
loyl) [47–50], as well as formulations modified to achieve 
tunable rheology (e.g., sodium alginate reinforced with 
nanoclay) [51–53]. Support baths were selected from two 
major categories: particle-based materials (e.g., gelatin mi‐
crogels) [54, 55] and continuous-phase materials (e.g., car‐
bopol) [56–60], which differ in the mechanisms underlying 
shear-thinning and viscoelastic response [10, 61].

To systematically characterize these materials, we fo‐
cused on rheological descriptors—quantitative features that 
intrinsically define material behavior—rather than relying 
on nominal parameters like composition or concentration, 
which are less transferable across materials. Previous stud‐
ies highlighted the importance of rheological behaviors 
such as shear-thinning, self-healing, and yield-stress in de‐
termining printability in embedded bioprinting [8]. Accord‐
ingly, we performed three core rheological tests—shear rate 
sweep, shear strain sweep, and alternating strain sweep—to 
obtain a comprehensive overview of the rheological profiles 
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(Fig. S1 in the supplementary information). From the 
curves obtained from these tests, we extracted 21 rheologi‐
cal features that collectively describe viscoelasticity, thixot‐
ropy, and phase transition behaviors: 10 features for bioinks 
and 11 for support baths (Fig. S2 and Table S2 in the 
supplementary information). To assess printability in a stan‐
dardized and quantifiable manner, we designed planar test 
patterns based on the principle that any 3D path can be de‐
composed into orthogonal horizontal and vertical segments. 
This approach avoids occlusion and projection artifacts in‐
herent in evaluating complex 3D constructs. The test pat‐
tern incorporated representative features such as straight 
lines, corners, and nodal junctions. A zigzag pattern with 
variable spacing was used to investigate fidelity at narrow 
and wide gaps, especially for right-angle geometries. In par‐
allel with this, a triangular motif was introduced to evaluate 
obtuse-angle fidelity and nodal stability, which is common 
in branched architectures such as vascular networks.

To generate consistent data suitable for AI modeling, we 
established a standardized bioprinting and imaging work‐
flow (Fig. S3 in the supplementary information). Printing 
was performed in predefined molds using fixed printing pa‐
rameters, including nozzle diameter, speed, and extrusion 
rate. Each construct was imaged in situ using a custom-built 
imaging platform with fixed-focus macro cameras. Images 
were acquired from three orthogonal views—horizontal, 
vertical, and cross-sectional—with uniform focal length and 

resolution (Fig. 2a), enabling the acquisition of high-quality 
data for subsequent machine learning. We developed a com‐
prehensive printability evaluation framework by extending 
prior work to include both qualitative and quantitative di‐
mensions [12, 18] (Figs. 2b and 2c). Qualitative indicators 
captured global continuity (classified as “unprintable,” “de‐
fective,” or “ideal”) and nodal continuity (classified as 
“connection” or “disconnection”). Quantitative indicators 
targeted local fidelity features affected by distinct modes of 
failure, including diffusion-induced deformation and over‐
lapping deposition. Ten dimensionless metrics were de‐
fined, encompassing filament width and its variation, cross-
sectional roundness and area, and angular fidelity at right 
and obtuse angles. These metrics collectively enabled a ro‐
bust, fine-grained evaluation of fidelity loss and defect 
manifestation, forming the basis for subsequent model train‐
ing and prediction. The specific methods for calculating 
these dimensionless parameters are summarized in Table 1.

2.2　Deciphering printability via an 
interpretable classification model

To systematically investigate the relationship between rheo‐
logical properties and printability, we constructed a dataset 
encompassing 84 distinct materials. Each entry paired a 
rheological feature set with its corresponding printability 
evaluation outcomes, as previously described. We then 

Fig. 1  AI-driven interpretation and prediction of printability in embedded bioprinting. Interpretable machine learning models were employed to 
elucidate the intrinsic relationship between rheological features and printability, offering mechanistic insights into the printing process and guid‐
ing rational material design. In parallel with this, a cascaded neural network was developed to directly predict printability from raw rheological 
curve data, enabling the efficient screening of compatible materials
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applied interpretable machine learning models to uncover 
the rheological factors that fundamentally determine the per‐
formance of embedded bioprinting, with the aim of provid‐
ing both mechanistic insights and practical guidelines for 
material formulation. We first trained a random forest (RF) 
classification model for predicting qualitative categories of 
printability (e.g., “ideal,” “defective,” “unprintable”), using 
7-fold cross-validation to select optimal hyperparameters 
(N_estimators=125, Max_depth=25, Max_features=log2) 
based on the classification accuracy (Table S3 in the supple‐
mentary information). Feature importance analysis across 

100 training iterations revealed that six rheological descrip‐
tors consistently contributed more than 25% above the aver‐
age threshold (1/21≈0.0476), while the remaining features 
contributed less than 10% (Fig. 3a). These six dominant fea‐
tures were further categorized by their origin: (i) support 
bath-specific features: zero-shear viscosity and thixotropic 
time constant, and (ii) system-shared features: flow behav‐
ior indices and storage modulus at the yield transition point 
(for both components).

To interpret the influence of these features on print conti‐
nuity, we employed partial dependence plots (PDPs). In 

Fig. 2  Design and extraction of indicators for evaluating printability. (a) Acquisition of high-resolution multi-view images of printed constructs 
using fixed-focus macro cameras, followed by image preprocessing through binarization (146 pixels equal to approximately 1 mm, scale bars: 
2 mm). (b) Two qualitative indicators used to assess print continuity. (c) Ten dimensionless quantitative indicators used to assess local print 
fidelity

67



Bio-Design and Manufacturing (2026) 9:63–79

this analysis, we introduce the concept of a “continuity 
value” to characterize trends of print continuity. The conti‐
nuity value is defined as the predicted score of continuity 
generated by the interpretable machine learning model, with 
a range from 0 (complete discontinuity) to 1 (ideal continu‐
ity). Values closer to 1 indicate stronger printability of the 
material system. One-dimensional (1D) PDPs revealed 
strong negative correlations between support bath-specific 
features and printability. As shown in Figs. 3b and 3c, 
higher zero-shear viscosity reduces the deformability and 
fluidity of the support bath, impairing its ability to locally 
yield and form a temporary cavity for the moving nozzle. 
Likewise, a longer time constant slows the recovery of the 
bath’s viscoelastic structure, undermining its capacity to re-
solidify and support the printed construct. Among the 
system-shared features, the flow behavior index of the bio‐
ink exhibited a nonmonotonic relationship with continuity: 
Printability increased with the index to a critical point, and 
then declined (Fig. 3d). This suggests an optimal range of 
shear-thinning behavior: too little impedes flow, while ex‐
cessive thinning compromises shape fidelity. Conversely, 
the support bath’s flow behavior index showed a mono‐
tonic negative correlation (Fig. 3e), indicating that stron‐
ger shear-thinning (lower index) consistently favors print 
continuity.

A two-dimensional (2D) PDP (Fig. 3f) highlighted the 
need for suitable features of both components in order to 
achieve optimal performance: High continuity was achieved 
when bioinks had a moderately high flow behavior index, 
while support baths had a markedly low one. This rheologi‐
cal synergy reflects the need for the support bath that lique‐
fies more readily than the bioink under shear, enabling 
smooth nozzle traversal and precise extrusion while prevent‐
ing excessive deformation or mixing at the interface. The 
modulus at the solid–liquid transition point (yield modulus) 

was also shown to be pivotal. For the bioink, a lower yield 
modulus favored uninterrupted flow (Fig. 3g), while for the 
support bath, a higher yield modulus enhanced its load-
bearing capacity (Fig. 3h). The 2D PDP (Fig. 3i) demon‐
strated that optimal print continuity occurs when the sup‐
port bath is approximately one order of magnitude stiffer 
than the bioink. This mismatch ensures that, under equiva‐
lent shear conditions, the bioink yields easily for deposition 
while the support bath maintains its structural integrity to 
confine and support the printed features. Together, these in‐
terpretable results provide quantitative confirmation of long-
standing qualitative assumptions in the field of embedded 
bioprinting and provide a roadmap for the rational selection 
of appropriate bioink–support bath pairs. Specifically, these 
results highlight the need for differential shear-thinning and 
modulus asymmetry between components as rheological 
principles that play critical roles in determining printability.

2.3　Characterizing defect formation via an 
interpretable regression model

To shed more light on the quantitative factors underpinning 
print fidelity, we developed a regression-based model us‐
ing a curated dataset of 50 materials that exhibited satisfac‐
tory print continuity. This step was necessary because quan‐
titative shape descriptors cannot be obtained from frag‐
mented or discontinuous prints. We trained an RF regres‐
sion model for predicting quantitative fidelity metrics, using 
5-fold cross-validation to select optimal hyperparameters 
(N_estimators=25, Max_depth=20, Max_features=5) based 
on the minimization of mean squared error (MSE) (Table S4 
in the supplementary information). The relative prediction 
errors for the 10 dimensionless parameters in the validation 
set were all below 5%, further highlighting the model’s pre‐
dictive accuracy.

Table 1  Methods for calculating 10 dimensionless quantitative indicators reflecting local print fidelity
Local area
Straight line

Cross section

Right-angle corner

Obtuse-angle corner

Quantitative evaluation indicator
V_width
H_width
V_width_var
H_width_var
S_area

S_roundness

V_right angle_area
H_right angle_area
V_obtuse angle_error
H_obtuse angle_error

Used parameter
Actual average line width: Wact

Theoretical line width: Wnom (0.5 mm)
Variance of line width: Varw

Actual average line width: Wact

Sectional area: As

Actual average line width: Wact

Sectional area: As

Section perimeter: Cs

Area of deviation zones: Ar1, Ar2

Actual average line width: Wact

Actual obtuse angle: Obtact

Theoretical obtuse angle: Obtnom

Calculation method
abs(Wact - Wnom )

Wnom

Varw
Wact

As
W 2act

4 × π × As
C 2s

Ar1 + Ar2
W 2act

abs (Obtact - Obtnom )
Obtnom

abs: function for calculating the absolute value
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Focusing on two representative types of printing defects—
diffusion-induced deformation and overlapping deposition—
we evaluated the directional and feature-specific contribu‐
tions to defect formation. We averaged feature importance 
scores across 100 training iterations.

As shown in Figs. 4a and 4b, overlapping deposition de‐
fects were primarily governed by the rheological properties 
of the support bath, regardless of the direction of printing 

(horizontal or vertical). In particular, three parameters—
thixotropic time constant, zero-shear viscosity, and yield 
stress—emerged as dominant predictors of such defects. 
Support baths with higher thixotropy exhibit more rapid 
structural rebuilding after shear, enabling effective filament 
confinement. Concurrently, elevated viscosity and yield stress 
promote rapid fluid-to-solid transition after nozzle traversal, 
minimizing uncontrolled filament spreading, especially 

Fig. 3  Interpretable analysis of print continuity based on qualitative indicators. (a) Feature importance scores derived from an RF classification 
model. Rheological features with significant contributions to print continuity are indicated by asterisks, distinguishing those unique to the sup‐
port bath from system-shared features. Influence of support-bath parameters: (b) zero-shear viscosity; (c) time constant. Effects and interactions 
of the flow behavior index: (d) bioink; (e) support bath; (f) combined effects of both components. Effects and interactions of the modulus at the 
solid–liquid transition point: (g) bioink yield modulus; (h) support-bath yield modulus; (i) combined effects of both components
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upon changes in direction of the nozzle, such as at corners 
or junctions. In contrast, the rheological determinants of 
diffusion-related defects varied depending on the direction 

of printing. In the horizontal direction, support bath thixot‐
ropy remained the primary influence on printability (Fig. 4c), 
underscoring the importance of lateral resistance to bioink 

Fig. 4  Interpretable analysis of printing defects based on quantitative fidelity indicators. Feature importance scores for predicting defects arising 
from overlapping deposition under different printing directions: (a) horizontal; (b) vertical. Feature importance scores for predicting diffusion-
induced defects under different printing directions: (c) horizontal; (d) vertical. Effects of support-bath rheological parameters on average line 
width under horizontal printing: (e) consistency coefficient; (f) self-healing time; (g) time constant. Effects of rheological parameters of bioink 
under vertical printing: (h, i) yield stress; (j) flow behavior index
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diffusion. However, in the vertical direction, bioink-specific 
features, particularly yield stress and flow behavior index, 
played more pronounced roles (Fig. 4d), suggesting a shift 
in the most important diffusion dynamics.

To obtain insights into the mechanisms behind these find‐
ings, we selected average printed line width as a quantita‐
tive proxy for fidelity and visualized the impact of key fea‐
tures using one-dimensional PDPs. For the support bath, we 
observed that reduced thixotropy—reflected by a lower con‐
sistency coefficient, longer time constant, and slower self-
healing—resulted in significantly broader printed lines 
(Figs. 4e–4g). Similarly, for the bioink, lower yield stress 
and higher shear-thinning behavior led to increased spread‐
ing (Figs. 4h–4j). These observations align with directional 
diffusion mechanics: (i) Horizontally, diffusion occurs be‐
tween the printed bioink filament and the surrounding sup‐
port bath. Here, higher support bath thixotropy provides 
robust lateral confinement, suppressing horizontal spread. 
(ii) Vertically, diffusion is dominated by upward free diffu‐
sion into the transient cavity that forms behind the moving 
nozzle. In this regime, rapid gelation of the bioink—driven 
by higher yield stress and lower flowability—effectively 
limits filament deformation and maintains vertical fidelity. 
Taken together, these findings reveal direction-dependent 
interplay between bioink and support-bath rheology in de‐
termining defect formation. Notably, our interpretable re‐
gression framework not only achieved high predictive accu‐
racy for metrics of print fidelity in shear-thinning materials 
but also provided clear physical insights that can guide future 
material development. These insights offer a principled basis 
for the rational design of materials suitable for high-
fidelity embedded bioprinting, enabling the targeted tuning 
of thixotropy, yield-stress, and shear-thinning behavior to 
limit the formation of defects across spatial dimensions.

2.4　Extending generalizability and predictive 
capability via a cascaded LSTM-MLP neural 
network

Building on the mechanistic insights and predictive power 
of our previous models, we sought to enhance the frame‐
work’s generalizability to include bioinks that do not ex‐
hibit shear-thinning. Conventional rheological fitting ap‐
proaches have proven inadequate for these materials, as 
they failed to capture key nonlinearities in the relationships 
between shear stress and shear rate, and between viscosity 
and shear rate, thereby limiting the ability to extract infor‐
mative features. To address this, we substituted fitted rheo‐
logical parameters with raw rheological data, preserving the 
full temporal complexity inherent in these measurements. 
To maintain a comprehensive overview of the printing envi‐
ronment, we also retained critical descriptors of the support 
bath, specifically those related to the solid–liquid transition 

and self-healing time. We designed a novel cascaded LSTM-
MLP neural network to effectively process and integrate 
these heterogeneous data modalities. In this architecture, the 
LSTM module acts as a sequence learner, extracting deep 
temporal features from the raw rheological curves treated as 
time-series data [62] (Fig. 5a). The extracted features are 
then concatenated with the conventional rheological fea‐
tures of the support bath and fed into the MLP module, 
which performs regression to predict a range of quantitative 
indicators of print fidelity (Fig. 5b).

For benchmarking, we established a baseline MLP model 
composed of two fully connected hidden layers and opti‐
mized its structure and hyperparameters via 5-fold cross-
validation, arriving at an optimal configuration with 32 and 
16 hidden nodes, respectively, and a dropout rate of 0.05 
(Tables S5 and S6 in the supplementary information). To 
ensure a fair comparison, the MLP module within the cas‐
caded neural network was constrained to a single hidden 
layer of 16 nodes, resulting in model complexity compa‐
rable to the baseline (Fig. 5c). Evaluation on the validation 
dataset (Figs. 5d and 5e) demonstrated that the cascaded 
neural network consistently outperformed the baseline MLP 
across nearly all quantitative indicators, achieving an aver‐
age of more 50% reduction in MSE. Relative error metrics 
also showed systematic improvement. The greatest gains 
were observed for indicators where the baseline model 
struggled, highlighting the superiority of the cascaded neu‐
ral network in terms of capturing complex relationships be‐
tween rheological factors and printability.

To rigorously test the generalizability of this approach, 
we introduced two novel materials absent from the original 
dataset, namely, a bioink formulation of 5% gelatin methac‐
rylate (GelMA) combined with 1% hyaluronic acid methac‐
rylate (HAMA) [63, 64] and a support bath consisting of 
9.6% gelatin microparticles [22, 65]. We constructed three 
experimental scenarios involving these new materials: (i) a 
known bioink paired with a novel support bath, (ii) a new 
bioink paired with a known support bath (1.5% xanthan 
gum (XG)), and (iii) both new bioink and support bath com‐
bined (Fig. S5 in the supplementary information). The cas‐
caded neural network maintained relative prediction errors 
within ±15% across these diverse conditions (Figs. 5f–5h), 
highlighting its robustness and adaptability. Collectively, 
these findings demonstrate the ability of the cascaded neu‐
ral network to extend the capacity to predict printability 
beyond classical shear-thinning bioinks, providing a scal‐
able, accurate, and generalizable computational tool for 
evaluating and optimizing embedded bioprinting materials 
across a broad range of compositions and rheologies. This 
approach lays a solid foundation for the data-driven, high-
throughput screening of materials and the selection of 
suitable bioink–support bath pairs in future biofabrica‐
tion projects.
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2.5　Validation of predictive performance 
through 3D bioprinting of complex structures

While the previous experiments mentioned above estab‐
lished the predictive accuracy of the cascaded neural net‐
work in standard 2D patterns, we sought to confirm its ap‐
plicability to complex, multi-dimensional geometries, better 
reflecting real-world challenges in the field of biofabrica‐
tion. Our long-term goal is to replace conventional, time-
intensive, and resource-intensive iterative workflows with 

data-driven predictions, thereby speeding up the screening 
of materials and process refinement in embedded bioprint‐
ing. To this end, we selected three biomimetic 3D structures 
of increasing geometric complexity as test cases: (i) a tra‐
cheal construct characterized by concentric cylindrical rings, 
(ii) a liver model with gently undulating surfaces, and (iii) a 
cardiac model featuring intricate external contours and pro‐
nounced curvature. To facilitate neural network-based pre‐
diction, we calculated a normalized composite printability 
score by averaging the 10 quantitative evaluation indicators, 

Fig. 5  Quantitative prediction of printability using a cascaded LSTM-MLP neural network. Network architecture: (a) the LSTM module ex‐
tracts temporal features from rheological curves; (b) the MLP module integrates these features to predict print fidelity. Comparison of model 
performance between the cascaded neural network and the baseline MLP model: (c) model complexity (parameter count); (d) MSE loss; (e) rel‐
ative prediction error. Evaluation of model generalizability on unknown materials: (f) known bioink with unseen support bath; (g) unseen bio‐
ink with known support bath; (h) unseen bioink with unseen support bath
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comprehensively reflecting the impact of various defects on 
print fidelity. For printed constructs, high-resolution 3D re‐
construction was performed using μCT, followed by rigid 
registration to the digital design models. Boolean operations 
were applied to identify mismatched volumes, and the fidel‐
ity of each print was assessed using the volume error ratio, 
defined as Verror/Vreal, where Vreal denotes the volume of the 
theoretical model (Fig. 6a). A lower value of this ratio indi‐
cates better print fidelity.

Using a fixed bioink formulation (5% GelMA + 1% 
nanoclay), we systematically varied the support-bath com‐
position and printed all three 3D geometries (Fig. S6 in the 
supplementary information). Across all structures, a consis‐
tent order in terms of the fidelity emerged: the 2.0% alkali-
swellable emulsion copolymer (AVC) support bath yielded 
the highest-fidelity prints, while the 0.5% AVC condition 
was associated with the most severe deviations. Intermedi‐
ate performance was observed for 1.5% and 2.0% XG sup‐
port baths, with 1.5% XG slightly outperforming the 2.0% 
one. Crucially, these empirical trends matched the neural 
network predictions based on the composite printability 
scores (Fig. 6b). Further qualitative support was provided 
by μCT reconstructions of the liver model under three 

representative conditions (0.5% AVC, 2.0% XG, and 2.0% 
AVC). As shown in Fig. 6c, the 2.0% AVC condition pro‐
duced constructs that most accurately preserved the target 
dimensions and morphological features, achieving over 
50% greater fidelity than the poorly performing 0.5% AVC 
support.

To test the consistency of predictions across different bio‐
ink formulations, we fixed the support bath at 1.5% XG and 
evaluated three different bioinks. Again, the neural net‐
work’s predictions aligned well with actual print outcomes, 
supporting the ability of the model to generalize across vari‐
ous bioinks (Fig. 6d). Taken together, these findings demon‐
strate that the cascaded neural network can reliably predict 
3D print fidelity across structurally diverse models and ma‐
terials. This predictive power could be extremely valuable 
in eliminating the need for exhaustive experimental screen‐
ing, enabling more rapid prototyping and optimization in 
embedded bioprinting. The model’s robustness in complex 
geometries also supports its value in translational biofabri‐
cation workflows, where the selection of an appropriate 
combination of bioink and support bath is essential for 
achieving construct fidelity that is sufficient for clinical 
applications.

Fig. 6  Experimental validation of the cascaded neural network via 3D bioprinting. (a) Representative results of actual printing and correspond‐
ing 3D reconstructions, aligned with theoretical models (scale bars: 5 mm). (b) Comparison between predicted and experimentally measured fi‐
delity across different support baths. (c) Representative 3D reconstructions of structures printed with different support baths (scale bars: 5 mm). 
(d) Comparison between predicted and experimental fidelity across different bioinks
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3　Conclusions

For the precise and reliable fabrication of complex 3D con‐
structs via embedded bioprinting, there is a need to enhance 
printability. However, conventional approaches for achiev‐
ing this—rooted in empirical knowledge and iterative ex‐
perimentation—are often inefficient, labor-intensive, and 
poorly generalizable across diverse materials. To overcome 
these limitations, we proposed an AI-driven framework that 
integrates mechanistic understanding and predictive model‐
ing to accelerate the design and screening of combinations 
of bioink and support bath, as a way of promoting progress 
in the embedded bioprinting field. In terms of incorporating 
information on the mechanisms associated with printability, 
we employed interpretable machine learning models to elu‐
cidate how specific rheological features contribute to char‐
acteristic printing defects. This approach not only provided 
actionable insights into the physical origins of poor print‐
ability but also offered guidelines for the rational design of 
printable materials. In terms of creating a valuable predic‐
tive tool, we developed a cascaded LSTM-MLP neural net‐
work that combines raw rheological curves with features of 
support baths to deliver accurate, quantitative predictions of 
print fidelity. This model demonstrated robust performance 
across both known and previously unseen materials, signifi‐
cantly reducing the need for laborious and time-consuming 
experimental validation.

Despite these advances, various challenges remain. First, 
while the use of raw rheological curves allows broader ap‐
plicability of this approach—including materials that do not 
undergo shear-thinning—the limited availability of such da‐
tasets currently restricts the possibility of performing com‐
prehensive model training and validation. Second, our cur‐
rent feature set emphasizes universal rheological descrip‐
tors, which support generalizability but fail to include other 
important factors such as electrostatic interactions, surface 
tension, and swelling dynamics, each of which may affect 
printability under specific conditions. In addition, the influ‐
ence of cell loading parameters—including cell volume 
fraction, size distribution, and morphology—on the rheo‐
logical behavior of bioinks and subsequent printability has 
not yet been incorporated into our framework. Since cells 
can measurably alter viscosity, yield stress, and thixotropy, 
future efforts should systematically integrate cell-related de‐
scriptors into the dataset. Incorporating these biological fac‐
tors alongside rheological, physicochemical, and interfacial 
properties will further enhance the generalizability of pre‐
dictive models, ensuring their applicability to both acellular 
and cell-laden printing scenarios.

Looking forward, future work should first focus on ex‐
panding the training dataset to include a broader spectrum 
of bioinks and support baths, while also incorporating data 
on a range of different variables (e.g., physicochemical, 

biological, and interfacial properties). This would increase 
the diversity and representativeness of the data, which 
should in turn boost the robustness of predictive modeling. 
In parallel with this, it is important to introduce physical 
constraints and domain-related information into the model‐
ing framework in order to improve reliability and interpret‐
ability. Approaches such as physics-informed neural net‐
works or other hybrid architectures could help us to inte‐
grate governing physical principles with data-driven learn‐
ing, resulting in models that are both more accurate and 
physically meaningful. The combination of enriched datas‐
ets and physics-informed AI architectures—including multi‐
modal and transformer-based models—has the potential to 
deepen our understanding of the physics involved in such 
systems and enable us to generate more nuanced predictions 
of printability. Taken together, these advances should lay 
the groundwork for automated, intelligent, and precision-
guided material design, ultimately accelerating the clinical 
translation of embedded bioprinting technologies for regen‐
erative medicine, organ modeling, and tissue engineering.

4　Materials and methods

4.1　Bioink preparation

Materials: GelMA (degree of substitution: 60%; CAS: 9000-
70-8), lithium phenyl-2,4,6-trimethylbenzoylphosphinate 
(LAP), HAMA (molecular weight (Mw)≈400 kDa; CAS: 
9067-32-7), nanoclay, and blue nondiffusion hydrogel dye 
were purchased from EFL Inc., China. Sodium alginate 
(CAS: 9005-38-3) was obtained from Sigma-Aldrich, St. 
Louis, USA.

GelMA bioinks: GelMA was dissolved at 5.0% (50 g/L) 
and 7.5% (75 g/L) in a 0.025% (0.25 g/L) LAP solution pre‐
pared with dyed deionized (DI) water. The solution was 
stirred at 800 r/min and 37 °C for 1 h to ensure complete 
dissolution. To improve the rheological properties, nano‐
clay was added to the 5.0% GelMA solution at concentra‐
tions of 0.5% (5 g/L), 1.0% (10 g/L), and 2.0% (20 g/L), fol‐
lowed by stirring at 800 r/min for 1 h to achieve homoge‐
neous dispersion.

Alginate bioinks: Sodium alginate was dissolved at 1.0% 
(10 g/L) and 2.0% (20 g/L) in dyed DI water and stirred at 
1200 r/min for 3 h at room temperature until com‐
pletely solubilized. Nanoclay was then incorporated at 1.0% 
(10 g/L) and 2.0% (20 g/L) and mixed for an additional 1 h 
at 1200 r/min.

GelMA–HAMA hybrid bioinks: HAMA was first dissolved 
at 1.0% (10 g/L) in dyed DI water with stirring at 1200 r/min 
for 4 h at room temperature. Subsequently, GelMA was added 
at 5.0% (50 g/L), and the mixture was stirred at 800 r/min 
and 37 °C for 1 h to achieve complete homogeneity.
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Dye preparation: To facilitate the visualization of printed 
constructs, all DI water used in bioink formulations was pre-
mixed with 10% (100 g/L) blue dye and stirred for 1 h to en‐
sure a uniform distribution.

4.2　Support bath preparation

Materials: AVC was obtained from Clariant, Switzerland. 
Carbomer (CAS: 9007-20-9) and sodium hydroxide (CAS: 
1310-73-2) were purchased from Macklin, China. XG (CAS: 
11138-66-2) was sourced from MedChemExpress (Mon‐
mouth Junction, USA), and agarose (CAS: 9012-36-6) from 
Amresco (Solon, USA). Type A gelatin (CAS: 9000-70-8), 
Pluronic F127 (CAS: 9003-11-6), and gum arabic (CAS: 
9000-01-5) were all purchased from Sigma-Aldrich.

AVC-based baths: AVC powder was dissolved in DI 
water at 0.5% (5 g/L), 1.0% (10 g/L), and 2.0% (20 g/L) and 
stirred at 1200 r/min overnight at room temperature. Before 
use, the solution was centrifuged at 1200g for 5 min to 
eliminate air bubbles. The bath was stored at 4 °C for long-
term use.

Carbomer-based baths: Carbomer was dispersed in DI 
water at 0.25% (2.5 g/L), 0.5% (5 g/L), and 1.0% (10 g/L) 
with vigorous shaking. The pH was adjusted to 7.0 using a 
solution of 2 mol/L sodium hydroxide under continuous stir‐
ring. The final solution was stored at 4 °C and centrifuged 
at 1200g for 5 min before use to eliminate air bubbles.

XG-based baths: XG was dissolved at 1.0% (10 g/L), 
1.5% (15 g/L), and 2.0% (20 g/L) in DI water and stirred at 
1200 r/min overnight at room temperature. The solution 
was stored at 4 °C and centrifuged at 1200g for 5 min prior 
to eliminating air bubbles.

Agarose-based baths: Agarose was dissolved at 0.5% 
(5 g/L), 0.75% (7.5 g/L), and 1.0% (10 g/L) in DI water by 
heating the mixture to 100 °C for 8 min. The solution was 
then cooled to room temperature under stirring at 600 r/min 
for 2.5 h to facilitate granular gel particle formation. The so‐
lution was stored at 4 °C and centrifuged at 500g for 3 min 
to eliminate air bubbles.

Gelatin microgel-based baths: Gelatin microgel support 
baths were prepared via a coacervation method, as previ‐
ously reported [22]. Briefly, 6.4% (mass fraction) type A 
gelatin, 0.5% (mass fraction) Pluronic F127, and 0.2% 
(mass fraction) gum arabic were dissolved in boiling DI wa‐
ter. Upon complete dissolution, an equal volume of ethanol 
was added, and the beaker was sealed with parafilm to pre‐
vent evaporation. The solution was cooled to room tempera‐
ture while stirring at 500 r/min overnight. The microgel was 
then collected via centrifugation at 500g for 3 min, washed 
three times with DI water to remove residual ethanol and 
pluronic, and stored at 4 °C. Before use, it was centrifuged 
at 1200g for 5 min to eliminate air bubbles.

4.3　Rheological characterization

Rheological measurements were conducted on all prepared 
bioinks and support baths using a rotational rheometer 
(MCR301, Anton Paar, Austria) equipped with a 25-mm 
parallel plate geometry. All experiments were performed at 
20 °C under controlled environmental conditions, with three 
independent replicates for each material condition to ensure 
reproducibility.

Shear rate sweep: To assess shear-thinning behavior, 
shear rate sweep tests were performed by increasing the 
shear rate logarithmically from 0.01 to 1000 s-1. A total of 
250 data points were recorded for variables including shear 
rate, shear stress, and apparent viscosity. These data were 
used to generate viscosity–shear rate and shear stress–shear 
rate curves. To quantitatively describe the shear-thinning 
and thixotropic characteristics, the data were fitted using 
both the Carreau and Herschel–Bulkley models, with cus‐
tom scripts implemented in MATLAB.

Shear strain sweep: To evaluate phase transition behav‐
ior, oscillatory strain sweep tests were conducted by increas‐
ing the shear strain from 1% to 2000%. A total of 200 data 
points for variables including shear strain, shear stress, stor‐
age modulus (G′), and loss modulus (G″), were collected on 
a logarithmic scale. The modulus–strain curve was ana‐
lyzed to determine the yield point (i.e., the solid–liquid tran‐
sition point), defined as the strain where G′≈G″. Local lin‐
ear fitting was applied to accurately identify this transition, 
and the corresponding shear strain, shear stress, and modu‐
lus values were extracted as rheological features indicative 
of gelation behavior.

Alternate strain sweep: To investigate the self-healing 
ability of support baths, alternate strain sweep tests were 
conducted by cyclically applying low (1%) and high (100%) 
shear strains. Each strain level was maintained for 25 s, and 
the cycle was repeated three times. Storage and loss moduli 
were recorded at 0.5-s intervals, resulting in a total of 
300 data points. The modulus–time curve was plotted 
to visualize recovery behavior. The time required for G′ 
and G″ to return to a steady state after each strain transition 
was measured, and the average of five recovery intervals 
was extracted as a rheological indicator of self-healing 
performance.

4.4　Printing experiments and printability 
analysis

All printing experiments were performed using a commer‐
cial bioprinter from TissHUe Biomedical Technology Co., 
Ltd., China. To ensure robustness, each printing experiment 
was performed in triplicate under identical conditions. A 
custom-fabricated printing container (15 mm×20 mm×
22 mm) and a matching positioning fixture were employed 
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to maintain a fixed spatial alignment between the container 
and the printer nozzle. This setup ensured consistent initial‐
ization of the printed pattern based on a unified absolute co‐
ordinate system. Printing parameters were standardized 
across all experiments to ensure consistency and compara‐
bility. The speed of nozzle movement was set at 3 mm/s, 
and the material extrusion speed was maintained at 
0.5891 mm³/s. A nozzle with an internal diameter of 0.51 mm 
(21G) was used, resulting in a theoretical filament width of 
approximately 0.5 mm, closely matching the nozzle diam‐
eter and enabling direct assessment of fidelity.

Following printing, the entire container—preserving the 
spatial integrity of the printed structure—was transferred to 
a custom-designed imaging station. This station was equipped 
with two fixed-focus macro cameras, enabling simultaneous 
acquisition of high-resolution RGB images from both the 
bottom and the side of the printed construct. Image acquisi‐
tion was automated via a Python script, which synchronized 
camera triggering and data storage. To enable robust analy‐
sis, the acquired images were processed using a pipeline de‐
veloped in Python. The RGB channels were first separated, 
followed by binarization using Otsu’s adaptive threshold‐
ing algorithm (implemented through OpenCV, version 
4.10.0.0.84). This preprocessing step enabled accurate seg‐
mentation of printed structures and edge detection.

Printability was evaluated using both qualitative and 
quantitative metrics. For qualitative assessment, expert-
based visual classification was employed to evaluate pattern 
integrity and defect types. For quantitative analysis, a cus‐
tomized Python script was developed to automatically ex‐
tract dimensionless indicators reflecting local and global 
print fidelity. A total of 10 quantitative metrics were calcu‐
lated based on the methods summarized in Table 1, provid‐
ing a multi-dimensional assessment of printed geometry 
across a variety of bioinks and support baths.

4.5　AI models

All AI models in this study were implemented using Py‐
thon. RF models were constructed with the Scikit-learn li‐
brary (version 1.5.1), while the MLP and LSTM-MLP hy‐
brid models were developed using the PyTorch framework 
(version 2.3.1). For all models, the Adam optimizer was 
used with an initial learning rate of 0.0005, which was dy‐
namically adjusted during training. Specifically, the learn‐
ing rate gradually decreased as the number of epochs in‐
creased, following a learning rate decay strategy to improve 
convergence. The MSE loss function was used to quantify 
the difference between predicted and actual indicators of 
printability. Additionally, a strategy for stopping the learn‐
ing prematurely was established, whereby training was halted 
if there was no improvement in validation loss for 50 con‐
secutive epochs.

All training, validation, and testing tasks were executed 
on a high-performance workstation equipped with an Intel 
Core i9-13900K CPU and an NVIDIA GeForce RTX 3090 
Ti GPU (24 GB VRAM).

The dataset used for training, validation, and testing was 
constructed by averaging the rheological parameters and 
printability indicators from three independent replicates per 
material condition. This approach ensured robustness and 
reproducibility.

The baseline model was a feedforward MLP network 
comprising two hidden layers with 32 and 16 nodes, respec‐
tively. Dropout regularization was applied to mitigate over‐
fitting, and rectified linear unit (ReLU) activation functions 
were used in all hidden layers. A sigmoid activation func‐
tion was used in the output layer to map predictions of the 
dimensionless printability indicators to a normalized range 
of [0, 1].

For the cascaded LSTM-MLP neural model, we first ex‐
tracted rheological sequences of length 50 (with a feature di‐
mension of 2: shear stress and viscosity) from the raw rheo‐
logical data via interval sampling. These sequences served 
as input to the LSTM module, which was followed by a 
fully connected layer to convert the LSTM outputs into a 
vector representing seven rheological fitting parameters. 
This vector was subsequently passed into an MLP module, 
whose architecture mirrored the baseline model but em‐
ployed a single hidden layer with 16 nodes. This modular 
design allowed the model to learn temporal patterns in the 
raw rheological data and infer their effects on downstream 
printability outcomes.

4.6　CT characterization of 3D-printed structures

The high-resolution characterization of printed 3D struc‐
tures was performed using a submicron-resolution X-ray 
CT system (Xradia 610 Versa, Carl Zeiss, Germany). To en‐
hance the contrast between the bioink and the support bath 
in the X-ray images, 2% (mass fraction) barium sulfate 
(B889319, Macklin, China) was added to the bioink formu‐
lation. For each sample, a total of 1024 projection images 
(1024×1024 pixels) were acquired across the Z-axis.

CT image post-processing followed a workflow analo‐
gous to that used for photographic analysis of 2D prints. 
Each CT slice was binarized using a custom Python script 
to differentiate printed material from the background. The 
resulting image stack was imported into the 3D Viewer plu‐
gin of ImageJ for volumetric reconstruction and exported in 
stereolithography (STL) format.

The STL files were further processed in Materialize Mag‐
ics to prepare them for fidelity analysis. This included auto‐
mated mesh healing, surface smoothing (smoothing param‐
eter: 50 μm), and mesh simplification (50% reduction in poly‐
gon count), producing a clean and manageable 3D model.
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To assess the fidelity of the printed construct, the recon‐
structed model was spatially aligned with its corresponding 
theoretical model using the auto-registration feature in Ma‐
terialize Magics. A surface-to-surface deviation heat map 
was generated using the “Part Comparison” function to vi‐
sualize local discrepancies in printing accuracy. In addition, 
two Boolean subtraction operations were performed to iden‐
tify regions of material excess and unfilled voids. The vol‐
umes of these regions were computed and summed to yield 
the total error volume, which served as a quantitative mea‐
sure of overall 3D print fidelity.
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