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Abstract 

Precise control of filament formation remains a central barrier in extrusion-based bioprinting, 

where small deviations in material behavior can lead to large variations in structure and cellular 

outcome. Here, we present a data-driven rheology framework that enables predictive embedded 

bioprinting by directly linking material behavior to process outcome. A machine learning (ML) 

model was used to capture the coupled temperature-shear response of a thermosensitive 

GelMA bioink and the shear-dependent behavior of the supporting bath, and was integrated 

into process analysis. This approach improved the prediction of both flow disturbance and 

filament geometry, with reduced errors in aspect ratio and filament width compared to 

conventional constitutive models. The improved predictability translated into controllable 

fabrication, enabling stable filament formation across a wide size range (≈160-800 μm) and the 

reliable construction of ultra-soft, freeform, and overhanging structures with preserved three-

dimensional fidelity. This level of control also carried biological consequences, as well-defined 

filaments supported faster post-printing recovery, enhanced alignment, stronger MHC 

expression, and transcriptional signatures consistent with a more favorable differentiation state. 

These results show that improving rheological description could move embedded bioprinting 

toward predictive manufacturing, where geometry and biological outcome can be coordinated 

through material-informed design. 

Keywords: Biofabrication; Bioprinting; Embedded bioprinting; Printability 
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1. Introduction 

Engineering functional tissues requires control over more than bulk shape1,2. In many native 

systems, including skeletal muscle3, blood vessels4, and other organized tissues5, biological 

performance emerges from well-defined microarchitecture, where local geometry governs cell 

alignment, extracellular matrix organization, mass transport, and tissue maturation6,7. Precise 

biofabrication is therefore central to tissue engineering, particularly when the goal is to 

reproduce not only anatomical form but also structure-guided function. 

Extrusion-based bioprinting is one of the most widely used biofabrication strategies 

because of its accessibility, versatility, and compatibility with a broad range of biomaterials 

and cell types8-10. Embedded bioprinting further expands this capability by depositing soft 

bioinks within a supporting bath, enabling the fabrication of freeform, highly compliant, and 

overhanging structures that would otherwise collapse during printing11. This feature makes 

embedded printing especially attractive for constructing biomimetic tissues with complex 

geometries12,13. Even so, achieving true printing precision in these systems remains difficult14,15. 

Filament width, cross-sectional shape, continuity, and local bath disturbance are highly 

sensitive to processing conditions, and relatively small variations can lead to major differences 

in the final construct. 

Considerable efforts have been made to model extrusion and deposition in order to 

improve printing predictability. These studies have advanced the understanding of nozzle flow, 

filament spreading, and supporting bath interaction, yet accurate prediction of printing 

outcomes remains challenging, especially in embedded systems using thermosensitive 

bioinks16,17. A major limitation of current approaches lies in the simplified treatment of 

rheology18. Many temperature-sensitive bioinks and polymeric hydrogels exhibit rheological 

properties governed by temperature-dependent microstructural evolution. In materials such as 

GelMA, temperature can alter chain entanglement, physical crosslinking, and partial triple-

helix formation, thereby affecting both viscosity and shear response. Conventional Power-Law 

models (PL) neglect temperature effects, while temperature-dependent constitutive models 

typically incorporate temperature through empirical parameter corrections. However, these 
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approaches generally assume that temperature and shear-rate effects are independent, with 

temperature acting only to modify model parameters rather than the underlying flow 

mechanism. Consequently, they often struggle to capture the coupled and nonlinear 

temperature-shear behavior of thermosensitive bioinks (Figure S1). During printing, the bioink 

experiences changing thermal conditions from the syringe to the nozzle and then into the 

supporting bath19. Under these conditions, viscosity is not controlled by shear alone, but by the 

coupled influence of temperature and shear rate. Ignoring this coupling introduces systematic 

errors in estimating flow behavior and ultimately limits the prediction of filament diameter, 

stability, and bath disturbance20. 

To address these challenges, we developed a data-driven rheology framework for 

predictive embedded bioprinting. A machine learning model (ML model) was used to describe 

the coupled temperature-shear behavior of a thermosensitive GelMA bioink and the shear-

dependent rheology of the supporting bath. These rheological models were incorporated into 

process analysis to predict supporting bath disturbance and filament formation under different 

printing conditions. The framework improved the prediction of flow disturbance and filament 

geometry relative to conventional constitutive models, enabled the definition of a stable 

printing window, and supported the fabrication of precise freeform structures. We further show 

that well-defined filaments promote faster early recovery, stronger myogenic organization, and 

transcriptomic changes associated with a more favorable maturation state (Figure 1). Together, 

these results show how improved rheological prediction can support precise and biologically 

meaningful embedded bioprinting. 
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Figure 1. Schematic illustration of the overall workflow. Rheological measurements were 

performed to capture the coupled effects of temperature and shear rate on bioink behavior and 

the shear-dependent response of the supporting bath. A ML-based rheology model was then 

trained and incorporated into numerical simulations to predict supporting bath disturbance and 

filament formation under different printing conditions. The resulting predictive framework was 

further used to define printable regimes, guide geometry programming, and evaluate how 

filament architecture influences downstream cellular organization and maturation. 

 

2. Materials and methods 

2.1. Preparation of supporting bath, bioink, and removal solution 

The supporting matrix was formulated using a combination of hydroxypropyl methylcellulose 

(H-HPMC, 3% w/v; Sangelose 90L, Daido Chemical, Japan) and Pluronic F127 (PF-127, 10% 

w/v; Sigma-Aldrich, USA). This specific combination was validated in our previous study to 

provide an optimal viscoelastic network via hydrophobic association. The network is 

characterized by a well-defined yield stress of ~10.3 Pa and a short characteristic recovery time 

upon shear cessation, which collectively ensure high printing fidelity and stable rheological 
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properties within the temperature window of 22℃ to 30℃21. PF-127 powder was first 

dissolved in phosphate-buffered saline (PBS, Biosharp, China) at 4℃ overnight to ensure 

complete solubilization. The solution was subsequently heated to 50℃ under continuous 

stirring, followed by gradual incorporation of H-HPMC at 750 rpm. The mixture was then 

cooled to room temperature (25℃) while maintaining agitation and transferred into a 

transparent acrylic container for subsequent printing experiments. 

Gelatin methacryloyl (GelMA, EFL, China) was used as the bioink matrix, including a 

conventional formulation (EFL-GM-60, 60% substitution, lyophilized as a white spongy solid) 

and a porous formulation (EFL-GM-PR-001), which forms interconnected pores (tens to 

hundreds of micrometers) upon photocrosslinking and consists of GelMA (60% substitution), 

polyethylene oxide (Mw 300 kDa), and LAP in a 100:15:5 ratio. GelMA is a widely used bioink 

in tissue engineering due to its excellent biocompatibility, tunable mechanical properties, and 

rapid photocrosslinking capability. However, its pronounced temperature-dependent 

rheological behavior within the printing-relevant temperature range makes it intrinsically 

difficult to print with consistent quality. Precisely because of this challenging thermosensitivity, 

GelMA serves as an ideal benchmark material for evaluating the proposed temperature-coupled 

rheological framework. To facilitate visualization, 0.1% (w/v) food dye was incorporated. 

A 5% (v/v) polyethylene glycol 400 (PEG400, SCR, China) solution in PBS was prepared 

as the removal bath. 

All materials and solutions were sterilized prior to use. PF-127, GelMA, and PEG400 

solutions were filtered through 0.22 μm membranes, while H-HPMC powder was sterilized by 

UV exposure for 30 min. All devices in contact with cell-laden materials were UV-sterilized 

to minimize contamination. 

 

2.2. Rheological characterization 

Rheological properties of the bioink and the supporting bath were evaluated using a rotational 

rheometer (Discovery Core Rheometer, TA Instruments, USA) equipped with a 40 mm parallel 
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plate geometry and a 1 mm gap. Shear-thinning behavior was assessed through shear rate 

sweeps (0.001-100 s⁻¹, logarithmic scale) over a temperature range of 20-30℃ with 1℃ 

increments (Figure S2). The acquired data were fitted with the Herschel-Bulkley model (HB) 

and power law model, which is expressed as follows 

 σ = σy + kγ̇
n
, (I) 

 μ = kγ̇
n-1

, (II) 

where σ is the shear stress, σy is the yield stress, ̇γ is the shear rate, μ is the viscosity, k is the 

flow consistency index, and n is the flow behavior index.  

 

2.3. PIV analysis of flow field 

To visualize flow dynamics within the supporting bath, fluorescent tracer particles (2 μm 

diameter, excitation at 527 nm; Beiting, China) were dispersed at a concentration of 1 × 10⁷ 

particles mL⁻¹. The suspension was loaded into a transparent cubic chamber (30 × 30 × 30 mm), 

which was mounted on a linear translation stage to simulate nozzle movement. Flow 

visualization was recorded using a camera (MV-SUA133GM, MindVision, China) positioned 

beneath the setup. A series of experiments was conducted using nozzles of identical length (38 

mm) but varying diameters. Translation speeds ranged from 1 to 20 mm/s. The camera was 

operated at a fixed frame rate of 245 fps. Velocity fields were computed using PIVlab22 with a 

multi-pass interrogation approach (64 × 64 pixels followed by 32 × 32 pixels, both with 50% 

overlap). For each experimental condition, a continuous video sequence was recorded. Three 

independently selected frame sets were analyzed using the same processing parameters, and 

the resulting values were averaged for quantitative analysis. 

 

2.4. Numerical simulation 

Two types of simulations were performed to characterize the filament formation during 

extrusion and the flow disturbance induced by needle motion, respectively. To investigate 

filament formation, three-dimensional simulations were performed to model the extrusion and 
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deposition of bioink into the supporting bath. A 23G needle was used, and the computational 

domain included both bioink and supporting bath phases, tracked using the volume of fluid 

(VOF) method. The viscosity of the bioink was defined either by a conventional power-law 

model or by a ML-based model capturing the coupled dependence on temperature and shear 

rate, also implemented via user-defined function (UDF). And the rheological behavior of the 

supporting bath was described by a ML model, implemented via a UDF. Mass flow rates and 

supporting bath velocities were varied to match experimental conditions, Although the bioink 

inlet temperature (22°C) and supporting bath temperature (25°C) were specified as boundary 

conditions, these values only define the initial thermal state of the CFD model. The simulation 

is fully transient, solving heat transfer and fluid flow simultaneously (Figure S3). The trained 

ML model was implemented via a temperature-shear-rate viscosity lookup table in ANSYS 

Fluent through a User-Defined Function (UDF). During each solver iteration, local temperature 

and shear rate are used to query the lookup table, updating local viscosity in real time. Therefore, 

although thermal boundaries are fixed, the viscosity field dynamically evolves throughout 

extrusion and deposition, capturing the filament-bath interactions. A pressure outlet was set at 

the exit. The nozzle wall was treated as a fixed no‑slip wall. The mesh was refined near the 

nozzle tip and outlet (~2.9 × 10⁶ cells). Transient simulations were performed with controlled 

time stepping to maintain numerical stability. The SIMPLE algorithm was used for pressure-

velocity coupling, with second‑order discretization schemes for pressure and momentum. 

Relaxation factors were set to 0.4 for pressure, 1 for density, 0.7 for momentum, and 1 for 

energy. Convergence criteria were set to 10⁻⁶ for all residuals. Grid independence was verified 

(Figure S4). 

For the flow field analysis, two-dimensional axisymmetric simulations were conducted to 

represent the relative motion between the needle and the supporting bath. The needle was 

positioned at the center of the domain and treated as a stationary no-slip wall, while the 

supporting fluid was assigned uniform inlet velocities ranging from 1 to 20 mm/s. Needles with 

different outer diameters (21G-27G) were considered. The rheological behavior of the 

supporting bath was described either by a conventional HB model with experimentally 

determined parameters or by a ML model, implemented via a user-defined function (UDF). 
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The computational mesh was refined near the needle surface (~2.2 × 10⁴ cells). The SIMPLE 

algorithm was used for pressure-velocity coupling, with second‑order discretization schemes 

for pressure and momentum. Relaxation factors were set to 0.4 for pressure, 1 for density, and 

0.7 for momentum. Convergence criteria were set to 10⁻⁶ for all residuals. Grid independence 

was verified (Figure S4). 

 

2.5. Machine learning analysis 

A total of 720 raw rheological measurements were collected from nine temperature groups 

spanning 22-30°C, with 80 measurements obtained at each temperature. Following the 

exclusion of the initial transient measurements at shear initiation, interquartile range (IQR)-

based outlier filtering, and Savitzky-Golay smoothing of the high-temperature datasets (29-

30°C). The excluded measurements corresponded to a short start-up transient period 

(approximately ten data points), during which the GelMA network underwent rapid structural 

adaptation to the applied shear field. As polymer chains and physical junctions progressively 

reoriented and disentangled, the apparent viscosity briefly increased before transitioning to the 

stable shear-thinning behavior used for subsequent analysis. Consequently, 630 valid data 

points were retained for model development and evaluation. To benchmark the proposed ML 

framework against conventional rheological approaches, a temperature-dependent Power-Law 

(Temp-Dep PL) model was additionally implemented, with separate Power-Law fits performed 

at each temperature to generate temperature-specific constitutive relationships. 

The input features included temperature (℃) and shear rate (s⁻¹). To handle the wide 

dynamic range, both shear rate and viscosity were converted via log₁₀ transformation. This 

transformation stabilized variance and improved regression performance. Data filtering 

adopted a two-step outlier removal procedure. First, values beyond the 2nd-98th percentile 

range were excluded. Next, data were screened against the 3 × interquartile range (IQR) 

threshold. For 29-30℃ tests with prominent experimental noise, a Savitzky-Golay filter with a 

window length of 7 and a polynomial order of 2 was used to maintain local curve consistency. 
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To minimize data leakage, all preprocessing steps involving data-dependent parameter 

estimation, including outlier threshold determination, were performed using the training set 

only and subsequently applied to the test set. The dataset was randomly divided into training 

and testing subsets at a ratio of 80:20 using a fixed random seed of 42 to ensure reproducibility. 

In addition, five-fold cross-validation was performed on the training set to evaluate model 

robustness and reduce the dependence of performance estimation on a single data partition. 

The regression model was constructed as an ensemble model by combining multiple tree-

based regressors. Specifically, seven Random Forest regressors and one Gradient Boosting 

regressor were trained independently with different random initializations. The final prediction 

was obtained by averaging the outputs of all individual models, thereby improving prediction 

stability compared with a single estimator. 

This ensemble strategy was chosen because the experimental rheological dataset is 

moderate in size and contains measurement noise, particularly at low shear rates and near the 

sol-gel transition region. Tree-based methods such as Random Forests are robust to such noise 

and provide interpretable predictions through feature importance and ensemble averaging. 

Moreover, combining multiple regressors enhances model stability and predictive accuracy. 

Finally, the resulting ensemble model can be efficiently implemented as a lookup table within 

CFD simulations via UDFs, allowing integration of the learned rheology into extrusion process 

simulations. 

For the Random Forest regressors, the number of trees was set to 300, the maximum tree 

depth to 30, the minimum number of samples required for splitting to 2, the minimum number 

of samples per leaf to 1, and the number of features considered at each split to the square root 

of the total number of input features. Bootstrap sampling was enabled. Each Random Forest 

model was trained using a different random seed to enhance ensemble diversity. The Gradient 

Boosting regressor was configured with 300 estimators, a maximum tree depth of 7, a learning 

rate of 0.05, a minimum of 2 samples per leaf, and a subsampling ratio of 0.8. 

The typical operating temperature of embedded bioprinting falls around 22-25℃. To 

maximize prediction accuracy within this critical range, we applied a selective sample-
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weighting protocol during model training. Samples in the 22-25℃ range were given higher 

weights, while data points outside this interval were assigned lower weights. This approach 

retained the full contribution of the entire dataset. This weighting scheme was used to reflect 

application-driven priorities in embedded bioprinting. 

 

2.6. Data processing and error calculation 

For the quantitative comparison of rheological prediction accuracy, the predictive performance 

of the ML and power-law models was evaluated using the mean absolute percentage error 

(MAPE). For each temperature-shear-rate data point, the absolute percentage error (APE) was 

first calculated by comparing the predicted viscosity with the corresponding experimental value. 

The MAPE was then obtained by averaging the APE values across the entire temperature range 

(22-30℃) and the full shear-rate spectrum investigated. 

For the shear-rate bath disturbance analysis, the disturbance width (W) was defined as the 

width of the region where the shear rate exceeded 1.0 s⁻¹. For both experimental and simulation 

data, W was measured using the same criterion. The simulated prediction trends were obtained 

by linear fitting of the simulated data points. A total of 20 independent data points were 

included, corresponding to the combinations of 21G, 23G, 25G, and 27G nozzle diameters and 

printing velocities of 1, 3, 6, 12, and 20 mm s⁻¹. 

For the filament morphology analysis, 12 printing conditions were designed, 

corresponding to three mass flow rates and four printing velocities. Among them, 10 conditions 

produced continuous filaments and were included in the analysis. For each printable condition, 

filament width (W) was measured from optical images with six independent measurements, 

while filament aspect ratio (W/H) was determined from three cross-sectional measurements. 

The experimental value for each condition was taken as the mean of the replicate measurements. 

The MAPE values of the ML and PL models were then calculated separately as the averages 

of the condition-wise APE values across the 10 experimentally characterized printing 

conditions. 
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2.7. Printing procedure 

A custom-built extrusion bioprinter integrating temperature regulation, motion control, and 

dispensing modules was used as previously described. Digital models were created in 

SolidWorks or obtained from Thingiverse and processed using Cura 4.7 to generate G-code, 

which was further optimized using custom R scripts. Printing was conducted in a transparent 

acrylic chamber filled with supporting bath. A temperature-control module integrated into the 

x-y-z stage was used during printing. The system provided independent temperature regulation 

of the syringe barrel and nozzle tip over a range of 0-70℃10. In addition, printing was 

conducted within a temperature-adjustable chamber to minimize environmental temperature 

fluctuations. For printing, the GelMA bioink was maintained in a 37℃ water bath prior to 

loading into the syringe. After loading, the syringe was mounted onto the temperature-control 

module and equilibrated at 22℃ for 2 hours before printing. Both the syringe barrel and nozzle 

tip were maintained at 22℃ throughout the printing process. The H-HPMC/PF-127 supporting 

bath was prepared in advance and allowed to equilibrate at room temperature (25℃) for 1 hour 

prior to printing. Bath temperature was monitored using a K-type thermocouple. To minimize 

boundary effects, the printing start height was set 3 mm above the container base. Nozzles 

identical to those used in PIV experiments were employed, with pressures ranging from 60 to 

220 kPa and translation speeds from 1 to 20 mm s⁻¹. Printed constructs were photocrosslinked 

using a 405 nm light source (25 mW cm⁻²) for 1 min. Filament diameters were quantified from 

fluorescence images using ImageJ (n = 6 per condition). Filament states were classified based 

on deposition continuity and filament width. A condition was considered printable when 

continuous filament deposition could be maintained along the entire printing path without 

visible breakage. Conditions resulting in interrupted or fragmented deposition were classified 

as printing failures (broken filaments). Among printable conditions, filaments with widths 

between approximately 0.5 and 1.0 times the nozzle diameter were classified as well-defined 

filaments. Filaments with widths greater than the nozzle diameter were classified as over-

stacked filaments, indicating excessive material accumulation during deposition. The printed 

models were downloaded from Thingiverse (www.thingiverse.com) (‘Hand’ by Teak 
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(modified), under the Creative Commons—Attribution license-CC BY 3.0— 

https://creativecommons.org/licenses/by/3.0/; ‘DNA double helix’ by Diegoso (modified), 

under the Creative Commons—Attribution license-CC BY 3.0— 

https://creativecommons.org/licenses/by/3.0/; ‘Squid’ by Jonoyo85 (unmodified), under the 

Creative Commons—Attribution license-CC BY3.0—

https://creativecommons.org/licenses/by/3.0/; ‘Twisted_Heart’ by Gyrobot (unmodified), 

under the Creative Commons—Attribution license-CC BY 3.0 

https://creativecommons.org/licenses/by/3.0/).‘Y_junction’ by chrischarlton (unmodified), 

under the Creative Commons—Attribution license-CC BY 3.0 

https://creativecommons.org/licenses/by/3.0/). 

 

2.8. Cell culture and bioink preparation 

C2C12 myoblasts (Stem Cell Bank, cat no. SCSP-505, China) were cultured in T25 flasks 

under standard conditions (5% CO₂) using complete growth medium containing fetal bovine 

serum, antibiotics, growth factors, and basal medium (Stem Cell Bank, cat no. SCSP-M505, 

China). For cell‑laden bioink preparation, C2C12 myoblasts were detached using 0.25% (w/v) 

trypsin‑EDTA, collected by centrifugation (1000 rpm, 5 min), and resuspended in the 5% (w/v) 

GelMA with 0.5% (w/v) LAP solution at a density of 1 × 10⁷ cells mL⁻¹. C2C12 differentiation 

was induced by switching to differentiation medium consisting of DMEM with 2% horse serum 

(Gibco #16050130) and 1% penicillin-streptomycin (Life Technologies, USA). The 

differentiation medium was replaced every other day, and cells were allowed to differentiate 

for 7 days to form myotubes. 

 

2.9. Immunofluorescence staining and imaging 

After 7 days of culture, samples were fixed with 4% paraformaldehyde (Solarbio, China), 

permeabilized with 0.1% Triton X-100 (Solarbio, China), and blocked with 5% bovine serum 

albumin (Solarbio, China). Samples were incubated overnight at 4℃ with primary antibody 

against Myh1 (Anti-Fast Myosin Skeletal Heavy chain Rabbit pAb, Servicebio, China, 1:100), 
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followed by secondary antibody staining (dylight 488 goat anti-rabbit IgG, Abbkine, China, 

1:100, 1 h). Filamentous actin (F-actin) was labeled using TRITC-phalloidin (80 nM, Fushen, 

China), and nuclei were stained with 4’, 6-diamidino-2-phenylindole (DAPI, 0.5 μg/mL, 

Solarbio, China). Confocal images were acquired using a Leica TCS SP8 microscope. 

Fluorescence intensity was quantified using ImageJ. 

 

2.10. RNA-sequencing 

Total RNA was extracted using TRIzol reagent (Invitrogen, USA) according to the 

manufacturer’s protocol. RNA concentration and purity were assessed using a NanoDrop 

spectrophotometer (Thermo Scientific, USA), and integrity was evaluated prior to library 

preparation to ensure suitability for downstream sequencing. 

For each sample, 3 μg of total RNA was used to construct sequencing libraries. 

Polyadenylated mRNA was isolated using oligo(dT)-attached magnetic beads and 

subsequently fragmented under elevated temperature in fragmentation buffer. First-strand 

cDNA synthesis was performed using random hexamer primers and reverse transcriptase, 

followed by second-strand synthesis using DNA polymerase I and RNase H. The resulting 

double-stranded cDNA was end-repaired, adenylated at the 3′ ends, and ligated with Illumina 

sequencing adapters. 

Library fragments of approximately 400-500 bp were selected using AMPure XP beads 

(Beckman Coulter, USA) and amplified by PCR. The final libraries were quantified using an 

Agilent Bioanalyzer 2100 system and subjected to paired-end sequencing on the Illumina 

NovaSeq 6000 platform (Shanghai Personal Biotechnology Co., Ltd.). 

Raw sequencing reads were processed using Fastp (v0.22.0) to remove low-quality bases, 

adaptor contamination, and reads with excessive unknown nucleotides, generating high-quality 

clean reads. The filtered reads were then aligned to the reference genome using HISAT2 (v2.1.0) 

with default parameters. Only uniquely mapped reads were retained for downstream analysis. 



 

15 

 

Gene-level expression quantification was performed using HTSeq (v0.9.1) to obtain raw read 

counts. To ensure comparability across samples, expression levels were normalized, and 

downstream differential expression analysis was conducted using the DESeq2 (v1.42.0) 

package in R, which applies a negative binomial distribution model and incorporates size-factor 

normalization. Differentially expressed genes (DEGs) were identified using thresholds of |log₂ 

fold change| > 1 and adjusted P value < 0.05 (Benjamini-Hochberg correction). Three 

independently prepared printed constructs were analyzed for each experimental group (n = 3). 

To interpret the biological significance of transcriptional changes, DEGs were subjected 

to functional enrichment analysis using the clusterProfiler (v4.10.0) package. Gene Ontology 

(GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses 

were performed, and significantly enriched terms were identified based on adjusted P values. 

Visualization of expression patterns and enrichment results was carried out using pheatmap, 

enrichplot, and ggplot2. 

 

2.11. Statistical analysis 

All statistical analyses were performed using R. Data normality was assessed prior to testing. 

Results are presented as mean ± standard deviation. Comparisons between two groups were 

conducted using Student’s t-test, while multiple groups were analyzed using one-way analysis 

of variance (ANOVA) followed by Tukey’s post hoc test. The P values were provided and 

significance levels were as follows: * P < 0.05, ** P < 0.01, *** P < 0.001, **** P <0.0001. 

 

3. Results 

3.1. Data-driven rheology modeling for bioink and supporting bath 

Because precise embedded bioprinting ultimately depends on how accurately material behavior 

can be described, we first established a data-driven rheology model for both the 

thermosensitive bioink and the supporting bath. For the GelMA bioink, rheological 

measurements were performed over a temperature range of 22-30 °C and a shear rate range of 
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0.01-100 s⁻¹. As shown in Figures 2A-B, the viscosity exhibited pronounced dependence on 

both temperature and shear rate. In addition to the expected shear-thinning behavior, increasing 

temperature caused a reduction in viscosity, indicating that the rheological response of the 

bioink was governed by coupled thermal and shear effects rather than by shear rate alone. The 

two-dimensional viscosity map and the corresponding three-dimensional viscosity landscape 

together provide a continuous visualization of this coupled rheological behavior. 

This coupling is difficult to capture using conventional constitutive models. In particular, 

the power-law model requires separate fitting at each temperature, resulting in a series of 

discrete rheological curves that cannot provide a continuous description across the full printing 

condition space18,23. To address this limitation, we employed an ensemble learning-based 

regression model (ensemble model), which was selected for its ability to capture nonlinear 

interactions while remaining robust for relatively small experimental datasets14. As shown in 

Figure 2C, the ensemble model achieved better agreement with the experimental viscosity 

curves than the power-law model over the entire measured range. Quantitatively, the ensemble 

model reduced the overall mean absolute percentage error (MAPE) by approximately 16%. 

This improvement was also evident in the predicted-versus-measured comparison (Figure 2E), 

where ensemble predictions clustered more closely around the diagonal reference line, whereas 

the power-law model showed a larger spread and more systematic deviation. Importantly, the 

ensemble model provided a continuous viscosity landscape across both temperature and shear-

rate domains, making it more suitable for process analysis under dynamically changing printing 

conditions. 

We next applied the same data-driven strategy to the supporting bath, whose shear-

dependent rheological behavior governs how the surrounding matrix responds to nozzle motion 

and deposited material. Compared with the conventional Herschel-Bulkley (HB) model, the 

ensemble model also provided more accurate fitting of the shear stress-shear rate relationship 

(Figure 2F). Although temperature was not explicitly considered for the supporting bath in this 

section, the improved fitting result indicates that the ensemble approach can more faithfully 

represent its effective yielding and shear-thinning behavior. Together, these results show that 

machine learning improves the rheological description of both the bioink and the support 
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material, thereby providing a more reliable basis for subsequent prediction of supporting bath 

disturbance and filament geometry. 

 

Figure 2. Data-driven modeling of bioink and supporting bath rheology. (A) Temperature-

shear viscosity landscape of the thermosensitive GelMA bioink, showing the coupled 

dependence of viscosity on shear rate and temperature. (B) Three-dimensional viscosity 

landscape of the GelMA bioink across the investigated temperature and shear-rate ranges, 

illustrating the coupled effects of shear thinning and temperature-dependent viscosity reduction. 

(C) Representative viscosity-shear rate curves at several temperatures, comparing experimental 

measurements with predictions from the ML model and the conventional power-law model. 

(D) Quantitative comparison of prediction error, showing reduced MAPE for the ensemble 

model. (E) Predicted versus experimental viscosities, where ensemble predictions cluster more 

closely around the diagonal reference line than power-law predictions. (F) Shear stress-shear 

rate fitting of the supporting bath using ML and HB models. 

 

 

 



 

18 

 

3.2. Improved prediction of supporting bath disturbance  

To determine whether the improved rheological description of the supporting bath can be 

translated into better process prediction, we next examined the flow disturbance induced by 

nozzle motion in the supporting bath. Before performing systematic measurements, we first 

compared the flow fields under extrusion ON and OFF conditions (Figures S5-S7). The 

velocity profiles extracted along representative horizontal and vertical directions were highly 

similar in the two cases, with only minor local differences near the nozzle outlet. This result 

indicates that the dominant disturbance in the supporting bath is mainly governed by the 

mechanical displacement of the moving nozzle through the viscoplastic matrix, whereas the 

contribution of the extruded material to the far-field flow remains limited under the tested 

conditions. Therefore, to avoid optical interference and boundary ambiguity caused by the 

printed ink, the subsequent PIV experiments were conducted under the non-extrusion condition. 

Based on this simplified but representative configuration, we compared experimentally 

measured disturbance fields with simulations using either the conventional HB model or the 

machine learning (ML)-derived rheological model of the supporting bath (Figure 3A). Across 

different nozzle gauges and translation speeds, the experimental results consistently showed a 

localized disturbance zone around the moving nozzle, with strong velocity gradients near the 

nozzle sides and a trailing wake extending downstream. As the translation speed increased, 

both the intensity and spatial extent of the disturbed region increased. In contrast, reducing the 

nozzle diameter led to a more confined absolute disturbance zone. These trends were captured 

by both simulation approaches, confirming that the overall disturbance topology was primarily 

determined by the interaction between nozzle motion and bath rheology. 

However, clear differences emerged in quantitative agreement. Compared with the HB 

model, the ML-based simulation more faithfully reproduced the experimentally observed width 

and downstream spread of the disturbed region, particularly under conditions of higher speed 

and smaller nozzle diameter, where the flow field became more sensitive to the rheological 

description. To compare different nozzle sizes and translation speeds within a unified 

framework24, the disturbance width (W) was normalized by the nozzle outer diameter (d), and 
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the experimental conditions were further recast using an HB-derived Oldroyd number (Od = τy 

dn / K Un, where τy, K, and n are the Herschel-Bulkley parameters of the supporting bath and U 

is the nozzle translation speed). , which served here as a common dimensionless descriptor of 

the operating condition rather than an intrinsic parameter of the ML model (Figure 3B). Under 

this representation, the normalized disturbance range (W/d) decreased approximately linearly 

with increasing Od (Figure 3C), indicating that the disturbance field contracted as the 

supporting bath became more resistant to yielding relative to nozzle motion. Notably, the ML 

predictions remained consistently closer to the experimental data than those of the HB model 

over the tested range. These results demonstrate that the data-driven rheological model 

provides a more accurate description of the supporting bath response to nozzle motion, thereby 

offering a more reliable basis for analyzing the subsequent printing process. 
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Figure 3. Prediction of supporting bath flow disturbance around the moving nozzle. (A) 

Comparison of experimentally measured and simulated disturbance fields around moving 

nozzles of different gauges and translation speeds in the supporting bath. Simulations were 

performed using the HB model and the ML-derived rheological model. Color maps indicate 

the magnitude of the local flow disturbance. Scale bars: 1 mm. (B) Definition of disturbance 



 

21 

 

width (W, defined as the total width of the fluid domain where the local shear rate exceeds 1.0 

s⁻¹, measured uniformly across both experimental flow field images and simulation velocity 

data using this identical criterion) and nozzle outer diameter (d, defined as the actual physical 

outer diameter constant of the 21G, 23G, 25G, and 27G bioprinting needles, which is 

implemented as a fixed rigid boundary dimension in the simulation domain) used for 

quantitative analysis. (C) Relationship between normalized disturbance range (W/d, defined 

quantitatively as the dimensionless ratio of the extracted disturbance width W to the nozzle 

outer diameter d to establish a unified representation across varying nozzle sizes) and the HB-

derived Oldroyd number (Od), comparing experimental measurements with HB and ML 

predictions. The ML model shows closer agreement with experiment across the tested 

conditions. 

 

3.3. Improved prediction of filament geometry 

Having established improved rheological descriptions for both the bioink and the supporting 

bath, we next examined whether this improvement could be translated into more accurate 

prediction of filament geometry during embedded printing. Since filament width, continuity, 

and cross-sectional shape are the most direct indicators of printing precision, accurately 

predicting these features is essential for moving extrusion-based bioprinting from empirical 

parameter tuning toward quantitative process control. 

To this end, extrusion experiments were carried out under different combinations of mass 

flow rate (Q, 0.12, 0.37, and 0.51 mg/s) and translation speed (v, 1, 3, 5, and 7 mm/s). The 

extrusion process was recorded in situ, and the cross-sectional geometries of the deposited 

filaments were characterized after printing. Simulations based on either the conventional 

power-law model or the ML-derived rheological model were then compared with the 

experimental observations (Figure 4A). The experimental results showed a clear dependence 

of filament morphology on the balance between material supply and nozzle movement. Under 

low-Q/high-v conditions, the deposited filaments undergo extreme thinning and then rupture, 

forming discontinuous structures. Conversely, high-Q/low-v conditions lead to material 
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accumulation beneath the nozzle, producing broadened filaments with flattened or elliptical 

cross-sections. The intermediate regime between these two states yields continuous filaments 

with regular cross-sections. Both simulation methods capture this overall trend, and accurately 

reflect increasing filament width as the ratio of material throughput to nozzle velocity rises. 

These failure conditions define the boundary of the printable regime and therefore provide 

important information regarding the operational limits of embedded bioprinting. Because 

continuous filament formation was not achieved, filament width and cross-sectional 

morphology could not be reliably quantified under these conditions and were therefore 

excluded from subsequent geometric analyses. 

However, the ML model more faithfully captured the experimentally observed transitions 

in filament morphology across the full parameter range. In particular, it better reproduced 

filament breakage under low-Q/high-v conditions and the formation of widened, elliptical 

cross-sections under high-Q/low-v conditions. By comparison, the power-law model tended to 

overestimate spreading or distortion in some cases, especially when the balance between flow 

rate and translation speed became unfavorable for maintaining a stable filament. These 

differences indicate that the coupled temperature-shear rheology embedded in the ML model 

is important for describing the evolving physical state of the bioink during extrusion and 

deposition. 

To quantitatively evaluate predictive performance, filament width was plotted against 

(Q/v)1/2, which provided a convenient descriptor of the balance between material delivery and 

nozzle motion (Figure 4B). The measured filament width increased approximately linearly with 

(Q/v)1/2, consistent with the expectation that larger material input relative to translation speed 

produces broader deposited lines. Although both models captured this overall trend, the ML 

predictions followed the experimental data more closely over the full range of conditions. 

Further comparison of cross-sectional aspect ratio and filament width confirmed the superior 

performance of the ML model (Figure S8, Figure 4C). The MAPE for aspect ratio was reduced 

from 11.34% for the power-law model to 3.45% for the ML model, corresponding to an 

improvement of 7.89%. Likewise, the MAPE for filament width decreased from 10.71% to 

2.73%, corresponding to an improvement of 7.98%. 
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Together, these results demonstrate that improving rheological prediction directly 

improves the predictability of filament formation in embedded printing. By more accurately 

capturing line breakage, cross-sectional deformation, and width scaling, the ML-based 

framework provides a more reliable basis for defining printable regimes and achieving 

controllable filament architecture. 
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Figure 4. Improved prediction of filament geometry by machine learning-assisted rheology. 

(A) Experimental side-view images of extrusion and printed cross-sections under different 
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combinations of mass flow rate and translation speed, together with corresponding simulations 

based on the power-law model and the ML-derived rheological model. Scale bars: 1 mm. (B) 

Filament width plotted against (Q/v)1/2, comparing measured values with predictions from the 

ML and power-law models (n = 3). (C) Quantitative comparison of prediction error for cross-

sectional aspect ratio and filament width, showing lower MAPE (represents the average 

percentage error used to measure the discrepancy between experimental data and model 

predictions) for the ML model. N.A., conditions under which discontinuous deposition 

prevented reliable cross-sectional characterization. 

 

3.4. Geometry programmability 

Having established that filament formation could be predicted more accurately, we next 

evaluated whether this predictive capability could be translated into controllable manufacturing 

output. As shown in Figure 5A, the printing system enabled stable fabrication of filaments with 

tunable widths ranging from approximately 160 to 800 μm. As filament width increased, the 

deposited lines became progressively less uniform and showed more evident edge undulation, 

indicating stronger spreading and reduced geometric regularity at larger line widths. These 

results demonstrate that filament size could be programmed over a broad range while 

maintaining continuous deposition. 

This controllable line formation further supported the fabrication of diverse freeform 

structures with good integrity in the supporting bath. In addition to cubic lattice architectures 

(Figure 5B), more complex geometries, including a Y-shaped vascular-like branch, a DNA 

double helix, an octopus-like model, and a hand-shaped construct, were successfully printed 

(Figure 5C-F). Multi-angle views confirmed that these constructs retained their intended three-

dimensional shapes after deposition, indicating that the established printing conditions were 

sufficient to support not only line formation but also the generation of structurally complex soft 

constructs. 

We next examined whether filament definition had early biological consequences. 

Live/dead staining of C2C12-laden filaments showed that viability was relatively low 
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immediately after printing in both groups, likely due to extrusion-associated stress (Figure 5G, 

H). However, viability increased progressively over the following days, suggesting gradual 

cellular recovery in the printed constructs. The well-defined filaments (thin and circular cross-

section) showed a modestly faster recovery trend than the over-stacked (thick and oval cross-

section) filaments, although the difference did not reach statistical significance. Together, these 

results indicate that improved control over filament geometry can be translated into 

programmable structure fabrication and may begin to influence the post-printing cellular 

microenvironment at an early stage. 
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Figure 5. Geometry programmability and early cell recovery within the printable window. (A) 

Representative printed filaments with tunable widths from 160 to 800 μm. Scale bar: 500 μm. 

(B-F) Examples of freeform structures fabricated within the optimized window, including a 

cubic lattice, coronary artery-like construct, a DNA double helix, an octopus-like model, and a 

hand-shaped structure. Scale bars: 5 mm for B, C, D and F, and 10 mm for E. (G) 

Representative live/dead fluorescence images of cell-laden well-defined and over-stacked 

filaments during culture. Scale bars: 200 μm. (H) Quantification of viability over 4 days, 

showing progressive recovery in both groups and a faster recovery trend in the well-defined 

filaments (n = 3). 

 

3.5. Biological consequences of filament definition 

Having established a controllable printing window and demonstrated early differences in post-

printing recovery, we next investigated whether filament definition could further influence 

myogenic organization and molecular state. Based on the optimized printing conditions, two 

architecturally distinct filament types were reproducibly generated, namely well-defined 

filaments with a width of approximately 125 μm and over-stacked filaments with a width of 

approximately 325 μm. This stable control over filament morphology provided a suitable 

platform for examining the relationship between filament geometry and downstream biological 

responses. 

Confocal imaging revealed clear differences in cellular organization between the two 

groups (Figure 6A, B). Cells within the well-defined filaments exhibited a more aligned and 

elongated morphology, together with markedly stronger MHC fluorescence25 (2.14-fold), 

indicating enhanced myogenic maturation compared with the over-stacked group. These 

observations suggest that improved filament definition may provide a structural environment 

that is more conducive to ordered cell arrangement and functional protein expression3. 

To determine whether these phenotypic differences were accompanied by broader 

molecular changes, we performed transcriptomic analysis of the two filament states. Principal 

component analysis (PCA) clearly separated the well-defined and over-stacked groups, 
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indicating that filament architecture induced a distinct global transcriptional profile (Figure 

6C). The volcano plot further showed widespread differential expression, with both 

upregulated (108) and downregulated (164) genes contributing to the divergence between the 

two conditions. Pathway enrichment analysis (Table S1-S2) suggested that these changes were 

functionally organized rather than random. In the well-defined group, pathways related to cell 

adhesion molecule interactions were relatively enriched, whereas HIF-1 signaling26, 

glutathione metabolism, and fluid shear stress and atherosclerosis were relatively suppressed. 

This pattern suggests that cells in well-defined filaments were less engaged in stress adaptation 

and hypoxia-associated responses27, and instead shifted toward a more differentiation-

permissive state. 

The selected feature genes further supported this interpretation (Figure 6D). Acta2 was 

significantly increased in the well-defined group, suggesting enhanced cytoskeletal 

organization and contractile apparatus development28. Col3a1 was also upregulated, indicating 

strengthened extracellular matrix remodeling and structural support29. In parallel, the increase 

in Myod1 pointed to activation of the myogenic differentiation program30. These 

transcriptional changes were consistent with the elevated MHC fluorescence observed by 

immunostaining. By contrast, Yap1 did not show a significant difference between the two 

groups. Since YAP1 is a canonical mediator of mechanotransduction, its unchanged expression 

suggests that the observed divergence was not primarily driven by a dominant YAP-dependent 

mechanical signaling program at this stage31. Instead, when considered together with the 

suppression of HIF-1-related pathways and the better biological performance of the thinner 

filaments, the data suggest that the smaller filament dimensions may provide a more favorable 

microenvironment for cell survival and spreading. Previous studies have reported that, in the 

absence of a vascular network, the effective diffusion distance of oxygen and nutrients is 

typically limited to approximately 100-200 μm32. Since the average width of the well-defined 

filaments (~125 μm) was substantially smaller than that of the over-stacked filaments (~325 

μm), resulting in a higher surface-area-to-volume ratio and shorter diffusion distance, 

differences in local oxygen and nutrient availability may contribute to the observed biological 

responses. 
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GO analysis further indicated that architectural refinement was accompanied by broader 

changes in cellular response programs, including transport-, secretion-, and chemotaxis-related 

processes. Together, these results show that printing precision has biological consequences 

beyond shape fidelity. The observed improvements in cell viability, spreading, and myogenic 

organization suggest that well-defined filaments provide a more favorable microenvironment 

for muscle formation. While the underlying mechanisms remain to be fully elucidated, 

differences in local oxygen and nutrient availability associated with filament geometry may 

contribute to these biological responses. 
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Figure 6. Biological consequences of filament definition. (A) Schematic of well-defined 

filament and over-stacked filaments. (B) Representative images of over-stacked and well-

defined filaments after culture, showing F-actin, MHC, and nuclei staining. Scale bars: 500 μm. 

(C) Quantification of filament width (n = 3). (D) Quantification of MHC fluorescence intensity 

(n = 3). (E) PCA and (F) volcano plot showing transcriptomic divergence between over-stacked 

and well-defined groups. (G) KEGG enrichment analysis. (H) Expression levels of 

representative genes (n = 3). (I) GO enrichment analysis. 
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4. Discussion 

This study shows that rheological accuracy has a direct impact on the predictability of 

embedded bioprinting. The bioink used here experiences changing shear and temperature 

conditions from the syringe to the nozzle and then into the supporting bath. Under these 

circumstances, viscosity evolves continuously during the printing process. An ensemble model 

was therefore well suited to this problem because it captured nonlinear coupling from 

experimental data without requiring a predefined equation. This provided a continuous 

rheological landscape for the thermosensitive GelMA bioink and improved the description of 

the supporting bath as well. The gain in fitting accuracy carried clear consequences for process 

analysis, indicating that the quality of rheological representation is a central factor in predictive 

printing. 

The supporting bath disturbance experiments further clarified how this improved 

description affects nozzle-scale behavior. The close similarity between extrusion and non-

extrusion disturbance fields indicates that the dominant source of far-field bath disturbance is 

the motion of the nozzle through the viscoplastic matrix. The contribution of the injected 

material is largely confined to the region near the nozzle outlet under the conditions tested here. 

This justified the use of non-extrusion PIV measurements and allowed the bath response to be 

evaluated with fewer optical and interfacial complications24,33,34. Within this framework, the 

ML-based rheological model reproduced the disturbed region more faithfully than the HB 

model, which suggests that it captured the effective yielding and shear-thinning response of the 

support matrix more accurately. Since this disturbed region governs how the matrix 

accommodates and stabilizes the deposited filament, the supporting bath result forms an 

important bridge between rheology fitting and filament formation. The proposed framework is 

workflow-generalizable but model-specific. The same procedure, including rheological 

characterization, data preprocessing, machine-learning-based rheological modeling, and CFD 

implementation, can be applied to other bioinks and supporting baths. The model also 

demonstrated reasonable robustness to reduced training-data availability (Figure S9). However, 

because rheological behavior is inherently material-dependent, a new dataset is required for 

each different material formulation, analogous to remeasuring constitutive parameters for 
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conventional CFD simulations. The current implementation focuses primarily on temperature–

shear coupling under steady-state rheological conditions. Future extensions may incorporate 

time as an additional input feature to capture thixotropy, structural recovery, and other time-

dependent rheological phenomena. 

More importantly, this improved predictive capability was translated into controllable 

manufacturing output, enabling stable fabrication of filaments over a broad width range and 

supporting the generation of complex freeform structures with maintained integrity in the 

supporting bath. In this context, data-driven rheological modeling provides a practical route 

from process prediction to geometry programmability in embedded bioprinting. 

The biological results show why this level of control matters. Filaments printed within the well-

defined regime displayed a faster recovery trend after printing and later developed stronger 

alignment, higher MHC expression, and transcriptomic profiles associated with adhesion, 

matrix support, and myogenic commitment. At the same time, stress- and hypoxia-related 

pathways were reduced, while Yap1 remained unchanged. This pattern points to a possible 

microenvironmental explanation in which narrower and more regular filaments provide a more 

favorable structural context for cell organization. Previous studies have reported that oxygen 

and nutrient diffusion in avascular tissues is typically limited to approximately 100-200 μm32. 

Together with the observed improvements in cell viability, cell spreading, and HIF-1-related 

responses, these findings suggest that well-defined filaments may provide a more favorable 

microenvironment, potentially associated with improved local oxygen and nutrient availability. 

Future studies incorporating direct measurements of oxygen gradients, nutrient diffusion, or 

hypoxic responses will help further elucidate the biological mechanisms underlying the effects 

of filament geometry on cellular behavior. Printing precision therefore has consequences that 

extend into tissue maturation35. In this framework, filament definition becomes a biologically 

relevant design variable that links material behavior, process control, and functional outcome. 

Although the current study focuses on the H-HPMC/PF-127 supporting bath, the proposed 

data-driven rheology framework is not limited to this specific system. A supporting bath that 

exhibits macroscopic yield stress, shear-thinning behavior, and thixotropic recovery, regardless 
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of its underlying microstructure, can be characterized using the same set of rheological 

measurements and machine learning pipeline. This may include gelatin microparticle-based 

baths such as FRESH, which have been demonstrated to behave as viscoplastic fluids at the 

macroscopic scale36,37. The resulting viscosity lookup table can then be integrated into CFD 

simulations via UDF to predict filament formation and bath disturbance.When the 

characteristic size of the heterogeneities, like particle diameter, is comparable to or smaller 

than the dominant flow length scales, such as the nozzle diameter, the continuum assumption 

remains valid and the framework can be applied directly. When the particle size approaches 

the nozzle diameter, however, the continuum assumption may no longer hold, and the filament 

morphology could be influenced by discrete particle rearrangements or local flow irregularities. 

 

5. Conclusion 

This study shows that improving rheological description can directly translate into predictive 

control in embedded bioprinting. By capturing the coupled behavior of both bioink and 

supporting bath using a data-driven approach, we improved the prediction of flow disturbance 

and filament formation, and enabled controllable fabrication across a wide geometric range. 

This gain in predictability was reflected at multiple levels. Filament dimensions could be 

programmed to support the fabrication of ultra-soft, freeform, and overhanging structures with 

maintained fidelity. At the same time, filament definition influenced early cellular response, 

with well-defined structures promoting faster recovery, improved organization, and 

transcriptional states consistent with enhanced myogenic progression. Taken together, these 

results position rheological description as a central lever in embedded bioprinting, linking 

material behavior to process control, structural precision, and biological outcome. This work 

provides a practical route toward predictive and function-oriented biofabrication. 
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