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Material extrudability is a prerequisite for printing 3D structures with extrusion-based food printing. Food
materials with different shear-thinning behaviors were printed to develop predictive models for extrudability. A
dataset of 131 unique combinations of materials and printing parameters was collected. Image analysis was
employed to rapidly quantify extrudability as determined by mode width, line height and width consistency of
line filaments. The relation between the printing pressure and the volumetric flow rate followed a power-law
relation, which characterizes the extent of shear-thinning of the food materials. Both regression and classifica
tion models were trained and tested using the random forest algorithm. The model performance indicated that
extrudability can be predicted with moderate to high accuracy by using rheological measurements and printing
parameters as inputs. The predictive workflow developed in this study provides a framework to quantitatively
assess and predict extrudability for 3D printing of complex food materials.
Industrial relevance: Extrusion-based 3D printing has been applied to customize food designs and can potentially
enable personalized nutrition. To achieve this, we need to be able to effectively print complex food materials
with high accuracy. Variations in composition and rheological properties of complex food materials make
achieving proper extrudability not trivial at this moment, and this limits their applicability to extrusion-based
food printing. Here, we developed an image analysis tool to measure line filament extrusion of complex food
materials that vary in shear-thinning behaviors. We then built predictive models to estimate material extrud
ability based on material’s shear-thinning properties and printing parameters. Data-driven prediction of mate
rial’s extrudability can help avoid excessive trial-and error experiments in future.

1. Introduction
3D printing offers flexible and rapid prototyping for many sectors
including medicine, engineering, manufacturing, art, and education
(Dankar, Haddarah, Omar, Sepulcre, & Pujolà, 2018). Since 2005, 3D
food printing technology has been developed as a tool to customize food
designs, personalize nutrition, simplify the food supply chain, and
broaden the future sources of our food (Liu, Zhang, Bhandari, & Wang,
2017). One of the common printing mechanisms for food materials is
extrusion-based 3D printing. A motorized syringe controlled by a robotic
system extrudes food materials onto a platform, and the object is built
line by line and layer by layer based on a predesigned digital model. A
variety of food materials such as soy protein, rice starch, and mashed
potatoes have been formulated and printed into different geometries.
These initial applications showed that extrusion-based 3D food printing
has potential for rapid and flexible food product creations (Chen et al.,

2019; Liu, Zhang, & Ye, 2020; Theagarajan, Moses, & Anandhar
amakrishnan, 2020).
Evaluating the printability of materials is key to success in devel
oping 3D printing applications. Printability is defined as the ability of 3D
printing to closely reproduce a target digital design (Telea & Jalba,
2011). 3D printability of food materials is known to be co-determined by
their rheological properties. However, the detailed relation between
rheology and printability has not been fully elucidated due to the
complexity and variability in the composition of food printing materials
(Liu, Bhandari, Prakash, Mantihal, & Zhang, 2019). Previous research
showed that the flow stress, storage modulus, and zero shear viscosity of
food materials are all correlated to the printability in specific model
systems (Chen, Xie, Chen, & Zheng, 2019; Costakis, Rueschhoff, DiazCano, Youngblood, & Trice, 2016; Yang, Zhang, Bhandari, & Liu,
2018; Zhu, Stieger, van der Goot, & Schutyser, 2019). Besides rheo
logical parameters, studies have identified that printing parameters such
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as layer height, infill percentage, and nozzle movement speed that codetermine the 3D food printability (Huang, Zhang, & Bhandari, 2019;
Severini, Derossi, Ricci, Caporizzi, & Fiore, 2018). Success in printing
3D structures requires accurate extrusion of individual line filaments
(1D structures), also known as extrudability. Ensuring the extrudability
of food materials is an important step towards achieving subsequent 3D
printability aspects such as shape fidelity and retention over time (He
et al., 2016; Schwab et al., 2020). Extrudability is assessed by contin
uous extrusion and the uniformity of the filament. Liu et al. (2019)
suggested that yield stress and pseudoplasticity are closely related to the
extrudability of food hydrocolloids. Moreover, printing parameters
including printing pressure, nozzle speed, and nozzle height have been
identified as factors that co-determine the extrudability and printability
of alginate/gelatin hydrogels (He et al., 2016).
Automatic, rapid and quantitative assessments of material extrud
ability are useful when developing novel ingredients for 3D food
printing purposes (Pérez, Nykvist, Brøgger, Larsen, & Falkeborg, 2019).
In addition, practical employment of 3D printing should be robust
against variations and changes in printing materials. Simple and auto
mated methods are needed to optimize the printing parameters to ach
ieve the best performance of the printing system. Several methods have
been developed to assess the extrudability of biological and food
printing materials. For example, a simple dispensing method was pro
posed by Paxton et al. (2017) to manually press printing materials
through a syringe and evaluate continuous filament formation and
morphology based on visual observations. This method constitutes a
qualitative test for initial screening of printing materials, but lacks the
evaluation of other printing parameters. Another common method is to
measure the extruded line dimensions from microscopic and optical
images. He et al. (2016) measured the printed line width of hydrogels
using a digital microscope, and other studies have used image analysis
software such as ImageJ to manually measure line dimensions from
optical images (Lanaro et al., 2017; Nijdam, Agarwal, & Schon, 2021).
Recently, Fahmy, Becker, and Jekle (2020) developed a camera-based
method to automatically measure the extrudability of cereal-based
printing materials. This technique can measure line width distribution,
end-line oozing, and stable line width based on image analysis algo
rithms, allowing rapid and automated extrudability assessment.
Data collected from quantitative extrudability assessments can be
used to develop predictive models and estimate extrudability for new
materials. To date, studies of variable interactions in 3D food printing
rely on methods such as response surface methodology (RSM) to opti
mize the printing parameters. Severini, Derossi, and Azzollini (2016)
explored the effects of the printed layer height and infill percentage on
the printability of wheat dough using RSM. Based on the RSM models,
the study identified key printing parameters for printability and
concluded that breaking strength (a measurement of printability) of the
final product was related to the infill percentage of printing. These
studies applied statistical models based on materials with similar com
positions, which limits their validity and applicability over a broader
range of materials and system parameters.
In non-food 3D printing, Elbadawi et al. (2020) applied machine
learning algorithms to predict the printability of pharmaceutical tablet
materials using a combination of rheological properties and printing
parameters. This study collected the variables that were known to
represent tablet rheology in pharmaceutical manufacturing and
modelled the complex relationship between materials and printing pa
rameters to predict the printability of unknown tableting materials. This
hybrid modelling approach is known as “gray-box modelling”, which
combines mechanistic insight (white box models) and data-driven
models (black box models) to maximize the predictability in
manufacturing (Roupas, 2008). Specifically, variables derived from
mechanistic studies are used as inputs for data-driven models to predict
the parameter of interests. Gray-box models are especially useful to
reduce the mechanistic model complexity and improve data-driven
model interpretability. In 3D food printing, several physio-chemical

phenomena happen simultaneously: non-Newtonian flow, heat trans
fer, and fusion (adhesion and confluence) of materials (Rando & Ram
aioli, 2021). Various printing parameters can further impact the printing
results. To best model this complex process, gray-box models can
combine data-driven model frameworks with the partial understanding
of the physiochemical phenomena during food printing to predict ma
terial’s extrudability. In addition, the use of generic material properties
and printing system parameters may make the resulting models appli
cable to a wider range of materials and conditions.
In this study, we aim at developing predictive models to estimate the
extrudability and line geometry prior to printing 3D food structures.
Specifically, we applied image analysis to automatically measure the
extrudability of food materials as determined by mode width, line height
and width consistency of the printed filaments. An experimental dataset
of 131 unique material-and-printing parameter combinations was
collected from printing experiments. Regression and classification
models were trained and tested to predict the extrudability using both
the rheological properties of the materials and the printing parameters
as inputs. This study thus demonstrates a gray-box modelling approach
to automate data collections and predict parameters of interest in 3D
food printing, which can control 3D printers with adaptivity to different
materials and ensure robust and reliable operations.
2. Materials and methods
2.1. Printing materials
Concentrated sodium caseinate dispersion (48%, w/w) was kindly
supplied by FrieslandCampina (Wageningen, the Netherlands) and was
kept at − 20 ◦ C prior to the experiments. The sodium caseinate
concentrate was thawed overnight at 4 ◦ C, tempered to 80 ◦ C for 10 min
in a water bath, diluted with deionized water to a final concentration of
34%, and used as the low shear-thinning (LST) printing material for the
printing experiment. Commercial food products with complex compo
sitions were purchased from a local supermarket (Albert Heijn, the
Netherlands) for printing experiments (Appendix A). Specifically, two
brands of processed cheese slices (Cheddar, ERU, the Netherlands;
Cheddar, Country Cow, the Netherlands) and 2 brands of cheese spreads
(Goudkuipje Naturel, ERU, the Netherlands; Crème de Brie, Président,
Lactalis, France) were used as medium shear-thinning (MST) printing
materials. One chocolate spread (Speculoos Original, Lotus, the
Netherlands) and one coconut butter spread (Creamy Original, Voilife,
Greece) were used as high shear-thinning (HST) printing materials. All
printing materials were stored at 4 ◦ C and tempered at 18 ◦ C before the
subsequent experiments.
2.2. Shear viscosity measurement
Shear viscosity tests were performed using a rheometer equipped
with a heating cap (Anton Paar Physica MCR502, Anton Paar GmbH,
Graz, Austria). A 20-mm cone and plate geometry with a 2◦ angle was
used. The printing materials were loaded on a preheated plate at
different measuring temperatures between 27 and 50 ◦ C. The specific
measuring temperatures for shear viscosity match with the printing
temperatures listed in Table 1. The top cone was brought down to leave a
Table 1
An overview of printing parameter range used to assess line
extrudability.

2

Parameters

Range

Printing Pressure (×105 Pa)
Nozzle Speed (mm ⋅ s− 1)
Nozzle Size (mm)
Temperature (◦ C)
Nozzle Height (mm)
Printing Length (mm)

[0.38–4.74]
[5–45]
1
[27, 40, 45, 50]
1
50
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0.085-mm gap, excessive material was carefully removed, and the rim of
the sample was coated with high viscosity paraffin oil to prevent water
evaporation during measurement. The shear rate was increased from 0.1
to 100 s− 1 logarithmically in 250 s, and the corresponding viscosity was
recorded at a fixed temperature between 27 and 50 ◦ C. The power law
eq. (1) that describes the behavior of non-Newtonian fluids was fitted to
the measured shear viscosity data.

μ = K γ̇n−

1

extrusion nozzle’s origin. We carried out a total of 131 unique combi
nations of materials and printing parameters in duplicates by varying
printing temperatures, printing pressures, and nozzle speeds. The nozzle
size and height (i.e. distance between the nozzle tip and the printing
platform) were kept constant for all lines at 1 mm. Detailed printing
parameter ranges are shown in Table 1.
2.4. Extrudability assessment

(1)

2.4.1. Camera set up and image collection
A top-view camera (A6000, SONY, Japan) equipped with a macro
lens (focal length = 35 mm, SEL1760Z, SONY, Japan) was mounted 40
cm above the dispensing platform. A black Teflon sheet was placed as
the background to maximize contrast. A white tape with known width
(24 mm) was used as a scaling object, and pictures (2000 × 3000 pixels)
were taken within 10 s after the line extrusion (Fig. 1A).

where μ is the viscosity (Pa⋅s), K is the flow consistency coefficient
(Pa⋅sn), n represents the flow index (− ), and γ̇ is the shear rate (s− 1). For
values n < 1, the fluid is considered shear-thinning.
2.3. 3D printing experiment
Extrusion-based 3D printing was carried out using an in-house
developed printer which was modified from an air-pressured
dispensing system (DR-2203, Nordson EFD, USA) (Schutyser, Houlder,
de Wit, Buijsse, & Alting, 2018). The printing materials were carefully
loaded into a printing syringe, and the syringe was closed off with a
pressure cap and tempered at printing temperatures between 27 and
50 ◦ C for 10 min prior to printing in a temperature-controlled syringe
holder with an electric heating element.

2.4.2. Image analysis preprocessing
The raw images of line extrusion were first smoothed by the Gaussian
blur algorithm for denoising purposes. The smoothed images were set to
gray scale using the Luma formula: 0.299R + 0.587G + 0.114B (Fahmy
et al., 2020). We then marked the pixel positions of the extruded line as
the area of interest and performed the Canny Edge Detection algorithm
to extract the boundary of the extruded line as a binary image (Canny,
1986) (Fig. 1B).

2.3.1. Flow rate measurement
The printing system performed a point extrusion for 10 s at various
pressures and printing temperatures between 27 and 50 ◦ C. The
dispensed materials were weighed and converted to volume to deter
mine the volumetric flow rates. At least 5 different pressures were used
to dispense the printing materials in triplets. From preliminary data
analysis, we found that a power-law equation best fitted the measured
averaged volumetric flow rates and printing pressures, with the highest
coefficient of determination (R2). Therefore, eq. 2 was used to determine
the flow rate exponent (b) and flow rate coefficient (m).
Q = mΔPb

2.4.3. Line length, width, and height measurement
The line length was measured as the maximal length on the longi
tudinal axis of the extruded line. The line width was calculated as the
maximal length on the transversal axis and was expressed as a distri
bution of width measured on a per-pixel basis along the longitudinal
axis. The mode of the width distribution was used as the stable width of
the extruded line. The width consistency index was calculated as a
proportion of the width distribution measured within ±5% of the mode
line width (Fig. 1C). The line height cannot be directly measured from
the top-view camera setup, and therefore it was estimated by approxi
mating the cross-sectional area of the extruded line as flattened tube
consisting of a rectangle with 2 semi-circular edges (eq. 3 and Fig. 1D)
(Greeff & Schilling, 2017):
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
4w2 − 16A + 4πA − 2w
Q × L0
H=
;A =
(3)
π− 4
L×v

(2)

where Q is the volumetric flow rate (mm3 ⋅ s− 1), m is the flow rate co
efficient (×105 mm3 ⋅ s− 1 ⋅ Pa− 1), ΔP is the printing pressure (×105 Pa),
and b is a dimensionless flow rate exponent (− ).
2.3.2. Line extrusion
The printing platform was controlled by the Visual PathBuilder
software (V3.9.7.0, Ratioserv Software Engineering GmbH, Austria) to
print 50-mm lines to assess the consistency in line extrusion. All lines
were extruded at the same position on the platform relative to the

H is the line height (mm), w is the measured mode line width (mm), A is
the calculated cross-sectional area. Q is the volumetric flow rate (mm3 ⋅
s− 1), L0 is the target line length of 50 mm, L is the measured line length
(mm), and v is the printing speed (mm ⋅ s− 1). The image analysis

Fig. 1. A: Original image obtained from the top-view camera. B: Extruded line boundary extracted from the Canny edge detection algorithm. C: Length, mode width,
width consistency, and width distribution measured from the extruded line. The gray box represents the ±5% variation of the mode width. D: Schematic repre
sentation of cross-sectional area of line filament (modified from Greeff & Schilling, 2017).
3

Y. Ma et al.

Innovative Food Science and Emerging Technologies 73 (2021) 102764

extrudability in 3D food printing.
The cross-validated regression and classification models were then
validated using testing samples from the extrudability dataset. The
testing RMSE and prediction accuracy were calculated and served as the
final evaluation of the predictive models. Additionally, for regression
models, the ratio of prediction to deviation (RPD) was calculated by
dividing the RMSE by the standard deviation of the dataset to estimate
the predictability level. A RPD value above 2 represents a moderate
model predictability and above 3.5 represents a good model predict
ability (Williams, 2001). For classification models, the kappa reliability
value was calculated to compare the model accuracy to random chance.
A kappa value between 0.6 and 0.79 implies a moderate level of
agreement and above 0.8 implies a good level of agreement. (McHugh,
2012).

workflow is outlined in Fig. 1 to highlight raw picture acquisition,
preprocessed picture and quantitative measurements.
2.5. Predictive modelling of extrudability
2.5.1. Categorical evaluation of extrudability
Using continuous assessment of the extrudability from image anal
ysis, we categorized the acceptability of the extrusion based on thresh
olds referenced from a common 3D printing “Slic3r” software’s manual
(Hodgson, Ranellucci, & Moe, 2021). The binary classification can
simplify the decision-making for assessing the acceptability of line ex
trusions. The classification models can be further trained to directly
predict the extrudability with simple outputs for material screening
purposes. Based on the measured line length, mode width, line height,
and width consistency, we created binary labels to categorize acceptable
and unacceptable line filaments based on each measurement. A mode
width less than 1.7 times of the nozzle size was considered as an
acceptable extrusion width. Acceptable extrusion height was calculated
based on a similar approach. A threshold of between 0.6 and 0.8 times
the nozzle size was set to determine acceptable and unacceptable
extrusion heights. For width consistency, we set the consistent width to
be >80%, with the inconsistent widths being <80%. Table 2 provides an
overview of classification criteria and the number of data points per
class. The binary labels were subsequently used to train and test clas
sification models to predict extrudability.

2.6. Software packages and data availability
Image analysis and predictive modelling were achieved using an inhouse program developed in the R programming language with the
Tidyverse, imager, caret, and ranger packages (Barthelmé &
Tschumperlé, 2019; Kuhn, 2008; Wickham et al., 2019; Wright & Zie
gler, 2015). The extrudability dataset and the R codes in this study are
available at https://git.wur.nl/yizhou.ma/food-extrudability-assess
ment-and-prediction.
3. Results & discussion

2.5.2. Model training and testing
The extrudability dataset was randomly divided to assign 70% of the
data for model training and 30% for model testing. Regression models
were trained using the flow index (n), consistency coefficient (K), flow
rate exponent (b), flow rate coefficient (m), printing pressure, and
nozzle speed as inputs to predict the mode width, line height, and width
consistency. During our preliminary modelling attempts, random forest
was the most accurate prediction algorithm compared to other regres
sion models. The random forest algorithm operates as an ensemble of
decision trees (Breiman, 2001). A subset of input variables is selected for
developing a decision tree to estimate the output value. This process is
repeated multiple times, and the final prediction output is determined
by the mode of the output distribution. In our study, the predictive
models were 10-fold cross-validated, and optimal hyperparameters of
the random forest algorithm (minimal note size, number of variables for
splitting, and splitting rules) were determined based on the smallest root
mean square error (RMSE).
Classification models were trained using the same inputs to predict
acceptable and unacceptable extrusion based on mode width, line
height, and width consistency (Table 2). The random forest models were
cross-validated to select the optimal hyperparameters based on the
highest classification accuracy. The variable importance was calculated
for the optimized models based on the improvement of out-of-bag ac
curacy (OOB-accuracy) for each variable (Breiman, 2001). The variable
importance can identify key factors that determines the line

3.1. Shear viscosity of printing materials
Shear thinning has been suggested as a desirable property for smooth
extrusion in 3D food printing as it reduces the pressure needed for
printing while stabilizing the geometry after extrusion (Liu et al., 2019).
The shear viscosities of the printing materials measured at printing
temperatures were fitted to the power-law viscosity model (eq.1) to
derive the flow index (n) and consistency coefficient (K). All fits had
coefficients of determination (R2) greater than 0.98, indicating strong
agreement between data and model. All printing materials used in this
study were shear thinning (n < 1, Table 3). Based on food formulations
and measuring temperatures, we obtained food materials that exhibit
low (n > 0.8), medium (0.2 < n < 0.8), and strong (n < 0.2) shear
thinning. In Table 3, the n and K values of processed cheese (MST-3 and
4) and sodium caseinate dispersion (LST-1) depended both on the tem
perature, which agrees with previous rheological studies of processed
cheese and sodium caseinate (Lee, Anema, & Klostermeyer, 2004;
Zhang, Versteege, Alting, & Schutyser, 2020). Due to the temperature
dependency of the shear viscosity, the printing temperature can be
adapted to modify the shear thinning of printing materials for optimal
food extrudability. Schutyser et al. (2018) suggested that increasing
printing temperature results in softening of a sodium caseinate disper
sion and in a reduction of its viscosity. After extrusion, the sodium
caseinate cools to room temperature with a concomitant steep increase

Table 2
Line filament extrudability parameters classification, number of samples per class, and classification thresholds.
Measurement

Acceptable (0)

Unacceptable (1)

Mode Width (W)

67

64

Line Height (H)

53

78

Width Consistency (WC)

98

33

Classification Thresholds
⎧
W
⎪
⎪
< 1.7
⎨ 0 if
D
CW =
⎪
W
⎪
⎩ 1 if
> 1.7
D
⎧
H
⎪
⎪
0 if 0.6 < < 0.8
⎨
D
CH =
⎪
⎪
⎩ 1 if H < 0.6 or H > 0.8
{
D
D
0 if WC > 80%
CWC =
1 if WC < 80%

Where C is the binary class, H is the line height, and D represents the nozzle size. For classifications, 0 represents acceptable extrusion and 1 represents unacceptable
extrusion.
4
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Table 3
Consistency coefficients (K), the flow indices (n), flow rate exponents (b), and
flow rate coefficients (m) of high-shear-thinning (HST), mid-shear-thinning
(MST), and low-shear-thinning (LST) printing materials (Power law fits: R2 >
0.98).
Material

HST-1
HST-2
MST-1
MST-2
MST-3
MST-3
MST-4
MST-4
LST-1
LST-1

Temperature
(◦ C)

27
27
27
27
50
45
45
40
50
45

Viscosity
power-law
Equation

Flow rate power-law Equation

n

K
(Pa⋅s)

b

m (×105 mm3 ⋅ s−
Pa− 1)

0.16
0.18
0.44
0.46
0.51
0.53
0.54
0.56
0.87
0.95

232
158
99.2
92.0
421
258
580
383
402
929

5.8
4.1
2.6
2.7
2.2
2.3
2.1
2.4
1.3
1.1

133
313
70.4
114
8.56
8.63
4.10
4.36
2.65
1.05

1

⋅

of viscosity to achieve a self-supporting printed structure. We also
observed that differences in the compositions of the commercial food
products lead to differences in shear thinning (Table 3). Since we used
commercial food products in this study, the detailed formulations and
manufacturing steps are unknown to us. However, the rheological
properties of these semi-solid commercial food products are probably
dominated by a limited number of functional ingredients and their in
teractions with other ingredients (Kim et al., 2018). As shown in Ap
pendix A, various emulsifiers, melting salts, and gums are present in the
printing materials, and these ingredients impact shear thinning of semisolid food systems. Therefore, variations in product composition and
temperature are probably reflected in the large range of shear thinning
behavior in Table 3. Because this study focuses on modelling food
extrudability based on shear-thinning behaviors, we used the n and K
values as rheological variables in the subsequent predictive modelling
steps.

Fig. 2. Flow index (n) vs. flow rate exponent (b) of high-shear-thinning (HST),
mid-shear-thinning (MST), and low-shear-thinning (LST) printing materials.
The error bars represent standard deviations from duplicate measurements. The
dashed line represents the least-square fit of between the flow index and flow
rate exponent (R2 = 0.96). The dotted line represents the n = 1/b reference line.

dln(Q) 1
=
dln(τ) n

τ=

RΔP
2L

(4)
(5)

The inverse relation shown in Fig. 2 can be used to find the value for
b. The Rabinowitsch-Mooney equation provides theoretical support that
the b values obtained from this study can be used as a rheological feature
to describe the shear thinning behavior. However, the flow rate coeffi
cient m is determined by both the K and n values of the printing material
and the printing nozzle geometry. Schutyser et al. (2018) applied a
modified Poiseuille equation for power-law fluids to study printing
pressure’s impact on printability of sodium caseinate, and found a
satisfactory model fit for n but not for K because it was influenced by
wall slippage. In this study, we tested the empirically derived b and m
values as potential substitutes for n and K values measured from tradi
tional shear viscosity measured by a rheometer. Because the n and K
values are measured within the printing system, they will include the
wall effects and minimize geometric effects, which are both relevant for
the operation of the printer. These shear-thinning features were further
used for predictive model development to evaluate their predictability
of food extrudability in 3D printing.

3.2. Flow rate measurement
Next to the power-law fits of the rheological measurements, Table 3
also shows the power-law-fits of the flow rate measurements; also with
R2 greater than 0.98, indicating good model fitness. The flow rate ex
ponents (b) of the printing materials are greater than 1, representing an
exponential increase of the flow rate as a result of an in increase in the
pressure difference. The flow rate coefficient (m) is a power-law fitted
estimation of the flow rate (mm3⋅ s− 1) under 1 × 105 Pa of pressure (i.e.
1 bar). The m value varied from 1.05 × 105 to 3.14 × 107 mm3 ⋅ s− 1⋅
Pa− 1 indicating the large range of shear thinning properties of the
printing materials. As shown in Fig. 2, an inverse near-linear relation
ship is observed between the n and b values among high, medium, and
low shear-thinning materials. This inverse relationship between n and b
values indicates that the dependency of the flow rate on the printing
pressure can be used for estimating of both n and b. The process of
pushing materials through the printing nozzle is similar to the mea
surement process of a capillary rheometer described by Steffe (1996). In
a capillary rheometer, a pressure difference is generated in a tube, and
corresponding volumetric flow rate and pressure drop can be used to
characterize various rheological properties of fluids and semi-solids. For
power-law fluids, the shear rate in a capillary rheometer can be deter
mined by the Rabinowitsch-Mooney eq. (4), where Q is the volumetric
flow rate, n is the flow index for power-law fluids, and τ is the shear
stress that can be calculated from the radius (R) and length (L) of the
capillary and the pressure difference (ΔP) applied to the capillary (eq. 5)
(Steffe, 1996).

3.3. Extrudability assessment
We used 131 unique combinations of materials and printing pa
rameters to obtain a large range of line extrudability measurements.
Fig. 3 shows the distributions of occurrence of the mode width, line
height, and width consistency measured by our image analysis tech
nique. The mode width of the printed lines ranged between 0.97 and
3.48 mm. The nozzle size used for printing was kept at 1 mm, and a
mode width larger than that was observed for almost all of the samples
printed in this study. Expansion of the line width after extrusion, or “dieswell”, is commonly reported in other 3D food printing studies, and
generally thought to be caused by elastic (retardation) effects. A 30 to
60% increase of line width in comparison with the nozzle size was found
during printing of starch and gelatin alginate hydrogels (Alruwaili,
5
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Fig. 3. Distributions of mode width (A), line height (B), and width consistency (C) obtained from the extrudability assessment (n = 131). The gray bars represent the
histogram, the dotted lines represent means, and the solid curves represent smoothed probability distributions of mode width, line height, and width consistency,
respectively.

Lopez, McCarthy, Reynaud, & Rodriguez, 2019; Chen, Mu, et al., 2019).
This expansion of the line width is also common in thermoplastic
printing. An increase of printing pressure and flow rate have been
associated to the die-swell phenomenon due to the retardation of poly
mer chains that became elongated during extrusion (Le-Bail, Maniglia, &
Le-Bail, 2020). According to the common 3D printing slicer software
(Slic3r), up to 70% of line width expansion is considered acceptable
when generating printing path from digital designs (Hodgson et al.,
2021). When 3D printing the first layer, excessive pressure may be used
to achieve an up to 200% wider line width to ensure adequate bonding
of the material to the printing platform in the Slic3r program. Due to the
rheological differences among food printing materials, a large range of
line width and material properties should be considered when building a
predictive model. The large range of line widths used in this study allows
robust model training for the subsequent line width predictions.
Because of the width expansion of the lines, the calculated line height
was generally smaller than the nozzle size (Fig. 3B). The increase of line
width and the decrease of line height were likely attributed to the postextrusion recovery of the printing materials, as proposed by Liu et al.
(2019). After extrusion, food materials can experience a slow recovery of
the viscosity from shear stress and heat, which may lead to further
geometric expansion. While the die swells and viscosity recovery were
not measured for each material, we assumed that all printed materials
experienced geometric expansion, and the predictive models were
trained to fit the final line filament geometry for the estimation of the
extrudability. The recovery process is considered in slic3r programming.
According to the developers, one can expect the line height to be ranged
between 60 and 80% of the nozzle size. In our study, 53 out of the 131
lines were within the acceptable height range (Table 2).
Furthermore, Fig. 3C showed a left-skewed distribution of the width
consistency, indicating that most of the lines were extruded consistently.
The width consistency represents the length fraction of the printed line
with ±5% width variation from the mode width. Extreme cases of
inconsistent line printing can result in broken lines and rough surfaces
(Liu et al., 2019). Fahmy et al. (2020) quantified oozing effects and
initial extrusion delay, which both can lead to inconsistent line extru
sion. Inconsistent line width is generally undesirable for printing
because it may lead to poor retention of the shape when layering 3D
structures (Paxton et al., 2017). Most of the existing studies conducted
qualitative assessment of the width consistency, and no commonlyaccepted qualitative method is available. Therefore, we could only
establish an arbitrary threshold (80%) to classify acceptable and unac
ceptable categories for building classification models (Table 2). Further
studies need to quantitatively evaluate the impact of the width consis
tency on 3D printability to select a consistency threshold for more
generalizable and even better actionable predictions. Consistency data
obtained from our study can be easily retrained based on any new
thresholds established later.

3.4. Extrudability influenced by printing parameters
Prior to building multivariate predictive models, we separately
examined the univariate relation of the printing pressure and nozzle
speed with the extrudability. Fig. 4A shows the mode width change as an
exponential function of the printing pressure for high, medium, and low
shear-thinning materials extruded under constant nozzle speed over the
platform. The material with high shear thinning showed the strongest
exponential increase of the mode width, which is consistent with the n
and b relationship discussed in Section 3.2. Under constant nozzle speed,
printing materials that exhibit stronger shear thinning generally
required a smaller printing pressure, while a slight change in printing
pressure led to large mode width differences and inaccurate printing (i.e.
over-extrusion). Therefore, accurately extruding materials that exhibit
strong shear thinning, requires more precise control over the printing
pressure.
Moreover, Fig. 4B shows the effects of the nozzle speed on the mode
width under constant printing pressure. An inverse natural log fit was
observed between the nozzle speed and the mode width, which is
consistent with a previous study from He et al. (2016). Lower nozzle
speeds lead to a rapid increase of the mode width because too much
material gets extruded at each line position. In contrast, an increase of
nozzle speed led to a stretch of the line and thus reduced the line width.
He et al. (2016) suggested that a relatively consistent line width can be
printed within a range of nozzle speeds (i.e. within the stability zone).
Exceeding the upper range of the zone may lead to width inconsistency
and broken lines, whereas printing below the lower range of the stability
zone may result in swift and uncontrolled increase of the line width. The
univariate impacts of the printing pressure and the nozzle speed may
provide helpful insights to fine-tune the printing parameters after
reaching the general range of printing settings and material properties,
using a multivariate model.
3.5. Prediction of extrudability
3.5.1. Regression predictions
The multivariate predictive models were built with the printing
variables and 3 sets of rheological variables: (1) n and K only, (2) b and
m only, and (3) n, k, b, and m combined. For regression models, the best
hyperparameters were selected based on the model training, and the
testing results reflect the final evaluation of the model performance
(Table 4).
For mode width prediction, the model was able to predict the line
width with a range of RMSE between 0.25 and 0.27 mm. The R2 around
0.80 and RPD greater than 2 showed moderate regression predictability
of the mode width. The regression model results for the line height
showed good predictability with the RMSE around 0.070 mm, R2 ranged
from 0.93 to 0.94, and RPD greater than 3.5. The better predictability of
6
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Fig. 4. A: Pressure vs. mode width at constant printing speed (15 mm ⋅ s− 1) and B: printing speed vs. mode width at constant pressure (0.58 × 105 Pa) for high-shearthinning (HST), mid-shear-thinning (MST), and low-shear-thinning (LST) printing materials based on flow index (n) measurements. The dashed lines represent the
least squared exponential (A) and natural logged (B) fits. Note that the mode width data for HST material higher than 4 mm were shown to illustrate the pressure and
mode width relationship but excluded for predictive model development.
Table 4
Training and testing results of random forest regression predictions of mode width, line height, and width consistency of printing materials based on printing pa
rameters and rheological properties.
Parameter
Mode Width (mm)
Line Height (mm)
Width Consistency (%)

1
2
3
4
5

Inputs1

Training

Testing

Printing parameters

Rheological properties

mtry2

RMSE3

R2,4

RMSE

R2

RPD5

P, v

n, K, b, m
b, m
n, K
n, K, b, m
b, m
n, K
n, K, b, m
b, m
n, K

6
4
4
6
4
4
5
3
2

0.26
0.30
0.28
0.086
0.096
0.076
5.3
6.1
5.7

0.81
0.76
0.79
0.93
0.92
0.94
0.71
0.63
0.69

0.27
0.25
0.26
0.074
0.062
0.071
5.4
4.7
5.6

0.83
0.78
0.79
0.93
0.94
0.94
0.73
0.81
0.71

2.3
2.1
2.1
3.7
4.1
3.9
1.9
2.3
1.9

input variables: P: printing pressure, v: nozzle speed, n: flow index, K: consistency coefficient, b: flow rate exponent, m: flow rate coefficient.
mtry = number of variable for splitting;
RMSE = root mean square error;
R2 = coefficient of determination;
RPD = ratio of prediction to deviation.

the line height is likely caused by the line height calculations. The flow
rate and printing pressure were a part of the height calculation, and they
are closely related to the b and m values that are used as model inputs.
Lastly, the testing model results showed a moderate predictability for
the width consistency with a RMSE between 4.7 and 5.4%, R2 ranged
from 0.73 to 0.81, and RPD greater close to 2.
Possible errors of extrudability predictions may come from variation
in the post-extrusion viscosity recovery among printing materials (see
Section 3.3; Liu et al., 2019). Further studies may focus on extracting
meaningful features to characterize die swells and viscosity recovery
from shear stress and heat to better account for this variation. Including
the dynamic post-extrusion recovery stage for each printing material
may provide some improvement to the present extrudability model
performance.
The moderate to high extrudability predictions suggest that models
developed in this study can serve as the initial step to estimate the line
extrudability of complex food formulations based on a rapid determi
nation of the shear thinning behavior. For all three predictions, we
observe minor predictability differences between including and
excluding the n and K values as model inputs. The predictabilities were

similar between using b and m or n and K as rheological variables in
models. The prediction results based on b and m as rheological inputs
are visualized in Fig. 5. Therefore, the prediction results further confirm
that using b and m values derived from flow rate measurements can
sufficiently characterize material’s shear-thinning behaviors for
extrudability predictions. Our results imply that a simple printer test
with a new printing material may provide printing parameter adapta
tions to ensure proper extrudability.
3.5.2. Classification predictions and variable importance
To directly estimate the acceptability of line extrusion, we further
simplified the prediction outputs by using the classification models to
predict acceptable and unacceptable line filaments. Table 5 shows the
classification results for acceptable line extrudability. We calculated the
classification accuracy and kappa value to evaluate the final prediction
results. According to McHugh (2012), the kappa value compares the
prediction accuracy to the accuracy from random chance, and a kappa
value between 0.6 and 0.79 shows a moderate level of agreement. For
the classification models developed in this study, the prediction accu
racy ranged from 76.9 to 92.1% and the kappa value ranged from 0.54 to
7
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Fig. 5. Predicted vs. measured mode width (A), line height (B), and width consistency (C) of the testing sets using printing pressure, nozzle speed, flow rate exponent
(b), and flow rate coefficient as inputs. The dashed line represents the least-square linear fit between predicted and measured values.
Table 5
Training and testing of random forest classification predictions of mode width, line height, and width consistency of printing materials based on printing parameters
and rheological properties.
Parameters
Mode Width (mm)
Line Height (mm)
Width Consistency (%)

1
2

Inputs1

Training

Testing

Printing parameters

Rheological properties

mtry2

Accuracy

Kappa

Accuracy

Kappa

P, v

n, K, b, m
b, m
n, K
n, K, b, m
b, m
n, K
n, K, b, m
b, m
n, K

3
4
3
6
4
4
2
3
3

84.2%
78.5%
88.6%
82.9%
80.6%
85.3%
91.5%
92.9%
90.2%

0.65
0.54
0.77
0.54
0.46
0.67
0.74
0.79
0.70

84.6%
87.2%
76.9%
81.6%
84.6%
82.1%
89.5%
89.5%
92.1%

0.69
0.69
0.54
0.54
0.62
0.63
0.71
0.66
0.75

input variables: P: printing pressure, v: nozzle speed, n: flow index, K: consistency coefficient, b: flow rate exponent, m: flow rate coefficient.
mtry = number of variable for splitting.

0.75, indicating indeed moderate classification reliability of the models.
The simple prediction outputs (acceptable vs unacceptable) can provide
quick screening of food printing materials for 3D printing purposes,
again using the printer itself instead of a professional rheometer.
The accuracy improvement was calculated and shown in Fig. 6 to

examine the importance of the variables for the classification pre
dictions. Similar variable importance was observed from the regression
analysis (data not shown). Printing pressure and nozzle speed show
similar importance to mode width, line height, and width consistency
predictions. The highly variable importance of the printing pressure and

Fig. 6. Out-of-bag classification accuracy improvement (variable importance) of mode width, line height, and width consistency predictions from models based on
printing pressure, nozzle speed, flow index (n), consistency coefficient (K), flow rate exponent (b), and flow rate coefficient (m).
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rate exponent (b) and coefficient (m) can be derived from a power-law
equation that described the relation between volumetric flow rate and
printing pressure. The b and m values can be used to characterize the
shear-thinning behavior of complex food materials. Using as input var
iables b, m, printing pressure and speed, we successfully predicted the
extrudability of complex food systems with moderate to high accuracy.
The “gray-box”, data-driven framework presented in this study can
be extended to assess 3D structures of printed food materials and predict
the success of 3D printing by including indicators of rheological prop
erties (e.g. zero-shear viscosity and yield stress) and printing parame
ters. The current printing experimental dataset can be further expanded
to include the material relaxation dynamics after the extrusion. With
larger sample size and meaningful features, robust predictive models of
extrudability can help limit trial-and-error procedures when developing
new food formulations for printing and optimizing printing parameters
for new food materials. In addition, it can be used for in-service adap
tation of the printer parameters to the properties of a new printing
material.
Other aspects of printability such as adhesion and fusion of materials,
shape fidelity and retention over time should also be considered when
formulating food materials for 3D printing. Further studies may need to
develop standardized methods to characterize printability and fidelity of
3D printed foods and include these aspects as prediction targets to ho
listically ensure successful printing and expand practical utility of 3D
food printing.
Supplementary data to this article can be found online at https://doi.
org/10.1016/j.ifset.2021.102764.

nozzle speed was also reflected in the univariate evaluation in Section
3.4. When including n and K as predictors, the variable importance of b
and m were slightly less than for n and K. When excluding n and K in the
model, b and m became more important. Based on Table 5, including n
and K values as predictors had negligible impact on model performance.
This is likely caused by the strong correlation between n and b (Fig. 2),
and the complex relationship between K and m (Section 3.2). The overall
accuracy improvement was diluted when including the correlated var
iables. The variable importance calculations confirmed results from
previous studies that shear-thinning properties, printing pressure, and
nozzle speed can determine extrudability and filament formation of 3D
food printing.
3.5.3. Extrudability prediction discussions
This study showcases a predictive workflow to predict the extrud
ability of food materials prior to printing 3D structures, using mea
surements that can be generated by the 3D printer itself. Printergenerated measurements would allow quick and automated printing
parameter adjustments when printing materials with various rheological
properties. The quick adjustments can potentially enhance the ease and
robustness of extrusion-based 3D food printing of complex foods.
This predictive workflow uses rapid and automated data collection to
predict the extrudability based on image analysis. The high-throughput,
scalable, and reproducible data collection method here generated
structured data for the subsequent predictive work. By deriving generic
rheometric parameters from raw viscosity measurements, the gray-box
model can extend its applicability to materials that have similar rheo
logical characteristics rather than with similar compositions. The
developed model in this study can be reproduced by others using the
publicly available data and open-source codes (Section 2.6). Future
applications can also include more extrudability data of other food
materials to further enhance the model’s predictability using the exist
ing framework.
The complex relationship among rheological properties, printing
parameters, and extrudability was modelled by the random forest al
gorithm with moderate to high predictability. Following this workflow,
future research can develop similar data-driven applications in 3D food
printing and other food processing fields to optimize unit operations and
improve production efficiency, reliability and robustness towards
changes in material quality.
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Appendix A
Ingredient lists and purchase dates of commercial food product used in this study.

Product

Purchase
Date

Ingredients

Coded
Names

Violife Creamy
original
Lotus Speculoos
Original

October 2020

Water, coconut oil (23%), starch, sea salt, acidity regulator: glucono-delta-lactone, flavors, olive extract, vitamin b12.

HST-1

December
2020

HST-2

ERU Goudkuipje
Président Crème de
Brie

October 2020
December
2020
October 2020

Original speculoos 58% (wheat flour, sugar, vegetable oils (sustainable and certified palm oil, rapeseed oil), candy syrup,
raising agent (sodium hydrogen carbonate), soy flour, salt, cinnamon), rapeseed oil, sugar, emulsifier (soy lecithin), food
acid (citric acid).
Cheese (milk), water, butter (milk), milk proteins, whey powder (milk), melting salts (e452, e339, e451), salt.
Brie president (55%) (milk), reconstituted skimmed milk, butter (milk), milk proteins, melting salts (e339, e452),
preservatives: potassium sorbate, thickeners: xanthan gum, carob flour.

MST-1
MST-2
MST-3

(continued on next page)
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(continued )
Product
Country Cow Cheese
Slices
ERU Slices Cheddar

Purchase
Date

December
2020

Ingredients

Coded
Names

Cheese (48%) (of which 50% cheddar), skimmed milk, butter, skimmed milk powder, melting salts (e452, e339), salt, citric
acid e330, coloring (paprika extract e160c).
55% cheese (of which 50% cheddar), water, milk proteins, whey powder, butter, melting salts (e452), salt, coloring (paprika
extract).
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