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Chapter 1

Introduction and thesis outline



Chapter 1

1.1 Plant-based meat analogues

The greenhouse gas emissions and water usage associated with food production can be
reduced by moving to a more plant-based diet (Kim et al., 2020). Plant-based meat analogues
are often suggested as a means to facilitate the shift to a more plant-based diet (Onwezen et
al., 2021). Michel et al. (2021) found that both omnivores and flexitarians prefer plant-based
foods that resemble meat. They therefore recommended to focus on the development and
production of meat analogues with highest possible similarity in taste and texture compared
to animal meat. However, the current meat analogues on the market do not fulfil these
consumer expectations fully and often lack the typical fibrous texture of meat (Sha & Xiong,

2020).

There are several methods to produce meat analogues, which were summarized by Dekkers,
Boom, et al. (2018). These methods include, but are not limited to extrusion, shear cell
structuring, mixing of proteins and carbohydrates, and the use of mycoproteins or cell
culturing. More recently, 3D food printing for meat analogues was developed
(Ramachandraiah, 2021). On an industrial scale extrusion is still the most applied process
(Dekkers, Boom, et al., 2018). During extrusion dense starch-rich or protein-rich materials
are pushed forward by a combination of mechanical treatment and pressure, while heated
(Maurya & Said, 2014). Depending on the moisture content in the product formulation meat
analogue extrusion can be divided into two categories: low-moisture extrusion (LME) (<40%
moisture) and high-moisture extrusion (HME) (>40% moisture). The meat analogue products
produced through LME are often referred to as texturized vegetable protein (TVP). These
TVPs have a porous spongy structure and must be hydrated before they are used as meat
analogue (Riaz, 2011; Samard et al., 2019). HME products have a structure that resembles
the structure of whole muscle products more, which is the main advantage of using HME
instead of LME (Samard et al., 2019). This thesis therefore focuses on the use of HME for

meat analogue production.

1.2 Challenges in understanding extrusion process for meat
analogue production

Even though HME of meat analogues has been studied intensively since the 1990s there is

no full consensus about the mechanism for fibrous structure formation. Recently, van der

Sman & van der Goot (2023), Cornet et al. (2022) and Schmid et al. (2022) gave overviews
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of the different hypotheses that explain the formation of fibrous structure formation during

HME.

The extrusion process consists of three main processing operations: (1) mixing and hydrating,
(2) thermomechanical treatment, and (3) cooling (Cornet et al., 2022). Mixing and hydrating
and thermomechanical treatment take place in the screw section of the extruder by heating of
the barrel and rotation of one or two screws. For LME both a single and a twin-screw can be
used, whereas for HME a twin-screw extruder is more commonly applied (Noguchi, 1989).
After leaving the screw section, the material enters the die and is cooled to create the final
product structure (Emin & Schuchmann, 2017). During LME a porous structure is formed
because of moisture evaporation when the material exits the die. For HME a long cooling die
is used to prevent or limit product expansion. Furthermore, the cooling of the material
increases its viscosity and therefore allows pressure build-up in the extrusion barrel
(Noguchi, 1989). The long cooling die is often thought to be responsible for the formation of
a layered structure during HME (Cheftel et al., 1992; Sandoval Murillo et al., 2019;
Tolstoguzov, 1993). However, recently several authors found that the formation of an
anisotropic structure already occurs at the transition from the extrusion barrel to the cooling
die (Garina et al., 2024; Wittek, Ellwanger, et al., 2021). A schematic representation of a

twin-screw extruder with a long cooling die is shown in Fig. 1.1.

Feeder
i / Extrusion barrel
Cooling die

Motor

Fig. 1.1 Schematic representation of a co-rotating twin screw extruder with a long cooling die. Please note
that this figure is not to scale.

Understanding structure formation during HME is challenging due to several reasons. Firstly,
the effects of thermomechanical stresses on the reaction behaviour of proteins have mainly
been studied for dilute protein dispersions (<50%) or at mild temperatures (<100 °C) (Emin
et al., 2017), which can be explained by the limitations of most analytical techniques to
handle the dense protein dispersions relevant for HME. Besides, the extruder does not allow

for in-line measurements other than pressure and temperature. For this reason, dead-stop
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experiments are conducted to collect the protein material at different locations along the
extruder barrel and cooling die. However, cooling, which is inevitable when opening the
extruder, can lead to changes in the protein material. Another factor that hinders the
understanding of the structuring process during HME is the fact that processing parameters
are interlinked. The effect of a single process variable can therefore not be studied in isolation
(Schmid et al., 2022). An overview of interactions between the different processing variables

and intermediate processing conditions is shown in Fig. 1.2.

To solve the problem of interlinked process parameters and processing conditions Meuser &
van Lengerich (1984) proposed a system analytical model for the extrusion of starch. This
model describes the target parameters (e.g. swelling power) as a function of structure
parameters (e.g. deformation of starch granules), which are a result of the action of system
parameters (e.g. residence time). The system parameters are determined by the process
parameters (e.g. mass flow). In addition to the effects of system parameters, knowledge of
the reaction kinetics of the physicochemical changes that occur during HME is required to
gain complete insights in the structure formation process (Emin & Schuchmann, 2017).
These physicochemical changes include but are not limited to gluten polymerization,

disulfide bond formation and protein aggregation (Garina et al., 2024; Pietsch et al., 2018).

Chemical
composition

Functional
properties

Non-protein
components

Insolubilization
Denaturation

Solidification
Plastigcation

1: Input: Independent process variables
2: Dependent system parameters

3: Physicochemical reactions

4: Output: Product properties

Fig. 1.2 Overview of the input variables and dependent variables on the fibrous structure formation taken
from Osen & Schweiggert-Weisz (2016) who adapted this figure from Camire (1991).
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1.3 Approach used in this thesis to study the extrusion process

To gain more insight into the effects of thermomechanical treatment on the reactions that
occur during extrusion, such as starch degradation or amylase inactivation, the so-called
“shear cell” was developed at Wageningen University (van den Einde et al., 2004; van der
Veen et al., 2004). This device provides simple shear flow and allows the separation of the
effects of shear force, shear rate, temperature, and time during thermomechanical treatment
of dense dispersions (van den Einde et al., 2004). In subsequent studies it was discovered that
it is possible to create fibrous structures using calcium caseinate (Manski et al., 2007) and
plant-based materials (Grabowska et al., 2014) by means of the shear cell. After these
discoveries the high-temperature shear cell (HTSC) was explored as a novel production
method for plant-based meat analogues (Dekkers et al., 2016; Grabowska et al., 2016;
Schreuders et al., 2019). Recently, the HTSC has mainly been used to study the effect of
ingredient composition on the final product structure (Ma et al., 2024; Snel et al., 2024;
Taghian Dinani et al., 2024).

The processing steps when structuring dense plant-based protein mixtures in the HTSC are
similar as those used during extrusion. These steps are mixing and hydrating,
thermomechanical treatment, and cooling (Cornet et al., 2022). The similarity in processing
steps provides an opportunity to study the effects of the processing parameters during the
HME process separately. So far, this approach has not been applied to structure formation
phenomena during HME of meat analogues yet. In this thesis the HTSC is therefore used to
study the effects of the relevant processing parameters on the final product structure for the

different processing steps during HME.

In addition to the use of the HTSC to study the structure formation mechanism during HME
off-line, it remains relevant to study the processing conditions during the HME process with
in-line methods. For example, it was previously shown that an infrared sensor can be used to
reveal large temperature fluctuations during HME that are not captured by the standard
thermocouples just before the cooling die (Emin et al., 2016). However, such measurements
with an infrared sensor provide only limited insight in what is happening inside the extruder
(Emin, 2022). Therefore, the development of a technique that quantifies the combined effect
of the thermal stresses on the physicochemical changes that take place during HME would
be highly relevant. One technique that is promising for this application is near-infrared (NIR)

spectroscopy. NIR spectroscopy relies on the absorption of the NIR radiation (750-2500 nm)
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of CH, NH and OH and can therefore be used to measure the protein, oil, and water content
of food products (Pasquini, 2018). NIR spectroscopy was previously used to measure the
end-point temperature of meat products using the fact that the NIR spectrum is influenced by
changing protein-water interactions upon heating (Ellekjaer & Isaksson, 1992; Uddin et al.,
2002). Furthermore, NIR spectroscopy has already been applied to classify extruded pea
protein samples according to their processing intensity during extrusion (Ben-Hdech et al.,
1993) and to estimate the thermal load during the heating of fish gels (Elmasry & Nakauchi,
2015). NIR spectroscopy is also used to determine the composition of food products. In case
of meat analogues produced with HME, the quantification of the oil content is of interest,
because the exact oil content can differ from the added amount due to expelling of oil from
the protein matrix (Cheftel et al., 1992; Kendler et al., 2021). This makes exploring NIR

spectroscopy for rapid and accurate analysis of the oil content highly relevant.

1.4 Research aim and thesis outline

The aim of this thesis is to better understand the effects of processing conditions on the
properties of dense plant-based products made through HME. To this end HTSC processing
is applied to disentangle the effects of processing parameters (Chapters 2 & 3) on structuring
during HME. Then, NIR spectroscopy is investigated as rapid and non-destructive technique
to measure the composition of dense plant-based products (Chapters 4 & 5). In Chapter 6
the HTSC and NIR spectroscopy is combined to quantify the thermal process intensity during

extrusion. A schematic overview of the different thesis chapters is shown in Fig. 1.3.

/ Shear cell \ / NIR \

Chapter 4
NIR for composition
simple mixtures

Chapter 2
Shearing during cooling

Chapter 5
NIR for oil content
heated gels

Chapter 3
Mixing and hydrating

N — <

NIR for thermal process
intensity

Chapter 7
General discussion

J

Fig. 1.3 Schematic overview of the outline of this thesis.
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As mentioned in section 1.1 the cooling die is often considered the main structuring region
of the HME process. For this reason, the effect of deformation during cooling is described in
Chapter 2. In this chapter the HTSC is used to systematically vary the shear applied on a
pea protein isolate-wheat gluten mixture during cooling. The properties of these products are
evaluated by visual observations and tensile testing. To evaluate the effect of shear during
cooling, the products sheared during cooling are compared with products sheared during

heating, which is the standard procedure for HTSC processing.

In Chapter 3 the effects of mixing and hydrating time prior to shear cell processing on the
dough and final product properties are described. The properties of the dough are evaluated
by the torque profile during mixing and the rheological properties of the doughs. The
properties of the final shear cell products are evaluated by visual observation and tensile
testing. To explore the interactions between ingredient properties and processing conditions
three commonly used plant-based protein ingredients or mixtures are used: soy protein

concentrate, soy protein isolate-wheat gluten and pea protein isolate-wheat gluten.

Chapters 4, 5 & 6 describe the use of NIR spectroscopy for non-destructive measurement
of the composition and thermal process intensity of meat analogues. In Chapter 4 a simple
model dispersion consisting of pea protein isolate, sunflower oil and water is used to explore
the potential of NIR spectroscopy for the quantification of sunflower oil content and pea
protein isolate content. However, the application of NIR spectroscopy for compositional
analysis of meat analogues is complicated by the effect of heating on the NIR spectra, which
is due to changed interactions between water and protein through heating. The effect of the
heating conditions (temperature and time) on the measurement of oil content in pea protein

isolate gels is therefore described in Chapter 5.

The effect of heating conditions on the NIR spectra was studied further in Chapter 6. In this
chapter the combined effect of mechanical and thermal treatment on the thermal process
intensity during HME of soy protein concentrate is quantified with the use of NIR
spectroscopy. To be able to measure the thermal process intensity with NIR spectroscopy the
HTSC is used to obtain a calibration curve for processing temperature under controlled
conditions. This calibration curve is subsequently applied to extrudates to calculate their so-
called “shear cell equivalent temperature”. The equivalent shear cell temperature is used to
summarize the combined effect of variations in the screw profile (with or without kneading

elements), screw speed and barrel temperatures on the total thermal process intensity.
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Furthermore, the equivalent shear cell temperature is used to describe the effect of the used

processing parameters on the degree of texturization of the extrudates.

The thesis ends with a discussion of the new insights resulting from the work presented in
this thesis and an outlook to possible future research directions resulting from these insights

in Chapter 7.
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Chapter 2

On the importance of cooling in structuring

processes for meat analogues

This chapter has been published as Kéllmann, N., Schreuders, F. K. G., Zhang, L., & van
der Goot, A. J. (2023). On the importance of cooling in structuring processes for meat

analogues. Journal of Food Engineering, 350, 111490.
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2.1  Abstract

High moisture extrusion (HME) is a common method to produce meat analogues. This
process requires cooling of the product in the die and is associated with a high mechanical
energy input. Here, we use high-temperature shear cell (HTSC) technology to better
understand the importance of cooling while shearing for the formation of fibrous products
upon thermomechanical processing. The maximal rotational speed for fibrous structure
formation from a pea protein isolate-wheat gluten (PPI-WG) blend was found to be the same
(<30 rpm) when shearing during heating or cooling. However, shearing during cooling was
not beneficial for making visually fibrous products in the HTSC and it weakened the
products, while simultaneously inducing mechanical anisotropy. Additionally, we found that
the mechanical energy necessary to produce these fibrous structures is only a fraction of the
mechanical energy input currently used for HME. We therefore conclude that the HME

process for production of meat analogues could still be improved.
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2.2 Introduction

The development of plant-based meat analogues with a fibrous structure could stimulate the
transition towards a more plant-based diet among consumers (Michel et al., 2021). High
moisture extrusion (HME) and high-temperature shear cell (HTSC) technology rely on
thermomechanical processing to create fibrous products from plant-based ingredients. Both
processing techniques have similarities in their basic three unit operations, which are
mixing/hydration, thermomechanical treatment and cooling (Cornet et al., 2022).
Unfortunately, even today, the structure formation process in HME is still poorly understood
because parameters such as the shear rate, temperature and pressure in the extruder are highly
correlated and their effects on food materials’ behaviours are difficult to disentangle. In the
HTSC though, these parameters can be controlled separately (van den Einde et al., 2004).
Therefore, HTSC was developed as a useful tool to study the effects of processing parameters
on the quality of products, to better understand the effects of thermomechanical treatment on

materials.

The mechanism of fibrous structure formation during HME and HTSC processing has been
explained with several hypotheses and is thought to have a similar basis. Most of these
hypotheses consider the presence of two different phases in the heated protein-rich material
as a prerequisite for structure formation. However, researchers hold different opinions on the
nature and origin of the formation of two phases and why such multi-phase material is needed
(Cornet et al., 2022). In case of extrusion, fibrous structure formation is thought to mostly
occur during cooling when materials pass through a long die and are subjected to shear flow
(Cheftel et al., 1992; Sandoval Murillo et al., 2019; Tolstoguzov, 1993). For structuring in
the HTSC it is often assumed that the fibrous structure formation is a result of deformation
of the dispersion of biopolymers upon shearing (Dekkers, Boom, et al., 2018). For the pea
protein isolate (PPI)-wheat gluten (WGQ) blend used in the current work, Cornet et al. (2021)
hypothesized PPI acted as the dispersed phase while WG acted as the continuous phase.
However, Schreuders et al. (2020) found indications that the PPI-WG blend formed a bi-

continuous phase using the polymer blending law.

As stated above, cooling is thought to be essential to make fibrous products with HME.
Therefore, it is also interesting to explore whether shear treatment during cooling can also
lead to fibrous structure formation in plant-based materials using the HTSC. During cooling,

the material is expected to become more viscous and might even solidify as the temperature

13
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decreases sufficiently. Shear rate or stress applied to material will influence structure
formation in HTSC, which is related to the processing parameter of rotational speed (rpm).
The application of shear during cooling might enhance structure formation through shear-
induced deformation because mechanical forces can be better transferred to the two phases
in the product as the material solidifies. However, the application of too high shear stresses
during cooling will result in structural breakdown. Therefore, shear-induced deformation in
a two-phase system needs to be well in balance with the extent of solidification for optimal

fibrous structure formation during cooling.

This study aims to better understand the importance of cooling during shearing for
thermomechanical processing of plant-based proteins. To investigate the effect of cooling on
structure formation, PPI-WG blends were processed using different shearing time and shear
rate combinations during heating and cooling. Subsequently, the obtained products were
evaluated in terms of fibrous structure formation by visual observation and textural properties

by tensile test analysis.
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2.3 Materials and methods

2.3.1 Materials
Pea protein isolate (PPI) (Nutralys S85F) and vital wheat gluten (WG) (Vitens CWS) were

both purchased from Roquette (Lestrem, France). The manufacturer's specifications
indicated the PPI contained, 83-88% protein, 1 wt.% dietary fibre, 9 wt.% lipids, 5 wt.% ash;
and WG contained 10 wt.% starch, 0.5 wt.% cellulose fibre, 3 wt.% lipids and 1 wt.% ash.
PPI and WG had an average dry matter content of 93.8 wt.% and 92.8 wt.%, respectively.
Sodium chloride was obtained from Sigma-Aldrich (Zwijndrecht, Netherlands).

2.3.2 Preparation of proteinaceous materials

A protein blend of PPI-WG at mass ratio 1:1 was prepared with a final dry matter content of
40 wt.%. The sample preparation procedure has been previously described by Grabowska et
al. (2014) and Schreuders et al. (2019). First, 1 wt.% sodium chloride was dissolved in
distilled water to prepare a saline solution. Then, PPI was added to this solution, followed by
mixing this dispersion by hand using a spatula until a homogeneous paste was obtained. The
protein material was then hydrated at room temperature for 30 min. Finally, WG was mixed

into the hydrated PPI dispersion with a spatula immediately before use.

2.3.3 High-temperature shear cell

The PPI-WG blends were treated in a high-temperature shear cell (HTSC) (Wageningen
University, Netherlands) that was developed in house (Grabowska et al., 2016). For all
treatment conditions, the blends were heated at 120 °C for 15 min in the pre-heated HTSC
and were sheared at 5-100 rpm (corresponding to shear rates of 6.5-130 s!). This shearing
was performed at various shear rates i) for 15 min during heating, ii) from the 8" minute
onwards during heating and iii) for 8§ min during cooling. After the shear treatment the
products were cooled until they reached a temperature of around 30 °C, using an external oil
bath of which the temperature was set to 25 °C. An overview of the experimental design can

be seen in Fig. 2.1.
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123 456 7 8 9 1011 12 13 14 15 Time (min)
Heating
15 min | 5-100 rpm >
Heating F30°C
8 min | 5-100 rpm >
c°°.| 8 | 5-100 rpm >
8 min

Fig. 2.1 Experimental design of the current study: the heating and cooling periods were indicated by yellow
and blue colour, respectively, and the material was sheared in a range from 5 to 100 rpm.

The average temperature of the protein blend during shearing was measured at the upper non-
rotating cone of the HTSC and was 110-115 °C when shearing during heating (Fig. S.2.1A
and B). The temperature depended on the shear rate used. A higher shear rate led to a higher
temperature, probably due to increased viscous dissipation. The average temperature during

the shear treatment when shearing during cooling was 80-90 °C (Fig. S.2.1 C).

All products were left at room temperature in a closed plastic bag for at least one hour before

further measurements were performed. All products were prepared in triplicate.

The torque measured during the HTSC treatment by the Haake Polylab QC drive (Germany)
was used to calculate the specific mechanical energy (SME in J/kg) of the process (Eq. 3.2.1).

tr
SME = J.L,w-M(t).dt Eq 2.1
m
In which # is the final time, =0 is the start time, w is the rotor speed (s!), M is the torque
(Nm) and m is the mass of the material loaded in the HTSC (kg) (=0.1 kg) (Peighambardoust
et al., 2004).

2.3.4 Visual observation of macrostructure

The fibrousness of the products produced in the HTSC was assessed visually by bending the
products parallel to the shear flow direction to obtain a tear at the middle of the product. The
bent pieces were placed onto a metal pin and the fracture surface was photographed using a

digital microscope with 34x magnification (Smartzoom 5, Carl Zeiss, Germany).

2.3.5 Tensile test

Tensile tests were performed with a Texture Analyzer (TA.XTPlusC, TA Instruments, USA)

using a trigger force of 0.001 N. A uniaxial tensile test was performed at room temperature

16
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with a displacement rate of 1 mm/s. Tensile bars were taken from the product with a dog
bone-shaped mould in parallel and perpendicular to the shear flow direction. The measured
tensile strength was normalized based on the dimensions of the tensile bar. The ends of the
tensile bars were placed into the two clamps such that 15.5 mm was the initial length of the
sample. Tensile stress and tensile strain at fracture were calculated from the force and
displacement measured using the equations for the Hencky stress and strain for uniaxial
extension as explained in Macosko (1994) and used by Schreuders et al. (2019). The strain

(¢) and tensile stress (o) were be calculated using the following equations:

e—ln@

== Eq. 22
F
—-_ Eq. 2.3
ot) =~ q
In which:
hg

In which A(?) (m) is the sample length at fracture, 4y (m) is the sample length at the start of
the measurement, F (N) is the force at fracture, 4 (m?) is the cross-section area, 4(m?) is the
cross-section of the sample at the start of the measurement and / and w (m) are the length and
width of the sample cross-section measured before the start of the measurement. The Young’s
modulus (Pa) was calculated at the initial slope of the stress-strain curve until a 1.5 mm

extension was achieved.

For every product, three parallel and three perpendicular specimens were taken. Therefore,

in total nine parallel and nine perpendicular specimens per treatment were measured.

2.3.6 Statistical analysis

All experiments were performed in triplicate unless stated otherwise. Values are represented
as the mean + standard deviation. Tukey’s HSD test was performed to evaluate the statistical
significant differences between samples at a significant level of 95% (P < 0.05) analysed
using SPSS statistics Version 25.0.0.2 (IBM, Armonk, NY). The results of the statistical
analysis can be found in Tables S.2.1, S.2.2 and S.2.3.
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2.4 Results and discussion

24.1 Visual observations

Anisotropy in a product can be defined in two manners: visual fibrousness and mechanical
anisotropy. Visual observations of the HTSC products were used to assess the visual
fibrousness of the HTSC products. HTSC products produced at rotational speeds below 30
rpm were more fibrous than products prepared at higher shear rates (Fig. 2.2). This effect
was visible for all temperature conditions used. However, the fibrous structures formed
during cooling appeared to be more “flaky” and showed less distinguishable fibres compared
to the products sheared during heating. For treatments with rotational speeds above 30 rpm

texturization of the products was still visible, but no clear fibres could be observed.
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Fig. 2.2 Representative digital microscopy pictures with 34x magnification of HTSC product structures
sheared at different shear rates for 15 min during heating, 8 min during heating or 8 min during cooling.

19



Chapter 2

24.2 Tensile test

Tensile tests in the parallel and perpendicular direction to the shear flow were used to
quantify the anisotropy in the textural properties of the different HTSC products. Generally,
HTSC products are stronger in parallel direction than they are in perpendicular direction.
Products sheared during cooling had a lower tensile strain compared to products sheared
during heating, especially in perpendicular direction at rotational speeds below 30 rpm (Fig.
2.3). The tensile strain of these products sheared at a rotational speed below 30 rpm and above
30 rpm during cooling clearly differed (Fig. 2.3C). Above 30 rpm parallel tensile strain of
products sheared during cooling increased when the rotational speeds (Fig. 2.3C). In contrast,
the perpendicular tensile strain only increased slightly with an increasing shear rate. As a
result, the difference between the tensile strain in parallel and perpendicular direction was
larger for products sheared at a rotational speed of 40 rpm or higher. This indicates that the
HTSC products reached a higher mechanical anisotropy at higher rotational speeds, while
not showing visual fibrousness (Fig. 2.2). This increase in tensile strain anisotropy at high
rotational speeds was only observed for products sheared during cooling. Remarkably, the
effect of rotational speed on the tensile strain of products sheared during heating was small,
even though the products’ structures were visually very different and only showed visual

fibrousness when processed using rotational speeds below 30 rpm (Fig. 2.2 and 2.3A, B).
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Fig. 2.3 Tensile strain at fracture plotted against shear rate in parallel (=) and perpendicular (o) direction for
products sheared for A. 15 min during heating, B. 8 min during heating, C. 8 min during cooling.

It is remarkable that the variation in strains is higher for samples that were sheared during
heating, especially when shearing at high rotational speeds for 15 min. Obviously, the
structure of these products is more heterogeneous at the length scale of the measurement.
This corresponds to the more clearly fibrous structures that were observed for the product
sheared during heating. The variation in the tensile properties of HTSC products might
therefore be a better indicator of fibroussness compared to the anisotropy index that does not

always correspond with visual fibrousness (Schreuders, Schlangen, et al., 2022).

Similarly to the tensile strain, the tensile stress was lower for products sheared during cooling,
especially in perpendicular direction (Fig. 2.4). These products had a higher tensile stress in
parallel direction for rotational speeds above 40 rpm (Fig. 2.4C). This means that similar to
the tensile strain also the tensile stress indicated a more anisotropic structure at higher shear
rates, while no clear fibrous structures were visible. Both visual fibrousness as mechanical
anisotropy can therefore be obtained when shearing during cooling depending on the
rotational speed that is used, which gives new opportunities to obtain a HTSC product with

desired visual or mechanical properties. This was not observed for the products sheared
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during heating. The parallel tensile stress of the products sheared for 8 min during heating
slightly increased at rotational speeds higher than 30 rpm (Fig. 2.4B). The tensile stress in
perpendicular direction did not change significantly for these products. However, for
products sheared for 15 min during heating, the tensile stress was not affected by rotational
speed, except for a slight increase at 100 rpm compared to the other rotational speeds (Fig.
2.4A). The tensile stress results overall showed the same trend as the tensile strain results.
The standard deviation of the tensile stress and strain was higher for products sheared for 15
min during heating compared to the other temperature conditions. This could be an indication
that the products sheared for 15 min had a more heterogeneous structure at the length scale

of the measurement.
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Fig. 2.4 Tensile stress at fracture plotted against rotational speed in parallel (=) and perpendicular (o)
direction for products sheared for A. 15 min during heating, B. 8 min during heating, C. 8 min during
cooling.

The Young’s modulus indicates the elasticity of the HTSC products. The Young’s moduli of
products sheared during cooling were lower compared to those during heating (Fig. 2.5). The

Young’s modulus of products sheared during cooling was not affected by rotational speed.

However, for the products sheared for 8 min during heating the Young’s modulus slightly
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increased with an increasing rotational speed (Fig. 2.5B). The Young’s modulus of the
products sheared for 15 min during heating increased with an increasing rotational speed in
perpendicular direction, while in parallel direction no significant changes were found (Fig.
2.5A). An increase in Young’s modulus can be linked to an increase in rigid structures both
on molecular as on macroscopic levels (Cuq et al., 2000). WG polymerization can lead to
more rigid protein chains because of the formation of disulfide bonds. The higher rigidity of
HTSC products sheared at increasing rotational speeds during heating could therefore be the
result of the more extensive deformation and orientation during WG polymerization (Pietsch,

Werner, et al., 2019).
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Fig. 2.5 Young’s modulus plotted against rotational speed in parallel (+) and perpendicular (o) direction for
products sheared for A. 15 min during heating, B. 8 min during heating, C. 8 min during heating.

From these observations we can conclude that shearing during cooling weakened the HTSC
products as indicated by a lower tensile stress and strain and Young’s modulus and was
detrimental for visual fibrousness. Furthermore, it was possible to create HTSC products
from the same PPI-WG blend with different visual and mechanical characteristics, by
changing the processing conditions. Especially during cooling structures with either visual

fibrousness or mechanical anisotropy could be created depending on the rotational speed
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during shearing, resulting in a wider range of product properties. However, it remains
difficult to predict the product properties based on a single processing parameter (i.e.
rotational speed). As mentioned in the introduction, we hypothesized that the application of
shear during cooling would either enhance structure formation, because mechanical forces
can be better transferred to the product or could cause structural breakdown as a result of
deforming a solidified material. The weaker products that were produced when shearing
during cooling compared to shearing during heating indicated that structural breakdown was

important for the PPI-WG system.

In a previous study, fibrous products using a PPI-WG blend were formed in the HTSC at a
rotational speed of 30 rpm (Cornet et al., 2021; Schreuders et al., 2019). Here, we observed
the most pronounced fibrous structure in products produced at a rotational speed of <20 rpm
(Fig. 2.2) which was somewhat lower. We attribute this observation to the slightly different
functional properties of PPI used in the current study (Nutralys® S85F) and the previous one
(Nutralys® F85M). Nutralys® S85F has a smaller particle size and is more soluble than
Nutralys® F85M according to the manufacturer’s specifications. This difference in
functional properties of the raw ingredients may have influenced the overall behaviour of the

blend during thermomechanical treatment.

2.4.3 Specific mechanical energy (SME)

The total mechanical input to HTSC products during the process can be quantified by
calculating the specific mechanical energy (SME). The SME is often considered a measure
to describe the intensity of HTSC processing and high moisture extrusion (HME) (Cornet et
al., 2022; Peighambardoust et al., 2004). SME is indirectly affected by temperature through
the rheological properties of the material. An increased temperature is known to reduce
viscosity, which results in a reduced resistance to deformation and therefore a lower torque
and SME (Palanisamy et al., 2019). We used SME to compare the different processing
conditions. In all processes, the total time and overall temperature profile were kept constant,
but rotational speed, shearing time and moment of shearing were varied. The temperature
during shearing was therefore different in case shearing was applied at constant temperature
during heating or during cooling. SME of the different shear treatments ranged from 1.6 to

163 kJ/kg (Fig. 2.6). The SME was not much affected by cooling at low rotational speeds. At
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higher rotational speeds, the SME was slightly higher during cooling. This was probably due
to a higher viscosity of the protein blend inside the HTSC as the temperature dropped.
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Fig. 2.6 Specific mechanical energy of the shear treatments under different conditions.

The SME used to create visually fibrous products ranged from 1.6-16.8 kJ/kg (Fig. 2.2 and
2.6) which is lower compared to what was previously reported for structuring with the
Couette cell device (8.6-59.9 kl/kg) and HME (32-1276 kJ/kg) (Krintiras et al., 2016; Maung
et al., 2021; Pietsch, Werner, et al., 2019; H. Wang et al., 2022; Zahari et al., 2021). The low
SME required for structuring in the shear cell could mean that the intensity during HME

processing could be lower, while still giving good products.

To better correlate the SME during processing and the textural properties of the HTSC
products, texture maps were created (Fig. 2.7). Texture maps are used to describe the
structure of food gels and correlate the tensile strain and stress with textural properties (Ersch
et al., 2015; Schreuders, Sagis, et al., 2021; Shand et al., 2008). Products that fall in the top
left and right corner of the texture map are classified as tough and brittle, respectively.
Products that fall in the lower left and right corners can be classified as mushy and rubbery,
respectively (Kim et al., 2005; Schreuders, Sagis, et al., 2021). At first glance, all the data
points were located in the diagonal line of the texture map that connects the “mushy” and
“tough” corners (Fig. 2.7D). This indicates that the HTSC products produced varied in
texture, i.e. more towards “mushy” or “tough”, depending on the temperature or SME during
processing. For comparison: the middle region of the diagonal line lies in the same range as

the tensile stress (100 kPa perpendicular, 44 kPa parallel) and strain (0.3 perpendicular, 0.2
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parallel) of cooked chicken reported by Schreuders et al. (2019). Data points of products
sheared during cooling are spread out over the diagonal, while the data points of samples
sheared during heating were more clustered in the middle of the texture map and were slightly
tougher (Fig. 2.7A, B, C). No clear correlation between SME and the position of the samples
in the texture map was found. This indicates that SME cannot completely explain the

variation in product characteristics that can be achieved by using different processing

conditions.
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Fig. 2.7 Texture map with tensile stress plotted against tensile stress in parallel (0) and perpendicular direction
(o) for shear cell products sheared for A. 15 min during heating (filled symbols), B. 8 min during heating
(open symbols), C. 8 min during cooling (half-filled symbols) and D. All treatment conditions.
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2.44 Implications for the importance of cooling during extrusion

Deformation during cooling is often thought to be essential for fibrous structure formation
using HME (Cheftel et al.,, 1992; Sandoval Murillo et al.,, 2019; Tolstoguzov, 1993).
However, our research revealed that shear application during cooling is not a requirement for
visual fibrous structure formation. We found that visually fibrous products could be produced
using a low shear rate (<30 rpm or <39 s*!). The apparent shear rates in the cooling die range
from 1-46 s!' (Cornet et al., 2022), which is comparable to the lower shear rates at which
visual fibrous structures were found in this study. Additionally, products sheared during
heating were visually more fibrous and had a higher tensile strain and stress, which suggests
that a higher temperature during shear application in the cooling die could lead to stronger
extrudates. Ramos Diaz et al. (2022) indeed showed that a higher cooling die temperature
(40-80 °C) resulted in increased hardness, as measured using texture profile analysis (TPA),
and cutting strength of HME extrudates made from oat fibre concentrate and PPI. However,
Kantanen et al. (2022) did not find this correlation for mixtures of faba protein concentrate
and isolate, possibly because it was overshadowed by the effect of mixture composition. Even
though increasing the cooling die temperature could be beneficial for fibrous structure
formation, the product temperature at the end of the cooling die should remain below 100 °C
to prevent product expansion (Maningat et al., 2022). Furthermore, the use of a long cooling
die remains imperative for HME as it enables upstream pressure generation, the use of high

temperature, channel filling and the continuity of the extrusion process (Cheftel et al., 1992).
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2.5 Conclusion

In this study, we report on the importance of cooling to produce fibrous products using HTSC
and HME. It was found that shearing during cooling can be used to create product structures
that differ from structures obtained without shearing during cooling. Cooling of PPI-WG in
the HTSC was not beneficial for visual fibrous structure formation. The structure of the
product could be described best as “flaky”. Besides, products sheared during cooling were
weaker compared to products sheared during heating. However, shearing at higher rotational
speeds during cooling did lead to increased mechanical anisotropy and could therefore be
used to obtain HTSC products with a specific desired texture. It was therefore concluded that
deformation during cooling is not essential for structure formation. When overviewing all
results, it was found that fibrous products could be obtained at low SME conditions in the
HTSC. This finding suggests that it is still possible to further optimise the HME process

towards lower SME-inputs.
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2.6 Appendix
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Fig.S.2.1 Temperature profile at different rotational speeds when shearing for 15 min during heating (A),
when shearing for 8 min during heating (B) and when shearing for 8 min during cooling (C).
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Rotational Shearing during Shearing during Shearing during
speed (rpm) heating for 15 min heating for 8 min cooling for 8 min
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Fig.S.2.2 Digital pictures of the fibrous structures of HTSC products sheared for 15 min during heating, for
8 min during heating or for 8 min during cooling at different rotational speeds. These pictures were taken
with the inbuilt camera of a smartphone (P9 Lite, Huawei, China).
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Table S.2.1 Statistical analysis of the homogeneous subgroups with a Tukey HSD test at 95% significance
(P<0.05) of tensile test properties of HTSC products sheared for 15 min during heating. Means with the same
letter within a column were not significantly different.

Tensile strain Tensile stress Young’s modulus

Parallel ~ Perpendicular  Parallel  Perpendicular  Parallel  Perpendicular

5 rpm a,b,c ab a a a a
10 rpm a,b b a a a a,b,c
20 rpm a,b ab a a a ab
30 rpm b,c ab a a a a,b
40 rpm a,b a,b a a a a,b,c
50 rpm ab ab a a a b,c,d
60 rpm a a a a a c,d,e
70 rpm a a,b a a a d,e
100 c ab b a b e
rpm

Table S.2.2 Statistical analysis of the homogeneous subgroups with a Tukey HSD test at 95% significance
(P<0.05) of tensile test properties of HTSC products sheared for 8 min during heating. Means with the same
letter within a column were not significantly different.

Tensile strain Tensile stress Young’s modulus

Parallel  Perpendicular  Parallel  Perpendicular  Parallel  Perpendicular

5 rpm a,b a a a a a,b
10 rpm a,b a a a ab a
20 rpm ab a a a a,b,c a,b,c
30 rpm a,b a ab a cd a,b,c
40 rpm a,b a a,b a c,d a,b,c
50 rpm a a a a b,c,d c
60 rpm a,b a a,b a b,c,d b,c
70 rpm a,b a a,b a b,c,d c
100 b a b a d a,b,c
rpm
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Table S.2.3 Statistical analysis of the homogeneous subgroups with a Tukey HSD test at 95% significance
(P<0.05) of tensile test properties of HTSC products sheared for 8 min during cooling. Means with the same
letter within a column were not significantly different.

Tensile strain Tensile stress Young’s modulus

Parallel ~ Perpendicular  Parallel  Perpendicular  Parallel  Perpendicular

5 rpm a a,b a,b b c b
10 rpm a a,b a ab a,b,c a
20 rpm a a,b a a,b a a,b
30 rpm a a a a a,b a
40 rpm b b b,c a,b b,c ab
50 b,c b c a,b a,b,c ab
rpm
60 rpm b,c a,b [¢ a,b b,c ab
70 rpm c a,b c a,b b,c ab
100 c b c a,b b,c a,b
rpm
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Effect of mixing and hydrating time on the
structural properties of high-temperature shear cell

products from multiple plant-based ingredients
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Chapter 3

3.1 Abstract

Mixing and hydrating plant-based ingredients to form a dough is an essential step to produce
meat analogues using high-temperature shear cell (HTSC) technology. In this study the effect
of mixing and hydrating time on the structural properties of soy protein concentrate (SPC),
pea protein isolate (PPI)-wheat gluten (WG) and soy protein isolate (SPI)-WG doughs and
HTSC products was investigated. Our results showed mixing and hydrating time minimally
affected the structural properties of the dough and corresponding HTSC products of SPC.
For both PPI-WG and SPI-WG mixtures, longer mixing resulted in tougher doughs.
Additionally, for PPI-WG, mixing the dough to the optimal dough development time led to
higher tensile strength of HTSC products. The same effect was not observed for SPI-WG,
which showed the importance of ingredient properties in determining structural properties of
plant-based meat analogues. These findings offer insights for optimizing processes for meat

analogue production through tailored mixing strategies.
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3.2 Introduction

Mixing is an essential unit operation during food processing. Its main purpose is to combine
multiple ingredients, but it is also used to modify the structure of food products such as
(bread) dough, cream, and margarine (Cullen & O’Donnell, 2009). Mixing and hydrating are
vital to produce meat analogues from plant-based ingredients using high-moisture extrusion
(HME) or high-temperature shear cell (HTSC) technology (Cornet et al., 2022). However,
for both processes the effect of mixing on the final product properties remains unclear. In
case of HME this is because mixing occurs in in the first part of the barrel, which cannot be
separated from the thermomechanical treatment in the subsequent part of the barrel. It should
be noted though that mixing can also occur before the extruder barrel through pre-mixing of
the dry ingredients, possibly in combination with pre-hydrating (Giezen et al., 2014). In case
of HTSC processing, mixing is always separated from thermomechanical processing, as
mixing is done outside of the HTSC. The standard mixing method used before HTSC
processing is hand-mixing (Taghian Dinani, Charles Carrillo, et al., 2023). Mixing could
therefore be influenced by operator changes, though by experience we know these effects are
limited. For the upscaled version of the HTSC, the Couette Cell, a z-blade mixer was already
successfully applied to prevent this (Krintiras et al., 2016). A similar mixer, such as a
farinograph, can therefore be used to mix the proteinaceous doughs systematically before
HTSC processing. This makes HTSC an interesting tool to study the effect of mixing and

hydrating during thermomechanical processing of meat analogues.

One of the ingredients that is commonly used to produce meat analogues using HME or
HTSC is gluten (Sha & Xiong, 2020). It is well known that gluten network formation in bread
doughs is heavily impacted by the initial mixing step of the bread making process. During
mixing of bread dough, the mechanical input results in a distribution of the flour components
and enables new interactions between these components resulting in an increase in the dough
cohesion. However, its shearing effect also results in the fracturing of organized structures,
which reduces the dough cohesion, especially during longer mixing times. As a result, it is
known that bread dough can be under- and over-mixed, which both results in a lower bread
volume (Cugq et al., 2003; Dobraszczyk & Morgenstern, 2003). The optimum kneading time
lies at the equilibrium of the effects of creating new interactions and fracturing of structures
(Cuq et al., 2003). The cohesive structure that is formed during bread kneading is formed by
the gluten in the dough (Dobraszczyk & Morgenstern, 2003). Gluten network formation is
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also important for the creation of fibrous structures in HTSC products produced from a
protein isolate-wheat gluten (WG) mixture, in which the protein isolate acts as a filler (Cornet
et al., 2021). We therefore expect that mixing intensity would influence the final product
properties of protein isolate-WG HTSC products in similar way at it does in bread doughs
and both under- and overmixing were expected to be detrimental for the formation of fibrous
structures. However, the protein isolate that is used affects the properties of the final HTSC
products. The elastic modulus of the protein isolate influences the visual fibrousness of the
final product (Schlangen et al., 2023; van der Sman & van der Goot, 2023). Furthermore, the
used protein isolate determines the mechanical strength of the meat analogue (Schreuders et
al., 2019). The protein isolate that is used in combination with WG was therefore expected

to have an influence on the effect of mixing on the final HTSC product.

Hydrating the protein dough is also an important step during HTSC processing. One of the
protein ingredients is hydrated with a NaCl or CaCl, solution for 30 min after which a second
protein or carbohydrate is added (Schreuders, Schlangen, et al., 2022; Taghian Dinani,
Allaire, et al., 2023). Up till now, it is assumed that the ingredients form a dispersion with
two or more phases upon mixing and that molecular mixing is not likely to occur under these
mixing conditions (van der Sman & van der Goot, 2023). Schreuders et al. (2020) described
how water distributed among the two different phases in pea protein isolate (PPI)-WG and
soy protein isolate (SPI)-WG mixtures. The pea and soy protein phases take up more water,
which makes the WG gluten phase more concentrated. This influenced the rheological
behavior of these mixtures at temperatures relevant for HTSC processing and is therefore
expected to influence the structuring properties of the mixture during HTSC processing.
Taghian Dinani, Charles Carrillo, et al. (2023) also found an influence of hydrating and
hypothesized that hydrating iota-carrageenan before adding it to PPI and WG was detrimental
for fibrous structure formation because of the reduced amount of water available for gluten
network formation. Hydrating of WG after mixing could therefore influence the final

products structure.

Nevertheless, the effect of mixing and hydrating of the proteinaceous dough before HTSC
processing has not been systematically investigated yet. Therefore, the effect of mixing and
subsequent hydrating time on the structural properties of proteinaceous doughs and the
corresponding HTSC products were investigated in this study. Three different protein doughs

were investigated: soy protein concentrate (SPC) to investigate the effect of mixing and
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hydrating on non-gluten containing doughs and PPI-WG and SPI-WG to explore the effect
on gluten containing doughs. Systematic mixing of the protein doughs was performed in a
farinograph after which the doughs were processed in a HTSC. The rheological properties of
the dough were analyzed in a closed cavity rtheometer (CCR). The quality of the HTSC
products was analyzed by visual observations of their fibrousness and tensile testing. Finally,
this study describes the effect of mixing time on the properties of proteinaceous doughs and

the structural properties of HTSC products.
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3.3 Materials and methods

3.3.1 Materials

Soy protein concentrate (SPC) (ALPHA 8 IP) and soy protein isolate (SPI) (SUPRO EX 37
HG IP) were purchased from Solae (St. Louis, USA). Pea protein isolate (PPI) (Nutralys
S85F) and vital wheat gluten (WG) were purchased from Roquette (Lestrem, France). The
dry matter contents of SPC, SPI, PPI and WG were 93.9wt.%, 94.6wt.%, 94.2wt% and 93 .4
wt%, respectively. The protein contents of SPC, SPI, PPI and WG as measured with the
Dumas combustion method were 62.0wt% (Nx5.71), 80.2wt% (Nx5.71), 72.2wt% (Nx5.52)
and 77.4 wt% (Nx5.7) based on dry matter, respectively. Sodium chloride was obtained from

Sigma- Aldrich (Zwijndrecht, Netherlands).

The water holding capacity (WHC) was measured according to the method described by Jia
et al. (2021). To determine the WHC of the insoluble fraction 1 g of material and 49 g of
deionized water were placed in a 50-mL Falcon tube and hydrated for 24 h while rotating at
a speed of 20 rpm in a rotator (Bibby Scientific Stuart Rotator Disk SB3, Thermo Fisher
Scientific, Waltham, MA, USA). Subsequently, the dispersion was centrifuged at a speed of
15,000 xg at 25 °C for 10 min. The pellet was transferred dried in an oven at 105 °C for 24
h. The mass of the wet pellet and dry pellet were determined and denoted as Mwet pellet and
Mdry pellet. The WHC was calculated using Eq. 3.1.

Mwet ellet _Mdr ellet
WHC = 14 YD

Mdry pellet Eq' 3]

3.3.2 Preparation of proteinaceous doughs

Three different types of proteinaceous doughs were prepared, SPC, PPI-WG and SPI-WG.
These blends were used, because these are well-known to form fibrous products, contrary to
blend containing only SPI or PPI (Grabowska et al., 2016; Schreuders et al., 2019; Snel et
al., 2024). All proteinaceous dough had total dry matter content of 40 wt.% consisting of 39
wt% protein ingredient(s) and 1 wt% sodium chloride (NaCl). The PPI-WG andSPI-WG
mixtures had a 1:1 mass ratio. The preparation of the mixtures was adapted from Schreuders
et al. (2019) and Jia et al. (2021). The total weight of one mixing batch in the farinograph
was 300 g. For all materials the NaCl was first dissolved in distilled water to prepare a saline

solution.
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In case of SPC, the protein ingredient was placed in a farinograph (Brabender GmbH &Co
KG, Duisburg, Germany) before the saline solution was added and the material was mixed
for 2,4, 5,7, 10, and 30 min at 50 rpm at 30 °C. Mixing of SPC in the farinograph before
HTSC processing was performed once for every mixing time to validate that mixing of a
single protein ingredient with water did not have a large effect on the dough and HTSC
product properties.

In case of the PPI-WG and SPI-WG mixtures, the PPI and SPI were hand-mixed with the
saline solution and hydrated for 30 min to mimic the standard high temperature shear cell
(HTSC) process (Schreuders et al., 2019). After hydrating the PPI or SPI paste was placed in
the farinograph. Subsequently, WG was added, and the dough was mixed for an additional
2,4,5,7,10, and 30 min at 50 rpm at 30 °C. Mixing of PPI-WG and SPI-WG before HTSC
processing was performed in duplicate to get a more reliable insight in the effect of mixing

and hydrating on the dough and final product properties.

The specific mechanical energy (SME in J/kg) required for mixing in the farinograph was
calculated from the torque recorded by the WinMix software (version 3.2.14, Brabender
GmbH &Co KG, Duisburg, Germany).

1 w.M().dt
m

SME = Eq. 3.2

In which ¢ is the final time, /=0 is the start time, w is the rotor speed (s!), M is the torque
(Nm) and m is the mass of the material loaded in the farinograph (kg) (=0.3 kg)
(Peighambardoust et al., 2005).

To investigate the effect of hydrating after mixing and to allow water migration from PPI or
SPI to WG the protein dough was further hydrated in a zip-lock bag after mixing for 60, 140
or 220 min. starting from the moment WG was added to the protein isolate before it was used
in the HTSC. This means total hydrating times of 90, 170 or 250 min. for PPI or SPI. To
ensure that all protein doughs had the same total hydrating time, the SPC dough was hydrated
for an additional 30 min. resulting in the same total hydrating times of 90, 170 or 250 min.
from the moment of water addition to SPC until HTSC processing. In the rest of this paper
the total hydrating time will be indicated as hydrating time. Hand-mixed samples were

prepared as a control sample for all product compositions used and all hydrating times.
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3.3.3 Closed cavity rheometer

The rheological properties of the protein materials were measured with a closed-cavity
rheometer (CCR) (RPA Elite, TA instruments, New Castle, DE, USA) (Emin et al., 2017).
However, the preparation of the proteinaceous doughs slightly differed from what was
described in section 2.2. Approximately 50 g of the dough was removed from the farinograph
after 2, 5, 10 and 30 min of mixing. The doughs were hydrated until the total hydrating time
was 90 min, which means that the PPI-WG and SPI-WG doughs were hydrated for 60 min.
after WG addition. The protein doughs were vacuumized to prevent the effect of air in the
sample on the rheological measurements (Wittek, Walther, et al., 2021). Approximately 6 g
was placed in between two plastic films in the closed cavity, which was sealed with a closing

pressure of 4.5 bar to prevent water evaporation at high temperature.

The geometry of the CCR has a radius of 22.5 mm, the maximum height of the inner cavity
is 4 mm and a biconical opening has an angle of 3.35¢< to allow homogeneous transmission
of the shear stress to the protein materials. The grooves on the surface of the cones prevent
slippage. In this setup, the lower cone oscillates in strain-controlled mode while the upper

cone remains stationary.

First, the protein material was heated for 2 min at the measurement temperature (i.e., 30 °C,
120 °C or 140 °C) without a shear treatment. Subsequently, strain sweep (1%—1000%)
experiments were performed at 30 °C (all doughs), 120 °C (PPI-WG and SPI-WG) or 140 °C
(SPC) at a constant frequency (1 Hz). All strain sweeps were performed in duplicate. The
strain sweep experiments were used to determine the yield stress and the flow stress of the
materials. The yield stress is defined as the value of the shear stress at the end of the linear
viscoelastic (LVE) regime. Here, we define this stress as the point where G’ 'differs more
than 5% from its strain-independent value in the LVE regime (Schreuders, Sagis, et al.,
2021). The flow stress is defined as the value of shear stress at the crossover point where the

storage modulus is equal to the loss modulus (G’=G”) (Schreuders, Sagis, et al., 2021).

3.34 High temperature shear cell

The protein doughs were treated in a high-temperature shear cell (HTSC) (Wageningen
University, Netherlands) that was developed in house (Grabowska et al., 2016). Heating and
cooling were done using an external oil bath. The hydrated protein doughs were transferred

to the pre-heated HTSC and sheared for 15 min. at 30 rpm at 140 °C for SPC and 120 °C for

42



Effect of mixing and hydrating on the structural properties of high-temperature shear cell products

PPI-WG and SPI-WG. The different temperatures for SPC and PPI-WG, SPI-WG mixtures
was used to enable fibrous structure formation (Grabowska et al., 2016; Schreuders et al.,
2019). The SME of the mechanical treatment was calculated from the torque measured by
the DO-Corder E330 (Brabender GmbH &Co KG, Duisburg, Germany) using Equation 2.
After the shear treatment the material the products were cooled down until the temperature
measured at the centre of the upper cone reached 35 °C using an external oil bath set to 25
°C. SPC products were prepared once to validate that mixing with water did not have a large
effect on the properties of products produced from a single ingredient. PPI-WG and SPI-WG
products were prepared in duplicate to get a more reliable insight in the effect of mixing and

hydrating on gluten network formation.

3.3.5 Visual observations

The fibrousness of the products produced in the HTSC was assessed visually by bending the
products parallel to the shear flow direction to obtain a tear at the middle of the product. The
bent pieces were placed onto a metal pin and the fracture surface was photographed using a
digital microscope with 36xmagnification using the extended depth of field (EDF) option

(Smartzoom 5, Carl Zeiss, Germany).

3.3.6 Tensile test

Tensile tests were performed with a Texture Analyzer (TA.XTPlusC, TA Instruments, USA)
using a trigger force of 0.001 N. A uniaxial tensile test was performed at room temperature
with a displacement rate of 1 mm/s. Tensile bars were taken from the product with a dog
bone-shaped mould in parallel and perpendicular to the shear flow direction. The measured
tensile strength was normalized based on the dimensions of the tensile bar. The ends of the
tensile bars were placed into the two clamps such that 15.5 mm was the initial length of the
sample. Tensile stress and tensile strain at fracture were calculated from the force and
displacement measured using the equations for the Hencky stress and strain for uniaxial
extension as explained in Macosko (1994) and used by Schreuders et al. (2019). The strain

(¢) and tensile stress (o) were be calculated using the following equations:

h
€= lnﬂ Eq. 3.3
ho
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F
=— Eq. 3.4
ot) =4 q
In which:
A= o A Eq. 3.5
R " a3

In which A(#) (m) is the sample length at fracture, 4y (m) is the sample length at the start of
the measurement, F (N) is the force at fracture, 4 (m?) is the cross-section area, 4o (m?) is the
cross-section of the sample at the start of the measurement and / and w (m) are the length and
width of the sample cross-section measured before the start of the measurement. The Young’s
modulus (Pa) was calculated at the initial slope of the stress-strain curve until a 1.5 mm

extension was achieved.

For every product, three parallel and three perpendicular specimens were taken.

3.3.7 Statistical analysis

All values are represented as the mean + standard deviation. A factorial ANOVA was
performed to evaluate the effect of mixing time, hydrating time and their interaction a
significance level of 95% (P < 0.05) analysed using SPSS statistics Version 28.0.1.1 (IBM,
Armonk, NY, USA). A one-way ANOVA per hydrating time and ingredient combination
was used to test the effect of mixing time. Tukey HSD was used to find differences between
samples at a significance level of 95% (P<0.05) Levene’s test (P<0.05) was used to check
the assumption of equal variances. The results of the statistical analysis can be found in

Tables S.3.1-S.3.15.
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3.4 Results and discussion

3.4.1 Dough formation

The torque profile of the different proteinaceous doughs during 30 min of mixing in the
farinograph is shown in Fig. 3.1. The torque profile of wheat gluten (WG) containing doughs
had a similar shape to the typical farinograph curves during mixing of bread doughs. In these
curves first, the torque increases suggesting the development of the gluten network.
Subsequently, the optimal dough development time is reached, and the dough has its maximal
strength. Finally, the torque decreases, which is generally interpreted as a disruption of the
gluten network (Létang et al., 1999; Li et al., 2020). The torque profile of pea protein isolate
(PPI)-WG showed similarities to this typical farinograph pattern of bread doughs with respect
to having an optimum and continued breakdown after the maximum peak. The time to peak,
which the case of wheat dough is referred to as optimal dough development time, was around
4.5 min. Mixing the soy protein isolate (SPI)-WG dough resulted in a higher torque and
longer optimal dough development time around 8 minutes compared with the torque and
development time of PPI-WG doughs. The higher energy input required to deform the SPI-
WG dough is probably due to the more elastic and tougher nature of SPI-WG blends
compared with PPI-WG (Schreuders, Sagis, et al., 2021). Part of the explanation for the
shorter dough development time and dough stability of PPI-WG compared with SPI-WG is
the lower WHC of PPI compared with SPI (Table 3.1). This leaves more water available for
the WG in the PPI-WG dough compared with the WG in the SPI-WG dough (Schreuders et
al., 2020). Jia et al. (2022) found that a higher water content in the wheat flour doughs made
it more susceptible to mixing and thus resulted in a faster development and breakdown of the
gluten network. However, the opposite effect of the water content on the development of the
gluten network is also reported in literature (Dufour et al., 2024; Koksel & Scanlon, 2012).
We expect these conflicting results were caused by the relatively low water to gluten protein
ratio used in the study of Jia et al. (2022) (4-6) compared to those of Dufour et al. (2024) (8-
15) and Koksel & Scanlon (2012) (7-31). The water:gluten ratio used by Jia et al. (2022) was
more comparable to the one used in this study (4) and we therefore expect the effects reported
in that study to be the most relevant for our doughs. However, other differences between PPI
and SPI, such as their protein content, gelling capacity, amino acid composition or non-
protein components (Shrestha et al., 2023), also play a role in the observed difference in the

torque profile during farinograph mixing.
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Fig. 3.1 Torque profile during mixing of SPC (black), PPI-WG (red) and SPI-WG (green). The blue dotted
lines indicate the mixing times that were used in the high temperature shear cell (HTSC).

Table 3.1 Water holding capacity of the ingredients used in this study. Letters indicate homogeneous
subgroups at p<0.05 using Tukey’s HSD.

SPC PPI SPI WG
Water holding capacity (g/g) 6.73£0.26*  9.34+0.09°  20.99+0.27¢ 1.69+0.132

Mixing of soy protein concentrate (SPC) resulted in a different torque profile, probably due
to the absence of WG. Because of the low water holding capacity of SPC (Table 3.1) network
formation does not occur upon hydrating, which explains the low torque measured. During
the initial mixing phase (<1 min), a minor torque increase was observed, which can be

attributed to the initial force required to start the mixing process.

3.4.2 Rheological properties of the protein doughs

Strain sweeps were performed in a closed cavity rheometer (CCR) to study the effect of
mixing on the rheological properties of the protein doughs. The obtained rheological
properties were summarized in texture maps in which the shear stress is plotted against the
strain at the end of the linear viscoelastic (LVE) regime or the cross-over point (Fig. 3.2).
The different corners in these texture maps indicate different textural properties of the

material (Schreuders, Sagis, et al., 2021).
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The rheological properties measured at 30 °C provide information about the behaviour of the
dough during and after mixing. It was found that the rheological properties at the end of the
LVE were not influenced by mixing for all protein doughs (Fig. 3.2A). In case of the WG
containing doughs, this implies that changes in the gluten network are not reflected in the
rheological properties in the LVE regime (Meerts et al., 2017). However, at the cross-over
point longer mixing times resulted in tougher behaviour of the WG containing doughs and
slightly mushier behaviour of SPC (Fig. 3.2.B). The increased toughness could indicate that
mixing induced aggregation of the gluten (Jia et al., 2022). The effect of mixing on the
rheological properties of the PPI-WG and SPI-WG doughs at the cross-over point showed a
similar trend. However, a longer mixing time resulted in a larger shift in the texture map for
PPI-WG doughs compared with SPI-WG doughs (Fig. 3.2B). This indicates that PPI-WG
doughs were affected by mixing more than SPI-WG doughs. This difference was also visible
in the torque profile during farinograph mixing (Fig. 3.1), in which it was shown that SPI-
WG had a higher dough stability. As explained in section 3.4.1 the reason for this different
behaviour could be the difference in water distribution between the protein isolate and WG

for these two doughs, but other differences between PPI and SPI could also play a role.

The WG containing doughs were rubberier than SPC at the end of the LVE and the cross-
over point (Fig. 3.2A&B). This can be explained by the gluten network that is present in these
doughs. SPI-WG had a slightly higher stress compared with PPI-WG at the end of the LVE.
However, at the cross-over point SPI-WG was tougher compared with the PPI-WG dough.
The same trend was seen by Schreuders, Sagis, et al. (2021). The rheological properties
measured at 120 and 140 °C provide information about the behaviour of the dough during
HTSC processing. Mixing did not influence the rheological properties at the end of the LVE
(Fig. 3.2C). As can be seen, the hand-mixed control showed different behaviour compared
with the doughs in the farinograph for the doughs containing gluten. In case of PPI-WG the
hand-mixed dough was mushier than the farinographs doughs while, in case of SPI-WG the
hand-mixed dough was tougher compared with the doughs that were mixed in the
farinograph. The PPI-WG dough showed one deviating point after 2 min mixing, which
turned out to be very mushy compared with the other mixing conditions. At the cross-over
point no consistent effect of mixing was seen for SPC and SPI-WG (Fig. 3.2D). However,
mixing increased the toughness of PPI-WG.
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At 120 or 140 °C more differences between the different ingredients were observed at the
end of the LVE than at 30 °C (Fig. 3.2A&C). Clearly SPI-WG was tougher than PPI-WG.
For SPC no clear LVE could be determined, which is why no data points at the end of the
LVE are given for this dough. At the cross-over point the same trend was visible but the
clusters were closer together. SPC was the mushiest and SPI-WG the toughest (Fig. 3.2D).
PPI-WG lied in the middle of these two extremes.
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Fig. 3.2 Texture maps of at the end of the linear viscoelastic regime (LVE) (A&C) and at the cross-over
(B&D) point of SPC (m), PPI-WG (e) and SPI-WG (A) at 30 °C (A&B), 120 (PPI-WG&SPI-WG) and 140
°C (SPC) (C&D). The colour of the datapoints indicates the mixing time in the farinograph. The control
treatment is shown in black.

It remains difficult to link these fundamental rheological properties of the doughs to the
HTSC product properties. However, previous studies show that rheology can be used to
obtain more insights in differences between proteins and effects of processing such as
extrusion and HTSC processing (De Angelis et al., 2023; Ji et al., 2023; Schreuders et al.,
2020; Snel et al., 2023). The effect of mixing at the end of the LVE and cross-over point was
small compared with the effect heating and cooling of the PPI-WG or SPI-WG blends that
was reported by Schreuders, Sagis, et al. (2021). However, the changes induced by mixing
PPI-WG were similar to those induced by heating mixtures of PPI or SPI with cellulose or

pectin (Schreuders, Schlangen, et al., 2022). Mixing can therefore be considered to have a
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relevant influence on the rheological properties of the protein doughs and is therefore be

expected to influence the final HTSC product properties.

3.4.3 Specific mechanical energy (SME) of mixing and thermomechanical

processing

As was discussed in the previous section (section 3.4.2), mixing affected the rheological
properties of PPI-WG at the cross-over point measured at temperatures relevant for HTSC
structuring. It was therefore hypothesized that mixing can affect the mechanical input
required to deform the material in the HTSC. The hydrating time after mixing might also
influence the behaviour of the dough in the HTSC. Fig. 3.3 shows the specific mechanical
energy (SME) input during mixing in the farinograph and thermomechanical treatment in the
HTSC for the different combinations of ingredients and mixing conditions investigated in
this study. Separate figures with only mixing SME or HTSC SME including statistical
differences can be found in Fig. S.3.1. and S.3.2.

The thermomechanical SME ranged from 23.2 kJ/kg (PPI-WG 4 min mixing 250 min
hydrating) to 50.0 kJ/kg (SPC 10 min mixing 90 min hydrating) (Fig. 3.3). The mixing and
hydrating times used in this study did not significantly affect the thermomechanical
processing SME in the HTSC, even though different rheological properties were observed at
the cross-over point in the CCR in cases of PPI-WG (Fig. 3.2).

It is interesting to compare the SME of mixing to the SME during the thermo-mechanical
treatment in the HTSC. The mixing SME ranged from 0.7 kJ/kg (SPC 2 min mixing) to 43.6
kJ/kg (SPI-WG 30 min mixing). The SME of mixing was lower compared with the SME of
thermomechanical processing, except for PPI-WG mixed for 30 min. The combined SME of
the mixing and thermomechanical processing ranged from 27.0 kJ/kg (PPI-WG 5 min mixing
250 min hydrating) to 93.0 kJ/kg (SPI-WG 30 min mixing 250 min hydrating). This is on the
low end of the SME during high-moisture extrusion (HME) 42.8-1276 kJ/kg (Maung et al.,
2021; H. Wang et al., 2022; Zahari et al., 2021; Zhang et al., 2023). This means that HTSC

processing including the mixing step is relatively mild compared with HME.
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3.44 Visual observations of HTSC products

Fig. 3.4-3.6 show the macrostructures of the HTSC products produced after different mixing
conditions. The use of the different ingredient formulations and mixing conditions led to a
wide range of (fibrous) structures including small-fibres, thick fibres, layers and flaky

structures. Some products showed combinations of these structural elements.

In case of SPC, anisotropic structures were visible for all mixing and hydrating combinations
(Fig. 3.4). Surprisingly, the hand-mixed control treatment with a hydrating time of 90 minutes
appeared the least fibrous and longer hydrating of the hand-mixed control led to thicker
fibres. No consistent effect of mixing or hydrating time was observed, although 7 and 10 min
of mixing led to many small fibres and 5 min mixing time showed the least fibrous structures.
A longer hydrating after mixing of 4 to 7 min appears to be favourable for fibrous structure

formation, but this effect was not observed for other mixing times.
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Fig. 3.4 Representative extensive depth of field (EDF) images of SPC HTSC products processed after
different mixing and hydration times taken with a SmartZoom digital microscope at 36x magnification.
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The WG containing products had structures that can best described as layered and were less
clearly fibrous compared with the SPC products (Fig. 3.5 and 3.6). The hydrating times used
in this study had no clear effect on the structures of both PPI-WG and SPI-WG products.
Additionally, the composition of the HTSC products appeared to have a larger effect on the

visual fibrousness compared to the mixing and hydrating conditions.

The limited visual fibrousness of PPI-WG products corresponds to our previous results with
this protein mixture where the optimal shear rate for fibrous structure formation in the HTSC
of this protein mixture was lower than the rotational speed of 30 rpm used in this study
(Chapter 2). Mixing time appeared to have an influence on the visual macrostructure of the
PPI-WG products. At mixing times up to 5 minutes the structures were clearly layered,

whereas at longer mixing times this layered structure became less clear (Fig. 3.5).

The visually observed macrostructure of the SPI-WG products was less fibrous than expected
from the results of Schreuders et al. (2019) and Cornet et al. (2021) Here, the control did not
show a clearly fibrous structure. This difference with previous research might be caused by
batch-to-batch variations in the ingredients used, the higher process temperature (140 °C)
and lower dry matter content (30wt%) that were used by Cornet et al. (2021). Although the
SPI-WG products appear to be more gel-like compared with SPC or PPI-WG products, they
still were visually anisotropic (Fig. 3.4-3.6). Longer mixing times, for example 10 min
mixing and 250 min hydrating and 30 min mixing 90 min hydrating did result in the formation

of small fibres (Fig. 3.6).

53




Chapter 3

Hydration time
90 min 170 min 250 min

Control

2 min

4 min

5 min

Mixing time

7 min

10 min

30 min

Fig. 3.5 Representative extensive depth of field (EDF) images of PPI-WG HTSC products processed after
different mixing and hydration times taken with a SmartZoom digital microscope at 36x magnification.
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Hydration time
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Control
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Fig. 3.6 Representative extensive depth of field (EDF) images of SPI-WG HTSC products processed after
different mixing and hydration times taken with a SmartZoom digital microscope at 36x magnification.
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345 Tensile test

To determine the effect of mixing and hydrating time on the mechanical properties of the
products a tensile test was performed. In case of SPC mixing time did not influence the tensile
test properties to a large extent (Fig. 3.7A1, 3.7A2, 3.7A3). This limited effect of mixing was
also seen in the rheological properties (Fig. 3.2) and visual observations (Fig. 3.4). This is
probably caused by the absence of network formation in SPC during mixing, because of its

low WHC and the absence of WG.

However, in case of PPI-WG mixing influenced tensile test properties (Fig. 3.7B1, 3.7B2,
3.7B3). The strain and stress in parallel and perpendicular direction were higher after 5 min
of mixing compared with other products. The Young’s modulus was not influenced by
mixing. The increase of the tensile stress and strain that was observed for a mixing time of 5
minutes at corresponds with the optimal dough development time observed in the torque
profile (Fig. 3.1). This indicates that the optimal dough development corresponds with an
increased tensile strength, suggesting that how gluten network is formed during mixing
remains relevant when processing the blend in the HTSC, despite the higher SME of the
thermomechanical treatment (Fig. 3.3). This corresponds with the work of Peighambardoust
et al. (2005) who showed that the glutenin macropolymer was broken down during mixing
of bread dough in a farinograph, but not during shear cell treatment. Thus, the dough
properties measured during mixing in a farinograph type mixer could be used to control the
mechanical properties of the final meat analogue product. However, the maximum in the
tensile stress and strain did not correspond with clear changes in the visual macrostructure
(Fig. 3.5). For the most constant product properties a mixing time longer than the optimal
dough development time might be beneficial, as the product properties are expected to be
less affected by small changes in the mixing conditions. Optimization of the mixing process
could be used to produce stronger HTSC products without the use of additional ingredients
or more intensive processing in the HTSC, which could reduce the cost and energy usage of

the process.

Mixing time only significantly influenced the Young’s modulus in case of SPI-WG (Fig.
3.7Cl1, 3.7C2, 3.7C3). The Young’s modulus in parallel direction was higher after 4 minutes
of mixing compared with the control. In perpendicular direction the Young’s modulus after
4,5,7 or 30 min was higher compared with the control. Unlike for the PPI-WG no maximum

was measured for the tensile test properties. This corresponds with the more subtle effect of
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mixing in the torque profile and rheological properties of SPI-WG compared with PPI-WG
(Fig. 3.1 and 3.2). As was already speculated in section 3.4.1, a possible explanation is a
difference in available water for gluten in the two doughs. However, Schreuders et al. (2019)
reported the fibrous structure formation was less affected by temperature for SPI-WG in
comparison with PPI-WG and attributed this the higher gelling capacity of SPI compared

with PPI. This could also influence the effect of mixing on these products.

Al A2 A3
0.7 500 = 1000
06 e 3
05 __400¢t | = 800 +
=03 ] © 3 ?
o4 £ 300 S 60l 2
g g ;} P 8
Sosppdr I _________§ 2200 s £ 400
D2 & tPo- . »
- (2]
0.1 100 % 200
0.0 0 > 0
0 4 8 12 16 20 24 28 32 0 4 8 12 16 20 24 28 32 0 4 8 12 16 20 24 28 32
Mixing time (min) Mixing time (min) Mixing time (min)
Bl B2 B3
0.7 500 < 1000
0.6 g
: 400 = 800
0.5 © %)
O Q 2
~0.4 l L X 300 5 600
04t 11 3 E
S 7] <]
£03 %200 £ 400
Pookt--Fq---------- -1 Z »
: [2]
oA 100 § zoo-ﬁ'ﬂ%—ﬂ—ﬂ: ----------
0.0 0 > 0
0 4 8 12 16 20 24 28 32 0 4 8 12 16 20 24 28 32 0 4 8 12 16 20 24 28 32
Mixing time (min) Mixing time (min) Mixing time (min)
c1 c2 c3
0.7 500 = 1000
0.6 g
400 =< 800
—05 g e
04 X 300 S 600
Sosladh | 1] 3 g
go3 % 200 £ 400 E‘
AL T 1 £ 400 558 g 5]
' ? 100 D000 T TN
0.1 §
0.0 0 > 0
0 4 8 12 16 20 24 28 32 0 4 8 12 16 20 24 28 32 0 4 8 12 16 20 24 28 32
Mixing time (min) Mixing time (min) Mixing time (min)

Fig. 3.7 Tensile strain (1), stress (2) and Young’s modulus (3) in parallel (closed symbols) or perpendicular
(open symbols) direction for SPC (A), PPI-WG (B) and SPI-WG (C) products after 90 min. hydration. The
horizontal lines represent the control treatment at the same hydration time in parallel (filled line) and
perpendicular (dashed line) direction.

In the range of hydrating times used in this study, hydrating time did not have a significant
effect on the tensile test properties of the different ingredients used, except for the Young’s
modulus in parallel direction for PPI-WG (Table S.3.3-S.3.5). Because of this only the tensile

test results of a hydrating time of 90 min were discussed here. The results for the other
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hydrating times can be found in Fig. S.3.3 and S.3.4. The limited effect of hydrating time on
the tensile test properties indicates that the water distribution from PPI or SPI to the WG
phase was already completed within 60 min after the addition of WG. However, at shorter
hydrating times, water distribution could still have an influence on the structuring properties
of the protein dough, which we would like to exclude in this study. Further research on the

effect of hydrating at shorter hydrating times therefore remains necessary.

Fig. 3.8 summarizes the textural properties of the HTSC products based on the measured
tensile stress and strain. For all product compositions changes in mixing intensity resulted in
a shift in behaviour on the diagonal line between the bottom left corner, which indicates

mushy behaviour, to the top right corner, which indicates tough behaviour.

The PPI-WG products show a wider range of textural properties compared with SPC and
SPI-WG products. The cluster of SPI-WG products fell in the middle of the range for the
PPI-WG products. This indicates that the mechanical properties of SPC and SPI-WG were
hardly influenced by the mixing time compared to those of PPI-WG products. This aligns
with the observation that the rheological properties of SPC and SPI-WG doughs and visual
fibrousness of SPC and SPI-WG HTSC products were also hardly different as a result of
different mixing times (Fig. 3.2). Additionally, Schreuders et al. (2019) found the structure
of SPI-WG products was less affected by the processing temperature in the HTSC than PPI-
WG. Furthermore, in our previous study (Chapter 2), varying rotational speed (0-100 rpm)
or shearing time (8 or 15 min) during HTSC processing of PPI-WG yielded similar variations
in the tensile stress and strain of the products, as the variations presented in this study. This
could indicate that SPI-WG is generally more robust to changes in the process conditions

compared with PPI-WG.
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Fig. 3.8 Texture map tensile stress plotted against tensile strain for SPC (m), PPI-WG (e) and SPI-WG (A)
in parallel (closed symbols) and perpendicular (open symbols) direction for products of which the dough was
hydrated for 90 minutes. Shades indicate are of tensile test properties of SPC (blue), PPI-WG (green) and
SPI-WG (orange).

This study gives more insight in the effect of mixing and hydrating time on mixtures of
protein isolates with WG and protein concentrates mixed with water. However, this
information is not sufficient to optimize the mixing strategy before HTSC processing, as
additional variables such as mixer type, mixing speed and mixing temperature should be
further studied to do so. Furthermore, protein isolates can also be mixed with carbohydrates
such as dietary fibres (e.g. pectin or cellulose) instead of gluten, to create fibrous structures
in the HTSC (Schreuders, Schlangen, et al., 2022), but these ingredients were not included
in this study. We expect that mixing of the dough will also influence the final product
properties for protein-carbohydrate HTSC products. Mixing might lead to break up of the
dispersed carbohydrate phase, like the break-up of the pectin phase in a SPI-pectin mixture
at higher shear rates in the HTSC that was observed by Dekkers, Hamoen, et al. (2018).
However, the mechanical deformation during HTSC processing might overshadow the effect
of mixing in this case. Furthermore, we do not expect a clear optimal dough development
time to be visible in the farinograph curves of these mixtures since no network formation
takes place. We therefore expect a similar torque profile as was seen for SPC in this study
(Fig. 3.1) and for other pulse ingredients (Bresciani et al., 2022). However, to the best of our
knowledge the farinograph properties of pulse ingredients with the addition of fibres or

hydrocolloids has not been investigated previously. Therefore, further research on the effect
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of mixing on protein-carbohydrate doughs and their resulting properties remains necessary

before general mixing guidelines can be developed.

Additionally, this research provides more insight in the effects of mixing in the extrusion
process. However, the total SME of mixing and HTSC processing was low compared with
HME processing (section 3.4.3). We therefore expect the subtle effects of mixing on the final
product structure that were found in this study to be overshadowed during HME. This
corresponds with previous research in which screw speed was found to have a minor effect
compared to for example moisture content or barrel temperature (Omohimi et al., 2014;

Samard et al., 2019).
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3.5 Conclusion

This study described the effect of mixing and hydrating soy protein concentrate (SPC), pea
protein isolate (PPI)-wheat gluten (WGQG) and soy protein isolate (SPI)-WG doughs and on the
properties of the properties of HTSC products. The effect of mixing depended on the
composition of the dough. For SPC mixing had a limited effect on the rheological properties
of the doughs and the visual and tensile test properties of the HTSC products. In case of SPI-
WG, prolonged mixing resulted in a slightly tougher dough, but prolonged mixing had no
effect on the final product properties. However, mixing did influence the final product
properties in case of PPI-WG, for which a highest tensile strength was observed when
applying a mixing time of 5 minutes. This could be related to the limited formation of a gluten
network at short mixing times and break-down of the gluten network when using mixing
times longer than 5 minutes. Hydrating the protein doughs after mixing did not result in large

changes in the final HTSC product properties.

The effect of mixing on final product was remarkable as the specific mechanical energy input
of the subsequent thermomechanical treatment in the HTSC is substantially higher than the
SME input during mixing. However, the different effects of mixing on the final product
properties of SPC, PPI-WG and SPI-WG products highlights the importance of considering

the ingredient properties when optimizing the processing parameters for HTSC products.
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3.6 Appendix

3.6.1 Statistical analysis SME

Specific mechanical energy of mixing in the farinograph

A full factorial ANOVA was conducted to compare the main effects of dough composition
(PPI-WG or SPI-WQG) and mixing time as well as their interaction effects on the mixing SME.
The Levene’s test showed that the variances of the groups were not equal (F(11,15)=22.038,
p<0.001). Dough composition (F(1,15)=12.726, p=0.003) and mixing time
(F(5,15)=346.889, p<0.001) were significantly significant. The interaction effect was not
significant (F(5,15)=3.902, p=0.018).

Table S.3.1 Homogeneous subsets effect of mixing time on the mixing SME according to Tukey’s HSD with
p<0.05.

Mixing time (min) Homogeneous subsets mixing SME
2 a

4 a,b

5 b,c

7 c

10 d

30 e

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with
p<0.05
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Fig. S.3.1 Specific mechanical energy (SME) of mixing for SPC, PPI-WG and SPI-WG mixed for different
times. Letters indicate homogeneous subsets according with Tukey’s HSD at P<0.05. Levene’s test for equal

variance is violated (P<0.001). SPC was not included in statistical analysis as only single measurements were
performed.

Specific mechanical energy of thermomechanical processing in the high-
temperature shear cell

A full factorial ANOVA was conducted to compare the main effects of dough composition
(SPC, PPI-WG or SPI-WG), mixing time and hydration time as well as their interaction
effects on the mixing SME. The Levene’s test showed that the variances of the groups were
not equal (F(40,57)=4.978, p<0.001). The effect of dough composition was significant
(F(2,57)=19.832, p<0.001).. Whereas the effect of mixing time (F(6,57)=1.289, p=0.277) and
hydration time (F(2,57)=1.446, p=0.244) and the interaction effects were not.

Table S.3.2 Homogeneous subsets of the effect of protein dough composition on thermomechanical
processing SME according to Tukey’s HSD with p<0.05

Dough composition Homogeneous subsets
SPC b
PPI-WG a
SPI-WG b

*Assumption of homogeneity of variance is violated as tested with the Levene’s test with
p<0.05
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3.6.2 Statistical analysis tensile test

Full factorial ANOVA tensile test

A full factorial ANOVA was conducted to compare the main effects of mixing time and
hydration time as well as their interaction effects on the tensile test properties of HTSC
products (parallel and perpendicular stress, strain and Young’s modulus) for every dough
composition.

Table S.3.3 SPC full factorial ANOVA mixing time and hydration time and their interaction. Bold p-values
indicate significance at p<0.05.

Mixing time Hydration time Mixing * hydration

Parallel stress*

F(6,111)=1.784
p=0.109

F(2,111)=1.108
p=0.334

F(12,111)=1.947
p=0.036

Perpendicular
stress

F(6,111)=1.751
p=0.116

F(2,111)=0.669
p=0.514

F(12,111)=1.564
p=0.113

Parallel strain*

F(6,111)=0.873
p=0.518

F(2,111)=0.622
p=0.239

F(12,111)=1.516
p=0.129

Perpendicular
strain®

F(6,111)=1.499
p=0.185

F(2,111)=0.336
p=0.715

F(12,111)=1.905
p=0.041

Parallel Young’s

modulus

F(6,111)=7.744
p<0.001

F(2,111)=0.875
p=0.420

F(12,111)=3.508
p<0.001

Perpendicular

Young’s modulus*

F(6,111)=7.432
p<0.001

F(2,111)=2.312
p=0.104

F(12,111)=1.478
p=0.143

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05
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Table S.3.4 PPI-WG full factorial ANOVA mixing time and hydration time and their interaction. Bold p-
values indicate significance at p<0.05.

Mixing time Hydration time Mixing * hydration

Parallel stress* F(6,129)=10.649 F(2,129)=1.695 F(11,129)=2.018

p<0.001 p=0.188 p=0.032
Perpendicular F(6,129)=9.738 F(2,129)=1.016 F(11,129)=2.094
stress® p<0.001 p=0.365 p=0.025
Parallel strain* F(6,129)=9.484 F(2,129)=2.108 F(11,129)=2.431

p<0.001 p=0.126 p=0.009
Perpendicular F(6,129)=10.483 F(2,129)=0.750 F(11,129)=1.824
strain® p<0.001 p=0.475 p=0.056
Parallel Young’s F(6,129)=2.796 F(2,129)=11.692 F(11,129)=1.924
modulus* p=0.014 p<0.001 p=0.042
Perpendicular F(6,129)=2.346 F(2,129)=0.880 F(11,129)=0.808

Young’s modulus* p=0.035 p=0.417 p=0.632

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05

Table S.3.5 SPI-WG full factorial ANOVA mixing time and hydration time and their interaction. Bold p-
values indicate significance at p<0.05.

Mixing time

Hydration time

Mixing * hydration

Parallel stress*

F(6,111)=1.784

F(2,111)=1.108

F(12,111)=1.947

p=0.109 p=0.334 p=0.036
Perpendicular F(6,111)=1.751 F(2,111)=0.669 F(12,111)=1.564
stress p=0.116 p=0.514 p=0.113
Parallel strain* F(6,111)=0.873 F(2,111)=0.622 F(12,111)=1.516

p=0.518 p=0.539 p=0.129
Perpendicular F(6,111)=1.499 F(2,111)=0.336 F(12,111)=1.905
strain® p=0.185 p=0.715 p=0.041
Parallel Young’s F(6,111)=7.744 F(2,111)=0.875 F(12,111)=3.508
modulus p<0.001 p=0.420 p<0.001
Perpendicular F(6,111)=7.432 F(2,111)=2.312 F(12,111)=1.478

Young’s modulus*

p<0.001

p=0.104

P=0.143

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05
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One-way ANOVA for mixing time per hydration time and per composition

A one-way ANOVA was conducted to evaluate the effect of mixing intensity per dough
composition and per hydration time. In case of a significant effect of mixing time a Tukey
post-hoc test with a significance level of 0.05 was used to determine the homogeneous
subsets.

Table S.3.6 SPC one-way ANOVA for effect of mixing time for different hydration times. Bold p-values
indicate significance at p<0.05.

90 min

170 min

250 min

Parallel stress

F(6,13)=2.045
p=0.132*

F(6,14)=2.845
p=0.050*

F(6,11)=1.338
p=0.319

Perpendicular stress

F(6,13)=1.154
p=0.387

F(6,14)=1.040
p=0.441

F(6,11)=1.740
p=0.202

Parallel strain

F(6,13)=1.861
p=0.164*

F(6,14)=2.082
p=0.121

F(6,11)=0.321
p=0.913*

Perpendicular strain

F(6,13)=1.092
p=0.417

F(6,14)=0.860
p=0.546*

F(6,11)=0.612
p=0.717

Parallel Young’s modulus

F(6,13)=1.092
p=0.408

F(6,14)=7.062
p=0.001

F(6,11)=2.439
p=0.095

Perpendicular Young’s

modulus

F(6,13)=1.297
p=0.325%

F(6,14)=6.750
p=0.002

F(6,11)=2.254
p=0.115

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05

Table S.3.7 Homogeneous subsets for SPC tensile test parameters for which mixing time had a significant
effect with a Tukey HSD test at p<0.05.

170 min Parallel 170 min Perpendicular Young’s
Young’s modulus modulus*

Control a a, b

2 min b b

4 min a a

5 min b b

7 min a,b b

10 min b a,b

30 min a,b b

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05
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Table S.3.8 PPI-WG one-way ANOVA for effect of mixing time for different hydration times. Bold p-values
indicate significance at p<0.05. Products hydrated for 250 min and sheared for 30 min in perpendicular
direction were too weak to measure and were not included.

90 min

170 min

250 min

Parallel stress

F(6,44)=6.443
p<0.001*

F(6,44)=4.062
p=0.003*

F(5,41)=4.404
p=0.003*

Perpendicular stress

F(6,44)=10.386
p<0.001*

F(6,44)=3.472
p=0.007

F(5,41)=2.597
p=0.039*

Parallel strain

F(6,44)=5.177
p<0.001*

F(6,44)=3.450
p=0.007

F(5,41)=6.403
p<0.001*

Perpendicular strain

F(6,44)=8.733
p<0.001*

F(6,44)=4.048
p=0.003

F(5,41)=2.693
p=0.034

Parallel Young’s

modulus

F(6,44)=0.419
p=0.863*

F(6,44)=4.856
p<0.001*

F(5,41)=2.571
p=0.041

Perpendicular Young’s

modulus

F(6,44)=0.538
p=0.776*

F(6,44)=3.899
p=0.003

F(5,41)=0.826
p=0.538

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05

Table S.3.9 Homogeneous subsets for PPI-WG at a hydration time of 90 min. tensile test parameters for which
mixing time had a significant effect with a Tukey HSD test at p<0.05.

Parallel Perpendicular Parallel strain® Perpendicular
stress® stress* strain*

Control a a a a,b

2 min a a a a,b

4 min a a a,b b,c

5 min b b b c

7 min a,b a a b,c

10 min a a a,b a,b

30 min a a a a

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with
p<0.05
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Table S.3.10 Homogeneous subsets for PPI-WG at a hydration time of 170 min. tensile test parameters for
which mixing time had a significant effect with a Tukey HSD test at p<0.05.
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Control ab a,b a,b a,b a a,b,c
2 min c a,b b,c b,c a,b a,b,c
4 min [¢ b C [ b a,b,c
5 min b,c a,b b,c a,b,c ab b,c
7 min a,b,c a,b a,b,c a,b,c a,b ab
10 min a,b,c b b,c b,c a,b c
30 min a a a a a,b a

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05

Table S.3.11 Homogeneous subsets for PPI-WG at a hydration time of 250 min. tensile test parameters for
which mixing time had a significant effect with a Tukey HSD test at p<0.05. Products sheared for 30 min in
perpendicular direction were too weak to measure and were not included.

Parallel P dicul Parallel
Parallel Perpendicular arafle erpendicutar aralle
strain* strain Young’s
stress* stress®
modulus
Control a a a a "
2 min b a b a .
4 min b a b a "
5 min b a ab.c a .
7 min a,b a b a .
10 min b a b.c a "
30 min a,b - ab - .

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05
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Table S.3.12 SPI-WG one-way ANOVA for effect of mixing time for different hydration times according to
Tukey’s HSD test with p<0.05.

90 min

170 min

250 min

Parallel stress

F(6,41)=2.932
p=0.018

F(6,37)=0.987
p=0.448*

F(6,33)=1.745
p=0.141*

Perpendicular stress

F(6,41)=1.813
p=0.120

F(6,37)=0.610
p=0.721

F(6,33)=3.593
p=0.008

Parallel strain

F(6,41)=2.444
p=0.041

F(6,37)=0.946
p=0.475%

F(6,33)=0.999
p=0.442%

Perpendicular strain

F(6,41)=0.910
p=0.498

F(6,37)=1.564
p=0.185

F(6,33)=3.066
p=0.017

Parallel Young’s

modulus

F(6,41)=5.677
p<0.001

F(6,37)=3.349
p=0.010

F(6,33)=4.583
p=0.002

Perpendicular Young’s

modulus

F(6,41)=6.404
p<0.001

F(6,37)=2.988
p=0.018*

F(6,33)=2.448
p=0.045%*

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05

Table S.3.13 Homogeneous subsets for SPI-WG at a hydration time of 90 min. tensile test parameters for
which mixing time had a significant effect with a Tukey HSD test at p<0.05.

Parallel Parallel Perpendicular Young’s
Parallel stress strain Young’s modulus
modulus
Control a a,b a a
2 min a ab a,b,c ab
4 min a ab c b
5 min a b a,b,c b
7 min a ab b,c b
10 min a ab a,b ab
30 min a a a,b b

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05
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Table S.3.14 Homogeneous subsets for SPI-WG at a hydration time of 170 min. tensile test parameters for
which mixing time had a significant effect with a Tukey HSD test at p<0.05.

Parallel Young’s

Perpendicular Young’s modulus*

modulus
Control a a
2 min a,b a
4 min a a
5 min b a
7 min a a
10 min a,b a
30 min a,b a

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05

Table S.3.15 Homogeneous subsets for SPI-WG at a hydration time of 250 min. tensile test parameters for
which mixing time had a significant effect with a Tukey HSD test at p<0.05.
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Control a a a a,b
2 min a,b a a a,b
4 min a,b a a,b ab
5 min a,b a b a,b
7 min a,b a a,b ab
10 min a a ab a
30 min b a ab b

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with

p<0.05
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3.6.3 Tensile test results 170 and 250 min hydration
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Fig. S.3.3 Tensile strain (1), stress (2) and Young’s modulus (3) in parallel (closed symbols) or perpendicular
(open symbols) direction for SPC (A), PPI-WG (B) and SPI-WG (C) products after 170 min. hydration. The
horizontal lines represent the control treatment at the same hydration time in parallel (filled line) and
perpendicular (dashed line) direction.
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Fig. S. 3.4 Tensile strain (1), stress (2) and Young’s modulus (3) in parallel (closed symbols) or perpendicular
(open symbols) direction for SPC (A), PPI-WG (B) and SPI-WG (C) products after 250 min. hydration. The
horizontal lines represent the control treatment at the same hydration time in parallel (filled line) and
perpendicular (dashed line) direction.

3.6.4 Effect mixing on other type of PPl mixed with WG

In addition to the results discussed in the main manuscript the effect of mixing and hydration
time on another grade of PPI: Nutralys F85M was also investigated. According to the supplier
this ingredient had a larger particle size. However, this difference in particle size was not
found in particle size measurements: Nutralys S85F D43 105.33 pm, Nutralys F85M 104.33
um. The particle size distribution of the used ingredients was determined with laser
diffraction using a Mastersizer 3000 (Malvern Instrument Ltd., Worcestershire, UK)
equipped with a dry dispersion unit (Aero S) and a high energy venturi dispenser. A
dispersion pressure of 2 bar was and the volume-based particle size distribution was
estimated using the Mie theory, using a refractive index of 1.46 (Ramos Diaz et al., 2022)
and an absorption index of 0.1. The particle size distribution of each sample was measured
in triplicate.
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Fig. S. 3.5 Torque profile during mixing of Nutralys F§5M-WG.
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Fig. S. 3.6 Texture maps of at the end of the linear viscoelastic regime (LVE) (A) and at the cross-over (B)
point at 30 °C (closed symbols) 120 °C (open symbols) for Nutralys F85SM-WG. The colour of the datapoints
indicates the mixing time in the farinograph, ranging from blue to red. The control treatment is shown in

black.
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Fig. S. 3.7 Mixing SME and thermomechanical processing SME Nutralys F85M-WG.

75



Chapter 3

Hydration time
90 min 170 min 250 min

Control

Mixing time

Fig. S. 3.8 Representative extensive depth of field (EDF) images of SPC HTSC products processed after
different mixing and hydration times taken with a SmartZoom digital microscope at 36x magnification.
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Fig. S.3.9 Tensile strain (1), stress (2) and Young’s modulus (3) in parallel (closed symbols) or perpendicular
(open symbols) direction for Nutralys F8SM-WG, hydrated for 90 (A), 170 (B) or 250 min (C). The horizontal
lines represent the control treatment at the same hydration time in parallel (filled line) and perpendicular
(dashed line) direction.

77




Chapter 3

Table S.3.16 Nutralys F8SM-WG full factorial ANOV A mixing time and hydration time and their interaction.
Bold p-values indicate significance at p=0.05.

Mixing time Hydration time Mixing*hydration

Parallel stress*

F(6,90)=8.077

F(2,90)=0.107

F(10,90)=1.032 p=0.424

p<0.001 p=0.899
Perpendicular F(6,90)=3.778 F(2,90)=1.333 F(10,90)=1.278 p=0.255
stress® p=0.002 p=0.269
Parallel strain* F(6,90)=10.662 F(2,90)=0.238 F(10,90)=0.795 p=0.633
p<0.001 p=0.789
Perpendicular F(6,90)=5.391 F(2,90)=3.223 F(10,90)=1.256 p=0.268
strain® p<0.001 p=0.044
Parallel Young’s F(6,90)=3.045 F(2,90)=12.039 F(10,90)=2.346 p=0.016
modulus* p=0.009 p<0.001
Perpendicular F(6,90)=3.220 F(2,90)=10.904 F(10,90)=1.658 p=0.103

Young’s modulus*

p=0.007

p<0.001

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05

Table S.3.17 Nutralys F85M-WG one-way ANOVA for effect of mixing time for different hydration times.

90 min

170 min

250 min

Parallel stress

F(6,34)=3.117
p=0.015*

F(6,32)=2.833
p=0.025*

F(4,29)=6.354
p=0.001

Perpendicular stress

F(6,34)=2.198
p=0.067*

F(6,32)=3.340
p=0.011*

F(4,29)=1.668
p=0.190*

Parallel strain

F(6,34)=3.403
p=0.010*

F(6,32)=3.988
p=0.004*

F(4,29)=7.185
p<0.001*

Perpendicular strain

F(6,34)=4.039
p=0.004

F(6,32)=4.651
p=0.002

F(4,29)=1.467
p=0.243

Parallel Young’s

modulus

F(6,34)=3.824
p=0.005

F(6,32)=1.691
p=0.155*

F(4,29)=2.169
p=0.103

Perpendicular Young’s

modulus

F(6,34)=2.497
p=0.041

F(6,32)=2.088
p=0.082*

F(4,29)=2.259
p=0.093

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05
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Table S.3.18 Homogeneous subsets for Nutralys F8SM-WG at a hydration time of 90 min. tensile test
parameters for which mixing time had a significant effect with a Tukey HSD test at significance level p<0.05.
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Control ab ab a,b b a,b
2 min a,b a,b ab ab a
4 min a,b b b a a,b
5 min b a,b a,b ab a,b
7 min a,b a,b b ab a,b
10 min a a,b a ab b
30 min a a ab ab a,b

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05

Table S.3.19 Homogeneous subsets for Nutralys F8SM-WG at a hydration time of 170 min. tensile test
parameters for which mixing time had a significant effect with a Tukey HSD test at significance level p<0.05.

Parallel Perpendicular stress* Parallel Perpendicular strain
stress* strain*

Control a a a a,b

2 min a b a,b c

4 min a a,b b b,c

5 min a a,b b a,b,c

7 min a a,b b b,c

10 min a a,b a,b b,c

30 min a a a,b a

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05
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Table S.3.20 Homogeneous subsets for Nutralys F8SM-WG at a hydration time of 250 min. tensile test
parameters for which mixing time had a significant effect with a Tukey HSD test at significance level p<0.05.
Products sheared for 10 or 30 minutes were too fragile to measure and were not included.

Parallel stress Parallel strain*
Control a a
2 min b b,c
4 min b c
5 min a,b b,c
7 min a,b a,b
10 min - -
30 min - _

* Assumption of homogeneity of variance is violated as tested with the Levene’s test with p<0.05
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Chapter 4

Near-infrared spectroscopy-based quantification of
sunflower oil and pea protein isolate in dense
mixtures for novel plant-based products

This chapter has been published as Kéllmann, N., Schreuders, F. K. G., Mishra, P., Zhang,
L., & der Goot, A. J. van. (2023). Near-infrared spectroscopy-based quantification of
sunflower oil and pea protein isolate in dense mixtures for novel plant-based products.

Journal of Food Composition and Analysis, 121, 105414,



Chapter 4

4.1 Abstract

Techniques to quantify oil and protein in plant-based products are laborious and
environmentally harmful. This study explores the potential of near-infrared (NIR)
spectroscopy as an alternative method for rapid and non-destructive quantification of oil and
protein in mixtures with known content of sunflower oil and pea protein isolate (PPI).
Accurate calibrations with partial least square regression (PLSR) were possible for sunflower
oil (Root Mean Standard Error of the Test (RMSET) set, 0.33%; coefficient of determination
of the test set (R%), 0.99) and PPI content (RMSET, 1.24%; R?%, 0.99). Prediction of an
extrapolated validation set was less accurate for sunflower oil (Root Mean Standard Error of
the Validation (RMSEV) set, 2.65%; coefficient of determination of the validation set (R%),
0.70), but was successful for PPI content (RMSEV, 2.43%; R, 0.93). Wavelength range
reduction for CH/NH bonds improved the predictions of the PLSR models for oil but not for
PPI. Wavelength selection using the Covariance Selection (CovSel) algorithm reduced the
number of wavelengths from 2151 to 3 without loss of prediction accuracy within the
calibration range. Wavelength range reduction gave the best model for oil; wavelength
selection was best for PPI. NIR spectroscopy is a promising tool to determine oil and protein

in plant-based foods rapidly and with sufficient accuracy.
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4.2 Introduction

There has been increasing demand for plant-based products in the past 5 years (Good Food
Institute, 2022). Consumers want to reduce their consumption of animal-based products for
health and environmental reasons (Atta-Delgado et al., 2023; Cheah et al., 2020).
Replacement of animal-based products is thought to be facilitated by plant-based products
that are similar in texture and taste to the animal-product they intend to replace (Jaeger et al.,
2023; Michel et al., 2021). Protein and oil are important contributors to the sensory and the
nutritional profile of these new plant-based products (Kyriakopoulou et al., 2021). However,
it is not easy to obtain the desired levels of oil in those products with a concentrated protein
matrix. For example, it has been reported that oil is expelled from the protein matrix if more
than 4-5 wt.% oil is added before or during extrusion of meat analogues (Cheftel et al., 1992;
Kendler et al., 2021). Thus, the oil content in the final product might differ from the amount
added, making analysis of the oil and protein levels in dense plant-based products of special

interest.

Current measurement techniques for oil and protein content are laborious, require many
samples and large sample amounts, and are hazardous and environmentally harmful (Pallone
et al., 2018; Prevolnik et al., 2011; Tagersen et al., 2003). Organic solvent extraction is the
traditional method of determining oil content in meat and meat analogues. The official
Soxhlet extraction method recommended by the AOAC (Townshend, 1987) is widely used
for determining oil content in food products. However, previously, we found that some oil
remains encapsulated in the food matrix at the end of the extraction process (Berghout et al.,
2014), making accurate analysis of the oil content difficult. Similarly, the analysis of protein
content in the food matrix is also not straightforward; the protein content measured is
dependent on the method used. Amino acid analysis gives the most accurate results, because
it is least affected by non-protein components in the sample (Mahre et al., 2018). However,
the cost of this method is high. For this reason, the most frequently used methods for protein
determination are based on the total nitrogen content of the sample: Kjeldahl’s method and

the Dumas method (Mahre et al., 2018; McClements et al., 2021).

Near-infrared (NIR) spectroscopy has the potential to quantify the oil and protein content in
plant-based products non-destructively. It is a rapid, low-cost, non-destructive, accurate, and
reliable method, requires minimal or no sample preparation before analysis, and can analyse

multiple attributes simultaneously (Klaypradit et al., 2011; Stubbs et al., 2010; Wu et al.,
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2008). Oil, protein, and moisture can be identified through the overtones and combinations
related to CH, NH, and OH bonds captured in the NIR range of the electromagnetic spectrum
(Osborne, 2000). NIR spectroscopy has already been applied to protein ingredients
commonly used in plant-based products, such as soy, pea, and gluten (Aykas et al., 2020;
Cai, 2017; Hughes et al., 2001; Mourya et al., 2016; Sato et al., 2002), and is therefore
expected to be a suitable technique for the measurement of oil and protein content in plant-
based products. Furthermore, NIR spectroscopy has been applied to measure the fat and
protein content of different types of meat, fish and cheese (Ayvaz et al., 2021; Dixit & Reis,
2023; Goi et al., 2022; Kucha et al., 2022; Mishra et al., 2021; Reis et al., 2022). However,
to the best of our knowledge, NIR spectroscopy has been used only for texturized vegetable
proteins (TVPs) (Squeo et al., 2022), not yet for dense plant-based products that have a higher

water content.

NIR spectroscopy data are multivariate in nature with several peaks overlapping (Pasquini,
2018). Chemometric modelling is therefore used to resolve the broad peaks in NIR spectra
(Pasquini, 2018). Latent variable (LV) extraction methods are often used to extract the
relevant chemical components to perform tasks such as regression and classification. Partial
least squares regression (PLSR) is commonly used for this (Wold et al., 2001). In addition to
the extraction of LVs from the complete spectrum, the use of a reduced wavelength range or
specifically selected wavelengths further simplifies and improves the measurement and
calibration model. Reduction of the wavelength range or the number of variables results in
better prediction because the effect of irrelevant noise on the model is reduced (Barbin et al.,
2013; Z. Wang et al., 2022). Variable selection is used to identify which specific wavelengths
are important for analysis. The use of a reduced number of wavelengths increases the speed
of the analysis, which is relevant when using NIR for inline or online measurements. In this
study, wavelength selection was done using the covariates selection (CovSel) approach

(Roger et al., 2011).

In the present work, dense sunflower oil/pea protein isolate (PPI)/water mixtures were used
as a simplified model mixture for dense plant-based products. NIR spectroscopy was used to
determine the content of sunflower oil and PPI in these mixtures. Models based on the 1% and
2" CH overtones and 1 and 2" NH overtones in the NIR region were separately developed
for the prediction of the sunflower oil and PPI content, respectively. To do this, data were

analysed by PLSR. Variable selection with the CovSel approach was used to identify the
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most significant wavelengths that explain the sunflower oil and PPI prediction in the
mixtures. Finally, the most important factors that need to be considered before applying NIR

spectroscopy to processed plant-based products will be discussed.
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4.3 Materials and methods

43.1 Materials

Pea protein isolate (PPI) (NUTRALYS S85F) was obtained from Roquette Fréres S.A.,
(Lestrem, France). PPI had a dry matter content of 93.6 wt.% and consisted of 74.7 wt.%
protein (N x 5.58) on a dry matter basis. Sunflower oil (Albert Heijn, Zaandam, the
Netherlands) was purchased from a local supermarket. Before use, the sunflower oil was
stored at room temperature in a closed cabinet for 9 months. According to the supplier, the

sunflower oil contained 10% saturated and 82% unsaturated fats.

4.3.2 Sample preparation

To construct the sunflower oil calibration curve, dispersions of sunflower oil (0—-10 wt.%)
and PPI (40 wt.% on a dry weight basis) in water (50—60 wt.%) were manually mixed until
visually homogeneous. The ingredients were added to the mixture in the following order
before mixing: PPI, water, sunflower oil. Water was replaced by sunflower oil in steps of 1
wt.%. In addition, seven dispersions of sunflower oil (5 wt.%) and 30-60 wt.% PPI in water
(35-65 wt.%) were prepared for the PPI calibration curve. Water was replaced by PPI in steps
of 5 wt.%. Finally, a validation set was prepared with eight different dispersions of 30-55.6
wt.% PPI and 0-10 wt.% sunflower oil in 35.9-65 wt.% water. The validation set was based
on an inscribed Central Composite Design (Ranade & Thiagarajan, 2017) with 30%—-60% as
limits for PPI content and 0%—10% for sunflower oil content. The extreme point with a PPI
content of 60%, sunflower oil content of 5% and water content 35% was not used, because it
was not possible to obtain a homogeneous mixture with this composition. Fig. 4.1 gives an
overview of the mixture composition as it was weighed and rounded off to one decimal place.

Unrounded numbers were used for all subsequent analyses.

The mixtures were then hydrated for 30 min. All mixtures were divided into three different
cups with an internal diameter of 2.7 cm and a height of 1.5 cm until they were filled. The
samples were slightly compressed to ensure a smooth surface and reduce air in the sample
cup. Before measurement, the mixtures were stored in closed zip-lock bags to prevent

evaporation of moisture.
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Fig. 4.1 Composition of the mixtures used for sunflower oil calibration, PPI calibration and validation based
on weight.

4.3.3 NIR spectroscopy measurements

Near-infrared (NIR) spectral measurements were performed using a Hi-Res, ASD LabSpec
spectrometer (Malvern Panalytical, Malvern, UK). The measurements were performed using
an area scan probe (Hi-Brite probe) with a spot size of 10 mm. The probe was placed in a
tripod and positioned above the sample as close as possible without touching the mixtures.
The probe has an in-built 6.5 W halogen light source for illumination and optical fibres were
used to capture the reflected light. The instrument was controlled using the Indico Pro
software (Malvern Panalytical, Malvern, UK). The integration time was optimized
automatically by the Indico Pro software and was set at 15 ms. The Indico Pro software
automatically provided the average of ~5 consecutive measurements and radiometric

calibration with white and dark references.
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4.3.4 Spectral pre-processing

Several pre-processing steps were applied to the reflectance spectra before regression
modelling. First, the reflectance was converted to absorbance. Scattering in the NIR
reflectance spectra was reduced using standard normal variate (SNV) correction. In SNV
correction, each spectrum is centred and divided by its standard deviation, resulting in a
common scale for all spectra (Barnes et al., 1989). The spectra were smoothened using the
Savitzky-Golay (SAVGOL) algorithm (Savitzky & Golay, 1964) and the 1% derivative was
estimated to reveal underlying peaks. A window size of 31 was used for smoothening.

Covariates selection (CovSel) was applied to the raw reflectance spectra.

4.3.5 PLSR modelling

Partial least square regression (PLSR) is a commonly used chemometric technique for
interpretation of NIR spectral data (Wold et al., 2001). PLSR deals with the multi-co-linearity
in the multivariate signal by extracting the underlying peaks to find the inherent latent
variables (L'Vs). PLSR starts by extracting a set of new variables (known as scores), which
are based on the projection of the data into the direction of LVs. Because of this, the LVs
have maximum covariance with the response variables. In the present work, PLSR was
implemented with MATLAB’s default plsregress function. For each mixture composition,
the spectra of two of the sample cups were used to prepare the calibration curves and one
sample cup was used as a test set. The calibration set consisted of 2 x 11 =22 samples for
sunflower oil content and 2 x 7 = 14 samples for PPI content. A default leave-one-out cross-
validation approach was integrated to optimize the LVs. The LVs were then selected by

identifying the inflection point. Figs. S.4.1 and S.4.2 show the LV selection results.

4.3.6 Variable selection with CovSel

The CovSel method is a popular chemometric technique for filtering important wavelengths
(Roger et al., 2011). The CovSel algorithm performs wavelength selection by iterating two
steps. The first step is a search for the variable index that is closest to the response variables.
As a second step, the selected wavelength is removed from the predictor and response matrix
using orthogonal projection. The process is then repeated for a specified number of
wavelengths. The resulting explained variation plotted as a function of the wavelengths

extracted was used to decide on the optimal number of variables. Our CovSel implementation
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was performed using code developed in-house (Roger et al., 2011). CovSel was applied to
the raw reflectance spectra without pre-processing to ensure rapid analysis in real-life
applications. Once the wavelengths were selected, multiple linear regression, implemented

using the plsregress function in MATLAB, was run to achieve the final calibration model.

4.3.7 Data analysis
All data analysis was performed using MATLAB 2019b (Natick, WA, USA). The analysis

was a combination of in-built functions from MATLAB’s toolboxes and in-house code. The
calibration and prediction results were analysed in terms of the root mean standard error of
calibration (RMSEC), root mean standard error of the test set (RMSET), regression
coefficient of calibration (R%) and regression coefficient of the test set (R%). The
extrapolation of the model was analysed in terms of the root mean standard error of validation
(RMSEV) and the regression coefficient (R2,) estimated on a new independent validation set

generated in a new experiment.
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4.4 Results and discussion

44.1 PLSR calibration for prediction of sunflower oil content

Fig. 4.2 shows the mean spectral profiles of the mixtures that were used for the sunflower oil
calibration curve in the complete visible and near-infrared (NIR) spectrum (350-2500 nm),
in the 1% CH overtone region (1600—1800 nm) and in the 2" CH overtone region (1100-1250
nm). These mixtures had increasing sunflower oil content (0—10 wt.%) and decreasing water
content (60-50 wt.%) but had a constant pea protein isolate (PPI) content (40 wt.%). All
sunflower oil calibration mixtures exhibited similarities in spectral absorbance patterns with
differences in the magnitude of absorbance throughout the NIR range (350-2500 nm). The
differences observed in spectral absorbance of the mixtures are related to the changes in the
composition (0—10 wt.% sunflower oil and 60-50 wt.% water). The absorbance in the oil
overtones region increased as the sunflower oil content increased. This indicates increased
absorption of NIR radiation by the sunflower oil. For this reason, the spectral data were
considered suitable for further analysis using partial least square regression (PLSR). The
change in absorbance is linked to the overtones and stretching of the CH bonds present in oil
(Brendum et al., 2000; Cozzolino & Murray, 2004; Ding & Xu, 2000; Hoving-Bolink et al.,
2005; Skibsted et al., 2005).

The absorption in the 1% overtone region of the OH bonds (1400-1500 nm) (Shaw &
Mantsch, 2006) decreased with increasing sunflower oil content (Fig. S.4.3). The oil content
and water content in the samples were inversely correlated. The decreased absorption with
an increasing water content therefore indicated an increased adsorption by the water in the
sample. However, this effect is not clearly visible in the 2 overtone region of the OH bonds

(950-1100 nm) (Shaw & Mantsch, 2006).
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Fig. 4.2 Average spectral profiles of the meat analogue mixes. The sunflower oil content in the mixes is
indicated with colours ranging from red to green. (A) Complete spectra, (B) 1% overtones region for CH bonds
(1600-1800 nm), and (C) 2™ overtones region for CH bonds (1100-1250 nm).

A PLSR model for the content of sunflower oil was constructed based on the complete visible
and NIR range (350-2500 nm), based on the range of the 1% CH overtone (1600—1800 nm)
and the 2 CH overtone (1100-1250 nm). Fig. 4.3 shows the fit of the PLSR models. The
regression coefficient of calibration (R%;) and regression coefficient of the test set (R*) of
these models were 0.99-1.00 for the different wavelength ranges. This indicates that the
models have a similar quality when comparing the model outcomes with the measurement of
oil content in plant-based or animal products (Aykas et al., 2020; Dixit & Reis, 2023; Fowler
et al., 2021; Squeo et al., 2022). However, R? depends on the variance of the dataset used,
which makes direct comparison of the models based on different datasets complicated
(Kjeldahl & Bro, 2010). In this study, we were able to control the distribution of the sample
compositions, which distinguishes this approach from studies using products with biological

variation such as meat or fish.

The selection of a narrower wavelength range allowed an improved prediction of the
sunflower oil content in the mixtures in the test set. The root mean standard error of the test
set (RMSET) of the models based on the 1% (0.19%) and 2™ (0.11%) overtones were lower
compared with the RMSET of the model based on the complete spectrum (0.33%). In
addition, the necessary number of latent variables (LVs) was lower for the models based on
the overtone regions (6 or 4 instead of 9 LVs). Models based on the 1% and 2" overtones
could also predict the values for the extrapolated validation set rather well, with the models
on the 2" overtone giving best predictions (root mean standard error of validation (RMSEV)

1.31% 1%t overtones and 0.92% 2" overtones). The spread of the predicted sunflower oil
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content of samples in the external validation set with the same sunflower oil content was
larger than that of the predictions of the calibration and test set samples. This can be explained
by the different PPI and water contents in the validation set compared with the calibration
set. Wavelength range reduction for the 1%*and 2" overtone regions of the CH bonds reduced
the spread of the sunflower oil content predictions for both the calibration and test sets and

the external validation set.
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Fig. 4.3 PLSR calibration of sunflower oil content for different spectral ranges. (A) Complete visible and NIR
spectroscopy (350-2500 nm) spectra, (B) 1% overtones region for CH bonds (1600-1800 nm), and (C) 2"
overtones region for CH bonds (1100-1250 nm). The points in green are the calibration set, points in red are
the test set and points in blue are the validation set.
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Fig. 4.4 shows the regression coefficients of the PLSR models for sunflower oil content based
on the complete spectrum and the 1% and 2" overtone regions. The regression coefficients of
PLSR models show which wavelengths contributed most to the prediction. From the
regression coefficients obtained for the model based on the complete spectrum, we concluded
that the 1%and 2" overtones are indeed important wavelength ranges for the prediction of the
sunflower oil content in these mixtures. However, the wavelengths in the combination region
of the spectrum (2200-2500 nm) also contributed to the regression coefficient of the entire
spectrum. This was not considered as a separate wavelength range because of the weaker
signal in the combination region of the spectrum compared with the overtone regions (Ozaki

& Morisawa, 2021).
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Fig. 4.4 Regression coefficients from PLSR calibration for different spectral ranges. (A) Complete visible
and NIR spectroscopy (350-2500 nm) spectra, (B) 1% overtones region for CH bonds (1600-1800 nm), and
(C) 2™ overtones region for CH bonds (1100-1250 nm).

442 PLSR calibration for PPl content

The mean spectra of the mixtures with varying PPI content had peaks at the same positions
as the spectra measured for mixtures with different sunflower oil content. However, Fig. 4.5
shows the intensity of absorbance varied more with changes in PPI content compared with
the spectra for sunflower oil content (Fig. 4.2). This was most likely caused by the larger
variation in composition of the mixtures within the PPI calibration set compared with the
sunflower oil calibration set. The absorption in the NH overtones decreased as the PPI content
increased, which was not expected. This decreased absorption was possibly related to the
decreasing water content (65—35 wt.%) of mixtures with increasing PPI content (30—60
wt.%), which might have overshadowed the absorption by the PPI. The overtones of the OH
and NH bonds lie in the same wavelength region (Shaw & Mantsch, 2006), which explains
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this effect. Similarly, Barbin et al. (2013) reported that the effect of NH stretching was indeed

suppressed by water when applying NIR to measure the composition of pork.
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Fig. 4.5 Spectral profiles of the meat analogue mixes. The initial PPI content in the mixes is indicated with
colours ranging from red to green. (A) Complete spectra, (B) 15 overtones region for NH bonds (1450-1550
nm), and (C) 2" overtones region for NH bonds (1000-1100 nm).

Just like the PLSR models for the sunflower oil content, PLSR models for the PPI content of
the PPI calibration dataset were constructed based on the complete spectrum (350-2500 nm),
on the 1*NH overtones (1450-1550 nm) and on the 2" NH overtones (1000—1100 nm). Fig.
4.6 shows the R?% of these models was 0.99, indicating that the quality of the calibration
models for the PPI content and sunflower oil content was similar. R? indicates that the
performance of our models was similar to that in earlier research in which NIR spectroscopy
was used to the determine the protein content of soybeans, texturized vegetable proteins
(TVPs) or pork (Aykas et al., 2020; Barbin et al., 2013; Mishra et al., 2021; Squeo et al.,
2022). However, as discussed in Section 4.4.1, our products with a pre-defined composition
have a more controlled variation than real-life products, which hinders exact comparison of

the models.

Reduction of the wavelength range only improved the prediction of the PPI content when the
2" overtone region of the NH bond was used (RMSET 0.94% instead of 1.24%) and
decreased the model quality when the PLSR model was based on the 1% overtones (RMSET
3.43%). The PPI content of the external validation set was better predicted by the PLSR
model based on the complete wavelength range compared with the PLSR model based on the
1*tand 2" overtone ranges (RMSEV 2.43% compared with 5.43% or 2.86%). The predicted
PPI content of the samples in the external validation set had a larger spread compared to the
calibration and test set samples, especially at a PPI content of 35%. This can be explained by

the different sunflower oil and water contents of these samples compared to the calibration
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set. A reduction of the wavelength range did not reduce this spread in the predicted PPI
content. This indicates that wavelength range reduction for PPI was a less successful
approach than for sunflower oil. However, it was found that only 3 LVs instead of 5 or 8
were necessary to construct the PLSR model based on the 2™ overtone region. In addition,
the prediction bias of the 2" overtone model was the lowest (—0.12 compared with 0.38 or

1.91). This means that wavelength range selection is still beneficial.
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Fig. 4.6 PLSR calibration of PPI content for different spectral ranges. (A) Complete visible and NIR
spectroscopy (350-2500 nm) spectra, (B) 1* overtones region for NH bonds (14501550 nm), and (C) 2"
overtones region for NH bonds (1000—-1100 nm). The points in green are the calibration set, points in red are
the test set and points in blue are the validation set.
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Fig. 4.7 shows the regression coefficient of the PLSR model based on the complete spectral
range. Some of the main wavelengths on which the prediction is based (458, 499, 2036 and
>2300 nm) are not in the NH overtone regions, which explains why the models based on the
1%t overtones performed worse than the model based on the complete spectrum. Even though
the important wavelengths in the complete spectrum were not directly associated with NH
overtones, wavelengths >2300 nm have been reported previously as a part of the wavelengths
that are predictive for protein content of wheat (Chen et al., 2018; Ranzan et al., 2015) or
lamb (Pu et al., 2014).
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Fig. 4.7 Regression coefficients from PLSR calibration of PPI content for different spectral ranges. (A)
Complete visible and NIR spectroscopy (350-2500 nm) spectra, (B) 1% overtones region for NH bonds (1450—
1550 nm), and (C) 2" overtones region for NH bonds (1000—1100 nm).

443 Selecting key features for predicting sunflower oil and PPl content

The CovSel approach was applied to reduce the complexity of the model by identifying key
wavelengths. The wavelengths selected by the algorithm allow the development of low-cost
spectral sensors, thereby increasing the speed of both the measurement and the processing
time of the PLSR model. This simplification is beneficial when NIR is used for quality
control in a food production environment. Figs. 4.8 and 4.9 show the results for the
application of covariates selection (CovSel) for the prediction of sunflower oil and PPI
content, respectively. Application of CovSel showed that only 3 wavelengths instead of the
2151 in the complete wavelength range were sufficient to adequately predict the sunflower
oil or PPI content of the mixtures, implying a complexity reduction of 717 times. The
RMSET of the prediction of the sunflower oil content slightly decreased after wavelength
selection (from 0.33% to 0.29%) (Fig. 4.3A and Fig. 4.8C) compared with the PLSR model
based on the complete spectral range. However, the PLSR models based on the CH overtones

performed better (RMSET 0.19% and 0.11%) compared with the model based on the selected
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wavelengths. Selection of a wavelength range was therefore a more successful approach to
reduce model complexity for sunflower oil content prediction. Furthermore, the prediction
of the sunflower oil content in the validation set worsened after wavelength selection
(RMSEV 3.55% instead of 2.65%). This indicates that the simplification of the model for
sunflower oil content by wavelength selection reduces its applicability to samples outside the

calibration range.

For quantification of the PPI content, wavelength reduction with the CovSel approach led to
an increased RMSET for all spectral regions investigated (0.89% instead of 1.24%, 3.43% or
0.94%). Furthermore, the prediction of the PPI content of the validation set improved slightly
after the use of CovSel (RMSEV 1.45% instead of 2.43%, 5.43% or 2.86%). The CovSel

approach was therefore beneficial for the accuracy of the prediction of PPI content.

The positive effect of wavelength selection on PLSR models has been described previously
by many other authors. Generally, it was found that the influence of noise and interfering
factors was reduced when selecting variables specifically linked to the component of interest
(Barbinetal.,2013; Z. Wang et al., 2022). The high quality of the PLSR models for sunflower
oil content based on the CH overtones indicates that wavelength range reduction successfully
reduced the influence of interfering factors. This could explain why wavelength selection
with CovSel did not result in a further improvement of the model, compared to wavelength
range reduction. However, for PPI content wavelength range reduction was less successful.
This was caused by the large influence of the water content on the absorbance in the NH
overtone regions of the NIR spectrum (Fig. 4.5). This might explain why the application of
CovSel improved the prediction of PPI content compared with the models based on the NH

overtones.

In this study, the CovSel approach was applied to the raw reflectance data to ensure rapid
analysis during real-life application and to be able to identify the key wavelengths in the
reflectance data. However, pre-processing of the NIR spectra could reveal the underlying
peaks in the spectral data. The effect of pre-processing on our PLSR models and the models

after wavelength selection is shown in Tables S.4.1, S.4.2, S.4.3 and S.4.4.

The application of CovSel facilitates the use of NIR spectroscopy for quality control during
the production of plant-based products. Inline use of NIR has already been successfully

applied for cereal extrusion (Dodds & Heath, 2005; Evans et al., 1999). Inline measurements
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are only feasible for use in industry when the scanning of the sample is fast enough, and the
probe is affordable. Fast measurements can be achieved through the application of
monochromators, but those can only be applied when sufficient information can be extracted
when measuring a small wavelength range. Wavelength selection is therefore an important
tool to improve online use of this technique (Dodds & Heath, 2005). In this study, we showed
that models based only 3 wavelengths already predicted the content of sunflower oil and PPI
reasonably well, which means NIR has strong potential as an inline measurement method

during the production of plant-based products.

Figs. 4.8B and 4.9B show the most important wavelengths related to sunflower oil and PPI
content. Remarkably, the wavelengths around 1211 nm that were selected here were also
found to be important for the prediction of fat content in minced pork (1211 nm) (Barbin et
al., 2013) and lamb (1212 nm) (Fowler et al., 2021; Pu et al., 2014). Apparently, this
wavelength is very strongly linked to the oil content in different matrices. We did not find

such a characteristic wavelength in previous studies that reported on protein content.
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Fig. 4.7 CovSel variable selection and calibration models with the selected variables for the sunflower oil
content. CovSel variable selection and calibration models with the selected variables. (A) Selection of the
necessary number of wavelengths, (B) selected wavelengths plotted with the average spectrum of all samples
in the sunflower oil calibration set. (C) The calibration plot with the selected wavelengths obtained in (A) and
(B) with the calibration (green), test (red) and validation (blue) sets.
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Fig. 4.8 CovSel variable selection and calibration models with the selected variables for the pea protein isolate
(PPI) content. CovSel variable selection and calibration models with the selected variables. (A) Selection of
the necessary number of wavelengths, (B) selected wavelengths plotted with the average spectrum of all
samples in the PPI calibration set. (C) The calibration plot with the selected wavelengths obtained in (A) and
(B) with the calibration (green), test (red) and validation (blue) sets.

444 Perspectives for the use of NIR spectroscopy for the compositional

measurement of plant-based foods
In this study, we showed that NIR spectroscopy can be used to measure the sunflower oil and
PPI content of simple sunflower oil/PPI/water model mixtures. However, commercial plant-
based products have a more complex composition and texture compared to these simple
mixtures. Before NIR spectroscopy can be applied to dense plant-based products such as

meat analogues, several factors should be considered.
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First, only one source of oil (sunflower) and one protein ingredient (PPI) were studied. Most
likely, calibration curves need to be constructed for different protein sources, because the
visible part of the vis-NIR spectrum is affected by the protein source of pulse flours
(Sivakumar et al., 2022). Furthermore, commercial plant-based products have a more
complex composition compared to the three-component mixtures studied here. Meat
analogues for example also contain flavourings, binding agents, and colouring agents
(Kyriakopoulou et al., 2021). These additional ingredients could influence the vis-NIR
spectra and should therefore be included when a calibration curve for the final product is
created. It is well known that the robustness of NIR spectroscopy is low with changes in
temperature, sample composition and the physical structure of the sample. This means
calibration models need to be updated regularly (Zeaiter et al., 2006). Several methods to
facilitate updating of the calibration models and reduce the need for re-calibration have been
explored (Mishra & Nikzad-Langerodi, 2021; Zeaiter et al., 2006), but it remains one of the

main limitations of the use of NIR spectroscopy.

Second, the simple mixtures that were measured in this study were not heated, unlike meat
analogues. Thermal treatment is known to affect the NIR spectra to a large extent, and NIR
spectroscopy has even been used to measure the temperature during heat treatment of animal
products (O’Farrell et al., 2011; Skara et al., 2014; Uddin et al., 2006; Wold et al., 2020).
The effect of thermal treatment on these products remained measurable after they cooled
down (Uddin et al., 2006; Skara et al., 2014). The effect of thermal treatment on the NIR
spectra is caused by differences in the hydrogen-bonded water structure (Biining-Pfaue,
2003). This causes a shift in the absorption bands of water (Wold et al., 2020). Furthermore,
changes in protein confirmation due to thermal denaturation can also result in changes in the
NIR spectra (Uddin et al., 2002). Therefore, the PLSR models prepared in this study cannot
be used directly for final meat analogue products. However, for meat products and TVPs, it
has been shown that NIR spectroscopy can be applied to measure the composition of cooked
products (Bajawa & Apple, 2011; Ma et al., 2018; Squeo et al., 2022). A next step could be
to apply this method to processed mixtures after the creation of a new PLSR model based on

previously heated products.

Another challenge for the measurement of the composition of meat analogues is their fibrous

nature, which affects the scattering pattern of NIR radiation. Grinding could overcome this

103




Chapter 4

problem, as already shown for meat (Cozzolino et al., 2000; Gaitan-Jurado et al., 2008).

However, this would add additional sample preparation steps.

In summary, our results show that NIR spectroscopy is a promising technique to measure the
oil and protein content of dense protein mixtures with a composition similar to meat
analogues. To analyse processed meat analogues, dedicated calibration curves should be
created before this technique can be applied in real-life situations. However, with those
calibration curves, a sound estimation of meat analogue compositions can be expected using

the procedures described in this paper.

To produce successful plant-based products, not only the total oil content but also the
distribution of the oil is important. In our simple PPI/water/oil mixtures, we expected the oil
distribution to homogeneous. For processed meat analogues, in which this is not the case,
hyperspectral imaging could be applied to visualize the distribution of oil, as has already been
done for salmon (Dixit & Reis, 2023), pork (Kucha et al., 2022) and TVPs (Squeo et al.,
2022). Therefore, hyperspectral imaging is a promising technique to show the distribution of

oil and protein in the final meat analogue product.
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4.5 Conclusion

Near-infrared (NIR) spectroscopy offers a rapid and non-destructive method for measuring
the contents of sunflower oil and pea protein isolate (PPI) in dense sunflower oil/PPI/water
mixtures. PLSR showed that the sunflower oil and PPI content could be predicted accurately.
Wavelength range reduction and wavelength selection with the covariates selection (CovSel)
approach could be used to simplify the model and improve the model quality. Wavelength
range reduction was the most successful approach for oil content, but the CovSel approach
was more successful for PPI content. The key wavelengths were 670, 1315 and 1211 nm for
prediction of the sunflower oil content and 1330, 711 and 1442 nm for prediction of the PPI
content. The selected wavelengths allow development of a cheap multi-spectral spectrometer
for rapid analysis of oil or protein content in plant-based products. This would allow better
quality control during the production of plant-based products and could therefore aid in the
production of high-quality plant-based products. We expect that the method could be

extended to other dense plant-based products before and after thermo-mechanical processing.
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4.6 Appendix
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Fig. S.4.1 LV selection for PLSR models for sunflower oil content based on cross validation for the for the
complete spectra (A), 1st CH overtones (B) and 2nd CH overtones (C).
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Fig. S.4.2 LV selection for PLSR models for protein content based on cross validation for the complete spectra
(A), 1*t NH overtones (B) and 2" NH overtones (C).
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Fig. S.4.3 Average spectral profiles of the meat analogue mixes for the OH overtones. The sunflower oil
content in the mixes is indicated with colours ranged from red to green. (A) 1% overtones region for OH bonds
(1400-1500 nm), and (B) 2" overtones region for OH bonds (950-1100 nm).

Table S.4.1 Overview of the parameters that were used to evaluate the PLSR models for sunflower oil content
based on the pre-processing method that was applied (Raw reflectance + SNV + 2" derivative or Absorbance
+ SNV + 1% derivative) and the spectral range on which the model was based. Cells highlighted in green
indicate the pre-processing method that was most favourable per criterium and wavelength range, cells
highlighted in red indicate the least favourable pre-processing method.

Raw Raw Raw
reflectance | Absorbance | reflectance | Absorbance | reflectance | Absorbance
+ SNV + + SNV + + SNV + + SNV + + SNV + + SNV +
2nd 1 st znd 1 st znd 1 st
derivative derivative derivative derivative derivative derivative

Complete spectral range ISt overtones 27 overtones

LVs
RMSEC
RMSET
RMSEV
Pred. Bias.
R?%c

R27

Ry
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Table S.4.2 Overview of the parameters that were used to evaluate the PLSR models for PPI content based
on the pre-processing method that was applied (Raw reflectance + SNV + 2" derivative, raw reflectance
+SNV or Absorbance + SNV + 1% derivative) and the spectral range on which the model was based. Cells
highlighted in green indicate the pre-processing method that was most favourable per criterium and
wavelength range, cells highlighted in red indicate the least favourable pre-processing method.

LVs
RMSEC
RMSET

RMSEV
Pred.
Bias.

R%c
R?r

Ry
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Table S.4.3 Overview of the parameters that were used to evaluate the models for sunflower sunflower oil
content that were based on the wavelengths selected with the CovSel approach with and without application
of pre-processing. Cells highlighted in green indicate the pre-processing method that was most favourable
per criterium, cells highlighted in red indicate the least favourable pre-processing method.

Absorbance +
Raw SNV + 13t
reflectance derivative

Complete spectral range

number of wavelengths
RMSEC

RMSET

RMSEV

Pred. Bias.

R%c

R*r

Ry

Table S.4.4 Overview of the parameters that were used to evaluate the models for PPI content that were based
on the wavelengths selected with the CovSel approach with and without application of pre-processing. Cells
highlighted in green indicate the pre-processing method that was most favourable per criterium, cells
highlighted in red indicate the least favourable pre-processing method.

Absorbance +
Raw SNV + 1t
reflectance derivative

Complete spectral range

number of wavelengths
RMSEC

RMSET

RMSEV

Pred. Bias.

R%c

R?r
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Wavelength selection enables robust oil content
quantification with near-infrared spectroscopy in
pea protein gels produced under varying heating

conditions

This chapter is submitted as K6llmann, N., Hageman, J., Groot Nibbelink, D., Zhang, L. &
van der Goot, A.J. Wavelength selection enables robust oil content quantification with near-

infrared spectroscopy in pea protein gels produced under varying heating conditions.



Chapter 5

5.1 Abstract

Thermal processing influences the near-infrared (NIR) spectra of food products, causing
inaccuracy in quantification of the product composition. In this study the effect of thermal
processing on the NIR measurement of the oil content in pea protein isolate (PPI) gels was
investigated. Analysis of variance (ANOVA) confirmed that heating temperature (30-120
°C) and time (2.5-15 min) during the production of PPI gels influenced parts of the NIR
spectra. Stepwise multiple linear regression (SW-MLR) was used to select a combination of
5 wavelengths that was suitable to create a robust model for the prediction of oil content
(Q%=0.9928+0.002, RMSE=0.2806+0.0423 wt.%). The combination of these wavelengths
was shown to reduce the effect of thermal process history on the measurement, improving
the accuracy of oil content quantification. This approach, therefore, can be applied for inline
quantification of the oil content of food products subjected to varying heating conditions

using specialized sensors.
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5.2 Introduction

Oil is an important contributor to the taste, texture, and nutritional properties of many food
products, including plant-based foods (Godschalk-Broers et al., 2022; Mefleh et al., 2022).
Accurate and rapid measurement of oil content in food products is therefore very relevant.
The oil content in food products is conventionally determined with solvent extraction or gas
chromatography methods (Holman et al., 2019; Tao & Ngadi, 2018). However, these
standard methods for oil analysis are laborious, require harmful chemicals and are destructive
(Tao & Ngadi, 2018). Furthermore, oil can remain encapsulated in the food matrix (Berghout
et al., 2014), which leads to underestimations in the oil content analysis when using solvent
based methods. Alternatively, near-infrared (NIR) spectroscopy is used to determine the oil
content in food products (Krepper et al., 2018; Squeo et al., 2022; Zhang et al., 2020). NIR
spectroscopy has several advantages over traditional methods for the determination of
product composition. It is simple since generally no sample preparation is required, and the
measurement itself can be done in a few seconds (Osborne, 2006; Porep et al., 2015).
Furthermore, the measurements are non-destructive and allow simultaneous analysis of

multiple components.

NIR spectroscopy is based on the absorption of electromagnetic radiation by vibrating
molecules in the NIR region (750-2500 nm) (Osborne, 2006; Pasquini, 2018). The NIR
spectra are mainly influenced by the OH, NH, CH, and SH bonds present in foods (Osborne,
2006; Pasquini, 2018). Therefore, NIR is used to quantify the protein, carbohydrate, water
and fat content in food samples. Such determinations are based on based on calibration
models created by chemometric modelling with the NIR spectra of products with a known
composition (Pasquini, 2018). These calibration models can subsequently be used to

accurately determine the product composition.

Nevertheless, the use of NIR spectroscopy for product composition quantification presents
challenges. One major challenge is the influence of the thermal processing conditions during
food production on the NIR spectra of the measured samples (Ben-Hdech et al., 1993;
Ellekjaer & Isaksson, 1992; Wold et al., 2020; Chapter 6). Heat treatment influences the
protein-water interactions of the material, affecting the resulting NIR spectra (Ellekjaer &
Isaksson, 1992). The effect of heat treatment on the NIR spectra was previously used to

measure the end-point temperature of heated meat and fish products and the thermal process

113




Chapter 5

intensity during extrusion of meat analogues (Skéra et al., 2014; Wold, 2016; Wold et al.,
2020; Chapter 6).

While previous research mostly focussed on the effect of measurement temperature on the
NIR-spectra (Campos et al., 2018; Kartakoullis et al., 2019; Xu et al., 2023), the effect of
thermal processing on the compositional analysis with NIR spectroscopy has not yet been
explored. Hageman et al. (2005) presented an overview of chemometric approaches that
reduce the effect of measurement temperature on the results of NIR spectroscopy
measurements. It is therefore interesting to investigate whether these approaches could also
be applied to reduce the effect of processing temperature on the compositional analysis using
NIR. One approach is to develop a calibration model based only on the parts of the spectrum
that are not affected by temperature (Hageman et al., 2005). Wavelength selection is a
commonly applied method to do so and often improves the model quality. In our previous
work we showed that wavelength selection is a suitable tool to improve the oil content
prediction in dense plant-based matrices (Chapter 4). Here, wavelength selection using
stepwise multiple linear regression (SW-MLR) is applied to select the wavelengths that are
most related to the oil content irrespective of the heat treatment. The main advantage of SW-
MLR over other wavelength selection techniques is the simplicity and interpretability of its

models (Xiaobo et al., 2010).

This study investigates the use of NIR spectroscopy to measure the oil content in plant-based
products, i.e. pea protein isolate (PPI) gels, produced under varying heating conditions. The
effect of heating is studied by using different combination of temperatures (30-120 °C) and
times (2.5-15 min) during the production of these gels and the NIR spectra of these gels are
recorded after they are cooled. First, principal component analysis (PCA) and analysis of
variance (ANOVA) are used to quantify the influence of oil content, heating temperature and
time and their interactions on the spectral variation and each individual wavelength.
Subsequently, SW-MLR is applied to select the most relevant wavelengths for oil content
measurement and create a robust model based on these wavelengths. Finally, we examine the
correlation of the model residuals with oil content and temperature for models based on an
increasing number of selected wavelengths. This provides information about the effect of the

selected wavelengths on the robustness of the oil quantification.
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5.3 Materials and methods

5.3.1 Materials

Pea protein isolate, PPI (NUTRALYS® S85F) was obtained from Roquette (Lestrem,
France). It had a dry matter content of 93.7 wt.% #0.1 and a protein content of 74.7 wt.%
+0.1 on dry matter basis, as determined by the Dumas combustion method (Nx5.58).
Sunflower oil (Albert Heijn, Zaandam, the Netherlands) was purchased from a local
supermarket. According to the supplier, the sunflower oil contained 10% saturated and 82%

unsaturated fats.

5.3.2 Preparation of the protein gels

First PPI was mixed with demineralized water to obtain a 40 wt.% PPI dispersion (on dry
matter basis) Subsequently, sunflower oil was added to reach a final concentration of 0, 2, 4,
6, 8 or 10 wt.% in the final mixture, while the PPI dispersion was set to be 100, 98, 96, 94,
92 or 90 wt.% of the total mixture, correspondingly. The mixture was manually mixed with
a spoon until it appeared to be homogeneous and after that mixing was continued for another
2 minutes. This mixture was left to hydrate for 30 minutes and vacuumized, after which the
sample was placed in metal cups with a diameter of 25 mm and height of 5 mm. A schematic
visualisation of the metal cups is given in Fig. 5.1. The gels were heated in a water or oil bath
in a range of temperatures (30 °C, 60 °C, 80 °C, 99.9 °C, 120 °C) for a specific time (2.5, 5,
10, 15 min). A water bath was used to heat samples at temperatures below 100 °C, while an
oil bath was used for the samples heated at 120 °C. The final gels were trimmed, to create a
smooth surface. Each gel was prepared in triplicate and stored in the freezer (-20 °C) prior to
analysis. Before further analysis, the gel samples were left to thaw in the refrigerator (4 °C)
overnight. The samples were taken out of the refrigerator at least one hour prior to analysis

to reach room temperature.
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25 mm

ww

Fig. 5.1 Schematic visualisation of a metal cup, used to create protein gel discs (as depicted in yellow). Please
note that the image is not to scale.

5.3.3 NIR measurement

The near-infrared (NIR) spectroscopy measurements were performed by a Hi-Res LabSpec
spectrometer (ASD Inc., Boulder, CO, USA), using the area scan probe (Hi-Brite probe, ASD
Inc., Boulder, CO, USA) with a spot size of 10 mm. A 6.5 W halogen light source was present
in the probe and the probe used optical fibres to capture reflected light. The probe was placed
in a tripod and the height was adjusted to ensure that the probe was as close as possible to the
gel surface without touching it (maximum distance between gel surface and probe was
approximately 1 mm). The spectrometer was controlled by Indico Pro Software (ASD Inc.,
Boulder, CO, USA). The integration time was automatically optimized by the Indico Pro
software and was initially set at 15 ms. Each measurement was an average of ~ 5 consecutive
measurements automatically performed by the Indico Pro software. For each gel 1
measurement was made. The radiometric calibration with white and dark reference was

performed by the Indico Pro software automatically.

5.3.4 Pre-processing of spectral data

Prior to analysis of the NIR reflectance spectra were transformed to absorbance (-
log(reflectance)). Subsequently, scattering in the NIR reflectance spectra was reduced using
standard normal variate (SNV) correction. In SNV correction, each spectrum is centred and
divided by its standard deviation, resulting in a common scale for all spectra (Barnes et al.,
1989). Finally, the absorbance data was pre-treated with smoothening using the Savitsky-
Golay (SAVGOL) (Savitzky & Golay, 1964) algorithm and the 2™ derivative was estimated

to reveal underlying peaks. A window size of 51 was used for smoothening.
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5.3.5 Statistical analysis

To reduce the data dimensionality and visualize the variation in the data, a principal
component analysis (PCA) was carried out on auto-scaled pre-processed data. The
significance of the factors oil content (wt.%), heating temperature (°C) and heating time
(min) and their two-way and three-way interactions on each individual wavelength was
quantified using analysis of variance (ANOVA). The method of Benjamini and Hochberg
was used to control the false discovery rate. Stepwise multiple linear regression (SW-MLR)
was applied to select the most relevant wavelengths for the prediction of oil content from the
pre-processed NIR spectra using forward selection. The number of selected wavelengths was
determined using 10-fold cross validation (Fig. S.5.1). Predictive abilities of the resulting
models for unknown spectra were determined using a separate test set and expressed as a Q2
value and root mean standard error of the test set (RMSET). The Q? value is defined as the
coefficient of determination (R?) for out of bag objects (i.e., the gels that were not included
in the data set used to train the model). The variability resulting from a random split in a
training and test set and the 10-fold cross validation was investigated by repeating this

procedure 10 times.

The statistical analysis was performed using R (version 4.3.2) (R Core Team, 2023) and R-
studio (2023.09.1) (RStudio Team, 2020). The R-packages FactoMineR (version 2.11) (Lé
et al., 2008) was used for PCA and the packages leaps (version 3.1) (Lumley, 2024) and caret
(version 6.0.94) (Kuhn, 2008) for SW-MLR and package pls (version 2.8-3) (Mevik &
Wehrens, 2007) for PLS.
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5.4 Results and discussion

54.1 Overview of the absorbance data

The average absorbance of the pea protein isolate (PPI) gels with varying oil contents (0-10
wt.%) heated at different temperatures (30-120 °C) and for different times (2.5-15 min)
before and after pre-processing is shown in Fig. 5.2. The raw absorbance spectra showed
peaks at 980, 1200, 1450 1920 nm, which corresponds with OH, CH and NH, overtones (van
Staveren, 2020) of the water, oil, and protein of which the gels were constituted (Fig. 5.2A).
The spectra of the heated gels were similar to the spectra of unheated PPI/water/sunflower
oil mixtures measured in our previous work (Chapter 4), with the exception that the
absorbance of the wavelengths >2100 nm was higher for the heated gels. These wavelengths
are related to the combination bands of NH, (van Staveren, 2020). These changes could
therefore be induced by heating, which causes changes in the protein structure (Uddin et al.,
2002). At wavelengths above 2300 nm the data contained a lot of noise, which was also
observed by Laurens & Wolfrum (2013) and is most likely caused by the decreasing signal-

to-noise ratio of the spectrometer at higher wavelengths (Teixeira Dos Santos et al., 2013).

The average absorbance observed in Fig. 5.2A decreased with higher oil content, which
seems counterintuitive. Normally, an increased absorbance correlates with an increased oil
content. This trend was caused by baseline shifts which were therefore removed with spectral
pre-processing with standard normal variate (SNV) correction and calculation of the 2"
derivative (Fig. 5.2B). Similarly, Wold et al. (2011) observed a decreased absorbance with
an increased fat content of beef, which could also be solved with SNV correction. Pre-
processing resulted in peaks located at 1405, 1670 and 1716 nm that were clearly correlated
with oil content, which fall into the first and second overtone regions of CH bonds (van
Staveren, 2020). The correlation of the pre-processed spectra with oil content confirms that
near-infrared (NIR) spectroscopy is suitable for the measurement of the oil content of PPI

gels heated at different processing conditions.
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Fig. 5.2 Average absorbance spectra before (A) or after pre-processing using SNV and 2" derivative (B) of
the PPI gels with oil contents ranging from 0-10 wt.% and processed at increasing temperature (30-120 °C)
and time (2.5-15 min). The colours, ranging from light to dark blue, indicate an increasing oil content,
processing temperature and time, respectively.

54.2 Influence of oil content and heating conditions on spectral variation

A principal component analysis (PCA) was performed for the pre-processed absorbance
spectra as a first indication of the effect of oil content and heating conditions on the spectral
variation. The PCA revealed that the main variation in the NIR spectral data is caused by the
oil content (Fig. 5.3A), as was expected from the average pre-processed absorbance spectra
(Fig. 5.2B). However, part of the spectral variation is explained by the heating temperature
(Fig. 5.3B). The effect of heating time was limited compared to the other experimental factors

(Fig. 5.3C).

The limited effect of heating time on the complete sample indicates that the effect of time is
temperature dependent. To verify this, separate PCAs were performed for each individual
heating temperature. For gels heated at 30 and 60 °C no effect of time was observed for the
first 4 principal components (PCs). However, time did influence PC 2 for 100 and 120 °C
and PC 3 for 80 and 100 °C (Fig. S.5.2). The influence of time seen in PC 2 of gels heated at
100 and 120 °C indicates that the influence of time increased with an increasing temperature.
This increased time effect could imply that changes in the NIR spectra are caused by chemical
reactions with Arrhenius type behaviour. This Arrhenius type behaviour leads to an
exponential increase of the reaction rate at higher temperatures and is often used to describe
reactions of plant-based protein (Pietsch et al., 2018). Nevertheless, when considering the

complete range of heating conditions used in this study, the effect of heating time on the NIR
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spectra was limited compared with the effects of oil content and heating temperature, as
indicated by the PCA results. Therefore, the effect of heating time on the calibration model
to predict oil content in heated PPI gels will not be discussed further. The influence of oil
content and heating temperature on the NIR spectra and the consequences for creating a
robust calibration model for the oil content will be the focus of the rest of the results and

discussion.
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Fig. 5.3 PCA analysis based on pre-processed NIR spectra for PPI gels with different oil contents processed
at varying temperatures and time. Colour indicates oil content (A), heating temperature (B) or heating time
(©).

An analysis of variance (ANOVA) was performed for each individual wavelength of the pre-
processed spectra to get more detailed information about the effect of oil content, heating
temperature, and their interactions on each specific wavelength of the NIR spectrum. The
ANOVA results are shown in Fig. 5.4. A line with a green colour indicates an interrelated
effect of oil and temperature on a specific wavelength, which we refer to as oil:temperature
interaction. A line with a red or blue colour was drawn to indicate that the effect of oil or
temperature on a specific wavelength was statistically significant, respectively (Fig. 4). When
there was a significant effect of the oil:temperature interaction on a specific wavelength, the

main effect of a single factor is not interpretable and thus is no longer shown (Stédhle & Wold,

1989).

The interaction between oil and temperature affected the largest part of the spectrum. No
interactions between oil and temperature were found for several wavelength ranges >2000
nm. Similarly, Uddin et al. (2005) reported changes in the NIR spectra of kamaboko gels
between 1100-2100 nm after the application of different heat treatments. The effect of the
interaction in the visual wavelength area (<750 nm) aligns with the decrease in the browning

index for gels with a lower oil content or increasing processing temperature found in this
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study (Fig. S.5.3). The interaction between oil and temperature in the 1% and 2" NH and OH
overtone areas (950-1100 nm and 1400-1550 nm) indicates that the presence of a dispersed
oil phase in the protein matrix of the gels influences the changes of the protein properties
upon heating. Similarly, Chen et al. (2023) found that the addition of fatty acids affected the
protein properties during high-moisture extrusion. The lack of an interaction effect at the
highest wavelengths measured in this study is caused by the noise at the highest wavelengths

measured (Fig. 5.2).

The main effects of oil content on the NIR spectra were found in the 1% overtone region
(1600-1800 nm) and combination bonds (2200-2450 nm) for CH bonds (van Staveren, 2020).
This means that the effect of oil content in these spectral regions was not influenced by
changes in the heating temperature. This was expected as the 1% overtone region was
previously found to be correlated with the oil content of unheated PPI/water/sunflower oil

mixtures (Chapter 4).

Many of the wavelengths that were affected by the oil content were also influenced by the
heating temperature (Fig. 5.4B and C). This means that oil and temperature both influenced
these wavelengths but the effect of oil on these wavelengths was not influenced by
temperature and vice versa. However, several parts of the NIR spectrum >2000 nm were only
correlated to the oil content and were not influenced by the temperature. This indicates that
wavelength selection is a promising technique to create a model that is only based on
wavelengths that have explanatory value for the oil content but are not or hardly influenced

by the heating conditions.

The ANOVA results for the effect of time and its interactions with oil and temperature can
be found in Fig. S.5.4. These results confirm that that only for one wavelength heating time

had a limited effect on the NIR spectra compared to oil content and heating temperature.
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Fig. 5.4 ANOVA for individual wavelengths of the pre-processed NIR spectra of PPI gels produced at varying
oil contents (0-10 wt.%), temperatures (30-120 °C) and times (2.5-15 min). The black line is the mean
absorbance after SNV correction and calculation of the 2™ derivative. Vertical lines indicate a significant
interaction at p<0.05 of an oil:temperature interaction (A), oil effect (B) and temperature effect (C). When a
significant interaction was found for a wavelength, main effects were no longer considered.

54.3 Wavelength selection and modelling

Stepwise multiple linear regression (SW-MLR) was applied to determine the most relevant
wavelengths for the measurement of oil content with the use of NIR spectroscopy and to
create a model based on these wavelengths. Wavelength selection is commonly used to
increase the speed and robustness of the analysis (Dodds & Heath, 2005). In this case SW-
MLR was expected to reduce the effect of heating conditions on the oil measurement. An
accurate model to predict the oil content for gels produced under different heating conditions
was obtained by selecting only 5 wavelengths with SW-MLR (Q*=0.9915, RMSET=0.2652
wt.%) (Fig. S.5.1, Fig. 5.5). This was more accurate than a partial least squares (PLS)
regression model with 6 latent variables based on the same dataset (Q?=0.9803,
RMSET=0.4041 wt.%) (Fig. S.5.5). In our previous study 3 wavelengths were sufficient to
predict the oil content of unheated PPI/water/sunflower oil mixtures with a similar
composition as was used here (Chapter 4). The higher number of wavelengths required in
this study is most likely a result of the additional variation introduced by the heat treatment

of the gels.

To make the analysis as rapid and simple as possible, it is possible to measure the oil content
using only the first selected wavelength (1219 nm). This leads to an RMSET of 0.37 wt.%
oil when such a monochromatic sensor is used, which might be not acceptable for all

applications (Fig. S.5.6A).
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The 5 wavelengths that were selected by SW-MLR are shown in Fig. 5.5A. The order of
inclusion in the model provides information about the relative importance of the wavelengths
for the measurement of the oil content. In this case the order of inclusion was as follows:
1219, 1190, 1397, 830 and 1881 nm. The three most important wavelength (1219, 1190 and
1397 nm) corresponded to the 2" CH overtone (van Staveren, 2020), which was as expected
given the fact that these bonds are linked to the oil content. Similar wavelengths of 1211,
1212, 1192 nm were linked to the fat content of meat products in previous research (Barbin
et al., 2013; Pu et al., 2014). Surprisingly, all selected wavelengths were affected by the
oil:temperature interaction (Fig. 5.4A, Tables S.5.1-S.5.4). This means that the wavelengths
that were only influenced by the main effect of oil content were not selected, probably due
to the noise associated with these wavelengths (Figs. 5.2B and 5.4B). Apparently, the effect
of heating temperature on the selected wavelengths was limited or its effect was reduced by
the combination of the different wavelengths in the model. The last two wavelengths that
were included in the model (830 and 1881 nm), were linked to 3™ overtone of NH and 1%
overtones of CO,H bonds, respectively (van Staveren, 2020). This means that also bonds that
are related to protein contributed to the oil measurement. This could be caused by two effects.
Firstly, the protein content was inversely correlated with the oil content because of the
experimental design and therefore provides information about the oil content. Secondly, these
wavelengths were influenced by the oil:temperature interaction (Fig. 5.4A, Tables S.5.1-
S.5.4). This means that these wavelengths are affected by both the oil content and the heating
temperature. Because these wavelengths cannot be linked directly to the oil content, it
indicates that these wavelengths are included to compensate for the influence of temperature
on the prediction caused by the oil:temperature interaction, which also affects the first three

wavelengths. We will explore this effect further in section 5.4.4.
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Fig. 5.5 SW-MLR for one model. Selected wavelengths (A) and resulting model prediction (B). The black
line in A is the mean absorbance after pre-processing.

When SW-MLR is used for wavelength selection, the specific wavelengths that are selected
depend on the calibration set that is used. To get more information about the spectral areas
that are suitable for oil content quantification SW-MLR was therefore applied to 10 different
splits of the dataset into a calibration and test set. These wavelength areas are suitable to
create specific sensors to measure oil content under fluctuating processing conditions. In the
10 different SW-MLR models that were created 13 unique wavelengths were selected (Fig.
5.6). The average Q* and RMSET of these models had a small standard deviation of 0.002
and 0.0423, respectively, which indicates that different combinations of 5 out of the 13
wavelengths were equally successful. The selected wavelengths in the models based on
different calibration and test set splits were often neighbouring wavelengths, which are highly
correlated (Fig. 5.6), leading to models with similar quality. SW-MLR with different
calibration and test set splits can therefore be used to find relevant wavelength areas rather

than specific wavelengths for oil content quantification.
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Fig. 5.6 Wavelengths selected by stepwise MLR for 10 different training and test set splits. The black line is
the mean absorbance after pre-processing.

54.4 Correlation model residuals with oil content and heating

tem pe rature
In the previous section it was hypothesized that the SW-MLR model could self-correct for
the influence of temperature on the oil content prediction, by using a combination of
wavelengths that were all influenced by temperature. To further explore the influence of the
heating conditions on the oil content predictions, the correlation of the oil content and heating
temperature with the residuals after successively including the selected wavelengths in the
model was studied. The Q% RMSET and parity plots for these models can be found in
Fig.S.5.6. Table 5.1 shows that the a significant interaction of oil and temperature with the
model residuals occurs when only 1219 nm is included in the model. This explains the
necessity to add the subsequent wavelengths to reduce the effect of the heating temperature

on the oil content measurement.

As expected, the correlation of the oil content with the model residuals decreased with each
added wavelength. The correlation of the residuals with temperature also decreased when
adding additional wavelengths, though the decrease was less consistent than for oil content.
The effect of temperature on the oil content measurement was reduced the most when 4

wavelengths were included in the model.
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The correlation of the residuals was higher for the oil content compared with the heating
temperature, except for the model based on only a single wavelength. This implies that even
though heating temperature can influence the measurement, its effect is relatively small. It
can therefore be concluded that the use of this combination of 5 selected wavelengths with
SW-MLR is suitable to create a model for oil content that is robust against temperature

changes.

Table 5.1 Correlation coefficients of the residual error of oil content prediction with the oil content and
heating temperature for a model with an increasing number of wavelengths. * Indicates the significance of
the correlation coefficient at p<0.05. Table S.5.6 shows exact p-values.

Wavelengths included in the Oil Temperature
MLR model

1219 nm 0.129* 0.329*
1219 and 1190 nm 0.095 -0.040
1219, 1190 and 1397 nm 0.090 0.049
1219, 1190, 1397 and 830 nm 0.085 -0.010
1219, 1190, 1397, 830 and 1881 0.081 -0.017
nm

54.5 Implications for future applications

In this study we presented an approach for a robust measurement of the oil content in PPI
gels produced under varying heating conditions. For products with a similar composition and
heating conditions the wavelengths selected in this study could be used to develop a specific
sensor for this application. However, it should be noted that NIR spectroscopy was performed
after the product was cooled down and recalibration is likely necessary before applying this
approach to develop a specific inline sensor, as measurement temperature has a significant
influence on the recorded NIR spectra (Campos et al., 2018; Kartakoullis et al., 2019; Xu et
al., 2023).

To apply the combination of NIR spectroscopy with SW-MLR presented here to a novel
industrial application, we created a general workflow. This workflow starts with the
development of a calibration curve for the component of interest that is robust to changes in

the heating conditions. The first step to obtaining a useful calibration curve is to determine
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the expected range of product composition and processing conditions that will occur in the
final application. Subsequently, an experimental design can be used to determine which
samples need to be included in a training set that is sufficiently covering the expected
variation. In this study it was possible to manually vary the product composition by adding
different amounts of oil. However, for natural products, such as meat or fish, controlling the
composition is not possible and a larger sample set is required to obtain sufficient variation.
In both cases, the use of an experimental design is useful to determine which processing
conditions need to be considered. It should be noted though that the self-correcting effect of
the SW-MLR model for the heating conditions that was found in this study might be affected

when the size of the dataset is reduced too much.

After creating the experimental design, the NIR spectra need to be recorded at conditions
similar to the final application to reduce the influence of the measurement conditions on the
NIR spectra. After acquiring the NIR spectra SW-MLR can be used to create a robust
calibration curve. When desired, the selected wavelengths by SW-MLR can be used to
develop specialized sensors for a specific application. This can increase the speed of the
analysis and reduces the cost of analysis (Dodds & Heath, 2005). A well-known limitation
of NIR spectroscopy is its limited robustness against changes in the processing conditions or
sample composition. This means that the calibration curve needs to be updated regularly to
maintain the robustness of the inline measurement (Zeaiter et al., 2006). For the gels
presented in this study, it is especially important to recalibrate when the type of oil or protein

ingredient is changed.

A final aspect that needs to be considered is the distribution of the component of interest in
the product. The area measured with NIR spectroscopy should be representative for the entire
product. In case of inhomogeneous distribution of the component of interest, hyperspectral
imaging can be used to visualize the distribution of the component throughout the food
product and improve the accuracy of its quantification (Squeo et al., 2022; Zhang et al.,

2020).

In this study we have shown that NIR spectroscopy is a suitable tool to measure the oil content
of heated mixtures containing protein, water and oil. An advantage of NIR spectroscopy is
the possibility to measure multiple product properties simultaneously. In our previous work
we have also shown that NIR spectroscopy can be applied to measure the thermal process

intensity (Chapter 6). Furthermore, NIR spectroscopy could be a suitable tool to measure the
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structural properties of food products as was already done for noodles (Kwon et al., 2024)
and plant-based meat analogues (Dhanapal & Erkinbaev, 2024). NIR spectroscopy is
therefore a promising tool to measure the composition, processing conditions and resulting

structural properties of heated food products simultaneously.
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5.5 Conclusion

In this study the use of near-infrared (NIR) spectroscopy for oil content quantification in pea
protein isolate (PPI) gels produced under varying heating conditions was investigated. It was
possible to create an accurate model for oil content quantification based on only 5
wavelengths using stepwise multiple linear regression (SW-MLR). The residuals of the
models after consecutive inclusion of the selected wavelengths show that all wavelengths
added explanatory value for the oil content and reduced the effect of heating temperature on
the oil content prediction. The combination of the selected wavelengths therefore reduces the
effect of heating conditions on the measurement of oil content even when a large part of the
spectrum is influenced by both the oil content and heating conditions. This approach thus
shows that selecting wavelength areas allows robust inline analysis of the oil content of food

products under varying heating conditions.
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Fig. S.5.1 Residual Mean Square Error (RMSE) of repeated cross-validation plotted against the number of
wavelengths included in the stepwise multiple linear regression model (SW-MLR).
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Fig. S.5.2 PCA analysis of time effect heated at different heating temperatures. A&B 30 °C, C&D 60 °C,
E&F 80 °C, G&H 100 °C, 1&]J 120 °C.
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Fig. S.5.4 ANOVA for individual wavelengths of the pre-processed NIR spectra of PPI gels produced at
varying oil contents (0-10 wt.%), temperatures (30-120 °C) and times (2.5-15 min). Lines indicate a
significant interaction at p<0.05 of an oil:temperature:time interaction (A), oil:time interaction (B),
temperature:time interaction (C) or time effect (D). When a significant interaction was found for a
wavelength, main effects were no longer considered.
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Fig. S.5.5 Result of partial least squares regression with 6 latent variables after pre-processing with SNV and

2nd derivative.

Table S.5.1 Analysis of Variance table for the effects of oil content, heating temperature and time on the NIR
signal at 1219 nm after pre-processing with SNV and 2" derivative.

Df  Sum Sq Mean Sq F-value Pr(>F)
QOil 5 3.63*107 7.27*%10°8 9477.20 <2.2*%10°16
sksksk
Temperature 4 1.38%10° 3.45%10°10 44.96 <2.2*10716
skskosk
Time 3 1.00*10°! 4.00%10°'12 0.50 0.68
Oil:Temperature 20 8.50*10°1° 4.30*10°1 5.57 1.069%101
sksksk
Oil: Time 15 1.40%10-10 9.00%10°12 1.18 0.28
Temperature:Time 12 1.50*10-1 1.20*10°1 1.59 0.096.
Oil:Temperature:Time 60 4.40*10-1° 7.00%10712 0.96 0.56
Residuals 240 1.84*10° 8.00*10°12

Signif. codes: 0 “***>0.001 “*** 0.01 “**0.05°>0.1 "1
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Table S.5.2 Analysis of Variance table for the effects of oil content, heating temperature and time on the NIR
signal at 1190 nm after pre-processing with SNV and 2" derivative.

Df  Sum Sq Mean Sq F-value Pr(>F)
0Oil 5 1.83*10°® 3.66%107 226.45 <2.2%10716
sfeksk
Temperature 4 4.23*107° 1.06*10° 65.38 <2.2*%10°16
skeksk
Time 3 4.26*101 1.42*101 0.88 0.45
Oil:Temperature 20 1.70%10° 8.51*10°! 5.26 6.25%101
skeksk
Oil: Time 15 256*100°  L71%101 1.05 0.40
Temperature:Time 12 3.25%10°10 2.71*%10°1 1.67 0.073.
Oil:Temperature:Time 60 1.26*10 2.10%10°1 1.30 0.089.
Residuals 240 3.88*107 1.62*101

Signif. codes: 0 “****0.001 “** 0.01 “**0.05°°0.1 "1

Table S.5.3 Analysis of Variance table for the effects of oil content, heating temperature and time on the NIR
signal at 1397 nm after pre-processing with SNV and 2" derivative.

Df  Sum Sq Mean Sq F-value Pr(>F)
Qil 5 4.25*107 8.50*10°% 178.79 <2.2%1071
sfeksk
Temperature 4 1.53*1077 3.81*10°8 80.25 <2.2*%10°16
skeksk
Time 3 7.28%107° 2.43*%107 5.11 0.0019**
Oil:Temperature 20 5.01%10® 2.51*10° 5.28 5.76*%10
sk
Oil:Time 15 7.21*%107° 4.81*1010 1.01 0.44
Temperature:Time 12 1.69*10° 1.41%10° 2.96 0.00073***
Oil:Temperature:Time 60 2.78%107® 4.63*%10°10 0.97 0.54
Residuals 240 1.14*107 4.75%10°10

Signif. codes: 0 “****(0.001 “** 0.01 “**0.05°°0.1 "1
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Table S.5.4 Analysis of Variance table for the effects of oil content, heating temperature and time on the NIR
signal at 830 nm after pre-processing with SNV and 2™ derivative.

Df  Sum Sq Mean Sq F-value Pr(>F)
Oil 5 1.14*10°10 2.28*101! 142.36 <2.2%10°16
skskosk
Temperature 4 1.02*10710 2.54*101 158.37 <2.2*%10°16
skskosk
Time 3 5.97*%10712 1.99*1012 12.40 1.44%107***
Oil:Temperature 20 2.62%10! 1.31%10°'2 8.17 <2.2%10716
skskosk
QOil:Time 15 3.09*10°12 2.06*1013 1.28 0.21
Temperature:Time 12 2.43%10°1 2.02%10°12 12.61 <2.2%10716
skskosk
Oil:Temperature:Time 60 1.38*10°11 2.30*1013 1.43 0.031*
Residuals 240 3.85*%10°1! 1.60*1013

Signif. codes: 0 “***>0.001 “** 0.01 *** 0.05°>0.1 "1

Table S.5.5 Analysis of Variance table for the effects of oil content, heating temperature and time on the NIR

signal at 1881 nm after pre-processing with SNV and 2" derivative.

Df  Sum Sq Mean Sq F-value Pr(>F)
Oil 5 4.88*107 9.76*108 111.73 <2.2%10°16
skskosk
Temperature 4 2.24%107 5.59%10°® 64.00 <2.2%10716
sfeksk
Time 3 6.14%10° 2.05%107° 2.34 0.074.
Oil:Temperature 20 1.25%107 6.25%10° 7.15 1.44*10°15
skskosk
Oil: Time 15 1.71*10°8 1.14*10° 1.30 0.20
Temperature:Time 12 1.12*10°® 9.31*10°10 1.07 0.39
Oil:Temperature:Time 60 7.68*%108 1.28*107° 1.46 0.024*
Residuals 240 2.10*1077 8.74*10°10

Signif. codes: 0 “****0.001 “** 0.01 “**0.05°°0.1 "1
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Fig. S.5.6 Predicted oil content plotted against observed oil content for linear regression model based on A.
1219 nm, B. 1219 and 1190, C. 1219, 1190 and 1397 nm, D. 1219, 1190, 1397 and 830 nm.

Table S.5.6 P-values of correlation residuals with oil, temperature and time for multiple linear regression
model for oil content based on the subsequent inclusion of the wavelengths selected with SW-MLR.

Wavelengths included in Oil Temperature Time
the MLR model

1219 nm 0.020 0.000 0.713
1219 and 1190 nm 0.086 0.475 0.273
1219, 1190 and 1397 nm 0.104 0.382 0.632
1219, 1190, 1397 and 830 0.127 0.851 0.871
nm

1219, 1190, 1397, 830 0.143 0.761 0.727
and 1881 nm
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Chapter 6

Near-infrared spectroscopy to quantify overall
thermal process intensity during high-moisture

extrusion of soy protein concentrate

This chapter has been published as Kéllmann, N., Vringer, R., Mishra, P., Zhang, L., & van
der Goot, A. J. (2024). Near-infrared spectroscopy to quantify overall thermal process
intensity during high-moisture extrusion of soy protein concentrate. Food Research

International, 186, 114320.



Chapter 6

6.1 Abstract

High-moisture extrusion (HME) is widely used to produce meat analogues. During HME the
plant-based materials experience thermal and mechanical stresses. It is complicated to
separate their effects on the final products because these effects are interrelated. In this study
we hypothesize that the intensity of the thermal treatment can explain a large part of the
physicochemical changes that occur during extrusion. For this reason, near-infrared (NIR)
spectroscopy was used as a novel method to quantify the thermal process intensity during
HME. High-temperature shear cell (HTSC) processing was used to create a partial least
squares (PLS) regression curve for processing temperature under controlled processing
conditions (root mean standard error of cross-validation (RMSECV)=4.00 °C, coefficient of
determination of cross-validation (R%cy)=0.97). This PLS regression model was then applied
to HME extrudates produced at different screw speeds (200-1200 rpm) and barrel
temperatures (100-160 °C) with two different screw profiles to calculate the equivalent shear
cell temperature as a measure for thermal process intensity. This equivalent shear cell
temperature reflects the effects of changes in local temperature conditions, residence time
and thermal stresses. Furthermore, it can be related to the degree of texturization of the
extrudates. This information can be used to gain new insights into the effect of various

process parameters during HME on the thermal process intensity and extrudate quality.
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6.2 Introduction

High-moisture extrusion (HME) is commonly used to produce fibrous plant-based products
with a similar structure to animal meat (Schmid et al., 2022). During this process, plant-based
ingredients are mixed with water, sheared, and heated in the extrusion barrel after which the
material is pushed through a long cooling die (Opaluwa et al., 2023). Even though extrusion
for meat analogue applications was developed already approximately 50 years ago,
improvements in the technology seem still possible (Puski & Konwinski, 1976). The
development of new extruded products is now mostly based on empirical research, in which
the effects of single process parameters on the final product properties are investigated (Emin,
2022). However, the effect of the interactions with other process parameters should be
considered as well to better understand the structure formation (Schmid et al., 2022). The
hypotheses that are currently available for the mechanisms that cause fibrous structure
formation were recently summarized by van der Sman & van der Goot (2023) and Schmid et

al. (2022).

One of the prerequisites for fibrous structure formation during HME is the change of
physicochemical properties of the ingredients, such as protein denaturation and aggregation
or starch gelatinization and degradation (van der Sman & van der Goot, 2023; Z. Zhang et
al., 2022). The kinetics of these changes are influenced by the thermal and mechanical
treatment of the product inside the extrusion barrel (Pietsch, Schoffel, et al., 2019; Tian et
al., 2023). The reactions that take place in the extruder barrel affect the rheological properties
and the flow pattern and therefore affect all subsequent steps in the structure formation

process (Pietsch, Werner, et al., 2019).

Several authors already investigated the effect of ingredient composition (Chen, Zhang, Liu,
et al., 2023; Nasrollahzadeh et al., 2022; Riazi et al., 2023) or processing conditions (Meng
etal., 2022; Sun et al., 2022; X. Zhang et al., 2022) on the changes in protein structure during
HME. However, evaluating the effect of all process parameters on the possible reactions for
all ingredients used would be extremely time-consuming and costly. Furthermore, the effect
of a single process parameter cannot be studied in isolation since they often have interlinked
effects on the final products, as is the case for barrel temperature and screw speed (Schmid

et al., 2022).
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Here, we hypothesize that the thermal treatment is critical to ensure the necessary
physicochemical changes in the product and thus the required rheological properties and flow
pattern to allow structure formation during HME. This hypothesis relies on the premise that
the shear rates the plant-based material experiences during HME are insufficient to initiate
protein denaturation (Jaspe & Hagen, 2006), whereas it is well-known that thermal treatment
has this effect. This is further supported by the minimum texturization temperature as
established by Hogg & Rauh (2023), which confirms that thermal treatment is the most
important factor for HME structuring. However, it should be noted that shear stresses can
lower the activation energy for protein denaturation and affect protein aggregation (Pommet
et al., 2004; Quevedo et al., 2020; Sharma & Pandey, 2021; Wolz & Kulozik, 2015). A rapid
method to determine the combined effect of multiple extrusion parameters on the thermal

process intensity would therefore be desired.

An attempt to develop a rapid method to assess the overall effect of process intensity on
extruded pea protein has been already made by Ben-Hdech et al. (1993). They successfully
used near-infrared (NIR) spectroscopy in combination with principal component analysis
(PCA) to rapidly classify extruded pea protein into different categories based on process
intensity. NIR spectroscopy is a rapid and non-destructive measurement technique that relies
on the absorption of NIR radiation by CH, OH and NH bonds (Ozaki & Morisawa, 2021).
The technique has previously been used to successfully assess the end point temperature of
sausages (Wold et al., 2020), paté (O’Farrell et al., 2011) and fish products (Skéra et al.,
2014; Uddin et al., 2002, 2005, 2006; Wold, 2016). This applicability of NIR spectroscopy
for the measurement of thermal effect mainly relies on the effect of protein denaturation and
changes in the protein-water interaction on the NIR spectra (Ellekjaer & Isaksson, 1992;
Uddin et al., 2002). NIR measurements of powdered extrudates were previously correlated
to the specific mechanical energy input (SME) during cereal extrusion (Guy et al., 1996).
However, to the best of our knowledge, NIR has not been applied for the measurement of
process intensity of meat analogue products processed by HME yet. This study therefore
aims to use NIR spectroscopy to quantify the overall thermal process intensity on products

during high-moisture extrusion.

To circumvent the complex interrelated process parameters and high sample amount during
HME, high-temperature shear cell (HTSC) processing was used to create a calibration model

for thermal process intensity. In this study NIR spectra of HTSC products produced at
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different processing temperatures were used to create a calibration model for the thermal
process intensity using partial least squares (PLS) regression. The influence of processing
time (2.5-10 min) on the performance of the calibration model was also quantified, because
heating time is known to influence protein denaturation and the NIR spectra of heated protein
systems (Skéra et al., 2014). Then, the same calibration model was applied on the NIR spectra
of HME extrudates that were produced at different screw speeds (200-1200 rpm), barrel
temperatures (100-160 °C) and with two different screw profiles. This method was used to
calculate the equivalent shear cell temperature of these extrudates. Subsequently, the effects
of these processing parameters on the equivalent shear cell temperature and thus the extent
of thermal processing were evaluated. Finally, the relationship between the thermal process
intensity and the degree of texturization of the extrudates was explored. This study thus
describes a method that quantifies how processing variables influence NIR spectra of HTSC
products and extrudates, how these results can be used to generate new insights on the
development of inline processing optimisation methods for better quality control of plant-

based meat analogues.
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6.3 Materials and methods

6.3.1 Materials

ALPHA® 8 IP functional soy protein concentrate (SPC) was purchased from Solae, LCC
(St. Louis, MO, USA). The dry matter content of the SPC was 93.9wt.% and protein content

as measured with the Dumas combustion method 62.0wt% (Nx5.71) based on dry matter.

6.3.2 High temperature shear cell processing

To prepare the high-temperature shear cell (HTSC) products, first 39wt% SPC (on dry matter
basis) was manually mixed with demineralized water. The mixture was subsequently
hydrated at room temperature for 30 min. The hydrated SPC was then thermo-mechanically
treated in an in-house developed HTSC (Grabowska et al., 2016), driven by a Haake PolyLab
QC system (Thermo Fisher Scientific, Waltham, MA, USA), at varying conditions. Prior to
the thermo-mechanical treatment, the shear cell was pre-heated to the desired processing
temperature using an oil bath. After the heat treatment, an additional oil bath was used to
cool the product to 50 °C. After complete cooling to room temperature, the products were

stored at -20°C until further usage.

Two different groups of HTSC products were produced by varying processing temperature
or time. Firstly, products were produced using a temperature range from 90 to 160 °C with
steps of 10 °C at a constant rotational speed of 30 rpm and processing time of 15 min to create
the partial least squares (PLS) regression model for processing temperature. Secondly,
processing time was varied from 2.5-15 min with steps of 2.5 min at a constant temperature
(140 °C) and rotational speed (30 rpm) to evaluate the effect of time on the predicted

temperature.

6.3.3 Extrusion

The extrusion experiments were carried out using a TwinLab-F 20/40 (Brabender GmbH &
Co K@G, Duisburg, Germany) co-rotating twin screw extruder with a modular cooling die (300
x 25 x 7 mm) (Brabender GmbH & Co KG, Duisburg Germany). The extruder was controlled
by MetaBridge software (Brabender GmbH & Co KG, Duisburg, Germany). For all
experiments, a screw with a diameter of 20 mm and length-to-diameter ratio of 40 was used.
Two different screw profiles (A/B) depicted in Fig. 6.1 were used. Screw profile A consisted

of conveying elements (SE) only. In screw profile B, three types of screw elements were
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used: SE, a tooth mixing element (Z), and kneading elements (KBW). SE and KBW elements

were built in forwarding (R) and reverse directions (L).
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Fig. 6.1 Overview of the screw profiles used during HME. Screw profile A without kneading or reverse screw
elements and screw profile and B with kneading and reverse screw elements.

The extrusion barrel was divided into four temperature-controlled zones. Each heating zone
was heated separately by an electric cartridge heating system and cooled by a water-cooling
system (Weinreich WTD 2es, Weinreich Industriekiihliung GmbH, Liidenscheid, Germany).
A modular cooling die (300x25x7 mm) was cooled using a refrigerated water circulator set
at 25 °C. The extruder responses, including melt temperature, load (%), and pressure were

recorded.

The dry powder was fed into the extruder at a feed rate of 4.5 kg/h and the feed moisture
content was fixed at 61wt% (i.e., 39wt% SPC content). The temperature in the final heating
zone (°C) and screw profile were varied according to the experimental design shown in Table
5.1. For every temperature profile the screw speed was varied from 200-1200 rpm with steps

of 200 rpm.
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Table 6.1 Temperature profiles applied for screw profile A and B during high-moisture extrusion (HME).

Temperature (Heating zone 1|2|3|/4 Screw profile (A/B)

°C)
40[80(100{100 A, B
40/80[110/110 B
40/80[110{120 A, B
40[80/110/130 B
40(80/110/140 A, B
40/80[110150 B
40/80[110{160 A, B

Sample collection was performed when the extruder had reached a constant melt temperature

for at least 2 minutes. The collected samples were stored at -20°C before further analysis.

6.3.4 Near-infrared (NIR) measurements

NIR spectral measurements were performed by a Hi-Res, ASD LabSpec spectrometer
(Malvern Panalytical, Malvern, United Kingdom). The measurements were performed using
an area scan probe (Hi-Brite probe) with a spot size of 10 mm. The probe was placed in a
tripod and placed above the sample as close as possible without touching the HTSC product
or extrudate. Before measurement the HTSC product or extrudate was completely thawed
and the measurement was performed at room temperature. The NIR spectra of the HTSC
products were measured in the middle of the HTSC product radius. NIR-spectra of the
extrudates were taken at three different locations within one extrusion sample. The probe had
an inbuilt 6.5 W halogen light source for illumination and optical fibres were used to capture
the reflected light. The instrument was controlled using the Indico Pro software (Malvern
Panalytical, Malvern, United Kingdom). The integration time was automatically optimized
by the Indico Pro software and was initially set at 15 ms. Each measurement was an average
of ~5 consecutive measurements automatically performed by the Indico Pro software. The
radiometric calibration with white and dark reference was performed by the Indico Pro

software automatically.
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6.3.5 NIR data analysis

Pre-processing

NIR spectra in the wavelength range of 400-2200 nm were used for further data analysis. To
reduce the effect of colour changes and the high moisture content of our products the use of
a reduced wavelength range of 800-1400 nm was also explored. Prior to analysis of the NIR
reflectance spectra were transformed to absorbance using a -log transformation.
Subsequently, scattering in the NIR reflectance spectra was reduced using standard normal
variate (SNV) correction. In SNV correction, each spectrum is centred and divided by its
standard deviation, resulting in a common scale for all spectra (Barnes et al., 1989). Finally,
the absorbance data was smoothened using the Savitsky-Golay (SAVGOL) (Savitzky &
Golay, 1964) algorithm and the 1% derivative was estimated to reveal underlying peaks. A

window size of 51 was used for smoothening.

Partial least squares regression

Partial least squares (PLS) regression modelling is a commonly used chemometric technique
for the interpretation of NIR spectral data (Wold et al., 2001). In this study PLS regression
was applied to the HTSC products for which the set heating temperature was the independent
variable. Of each processing condition, HTSC experiments of SPC samples were performed
in triplicate, yielding three independent HTSC products. NIR spectra of two of these HTSC
products were used as calibration set (total of 16 samples), and the third set of samples was
served as cross-validation set (total of 8 samples). PLS regression was implemented with
MATLAB’s default ‘plsregress’ function (MATLAB R2021b, Natick, WA, USA). A default
leave-one-out cross-validation was integrated for optimising the latent variables (LVs). The
LVs were then selected by identifying the inflection point. The LV selection results can be
found in Fig. S.6.1. PLS regression modelling was performed for both the complete (400-
2200 nm) and smaller wavelength range (800-2200 m). The calibration and prediction results
were analysed in terms of the root mean standard error of calibration (RMSEC), root mean
standard error of the cross-validation (RMSECV), coefficient of determination of calibration

(R2,), coefficient of determination cross-validation (R%) and prediction bias.

6.3.6 Equivalent shear cell temperature

The PLS regression model for the processing temperature of HTSC products based on the

reduced wavelength range of 800-1400 nm was used to calculate the equivalent shear cell
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temperature from the pre-treated NIR spectra of the extrudates. This equivalent shear cell
temperature was used as an indicator of the overall thermal process intensity. It indicates the
temperature at which a HTSC product would need to be sheared at 30 rpm for 15 min to

achieve a similar thermal process intensity as the extrudate that was measured.

6.3.7 Cutting test for extrudates

The force required for cutting the extrudates was measured using a texture analyser with a
load cell of 50 N (TA.XT plusC, Stable Micro Systems, Godalming, Surrey, UK) with a
guillotine edge blade (HDP/BS). The thawed extrudates were cut to have approximate size
of 24x24 mm. Before measurement the texture analyser was set to an initial height of 10 mm.
Subsequently, the squared extrudates were compressed to 90% of its original thickness at a
cutting speed of 1 mm/s. The maximum cutting force (Fmax) was measured in both parallel
and perpendicular direction to the extrusion flow in the cooling die. The degree of

texturization was calculated using Eq. 6.1.
Degree of texturization = Fpay 1 /Fnax Eq. 6.1

In which, F,,qy ; is the maximum cutting force in perpendicular direction (N) and F 4, the

maximum cutting force in parallel direction (N).
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6.4 Results and discussion

6.4.1 High-temperature shear cell products

Absorbance spectra

High-temperature shear cell (HTSC) processing was used to study the effect of processing
temperature during thermomechanical structuring on the near-infrared (NIR) spectra of the
resulting products. Fig. 6.2 shows the average absorbance spectra in the wavelength ranges
of 400-2200 nm and 800-1400 nm of HTSC products that were treated at a temperature
ranging from 90-160 °C.

Absorbance
Absorbance

: - : : 05
500 1000 1500 2000 800 900 1000 1100 1200 1300 1400

wavelength (nm) wavelength (nm)

Fig. 6.2 Absorbance spectra in the full (400-2200 nm) (A) and reduced (800-1400 nm) (B) spectral range of
HTSC products treated at temperatures ranging from 90-160 °C, as indicated by colours ranging from light
to dark blue, at a constant rotational speed (30 rpm) and processing time (15 min).

In the visual wavelength range (400-750 nm) the absorbance increases with an increasing
processing temperature (Fig. 6.2A) especially for samples processed at 150 °C and 160 °C.
This is in line with the darkened colour of these samples as compared to samples processed
at a lower temperature (Fig. S.6.2). The formation of the brown colour could be attributed to
Maillard reactions (Taghian Dinani, Charles Carrillo, et al., 2023) and/or sugar
caramelization (Schmid et al., 2022). Nevertheless, in some previous studies on high-
moisture extrusion (HME) and HTSC processing, Maillard reaction products were not
detected in obtained products, which could be due to the low amount of reducing sugars in
the ingredients used in these studies and the high moisture content that suppresses these

reactions (Osen et al., 2015; Wehrmaker et al., 2022).
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The main peaks in the absorbance spectra occur around 980, 1200, 1450, and 1930 nm (Fig.
6.2A). This corresponds with the third overtone of OH, the second overtone of CH, the
second overtones of CH, CONH, and ROH and the first overtone of OH and CONH,
respectively (van Staveren, 2020). These peaks were expected because the products consisted

of water, protein, and carbohydrates mainly.

A higher absorbance at around 980 nm was observed when a higher HTSC processing
temperature was applied (see Fig. 6.2A), which suggested an increase in water content of the
HTSC products. However, this was not confirmed by measuring the moisture content of the
products after processing in the HTSC, expect for products produced at 160 °C, which had a
lower moisture content (Fig. S.6.3). Furthermore, an increase in absorbance was not observed
in the 1% (1900-1960 nm) and 2"* OH overtone (1400-1450 nm) bands. The higher absorbance
at around 980 nm at higher processing temperature can be related to a change in the state of

the water or it could be a spectral artefact.

At around 1200 nm, the wavelength corresponding to the 2" overtone of CH bonds, the
absorbance increased with an increasing processing temperature. This indicates that the
carbohydrate structure changed due to thermal processing, which was also previously

suggested for HME extrudates (De Angelis et al., 2023; Pietsch, Biihler, et al., 2019).

In addition, we observed an increase of absorbance at 1450 and 1930 nm (which both
correlated to CONH; bonds) when increasing the processing temperature from 90 °C to 130
°C, which indicated the formation of additional peptide bonds and thus protein aggregation.
Interestingly, a further increase of the processing temperature from 130 °C to 160 °C led to
a decrease in absorbance at 1450 and 1930 nm, indicating a decrease in the number of peptide
bonds. We suspect that changing processing temperature of HTSC process influenced
protein-protein interactions of soy protein concentrate (SPC) through a complex mechanism:
protein aggregation was induced by the heat treatment, while the peptide bonds broken down
when the temperature was further increased. This could be due a shift in the balance between
disulphide bonds, hydrophobic and electrostatic interactions which all contribute to thermal
aggregation (Ju et al., 2023; Liu & Hsieh, 2007). However, Pietsch, Biihler, et al. (2019) and
Wittek, Zeiler, et al. (2021) did not find a change in protein-protein interactions upon heating

during HME at a melt temperature of 100-160 °C or 124/135 °C respectively.
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Alternatively, the changes in absorbance at 1930 nm can be attributed to the changes in the
carbonyl groups of the protein. Previous research has shown a correlation between the
carbonyl groups of whey protein isolate and their NIR spectra because of protein oxidation
following thermal treatment (Bordignon et al., 2023). Protein oxidation also occurs during
HTSC processing as found by Duque-Estrada et al. (2020) and Wehrmaker et al. (2022). It
can therefore be concluded that protein oxidation is one of the physicochemical changes

induced by HTSC processing reflected by the NIR absorbance spectra.

To reduce the effect of colour changes and the high water content of our HTSC products on
the partial least squares (PLS) regression model for processing temperature, the use of a
reduced wavelength range of 800-1400 nm was also explored (Fig. 6.2B). Thus, the visual
wavelength range of 400-750 nm and the strong NIR absorption bands associated with water
around 1400-1440 nm and 1900-1950 nm were not included in the PLS regression model
(Biining-Pfaue, 2003). The reduced wavelength range resulted in a clearer trend with
processing temperature compared to the complete spectra at wider wavelength ranges (Fig.
6.2). Furthermore, principal component analysis (PCA) analysis showed that the largest part
of the variation in these spectra can be related to changes in the processing temperature (Fig.

S.6.4).

Summarizing, the effect of temperature on the absorbance spectra indicates that the thermal
process intensity indeed affects the protein and carbohydrate properties during the HTSC and

HME processes, and that NIR is a suitable technique to capture this effect.

Partial least squares (PLS) regression models

The result of the PLS models based on the complete and reduced wavelength ranges for the
processing temperature in the HTSC of products processed at 30 rpm for 15 min are shown
in Fig. 6.3. For both wavelength ranges it was possible to create a PLS model (root mean
standard error of calibration (RMSEC)=1.05 and RMSEC=3.65) with a low error of cross-
validation (root mean standard error of cross-validation (RMSECV)=4.47 and RMESCV=4).
This indicates that NIR spectroscopy is a suitable technique for the quantification of thermal
effects during HTSC processing. The required number of latent variables (LVs) was higher
for the complete spectrum compared to number needed when using the reduced wavelength
range. Furthermore, the prediction bias of the model based on the reduced wavelength range
was lower (0.89 instead of -2.22). Finally, the difference between the RMSEC and RMSECV

was larger for the complete wavelength range compared with the reduced wavelength range
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which is an indication for overfitting (Shen et al., 2011). For these three reasons the PLS
model based on the reduced wavelength range was selected for further analysis of HTSC
products and extrudates. This gives an additional advantage being that colour changes and

small changes in the water content have a smaller effect on the outcome of the calibration

model.
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Fig. 6.3 PLS regression calibration model for processing temperature in the HTSC based on standard normal
variate (SNV)+1st derivative NIR absorbance of the full (400-2200 nm) (A) and reduced (800-1400 nm) (B)
spectral range.

The regression coefficient of the model for the reduced wavelength range is shown in Fig.
6.4 to better understand which wavelengths and chemical components influence the PLS
model for HTSC processing temperature the most. These three wavelengths were 945, 1138
and 1028 nm respectively, as indicated by the high absolute values of the regression
coefficient. These wavelengths correspond to the 3™ overtone of OH, the 2™ overtone of CH;
and 3™ overtone of RNH; bonds respectively. Because the main effect of protein denaturation
on the NIR spectra is a result of changes in protein confirmation and protein-water
interactions, it is not surprising that the overtones related to OH and NH, groups contributed
most to the regression coefficient. The importance of the 2" overtone of CH; confirms the
relevance of the CH bonds for the prediction of processing temperature (De Angelis et al.,
2023; Pietsch, Biihler, et al., 2019). The results described in this section show that NIR
spectroscopy is a suitable technique to measure the thermal effect on the different

components in plant-based meat analogues.
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Fig. 6.4 Regression coefficient PLS regression model for processing temperature in the HTSC based on the
reduced (800-1400 nm) spectral range. The highest peaks are annotated with wavelength number.

Effect of processing time in HTSC on predicted temperature

Processing time is an important difference between HTSC processing, for which the standard
processing time is 15 min, and HME, for which the residence time ranges between 2-5 min
(Cornet et al., 2022). Processing time also affects the thermal process intensity, as it
influences the extent of protein denaturation, in addition to the heating temperature.
Correspondingly, Skéra et al. (2014) reported changes in NIR absorbance of surimi because
of both heating temperature and heating time. For this reason, the effect of shorter HTSC
processing times (2.5-10 min) on the absorbance spectra and predicted temperature was

measured.

The absorbance spectra of the HTSC products produced at shorter processing times showed
a similar pattern compared to the HTSC products on which the PLS regression was based,
with peaks around 980 and 1200 nm (Fig. 6.2 and Fig. 6.5A). This was expected because the
products had the same composition. Nevertheless, the processing time during HTSC
processing influenced the absorbance spectra of HTSC products (Fig. 6.5A). At wavelengths
above 1300 nm the absorbance spectra of HTSC products processed for 7.5-15 min were very
similar. This indicates that for these processing times the protein-water interactions and
protein bonds that are formed are very similar, because this wavelength range is linked to NH
and OH overtones (van Staveren, 2020). However, at shorter wavelengths the absorbance

increases with increasing processing times from 7.5-15 min.
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Fig. 6.5 NIR absorbance spectra of HTSC products produced at varying processing time (A) and the predicted
processing temperature of these products (B). Dotted line indicates the set processing temperature. The blue
point indicates the processing time that was part of the calibration set of the PLS regression model for
processing temperature (15 min).

When applying the PLS regression model for processing temperature it can be observed that
shorter processing times resulted in a lower predicted processing temperature (Fig. 6.5B).
The predicted processing temperature stabilizes at processing times >7.5 min, which
implicates that physicochemical changes induced by heating mainly occur within the first 7.5
min of the process. This indicates that, to a certain extent, the NIR measurement reflects the
time dependency of the reactions that take place during HTSC processing in addition to the
effect of temperature and could therefore be used as to quantify the intensity of thermal
processing. The typical residence time during HME ranges from 2.5-5 min (Cornet et al.,
2022) and residence time is therefore expected to be reflected in the thermal process intensity

as measured with NIR spectroscopy with the approach presented in this study.

6.4.2 Application to extrudates

Absorbance spectra

The average absorbance spectra of extrudates produced with screw profile A (without
kneading or reverse screw elements) at 100-160 °C and 200-1200 rpm are shown in Fig. 6.6.
The absorbance spectrum of these HME extrudates shows peaks at similar locations as HTSC
products (Fig. 6.2 and Fig. 6.6), which was expected given their similar composition.

Temperature had a limited effect on the absorbance of these extrudates. However, screw
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speed resulted in a slight decrease in the absorbance, though this effect is reduced by the

applied pre-processing (Fig. S.6.5).
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Fig. 6.6 Absorbance spectra of HME extrudates produced with screw profile A at screw speeds of 200-1200
rpm as indicated by colours ranging from light to dark blue at a barrel temperature of 100 (A), 120 (B), 140

(C) or 160 °C (D).
The average absorbance spectra of extrudates produced with screw profile B (with kneading
elements) at 100-160 °C and 200-1200 rpm are shown in Fig. 6.7. These absorbance spectra
showed a similar pattern to those of extrudates produced with screw profile A (Fig. 6.6).
However, here, the screw speed affected the NIR spectra of extrudates more. This was not
surprising as an increase in screw speed when using screw B will result in a larger increase

in the shear stresses and thus in a larger temperature increase caused by viscous dissipation
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compared to screw profile A (Ellwanger et al., 2023). It should be noted that both an increase
in screw speed and temperature resulted in a decreased absorbance, which is opposite to the
trend that was observed for the processing temperature for HTSC products (Fig. 6.2).
However, this difference which is most likely caused by baseline shifts is solved by the pre-
processing steps applied to the spectra (SNV and 1% derivative) and therefore does not affect
the applicability of the PLS regression model (Fig. S.6.6).

It should be noted that pre-processing of the spectral data is crucial for the applicability of
the PLS regression model, as it reduces scattering effects caused by structural differences
between HTSC products and extrudates. Furthermore, both HTSC and HME products were
measured under the same measurement conditions in this study. However, changes in
measurement conditions or instrument changes can affect the measured NIR spectra. This
should therefore be considered when applying this approach on an industrial scale, for

example by standardization of the NIR spectra (Zhang et al., 2019).
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Fig. 6.7 Absorbance spectra of HME extrudates produced with screw profile B at screw speeds of 200-1200
rpm as indicated by colours ranging from light to dark blue at a barrel temperature of 100 (A), 110 (B), 120

(C), 130 (D), 140 (E), 150 (F) or 160 °C (G).
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Equivalent shear cell temperature of extrudates

The calibration curve created for the processing temperature during HTSC processing was
applied to the NIR spectra that were measured for the extrudates, to calculate the so-called
“equivalent shear cell temperature”. This equivalent shear cell temperature indicates at which
processing temperature a product would need to be processed in the HTSC for 15 min at 30
rpm to achieve an equivalent thermal process intensity as during HME. This indicator for
thermal processing intensity thus gives insights in the overall process intensity of HME.
Thermal process intensity is commonly quantified by the temperature that is measured just
before the protein melt enters the cooling die (Ellwanger et al., 2023). For this reason, the
equivalent shear cell temperature was plotted versus the measured melt temperature to verify

the correlation between these two parameters (Fig. 6.8).
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The equivalent shear cell temperature rose with increasing barrel temperature and screw
speed (Fig. 6.8), which is caused by heating from the barrel wall and viscous dissipation
(Mateen et al., 2023). The equivalent shear cell temperature showed a correlation with the
measured melt temperature (Table 6.2). The coefficient of determination of the prediction
(R2,) when all temperatures were included was higher for screw A (R%,=0.78) than screw B
(R2,=0.61). Moreover, the correlation between the melt temperature and shear cell
temperature depended on the barrel temperature that was used and was highest at 100 °C for
screw profile A (R%=0.92) and 130 (R%screwB=0.82) and 140 °C (R%,screwA=0.85,
R2,screwB=0.81) for both screw profiles. Whereas the R, was lower at barrel temperature
>140 °C. This can be explained by the limited effect of the screw speed on the melt
temperature when the barrel temperature is set to > 140 °C, while this is not the case for the
equivalent shear cell temperature. This effect is most prominent for screw profile B. A similar
influence of barrel temperature on interaction between screw speed and melt temperature was
described by Mateen et al. (2023). They showed that a screw speed increase from 300 to 900
rpm had more effect when the barrel temperature wat set to 110 or 130 °C compared with set
temperature 150 °C. Pietsch, Werner, et al. (2019) also observed that screw speed did not
significantly contribute to the melt temperature at a barrel temperature of 155 °C, but it did

at 100 and 125 °C.

Table 6.2 Overview residual mean square error of prediction (RMSEP), Prediction bias and R?, for equivalent
shear cell temperature plotted against melt temperature of extrudates.

Barrel Screw profile A Screw profile B
temperature - -

RMSEP Bias R?% RMSEP Bias R?,
All 3.92 0.00 0.78 7.25 0.00 0.61
temperatures
100 °C 1.98 0.00 0.92 5.02 0.00 0.75
110 °C - 4.55 -0.03 0.71
120 °C 2.67 0.00 0.77 3.14 0.00 0.73
130 °C - 3.16 0.00 0.82
140 °C 2.28 0.00 0.85 3.48 0.00 0.81
150 °C - 7.18 0.00 0.44
160 °C 1.95 0.00 0.62 5.41 0.00 0.55
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Contrarily to the melt temperature, the equivalent shear cell temperature increased with screw
speed at barrel temperatures > 140 °C (Fig. 6.8). This difference between melt and shear cell
temperature is probably caused by the fact that melt temperature only provides information
about the thermal process intensity at one position in the process. The shear cell temperature,
on the other hand, reflects the total effect of the thermal treatment during HME process and
therefore also includes the effect of local temperature maxima. This makes the equivalent
shear cell temperature a relevant indicator for overall thermal process intensity, which

provides more information than the melt temperature.

Notably, when plotted against melt temperature, the slope of the equivalent temperature
increases exponentially with rising barrel temperatures, which is particularly noticeable for
extrudates produced at a barrel temperature above 130 °C using screw B. This suggests that
mechanical deformation has larger effect on the thermal process intensity than suggested by
the melt temperature. This difference can be explained by the influence of local temperature
changes resulting from viscous dissipation as was previously described. Additionally, shear
stresses could accelerate reactions in the extruder, such as the aggregation and degradation
of proteins, as shown for gluten and B-lactoglobulin because shear forces can lower activation
energy (Pommet et al., 2004; Quevedo et al., 2020). These changes in chemical properties
influence NIR spectra and therefore the equivalent shear cell temperature. However, it should
be noted that shear on its own most likely does not cause protein denaturation (Jaspe &

Hagen, 2006), but rather reinforces the thermal treatment.

The equivalent shear cell temperature was on average 45 °C lower than the melt temperature
for screw A and 30 °C for screw B. The difference between the equivalent shear cell
temperature and melt temperature increased with an increase in barrel temperature, which
was clearest for screw A. The lower equivalent shear cell T compared to the barrel
temperature can probably be attributed to the shorter residence time in the extruder (2-5 min)
compared with the HTSC (15 min) (Cornet et al., 2022). This aligns with the effect of
processing time on the predicted processing HTSC processing temperature (Fig. 6.5B).
Interestingly, the smaller difference between melt temperature and equivalent shear cell
temperature for screw B suggests that the product underwent a more intensive process,
probably due longer residence time for extrudates processed with this screw and higher
temperature due to viscous dissipation in the kneading zones (Ellwanger et al., 2023). The

effect of residence time is not reflected in the melt temperature, which makes the equivalent

161




Chapter 6

shear cell temperature a valuable additional parameter for comprehensively studying thermal

treatment.

Summarizing, the melt temperature and mechanical deformation influence the equivalent
shear cell temperature. Because these parameters both influence the rheological properties of
the SPC, they also have an influence on the pressure measured at the die entrance (Pietsch,
Biihler, et al., 2019). This explains why the equivalent shear cell temperature correlates with
the barrel pressure (Fig. S.6.7). A schematic overview of the relation between the processing
parameters that were varied in this study and the intermediate processes that finally lead to a

change in the equivalent shear cell temperature is shown in Fig. 6.9.

Process Final product
parameters Intermediate processes Output properties

Barrel Melt .
Reaction rate
temperature temperature
Activation
energy

Rheological Physicochemical
properties changes

Mechanical
stresses

Pressure

Kneading
elements

Residence time

Fig. 6.9 Schematic overview of the effect of barrel temperature, screw speed and kneading elements on the
intermediate processing conditions and the equivalent shear cell temperature. Green arrows indicate a positive
relationship, red arrows indicate a negative effect and black arrows effects that can be positive or negative
depending on the conditions

Effect of thermal process intensity on the structural properties of extrudates

The use of the equivalent shear cell temperature as an indicator for thermal process intensity,
rather than the melt temperature, may offer an advantage by providing more information on
complete effect of thermal processing on the final product properties. To verify this
hypothesis the relation between the melt and equivalent shear cell temperature and the degree
of texturization of the extrudates produced in this study was explored (Fig. 6.10). Similar
plots for other textural properties (e.g., hardness or cutting strength) can be found in Fig.
S.6.8-6.13. The degree of texturization is calculated as the ratio between the peak cutting
force in the perpendicular direction and the parallel direction. A degree of texturization-value
larger than 1 indicates alignment, whereas a degree of texturization smaller than 1 indicates

an isotropic material without a fibrous or layered structure (Shrestha et al., 2024).
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The degree of texturization showed a positive correlation with the melt and shear cell
temperature (Fig. 6.10). Surprisingly, the linear correlation between temperature and degree
of texturization was higher for the melt temperature (R?>=0.72) than the equivalent shear cell
temperature (R?>=0.65). When the data of the two screws are split the linear correlation with
shear cell temperature for screw A (R?>=0.73) was slightly higher than that with the melt
temperature (R?=0.76). However, this was not the case for screw B. The increasing effect of
temperature on the degree of texturization was previously reported for HME of soy protein
isolate (SPI) as well (Chen et al., 2010; Maung et al., 2021). This effect of temperature on
fibrous structure formation can be explained by two effects. Firstly, temperature directly
influences the physicochemical changes in of the material in the extrusion barrel (e.g. protein
denaturation and aggregation). And secondly, temperature indirectly influences the flow
profile in the cooling die, which results from these physicochemical changes (Wittek,

Ellwanger, et al., 2021).

Hogg & Rauh (2023) found a minimal texturization temperature of 117.7 °C for HME
extrusion of the same type of SPC (Alpha 8) under similar conditions as were used in this
study. This is close to the temperature at which the linear trendline for the melt temperature
is equal to 1 (119 °C). However, the minimal melt temperature above which all extrudates
produced in this study had a texturization index above 1, indicated with the blue dotted line
in Fig. 6.10, is higher (134 °C). It should be noted though that when this temperature is used
as target temperature for fibrous structure formation, part of the samples produced at lower
temperature would be rejected unjustified, because these are fibrous. When using the minimal
shear cell temperature (95 °C), fewer products were rejected unjustified and a better
separation between products with higher and lower texturization indices was achieved. This
indicates that the shear cell temperature is more suitable to find the minimal thermal process
intensity required for fibrous structure formation than the melt temperature. A likely
explanation for this difference is the fact that the equivalent shear cell temperature reflects
the overall effect of processing on thermal process intensity, while melt temperature only
captures the thermal process intensity just before the die. Thus, shear cell temperature is more

representative for the required physicochemical changes.

Fig. 6.10 shows that extrudates produced with screw A had a higher degree of texturization
compared with extrudates produced with screw B at a similar equivalent shear cell

temperature. This implies that the physicochemical changes as measured with NIR
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spectroscopy do not completely explain the structural properties at a larger length scale.
However, a degree of texturization slightly above 1 using screw A was only achieved at two
processing conditions. A similar trend was observed for the perpendicular cutting strength
and other textural properties (hardness, cohesiveness etc.), which indicated stronger products
were produced with screw A at temperatures below the minimal temperature for structure
formation (Fig. S.6.8-6.13). We hypothesize that the presence of kneading elements is
required to achieve a sufficient thermal process intensity for fibrous structure formation.
However, at temperatures below the minimal equivalent shear cell temperature for structure
formation, kneading elements can lead to a reduction of the size of the protein aggregates
formed in the extruder barrel as was hypothesized by van der Sman & van der Goot (2023).
This aggregate size reduction, in turn reduces the degree of texturization, because the cutting
force perpendicular to the flow direction decreases (Fig. S.6.9). This effect of the screw
configuration indicates that thermal process intensity is not the only factor that determines
the structure formation during HME. Interestingly, this effect was only observed when
plotting the structural properties against the equivalent shear cell temperature and not the
melt temperature. This is an additional indication that the equivalent shear cell temperature

provides better insights in the factors influencing fibrous structure formation during HME.

Future application

This study demonstrates that NIR in combination with HTSC measurements can be used to
get more insight in the processing conditions during HME extrusion of meat analogues. It
should be noted though that in this study only a simple formulation consisting of SPC and
~61wt% water was studied. The method can potentially be extended to products that contain
more ingredients. To apply this method to these multi-ingredient products, it is necessary to
include these formulations in the calibration step and the influence of product homogeneity
on the NIR spectra should be considered. This probably means that NIR spectroscopy is
interesting for online applications to ensure constant processing conditions during the
extrusion process. NIR spectroscopy was already successfully applied online during the
extrusion of cereal products (Dodds & Heath, 2005; Evans et al., 1999). Recalibration under
processing conditions is required for these in-line measurements. Additionally, the equivalent
shear cell temperature is a promising screening tool to find processing conditions that could
result in fibrous structures. This is particularly relevant during upscaling from pilot-plant to

factory size extruders, as the influence of barrel temperature on the thermal process intensity
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strongly decreases with larger barrel diameters. In large extruders, heating through viscous
dissipation becomes more relevant, while the melt temperature becomes a less accurate
measure for the temperature of the product inside the extruder. However, when applying the
equivalent shear cell temperature to measure the process intensity of extrudates the NIR
measurement conditions of the HTSC products and extrudates should be similar. Finally,
NIR spectroscopy can be used as a tool to measure the textural properties of the extrudate in
a similar manner as the use of NIR spectroscopy for measurement of the textural properties

of animal meat (Schreuders, Schlangen, et al., 2021).
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6.5 Conclusion

In this study near-infrared spectroscopy in combination with partial least squares regression
was successfully used to create a calibration curve for the processing temperature of high-
temperature shear cell (HTSC) products under controlled processing conditions. This model
was then used to calculate the equivalent shear cell temperature to assess the thermal process
intensity during high-moisture extrusion (HME). The equivalent shear cell temperature
reflected the combined effects of shear stresses, (local) temperature effects and the effect of
residence time on the thermal process intensity. It was found that the degree of texturization
of the extrudates was correlated with the equivalent shear cell temperature. By following a
systematic approach this study provides insight into the effect of interrelated processing
parameters (e.g., barrel temperature and screw speed) on the thermal process intensity during
HME. The knowledge gained could contribute to further optimization of processing

conditions to achieve the desired meat analogue products.
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6.6 Appendix
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Fig. S.6.1 Latent variable (LV) selection for PLS regression model for the processing temperature of HTSC
products for A. the full spectrum (400-2200nm) and B. the reduced spectrum (800-1400 nm).
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Fig. S.6.2 Visual structure of SPC HTSC products treated at 90-160 °C for 15 min at 30 rpm.
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Fig. S.6.3 Dry matter content HTSC products produced at different temperatures and a constant rotational
speed and processing time of 30 rpm and 15 min.
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pre-processing with SNV and Savitzky-Golay 1% derivative of HTSC products treated at 90-160 °C for 15
min at 30 rpm. Colour scale indicates the processing temperature ranging from blue to red.
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extrudates produced with screw profile A at different screw speeds at a barrel temperature of 100 (A), 120
(B), 140 (C), 160 (D) °C.
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Fig. S.6.6 Average absorbance spectra after pre-procesing with SNV and Savitzky-Golay 1% derivative of
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shear cell temperature (B). The red line represents the linear trendline for all extrudates.
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The hardness, cohesiveness, springiness and chewiness were measured with a texture
analyser (Model Instron 5564, Instron, Norwood, Massachusetts, USA). The system was
calibrated with a 2000N loadcell and the initial height was set at 10mm. The thawed
extrudates were cut into a cylindrical shape with a diameter of 20mm. The extrudates were
compressed twice, holding time one second, to 50% of its original thickness at a speed of
Imm/s by a compression probe (P/50). A force-time graph was recorded using the software
BlueHill 23 Universal (Instron, Norwood, Massachusetts, USA). The maximum peak force

(Fmax) in the graph is equal to the hardness (N).
Hardness (N) = Fpax Eq. S.6.1
The cohesiveness is expressed by the ratio of the area under the first and second curve:
Cohesiveness (—) = A, /A, Eq. 5.6.2

In which A, is the area under the second peak and A, is the area under the first peak.

The ratio between the time until the first peak was reached and the second peak is the
springiness:
Springiness (=) = t,/t; Eq. 5.6.3

In which t; is the time until the second peak is reached and t; is the time until the first peak

is reached.

The chewiness was determined by multiplying hardness, cohesiveness, and springiness

values.

Ay b

Chewiness (N) = Hardness * Cohesiveness * Springiness =
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Fig. S.6.10 Hardness as measured with a double compression test plotted against melt (A) and shear cell
temperature (B). The red line represents the linear trendline for all extrudates.
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Fig. S.6.11 Cohesiveness as measured with a double compression test plotted against melt (A) and shear cell
temperature (B). The red line represents the linear trendline for all extrudates.
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Fig. S.6.12 Springiness as measured with a double compression test plotted against melt (A) and shear cell
temperature (B). The red line represents the linear trendline for all extrudates.
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Chapter 7

7.1 Introduction

High-moisture extrusion (HME) is commonly used to produce meat analogues with a fibrous
appearance to resemble that of meat. However, even though this technique has already been
studied for 30 years now, the mechanism for fibrous structure formation is still not fully
understood (Guyony et al., 2023; van der Sman & van der Goot, 2023). The main reason for

this are the interrelated effects of the different processing parameters.

The aim of this thesis was therefore to systematically investigate the effects of processing
conditions on dense plant-based products made through HME. To achieve this goal, the high-
temperature shear cell (HTSC) was used to study the effects of the processing parameters
separately in Chapters 2 & 3. In Chapters 4 & 5 NIR spectroscopy was used to quantify
the composition of plant-based mixtures and gels. In Chapter 6 the HTSC and NIR
spectroscopy were combined to develop a new parameter that describes the thermal process

intensity during HME.

This chapter (Chapter 7) summarizes the most important findings from the previous chapters
and offers suggestions for the future research required for a complete understanding of the

fibrous structure formation mechanism during HME.

7.2 Main findings and conclusions

The deformation of extruded material in the cooling die is often thought to be crucial for
fibrous structure formation during HME. However, in the standard HTSC process the
material is not deformed during cooling. In Chapter 2 the effect of shearing during cooling
on the fibrous structure formation in the HTSC was therefore studied. We found that
deformation during cooling was not necessary nor beneficial for fibrous structure formation.
Products sheared during heating had a visually more fibrous structure. We hypothesized that
other factors, such as the elongational stresses at the die entrance or the temperature gradient
in the cooling die, are more important for fibrous structure formation. A higher cooling die
temperature could therefore be beneficial for fibrous structure formation during HME.

However, use of the cooling die remains crucial to prevent product expansion.

In Chapter 3 the effects of mixing and hydrating time before HTSC processing were studied
for three types of protein dough: soy protein concentrate (SPC), soy protein isolate (SPI)-
wheat gluten (WG) and pea protein isolate (PPI)-WG. Mixing time influenced the properties

of the dough and the final product structure in some cases, whereas hydrating time only had
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a limited effect. The effect of mixing time was highly dependent on the ingredients used. For
SPC and SPI-WG the effect on the final product structure was limited, while for PPI-WG an
optimum mixing time was found based on the tensile properties of the products formed. This
optimum mixing time could be correlated with the optimal dough development time as
measured during farinograph mixing of the dough. Furthermore, it is remarkable that slight
changes in the energy input during the mixing stage resulted in relevant structural changes in
the final product. However, for HME the structure formation that occurs in the initial mixing
step of the process might be of less importance, because of the more intensive mechanical
treatment that follows, which is assumed to destroy the gluten network that is initially formed

(van der Sman & van der Goot, 2023).

In Chapters 2 as well as Chapter 3 it was found that the investigated parameter influenced
the final product properties. This implies that each step in the extrusion process contributes
to fibrous structure formation. Remarkably, in some cases only small changes in process
conditions led to clear changes in product structures. Most of the findings in this thesis
aligned with the hypothesis proposed by van der Sman & van der Goot (2023) who stated
that multiple mechanisms contribute to fibrous structure formation during extrusion
simultaneously. These mechanisms take place at multiple length scales and locations in the
extruder. To fully understand the fibrous structure formation during HME these different

mechanisms therefore need to be considered.

In Chapters 4, 5 & 6 we used NIR spectroscopy for the analysis of meat analogue
composition and the thermal process intensity during HME. This technique could be used for
in-line measurements during HME because it is a rapid and non-destructive. In Chapter 4
we showed that NIR spectroscopy is suitable for measurement of the oil and protein content
in dense plant-based mixtures. Partial least squares (PLS) regression was used successfully
to predict the oil and protein content based on the NIR spectra. Wavelength range reduction
and wavelength selection reduced the complexity and improved the quality of these models.
However, heating is known to have a large impact on the protein-water interactions in meat
analogues, thereby influencing the NIR spectra (Biining-Pfaue, 2003; Uddin et al., 2002;
Wold et al., 2020). For this reason, the effect of heating conditions on the oil measurement
of heated PPI gels was studied in Chapter S. It was shown that heating conditions indeed

influenced the NIR spectra of the protein gels and therefore the oil content measurement.
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However, the application of wavelength selection allowed the development of calibration

curves for oil content quantification that are robust to fluctuations in the heating conditions.

In Chapter 6 the effect of heating on the NIR spectra was used to quantify the overall thermal
process intensity during HME. First a calibration curve for the processing temperature during
HTSC processing was created. Subsequently, this calibration curve was applied to extrudates
produced under different processing conditions to calculate the “equivalent shear cell
temperature”. The equivalent shear cell temperature was used as an indicator of overall
process intensity. With the use of this indicator, it was found that the thermal process intensity
during HTSC process was significantly higher compared to HME processing, mainly because
of the longer residence time in the HTSC. Additionally, the equivalent shear cell temperature
gave insight in the effects of the different processing parameters (i.e., barrel temperature,
screw speed and screw profile) on the thermal process intensity. Finally, the thermal process
intensity could be related to the degree of fibrous texture formation. It was found that a
minimal thermal process intensity is required to ensure the formation of a mechanically
anisotropic product. The equivalent shear cell temperature was more suitable to find the
minimal thermal process intensity for fibrous structure formation than the melt temperature
measured before the die entrance. This implies that the physicochemical changes that occur
in the extrusion barrel contribute to the formation of a fibrous structure and the location of

structure formation is not limited to the cooling die.

The thermal process intensity was not the only explaining factor for the degree of
texturization (Chapter 6). At temperatures below the minimal temperature for fibrous
structure formation the addition of kneading blocks led to a lower degree of texturization.
This implies that too much mechanical deformation is detrimental for the formation of a
fibrous structure. The negative effect of mechanical deformation is probably caused by the
break-up of the protein aggregates that are formed in the extrusion barrel (van der Sman &
van der Goot, 2023). However, the presence of kneading blocks helped to achieve the
minimal thermal process intensity for structuring through viscous dissipation and by
increasing the residence time (Ellwanger et al., 2023). This means that the extent of
mechanical deformation needs to be balanced to allow a sufficient thermal process intensity

and to minimize the breakdown of the protein aggregates formed in the extruder barrel.
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7.3 Limitations and outlook for future research

7.3.1  Comparison of the HTSC and HME processes and products

In this thesis the HTSC was used successfully to study the effects of the processing
parameters during HME. However, there are some differences between the HTSC and HME
process that will be described in this subsection. One of these differences between the HTSC
and HME processes is the presence of elongational stresses. During HME these elongational
stresses mainly occur at the transition from the extruder barrel to the cooling die. However,
during HTSC no elongational stresses act on the product (Wittek, Ellwanger, et al., 2021).
Elongational stresses cause break-up and deformation of the dispersed phase of a two-phase
mixture even at a high viscosity ratio, whereas simple shear stresses cannot. The deformation
ofthe dispersed phase was proposed to be one of the causes for the fibrous structure formation
during HME (Wittek, Ellwanger, et al., 2021). To gain more insight in the impact of these
elongational stresses on the fibrous structure formation, we therefore suggest developing a

device that can exert elongational stresses on the material.

Another important aspect that complicates the use of the HTSC to study structure formation
during HME is the difference in residence time between these processes. The longer
residence time for the HTSC process results in a larger thermal process intensity for HTSC
processing than HME (Chapter 6). It would therefore be interesting to study the use of
shorter residence times in the HTSC. It was already shown in Chapter 2 that a shorter
thermomechanical treatment does not have a negative impact on fibrous structure formation.
Similarly, pictures of the products for which the residence time was varied in Chapter 6
showed that the residence time can be decreased to 5 min before losing its fibrous structure.

The optimal residence time was around 10 min (Fig. 7.1).
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2.5 min 5 min 7.5 min 10 min

12.5 min 15 min
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Fig. 7.1 Pictures of HTSC products consisting of 39 wt.% SPC sheared at 30 rpm for different processing
times. These products were prepared for Chapter 6, in which more information about their production can be
found.

To understand the impact of the differences between the HTSC and the HME processes on
their products, the effects of thermal and mechanical treatment on the products’ visual and
mechanical properties was studied in more detail. The visual macrostructure of HTSC and
HME products made with 39 wt.% SPC showed some clear differences (Fig. 7.2). HME
products had a structure that can be best described as layered, while HTSC products contains
small fibres when broken perpendicular to the flow (Fig. 7.2). This difference between
extrudates and HTSC products raises the question whether similar structures with small fibres
could be produced with HME. Snel et al. (2022) used a novel rotational cooling die in which
simple shear is applied during cooling. The structures produced with this rotational die
resembled those of HTSC products more compared with HME products produced with a
conventional cooling die. However, the small fibres that are found in HTSC products are still
lacking. Nevertheless, the rotating cooling die offers opportunities to structure meat
analogues, which needs to be explored further. However, it can be expected that products

made with HTSC and HME will remain subtly different in their structures.
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Melt Shear cell (30 rpm) Extrusion (600 rpm)
temperature
100 °C
Rotating cooling die (45 rpm)
130 °C
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Fig. 7.2 Visual macrostructure of HTSC and HME products after bending (HTSC) or cutting (HME) of the
samples and folding them. HTSC and HME products both contain 39 wt.% SPC and were prepared for
Chapter 6. HTSC products were sheared at 30 rpm for 15 min. The HME products were produced with screw
profile B (containing kneading elements). For reference the visual macrostructure of a SPC product that was
produced with a novel rotating cooling die by Snel et al. (2022) was included.

To study the mechanical properties of HTSC and HME products amplitude sweeps in a CCR
were used. These results were summarized in texture maps, as was done in Chapter 3 of this
thesis. In all texture maps the measured HTSC and HME products fall into the same area
(Fig. 7.2 and 7.3). This indicates that the mechanical properties of products produced with
both techniques are similar when applying small oscillatory deformation, despite differences
in their macrostructural properties (Fig. 7.2). At the end of the linear viscoelastic regime
(LVE) the HTSC and HME products were mushier than commercial products (Schreuders,
Sagis, et al., 2022), but similar to mung bean protein extrudates (De Angelis et al., 2023).
However, at the cross-over point the HTSC and HME products had similar structural
properties compared to commercial meat analogues (Schreuders, Sagis, et al., 2022). This
indicates that in the non-linear regime the properties of meat analogues are very similar, and

differences between different (commercial) products mainly occur in the LVE region.

Temperature had a limited effect on the final product structure for both HTSC and HME
products. Only HTSC products produced at 160 °C deviated in their mechanical properties
from the rest of the products, which was caused by moisture evaporation during processing.
The limited effect of temperature was surprising, because temperature had a clear effect on

the macrostructure of the products (Fig. 7.2). The SME input during extrusion also did not
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have a large influence on the structural properties of the final product. However, for shear
cell products a SME >71 kJ/kg led to a mushier structure that deviates from HTSC products
with SME <71 kJ/kg and extrudates. This confirms the structural breakdown at higher SME-
inputs, as was also observed in Chapter 2. The different deformation applied during HTSC
and HME processing could explain the different effects of mechanical energy input for these
two processing methods. Additionally, the different effects of SME on the mechanical
properties of HTSC and HME products, implies that SME is not the most suitable parameter
to quantify mechanical deformation, but rather the maximal shear stress. In case of starch
breakdown, it was proven that maximal shear stress had most explaining value (van den

Einde et al., 2004), which might hold true for structural breakdown of protein as well.
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Fig. 7.3 Texture map of HTSC and HME products containing 39 wt.% SPC. HTSC products (m) were sheared
at different temperatures (90-140 °C) at 30 rpm for 15 min. HME products were produced with two screw
configurations without (e) and with ( A) kneading elements at a rotational speed of 600 rpm at the end of the
LVE (A) and cross-over point (B). Colour indicates set temperature during HTSC processing, or the melt
temperature recorded during HME.
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Fig. 7.4 Texture map of HTSC and HME products containing 39 wt.% SPC. HTSC products (m) were sheared
at a constant temperature 140 °C at 0-100 rpm for 15 min. HME products were produced with two screw
configurations without (®) and with ( A) kneading elements at screw speeds ranging from 200-1200 rpm and
barrel temperature ranging from 100-160 °C as was described in Chapter 6, only extrusion conditions
resulting in a melt temperature between 130-150 °C were selected here to have a similar processing
temperature to the HTSC products. Colour indicates SME during HTSC or HME processing.
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A summary of all differences and similarities between the HTSC and HME processes and

products discussed in this subsection is shown in Table 7.1.

Table 7.1 Overview of similarities and differences between the HME and HTSC processes and products

Process

Products

HTSC

HME

HTSC

HME

e  Similar processing operations

Anisotropic structure

E e  Similar ingredients suitable for Similar mechanical properties measured
E fibrous structure formation with CCR
E o  Temperature has a limited effect on
2 these properties
e No e Elongational Visible macro- Visible macro-
elongational stresses structure with structure
stresses present small fibres layered
e  Residence e Residence Mechanical Mechanical
time 15 min time 2-5 min deformation deformation
e  Higher e Lower impacts has a limited
thermal thermal mechanical effect on
§ process process properties mechanical
§ intensity intensity measured with properties
g':‘ . Lower SME e Higher SME CCR measured with
a and and maximal CCR
maximal shear rate
shear rate e Deformation
e  In standard in the
protocol no cooling die
deformation
during
cooling

Despite differences between HTSC and HME, the HTSC remains a very relevant tool to gain
new insights in the extrusion process because HTSC allows decoupling of the effects of the
different processing conditions. The new insights described in this thesis can then be tested
by further extrusion trials to confirm or dismiss the hypothesized impacts on the structure
formation during HME itself. For example, the effect of mixing as was done in Chapter 3
can be tested by altering the screw configuration. To study the effect of shearing during

cooling (Chapter 2) the dimensions of the cooling die can be varied (Cornet et al., 2022).
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7.3.2  Use of NIR spectroscopy to study thermal reactions

In Chapter 6 NIR spectroscopy was used to gain more insights in the total effect of the
thermal treatment during HTSC processing and HME on the physicochemical changes of
SPC. The total effect of thermomechanical processing measured with NIR spectroscopy was
influenced by the temperature and the residence time in the HTSC or extruder barrel. This
implies that NIR spectroscopy could also be used to quantify the effect of a temperature
increase on the reaction rate of the physicochemical changes occurring during HME. Elmasry
& Nakauchi (2015) already used NIR spectroscopy to study the combined effect of heating
temperature and heating time during the thermal treatment of seafood products. They were
able to use the so-called “thermal history” (TH) to quantify the thermal treatment intensity
of different time-temperature combinations. They defined thermal history as follows:

Th_Tref

t
TH =j10( Z Ddt Eq. 7.1
0

In which T}, is the heating temperature (°C) after time ¢, T.ris the reference temperature (°C)
and Z is the temperature increase to result in a 10-fold increase in heating rate (°C). Elmasry
& Nakauchi (2015) used a T,.r of 100 °C and Z of 25 °C. The TH therefore is the time the
product needs to be at the reference temperature to achieve the same effect as at the actual
heating temperature. The 7H was linearized by applying a log10 transformation before it was
linked to the NIR spectra. This allowed Elmasry & Nakauchi (2015) to create a successful
partial least squares (PLS) model for the TH.

It was found that also for the non-oil containing PPI gels that were produced in Chapter 5 a
successful PLS model for the TH could be obtained based on their NIR spectra (Fig. 7.5),
when using of the same 7,.r and Z-values as were used by Elmasry & Nakauchi (2015). In
future research, fitting the Z-value could provide more information about the reaction kinetics
during HME processing. It should be noted that the changes that are reflected in the NIR
spectra are all physicochemical changes that occur upon extrusion. With the use of the
regression coefficient of the PLS model or wavelength selection the most important bonds
and therefore most important components that are affected by the heat treatment can be
found. This will provide more insight in the reactions underlying the changes in the

equivalent shear cell temperature that was presented in Chapter 6.
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Fig. 7.5 PLS model of thermal history PPI gels without oil. Production of these gels is described in Chapter
5. NIR absorbance was pre-processed with standard normal variate (SNV) correction and Savitzky-Golay 2"
derivative.

In Chapters 4, 5 and 6 we suggested the use of NIR spectroscopy for the inline measurement
of composition and thermal process intensity. Additionally, NIR spectroscopy could be used
for the inline measurement of the structural properties of the meat analogues (Dhanapal &
Erkinbaev, 2024). The application of NIR spectroscopy in an extruder would therefore offer
possibilities to simultaneously analyse the composition, thermal processing history and

structure, thereby giving new options for process control.

7.3.3 Effect of ingredient properties on structure formation

The work described in this thesis was mainly aimed at understanding the effects of the
processing parameters on the final product structure during the different processing steps of
HME. However, the extend of the effects of these processing parameters on the final product
properties is influenced by the plant-based ingredients used. This was for example shown in
Chapter 3, in which we showed that the effect of mixing on the final product structure
depended on the ingredients used. It is well known that the ingredient properties also
influence the processing conditions during extrusion (Emin & Schuchmann, 2017; Kendler
etal., 2021; Wittek et al., 2021). It should therefore be noted that the effects of the processing
parameters presented Chapters 2, 3 & 6 of this thesis could be different for different product

formulations.
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The effect of cooling that was presented in Chapter 2 could be different for products that do
not contain gluten. Potentially, the formation of a gluten network during heating and
subsequent breakdown caused by deformation during cooling was responsible for the less
fibrous structures that were observed for these products. Additionally, mixing might have a
different effect for mixtures of protein isolates and dietary fibres or hydrocolloids compared
with the SPC and PPI/SPI-WG products that were studied in Chapter 3, as was discussed in
subchapter 3.4.5. Finally, the effect of the thermal process intensity described in Chapter 6
might depend on the product formulation. Because the physicochemical changes and their
corresponding changes in the rheological properties of the melt that occur depend on the

ingredient properties.

It remains challenging to link the functional properties of the ingredients measured at ambient
conditions, such as particle size, solubility, water holding capacity or gelling capacity,
measured at ambient conditions to the structuring behaviour of the ingredient. This is caused
by the change in these properties above the denaturation temperature (Osen et al., 2014;
Samard & Ryu, 2019). Linking the ingredient properties to the final product structure was
also difficult in the experiments performed for Chapter 3 of this thesis, where two different
PPI ingredients were mixed with WG. As shown in the supplementary material of Chapter
3 (Fig. S.3.5-S.3.9) mixing affected the mixtures of these two types of PPI with WG
differently. However, there was no significant difference in the protein content, protein
solubility, water holding capacity or particle size of these two ingredients (data not shown).
Thus, even subtle differences in the ingredient properties and composition impact the
structuring properties of the ingredient. This indicates that extensive characterization of the
ingredients is necessary to understand its structuring potential. To limit the number of
analyses that need to be performed the HTSC can be used as a screening tool for the
thermomechanical structuring behaviour of ingredients or ingredient mixtures. This approach
was already used by Biihler et al. (2022) and Taghian Dinani, Broekema, et al. (2023) to

study the effects of starch or hydrocolloid addition respectively.

Another important meat analogue ingredient that was studied in Chapters 4 and 5 of this
thesis was oil. However, these chapters only focussed on the quantification of the oil content
in a mixture with a similar composition and thermal processing history as HME or HTSC
products. The effect of oil addition on fibrous structure formation during HME was not

considered. The amount and type of oil added influence fibrous structure formation because
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of its lubricating effect (Chen et al., 2022; Kendler et al., 2021). A change in the way oil is
added can mitigate the negative effect on the fibrous structure formation. For example,
addition of the oil in the form of an emulsion was found to increase the amount of oil that
could be added during extrusion without a negative effect on the fibrous texture from 4 to
8% (H.Wang et al., 2022). Furthermore, Opaluwa et al. (2023) found that the screw
configuration that is used before the oil addition point also impacts the oil droplet size, mainly
because it influences the rheological properties of the protein matrix. To the best of our
knowledge the effect of the screw configuration after the oil addition point was not previously
investigated. However, we expect that the mechanical treatment after oil addition influences
the homogeneity of the oil distribution in the extrudate. This would therefore a relevant

direction for future research.

7.4 Concluding remarks

The aim of this thesis was to better understand the effects of processing conditions on dense
plant-based products. It was shown that HTSC processing can be used to study the effects of
the processing parameters during the different processing operations of HME. Furthermore,
it was shown that NIR spectroscopy is a useful tool for rapid and accurate measurement of
oil content in meat analogues, which has potential to be applied for simultaneous in-line
process and quality control. Future research could focus on the interrelated effects of
ingredient properties and processing conditions on the final product properties. This
investigation should consider structure formation mechanisms occur at different length scales

and at different locations in the extruder.
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Summary

Meat analogues are one of the options to aid the consumer to transition from animal protein
to plant-based protein, especially when these meat analogue products resemble the taste and
texture of meat products. One of the characteristic properties of a meat is its fibrous structure,
which is thus also a requirement for meat analogues. Plant-based products with a fibrous
structure can be produced through extrusion. During this process the protein ingredient is
transported through a heated barrel by two screws after which the material is cooled in a long
cooling die. Extrusion is already researched since the 1990s, but there is no full consensus
about the fibrous structure formation mechanism during this process. There are multiple
reasons for this: first, it is difficult to study the extrusion process because the process is
performed at high dry matter contents (>30%) and high temperatures (100 °C) and most
measurement methods are designed to analyse products with low dry matter content and at
ambient conditions. Additionally, the effects of the processing parameters are interlinked.
The aim of this thesis was to gain more understanding of the effects of the processing

conditions on the properties of dense plant-based products produced through HME.

To this end the high-temperature shear cell (HTSC) was used. The HTSC has similar
processing steps as extrusion but does allow separate control over the processing parameters.
In this thesis the HTSC was therefore used to study the effect of the processing parameters
in Chapters 2, 3 & 6. Additionally, the potential of near-infrared spectroscopy to quantify
the composition of dense plant-based products was studied in Chapters 4 & 5. This is
particularly relevant because the current oil quantification methods require harmful

chemicals and are laborious and time-consuming.

In Chapter 2 we studied the effect of deformation during cooling in the HTSC on the final
product properties. Deformation of the material in the cooling die during extrusion is often
thought to be crucial for fibrous structure formation. Here, we found that shearing during
cooling led to less fibrous products compared with products formed by shearing during
heating. This indicates that a higher cooling die temperature might be beneficial for fibrous
structure formation. Furthermore, we found that the most fibrous structures were created at
the lowest rotational speed investigated and that too intensive mechanical treatment led to

structural breakdown.

In Chapter 3 the effect of mixing and hydrating of the proteinaceous doughs before HTSC
processing on the final structural properties was studied. Hydrating had a limited effect on

the final product structure compared with the effect of mixing. The effect of mixing depended
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on the type of protein ingredients that were used. For soy protein concentrate (SPC) and soy
protein isolate (SPI)-wheat gluten (WG) mixing did not influence the rheological properties
of the dough or the final product properties to a large extent. However, for pea protein isolate

(PPI)-WG the strength of the product had a maximum at a certain mixing time.

In Chapter 4 NIR spectroscopy was explored as a rapid and non-destructive quantification
technique for oil and protein content in mixtures of PPI, water and sunflower oil. We showed
that NIR spectroscopy was a suitable technique to measure the composition of these mixtures.
A reduction of the wavelength range or wavelength selection improved the accuracy of the
measurement. However, it is well-known that heating can affect the results of NIR
spectroscopy. For this reason, the effect of heating conditions on the oil content quantification
using NIR spectroscopy was studied in Chapter 5. In this chapter we showed that heating
conditions indeed influenced the areas of the NIR spectra related to oil, but that wavelength
selection can be used to reduce this effect. This means NIR spectroscopy is also a suitable
tool for the measurement of oil content in meat analogues produced under varying heating

conditions.

In Chapter 6 we used the effect of heating on the NIR spectra to quantify the thermal process
intensity during extrusion. To this end we first created a calibration curve based on NIR
spectra of products processed at different temperatures in the HTSC. Subsequently, we used
this calibration curve to calculate the so-called “equivalent shear cell temperature”. This
novel parameter is an indicator for the thermal process intensity of thermomechanical
processing. This gave new insights in the effects of changes in barrel temperature, screw
speed or screw profile during the extrusion process. The equivalent shear cell temperature
could also be linked to the degree of texturization of the extrudates and therefore provides
information about the processing conditions that allow the formation of an anisotropic

structure.

Finally, Chapter 7 provides an overview of the new insights gained in this thesis and
suggestions for future research. In summary, it can be concluded that the use of the HTSC to
study the extrusion of meat analogues is a fruitful approach and NIR spectroscopy is a
suitable technique to measure the composition of dense plant-based protein products. Based
on all results, it was concluded that all different processing steps contributed to the structural
properties of the final product. Thus, the research described in this thesis confirms that fibrous

structure formation occurs at multiple locations in the extruder and at multiple length scales.
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Samenvatting

Vleesvervangers helpen de consument bij het vervangen van dierlijke eiwitten door
plantaardige eiwitten. Vleesvervangers zijn producten met een vergelijkbare structuur en
smaak als vlees maar zijn gemaakt van plantaardige ingrediénten. In eerder onderzoek is
gevonden dat het belangrijk is dat vleesvervangers zo veel mogelijk lijken op het
vleesproduct dat ze proberen te vervangen om ze aantrekkelijk te maken voor vleeseters en

flexitariérs.

Eén van de karakteristicke eigenschappen van vlees is de vezelige structuur. De ideale
vleesvervanger is daarom ook vezelig. Zo’n vezelige structuur op basis van plantaardige
eiwitten kan geproduceerd worden met extrusie. Tijdens extrusie worden de plantaardige
ingrediénten gekneed door twee draaiende schroeven in een schroefhuis terwijl het materiaal
verhit wordt. Hierna wordt het product door een gekoelde matrijs geperst. Extrusie wordt al
sinds de jaren "90 gebruikt, maar er is geen volledige consensus over het mechanisme achter
de vorming van de vezelige structuur. Er zijn meerdere redenen waarom het zo lastig is om
het extrusieproces te bestuderen. Ten eerste wordt de extrusie van vleesvervangers
uitgevoerd bij hoge temperatuur (>100 °C) en hoge druk terwijl het drogestofgehalte meer
dan 30% is Helaas zijn de meeste meetmethoden ontwikkeld voor producten met een veel
lager drogestofgehalte en vinden metingen meestal plaats bij kamertemperatuur. Daarnaast
is het effect van elke individuele procesinstelling athankelijk van de andere
procesinstellingen. Dit maakt het lastig om het effect van een individuele procesinstelling te

onderzoeken.

Het belangrijkste doel van dit proefschrift was om meer inzicht te krijgen in het effect van de
procescondities op de eigenschappen van geconcentreerde plantaardige producten. In
Hoofdstuk 2, 3 & 6 van dit proefschrift is de “shear cell” gebruikt om het effect van de
procesinstellingen tijdens de extrusie van vleesvervangers te onderzoeken. In deze shear cell
kunnen de procesinstellingen wel onathankelijk van elkaar ingesteld worden, wat
mogelijkheden biedt voor het bestuderen van het geisoleerde effect van deze
procesinstellingen. Daarnaast is nabij-infrarood (NIR) spectroscopie gebruikt om de
hoeveelheid olie in geconcentreerde plantaardige producten te meten in Hoofdstuk 4 & 5.
Het meten van de hoeveelheid olie in extrudaten is van belang omdat olie achter kan blijven
in de extruder en dus niet alle olie die toegevoegd wordt ook in het uiteindelijke product

belandt. Verder beinvloedt het toevoegen van olie de textuur van het product.

214



Samenvatting

In Hoofdstuk 2 hebben we gekeken naar het effect van vervorming van het materiaal tijdens
het koelen in de shear cell. Er wordt vaak gedacht dat deze vervorming in de koelmatrijs van
de extruder bepalend is voor de vorming van de vezelige structuur. In dit hoofdstuk laten we
echter zien dat vervorming tijdens koelen leidde tot minder vezelige producten. Daarnaast
werden de meest vezelige producten gemaakt bij de laagste draaisnelheden. Dit is een
indicatie dat te veel vervorming afbraak van de gevormde vezelige structuur kan

veroorzaken.

In Hoofdstuk 3 onderzochten we het effect van mixen en hydratatie van het eiwitrijke deeg
voordat het in de shear cell behandeld werd op de structuur van het uiteindelijke product. De
hydratatietijd van het deeg bleek weinig effect te hebben op de structuur van het eindproduct.
Het effect van mixen hing af van de ingrediénten die werden gebruikt. Voor
sojaeciwitconcentraat en een mengsel van sojaciwitisolaat en gluten had mixen maar een
beperkt effect op de reologische eigenschappen van het deeg en de structuur van het product.
Mixen had wel een effect of de eigenschappen van het deeg en product voor een mengsel van

erwteneiwitisolaat en gluten.

In Hoofdstuk 4 is het gebruik van NIR-spectroscopie om de hoeveelheid olie en eiwit in een
mengsel van erwteneiwitisolaat, water en zonnebloemolie te bepalen. Deze methode bleek
succesvol en het gebruik van een kleiner deel van het nabije infrarood spectrum of het
selecteren van specificke golflengtes verbeterde zelfs de nauwkeurigheid van de metingen.
Het is echter bekend dat verhitting een effect heeft op de NIR-spectra, wat de metingen van
de productsamenstelling kan beinvloeden. Daarom is in Hoofdstuk 5 het effect van verhitten
op het meten van olie met spectroscopie in het nabije infrarood spectrum onderzocht.
Verhitting bleek inderdaad een effect te hebben op de NIR-spectra, maar door specificke

golflengtes te selecteren kon toch een betrouwbare kalibratielijn worden bepaald.

In Hoofdstuk 6 is het effect van verhitten op de NIR-spectra gebruikt als informatiebron.
Hier hebben we NIR-spectroscopie gebruikt om het gecombineerde effect van het veranderen
van de verhittingstemperatuur, de schroefsnelheid en de schroefopzet op de mate van
verhitting te meten. Hiervoor hebben we eerst een kalibratielijn gemaakt op basis van shear
cell producten die verhit waren bij verschillende temperaturen. Door deze kalibratielijn toe
te passen op extrudaten konden we de zogenaamde “equivalente shear cell temperatuur”
berekenen. Deze equivalente shear cell temperatuur geeft informatie over de totale

thermische procesintensiteit die een materiaal ervaart bij een combinatie van de verschillende
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procesinstellingen. Deze nieuwe parameter kon ook gelinkt worden aan de structurele
eigenschappen van de extrudaten en is daarom geschikt om de juiste procescondities voor het

maken van een vezelige structuur te bepalen.

Ten slotte geeft Hoofdstuk 7 een overzicht van de nieuwe inzichten uit dit onderzoek en
worden suggesties voor vervolgonderzoek gegeven. Samengevat laat dit proefschrift zien dat
de shear cell een veelbelovende techniek is om de extrusie van vleesvervangers beter te
begrijpen. Daarnaast kan NIR-spectroscopie gebruikt worden voor een snelle en betrouwbare
bepaling van de samenstelling van geconcentreerde plantaardige producten. Tenslotte zagen
we dat alle processtappen effect hadden of de structuureigenschappen van het eindproduct.
We kunnen daarom concluderen dat structuurvorming op verschillende plaatsen in de

extruder plaatsvindt en dat deze structuur op verschillende lengteschalen gevormd wordt.
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