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H I G H L I G H T S  

• Spectroscopy and chemometrics are crucial tools for understanding bioprocesses. 
• Raw material properties and process settings both affect the end-product quality. 
• NIR and Raman spectroscopy may be used for in-line characterisation of raw materials. 
• FTIR, SEC and NMR provide detailed characterisation of protein hydrolysates. 
• Transition of technology and insights from lab to industry is a remaining barrier.  

A R T I C L E  I N F O   

Handling Editor: Prof. L. Buydens  

Keywords: 
Enzymatic protein hydrolysis 
Raw material variation 
Bioprocessing 
Spectroscopy 
Process analytical technology 
Process modelling 

A B S T R A C T   

It is important to utilize the entire animal in meat and fish production to ensure sustainability. Rest raw ma
terials, such as bones, heads, trimmings, and skin, contain essential nutrients that can be transformed into high- 
value products. Enzymatic protein hydrolysis (EPH) is a bioprocess that can upcycle these materials to create 
valuable proteins and fats. This paper focuses on the role of spectroscopy and chemometrics in characterizing the 
quality of the resulting protein product and understanding how raw material quality and processing affect it. The 
article presents recent developments in chemical characterisation and process modelling, with a focus on rest raw 
materials from poultry and salmon production. Even if some of the technology is relatively mature and imple
mented in many laboratories and industries, there are still open challenges and research questions. The main 
challenges are related to the transition of technology and insights from laboratory to industrial scale, and the link 
between peptide composition and critical product quality attributes.   

1. Introduction 

Utilization of the whole animal is critical for the sustainability of 
meat and fish production. Large volumes of rest raw materials such as 
heads, bones, trimmings, and skin are created when producing meat and 
fish products. These fractions contain proteins and other essential nu
trients and may be transformed into high-value products for human 
consumption, pet food, or feed. During the last twenty years, the food 
industry has invested heavily in bioprocesses that can upcycle these raw 

materials to nutritionally valuable proteins and fats. One such bio
process is enzymatic protein hydrolysis (EPH), which is widely used in 
the production of e.g. sports nutrition and infant formulations from 
dairy raw materials [1,2] and has recently been adapted to refining 
peptides from meat and fish rest raw materials [3–7]. 

In EPH, proteolytic enzymes break down large and undigestible 
proteins into smaller proteins, peptides, and amino acids. Some raw 
material sources contain highly active endogenous enzymes, but com
mercial enzymes are usually added to obtain higher yield and specific 
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product properties. The process starts by grinding the raw materials 
before they are mixed with water and enzymes. The hydrolysis reaction 
can take place in reactors in batch, semi-continuous or continuous mode. 
After 30–60 min of hydrolysis time at an appropriate temperature for the 
enzyme in use, the reaction mixture is thermally inactivated, and three 
crude fractions are recovered: a protein-rich liquid phase, an oil phase, 
and a mineral-rich sediment. In this paper we focus on the protein-rich 
liquid phase, also called the hydrolysate, which may be further refined 
by e.g., separation into fractions with specific molecule size intervals. 
The final product is usually in the form of a liquid concentrate or a 
powder that can be used as an ingredient, a functional food, or a nu
traceutical. A simplified sketch of the process is shown in Fig. 1. 

Uncontrollable variation in raw material quality is a general chal
lenge for the food industry, due to differences between seasons, breeds, 
origins, preprocessing conditions, etc. This is also the case for the EPH 
industry, as it must process whatever is left after taking out the more 
valuable parts of the animal. The proportions of fat, bone, connective 
tissue, and residual meat depend heavily on the cutting/fileting pro
cedures, which may vary within a day, a week, and over the year. In 
addition, raw materials from poultry processing are associated with 
substantial differences in composition depending on the type of fowl (i. 
e., chicken or turkey) [8]. 

Key performance indicators of the process are the protein yield (also 
called protein recovery) and the degree of hydrolysis. The yield is the 
proportion of protein in raw material that is retained in the hydrolysate, 
while the degree of hydrolysis is the percentage of peptide bonds that 
have been cleaved in the reaction. The product quality is to a large 
extent given by the peptide composition i.e. the relative amounts of 
different proteins, peptides, and amino acids in the product. The yield, 
degree of hydrolysis, and peptide composition are however not inde
pendent, as higher reaction time increases the yield and the degree of 
hydrolysis and leads to a higher content of small molecular weight 
peptides. Additionally, enzyme type and dose highly affect all three 
characteristics. Many product properties such as taste, functional 
properties, digestibility, allergenicity, and bioactivity are directly linked 
to specific molecular weights and sequences of peptides [9–11]. It is 
therefore important to be able to control and tailor the peptide 
composition depending on the desired attributes of the final product, 
and at the same time optimise yield and profitability. 

The product quality is bound to be a function of raw material 
properties and processing (Equation (1)). Variation in raw materials will 
therefore lead to variation in the product quality unless the process is 
adjusted to mitigate the raw material variation. To reach the goal of 
stable and tailored product quality, it is necessary to understand or 
model the relationships between raw material properties, process pa
rameters and end product quality. A good model (or approximation) of 
these relationships can be used to optimise the process and achieve the 
desired product quality. 

Product= function(Raw materials,Processing) (1) 

There are several challenges to reaching this goal. The first challenge 
is to collect enough relevant data to fit such a model. For raw materials, 
it is not fully known which properties are important, and a 

comprehensive characterisation is therefore necessary. Regarding the 
process, it is necessary to collect data from a range of different condi
tions, by varying for instance enzyme types and doses, temperatures, pH, 
and reaction times. As for the product, a typical hydrolysate is a complex 
mixture of a multitude of different peptides, and advanced spectroscopic 
and chromatographic methods are needed to characterize it. The data 
that go into the model are therefore highly multivariate, on both sides of 
the equals sign, creating a need for multivariate data analysis methods 
and particularly dimension reduction techniques. Additionally, the 
modelling strategy may be purely data-driven or physics-informed (i.e. 
hybrid), and different methods are needed depending on the research 
question or industrial optimisation, monitoring, or control application. 

This paper concentrates on the role of spectroscopy and chemo
metrics in valorising rest raw materials through enzymatic protein hy
drolysis. The novelty lies in connecting bits and pieces of previously 
published research into a bigger picture, with emphasis on the chal
lenging leap from basic research to industrial innovations. To do this we 
present recent developments in chemical characterisation and process 
modelling, accompanied by new data and results from industry-scale 
processing. Our focus is on the rest raw materials from poultry and 
salmon production, but the analytical techniques are equally relevant 
for other raw materials of animal, marine, or plant origin. The paper is 
also relevant for other types of (bio-)processes, as it showcases how 
spectroscopy and chemometrics can lead to a better understanding of 
any complex process. 

The paper is organized as follows: In sections two and three, we 
present analytical methods for characterising raw materials and product 
quality, respectively. In section four, we review the most relevant data 
analytical methods for modelling relationships between raw materials, 
processing, and product quality. Finally, we discuss the state of the art 
and point out directions for the future in section five. 

2. Raw material quality 

The raw materials typically consist of carcasses with varying 
amounts of residual muscle, heads, and skin. The relative proportions of 
these fractions vary, leading to a large variation in gross chemical 
composition. The overall protein content in the raw material is impor
tant for calculating the yield, and for optimizing the enzyme dosage. 
Also, the amount of collagen is important as collagen affects the func
tional properties of the final hydrolysates and might also affect the 
actual processing. The fat content is important since it directly affects 
the protein yield and since high fat-levels have been shown to reduce 
enzyme activity in specific processes [12]. The ash content mainly re
flects the amount of bones, which contain soluble minerals that should 
usually be kept below specification limits which may vary between 
different product categories. If the mineral content is high, the process 
may require additional downstream processing (i.e., desalting) to ach
ieve a high protein content and satisfactory product quality. Also, the 
combination of fat, protein, collagen, and ash may indirectly reflect the 
raw material type (such as skin, carcass or trimmings) and thereby 
correlate with other properties that are hard to measure directly. Since 
the main components sum to 100%, the protein and fat content is usually 

Fig. 1. Sketch of industrial enzymatic protein hydrolysis of rest raw materials from the food industry.  
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strongly negatively correlated, and it is therefore difficult to indepen
dently assess their effects on the process and product quality. The huge 
variation, not only in gross chemical composition but also in the raw 
material properties ranging from bone via skin, cartilage, meat and 
heads, poses challenges for spectroscopic methods that in general are 
sensitive to variations in texture, particle size, coarseness, pigments etc. 

The concept of feed-forward control in industrial EPH of poultry raw 
materials was introduced by Wubshet et al. [13]. They showed that NIR, 
fluorescence and Raman spectroscopy had the potential to quantify the 
contents of ash, fat, and protein in raw material samples and that the 
information to some extent could be used to predict the quality prop
erties of the end products. Below we describe the potential and status of 
these three spectroscopic methods regarding efficient in-line monitoring 
of critical raw material properties. 

2.1. Near-infrared spectroscopy 

Near-infrared (NIR) spectroscopy is a potent method for industrial 
quality control and process monitoring, and the potential for process 

optimisation is large [14]. NIR spectroscopy is an excellent tool for rapid 
and nondestructive determination of fat, water, and protein in ground 
meat, by measuring molecular vibrations involving hydrogen bonds (e. 
g. C–H, O–H, and N–H). This application is well established for both 
at-line and in-line monitoring in the meat and fish processing industry, 
and different types of commercial near-infrared instruments are used for 
this. 

Representative sampling is often a challenge when measuring het
erogeneous foods with spectroscopic methods. A five-filter NIR reflec
tion instrument was introduced as an in-line method for determining fat 
levels of batches of ground meat [15]. It works well since an average 
value can be recorded over a large volume at the grinder outlet. NIR 
technology based on high-speed hyperspectral imaging in the spectral 
range 760–1040 nm in combination with so-called interaction mea
surements enables sampling across the entire width of a conveyor belt as 
well as about 10- to 15-mm depth into the material. This produces good 
estimates of fat content in portions of meat trimmings and fish fillets on a 
conveyor belt [16,17]. This technology enables the automatic sorting of 
trimmings according to chemical composition [18,19] and could 

Fig. 2. Results from characterisation of different ground salmon raw material categories by near infrared spectroscopy. (a) Score plot from a PCA of SNV transformed 
NIR spectra of whole salmon, backbones, skin, heads, belly flaps and mixtures of the listed categories. (b) The NIR spectra presented as standard normal variate (SNV) 
transformed apparent absorption (log (1/Reflectance). (c) PCA loadings corresponding to the score plot in panel a. (d) Cross-validated predicted versus measured fat 
content from a calibration model. (e) The regression vector from the PLS calibration model for fat content. 
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potentially also improve the utilization of the rest raw materials. 
It has been shown that in-line NIR “point” measurements in the 

wavelength range 950–1650 nm has the potential to determine fat, 
protein, and collagen with acceptable accuracy in heterogeneous raw 
material samples from both poultry and fish [13,20]. Fig. 2 illustrates 
the huge variability in the composition of the rest raw materials from 
Atlantic Salmon (Salmo salar). A score plot from a principal component 
analysis (PCA) of the NIR spectra (reflection in the range 950–1650 nm) 
from 55 coarsely ground samples shows that the main categories of raw 
materials spanned the two first principal components, explaining more 
than 96 % of the variation. PC1 most likely expressed variation in light 
scattering and varied from skin to ground whole salmon, while PC2 was 
related to fat content, spanning from lean heads to the very fatty belly 
flaps. Despite this large raw material variation, it was possible to 
establish a two-component PLSR calibration model for fat with an 
acceptable prediction error (RMSECV = 1.7 %). It is important to bear in 
mind that when such a rough calibration is used in-line, the prediction 
error is significantly reduced with increasing measurement volume [16]. 
Since the main raw material categories from salmon have very different 
properties, an alternative could be to classify the type of raw material 
entering the process and use this information together with predictions 
of fat, protein and/or ash. 

2.2. Raman spectroscopy 

2.2.1. Raman spectroscopy 
Raman spectroscopy is becoming a viable tool within process ana

lytics due to recent technological advances. The potential of in-line 
Raman applications has been demonstrated in several areas, such as in 
the pharmaceutical and bioprocessing domains [21]. The method can 
capture subtle chemical distinctions in foods such as fatty acids in 
muscle foods [22,23], protein structure related to water-holding ca
pacity in pork meat [24] and bone contents and collagen in raw material 
slurries [13,20]. 

Obvious challenges for in-line Raman measurements of food mate
rials are the rather low signals from food components as well as a very 
small sampling area/volume, which is a clear limitation when sampling 
heterogeneous foods. However, Andersen et al. [25] demonstrated that a 
wide area 785 nm laser excitation (D = 6 mm) in conjunction with 
surface scanning can overcome the obstacle of heterogeneity and pro
duce similar results as NIR for protein and fat in heterogeneous raw 
material samples from salmon and poultry processing. The wide area 
illumination probes also make measurements less sensitive to variation 
in working distance than traditional confocal instrumentation [26,27]. 
This is an important prerequisite for in-line measurements, where such 
variations often occur. Furthermore, Lintvedt et al. [28] have shown 
that residual bone concentration in mechanically recovered ground 
chicken samples can be quantified by in-line scanning using an exposure 
time of just 4 s. Raman has recently been tested under industrial con
ditions for in-line monitoring of protein, fat, collagen, and bone residues 
in ground poultry rest raw materials with promising results [29]. The 
two latter studies were conducted with a 785 nm wide-area illumination 
(D = 3 mm) and a stand-off probe positioned about 10 cm above the raw 
material stream. 

An advantage of Raman compared to NIR spectroscopy is that the 
spectra are more chemically specific so calibrations on complex food 
materials are simpler and easier to interpret [30]. Raman calibrations 
might therefore be more robust towards raw material variations in 
texture, particle size and temperature [22], making it a good candidate 
for raw material characterisation despite the above-mentioned limita
tions. It is also well known that Raman scattering from water is very 
weak, which means that signals from water do not critically obscure 
bands from other analytes, which can be a challenge with NIR spec
troscopy for instance. 

2.3. Fluorescence spectroscopy 

Fluorescence spectroscopy is a sensitive method that lends itself to 
in-line monitoring of foods. The method can be highly specific, but 
spectra from meat and fish are composed of largely overlapping signals 
from different chromophores. It has been shown that collagen (hy
droxyproline) can be determined in minced beef [31], oxidation in 
minced poultry [32] and protein in poultry slurry [13] and the method 
can distinguish between e.g. collagen and elastin [33]. These methods 
rely on excitation in the 330–380 nm wavelength range and collection of 
the informative fluorescence emission spectra in the visible region 
(400–780 nm). A challenge with the technique with respect to rest raw 
materials is that the fluorescence is reabsorbed by pigments (i.e. the 
inner filter effect), meaning that varying amounts and forms of e.g. 
myoglobin can obscure the spectra and hamper quantitative modelling 
[20]. 

2.4. Practical aspects of spectroscopic methods in the food industry 

Grassi and Alamprese [13] point out that there is a gap between 
promising laboratory studies with NIR spectroscopy and actual process 
analytical implementations in the food industry. The complexity of a 
food process represents a challenge to the implementation of spectro
scopic sensors. The sensors can be expensive, and they usually require 
calibration and maintenance over time by experienced persons. Never
theless, there are many well-functioning in-line systems in the food in
dustry. In some processes, these solutions are very important for 
sustainable and profitable operations. It all becomes a question of 
benefit in relation to cost. 

3. Product quality 

An EPH process, and not least the outcome of an EPH process, can be 
characterised in several different ways. One of the most industrially 
relevant properties is the protein content, which is necessary for calcu
lating protein recovery. Moreover, depending on the intended applica
tion, the peptide composition must meet a set of specifications. For 
example, the average molecular weight (AMW) of protein hydrolysates 
has been associated with important quality attributes including nutri
tional profile, therapeutic value, and functionality. The degree of hy
drolysis (DH) is also a well-established parameter, both for describing 
the extent of hydrolysis in the resulting peptide product and for moni
toring the EPH process itself. It has been shown that DH and AMW are 
highly correlated parameters [34]. Thorough overviews of classical 
analytical approaches for protein content and degree of hydrolysis as
sessments can be found elsewhere [35,36]. In this section, we focus on 
non-destructive and spectroscopic approaches. 

3.1. Protein content and yield 

3.1.1. ◦Brix 
The ◦Brix value represents the amount of dissolved solids in a solu

tion. It is used extensively in the food industry, mainly to measure sugar 
content in fruit and vegetable products. ◦Brix is usually measured with a 
refractometer, which is cheap and easy to use and may also be imple
mented inline [37]. The main components affecting ◦Brix are carbohy
drates and proteins. Protein hydrolysates contain low amounts of 
carbohydrates, and the ◦Brix value may therefore be used as an estimate 
of protein content. We have experienced that there is a strong linear 
relationship between ◦Brix and protein content and propose that ◦Brix is 
a candidate for a low-cost indirect measure of protein yield either at-line 
or in-line. 

3.1.2. Near-infrared (NIR) spectroscopy 
Due to the benefits of NIR in gross component food analysis, the 

technique is especially suited for inline documentation of fat, protein, 
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and water contents of dried or concentrated protein hydrolysates and 
sediments. NIR is also a promising technique for in-situ monitoring of 
the actual hydrolysis process. Using a miniature NIR spectrometer, 
Zhang et al. showed that NIR is well-suited for in-situ and real-time 
monitoring of the enzyme-assisted hydrolysis of wheat gluten [38]. 
The same research group also showed that by using the sulfhydryl 
groups and disulphide bond information of the NIR spectrum in wheat 
gluten hydrolysis, the effect of ultrasound on increasing the hydrolysis 
efficiency could be studied [39]. However, in batch processes where the 
protein content of the liquid phase is bound to increase during hydro
lysis, it is important to be aware of the close relationship between DH 
and protein concentration over time, indicating that NIR-based esti
mation of DH could be done based on indirect modelling of the protein 
yield [38]. 

3.2. Protein quality 

3.2.1. Size exclusion chromatography (SEC) 
Size exclusion chromatography (SEC) coupled to a UV detector is the 

main analytical technique used to assess the molecular weight distri
bution (MWD) of protein hydrolysates. However, a technique such as 
SDS-PAGE has also been presented as a complementary analytical tool to 
provide insight into the MWD of hydrolysates [40]. The raw chro
matograms from SEC may be evaluated directly, as detector response 
versus retention time, or various MWDs may be derived by using known 
calibration standards [41,42]. Many prefer the differential log molecular 
weight distribution, x(M), which uses the logarithm of molecular weight 
as a basis (see Fig. 3 for an example). The x(M) is especially useful for 
samples containing fractions of very different molecular weights, as is 
often the case for hydrolysates of complex raw materials. Parameters 
such as weight average molecular weights (AMW) and relative fractions 
of specific molecular weight ranges can also be derived from the weight 
distributions. 

SEC has been used both for product characterisation and for process 
monitoring. In addition to AMW, it is often necessary to assess the full 
MWD to fully understand the hydrolysate composition from a given 
process. This is exemplified in Fig. 3, which shows the MWD of two 
industrial hydrolysates that have approximately the same AMW but 
different distributions. Integrals of five molecular weight ranges were 
calculated and their numbers are given in Fig. 3. Such differences may 
be unimportant if the end product is feed, but highly relevant if the end 
product is a functional food or nutraceutical considering that different 
molecular weight ranges have been found to correlate with bioactivity 
[11]. AMW alone is therefore not sufficient to characterize hydrolysate 

quality. 
While SEC is a powerful characterisation platform for protein hy

drolysates, it has critical limitations related to poor resolution and 
narrow exclusion range. In addition, samples eluting close to the 
permeation limit can often be affected by secondary interactions. 
Ideally, separation by SEC should solely be based on the size of the 
molecule. However, secondary electrostatic and hydrophobic in
teractions of proteins and peptides with the stationary phase is a com
mon phenomenon and can lead to uncertain molecular weight 
estimations [43]. Furthermore, achieving efficient chromatographic 
separation requires optimisation of the flow rate and temperature, as 
well as the addition of organic solvents or pH modifiers to the mobile 
phase. These can affect the native structure of the protein, and thus 
cause inaccurate MWD estimations, especially for larger peptides and 
proteins. 

3.2.2. Infrared (IR) spectroscopy 
FTIR is an established method for the characterisation of protein and 

polypeptide structures [44]. Thus, the use of FTIR spectroscopy for 
probing protein modifications and changes due to the action of pro
teolytic enzymes is also well documented [45]. Poulsen et al. showed 
that FTIR can be used to predict the degree of hydrolysis (DH%) during 
whey protein hydrolysis [46]. Recently, an FTIR-based multivariate 
approach for monitoring the change in AMW during enzymatic hydro
lysis of chicken by-products and whey has been reported [47,48]. These 
studies revealed that amide absorptions (i.e., amide I at ~1650 cm− 1), 
NH3+ deformation (1516 cm− 1), and COO- stretching (1400 cm− 1) are 
important for the prediction of AMW or DH%. From these studies, it is 
also apparent that protein hydrolysates originating from different raw 
materials and even different enzymes will display different FTIR fin
gerprints. This raw material effect may be handled using a hierarchical 
modelling approach [49]. Kafle et al. showed that FTIR can be used to 
predict protein quality features of industrially produced protein hy
drolysates, thus proving that the technique has sufficient sensitivity to 
predict protein quality variations that are highly relevant for industrial 
purposes [50]. 

Even if several studies have shown that FTIR can be used to predict 
AMW, the relationship between FTIR and specific molecular weight 
ranges has not been presented before. We fitted PLS regression models 
for the five weight ranges shown in Fig. 3, using FTIR spectra in the 
range 1700–800 cm− 1. The spectra were acquired and pre-processed as 
described in Ref. [51]. The models were based on 50 poultry-based 
hydrolysates produced in a small-scale lab setup. Five different en
zymes and two reaction times were used, creating a wide span of mo
lecular weight distributions, with AMWs ranging from 3400 to 17,500 
g/mol. For each model, the optimal number of components was selected 
based on 10-fold random cross-validation. The models were then tested 
on 139 hydrolysates collected from full-scale industrial production, with 
an AMW range of 3000–8000 g/mol. The industrial hydrolysates were 
produced from the same type of poultry raw material, but with a 
different enzyme and with different processing conditions. Details on 
model parameters, cross-validation and test set metrics are given in 
Table 1 and predicted versus reference values from cross-validation and 
test set are given in Fig. 4. The models predicted the test set surprisingly 
well, although a bias correction was needed for AMW and ranges II and 
III. This is probably due to uncertainties in the molecular weight dis
tributions, caused by differences between SEC columns. 

The FTIR approach is not limited to the quantification of molecular 
weight characteristics alone. Sorokina et al. [11] recently showed that 
the FTIR fingerprints can be correlated to selected bioactivities of 
poultry protein hydrolysates, and Kristoffersen et al. showed that FTIR 
can predict collagen content in hydrolysates [52]. We have also 
demonstrated that the FTIR fingerprint of hydrolysates can be used 
directly, without calibration towards specific references [51]. The paper 
showed that the FTIR fingerprint, decomposed by PCA, could be related 
to differences in enzyme action, processing time and raw material 

Fig. 3. Differential log molecular weight distribution, x(M), of poultry hydro
lysates, derived from size exclusion chromatography. The plot shows two hy
drolysates with approximately equal average molecular weight (AMW) but 
different weight distributions (MWD). The distributions are divided into five 
molecular weight regions (I-V) as in Ref. [11], and the relative weight pro
portion of each fragment is calculated from the cumulative weight distribution. 
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composition. We also showed that fingerprints of laboratory-made hy
drolysates could be used as a benchmark for industrial products. We 
have recently collected new samples from the same factory, during a 
period when they tested different enzymes. Samples were measured by 
FTIR and projected onto the PCA model in the same way as described in 
Ref. [47], see Fig. 5. Subplot (a) shows the first two principal compo
nents, which account for the largest amount of variation and were 
previously found to be related to differences between enzymes and re
action time [47]. We see that the new samples are separated with regard 
to enzymes in these components, as expected. Subplot (b) shows the 
third and fourth components. In Ref. [51], PC4 was found to be related 
to the amount of fat in raw material, and we see here that it separates 

turkey raw material (which has more fat) from chicken. This validates 
the conclusion in Ref. [51], stating that FTIR captures industry-relevant 
variations and is a promising tool for industrial use. A deeper interpre
tation of the industrial hydrolysates compared with the PCA is out of 
scope here. 

3.2.3. Nuclear magnetic resonance (NMR) 
Nuclear magnetic resonance (NMR) is a powerful spectroscopic tool 

that allows detailed characterisation and structural elucidation of 
organic molecules. NMR can provide detailed qualitative and quantita
tive information about molecule(s) in the form of chemical shifts, 
coupling patterns and peak areas. A typical proton (1H) NMR spectrum 
of a protein hydrolysate is a complex chemical fingerprint with several 
overlapping peaks from peptides, amino acids, and metabolites (see 
Fig. 6). Assignment and quantification of individual NMR peaks to 
respective constituents in such complex fingerprints is a challenging 
task. However, NMR-based multivariate statistics have been demon
strated as a valuable tool for both monitoring the enzymatic hydrolysis 
process [53,54] as well as the characterisation of the peptide products 
[55]. In one of the early examples, Sundekilde et al. demonstrated NMR 
as a suitable analytical platform for at- and inline monitoring of the 
major metabolite composition changes during enzymatic hydrolysis of 
chicken muscle [54]. While such a high-field NMR approach is a valu
able tool for understanding and optimizing processes on a laboratory 
scale, its industrial application is expectedly challenging due to high 
cost, magnet volume, and special acquisition requirements (e.g. sol
vents). Hence, easy-to-operate, cheaper, smaller, and lighter permanent 
magnets are continuously being developed to meet industrial demands 
in bioprocess monitoring [56]. In recent work, a bench-top NMR system 
has been demonstrated as a promising tool for online monitoring of 
enzymatic hydrolysis of marine raw materials [53]. Such a benchtop 
NMR system can be configured to operate near the production envi
ronment and therefore holds great potential for industrial application. In 
addition to the process monitoring, NMR has also been used to charac
terize and understand the quality traits of protein hydrolysates [55,57]. 

Table 1 
Evaluation of PLS regression models predicting AMW and relative proportions of 
five molecular weight ranges (all derived from SEC), using FTIR spectra as 
predictors. RMSE = Root Mean Squared Error, SEP-b = bias-corrected Standard 
Error of Prediction. Note that RMSE2 = bias2 + SEP-b

2 . Predicted versus reference 
values from cross-validation and test set is shown in Fig. 4.   

# PLS 
components 

R2
CV RMSECV RMSEtest bias SEP- 

b,test 

AMW (g/mol) 4 0.86 1288 5159 − 5078 913 
Range V, 
<230 g/mol 
(%) 

3 0.87 0.9 1.0 − 0.5 1.0 

Range IV, 
230–770 g/ 
mol, (%) 

4 0.92 1.2 1.2 − 0.4 1.2 

Range III, 
770–1500 
g/mol (%) 

5 0.89 1.2 1.7 − 1.3 1.0 

Range II, 
1500–2600 
g/mol (%) 

4 0.82 1.0 4.1 4.0 0.8 

Range I, 
>2600 g/ 
mol (%) 

5 0.94 2.9 2.8 0.3 2.8  

Fig. 4. Predicted versus reference values from PLS regression models based on FTIR spectra. Separate models were made for AMW (b) and the five molecular weight 
regions (b–f) corresponding to those shown in Fig. 3. The models were optimised by cross-validation using a set of hydrolysates produced in the laboratory (grey dots) 
and tested on a set of hydrolysates collected from industry (black dots). Detailed model characteristics are given in Table 1. 
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Steinsholm et al. developed 1H NMR-based partial least-squares 
regression (PLSR) models for prediction of important sensory attri
butes (e.g., bitterness) for protein hydrolysates derived from cod, 
salmon, and chicken. 

4. Modelling relationships between raw materials, processing, 
and product quality 

Effects of processing factors on protein yield and DH have been 

studied extensively in controlled laboratory experiments [5,58,59]. The 
most influential process parameters are enzyme type, 
enzyme-to-substrate ratio, and reaction time. In addition, temperature 
control is essential for the enzyme activity. A few experimental studies 
have also investigated the impact of raw material quality [8,13,47,51]. 
All these studies show significant effects of both raw material properties 
and process settings and a model in the form of Equation (1) is therefore 
needed to understand and predict product quality. There are, however, 
to our knowledge, no publications that study these effects on an 

Fig. 5. Hydrolysates from industrial enzyme tests projected on the FTIR PCA model published in Ref. [51]. The grey dots represent the same laboratory-produced 
hydrolysates that were published in Ref. [51], while the marked samples correspond to newly collected industry hydrolysates based on different enzymes (colours) 
and raw materials (symbols). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 6. Representative 1H NMR spectrum of chicken hydrolysate, hydrolysed with FoodPro PNL (0.1 % w/w) for 60 min. Assignments were done for the abundant 
peaks annotated in red, according to Ref. [54]. Only peaks diagnostic to a given molecule were assigned. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the Web version of this article.) 

Fig. 7. Industrial measurements show a relationship between raw material composition and the average molecular weight of the hydrolysate. On one production 
day, the raw material input was changed systematically while the rest of the process parameters were held constant. The blue line shows fat% in raw material, 
predicted from in-line NIR measurements, while the red dots represent product samples. The average molecular weights of product samples were determined by size 
exclusion chromatography. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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industrial scale. 
Fig. 7 shows an example from industrial hydrolysis of poultry, which 

is done in a continuous flow process. On one production day, the raw 
material input was changed systematically while the rest of the process 
parameters were held constant. The raw material stream was monitored 
by in-line NIR spectroscopy, while samples of the hydrolysate were 
taken manually, and AMW was determined by SEC. In Fig. 7, we see that 
in-line NIR can capture differences between the raw material types and 
that the change in raw material influences the molecular weight of the 
hydrolysate. In this particular case, higher fat content also corresponds 
to higher collagen content, and it is likely that the increase in molecular 
weight is caused by collagen rather than fat. There are three samples 
that do not follow the general pattern, around 13:00 in Fig. 7. The reason 
for this deviation is not known. It could be due to unplanned changes in 
process settings (e.g. the enzyme-to-substrate ratio), or it could be an 
error in the registration of sampling time stamps. Unfortunately, we do 
not have any data to corroborate these hypotheses. This relationship 
between raw material and hydrolysate quality was not easily recognised 
on other production days, where variations in raw materials were more 
random, other process factors were not necessarily held constant, and 
hydrolysate samples were taken less frequently. More research is 
therefore needed to fully understand the effects of raw material varia
tion in industrial EPH. 

The choice of data modelling method should depend on the analysis 
goal and properties of the data [60]. The goal may range from extracting 
new knowledge (through e.g., explorative analysis, identification of 
important raw material and processing factors, and estimation of causal 
effects), to real-time process monitoring, control, forecasting and 
anomaly detection. In general, data can be categorized as experimental or 
observational depending on the data collection. Experimental data is 
collected in controlled settings, often following a statistical experi
mental design. Observational data is collected from a system under 
normal conditions and relies on natural variation of the variables. Data 
produced in the lab are experimental, while data collected from industry 
can usually be regarded as observational. 

Multichannel data such as spectroscopy and chromatography are 
traditionally modelled by chemometric methods (e.g. PCA, PLS and 
MCR). The advantages of these methods are that they handle multi
collinearity and provide graphical tools, such as scores and loadings/ 
profiles, that can be used to provide chemically meaningful in
terpretations. Since we characterize both raw materials and products by 
spectroscopic and chromatographic techniques, we will mainly focus on 
data modelling methods based on traditional chemometric tools. The 
next subsections briefly describe the most relevant methods for model
ling relationships between raw materials, processing factors and end 
product quality (Equation (1)) in EPH processes. 

4.1. Multivariate ANOVA 

ANOVA is the most common family of methods for analysing data 
from experimental designs. For multivariate and collinear responses, 
such as spectra, several multivariate ANOVA methods that combine 
classical ANOVA and latent variable techniques are available. Methods 
that combine ANOVA and PCA in different ways are most widespread, 
for instance, ASCA [61–65], ANOVA-PCA [66], ACOMDIM [67], and 
fifty-fifty MANOVA [68]. There are also methods that replace PCA with 
PLS regression and thereby utilize PLS-specific validation and variable 
importance routines [69,70]. The advantage of all these methods in 
general is that they provide estimates of multivariate effect sizes with 
corresponding p-values, in addition to well-known interpretation and 
variable importance metrics from latent variable-based methods. 

Multivariate ANOVA has been used to assess the effects of raw ma
terial and processing factors on both spectra and chromatograms of 
protein hydrolysates [47,55]. These papers present multivariate ANOVA 
tables with information on effect size and statistical significance. 

4.2. Multiblock methods 

The aim of multiblock modelling is to improve the interpretability of 
multivariate data when variables can be divided into meaningful blocks, 
for instance representing different spectroscopic instruments or specific 
processing steps. The first multiblock methods were presented in the 
80’s, both for explorative and predictive modelling, and many methods 
suited for different data types and analysis goals have been developed 
since then. A recent and comprehensive overview is given in Ref. [71]. 
One of the most used methods is SO-PLS regression [72] and its many 
extensions [73–76]. SO-PLS is specifically designed to assess the 
contribution of different blocks sequentially, i.e. to what extent a block 
holds new information that improves the model’s predictive ability. This 
property is especially appealing when there is a natural order between 
blocks, for instance according to time (e.g. different steps in a produc
tion line) or ease/cost of data acquisition (e.g. in-line, at-line, and 
off-line measurements). 

SO-PLS has been successfully used to increase understanding of EPH 
processes. In Ref. [13], it was used to quantify how different raw ma
terial characterisation methods contributed to the prediction of protein 
yield and average molecular weight, while in Ref. [51] it was used to 
quantify the individual contributions of raw material composition, 
process parameters, and their interactions on protein quality. 

4.3. Soft sensors 

A soft sensor, also called a virtual sensor, typically predicts the value 
of a hard-to-measure key quality variable by using a set of easily 
available hardware sensors as predictors. In principle, any prediction 
method may be used to develop a soft sensor. Multiblock regression 
methods, as described above, are prediction methods but focus on 
interpretation. It is therefore more efficient to use other methods aimed 
at prediction, for instance, PLS regression or more flexible machine 
learning methods. Important tasks when developing a soft sensor 
include data collection, pre-processing, feature extraction, variable se
lection, model optimisation, validation, and maintenance. Recent re
views may be found in Refs. [77,78]. Yin et al. [78] point out that most 
publications are based on process simulators (such as the Tennessee 
Eastman process [79]) or limited amounts of real industrial data, and 
that a major challenge is to bridge the gap between simulations and 
industrial practice. This is also the status of soft sensors in the EPH 
industry. 

A soft sensor for hydrolysate quality would open new possibilities for 
process optimisation, monitoring, and control of EPH processes. 
Currently, the protein quality can only be characterised by off-line 
laboratory methods (see section 3.2), and samples need to be collected 
manually. Since both raw materials and processing affect the end 
product properties, a soft sensor would need to use data from in-line 
sensors on both raw materials and process parameters as predictors. 
In-line raw material measurements are usually spectroscopic, while in- 
line process variables are typically temperatures, speeds, torques etc. 
We have attempted to develop soft sensors for average molecular weight 
in continuous EPH of chicken and salmon materials, but so far, the 
amount and quality of data have been the limiting factors. 

Preliminary results on a soft sensor for predicting the average mo
lecular weight of salmon hydrolysates are shown in Fig. 8. This example 
is derived from an industrial continuous flow system, where the entire 
journey from raw material inlet to the end product spans approximately 
4 h. During six non-consecutive production days, data from inline sen
sors (NIR on salmon raw material, and various temperatures and flow 
rates) were collected continuously, while the end product (the protein 
hydrolysate) was manually sampled and analysed by FTIR and SEC. The 
continuous variables were aggregated within time windows of ten, 
twenty, or 30 min. The selection of the time window depended on the 
proximity of the sensor to the end product sampling location. Sensors 
located farther from the end product required larger time windows due 
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to some degree of equalization in the process, caused by holding tanks 
and back-flow mechanisms. Additionally, we employed time-shift ad
justments to account for the physical distance between each sensor and 
the end product. The final set of predictors were four variables related to 
raw material quality (measured by NIR) and seven process variables. 
The soft sensor is an ordinary PLS regression model based on 57 training 
samples collected over the first four production days. The model was 
tested on 42 samples collected over the two last days. The residual 
prediction deviations (RPD, defined as the standard deviation of refer
ence measurements in the training set divided by the root mean squared 
error), are 1.7/1.5/1.2 for training, cross-validation and test set 
respectively. Predictions from cross-validation and the test set are shown 
in Fig. 8a) and c), and regression coefficients in Fig. 8b). 

Even if the model performance is far from perfect, the test set pre
dictions capture some general time trends (see Fig. 8c), indicating that a 
well-functioning soft sensor of this type is realistic if more and better 
data is collected. Note that in addition to the low number of samples, 
there were challenges with data quality. The NIR measurements were 
affected by uncontrollable temperature variations in the raw material, as 
well as back-splash causing a dirty lens. Also, there was little variation 
and thereby low information content in some process variables due to 
constant set-points. All the predictors were time series, sampled at 
different time resolutions and in different locations in the process. In this 
preliminary work, the aggregation and synchronisation of these were 
done rather ad hoc, based on information from the process operators. 
Research has shown that choices of aggregation method (such as inter
polation or window-filtering) and metrics (like mean, median, and 
variation) may have a significant influence on a soft sensor’s accuracy 
[80], and more attention should be given to optimizing this step of the 
data analysis pipeline in future work. We are currently collecting more 
and better industry data to continue the development of a soft sensor for 
hydrolysate quality. 

4.4. Statistical process monitoring 

Industrial EPH is either run as a batch or continuous process. In both 
cases, inline measurements provide (multivariate) time series that may 
be used to monitor the process and detect faults and deviations at an 
early stage. Statistical process monitoring was introduced 100 years ago 
by Walter A. Shewhart and has since then been an active field of research 
and development. Some recent reviews of the field may be found in Refs. 
[81,82]. 

End-point detection is a crucial part of monitoring batch processes. 
In EPH, it is important to stop the process at the correct time to meet 
product specifications on protein quality. This task is especially chal
lenging since raw materials vary substantially from batch to batch, 
affecting the optimal reaction time. Several methods for end-point 
detection in cases with large batch-to-batch variation exist [83,84], 
but they have as far as we know not been tested in the EPH industry. 
Some industrial actors determine the end-point by in-line NIR prediction 
of dissolved protein, but this is not published. Recently, a study that 
evaluates deep neural networks for forecasting the trajectory of a batch 
EPH process was published [85]. It uses encoder-decoder networks to 
predict future FTIR spectra based on spectra taken early in the process. 
The results are promising, showing that this too is a viable method in 
cases with large batch-to-batch variation. 

5. Discussion and future prospects 

The examples used in this paper are limited to the hydrolysis part of 
the production process. Upstream processing steps such as conditioning 
and pre-treatment of raw materials and downstream steps such as phase 
separation and drying also affect the product quality and need to be 
optimised. For instance, it is known that suboptimal phase separation 
gives a higher fat content of the hydrolysate, and high drying temper
atures trigger the Maillard reaction and may cause a burned taste. Also, 
laboratory experiments have shown a filtration step before the thermal 
inactivation may be used to control the collagen content of the hydro
lysate [59]. 

Most of the work in this field is done on a laboratory scale, but more 
industry-scale trials are coming. Data (amount and quality) is a limiting 
factor both from laboratory and industrial scale. Laboratory data usually 
have good quality regarding variation and precision but a low number of 
samples. Industry data from in-line sensors are abundant but often have 
little variation and thereby low information content. Also, key quality 
indicators are often measured at/off-line (or not at all) in the industry, 
limiting the amount of data points considerably. One of the most 
promising results for bridging the gap between laboratory and industry 
is that FTIR characterisation of hydrolysate quality is robust over time 
and comparable between laboratory and industry samples, as described 
in section 3.2.2. This means that FTIR is an enabler for improved un
derstanding of product quality in industry, where basic experiments and 
analytical tools such as SEC and NMR are not available. 

So far, we have focused on measuring chemical properties of the 

Fig. 8. Preliminary results on a soft sensor for predicting average molecular weight (AMW) of salmon hydrolysates. (a) Predicted versus measured AMW, black 
circles represent predictions from training (cross-validation) while red circles are test set predictions. (b) Regression coefficients for raw material (black) and process 
(grey) variables. (c) Timeline of reference values (filled dots) and predictions (open circles) for training and test set. (For interpretation of the references to colour in 
this figure legend, the reader is referred to the Web version of this article.) 
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hydrolysate such as protein and fat content, and peptide composition. 
However, it would be more relevant to quantify the critical quality at
tributes of the end product directly, for instance, bitterness, solubility, 
blood sugar regulating capacity etc. Most of the perceived quality at
tributes are connected to chemical composition, and it is therefore ex
pected that it would be possible to predict them directly from e.g., FTIR 
and/or NMR spectra. As of today, products for the human market are in 
the development phase and there are no established targets for quality 
attributes. More research and development are needed to define relevant 
quality attributes and their specifications for different end products and 
to quantify these from analytical measurements. 

Results show that hydrolysate quality is not only affected by raw 
materials and processing individually but also through interactions be
tween the two. This means that the optimal processing conditions 
depend on the raw material and may need to be adjusted based on 
specific raw material characteristics. There are three main strategies to 
tackle this challenge: The first strategy is the Taguchi method, dating 
back to the 1050s. The idea behind this method is to use a design of 
experiments to optimise both the mean and the variation of the output, 
ensuring that the selected optimum is robust towards uncontrollable/ 
noise factors (such as raw material quality). The Taguchi method has 
already found its use in bioprocessing [86] and is a relevant strategy for 
optimisation of EPH processes. In the second strategy, raw materials are 
sorted into different quality categories before processing. Then, different 
process settings may be used for each category, or the categories may be 
used to produce different products (e.g., pet food, protein supplements 
or functional foods). This is also known as prediction sorting [87,88]. The 
main statistical challenge with this approach is that it requires precise 
prediction models, and the main industrial challenge is that sorting and 
storage facilities for raw materials are needed. The third strategy is 
real-time process control. If the critical raw material properties are 
measured continuously at the inlet of the process, parameters such as 
enzyme load or temperature may also be adjusted continuously. This 
may be done as part of an automatic control system, or manually by 
providing decision support to the process operators. Such an approach 
also requires good estimates of the effect of manipulated variables, in 
addition to knowledge about dynamics, time delay and dead time across 
different process steps. Also, this approach may not be feasible if the raw 
material varies with high frequency, due to mixing and equalization 
later in the process. In summary, it is not clear which strategy that is 
industrially most relevant. It depends on statistical, practical, and eco
nomic considerations. More work is required to develop control strate
gies that can be implemented in the industry. 

Digital Twin is an emerging technology in many types of 
manufacturing, including the food industry. In short, a digital twin is a 
digital representation of a physical object or system. It consists of a 
network of models, often a mix of geometric, physics-based, data-driven 
and hybrid models. There are many recent review papers on the topic, 
see for instance Refs. [89,90]. Typical use cases for digital twins are in 
the process and product development phase (through simulation and 
what-if-analyses), and in daily operation (through process monitoring, 
control, and maintenance). However, the development of digital twins is 
a challenging task and there are relatively few published cases so far. 
There are also some specific challenges for bioprocesses: The physi
ochemical reactions are complex and there is limited knowledge about 
the underlying mechanisms. Pure mechanistic models are therefore not 
feasible, and one must turn to hybrid or data-driven models which are 
non-causal and thereby have problems with extrapolation and robust
ness [91]. Also, a digital twin needs to be fed with relevant data from the 
physical world, and for EPH processes this includes data on raw mate
rials and product quality. As described in this paper, such data is not 
always easy to obtain in industrial settings. Even if there is a long way to 
complete digital twins for EPH processes, it is realistic to envision twins 
for specific unit operations or parts of the process. We expect more 
research on digital twins for EPH and other bioprocesses in the near 
future. 

6. Conclusion 

Enzymatic protein hydrolysis of heterogeneous raw materials is a 
complex bioprocess, and the resulting protein product is a mixture of 
many different (poly)peptides and amino acids. Advanced analytical 
methods and chemometrics are crucial for characterising the product 
quality, and for understanding how raw material quality and processing 
affect the product. This paper presents recent developments in chemical 
characterisation and process modelling, showcasing how spectroscopy 
and chemometrics can lead to a better understanding of complex bio
processes. Even if some of the technology is relatively mature and 
implemented in many laboratories and industries, there are still open 
challenges and research questions. The remaining questions are mostly 
related to the transition of technology and insights from laboratory to 
industrial scale and to the link between peptide composition and critical 
end product quality attributes. 
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[59] K.A. Kristoffersen, N.K. Afseth, U. Böcker, K.R. Dankel, M.A. Rønningen, A. Lislelid, 
R. Ofstad, D. Lindberg, S.G. Wubshet, Post-enzymatic hydrolysis heat treatment as 
an essential unit operation for collagen solubilization from poultry by-products, 
Food Chem. 382 (2022), https://doi.org/10.1016/j.foodchem.2022.132201. 

[60] R.S. Kenett, G. Shmueli, On information quality, J R Stat Soc Ser A Stat Soc 177 
(2014) 3–38, https://doi.org/10.1111/RSSA.12007. 
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