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Insects are gaining more and more space in food and feed sectors, creating an intense scientific interest towards
insects as food ingredients. Several papers deal with cereal-based products complemented by insect powder in
the past few years. However, adulteration and quality control of such products present some hot topics for re-
searchers, e.g., how can we justify the amounts and/or species of the insects used in the given products? Our
paper aims to answer such questions by analysing seven edible insect powders of different species independently.

The mixtures with wheat flour were analysed using near infrared spectroscopy and chemometric methods. Not
only powders of different species were clearly differentiated, but also mixtures created by different amounts of
wheat flour. Prediction of insect content showed 0.65% cross-validated error. The proposed methodology gives
an excellent tool for quality control of insect-based cereal food products.

Introduction

In the fields of food, nutrition and environmental sciences, edible
insects and entomophagy have become a hot topic during the last
decade. Several studies have shown that insects might have a place in
the sustainable food supply chain either as feed or as food (van Huis,
2021). The edible species are consumable in every stage of their life
cycle, and their nutritional composition is favourable, since most of
them are valuable sources of high quality protein, vitamins B and E, iron,
zinc and potassium (Kourimska & Adamkova, 2016). According to the
existing literature, insect protein has a relatively high biological value,
and bioavailability, the latter of which is greatly influenced by pro-
cessing conditions (Ojha et al., 2021). The fat content of insect species is
very diverse, in quantity and also in composition. Some insect larvae
contain higher amounts of fats compared to the fully developed speci-
mens, which mainly consist of triacylglycerols and unsaturated fatty
acids, e.g. oleic acid, linoleic acid and linolenic acid. However, adults of
some species, e.g. several cricket species, also contain higher levels of
saturated fatty acids, e.g. palmitic acid and stearic acid (Kemsawasd
et al., 2022; Tzompa-Sosa et al., 2014). Insect farming has lower envi-
ronmental impact (e.g lower greenhouse gas emission, water and land
requirements) compared to other livestock’s’, furthermore, urban,
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indoor, and vertical farming are also feasible methods to rear insects
(Nikkhah et al., 2021).

Despite the nutritional and environmental benefits of edible insects,
their consumption is not widespread in Western countries: consumers
tend to reject insects and insect-based food products as this type of food
is unfamiliar, and usually disgusts them (Gere et al., 2018, Ardoin &
Prinyawiwatkul, 2021). Their spread in Europe is further hindered by
the time-consuming nature of the authorization process. As edible in-
sects are novel foods according to the Regulation (EU) 2015/2283, their
placing on the market requires the inclusion in the Union list of
authorised novel foods. The first species to be declared safe as food and
feed was the yellow mealworm larvae (Tenebrio molitor L.), followed by
the migratory locust (Locusta migratoria L.) as a novel food. These insects
are now available in Europe frozen, dried and also in powdered form.
According to the latest Scientific Opinion of EFSA on edible insects,
house cricket (Acheta domesticus L.) is also safe and suitable for human
consumption.

The scientific opinion on Tenebrio molitor was published by the Eu-
ropean Food Safety Authority (EFSA) in January 2021, three years after
the starting date of the Regulation’s mandatory application (EFSA Panel
on Nutrition, Novel Foods and Food Allergens (NDA), 2021). However,
if such products have previously been legally placed on national
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markets, and a novel food application is submitted by 1st January 2019,
insects, or insect-based products can continuously be placed on the
markets. As a result, consumers in Belgium, Denmark or Finland may
already encounter edible insects in the stores.

However, the legal difficulties have not hindered research and
experimental product development with edible insects. Scientific pub-
lications on product development mostly present the enrichment of
different cereal-based products with insect powder, e.g breads (Kowal-
ski et al., 2022), dry pasta, biscuits (Ayensu et al., 2019; Bir¢ et al.,
2020), extruded snacks and crackers (Azzollini et al., 2018; Garcia-
Segovia et al., 2020; Ardoin et al., 2021) as well as a bakery product
made with oils extracted from insects (Cheseto et al., 2020). Meat
products and meat analogues containing insects have also been devel-
oped (Scholliers et al., 2020; Smetana et al., 2018).

Due to the growing importance of this new protein source, food
adulteration and the violation of the labelling requirements could
become a real problem. Therefore, there is a growing demand for ac-
curate and fast species-identifying and quantifying methods. Proteomic
methods and PCR tests are currently used to detect the occurrence of
insect material and identify the species (Francis et al., 2020; Kim et al.,
2019).

Of the aforementioned measurement methods, near-infrared spec-
troscopy (NIRS) coupled with multivariate data analysis can provide a
fast, cheap and non-destructive solution for accurate and fast species-
identification and quantification. When using NIR spectroscopy, no or
very simple sample preparation is required, and it is possible to analyze
samples in their original form without the use of chemicals, which
greatly reduces the length and cost of the measurements. The applica-
bility of NIRS has been demonstrated by previous publications on the
detection of various insect pests and insect fragments in different cereals
such as wheat, rice and sorghum (Biancolillo et al., 2019; Johnson,
2020). NIRS has also been used successfully to analyse the protein
content of insect-based energy bars (Bec et al., 2021). NIRS is usually
applied with different classification and prediction methods to extract
the relevant information from the obtained signals (Benes et al., 2020).

We expect to introduce a methodology which might be used to
identify species and their amounts in flour mixtures in a fast, cheap, and
easy way. Seven edible insect powders of different species and their
mixtures with wheat flour were analysed using NIRS and chemometric
tools with an aim to

i) assess the applicability of NIRS to differentiate the species and their
mixtures with wheat flour and
ii) predict the insect content of the mixtures.

Materials and methods
Sample preparation

Seven edible insect powders of different species were analysed
independently and their mixtures with wheat flour. Commercially
available insect powder products were purchased from JR Unique Foods
Ltd. (Udon Thani, Thailand) (Acheta domesticus — AD, Bombyx mori— BM,
Brachytrupes portentosus — BP, Gryllus assimilis — GA, Gryllus bimaculatus —
GB, and Locusta migratoria — LM), from Kreca Ento-Food BV (Ermelo, The
Netherlands) (Tenebrio molitor - TM). The developmental stage of the
insects used to produce the different powders was pupa for BM, larva for
TM and adult for the other five insects (AD, BP, GA, GB and LM). “Nagyi
titka” all-purpose wheat flour was purchased from GoodMills Mag-
yarorszag Kft. (Komdrom, Hungary). 70 samples were prepared by
mixing wheat flour and the different insect powders individually with
increasing ratio using five percentage steps from 5 to 50% to 100 g final
weight.
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Near infrared spectra acquisition

The spectra were obtained using a Bruker MPA™ Multipurpose FT-
NIR analyser (Bruker, Ettlingen, Germany) in five replicates, over the
spectral range of 12500-3800 cm'. The spectrometer was equipped
with an interferometer and a gold-coated integrating sphere. The sam-
ples were presented in a rotating quartz cuvette (@ 85 mm) and were
measured in diffuse reflectance mode with OPUS 7.2 (Bruker, Ettlingen,
Germany) software using a lead sulphide (PbS) detector. Each spectrum
was recorded as the average of 32 scans with a spectral resolution of 16
em™! (scanning speed 10 kHz). To reveal the most significant spectral
differences, second derivation and vector normalisation (SNV) pre-
treatment techniques were used on the average spectra of each sam-
ple. In case of SNV, the scattering is removed by normalizing each
spectrum by the standard deviation of the responses across the entire
spectral range (Moradi & Huang, 2008; Roberts et al., 2004). A rela-
tively wide range of variability in the sample composition can be
observed due to the different insects used in the mixtures. Therefore, the
use of SNV is more expedient than multiplicative scatter correction
(MSC) because correcting to the mean spectrum may give biased results.
The evaluation range was between 9000 and 3800 cm ™! to avoid irrel-
evant data and noise. The assignment of FT-NIR spectra was done
through comparison with the literature (Be¢ & Huck, 2019; Workman &
Weyer, 2008).

Principal component analysis (PCA)

PCA was performed to reduce the dimensionality of the data set and
also to determine spectral outliers by using F-residual and Hotelling-T?
values. The spectral data set was randomized and mean centred before
the analysis. Three segment cross-validation was used to validate the
model (Diana & Tommasi, 2002). Data analysis (plotting, set up, etc.)
was done using Unscrambler X 10.4 (CAMO Software, Oslo, Norway).

Linear discriminant analysis (LDA)

LDA was used to classify the mixtures according to the species of
insects added to the wheat flour. PCA was applied to reduce the
dimensionality the NIR spectral data and based on the eigenvalues and
explained variances 20 dimensions (principal component scores) were
used during LDA. The spectra were analysed after elimination of water
bands, therefore the 9000-7313, 6557-5384, and 4968-3857 cm !
ranges were used for classification purposes. LDA was run using Statsoft
Statistica (version 10, Tulsa, OK, USA).

Hierarchical cluster analysis (HCA)

HCA was used to describe the similarities and differences between
the NIR spectra of insect species. HCA is an unsupervised method, which
does not require any apriori class memberships and clusters (or groups)
the cases based on a chosen distance metric and agglomeration schedule.
Different distance metric (Euclidean, squared Euclidean, Manhattan,
Chebyshev etc.) and agglomeration schedule (single-, average-, com-
plete linkage, Ward’s method etc.) combinations were tested and the
best combination was chosen using the Silhouette clustering index. An
average Silhouette index closer to 1 indicates that the objects are well
matched to their own clusters (Rousseeuw, 1987). HCA was run on the
NIR spectra of the seven species (100% powders) using Statsoft Statistica
(version 10, Tulsa, OK, USA), while Silhouette indices were calculated
using R-project (version 4.0.2) (R Core Team, 2020) and cluster package
(version 2.1.0) (Maechler et al., 2021).

Partial least squares regression (PLSR)

The obtained NIR data (matrix X) and the measured amount of edible
insect powders (matrix Y) were used to develop the prediction model for
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the quantitative analysis. During PLS regression, the matrix X has been
reduced to only a few factors (rank). The quality of the chemometric
model depends on the choice of the correct number of factors needed.
Leave-one-out cross-validation was used to determine the optimal sta-
tistical parameters of the models. The optimal rank numbers were
selected through the root mean square error of the cross-validation
(RMSECV). In addition, the performance of the PLSR models was eval-
uated by considering the coefficient of determination (R?), the goodness
of validation (Qz), the root mean square error of estimation (RMSEE)
and the root mean square error of cross-validation (RMSECV). The value
of bias has also been taken into account, which is a systematic deviation
of the measured (predicted) values from the true value due to the
particular measurement method. The listed qualifying parameters were
calculated based on well-known mathematical relationships (Takahama
& Dillner, 2015), using OPUS 7.2 (Bruker, Ettlingen, Germany).

Results and discussion
Spectral properties of the original samples

Fig. 1 represent the SNV pre-treated spectra of the original samples.
The differences between wheat flour and insect powder samples were
clear due to the different nature of the raw materials. Thus, it is probable
that the mixing process — especially if the insect powder is present in
higher amounts — will affect the spectral data of samples greatly (Fig. 2).
The insect powders have not been analysed independently before, but
NIR spectroscopy has been used to determine insect contamination of
cereals (Biancolillo et al., 2019; Johnson, 2020; Santos et al., 2019).
Basically, the spectral properties of the analysed insect samples were
similar (Fig. 1), but larger differences were observed in the 6000-5500
em ™! and 5300-5000 cm ! ranges. These variations may be caused by
the different protein and fat content and composition of the insects. The
spectra of the BM and TM samples are more distinct from the other insect
samples, probably due to their different developmental stages. The
species TM and BM belong to the orders Coleoptera and Lepidoptera,
and the families Tenebrionidae and Bombycidae (ITIS, 2021), which
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means that these insects are not so closely related to each other.
Considerable variations were also observed for the LM sample, in the
spectral range 6000-5500 cm ', where vibrational regions typically
associated with lipids and proteins were found. The absorption peak at
5917 cm ™}, which may indicate the presence of aromatic amino acids
(phenylalanine, tyrosine and tryptophan) was clearly present in the LM
and AD samples, while in the other insect powders it appeared as a
shoulder in the spectrum. The spectral characteristics of this region may
be affected by the presence of sulphur-containing amino acids such as
cysteine and methionine. The peak observed at 8580 cm™! is related to
the various unsaturated fatty acids present in the samples, the most
abundant of which for insects are oleic acid, linolenic acid, linoleic acid.
In addition, the characteristic peaks for aliphatic hydrocarbons (fatty
acids) at 4335 cm ™! and 4261 cm™! showed a relatively large intensity
difference compared to the other samples. In the case of the 5300-5000
cm™! region, the moisture content of the samples can have an impact on
the shape of the peak. Examination of the TM spectrum showed that the
peak at 5054 cm ™}, assigned to the N—H stretching (asymmetric) and
N—H in-plane bending combination of CONH; groups of proteins, had
almost completely disappeared. It is important to note that the spectral
properties of the powders can also be affected by the way they are
prepared (e.g. lyophilisation).

The spectral characteristics of wheat flour are well described by
various scientific papers (De Girolamo et al., 2019; Mishra et al., 2020;
Wadood et al., 2019; Zhao et al., 2014). Based on the second derivative
spectrum, the absorption bands at 6977 cm’l, 6301 cm ™! (first overtone
of O—H stretch) and at 5189 cm ™! (O—H stretch +~ O—H deformation)
were related to the moisture content. The bands at 8370 cm™! (second
overtone of C—H stretch), 7352 em™! (2 x C—H stretch + C—H
deformation) and 5899 c¢cm ! and 5619 cm ™! (first overtone of C—H
stretch) were related to lipids, whereas the absorption peaks at 6301
cm ! (O—H stretch), 4758 em! (2 - O—H deformation + 2 - C—O
stretch), 4390 em ! (O—H stretch 4+ C—C stretch) and 4027 cm! (C—H
stretch + C—C stretch) were associated with starch. Besides, the protein
related peaks were at 4844 cm ! (N—H symmetric stretch + amide II)
and 4605 cm™} (N—H/C—N/C=0 combination band from secondary
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Fig. 1. Standard normal variate (SNV) spectra of wheat flour (black dotted line) and insect powders (@ AD, @ BM, @ BP, ® GA, ©® GB, ® LM,

TM). AD — Acheta

domesticus, BM — Bombyx mori, BP — Brachytrupes portentosus, GA — Gryllus assimilis, GB — Gryllus bimaculatus, LM — Locusta migratoria, TM — Tenebrio molitor.
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Fig. 2. Second derivative spectra of wheat flour (black dotted line) and insect powders (@ AD, @ BM, @ BP,

GA, @ GB, ® LM, ® TM). AD — Acheta domesticus, BM —

Bombyx mori, BP — Brachytrupes portentosus, GA — Gryllus assimilis, GB — Gryllus bimaculatus, LM — Locusta migratoria, TM — Tenebrio molitor.

amides in proteins). Fig. 2 shows the second derivative spectra of all
samples including the wheat flour samples (indicated with dotted line).

Due to the composition of the insect powders, which consist mainly
of proteins, fats, and carbohydrates, absorption peaks associated with
these compounds appeared (Table 1). Among these, mainly differences
in intensity and smaller peak shifts can be observed. Second derivative
and SNV pre-processing techniques were used to reveal the spectral
variations among the samples. The spectral differences observed in the
LM sample were even more prevalent in the second derivative spectrum.
Several factors, such as the species-specific and taxonomic characteris-
tics, developmental stages of the insects, the feeding protocol, etc., can
affect the spectrum of powders made from them. The species GB, BP, GA
and AD belong to the same taxonomic category, to Orthoptera order and
Gryllidae family. The species Locusta migratoria also belongs to the
Orthoptera order, but it is a member of the Acrididae family (Cigliano
et al., 2021).

Effect of different types of insect powders on wheat flour mixtures

PCA provides a preliminary, primarily visual approach to find pat-
terns in NIR spectra. PCA was performed on the raw spectral data to
extract information on the major trends among the mixtures and the
behaviour of the samples with the increasing amounts of insect powders
(Fig. 3). The percentage ratio and the name of the mixed insect were
used to indicate sample names, e.g. AD5 — 5% Acheta domesticus to 95%
wheat flour. The first principal component (PC1) explained 89% of the
spectral variation, and the second (PC2) accounted for 9% of the vari-
ance of the data. On the scores plot, the samples with lower insect
powder content (5-20%) were located relatively close to each other, in
the negative side of the scales of PC1 and PC2. As the spectral differences
intensified by the addition of increasing quantities of insect powders, the
different mixtures became more and more separated. While the spectra
of the original insect powders were visibly different, the spectral prop-
erties of the flour were more dominant in the mixtures, especially at low
mixing levels. Using PCA, even minor differences can be detected, thus
providing the possibility to distinguish not only mixing levels but also
different insect species from each other, so it can be used as a tool for the
detection of food adulteration in the future applications.

According to the results of the scores plot, the different mixtures can
also be distinguished from each other based on the insect species and the

levels of mixing. PC2 played a greater role in the discrimination of flour
mixtures containing different insect species, while PC1 had a stronger
effect on the separation of different levels of mixing. PC1 indicates the
mixing levels for the TM and BM samples. Although the insect species
were clearly separated from each other, similarities between the samples
can be inferred from their proximity on the scores plot. The aforemen-
tioned TM and BM samples are on the negative scale of PC2 and mainly
on the positive scale of PC1, relatively far away from the other samples.
This can be explained by the spectral similarities, which are related to
their developmental stage, which is different from other species. Their
different taxonomic classification may also be a reason, as the compo-
sition of insects also differs on this basis (Rumpold & Schliiter, 2013). In
contrast, the LM and AD samples were in the negative range for PCI,
while for PC2 they were mostly in the positive scale. However, the
separation between the species was clear as they were relatively far
apart. The pattern showed that the BP, GA and GB samples tended to be
in the positive range when both principal components were analysed.
The Hotelling-T? test showed that the mixtures prepared come from the
same sample population. The confidence interval was defined by the
Hotelling-T? ellipse at 95% confidence level. Based on the sample re-
siduals for the first two PCs, samples TM50 and GB50 were real spectral
outliers. The LM45 and LM50 samples showed high F-residual values,
while the BM50 sample showed high Hotelling-T? values. Due to the
high ratio of insect powder, the spectral properties of these samples
changed in such an extent that they become spectral outliers, therefore
these were excluded from the development of the prediction models.
The mixtures prepared with different types of insect powders could be
analysed together, including species in different developmental stages,
but the spectral variations also allowed species and mixing levels to be
distinguished, making NIRS an excellent tool for detecting food adul-
teration in future applications.

Results of classification methods

The LDA results showed that the mixtures can be classified with
98.35% accuracy after performing leave-seven-out cross-validation
based on the insect powders added to them. Fig. 4a clearly shows that
there was an overlap between the BM and TM sample groups, supporting
the PCA results. In addition, there was a minor overlap between the AD
and GA samples. These could be explained by the fact that the insect
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Table 1
The main NIR absorption bands of insect powders.
Wavenumber Band assignment Structure Species
[em™!]
8580 C—H stretch 2nd lipid BM, GA, GB,
overtone, HC = CH ™
8418 C—H stretch 2nd lipid AD, BM, BP,
overtone, CHg GA, GB, LM,
™
8240 C—H stretch 2nd lipid AD, BV, BP,
overtone, CHy GA, GB, TM
7200 2 x C—H stretch + C—H  chitin AD, BM, BP,
deformation, CH, GA, GB, LMV,
™
6688 N—H stretch 1st amide, protein AD, BM, BP,
overtone, NH GA, GB, LM,
™
6334 N—H 1st overtone, protein AD, BM, BP,
CONHR GA, GB, LM,
™
5917 C—H Aromatic C—H protein AD, LM
(Aryl)
5801/5793 C—H stretch 1st lipid AD, BM, BP,
overtone, CHy GA, GB, LM,
™
5676 C—H stretch 1st lipid AD, BM, BP,
overtone, CHy GA, GB, LM,
™
5480 O—H stretch + 2 x C—0 chitin AD, BM, BP,
stretch GA, GB, LM,
™
5198 O—H stretch + O—H water AD, BM, BP,
deformation GA, GB, LM,
™
5054 N—H asym. stretch + protein AD, BM, GA,
amide IT GB, BP, LM
4869 N—H asym. stretch + protein AD, BM, BP,
amide 11 GA, GB, LM,
™
4620 N—H sym. stretch + protein AD, BM, BP,
amide II GA, GB, LM,
™
4351 2 x amide I + amide III protein ™
4345 C—H bending lipid AD, BM, GA,
GB, BP, LM
4261 C—H Methylene C—H, lipids AD, BM, BP,
associated with linear GA, GB, LM,
aliphatic R(CH2)NR ™
4247 3 X (.C—H bending): polysaccharides, AD, BM, BP,
Cc—H chitin GA, GB, LM,
™
4052 C—H combination lipid AD, BM, BP,
GA, GB, LM,
™
3960 C—N—C asymmetric amide, protein AD, BM, BP,
stretching GA, GB, LM,
™

AD - Acheta domesticus, BM — Bombyx mori, BP — Brachytrupes portentosus, GA —
Gryllus assimilis, GB — Gryllus bimaculatus, LM — Locusta migratoria, TM — Tenebrio
molitor.

powders added to the flour similarly altered the shape of the charac-
teristic peaks, e.g, for AD, GA and LM samples the peak in the
5000-4500 cm ! region was more significantly distorted by the added
powders (Supplementary material). By combining PCA and LDA, mix-
tures could be clearly distinguished by the insect species added to the
wheat flour using only their NIR spectra. The results of the LDA model
were validated by randomly assigned cases during which cases were
randomly assigned to the original spectra. The mixed image of LDA with
randomly assigned cases proved that pattern recognition was successful,
and the method can be applied to identify the species of insects in
mixtures.

Different combinations of distance metrics and agglomeration
schedules were tested and based on their Silhouette indices, squared
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Euclidean distance and Ward’s method with two clusters received the
highest index value (0.873). As HCA (Fig. 4b) was run on the NIR spectra
of the seven species (100% powders), the similarities and differences
between the powders can be seen. One of the clusters consists of TM and
BM, a larva, and a pupa, while the other five species, which have been
processed in adult forms, were clustered into one larger group. The
agglomeration schedule presents that there are shorter linkage distances
within this second cluster. AD and GA are located close to each other,
then comes another cricket species (BP). After the three cricket species
comes the only locust species (LM) and interestingly GB, a species
belonging to the Gryllidae family (similarly to AD, GA, and BP) is linked
as last. Nevertheless, it should be noted that since taxonomy classifies
groups of organisms according to morphological and functional char-
acteristics, molecular genetic specificities and evolutionary factors,
cluster analysis based on the examined insects’ NIR spectra presumably
does not separate them by their taxonomic classification, but by the
chemical structure of their composition.

PLSR prediction models

After removing outliers, PLSR regression was performed on a smaller
data set (n = 65) to predict the percentage amount of insect powders in
the different mixtures. Two different spectral ranges were used
throughout the optimization process: 9000-3800 cm ™' (full range
model with 676 variables) and 9000-7313, 6557-5384, and 4968-3857
cm! (elimination of water bands). After the removal of regions affected
by moisture content, an automatic optimization process was also per-
formed using OPUS 7.2 software (Bruker, Ettlingen, Germany) to
decrease the value of RMSECV. The already mentioned spectra pre-
processing methods were also tested and analysed. The most impor-
tant statistical parameters of PLSR models are shown in Table 2. The
higher the value of Q? and RPD and the lower the value of RMSECV, the
better the performance of the model.

Even the regression on raw spectral data covering the whole range
(9000-3800 cm™ 1) resulted in a high coefficient of determination, but
the RMSECV was found to be 1.18%, which is relatively high for mixing
levels adjusted for a 5% quantitative difference. Spectrum pre-treatment
methods have been applied to reduce irrelevant information carried by
the different physical properties of the mixtures and to increase the
signal-to-noise ratio. In all cases, the coefficients of determination of the
validated models (Q®) were greater than 0.99, which supports the
applicability of the NIRS throughout the analysis of insect powder and
flour mixtures. The best model parameters were obtained by SNV pre-
treatment and by excluding absorption peaks related to the moisture
content, followed by automatic optimization of the spectral ranges.
Compared to the full spectral range model without data pre-processing,
the RMSECV decreased to 0.65% and the value of Q? increased from
0.993 to 0.998. Although the statistical parameters in the latter case
proved to be the best, the automatically selected ranges (339 variables)
do not necessarily lead to the best results, as important spectral regions
may be excluded. The PLSR model using spectra pre-treated by water
peak excision and SNV transformation was found to be the most effi-
cient, as the RMSECV was low at 0.78% and the number of variables
used in the regression (518 variables). Their range better served the
description of the spectral properties of the sample population. Among
the samples used for calibration, mixtures with Bombyx mori were al-
ways among the excluded samples in large numbers. In addition, mix-
tures with Tenebrio molitor were also excluded in several cases,
suggesting that it may be appropriate to separate mixtures of insects at
different stages of development. It was concluded that NIR spectroscopy
is suitable for estimating the amount of different insect powders mixed
with wheat flour in the range of 5-50%. The determination and moni-
toring the mixing ratio could also become an important question in food
control in the future, as ensuring the right ratio is important for the
consistency of the finished product.
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Fig. 3. a) Principal component analysis scores plot of the raw spectral data of the flour — insect powder mixtures (5 — 50%). b) Wheat flour (black dotted line) and its
different mixtures with Acheta domesticus (® 5%, @ 25% and @ 50%). AD — Acheta domesticus, BM — Bombyx mori, BP — Brachytrupes portentosus, GA — Gryllus assimilis,

GB - Gryllus bimaculatus, LM — Locusta migratoria, TM — Tenebrio molitor.
Conclusions

Near infrared spectroscopy coupled with chemometric tools has
proven its efficiency in many fields of applications. Insects are gaining
more and more space in food and feed sectors due to the falling of legal
barriers and to the increasing amount of information on their chemical,
microbial, nutritional, and environmental benefits. The presented paper
is the first addressing the question of “How can we justify the amounts
and/or species of insects used in food products?”. The wide range of ana-
lysed species is also unique, as the results of seven species are presented,
each mixed with wheat flour using five percentage steps from 5 to 50%

insect content.

The fast and accurate differentiation of powders of different species
and their different mixtures with wheat flour suggests that the presented
methodology can be used by producers and food safety authorities as
well. However, the presented results should not be generalized at this
stage. As flours are mixed in many cases, the effect of flour mixtures (e.g.,
wheat flour mixed with buckwheat flour) should also be addressed later.
Further research is needed if such a good differentiation can be done
after different technological steps (e.g., fermentation, baking etc.) and
with other food types, such as meat products or energy bars. From the
modelling point of view, smaller differences were observed regarding
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TM). b) Dendrogram of agglomerative hierarchical cluster analysis using squared Euclidean distance and Ward’s method. AD — Acheta domesticus, BM —

Bombyx mori, BP — Brachytrupes portentosus, GA — Gryllus assimilis, GB — Gryllus bimaculatus, LM — Locusta migratoria, TM — Tenebrio molitor.

Table 2

Results of partial least squares regression (PLSR) models.

Pre-processing Spectral range [em™] R? RMSEE [%] Q? RMSECV [%] Bias RPD Rank Calibration samples
no 9000-3800 0.995 1.05 0.993 1.18 —0.0083 11.6 7 57
SNV 9000-3800 0.997 0.79 0.996 0.89 0.0099 15.7 8 55
FD + SNV 9000-3800 0.997 0.85 0.996 0.97 —0.0183 14.3 8 57
no 9000-7313, 6557-5384, 4968-3857 0.997 0.83 0.995 0.97 0.0030 14.1 10 55
SNV 9000-7313, 6557-5384, 4968-3857 0.998 0.64 0.997 0.78 0.0234 18 10 57
FD + SNV 9000-7313, 6557-5384, 4968-3857 0.998 0.76 0.996 0.93 —0.0227 15 8 56
no 9000-8154, 4482-4266 0.998 0.60 0.996 0.77 —0.0178 16.4 10 54
SNV 9000-7313, 6557-5971, 4173-3857 0.999 0.52 0.998 0.65 —0.0342 21 10 57
FD + SNV 9000-7313, 4968-3857 0.999 0.58 0.997 0.72 —0.0085 18.9 10 59

FD - first derivative; SNV — standard normal variate; RPD - ratio performance deviation; The best prediction is indicated with bold.

the species as expected. From the international literature, we can see
that there are high standard deviations between developmental stages
and nutritional profiles, the latter can be even observed when the same
species comes from different regions (Gere et al., 2019). For example,
mixtures with Bombyx mori have been identified as outliers which might
be caused by the significantly different feed. These indicate that it might
be necessary to create different models for groups of species in order to
cover a larger range of species and samples. It is assumed that by using a
sufficiently large insect and flour sample variance and by increasing the
sample size significantly, the model becomes generalizable.
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