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ABSTRACT

Background: Flour is a powdered substance obtained by grinding cereal grains or other starch-rich foods, formed
through a milling process that reduces the grain to a fine powder. Flour is a staple ingredient highly susceptible
to adulteration, mislabelling, and cross-contamination, posing risks to food safety, quality, and consumer trust.
The increasing complexity of flour matrices and supply chains has intensified the need for reliable analytical
tools for authentication.

Scope and approach: This review systematically evaluates recent advances in chromatographic and spectroscopic
techniques for flour authentication, covering studies from 2015 to 2025 (chromatography) and 2020-2025
(spectroscopy). Both targeted and non-targeted approaches are discussed, including GC, LC, and CE, as well as
NIR, FTIR, hyperspectral imaging, fluorescence, Raman, and LIBS. Particular attention is given to chemometric
and machine learning strategies for classification and quantification, alongside key methodological consider-
ations such as sample preparation, data processing, and validation.

Key findings and conclusions: Chromatographic methods provide high sensitivity and molecular specificity,
enabling targeted detection of markers, while spectroscopic techniques offer rapid, non-destructive, and high-
throughput screening based on chemical fingerprints. Despite significant progress, major challenges remain,
including matrix complexity, environmental variability, limited standardization, and poor model transferability
across instruments and datasets. Detection of low-level adulteration in complex or blended flours remains
particularly challenging. Future research is expected to focus on multi-sensor data fusion, expansion of open
spectral databases, robust validation frameworks, and integration of portable devices with digital infrastructures.
These developments will be essential to improve robustness, scalability, and real-world implementation of flour
authentication strategies.

1. Introduction

milled products can be qualified as flour. A product is considered flour
only when it comes from the grinding of whole grains (McFadden,

Flour is one of the most widely used ingredients in the food industry
and a fundamental component of human nutrition (Zhang et al., 2023).
Flour is a powdered product obtained mainly from the grinding of
plant-derived materials, most commonly cereals (wheat, corn, rice,
oats), but also pseudo-cereals (quinoa, buckwheat, chia), legumes
(lentils, chickpeas), tubers (potatoes, cassava), and nuts (almonds,
hazelnuts, chestnuts) (Cappa et al., 2025; Guan et al., 2023).

Although flour can originate from diverse botanical origins, not all
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2018). Products composed predominantly of isolated starches, such as
corn or potato starch, or highly processed products in which the struc-
tural matrix of the original material has been eliminated, including
purified starches or cereal bran fractions (e.g., wheat or oat bran), do not
meet this definition (Yan et al., 2022). In these cases, the product
generally does not retain the structural integrity and compositional
complexity of the original material, and therefore differs significantly
from conventional flour in their functional and nutritional properties.
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In addition, although the term “flour” is traditionally associated with
cereal-derived materials obtained from whole grains, it has been
increasingly extended to include powders derived from non-
conventional sources such as insects (e.g., mealworm, buffalo worm
larvae, or cricket flours) and fruits (e.g., banana or melon seed flours).
These products, despite differences in their structural organization
compared to cereal flours, are commonly referred to as “flours” in both
scientific literature and the food industry due to their similar physical
form, technological functionality, and intended use as ingredients in
food formulations. Therefore, they are also considered within the scope
of this review, particularly in the context of authentication studies
addressing emerging and alternative raw materials.

From a compositional and nutritional perspective, flour is rich in
carbohydrates, mainly starch, and also contains proteins (McFadden,
2018). Protein composition varies depending on the botanical origin:
wheat flour is dominated by glutenins and gliadins, which form gluten
upon hydration and mixing (Wieser et al., 2023), whereas pseudo-cereal
and legume flours primarily contain albumins and globulins, which are
soluble reserve proteins that do not form gluten (Song et al., 2023).
Flour also contains fiber and lipids, generally in smaller proportions,
except in nut-based flours, where lipid content is naturally high (Alagbe
et al,, 2025). At the micronutritional level, unrefined flours (e.g.,
whole-grain cereals, legumes, or pseudo-cereal flours) present high
levels of B vitamins, vitamin E, and minerals including iron, zinc, and
magnesium (Garg et al., 2021).

This characteristic composition positions flour as a nutritionally
relevant food, as it provides essential macronutrients, thus acting as a
primary energy source, and supplies key micronutrients required for
proper metabolic function (Poutanen et al., 2022).

Given its nutritional, economic, and cultural importance, ensuring the
authenticity of flour is essential. As a homogeneous powdered product,
flour is particularly susceptible to economically motivated adulteration
and to fluctuations in raw material prices driven by political or climatic
factors (Pastor, Acanski, & Djura, 2019). Common adulteration practices
include partial substitutions with lower-quality flours, incorporation of
isolated starches (Ayvaz et al., 2021; Xue et al., 2021), mislabelling of
botanical origin or type, and concealment of relevant information (Ham
et al., 2025). In addition, cross-contamination during processing (e.g.,
between gluten-containing and gluten-free flours) poses additional risks,
including allergenic reactions and intolerances (Q. Wu, Oliveira, et al.,
2023). These practices not only generate economic losses but also
compromise public health and degrade the nutritional quality of the final
product (Cozzolino, 2023).

Given the vulnerability of flour to cross-contamination and econom-
ically motivated adulteration or mislabelling, the development of robust
analytical strategies is essential to ensure product authenticity and
integrity. Chromatographic and spectroscopic techniques—including gas
and liquid chromatography (mainly coupled to mass spectrometry), as
well as Fourier transform infrared (FTIR), near-infrared (NIR), hyper-
spectral imaging (HSI), fluorescence spectroscopy, and Raman
spectroscopy—have become key tools for characterizing flour composi-
tion and verifying its botanical origin. When combined with advanced
chemometric modelling, these methodologies provide powerful capa-
bilities for traceability, discrimination, and quality control. Within this
analytical landscape, the present work focuses on two major families of
techniques widely applied in food authentication: chromatographic
methods and spectroscopic approaches (Espana-Farinas, Cazon, et al.,
2025; Unuvar et al., 2025). These were selected to illustrate, on the one
hand, platforms based on the targeted determination of chemical com-
pounds, and on the other, non-destructive, sample-preparation-free
techniques capable of capturing compositional fingerprints. Chromato-
graphic approaches offer high sensitivity, targeted analysis, and the
ability to quantify trace-level compounds with excellent selectivity,
whereas spectroscopic methods provide rapid, non-destructive mea-
surements, minimal sample preparation, and strong suitability for
high-throughput screening. In this context, the present review examines
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studies published in recent years (see methodology section for details)
that apply either chromatographic or spectroscopic techniques to the
chemical authentication of flour, with the aim of evaluating current
analytical trends and identifying methodological advances in this field.
By integrating dispersed evidence across the literature, this review pro-
vides a perspective not previously articulated, clarifying how each
analytical family contributes differently to the authentication of flours.
The review is structured as follows: after the methodology section, a
general overview of the main flour authentication and adulteration sce-
narios reported in the literature is presented, followed by dedicated
sections addressing chromatographic and spectroscopic approaches,
respectively, and a section focused on data processing strategies. Finally,
the main methodological limitations are discussed, and conclusions and
future research directions are outlined.

2. Methodology

This review systematically examines studies addressing the chemical
authentication of flour using chromatographic and spectroscopic tech-
niques. To ensure a comparable number of studies for both analytical
approaches,given the substantially higher volume of recent spectro-
scopic publications,the literature search covered the last 10 years
(2015-2025) for chromatographic methods and the last 5 years
(2020-2025) for spectroscopic ones.

The primary search was conducted in SciFinder, Web of Science, and
Scopus using the keywords “flour authentication”, “flour adulteration”,
“flour fraud”, “flour discrimination”, “flour characterization”, and “flour
classification”. Because this review adopts an analytical perspective
focused on chromatographic and spectroscopic methodologies, the
initial searches were subsequently refined by adding the terms “chro-
matographic” and “spectroscopic”. Studies relying on other analytical
techniques or biological strategies were excluded.

To identify additional relevant publications not retrieved in the
initial search, complementary searches were performed using the names
of specific flour types as keywords. We also manually excluded papers in
which flour was used as an adulterant rather than as the target matrix.
Both direct flour authentication studies and those evaluating the
authentication of the flours used in the manufacture of bakery products
were included.

In total, the final dataset comprised 73 studies, 38 based on chro-
matographic techniques and 35 on spectroscopic techniques.

3. Flour authentication and adulteration scenarios

Recent research on flour authentication highlights a broad spectrum
of sample types and adulteration scenarios, underscoring both the
complexity of cereal-based matrices and the increasing sophistication of
food fraud practices. Fig. 1 summarizes the sources of vulnerability and
their recurrence in the papers included in this study. These vulnerabil-
ities include the discrimination among varietal and botanical origin, as
well as authentication related to the production process (organic/con-
ventional but also different drying processes) or the geographical origin,
the distinction between whole and refined grain flours, and the
authentication of different flours employed in processed food products.
Together, these insights illustrate the multifaceted nature of adultera-
tion in flours and set the foundation for a detailed exploration of the
main types of fraudulent practices that must be considered.

Building on this broader perspective, recent literature shows that
most studies concentrate on the specific plant-derived materials used to
obtain flour, either by discriminating among botanical origin (39.5%) or
varietal origin (27.6%). Focusing on cereal-based flours, blended flours
are sometimes purposely formulated to enhance nutritional quality (e.g.,
balancing amino acid and vitamin profile) as well as to improve the
techno-functional properties of flour. Such blends also help reduce
reliance on wheat and enable the incorporation of cereals that are less
vulnerable to climate change and global market fluctuations (Akinwotu
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Fig. 1. Main topics of works reported in the studies of flour authentication included in this review, both employing spectroscopic and chromatographic techniques.

et al., 2025). Nevertheless, undeclared blending of cereals in flours
(typically carried out to obtain illicit economic benefits) is indeed a
significant concern, particularly considering the potential health risks
associated with hidden ingredients, such as allergies and intolerances.
Within this context, several authors have investigated the discrimination
of flours produced from cereals with different botanical origin (Kniese
et al,, 2021; Pastor, Acanski, Vuji¢, Bekavac, et al., 2016; Pastor,
Acanski, Vuji¢, Jovanovi¢, & Wienkoop, 2016; Pastor et al., 2020; Xue
& Tan, 2022). A key insight emerging from these studies is that at-
tempts to discriminate among a broad set of botanical origins often lead
to a primary separation in which small-grain cereals (e.g., wheat, barley,
rye, and triticale) cluster together and apart from larger-grain species
such as corn (Pastor, Acanski, Vuji¢, Bekavac, et al., 2016; Pastor,
Acanski, Vuji¢, Jovanovi¢, & Wienkoop, 2016; Pastor et al., 2020).
This recurring pattern suggests that discrimination among different
small-grain cereals requires a dedicated modelling approach capable of
capturing the finer compositional and structural differences within this
subgroup, rather than relying on broader models dominated by
size-related variability (Kniese et al., 2021). Additionally, Xue and Tan
advanced this line of research by examining the compositional analysis
of blended flours, successfully predicting the proportions of maize,
sorghum, wheat, and barley in both binary and quaternary mixtures
(Xue & Tan, 2022). Their work demonstrates that multigrain blends can
be analytically resolved, even when multiple cereals are blended
simultaneously, highlighting the potential of such approaches for
monitoring authenticity and formulation consistency in blended flours.

Another key aspect commonly addressed in studies on cereal-based
flours relates to varietal origin. Wheat is by far the most frequently
investigated cereal, as its numerous varieties differ substantially in
chemical composition, influencing dough rheology during processing
and ultimately determining their suitability for distinct industrial ap-
plications. Particular attention is devoted to ancient wheat species such
as spelt, emmer, and einkorn. These landraces are not only valued for
their technological uniqueness but have also gained interest because
some reports suggest a potentially improved nutritional profile and a
more favourable health reputation. In this context, some studies have
focused on differentiating modern and ancient cultivars by including
several varieties within each group to increase model robustness (Gotti
et al.,, 2018; Stark et al., 2020; Ziegler et al., 2015), whereas other
studies have focused specifically on distinguishing spelt from common
wheat (Koenig et al., 2015; Nichani et al., 2023), even considering
cross-breeding between the two species (Koenig et al., 2015) to classify

spelt cultivars into three groups ranging from ‘typical spelt’ to ‘similar to
common wheat’ (Koenig et al., 2015). In the case of einkorn, Ayvaz et al.
were able to develop a spectroscopic method to quantify the ratio of
einkorn in mixtures containing common wheat and einkorn (Ayvaz
et al., 2021). Additionally, considerable interest exists in distinguish-
ing between common and durum wheat flours due to their markedly
different technological and rheological properties (De Flaviis et al.,
2021; Righetti et al., 2018; Sezer et al., 2022; Unuvar et al., 2021,
2023, 2025). Common wheat typically forms a more elastic and exten-
sible gluten network, making it suitable for bread and other baked
products, whereas durum wheat develops a stronger and more tenacious
gluten structure, characteristics that are ideal for pasta production. In
fact, Italian regulations stipulate that dried pasta must be made exclu-
sively from durum wheat, allowing a maximum of only 3% common
wheat (Righetti et al., 2018). Thus, it is not surprising that some studies
go beyond classification to quantify adulteration percentages between
common and durum wheat flour (Sezer et al., 2022; Unuvar et al., 2023,
2025). Other authentication studies on wheat flour focus on dis-
tinguishing among multiple wheat cultivars (Berky et al., 2016; Sabir
et al., 2017), often incorporating a geographical perspective (Cavanna
et al.,, 2020; De Flaviis et al., 2021; Jin et al., 2021; Lamine et al.,
2022, 2023; Wadood et al., 2020) or aiming to discriminate genotypes
with different technological properties (da Silva Lima et al., 2023).
Although less common, a few works have also explored the differenti-
ation of rice flours produced from different rice varieties (brown, white,
red) (Chen et al., 2024; Sabir et al., 2017), which usually differ in eco-
nomic value, as well as buckwheat flours derived from different buck-
wheat varieties. For the latter, the main goal is to distinguish between
common buckwheat and Tartary buckwheat, a more expensive buck-
wheat variety with a richer nutritional value, particularly due to its
higher flavonoid content (Chai et al., 2023; Y. Wu, Oliveira, et al., 2023).

In addition to botanical and varietal origin, other factors also influ-
ence the characterization of cereal-based flours, such as the production
system and the part of the grain employed. Concerning production
systems, particular attention is given to organic farming, which is
generally considered less environmentally harmful due to the reduced
use of fertilizers, pesticides, and insecticides. However, its lower yields
and certification costs typically result in higher market prices compared
to conventionally produced cereals. A few works have attempted the
discrimination of organic and conventional wheat (Bodroza-Solarov
et al., 2021; Weesepoel et al., 2016), achieving only partial success.
Although a slight separation between organic and conventional samples
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can be observed, no clear differentiation was reported among different
types of organic productions, and the production system generally plays
a secondary role compared to other influential factors such as harvesting
year (Weesepoel et al., 2016) or varietal origin (Bodroza-Solarov et al.,
2021). More success was achieved in the authentication of organic
soybean flour, although in this case, the production system was the only
factor analyzed (Masithoh et al., 2023). Concerning the part of the grain
employed, there is interest in differentiating whole wheat flour, which
employs the entire grain, from refined flour, in which the bran and germ
fractions are removed prior to milling. Whole wheat flour offers
enhanced nutritional value, whereas refined flour presents a longer
shelf-life. Beyond distinguishing between whole wheat flour and refined
flour (Geng, Harnly, & Chen, 2015), it is also possible to discriminate
among isolated grain fractions such as bran, germ, and kernel (Geng,
Zhang, et al., 2015).

Besides cereal-based flours, flours produced from pseudocereals such
as quinoa and amaranth are recently gaining popularity. These pseu-
docereals are gluten-free alternatives with a high content of proteins and
essential fatty acids, as well as a well-balanced amino-acid profile.
Nevertheless, their increased marked price together with their lacking
dough-forming properties have promoted the fortification of
pseudocereal-based flour with cheaper cereals such as wheat or rice.
Thus, some methods have been reported to detect cereal adulteration in
quinoa and amaranth flour and/or discriminate among different types of
pseudocereals (Ferreira et al., 2022; Maestro-Gaitan et al., 2025; Pastor
etal., 2018; Wang et al., 2022; Yang et al., 2022). Other works have also
considered less common flours such as those made from tubers (e.g.,
maca (de Carvalho Rodrigues et al., 2022; Zaukuu, Adams, et al., 2024)),
legumes (e.g., chickpea (Bala et al., 2023)), nuts (e.g., hazelnut, walnut
(Pastor, Acanski, Vuji¢, & Koji¢, 2019), almond (Netto et al., 2023),
peanut (Peddareddigari et al., 2025)), fruits (e.g., banana (Ndlovu et al.,
2021; Oliveira et al., 2026), melon seed (Zaukuu, Nkansah, et al., 2024))
or insects (e.g. mealworm, buffalo worm larvae and cricket flours
(Cruz-Tirado et al., 2026; Foschi et al., 2022)). It should be noted that
some of these flours are considered premium flours and thus have a high
economic value, which makes them more susceptible to adulteration.
Among them, maca flour has received the most attention, with studies
focusing on the use of different types of maca (yellow, black, red)
(Zaukuu, Adams, et al., 2024) or on the effect of the drying process in the
final product (de Carvalho Rodrigues et al., 2022).

Finally, some studies have moved beyond the direct authentication
of flour itself and have instead focused on verifying the flour used in
flour-based products, i.e., assessing flour authenticity after processing
rather than comparing different final products. In this context, bread is
the most extensively studied product, with research focusing on the
botanical origin (wheat, buckwheat, barley, rye) (Acanski et al., 2015;
Bonick et al., 2017; Colgrave et al., 2016), the varietal origin of wheat
(modern, ancient) (Ayvaz et al., 2021), the geographical origin of the
flour (Espana-Farinas, Camba-Carrion et al., 2025), the differentiation
between whole and refined flour (Geng et al., 2016), or the difference in
using yeast or sourdough (Pastor, Zorlu, et al., 2022). In most of these
studies, bread was self-baked under controlled conditions to provide
more guarantee on the flour employed and to ensure that flour was the
main factor influencing the final product. Other authenticated foods
include instant formula rice flour to evaluate the rancidity degree
(Zheng et al., 2023), baked snacks enriched with insect powder
(Garcia-Gutiérrez et al., 2021), and pasta made from semolina (durum
wheat flour) and farina (common wheat flour) (Sezer et al., 2022).

4. Chromatographic techniques for flour authentication

Flours are chemically complex and heterogeneous matrices,
comprising carbohydrates, proteins, lipids, and moisture in proportions
that vary with botanical origin, milling conditions, and storage. This
intrinsic variability, together with the presence of minor constituents —
such as phenolic compounds, vitamins, minerals, endogenous enzymes,
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and bioactive lipids — as well as potential adulterants, including cheaper
flours (e.g., maize, rice, or cassava), added starches, artificial colorants,
or undeclared gluten-containing cereals, makes their characterization,
identification, and authentication particularly challenging. Efficient
separation methods such as liquid chromatography (LC), gas chroma-
tography (GC), or capillary electrophoresis (CE) offer a way to overcome
these complexities (Aslam et al., 2024). Within this analytical context,
two main approaches can be applied: targeted methods (Table 1), which
focus on the detection and quantification of specific, predefined
analytes—typically markers of authenticity, adulteration, or
quality—and rely on well-established analytical procedures optimized
for those compounds; and non-targeted methods (Table 2), which aim to
capture a global chemical fingerprint of the sample. While targeted
approaches provide high selectivity and quantitative accuracy for
known markers, non-targeted strategies generate comprehensive pro-
files that can reveal subtle compositional differences and enable classi-
fication or anomaly detection through chemometric modelling.

Given these analytical approaches, the first critical step to consider is
sample preparation, as the quality of the results is strongly influenced by
the extraction technique employed. Although extraction is essential in
both targeted and non-targeted analyses, its function differs according to
the analytical strategy. Targeted approaches require extraction pro-
cedures that are highly selective, quantitatively reliable, and optimized
for the known chemistry of the analytes of interest. In this case, insuf-
ficient recovery directly compromises the accurate measurement of the
specific markers on which the method depends. In contrast, for non-
targeted approaches, extraction must be broad, minimally selective,
highly reproducible, and compatible with high-resolution full-scan
techniques. Because the entire chemical profile is used as the fingerprint,
any extraction-induced bias can alter the overall pattern and compro-
mise subsequent classification or clustering (Ballin & Laursen, 2019).

In the case of targeted approaches (Table 1), the extraction methods
more frequently reported in GC-based methods are based on solvent-free
headspace SPME and non-polar solvent extraction to target volatile
organic compounds (VOCs) and lipid fractions, respectively. Headspace
SPME (De Flaviis et al., 2021; Maestro-Gaitan et al., 2025; Wadood et al.,
2020) is commonly applied to isolate VOCs from different cereals before
GC-MS analysis. Lipid-oriented protocols (Acanski et al., 2015;
Bodroza-Solarov et al., 2021; Ferreira et al., 2022; Pastor, Acanski,
Vuyji¢, & Koji¢, 2019; Pastor et al., 2020; Pastor, Zorlu, et al., 2022)
mainly employ hexane extraction or biphasic systems to recover
non-polar lipids from cereals and bread, which are then converted into
volatile fatty acid methyl esters through derivatization with trime-
thylsulfonium hydroxide (TMSH), KOH/methanol, or classical trans-
methylation, enabling GC-MS or GC-FID quantification. In contrast,
LC-based methods (Bonick et al., 2017; Colgrave et al., 2016; Sabir
et al.,, 2017; Ziegler et al., 2015) focus on non-volatile, polar, or
high-molecular-weight analytes. Protein-centered methods use dena-
turing aqueous-organic systems combined with filter-aided sample
preparation (FASP) or solid-phase extraction (SPE) clean-up to generate
peptide mixtures suitable for LC-MS/MS, while methanol or acetone
solid-liquid extractions isolate phenolics or alkylresorcinols for HPLC
analysis. CE-based analysis (Gotti et al., 2018) is coupled with a multi-
step extraction involving ethanol extraction, alkaline and acid hydro-
lysis, and ethyl acetate liquid-liquid extraction to comprehensively
recover free, conjugated, and bound phenolic acids.

Regarding non-targeted approaches (Table 2), the extraction
methods employed for GC (Lamine et al., 2022, 2023, Pastor, Acanski,
Vuji¢, Bekavac, et al., 2016; Pastor et al., 2016; Pastor et al., 2018;
Pastor, Ili¢, et al., 2022; Y. Wu, Oliveira, et al., 2023; Yang et al., 2022)
focus on the broad recovery of volatile, lipophilic, or derivatizable
analytes, typically using non-polar solvents such as n-hexane,
dichloromethane, or chloroform/methanol mixtures. Because GC re-
quires analytes to be volatile and thermally stable, these protocols
frequently incorporate chemical derivatization, including silylation
(Lamine et al., 2023), oximation followed by silylation (Pastor, Acanski,
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Table 1
Summary of chromatographic works employing a target approach.
Sample information Analytical Analytes Chemometric Ref
technique technique
300 samples equally distributed between 5 species HPLC-UV 5 alkylresorcinols plus total alkylresorcinols content. PCA, HCA Ziegler et al. (2015)
(bread wheat, durum wheat, spelt, emmer,
einkorn), and 4 regions of Germany.
29 rice brans (9 red, 20 white). HPLC-UV 9 compounds, including cycloartenol ferulate, PCA, DA Sabir et al. (2017)
cyclobranol ferulate, campesterol ferulate, and
p-sitosterol ferulate.
Breakfast cereal and muesli, commercial flours. LC-MS/MS Peptide markers. - Colgrave et al. (2016)
Self-baked breads containing wheat, rye, and/or LC-MS/MS Peptide markers. - Bonick et al. (2017)
spelt.
5 ancient (Andriolo, Frassineto, Gentilrosso, CE 6 phenolic acids, including ferulic acid, p-coumaric PCA Gotti et al. (2018)
Inallettabile, Verna) and 5 modern cultivars acid, p-hydroxybenzoic acid, sinapic acid, syringic acid,
(Bolero, Eureka, Mieti, Nobel, Palesio) of Italian and vanillic acid.
common wheat.
32 grain samples (16 quinoa, 6 amaranth, and 10 GC-FID 14 fatty acids. PCA, HCA, Ferreira et al. (2022)
triticale) from different regions of South America.
25 commercial breads made from refined white GC-FID 37 fatty acids. PCA, DA Pastor, Zorlu, et al.
wheat or wholegrain wheat flour, some of them (2022)
containing an addition of wholegrain rye flour,
and 5 self-baked breads from wholegrain wheat
flour.
10 samples (5 common wheat and 5 spelt) cultivated ~ GC-MS and Nitrogen content and 14 soluble carbohydrates: D- PCA, HCA Bodroza-Solarov et al.
under different agricultural circumstances: colorimetry ribitol, thymol-B-D-glucopyranoside, guaiacol-p-D- (2021)
control, biodynamic, ecological, integrated, and (xylenol method) glucopyranoside, uracil-1-p-D-ribofuranoside,
conventional. Dribofuranose, p-D-fructofuranose, scopoletin--7-D-
glucopyranoside, D-arabino-1,4-lactone, D-fructose-3-
O-methyl-p-D-glucopyranoside, methyl-p-D-
glucopyranoside, D-xylitol, -D-galactofuranoside, f-D-
fructofuranose and D-arabinofuranose).
90 wheat samples, including 10 different cultivars SPME-GC-MS 32 volatile compounds, including aldehydes, alcohols, PCA, LDA Wadood et al. (2020)
and 3 regions of China. alkanes, acids, terpenes, ketones, heterocyclic
hydrocarbons, aromatic hydrocarbons, and esters.
26 wheat samples, including 3 common wheats SPME-GC-MS 158 volatile organic compounds. PCA, PLS-DA De Flaviis et al.
(Bologna, Vittorio, and Solina) and three durum (2021)
wheats (San Carlo, Marco Aurelio, and Cappelli)
cultivated in three different fields.
5 self-baked breads with wheat flour containing GC-MS 3 minor fatty acids: eicosanoic, eicosenoic, and HCA Acanski et al. (2015)
different proportions of buckwheat flour. docosanoic.
33 samples, including 16 wheat, 9 hazelnut, and 8 GC-MS 17 lipid compounds, including palmitic acid, linoleic PCA, PCO, HCA, Pastor, Acanski, Vuji¢,
walnuts. acid, oleic acid, and stearic acid. SVM and Koji¢ (2019)
39 cereal samples (19 corn, 9 wheat, 8 barley, and 3 ~ GC-MS 9 fatty acids. PCA, PCO, HCA,  Pastor et al. (2020)

oat) and 31 oilseeds (14 rape, 6 flax, 8 safflower,
and 3 pumpkin).

Instant formula rice flours treated to provide
different degrees of rancidity.

3 pure flours including wheat, quinoa (2 varieties),
and amaranth (2 varieties), 4 double mixtures, and
4 triple mixtures.

104 wheat samples (10 Millat, 12 Akbar, 11 Galaxy,
13 Punjab, 10 Igbal, 11 Sehar, 12 Lasani, 14
Faisalabad, and 11 Ujala).

SPME-GC-MS and
sensory analysis
SPME-GC-MS and
electronic nose

GC-MS and CSA

24 volatile organic compounds, including aldehydes,
ketones, acids, alkanes, and furans.

23 volatile organic compounds, including alcohols,
hydrocarbons, aldehydes, and terpenes.

41 volatile organic compounds, including alcohols,
aldehydes, alkenes, alkanes, ketones, acids, terpenes,
and esters.

LDA

OPLS-DA

PCA, PLSR

PCA, HCA, KNN

Zheng et al. (2023)

Maestro-Gaitan et al.
(2025)

Zareef et al. (2025)

CE: capillary electrophoresis; CSA: colorimetric sensor array; DA: discriminant analysis; GC: gas chromatography; HCA: hierarchical cluster analysis; KNN: k-nearest
neighbors; LC: liquid chromatography; LDA: linear discriminant analysis; MS: mass spectrometry; MS/MS: tandem mass spectrometry; PCA: principal component
analysis; PCO: principal coordinate analysis; PLSR: partial least squares regression; SPME: solid phase microextraction; SVM: support vector machine.

Vuji¢, Bekavac, et al., 2016), or base-catalyzed methylation with TMSH
(Pastor, Acanski, Vuji¢, Jovanovi¢, & Wienkoop, 2016; Pastor et al.,
2018; Pastor, Ilic, et al., 2022) to convert fatty acids, sugars, or
semi-polar metabolites into volatile derivatives. Additional GC-oriented
works include the extraction of volatile oils by hydrodistillation, fol-
lowed by purification through liquid-liquid extraction (Y. Wu, Oliveira,
et al., 2023) and headspace extraction for native volatiles (Yang et al.,
2022). In contrast, the LC studies (Berky et al., 2016; Cavanna et al.,
2020; da Silva Lima et al., 2023; de Carvalho Rodrigues et al., 2022;
Geng et al., 2016; Geng, Harnly, & Chen, 2015; Geng, Zhang, et al.,
2015; Jin et al., 2021; Koenig et al., 2015; Nichani et al., 2023; Stark
et al., 2020; Unuvar et al., 2025; Weesepoel et al., 2016) are based on
broad liquid-solid extractions using aqueous, hydroalcoholic, or buff-
ered solvents to recover a wide spectrum of polar and semi-polar me-
tabolites, including phenolic compounds, proteins, peptides, and
gluten-related fractions. Simple methanol-based extractions (Berky

et al.,, 2016; Cavanna et al., 2020; da Silva Lima et al., 2023; de
Carvalho Rodrigues et al., 2022; Geng et al., 2016; Geng, Harnly, &
Chen, 2015; Geng, Zhang, et al., 2015; Jin et al., 2021) are designed
to solubilize a diverse pool of polar constituents rather than targeting
specific analytes, while more specialized LC procedures incorporate
protein solubilization and enzymatic digestion (Nichani et al., 2023) to
expand the chemical coverage of the untargeted analysis. Unuvar et al.
(Unuvar et al., 2025) focus on extracting gliadin-rich fractions using
70% ethanol, and Weesepoel et al. (Weesepoel et al., 2016) combine
methanolic extraction with alkaline hydrolysis to release bound
phenolics.

Across the targeted studies summarized in Table 1, a broad range of
flour-related matrices was examined, including multiple wheat varieties
and cultivars from different German and Chinese regions, ancient Italian
wheats, cereals with diverse botanical origin (e.g., corn, oat, small
grains), rice brans, pseudocereals such as quinoa, amaranth, and
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6 commercial flour samples (3 whole wheat flour and 3
refined wheat flour).

21 wheat samples (8 commercial samples and 13 local
cultivars).

72 samples, including 12 whole wheat flour, 12 refined
wheat flour, and self-baked bread (crumb and crust)
made with each flour.

41 cultivars (19 of corn species and 22 of small grain
species, including 7 wheat, 9 barley, 3 oat, 1 rye, and
2 triticale).

40 cultivars, including 8 wheat, 9 barley, 3 oats, 2
triticale, 1 rye, and 17 corn.

50 cultivars, including 9 wheat, 8 barley, 1 rye, 3 oat, 2
triticale, 3 spelt, 12 corn, 3 amaranth, and 9
buckwheat.

18 whole-wheat flour samples, including 3 Tunisian
landraces (Beskri, Jneh Khottifa, and Mahmoudi).

FCMS (UHPLC-
MS)

FCMS (UHPLC-
MS)

FCMS (UHPLC-
MS)

GC-MS

GC-MS

GC-MS

GC-MS

PCA

PCA, SIMCA,

PLSR

PCA, SIMCA

HCA, PCO

HCA, PCO

HCA, PCA

PCA, HCA, PLS-
DA,

Differentiation of whole wheat flour from refined
wheat flour based on the lipid profile of wheat bran,
germ, and endosperm.

Discrimination of whole-grain flour from refined
wheat flour based on the lipid profile of wheat bran,
germ, and endosperm. Prediction of whole wheat and
refined flour ratios in mixed samples.

Differentiation between breads made from whole
wheat flour and refined wheat flour. Identification of
the main components responsible for the
discrimination.

Authentication of cereal flours based on diverse cereals
growing in the same period and in the same
geographical area. Authentication is based on lipid
composition, as only compounds with an m/z 74 signal
are considered.

Authentication of corn and small-grain flour.
Authentication is based on sugar composition as only
compounds with m/z 204, 217, or 361 signals are
considered.

Differentiation of flour samples made from various
cereal/pseudocereal species according to their
botanical origin and gluten content. Authentication is
based on binary matrices showing the presence or
absence of specific lipids.

Assessment of the potential use of lipid profiles as an
authenticity tool to differentiate local whole grain
flours. Selection of specific markers.

Table 2
Summary of chromatographic works employing a non-target approach.

Sample information Analytical Chemometric Purpose of the study Ref.

technique technique

75 wholemeal flours (62 from spelt cultivars and 13 HPLC-UV PCA Distinction of spelt from wheat and classification of Koenig et al. (2015)
from wheat cultivars). spelt into three groups, ranging from ‘typical spelt’ to

‘similar to common wheat’. Discrimination is based on
glutenin fraction, high-molecular-weight glutenin
subunits, low-molecular-weight glutenin subunits, and
glutenin-bound x-gliadins.

60 samples considering 10 wheat varieties (Bankuti- Coupled column PCA, HCA Identification and classification of 10 wheat varieties Berky et al. (2016)
1201, Bezostaja-1, Fleischmann-481, Glenlea, MV- RP-HPLC-UV using 64 peak heights of the gliadin protein pattern
Karizma, MV-Magdaléna, MV-Mazurka, Székacs- obtained through coupled column RP-HPLC. The effect
1242, TF-Komddi, and TF-Rétsdg) cultivated in 3 of sample treatment and plot of land was evaluated.
plots of land and with 2 repeated sample
preparations.

445 self-grounded flours obtained from 239 wheat HPLC-UV PCA, PLS-DA, Distinction between durum and common wheat Unuvar et al. (2025)
samples from Turkey (120 common and 119 durum) PLSR varieties from Turkey and the United States. Detection
and 206 wheat samples from the US (89 common and quantification of common wheat in blended flour
and 117 durum). An additional 56 blended flour and farina in pasta.
samples were prepared considering different ratios
of durum/common wheat.

36 wheat samples, including conventional production LC-UV/LC-MS PCA Discrimination between organic and conventional Weesepoel et al.
and 2 variations of organic production, 3 Danish wheat, considering also the influence of (2016)
geographical regions, and 2 harvesting years. geographical location and harvesting year. The

method is focused on phenolic compounds.

140 wheat samples from two different campaigns (91 LC-HRMS PCA, OPLS-DA Discrimination of the geographical origin of durum Cavanna et al. (2020)
from 2016 and 49 from 2018) and three geographic wheat samples based on an HRMS metabolomic
locations (67 from Italy, 42 from other European approach. Feature markers were proposed but not fully
countries, and 31 from extra-European countries). chemically identified.

39 cultivars (11 typical spelt, 11 wheat, 11 atypical LC-MS CNN Distinction between wheat and spelt. Investigation of Nichani et al. (2023)
spelt, and 6 old wheat), 1 mixture of spelt and wheat further application to processed food (bread and flour)
flour, and 1 self-baked spelt/wheat bread. based on wheat and spelt.

52 wheat samples (26 common wheat and 26 durum UHPLC-MS PCA, OPLS-DA Discrimination between common and durum wheat Righetti et al. (2018)
wheat) for the preliminary set and 173 samples, lipidome. Discrimination between authentic durum
including 3 varieties of common wheat and 3 wheat and its adulterated admixture down to 3%
varieties of durum wheat, for the confirmatory set. adulteration level.

298 samples equally distributed between 5 species UPLC-MS PCA, OPLS-DA Investigation of differences in the metabolome Stark et al. (2020)
(bread wheat, durum wheat, spelt, emmer, einkorn), between ancient and modern Triticum varieties.
and 4 regions of Germany.

94 wheat samples from 8 provinces in China. UHPLC-MS PCA, PLS-DA Investigation of the lipid compositions of wheat Jin et al. (2021)

samples harvested in eight different regions of China.

12 maca flour samples (5 made with traditional drying ~ UHPLC-MS PCA Evaluation of the effect of the drying process on de Carvalho
and 7 commercial samples produced through an Peruvian maca flours and identification of the main Rodrigues et al.
oven drying process). substances responsible for the differentiation. (2022)

8 whole wheat flours obtained from the milling of Kjeldahl, PCA, HCA, PLS- Discriminating the phenolic profile of whole wheat da Silva Lima et al.
whole grains belonging to eight different genotypes.  colorimetry, DA flours from different genotypes and technological (2023)

UHPLC-MS qualities.

Geng, Harnly, and
Chen (2015)

Geng, Zhang, et al.

(2015)

Geng et al. (2016)

Pastor, Acanski,
Vuji¢, Jovanovi¢, and
Wienkoop (2016)

Pastor, Acanski,
Vuji¢, Bekavac, et al.
(2016)

Pastor et al. (2018)

Lamine et al. (2022)

(continued on next page)
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Table 2 (continued)
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Sample information Analytical Chemometric Purpose of the study Ref.
technique technique
42 self-grounded flours from grains of various cereal GC-MS AutoML Classification of various types of cereal flours into the  Pastor, Ilic, et al.
species (19 corn, 9 wheat, 8 barley, 3 oat, 2 triticale, groups defined by botanical origin. The study included (2022)
1 rye). non-gluten flours (corn) and gluten-containing flours
(wheat, rye, triticale, barley, and oats).
32 whole-wheat flour samples, including 3 Tunisian GC-MS PCA, HCA, PLS- Determination of the authenticity and botanical origin =~ Lamine et al. (2023)
landraces (Beskri, Jneh Khottifa, and Mahmoudi). DA, SVM of whole durum wheat flour, landrace origin, and
identification of specific metabolites.
18 buckwheat samples (12 Tartary, 6 common) from GC-MS PCA, PLS-DA Identification of Tartary buckwheat and common Y. Wu, Oliveira, et al.
different regions of China. buckwheat. (2023)
18 samples (6 quinoa, 6 wheat, and 6 rice). HS-MS-IMS PCA, OPLS-DA Authentication of quinoa flour adulteration with Yang et al. (2022)

similar but cheaper cereals (mainly wheat and rice).

AutoML: automated machine learning; CNN: convolutional neural network; FCMS: fuzzy chromatography mass spectrometric; HCA: hierarchical cluster analysis;
HPLC: high performance liquid chromatography; HRMS: high resolution mass spectrometry; HS: headspace; IMS: ion mobility spectrometry; OPLS-DA: orthogonal
projection to latent structures - discriminant analysis; PCA: principal component analysis; PCO: principal coordinate analysis; PLSR: partial least squares regression;
PLS-DA: partial least squares - discriminant analysis; RP: reverse phase; SIMCA: soft independent modelling of class analogies; SVM: support vector machine; UHPLC:

ultrahigh performance liquid chromatography.

triticale from South America, and mixed cereal-pseudocereal flours.
Additional sample sets included food products that employ flour as a
main ingredient, such as commercial and self-baked breads, breakfast
cereals, and muesli; typical products that are usually combined with
flour in bakery (e.g., oilseeds and nuts), and instant rice flours subjected
to controlled rancidity treatments. Overall, the wide diversity of samples
investigated through targeted analyses highlights the ability of separa-
tion techniques to capture the complexity of flour-based systems,
extending their applicability beyond flours themselves to encompass
both the direct flour authentication in raw materials and the authenti-
cation of flour employed in processed food products.

To address this variety of matrices, LC coupled with different de-
tectors — such as HPLC-UV (Sabir et al., 2017; Ziegler et al., 2015),
LC-MS/MS (Bonick et al., 2017; Colgrave et al., 2016) — and capillary
electrophoresis (Gotti et al., 2018) was applied to quantify selected
phenolics, alkylresorcinols, and peptide markers. Gas-based approaches,
also coupled with different detectors depending on the targeted com-
pound, including GC-FID (Ferreira et al., 2022; Pastor, Zorlu, et al.,
2022), GC-MS (Acanski et al., 2015; Bodroza-Solarov et al., 2021;
Pastor, Acanski, Vuji¢, & Koji¢, 2019; Pastor et al., 2020; Zareef et al.,
2025), and SPME-GC-MS for volatile profiling (De Flaviis et al., 2021;
Maestro-Gaitan et al., 2025; Wadood et al., 2020; Zheng et al., 2023),
enabled targeted detection of fatty acids and specific volatile organic
compounds. Across these targeted studies, the most recurrent analytical
challenges involved varietal origin and cultivar discrimination (Gotti
et al., 2018; Wadood et al., 2020; Zareef et al., 2025; Ziegler et al.,
2015), authentication of mixed or processed cereal products (Bonick
et al., 2017; Colgrave et al., 2016; Maestro-Gaitan et al., 2025; Pastor,
Zorlu, et al., 2022), differentiation according to geographical origin or
agronomic practices (Bodroza-Solarov et al., 2021; Ferreira et al., 2022;
Wadood et al., 2020), and the assessment of processing-related changes
such as rancidity or baking effects (Acanski et al., 2015; Zheng et al.,
2023).

In the case of non-targeted approaches (Table 2), a wide range of
cereals, origins, and processing conditions were also considered. Most
works analyze diverse wheat matrices, including varieties (common,
durum, spelt, ancient Triticum species), landraces, wholegrain and
refined flours, breads, and blends, often collected across multiple re-
gions, production systems, and harvest years. Other works extend to
corn, barley, rye, oats, triticale, buckwheat, quinoa, amaranth, and
maca, capturing both botanical diversity and technological variability
such as drying or milling processes. Together, these works are based on a
broad set of chromatographic approaches. Protein-based fingerprints
were generated using HPLC-UV in (Berky et al., 2016; Koenig et al.,
2015; Unuvar et al., 2025), enabling the characterization of gliadin
and glutenin patterns, which are particularly informative for dis-
tinguishing wheat varieties. Untargeted metabolomic and phenolic

profiling was achieved using LC-MS, LC-HRMS, or UHPLC-MS in
(Cavanna et al., 2020; da Silva Lima et al., 2023; de Carvalho Rodrigues
et al., 2022; Jin et al., 2021; Nichani et al., 2023; Righetti et al., 2018;
Stark et al., 2020; Weesepoel et al., 2016), providing high-resolution
chemical signatures capable of revealing differences linked to geogra-
phy, production system, genotype, or processing. UHPLC-MS perfor-
mance was expanded through the fuzzy chromatography mass
spectrometry (FCMS) approaches used in (Geng et al., 2016; Geng,
Harnly, & Chen, 2015; Geng, Zhang, et al., 2015), which are based on
very fast class-level separations on short columns to reduce
ion-suppression effects and support high-throughput data acquisition.
This approach provided rapid untargeted lipidomic fingerprints effec-
tive for distinguishing wholegrain and refined flours, detecting adul-
teration levels, and evaluating technological effects, including the
baking process examined in (Geng et al., 2016). Beyond these LC ap-
plications, a complementary set of works employed GC-MS to generate
untargeted metabolic fingerprints that also enabled the authentication
of cereals and their processed flours. Two works focused on
whole-wheat flours from Tunisian landraces demonstrated the suit-
ability of GC-MS lipid signatures for verifying authenticity and identi-
fying cultivar-specific markers (Lamine et al., 2022, 2023). Broader
comparative studies extended this approach to cereals and pseudocer-
eals with different botanical origin, including wheat, barley, rye, triti-
cale, oats, corn, buckwheat, and amaranth, using either lipid-based
fingerprints (Pastor, Acanski, Vuji¢, Jovanovi¢, & Wienkoop, 2016;
Pastor et al., 2018; Pastor, Ili¢, et al., 2022) or sugar-based binary
matrices (Pastor, Acanski, Vuji¢, Bekavac, et al., 2016) to classify flours
according to botanical origin and gluten content. Additional work on
buckwheat varieties showed that GC-MS can reliably differentiate Tar-
tary and common buckwheat based on characteristic metabolite pat-
terns (Y. Wu, Oliveira, et al., 2023). Complementing these approaches,
HS-MS-IMS was applied to detect quinoa flour adulteration with wheat
or rice, demonstrating that rapid headspace-based mass spectrometric
fingerprints can support authenticity assessments even without a chro-
matographic separation step, thereby offering a promising route to
substantially faster untargeted screening workflows (Yang et al., 2022).

5. Spectroscopic techniques for flour authentication

Spectroscopic methods have emerged as powerful, non-destructive
tools in the detection of food adulteration, offering rapid analysis with
minimal sample preparation. In flour authentication, these techniques
provide advantages over chromatographic methods by enabling real-
time, cost-effective screening across diverse matrices (He & Zeng, 2025).

The principle of spectroscopic authentication is based on the inter-
action of electromagnetic radiation with molecular bonds. Variations in
composition due to botanical origin, processing, or adulteration result in
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measurable spectral differences (He & Zeng, 2025). These spectral fin-
gerprints can be analyzed using chemometric and machine learning
techniques to classify samples or detect adulterants (Cozzolino, 2023).

Recent advances in instrumentation and modeling have expanded
their applicability. Near-Infrared (NIR) and Mid-Infrared (mid-IR)
spectroscopy remain the most widely used due to their high throughput
and ability to capture compositional information. Hyperspectral Imag-
ing (HSI) adds spatial resolution, while fluorescence and Raman spec-
troscopy provide complementary molecular insights. In addition to the
infrared region, the visible region (approximately 400-780 nm) has also
been explored for flour authentication, particularly when combined
with NIR in Vis-NIR systems. Visible wavelengths are sensitive to color-
related attributes and pigments such as carotenoids, anthocyanins, and
chlorophyll derivatives, which may vary according to botanical origin,
processing conditions, and adulteration (He & Zeng, 2025; Masithoh
et al., 2023). Table 3 summarizes recent applications (2020-2025).

5.1. Visible and Near-Infrared Spectroscopy (Vis-NIR/NIR)

Near-Infrared Spectroscopy (NIR), often used together with the
visible region in Vis-NIR instruments, is one of the most widely adopted
vibrational spectroscopy techniques for food authentication and quality
control. The term NIR spectroscopy encompasses a broad wavelength
range (approximately 780-2500 nm), and different studies may employ
different subregions depending on the application and instrumentation.
Spectral ranges including visible wavelengths (Vis-NIR, ~400-1000 nm)
are particularly sensitive to color and pigment-related attributes,
whereas longer wavelengths (1000-2500 nm) provide information
related primarily to overtone and combination bands of O-H, C-H, and
N-H groups associated with moisture, carbohydrates, proteins, and
lipids (He & Zeng, 2025; Masithoh et al., 2023).

It is particularly suitable for powdered samples like flour due to its
rapid, non-destructive nature and minimal preparation requirements.
Additionally, NIR instruments are available in portable, handheld, and
benchtop configurations, making them highly versatile for both labo-
ratory and field-based authentication tasks. NIR spectroscopy captures
overtone and combination bands of molecular vibrations, resulting in
broader and more overlapping spectral features than those typically
observed in mid-IR spectroscopy, particularly Fourier transform infrared
(FTIR) spectroscopy, which is the most commonly used mid-IR tech-
nique (He & Zeng, 2025; Masithoh et al., 2023).

NIR has been widely applied for detecting adulteration in gluten-free
and cereal flours. In a recent study, NIR was used to detect and quantify
the adulteration of chickpea flour with grass pea and pea flour (Bala
et al., 2023). A benchtop NIR spectrometer (800-2500 nm) was used
to acquire reflectance spectra of binary mixtures at different levels of
adulteration (1-90%). Partial least squares (PLS) models showed
excellent predictive performance, and the study demonstrated that even
low levels of legume flour adulteration (limit of quantification: 1%, limit
of detection: 2%) for chickpea flour could be reliably detected using NIR
spectroscopy. The successful detection of adulteration is likely related to
differences in the protein, starch, and fiber composition of chickpea,
pea, and grass pea flours, which influence NIR absorption bands asso-
ciated with O-H, N-H, and C-H functional groups.

The utility of NIR also extends to the authentication of varietal and
geographical origin, and NIR spectroscopy (900-1700 nm) was used to
verify the presence of local wheat cultivars in flour used for PGI-certified
Galician bread (Espana-Farinas, Cazon, et al., 2025). The researchers
analyzed 160 flour blends with varying proportions (0-100%) of local
and commercial flours. Chemometric analysis with PLSR and pre-
processing combinations resulted in models having a robust ability to
predict local cultivar content. Cultivar-specific differences in protein
composition, starch structure, and minor constituents generate subtle
but reproducible spectral variations that can be captured by chemo-
metric models.

This spectroscopic technique has been employed to detect
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differences in production systems, such as distinguishing organic from
conventionally produced or adulterated flours. Visible-Near Infrared
(Vis-NIR) spectroscopy in the 350-1000 nm range was used to authen-
ticate organic soybean flour and detect its adulteration (Masithoh et al.,
2023). The discrimination was attributed to differences in the chemical
composition of organic and conventionally produced soybeans, partic-
ularly variations in protein, lipid, moisture, and pigment contents
arising from distinct cultivation practices. These compositional differ-
ences affect absorption features in both the visible and near-infrared
regions, generating characteristic spectral patterns that can be exploi-
ted by chemometric models. Spectral data from organic, non-organic,
and adulterated organic soybean flours were analyzed using a combi-
nation of Principal Component Analysis (PCA), PLSR, and Discriminant
Analysis (DA). The LDA model achieved 100% classification accuracy in
distinguishing organic from non-organic soybean flour, and 98.5% ac-
curacy for identifying adulterated organic flour. In addition, PLSR
models yielded R? values exceeding 95%, indicating strong quantitative
performance. These results demonstrate the potential of Vis-NIR spec-
troscopy coupled with chemometric tools for reliable authentication of
production claims, a critical application in high-value food commodities
subject to organic labeling standards.

NIR spectroscopy stands out as a powerful and flexible tool for flour
authentication due to its broad spectral range, rapid and non-destructive
nature, compatibility with portable and benchtop systems, and effective
pairing with machine learning and chemometrics. These applications
demonstrate that NIR discrimination is generally based on composi-
tional differences affecting the abundance and molecular environment
of major flour constituents such as starch, proteins, lipids, moisture, and
pigments. Such variations alter the intensity and shape of characteristic
absorption bands, allowing chemometric models to distinguish between
adulterated and authentic samples, different cultivars, geographical
origins, or production systems (Table 3).

5.2. Mid-Infrared Spectroscopy(Mid-IR/FTIR)

Mid-Infrared Spectroscopy is a rapid and non-destructive analytical
technique that has proven effective in detecting adulteration in flour and
flour-like products. Operating in the mid-infrared region between 4000
and 400cm™!, FTIR is the most widely used Mid-IR technique and
measures the fundamental vibrational modes of molecular bonds such as
C-H, N-H, O-H, and C=O0. The resulting spectrum serves as a molecular
fingerprint of the sample, revealing detailed information about its
chemical composition (He & Zeng, 2025). One of the key strengths of
FTIR lies in its ability to investigate the “fingerprint region” (approxi-
mately 1500-600 cm™!), where complex overlapping bands provide
rich, discriminative information about carbohydrates, proteins, lipids,
and other components commonly present in flour-based materials.

A dominant theme in recent studies is the adulteration with flours of
different botanical origin, where lower-cost flours such as maize or soy
are mixed into premium flours like wheat, pulse, or insect-based flours,
and spectroscopic techniques have been commonly used in the detection
of this type of adulteration. This form of economically motivated adul-
teration is particularly relevant in the context of alternative proteins. For
example, Arslan et al. (Arslan et al., 2020) investigated the adulteration
of wheat flour with cheaper barley flour using FT-IR spectroscopy
combined with chemometric techniques. A comprehensive dataset
consisting of 20 pure cereal flours and 120 flour blends (1-50% adul-
teration levels) was analyzed across the mid-infrared region. Due to the
high similarity of raw spectra among cereal flours, advanced multivar-
iate approaches, including PCA, LDA, HCA, SIMCA, and PLSR, were
applied to enhance discrimination. The study demonstrated that SIMCA
could detect barley adulteration at levels below 1%, while LDA achieved
a classification accuracy of 98.25%. Quantitative analysis using PLSR
yielded excellent linearity with low prediction errors, enabling detection
limits as low as ~0.3%. The fingerprint region, along with protein and
lipid-associated bands, played a critical role in differentiating flour



Table 3

Summary of research (2020-2025) involving authentication and adulteration of flours with spectroscopic analysis (n = sample size).
Authenticated Adulterant Spectroscopic method = Multivariate method  Preprocessing method  Statistical measure =~ Major finding Reference
Rice flour Two different rice types NIR (833-2500 nm) PCA, PLS-DA, SVM MSC, 1stand 2nd R?, SEN, SPC In the authentication of rice flours, PLS-DA and SVM were

Einkorn ancient
wheat flour

Peruvian Maca
n=9)

Durum wheat flour
(n=119)

Wheat flour (n=1
pure and n=4
with additives)

Quinoa flour (n =4)

Chickpea flour

(n=12)

Tartary buckwheat
flour

Organic soybean
flour (n=4)

Almond flour
(n=54)

Quinoa flour

Durum wheat flour
and semolina
(n=10)

Flours of high-priced
rice (n=2)

Oat flour (n=81)

over three harvest years
(n=167)

Wheat flour (5-95%),

n =46, Bread samples,
n =46 with 2 replicates
Rice flour and rice bran
(25-50-75%) (n =27x2)
Discrimination from
common wheat flour
(n=120)

Cassava starch (n = 3) (1-
30%) (n =200 mixtures
with pure; n =141 with
commercial wheat flour
containing additive)
Adulteration with wheat
flour (0-51%) n =54

Grass pea flour and Pea
flour (1-90%) (n =320
binary)

Common buckwheat flour
(0-100%) (n = 1800)

Non-organic soybean flour
(n=2) (5-25%) (n =600
mixtures)

Oat, cassava, peanut flours,
and a mixture of cheap
flours (1-40%) (n=124)

Flours of wheat, sesame,
peanut (0-98%) n =150

Common wheat flour and
farina (n = 10) (0-100%)
(n =26 blended)

Flours of low-price rice
(n=4) (0-100%) (n =960
binary)

Wheat, farro, barley, rye
flours (n =22 each) (1-
50%) (n = 324 binary)

NIR (1000-2500 nm)
and Computer-Based
Image (CBI)

NIR (900-1700 nm)

NIR (900-1700 nm),
ATR-FTIR (4000-
400cm ™),

Raman (200-

2000 cm 1), SFS
(300-500 nm)

NIR reflectance
(1000-2500 nm), NIR
DRIFT (1100-

2500 nm)

Portable NIR (900-
1700 nm)

NIR (400-2498 nm)

NIR (900-1700 nm)

Portable NIR (350-
1000 nm)

Benchtop FT-NIR and
3 portable NIR
(microNIR (900-
1700 nm), nanoNIR
(950-1650 nm), and
neospectraFT-NIR)
(1300-2500 nm)

NIR (867-2500 nm)

NIR (900-

1650 nm), ATR-

FTIR (4000-

400 cm™ 1), SFS (300-
500 nm)

NIR (900-1700 nm)

NIR (833-2857 nm)

PLSR

PLS-DA

PCA, PLS-DA

PLSR, DD-SIMCA

PCA, UMAP, PLSR

PCA, PCR, PLSR

PLSR, SVR

PCA, LDA, PLS-DA,
PLSR

SIMCA, DD-SIMCA,
OC-PLSR

PLSR

PLSR

PLSR, SVR, BPNN
With feature
selection

PCA, SIMCA, OPLS-
DA, PLSR

derivatives of SG

Mean centering MSC
and SG-1st der

MSC, SNV, 2nd der

Mean centering,
normalization,
baseline correction

SNV, MSC, SG

Derivatives, MSC, and
standard normal
variate (SNV)

SNV with detrending,
1st derivative

SNV, MSC, MMN, SG

SG-1st derivative

Mean centering, SNV,
SG 1st derivative

SG-2nd derivative

smoothing,
detrending, mean
centering, autoscale,
baseline, derivative,
normalize, SNV

SNV, MSC, MMN, SG,

MSC, WMSC

R?, squared error
for calibration and
prediction, RPD
SEN, SPC

RMSE, SEN, SPC

R?, RMSE, RPD,
REP, SEN, SPC

R?, RMSE, RPD,
RER

SEC, SEP, LOD,
LOQ, RPD

R?, RMSE

ACC, Reliability

R?, RMSE, SEN,
SPC, ACC

R?, RMSE, RPD,
RER

R?, RMSE, LOD,
LOQ

R?, RMSE, RPD

R?, RMSE, ACC,
efficiency

found to be effective and comparable methods. SVM produced
slightly more robust results with MSC +1st derivative.

Wheat flour content, both in flour mixtures and bread, was
estimated with R2, RPD; yet again, a high number of samples
were needed for robust outcomes.

Use of replicated samples in models caused unity SEN and SPC
(less variation, overfitting).

SFS has the best discriminant capability. Raman as the less
sensitive compared to NIR and FTIR.

Pure flours were correctly discriminated from cassava starch
mixtures. However, there were slightly lower SEN and SPC
values in the case of wheat flour with additives.

Functional wavelength selection with VIP increased prediction
performance.

PLSR produced results with high RPD values > 16, showing
high prediction even at low adulteration levels.

PLSR with SG-1st

derivative produced predictions with high accuracy.

SVR used the advantage of

SNV preprocessing and the wavelength selection method CARS
for predictions with an R? of 99%.

Models for the organic vs non-organic discrimination, as well as
pure vs. adulterated soybean differentiation, were established
with similar success.

OC-PLS and DD-SIMCA were proven to be effective strategies
with external validation sets to detect fraud samples, yielding
100% SEN, SPC greater than 95% for adulterant content > 5%.

Determination of content of flours containing allergens in
gluten-free flour: PLSR model performance improved with
functional wavelength selection (9 bands).

Adulteration in durum wheat and pasta: PLSR with ATR-FTIR
data produced the best results; the next best results were with
NIR. Predictions with SFS were found to be less successful.

BPNN with spectral data with selected features produced the
best predictions, followed by SVR models.

Supervised classification with SIMCA and OPLS-DA produced
sensitivity >97%. The LOQ with PLSR, depending on the
adulterant, changed between 3.2 and 4.1%.

Sampaio et al.
(2020)

Ayvaz et al.
(2021)

Rodrigues et al.
(2021)

Unuvar et al.
(2021)

de Almeida
Duarte et al.
(2022)

Wang et al.
(2022)

Bala et al. (2023)

Chai et al. (2023)

Masithoh et al.
(2023)

Netto et al.
(2023)

Q. Wu, Oliveira,
et al. (2023)

Unuvar et al.
(2023)

Chen et al.
(2024)

Mahgoub et al.
(2024)

(continued on next page)
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Table 3 (continued)

Authenticated Adulterant Spectroscopic method ~ Multivariate method  Preprocessing method  Statistical measure =~ Major finding Reference
Yellow, black, red Maize flour, soybean flour Portable NIR (900- PCA, HCA, LDA, SG SEN, SPC, The detection of soybean flour was found to be easier than that Zaukuu, Adams,
maca (0-50%) n = 36 with 3 1700 nm) SIMCA, PLSR Precision of maize flour. The model performances in the case of a single et al. (2024)
replications authentic maca were higher as opposed to models containing
multiple types of maca and adulterants.
Different wheat Mixtures of flours of local NIR (900-1700 nm) PCA, PLSR SNV, MSC, SG R?, RMSE, RPD The best results were obtained with PLSR of MSC preprocessed Espana-Farinas

flours used in
Galician bread
(from a protected
geographical
indication region)
(n=10)

Wheat flour

Tartary buckwheat
flour (n =30)

Banana flour
(n=15)

Mealworm (n = 23),
buffalo worm
larvae (n = 28),
cricket (n = 28)
flours

Green banana flour
(n=23)

Brown rice flour

Wheat flour

Snacks enriched with
two insect powders
(n =3 for each)

Cricket and buffalo
worm flours

Coconut testa flour
n=6)

Wheat flour (n = 25)

Quinoa flour (n = 6)

wheat cultivars with
commercial wheat flours
(10-90%) (n=160)

Peanut flour contamination
(0-10%) (n=700)

Flours of wheat, oat,
soybean, barley, sorghum
(0-25%) (n =900)

Oat, wheat, and corn flours
(10-100%) (n = 345)

Wheat (n = 2), soybean
(n =4), and maize flours
(0-50%) (n=301)

Wheat flour (10-90%)
(n=33)

White rice flour 0-25%
(n =300 with repeat)

Barley, oat, rye, (0-50%)
(n=140)

Snacks with chickpea and
insect flours (10-30%)
(n=3x7=21)

Whole grain flours (2-80%)
n=60

Wheat flour (n=6) (10-
75%) (n = 40 mixtures)

Sodium dithionite NayS,04
(n=25) (10-25%) (n =100
binary)

Maize and soybean flours
(6-50%) (binary n=102)
(ternary n=132) 3
replicates

Portable NIR with
digital light
processing (DLP) 900-
1700 nm

NIR (900-1700 nm)

NIR (1100-2500 nm)

NIR (900-1700 nm),
FTIR (4000-

550 cm 1), portable
NIR

Vis-NIR (400-
2500 nm)
Portable Vis-NIR
(360-2400 nm)

FTIR (4000-
450cm™Y)

Portable FTIR-ATR
(4000-800 cm™ 1)

ATR-FTIR (4500-
500 cm™ 1)

FTIR (4000-
500 cm™1)

FTIR (4000-
400cm™1)

Front-face SFS (250-
500 nm)

PCA, LDA, PLSR, K-
nearest, ML-
regression, SVM,
ANN regression
PLS-DA, SVM

DD-SIMCA, SIMCA,
LDA, PLSR

PCA, DD-SIMCA,
sPLS-DA, PLSR

PCA, PLSR

PCR, PLSR

PCA, LDA, HCA,
SIMCA, PLSR

SIMCA, PLSR

PCA, OPLS-DA,
SIMCA

PCA, linear
regression, and
PLSR for
composition
prediction

PCA, SVMA, LDA

PCA, LDA, PLSR

Normalization (less
skewed, more
symmetric data)

Mean scaling (MC),
SNV, MSC, MMN, SG,

and derivatives
SNV

SNV, SG

Mean centering for

PCA, Detrending, SG
SNV, SG, MSC

SG, SNV

SG, MSC, 2nd
derivative

SNV, derivatives

SNV, MSC,
detrending

SNV, MSC,
derivatives

R?, RMSE, MAE,
CV, Precision,
SEN, SPC, ACC
ACC

RMSE, LOQ, SEN,

SPC, ACC

SEN, SPC,
efficiency

R?, RMSE, RPD

R?, RMSE

R?, RMSE

R?, RMSE

SEN, SPC,
efficiency

R?, RMSE

SEN, SPC, correct
classification rate

R?, RMSE, RPD,
LOD

data: R?=96% and RPD = 5.3.

Ensemble learning systems enhanced the classification and
regression model outputs. Use of portable NIR was proven to
produce reliable data, but future studies are needed to evaluate
the results under in-field conditions.

CARS (variable selection method) increased the accuracy of
both PLS-DA and SVM discriminations.

A three-step hierarchical model was proposed: step 1: PLS-DA
pure/adulterated; step 2: type of adulterant; step 3:
quantitative determination.

DD-SIMCA (especially with FTIR) and NIR performed strongly,
sPLS-DA showed robust classification, and PLSR accurately
predicted vegetable flour content.

It was shown that resistant starch content in the flour mixtures
could be estimated by NIR spectral data.

PCR and PLSR predictions were found to be similar, with PLSR
slightly better. Wavelengths related to carotenoids and OH
bonds affected the performance of models.

Spectral regions related to protein, fat, carbohydrate, minerals,
and water were selected; used in SIMCA and PLSR; Correct
classification rate: 98%; limit of detection for barley: 1%.
Dough samples and 3D-printed snacks containing insect
powders could be differentiated based on composition, with
significant differences observed in lipid and protein regions of
the spectra.

Buffalo worm flour authentication was found to be more
complex due to the similarity to whole wheat flour, affecting
the accuracy of classification models. SIMCA models for both
flours produced better models with 90% correct classification
rate.

Clear separation of flour samples with a total variance of 97%.

In the detection of a harmful material, it was shown that SVM
showed better performance than LDA.

SFS has the potential to discriminate between binary and
ternary adulterated samples due to the distinct flavonoid
content of quinoa.

et al. (2025)

Peddareddigari
et al. (2025)

Yu et al. (2025)

Oliveira et al.
(2026)

Cruz-Tirado et al.

(2026)

Ndlovu et al.
(2021)
Rahmawati et al.
(2023)

Arslan et al.
(2020)

Garcia-Gutiérrez

et al. (2021)

Foschi et al.
(2022)

Gunarathne et al.
(2022)

Kazemi et al.
(2023)

Xue et al. (2021)

(continued on next page)
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Table 3 (continued)

Authenticated Adulterant Spectroscopic method =~ Multivariate method  Preprocessing method  Statistical measure =~ Major finding Reference

Maize, sorghum, Discrimination of flour Front face SFS PLSR normalization, SNV, R?, RMSE, RPD Quaternary predictions were found to be lower than those of Xue and Tan
wheat, and barley mixtures: (5-95%) (nMid- (hex = 250-500 nm & MSC binary. High resemblance between wheat and barley makes the (2022)
flours (n=12) IR = 296 binary; n =144 240-400 nm) model's performance low. Reproducibility and repeatability of

Wheat flour

Wheat flour

Brley, rye, spelt,
wheat flours

Whole wheat, refined
wheat, rye, oat
flours, and bran
(n=27)

Durum wheat flour
and semolina
(n=119)

Wheat flour (n = 30)

quaternary)

Talcum powder and
benzoyl peroxide (0.02-
5%) (n=93)

Peanut flour (0.02-20%)

(n =400 as simulated data)

Discrimination of flours
(n=215)

Binary mixtures including
bran (0-95%) (n = 20 for
each mixture)

Common wheat flour
(n=120); (0-100%) farina
in pasta formulation

(n = 28 blended for pasta)

Benzoyl peroxide (n=30)
(0.15-30%) (n = 660)

NIR-HSI (900-
1700 nm)

NIR-HSI (900-
2500 nm)

Raman (1750-
450cm™)
LIBS (188-900 nm)

LIBS (188-900 nm)

Terahertz time-
domain spectroscopy
(far-infrared region)
(0.1-6 THz)

Comparison of
binary image data

Matched subspace
detector algorithm,
PCA

PCA, PLS-DA,

SIMCA
PCA, PLSR

PLS-DA, PLSR

PCA, PLSR, SVM,
BPNN, RF

Mean centering, 1st
derivative

SG, SNV

Mean centering and
SG
Normalization

Mean centering and
1st derivative

SG, Identifying
critical feature
selection

Spectral
correlation
measurement
Detection rate as
the correct
number of pixels
for adulterant
R%, RMSE

RMSE, RSD, REP,
LOD, LOQ

R?, RMSE, SEN,
SPC, efficiency,
LOD, LOQ

R?, RMSE

intra-day and inter-day were found to be high, which could
interfere with the predictability.

The proposed method, based on the comparison of images, was
found successful in the detection of adulterants in binary and
ternary mixtures.

Detection limit of 0.2% peanut flour.

PLS-DA proved to be the best model in the discrimination of
different cereal flours.

LIBS was found to be effective and practical for detecting and
quantifying adulterants, based on the fact that mixtures of flour
samples cause changes in elemental composition.

Discrimination between durum and common wheat blends,
both in flour and pasta, based on their elemental contents:
Mixtures of durum and common wheat flour, as well as
semolina and farina in pasta formulation. Similar statistical
measures were determined in the prediction of contents.
Feature selection improves predictions by linear models (PLSR)
and nonlinear models (SVM, NN, RF), leading to higher
performances by nonlinear models. The minimum detection
level was found to be > 4%.

Fu et al. (2020)

Laborde et al.
(2020)

Kniese et al.
(2021)
Akin et al. (2020)

Sezer et al.
(2022)

Xu et al. (2025)

ACC: accuracy; ANN: artificial neural network; BPNN: back propagation neural network; DA: discriminant analysis; DD: data driven; FTIR: Fourier transform infrared; HCA: hierarchical cluster analysis; HSI: hyperspectral
imaging; KNN: k-nearest neighbors; LDA: linear discriminant analysis; LIBS: Laser induced breakdown spectroscopy; LOD: limit of detection; LOQ: Limit of quantification; MSC: Multiplicative scatter correction; NIR: near
infrared; OC-PLSR: one class PLSR; OPLS: orthogonal projection to latent structures; PCA: principal component analysis; PCR: principal component regression; PLSR: partial least squares regression; R% Coefficient of
determination (used for both calibration and validation); REP: Relative error of prediction; RER: range error ratio; RF: random forest; RMSE: root mean squared error (used for both calibration and validation); RPD:
Residual predictive deviation; SEN: sensitivity; SFS: synchronous fluorescence spectroscopy; SG: Savitzky-Golay filter; SIMCA: soft independent modelling of class analogies; SNV: Standard normal variate; SPC: specificity;
SVM: support vector machine; SVR: support vector regression; UMAP: uniform manifold approximation and projection.
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types. This study highlights the sensitivity of FT-IR spectroscopy for
detecting even low levels of cereal adulteration and shows its applica-
bility in routine quality control of staple flours.

In another study, FTIR spectroscopy was applied to detect and
quantify insect flour (buffalo worm, cricket, and mealworm) with
common flours such as soybean, wheat, and maize (Cruz-Tirado et al.,
2026). Samples were prepared with varying concentrations of insect
flour, ranging from O to 50%. Spectral data were collected over the full
mid-infrared range. The study developed classification models using
DD-SIMCA and soft-Partial Least Squares Discriminant Analysis
(PLS-DA). Results of this work highlight not only the effectiveness of
FTIR spectroscopy in detecting adulterants of different botanical origin
in novel protein-rich matrices but also the growing need for rapid
authentication tools in the emerging edible insect sector. The fingerprint
region again played an important role in distinguishing the flour types,
with amide, carbohydrate, and lipid-related signals from the insect
flours providing the primary discriminatory features.

Besides others, these two studies exemplify the versatility and power
of FTIR spectroscopy for flour authentication across different matrices
and adulteration scenarios. The strength of this technique lies in its
ability to provide rapid, green, and non-destructive analysis of flours,
while chemometric and machine learning modeling enhances its speci-
ficity and sensitivity. The success of FTIR-based models in detecting
even subtle compositional differences further supports its use as a
complementary or standalone technique in the development of field-
deployable authentication platforms.

5.3. Hyperspectral imaging (HSD

Hyperspectral imaging combines spectroscopy and digital imaging
by acquiring a complete spectrum for every pixel in an image. Unlike
conventional spectroscopy, which generates a single average spectrum
from a sample, HSI provides both spectral and spatial information,
enabling the visualization of chemical heterogeneity and the localiza-
tion of adulterants within a sample (He & Zeng, 2025). Depending on the
application, HSI systems typically operate in the Vis-NIR (400-1000 nm)
or short-wave infrared (SWIR, 1000-2500 nm) regions. Vis-NIR systems
are particularly sensitive to color and surface characteristics, whereas
SWIR systems provide more detailed chemical information related to
proteins, lipids, carbohydrates, and moisture (He & Zeng, 2025). This
dual capability makes HSI particularly suitable for assessing heteroge-
neous and multi-component samples, including complex powdered food
matrices such as flour and protein blends. Chemometric and machine
learning modeling are essential for extracting meaningful insights from
the large spectral datasets produced by HSI.

Recent studies highlight the potential of HSI for flour authentication
while also revealing important analytical challenges. For instance,
Laborde et al. (Laborde et al., 2020) demonstrated the capability of
NIR-HSI to detect peanut flour adulteration in wheat flour at levels as
low as 0.2% using a matched subspace detector (MSD) algorithm. This
study shows the high sensitivity of HSI for detecting trace adulterants at
the pixel level, enabled by its ability to capture localized spectral vari-
ations. Although these results demonstrate the theoretical sensitivity of
HSI, the reported detection limit of 0.2% was obtained using approaches
supported by simulated data. Therefore, the practical detection limits
achievable in real flour systems may be higher due to sample hetero-
geneity, matrix effects, and variations in mixing and particle size. This
study also illustrates key limitations inherent to powder systems,
including spectral similarity between components, high variability in
reflectance signals, and the presence of mixed pixels when particle size is
smaller than the pixel resolution. Such “subpixel” effects complicate
discrimination because each pixel may contain multiple constituents,
resulting in mixed spectral signatures rather than pure component sig-
nals. To address these issues, advanced chemometric approaches are
required, often supported by spectral simulation strategies to compen-
sate for the lack of ground-truth pixel-level data.
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Despite its advantages, HSI systems are relatively complex and
expensive compared to conventional NIR or FTIR setups. They also
generate large datasets that require significant computational power
and expertise for processing. Nonetheless, as portable and cost-effective
HSI devices become more accessible, the technique is likely to play an
increasingly important role in food fraud detection and powder
authentication.

5.4. Fluorescence spectroscopy

Fluorescence spectroscopy is a photoluminescence-based technique
that detects the emission of light from molecules after they absorb light
at a specific excitation wavelength. When certain organic compounds,
especially those with aromatic rings or conjugated double bonds, absorb
energy, they enter an excited electronic state and subsequently return to
their ground state by emitting fluorescence at a longer wavelength. The
emitted light is molecule-specific, making this technique particularly
sensitive to subtle compositional changes and the presence of
adulterants.

In food authentication, front-face synchronous fluorescence spec-
troscopy (FFSFS) is especially advantageous for solid and powdered
matrices like flours. Unlike traditional fluorescence methods, FFSFS
collects both excitation and emission data simultaneously while main-
taining a constant wavelength offset, which enhances resolution, re-
duces light scattering, and allows direct measurement of opaque samples
without extraction or dilution. This makes it a non-destructive, rapid,
and cost-effective technique. Moreover, when combined with chemo-
metric tools, FFSFS can achieve high discrimination performance even
in complex cereal systems. For example, FFSFS was used to analyze flour
mixtures of maize, sorghum, wheat, and barley, applying PLSR for
quantification (Xue & Tan, 2022). The method proved fast and reliable
for estimating blend compositions. In another study, FFSFS data com-
bined with PCA-LDA and PLSR modeling were used to evaluate the
adulteration of quinoa flour with maize and soybean flours (Xue et al.,
2021). The approach proved effective for detecting adulteration in
both binary and ternary mixtures, a capability linked to the distinct
flavonoid content characteristic of quinoa flour.

Unuvar et al. (Unuvar et al., 2021) demonstrated that synchronous
fluorescence spectroscopy (SFS) could successfully discriminate be-
tween common and durum wheat flours with 100% classification ac-
curacy, outperforming Raman spectroscopy and showing comparable or
superior performance to NIR and ATR-FTIR methods. The high sensi-
tivity and specificity of SFS were attributed to its ability to capture subtle
differences in intrinsic fluorophores related to protein and pigment
composition, highlighting its strong potential for flour authentication
applications.

These applications show that synchronous fluorescence-based tech-
niques, particularly FFSFS, provide a powerful and versatile approach
for flour authentication, enabling rapid, non-destructive, and highly
sensitive detection of adulteration across diverse cereal and pseudo-
cereal systems.

5.5. Other spectroscopic techniques

In addition to NIR, Mid-IR, and fluorescence methods, several
advanced spectroscopic techniques have been explored for flour
authentication and adulteration detection, including Raman spectros-
copy, Terahertz, and Laser-Induced Breakdown Spectroscopy (LIBS).
These methods offer complementary capabilities in terms of molecular
sensitivity, spatial resolution, and minimal sample preparation.

Raman spectroscopy, which is based on the inelastic scattering of
light, in particular, provides detailed information on molecular vibra-
tions associated with chemical bonds, making it suitable for dis-
tinguishing compositional differences in cereal flours. However, its
performance in complex food matrices can sometimes be limited by
fluorescence interference and lower sensitivity compared to other
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spectroscopic techniques (He & Zeng, 2025). For instance, Unuvar et al.
(Unuvar et al., 2021) evaluated Raman spectroscopy alongside NIR,
ATR-FTIR, and SFS for the discrimination of common and durum wheat
flours. Their results showed that while Raman spectroscopy could ach-
ieve reasonable classification performance when combined with che-
mometric methods, it was less effective compared to fluorescence
spectroscopy, which reached 100% classification accuracy. This high-
lights both the applicability of Raman spectroscopy and its relative
limitations in cereal-based systems where subtle compositional differ-
ences must be detected.

Similarly, Kniese et al. (Kniese et al., 2021) used Raman spectroscopy
for the classification of cereal flour types (barley, rye, spelt, and wheat)
through PLS-DA, showcasing its potential for species-level discrimina-
tion of flours.

Terahertz (THz) spectroscopy, which probes low-frequency molec-
ular and intermolecular interactions, operates in the frequency range
between the microwave and infrared regions (approximately
0.1-10 THz). The technique is sensitive to intermolecular interactions,
crystal structure, and molecular dynamics, making it useful for the
characterization of powdered food matrices. Recent studies have
demonstrated its potential for flour authentication and adulteration
detection when combined with chemometric analysis (Xu et al., 2025).
However, compared with NIR and mid-IR spectroscopy, applications in
flour authentication remain limited due to higher instrumentation costs
and lower industrial adoption.

Laser induced breakdown spectroscopy (LIBS) relies on atomic
emission from a micro-plasma generated on the sample surface. This
technique captures the elemental composition and has been shown to
work well for flour authenticity. LIBS was used in combination with PLS-
DA to distinguish durum wheat flour from common wheat flour and to
differentiate authentic wheat pasta samples (Sezer et al., 2022). The
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rapid, label-free nature of LIBS makes it appealing for inline or on-site
applications where flour identity and quality must be quickly confirmed.

Collectively, these techniques, Raman and LIBS, extend the analyt-
ical toolbox for flour authentication, offering targeted and untargeted
strategies depending on the type of adulterant and matrix complexity.
While not yet as widely deployed as NIR or FTIR, their non-destructive
and high-throughput potential makes them valuable for developing
robust quality control systems in the grain and food powder industries.

6. Data treatment: modeling of chromatographic and
spectroscopic data

6.1. General considerations

Fig. 2 illustrates the general workflow of modelling chromatographic
and spectroscopic data. Spectral data are highly dimensional, since they
contain a large number of absorbance, transmittance, or reflectance
values measured at a large number of wavelengths (or wavenumbers)
with small increments between them. Such wavelengths constitute the
variables. In contrast with the high number of variables (ny), there is a
relatively limited number of measured samples (ng). The same happens
for chromatograms since, for every injected sample, the detector mea-
sures a large number of values (absorbances, currents, ...) as a function
of time. The chromatograms or the spectra measured for a set of samples
can be integrated into a data matrix X with as many rows as samples and
as many columns as variables (wavelengths, retention times ...).

If the full chromatograms or the full spectra are used for data anal-
ysis, we are in the situation of continuous variables, typical of non-
targeted, fingerprinting studies (Fig. 2). On the contrary, if the spectra
or the chromatograms are used for measuring a few signals (usually
peaks in chromatography) to quantify some specific substances, we are

Application to unknown
samples

]

Model validation

Targeted Methods (profiling):
Discrete variables
(concentration of target compounds and
relevant properties)

Non-targeted Methods (fingerprinting):
Continuous variables
(GC, LC chromatograms, CE electropherograms,
UV-vis, NIR, FTIR, Raman, HSI, FS, LIBS spectra..)

(cross-validation, external)

| Pretreatment

! |

fxploratory or classification modelj

Column-Wise (max-min
normalization, mean

Row-Wise (smoothing, baseline and
scatter correction, peak alignment...)

.

Discrimination and
authentication

center, autoscalling...)

X

(pretreated) Used for:

Unsupervised: PCA, HCA
Supervised: PLS-DA, OPLS-
DA, LDA, SIMCA, KNN, SVM

Calibration model

Quantification of
components or adulterants
PLSR

1 Y

R
n, varieties to quantify

Ng samples

Fig. 2. General workflow of modelling chromatographic and spectroscopic data.
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in the situation of discrete variables, characteristic of targeted, profiling
studies (Fig. 2). The discrete variables considered can be heights or areas
of selected peaks, concentration of substances (when the signals are
compared to those of standard solutions), or instrumental parameters
such as the absorbance at a fixed wavelength. Obviously, in the case of
discrete variables, ny is quite smaller than in the continuous situation,
and it could be even lower than ng.

There has been growing interest in both chromatographic and
spectral analyses for the authentication and adulteration assessment of
all kinds of food materials, driven by environmental considerations as
well as time and labor efficiency. However, the resulting data sets
contain extensive information that must be properly extracted. Adding
to this complexity, samples from the same source can easily exhibit
variation in instrumental response due to factors such as geographical
origin, cultivar, processing effects, and instrumental variability. In
opposite cases, samples from different origins or containing low levels of
other species may display indistinguishable signals, often caused by
overlapping bands and background effects. Due to the large, collinear
data and overlapping chemical information, multivariate analyses have
become an indispensable part of the data set analysis. Consequently,
multivariate statistical and machine learning techniques are now
essential tools in studies aimed at authentication, adulteration detec-
tion, and compositional analysis of flours. Their ability to handle high-
dimensional, collinear, and noisy data enables the extraction of rele-
vant information for both classification (qualitative analysis) and
regression (quantitative prediction).

6.2. Data pretreatment

Data pretreatment is one of the most critical steps in multivariate
modeling of spectral data (Fig. 2). Raw spectra often contain unwanted
variations unrelated to chemical composition, including baseline shifts,
multiplicative scattering effects, and instrumental noise. In powdered
foods such as flours, particle size heterogeneity, packing density, and
surface roughness introduce strong light scattering effects. These effects
may cause two chemically identical samples to produce different spec-
tral profiles. The problem is further amplified in portable instruments,
where measurement conditions may vary under field environments
(Amirvaresi & Parastar, 2023; Peddareddigari et al., 2025). Something
similar happens with raw chromatograms, although the undesired ef-
fects are not exactly the same. For instance, there are no scattering ef-
fects, but there are slight variations in the retention times of the peaks.
These factors can interfere with relevant information and degrade model
robustness. Pretreatment methods aim to minimize these artifacts and
enhance chemically meaningful features.

In data sets for fingerprinting, based on continuous variables (full
chromatograms or spectra), the pretreatment implies a transformation
in the direction of rows (i.e., sample by sample, spectrum by spectrum)
(Fig. 2). Typical row-wise pretreatments involve (Tables 1-3): i) the
smoothing of the signals, usually by means of the Savitzky-Golay (SG)
filter, which fits the spectra to different polynomials in reduced variable
windows to reduce high-frequency noise while preserving spectral
shape; ii) baseline correction strategies, such as the use of first and
second derivatives (often computed with SG filters) to remove baseline
offsets and enhance resolution of overlapping bands (Masithoh et al.,
2023; Wang et al., 2022); iii) scatter correction methods such as stan-
dard normal variate (SNV) and multiplicative scatter correction (MSC),
widely used to compensate for multiplicative and additive effects,
especially in NIR data; iv) warping methods such as correlation opti-
mized warping (COW), dynamic time warping (DTW), and parametric
time warping (PTW) to align peaks in chromatograms measured in
different runs (where retention times may eventually change); v) signal
compression by discrete wavelength transform (DWT) or fast-Fourier
transform (FFT) to decrease the number of variables preserving the
spectral shape, which is especially useful to accelerate time-consuming
algorithms such as ANN; and vi) advanced approaches, such as
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orthogonal signal correction (OSC) and external parameter orthogo-
nalization (EPO), which attempt to remove structured variation unre-
lated to the analyte of interest.

In matrices for profiling, containing values of discrete variables,
pretreatment has to be carried out in the direction of columns (i.e.,
variable by variable) (Fig. 2). Usually, the main purpose of such column-
wise pretreatment is to level the contribution of the different variables to
the model, since their values can be very different in magnitude and
amplitude. The most employed correction of this type is autoscaling,
which simultaneously corrects for both magnitude and amplitude (by
subtracting the average of the column and dividing by the standard
deviation). Mean center is appropriate when only the magnitude has to
be corrected. On the contrary, the min-max normalization does not level
the importance of variables. It keeps the differences and relationships
between the values of the variables, but rescales them to a specific, fixed
range (e.g., from O to 1), which is essential for algorithms sensitive to
magnitude, such as K-nearest neighbors (KNN), artificial neural net-
works (ANN), and support vector machines (SVM). In the treatment of
data sets with continuous variables, a column-wise pretreatment can
follow a preliminary row-wise correction, in order to enhance the
contribution of the variable ranges where the most relevant signals
appear (Diaz-Cruz et al., 2019).

Appropriate selection of pre-processing methods is mostly dataset-
dependent, as can be seen in Tables 1-3, and rarely depends on the
type of modelling that will be made (for classification or for calibration).
Maybe the only exception is about compressing methods, which are
especially needed to reduce the high computational time required for
non-linear approaches such as ANN or SVM. Unfortunately, there is no
fixed recipe with respect to spectroscopic or chromatographic methods.
Over-processing can remove relevant information, while insufficient
correction may leave systematic bias in the model. Once preprocessing
has been carried out, the data set (preprocessed X matrix) is ready for
modelling (Fig. 2).

6.3. Multivariate and machine learning models

Multivariate modeling of spectral or chromatographic data generally
begins with unsupervised exploratory techniques that do not force the
assignment of any sample to a particular class. Principal component
analysis (PCA) and hierarchical cluster analysis (HCA), as unsupervised
techniques, are used to reveal the natural discrimination of samples and
to identify outliers.

PCA is the paradigm of unsupervised methods. It is based on the
linear combination of the original variables into a new set of variables
called principal components (PCs). The PCs are constructed to concen-
trate most of the data variation in the first variables and leave noise for
the last ones. In this way, a data set constructed with hundreds of var-
iables (e.g., wavelengths) can be described with maybe 3 or 4 PCs with a
minimum loss of information and a sensible reduction of noise. When
the samples are represented as a function of these new variables (scores
plot), they can be randomly distributed or grouped in reduced areas of
the plot, forming clusters. The presence of clusters is a first indication of
the presence of different types of samples. If the cluster distribution is
consistent with preliminary information (not included in the model)
about the samples, a supervised model can be further applied to refine
this initial discrimination into a real classification where the class in-
formation of the samples has been considered.

For authentication and adulteration detection (Fig. 2), supervised
classification techniques are employed to maximize separation between
predefined classes, such as authentic versus adulterated flours or flours
of different origins. Classical linear methods include linear discriminant
analysis (LDA) and partial least squares—discriminant analysis (PLS-DA),
which is particularly popular. LDA works in a similar way as PCA, but it
constructs the new compressed variables not in terms of concentrating
data variation, but in order to maximize separation between classes.
PLS-DA also works by combining original variables into compressed
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ones, called latent variables (LV), but trying to maximize the covariance
between the data matrix (X) and a second matrix which contains ‘1’ and
‘0’ numbers to indicate to which class every sample belongs. As a result,
the model provides a series of numbers for every sample whose prox-
imity to ‘0’ or ‘1’ defines membership in the class. This approach is well-
suited for collinear datasets and has demonstrated robust performance
in numerous flour studies (da Silva Lima et al., 2023; Jin et al., 2021;
Lamine et al., 2023; Masithoh et al., 2023; Sezer et al., 2022; Unuvar
et al., 2025; Vera et al., 2025; Yu et al., 2025). Class modeling strate-
gies such as SIMCA (Soft Independent Modeling of Class Analogy) and
DD-SIMCA are also frequently applied (Arslan et al., 2020; Cruz-Tirado
et al., 2026; Foschi et al., 2022; Geng et al., 2016; Geng, Harnly, & Chen,
2015; Kniese et al., 2021; Mahgoub et al., 2024; Oliveira et al., 2026),
especially when the objective is to define an authentic class and detect
deviations from it. Essentially, they are strategies derived from PCA,
where the relevant class is PCA-modelled using one or more PCs, and a
criterion similar to that of outlier detection is applied to each sample to
decide if it belongs or not to this ‘authentic class’. These approaches are
advantageous in fraud detection scenarios, where the diversity of
possible adulterants is large or unknown.

In the past five years, nonlinear machine learning methods have
gained increasing attention. SVM, ANN, random forest (RF), boosting
algorithms, and related ensemble methods have been investigated.
Among these, SVM has emerged as one of the most commonly applied
algorithms for flour discrimination studies (Lamine et al.,, 2023;
Masithoh et al., 2023; Peddareddigari et al., 2025; Wang et al., 2022).
Nonlinear models are theoretically capable of capturing complex re-
lationships between spectral features and class membership. However,
their superiority over well-optimized linear methods is not universal
(they frequently suffer from overfitting), and yet more research is
needed.

In quantitative applications (Fig. 2), regression models are developed
to predict adulterant concentration or chemical composition from
spectral data. Principal component regression (PCR) was one of the
earlier approaches used in spectroscopic modeling. PCR first performs
PCA on the data matrix (X) containing spectra or chromatograms and
then applies multiple linear regression between the scores of X and a
matrix Y containing the concentration of relevant species (chemical
substances, flour varieties, adulterants ...). Although PCR can reduce
collinearity, it does not consider the matrix Y in model development.
Consequently, it is often outperformed by PLSR, which remains the most
widely used linear regression technique in flour authentication (Akin
et al., 2020; Ayvaz et al., 2021; de Almeida Duarte et al., 2022; Geng,
Zhang, et al., 2015; Oliveira et al., 2026; Unuvar et al., 2025; Xue
et al., 2021; Zaukuu, Adams, et al., 2024). PLSR constructs latent vari-
ables that maximize covariance between the X and Y matrices,
enhancing predictive capability with a lower number of latent variables.
There are recent studies that have demonstrated strong performance of
PLSR for estimating levels of wheat flour in alternative flours, starch
adulteration, allergenic contaminants, and chemical constituents such
as protein and carbohydrate (Bala et al., 2023; Rahmawati et al., 2023;
Q. Wu, Oliveira, et al., 2023). Nonlinear regression methods, including
support vector regression (SVR), random forest regression,
back-propagation neural networks (BPNN), convolutional neural net-
works (CNN), and kernel-based approaches such as K-ELM, have also
been explored. In some studies, neural network models produced
slightly higher coefficients of determination (R?) and lower root mean
square errors (RMSE) compared to PLSR (Chen et al., 2024; Xu et al.,
2025). In other cases, linear PLSR performed comparably or slightly
better than nonlinear approaches (Chai et al., 2023; Peddareddigari
et al., 2025). These findings suggest that increased model complexity
does not automatically guarantee improved prediction, and that careful
validation is critical.
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6.4. Model evaluation and validation

Reliable assessment of model performance is a crucial step in spectral
data modeling (Fig. 2). For regression models, commonly reported
metrics include R? (where values close to 1 indicate better model fit) and
RMSE(where lower values indicate improved predictive accuracy) for
calibration and prediction. RMSE parameters can be understood as the
multivariate version of standard deviation in univariate statistics. These
metrics should be calculated separately for calibration and validation
datasets to evaluate the generalization ability.

Validation strategies include internal cross-validation (e.g., leave-
one-out or k-fold) and external validation using independent test sets.
While cross-validation provides useful preliminary information (essen-
tially on the self-consistency of the model), external validation is
essential to avoid optimistic bias, particularly in small datasets or
studies involving replicated measurements.

Additional regression performance indicators include the ratio of
performance to deviation (RPD), range error ratio (RER), limit of
detection (LOD), and limit of quantification (LOQ) (Ezenarro &
Schorn-Garcia, 2025). Although RPD and RER are frequently reported,
their interpretation depends on the concentration range and variability
of the dataset, and they should not be considered in isolation from RMSE
and validation design.

For classification models, performance is typically evaluated using
confusion matrices and derived metrics such as sensitivity (SEN, true
positive rate), specificity (SPC, true negative rate), accuracy (ACQC),
correct classification rate (CCR), and efficiency, where higher values
generally reflect improved classification performance.

7. Limitations

Flour authentication is crucial for ensuring food safety, quality, and
compliance with labelling regulations in a context of rising food fraud.
Both chromatographic and spectroscopic techniques have shown strong
potential for this purpose, particularly for verifying geographic origin,
botanical and varietal varieties, and detecting adulterants. Chromato-
graphic approaches offer high sensitivity, targeted analysis, and the
ability to quantify trace-level compounds with excellent selectivity
(Unuvar et al., 2025), whereas spectroscopic methods provide rapid,
non-destructive measurements, minimal sample preparation, and suit-
ability for high-throughput screening (Espana-Farinas et al., 2026).
Despite these strengths, several important limitations still constrain
their broader implementation in real-world authentication scenarios
(Fig. 3) (Oluwakayode et al., 2026). One of the most complex challenges
is the detection of adulterants in finely milled flours, where fraudulent
additions such as chalk powder, sawdust, or low-cost flour types can be
incorporated at very low concentrations and become analytically
masked by the intrinsic heterogeneity of the matrix. This difficulty is
further compounded by the substantial environmental variability
inherent to raw agricultural materials, as factors such as crop year, soil
composition, climatic conditions, and storage practices introduce sig-
nificant natural fluctuations in the chemical and spectral profiles of
cereals, thereby reducing the transferability and long-term stability of
authentication models. Additionally, the growing prevalence of food
allergies and intolerances demands increasingly sensitive, selective, and
reliable analytical methods capable of detecting allergens or
cross-contaminants at the low concentrations relevant for food safety,
thereby imposing increasingly stringent requirements on analytical
performance. All these difficulties are further aggravated by the
increasing use of blended flours, which are formulated to enhance
nutritional value, functional properties, or texture, and create more
complex matrices that challenge both chromatographic and spectro-
scopic approaches. The prevalence of these blended flours will require
not only flour authentication methods, but also quantitative approaches
able to determine the relative amount of each flour type composing the
mixture.
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Fig. 3. Overview of current limitations and future directions in flour authentication using chromatographic and spectroscopic techniques.

For chromatographic analysis (Fig. 3), a primary limitation is the
need for extensive sample preparation, often involving extraction, clean-
up, and derivatization steps. These procedures increase analysis time,
introduce potential sources of variability, and reduce the suitability of
chromatography for routine or high-throughput screening.

Another important limitation relates to the environmental and
health impact of conventional chromatographic methods. Traditional
HPLC and GC workflows are based on the use of hazardous organic
solvents (acetonitrile, methanol ...), which are toxic, volatile, and
generate substantial chemical waste. This dependence not only raises
concerns regarding operator safety and laboratory sustainability but also
increases the ecological footprint of routine authentication analyses
(Handlovic et al., 2024).

Regarding spectroscopic analysis (Fig. 3), one of their main draw-
backs is the detection of low-level adulteration, particularly in complex
matrices such as multi-ingredient products (e.g., protein blends or fruit-
based systems), where components may share similar chemical com-
positions and spectral features. In such cases, sensitivity and specificity
can be compromised, especially when adulterants are present at trace
levels.

Instrumental variability also presents a significant constraint (Vera
et al., 2025). Differences between benchtop and portable devices can
lead to inconsistencies in spectral acquisition, meaning that calibration
models developed on one instrument may not be directly transferable to
another. This highlights the need for robust calibration transfer strate-
gies, instrument standardization, and periodic model updating to ensure
reliable performance across platforms and real-world conditions.
Indeed, while portable NIR devices have gained considerable attention
due to their rapid analysis and operational simplicity, several studies
report reduced robustness outside controlled laboratory environments.

From a data analysis perspective, recent studies show increasing
integration of chemometric and machine learning approaches in flour
authentication. While nonlinear models, including support vector ma-
chines, random forests, and deep neural networks, may offer marginal
improvements in predictive performance, particularly when combined
with wavelength selection techniques, these gains are often limited
when robust preprocessing and validation strategies are already applied.
Moreover, advanced machine learning models require large, diverse
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datasets to generalize effectively; otherwise, they are prone to over-
fitting and reduced applicability to new samples.

Another key limitation is the lack of standardized protocols for
spectral acquisition, preprocessing, and model evaluation. This makes it
difficult to compare results across studies and hinders broader imple-
mentation in regulatory and industrial settings. Standardization of
performance metrics such as R? of prediction, RMSEP, RPD, and
confusion-matrix-based classification parameters is therefore essential
to improve reproducibility, transparency, and acceptance of spectro-
scopic methods.

8. Conclusions and future trends

In chromatography, future trends include the adoption of more rapid
and streamlined analytical strategies, such as ambient ionization ap-
proaches like direct analysis in real time (DART), which allow for
minimal or no sample pretreatment and enable the direct analysis of
solid samples such as flours. By simplifying the analytical workflow and
reducing operational complexity, these approaches can enhance the
feasibility of chromatographic methods in more challenging flour
authentication scenarios. Another major direction is the transition to-
ward greener and more sustainable workflows, in line with the princi-
ples of Green Analytical Chemistry. This includes reducing solvent
consumption, minimizing environmental impact, and substituting haz-
ardous organic solvents with safer, more sustainable alternatives — an
aspect that is becoming a priority in the development of next-generation
chromatographic methods — all of it without compromising analytical
performance. In addition, a major future trend in chromatographic
analysis for flour authentication is the progressive miniaturization of
separation systems. Conventional LC platforms, while powerful, are
limited by high solvent consumption, elevated operational costs, and
reduced portability, which restrict their applicability in on-site or
decentralized testing environments. In this context, miniaturized chro-
matographic formats such as capillary LC, nano-LC, and Lab-on-a-Chip
LC are emerging as promising alternatives designed to overcome these
constraints. By operating with reduced solvent volumes and more
compact system architectures, these systems offer enhanced separation
efficiency, lower environmental impact, and significantly improved
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sustainability. Their compact design also opens the door to portable or
field-deployable devices capable of supporting rapid, point-of-need
authentication.

In spectroscopy, future developments in flour authentication are
expected to focus on multi-sensor data-fusion strategies that integrate
complementary information from multiple spectroscopic techniques,
such as NIR (bulk composition), FTIR (molecular fingerprinting),
hyperspectral imaging (spatial distribution), and fluorescence spec-
troscopy (aromatic and fluorophore-specific compounds), with these
integrated approaches—particularly when combined with advanced
machine-learning or deep-learning frameworks—offering the potential
to significantly enhance detection sensitivity in complex and multi-
adulterant scenarios that better reflect real-world fraud conditions.
Building on this, the expansion of large-scale, open-access spectral li-
braries will be essential for improving model robustness, requiring
broader representation of flour types, including emerging alternative
protein sources such as insect, fungal, and algal flours, while the
development of cross-platform calibration models will further enable
interoperability between instruments and facilitate wider adoption in
routine analysis. At the same time, technological progress is driving the
emergence of portable, handheld spectroscopic devices capable of on-
site analysis at farms, storage facilities, and processing units, which,
when integrated with cloud-based systems, can support real-time data
sharing, continuous model updates, and improved traceability across the
food supply chain, with blockchain-based solutions providing additional
security through tamper-proof recording of analytical results and
product origin. Finally, sustainability considerations are increasingly
shaping method development, with techniques such as ATR-FTIR and
front-face fluorescence spectroscopy offering clear advantages as green
analytical tools by minimizing solvent use, reducing sample preparation,
and enabling rapid, non-destructive analysis, thereby aligning with the
growing demand for environmentally responsible food authentication
technologies.
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