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ARTICLE INFO ABSTRACT

Keywords: Fusarium mycotoxins such as deoxynivalenol (DON), its modified forms, and zearalenone (ZEN) frequently
Applied mycology contaminate oats, posing serious health and regulatory concerns. This study assessed the use of visible-near-
Deoxynivalenol

infrared (Vis-NIR) spectroscopy and near-infrared hyperspectral imaging (NIR-HSI) to classify individual oat
grains according to the European legal limits for DON (1750 pg/kg) and ZEN (100 pg/kg). NIR-HSI consistently
Near-infrared outperformed Vis-NIR, achieving classification accuracies (CAs) above 91% and F1-scores above 0.65 for DON,
Visible range ZEN and combined DON + ZEN detection. The most informative spectral regions were in the NIR ranges of 1000-
Spectroscopy 1250 nm and 1300-1500 nm, associated with Fusarium-induced biochemical and structural changes in oat grains.
Reducing the spectral input to 20 selected wavelengths preserved NIR-HSI performance, supporting the feasi-
bility of multispectral implementations. These targeted, non-destructive approaches could enable early removal
of the few highly contaminated grains responsible for batch rejection, improving food safety, reducing waste, and
enhancing the sustainability of oat processing.

Modified forms
Zearalenone

As a result, both compounds are regulated in the European Union (EU),
with maximum limits for unprocessed oats set at 1750 pg/kg for DON
and 100 pg/kg for ZEN (European Commission, 2023b, 2024a).

The challenge extends beyond these free forms. Several modified
forms of DON, including 3-acetyldeoxynivalenol (3-ADON), 15-acetyl-
deoxynivalenol (15-ADON), and deoxynivalenol-3-glucoside (DON-
3G), are also commonly present in oats (Meyer et al., 2021). While not
currently regulated, these compounds are toxicologically relevant and
often go undetected in routine analyses (Rychlik et al., 2014). Thus, the
European Commission (2024a) has highlighted the importance of
considering not only the content of DON but also the sum of DON,
3-ADON, 15-ADON, and DON-3G to assess human health risk. Critically,
these modified forms show strong correlations with DON in naturally

1. Introduction

Oats (Avena sativa L.) are increasingly recognised as a functional
cereal crop due to their high content of soluble dietary fibre, particularly
p-glucans, which have been shown to reduce serum cholesterol and
support cardiovascular health (Paudel et al., 2021). These nutritional
attributes, along with growing consumer interest in plant-based and
fibre-rich foods, have led to an expansion of oat production and con-
sumption worldwide (Yang et al, 2023). However, like other
small-grain cereals, oats are susceptible to infection by Fusarium species,
especially F. graminearum and F. culmorum, which can lead to the
accumulation of mycotoxins such as deoxynivalenol (DON) and zear-

alenone (ZEN) (Hofgaard et al., 2016; Tarazona et al., 2021). These contaminated oats, with reported correlation coefficients typically
mycotoxins pose significant risks to human and animal health (Bezerra exceeding 0.90 (Nathanail et al., 2015). In.addl.tlon, DON and ZEN also
da Rocha et al., 2014). DON, a type B trichothecene, is associated with tend to co-occur, although the correlation is generally lower; for

example, a correlation coefficient of 0.52 was observed in a study of
European oat samples (Fredlund et al., 2013). This means that grains
with high DON levels often contain high concentrations of DON-3G,

nausea, vomiting, impaired intestinal function, and immune suppres-
sion. However, ZEN can disrupt hormonal balance and affect repro-
ductive health due to its oestrogenic activity (Ekwomadu et al., 2021).
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Nomenclature

3-ADON 3-acetyldeoxynivalenol

15-ADON 15-acetyldeoxynivalenol

AUC Area under the receiver operating characteristic curve
CA Classification accuracy

DON Deoxynivalenol

DON-3G Deoxynivalenol-3-glucoside

ESI Electrospray ionisation

ELISA  Enzyme-linked immunosorbent assay

EU European Union

HPLC High-performance liquid chromatography

HSI Hyperspectral imaging

LC-MS/MS Liquid chromatography-tandem mass spectrometry
LDA Linear discriminant analysis

LFD Lateral flow devices

LOD Limit of detection

LOQ Limit of quantification

MRM Multiple reaction monitoring
MS Mass spectrometry

NIR Near-infrared

PCA Principal component analysis
PLS Partial least squares

R2 Determination coefficient
ROC Receiver operating characteristic
RSD Relative standard deviation
SD Standard deviation

SNV Standard normal variate

Vis Visible range

ZEN Zearalenone

3-ADON, and 15-ADON, and may also contain ZEN.

Mycotoxin contamination in oats is typically heterogeneous, with
most grains being either clean or lightly contaminated, and only a small
proportion containing high concentrations (Blackshaw-Crosby, 2021).
These few heavily contaminated grains can push the average contami-
nation of a batch above regulatory thresholds, resulting in food waste
and economic losses. Identifying and removing these grains early in the
processing chain could significantly reduce the carry-over of mycotoxins
into final food products, helping to safeguard both food safety and
product quality (Dropa et al., 2021).

Conventional detection methods such as high-performance liquid
chromatography (HPLC), liquid chromatography-tandem mass spec-
trometry (LC-MS/MS), lateral flow devices (LFD), and enzyme-linked
immunosorbent assays (ELISA) are normally used in the food industry
entry point to analyse DON and ZEN in batch samples (Maphaisa et al.,
2025). However, these methods are usually performed on bulk samples
that may not reflect contamination levels in individual grains, and they
can also be expensive, destructive, and unsuited to high-throughput,
real-time screening (Krska et al, 2014). In contrast,
visible-near-infrared (Vis-NIR) spectroscopy and near-infrared hyper-
spectral imaging (NIR-HSI) offer fast, non-destructive analysis and have
shown potential for detecting DON and other mycotoxins in cereals
(Femenias et al., 2020; Zareef et al., 2021). These techniques allow the
chemical and physical characterisation of grains without sample prep-
aration (Femenias, Gatius, et al., 2022). In contrast to bulk mycotoxin
screening, spectroscopy can also be applied at the level of individual
grains, enabling the analysis of spectral variability within a batch and
the identification of highly contaminated units (Freitag, 2025).
Single-grain NIR analysis is not a new concept and has been explored
since the 1980s; notably, the first report of mycotoxin identification at
the level of an individual cereal kernel was published in 1980, as
reviewed by Chavez et al. (2020). By analysing grains individually,
spectroscopic approaches at the single-grain level enable the detection
of extreme contamination events that may be masked in bulk analyses,
which is particularly relevant for mycotoxins characterised by highly
heterogeneous distributions.

Importantly, advances in instrumentation and data processing have
enabled the translation of this concept into industrial practice. Com-
mercial NIR-based optical sorters are currently available and capable of
analysing and classifying thousands of grains per second in real time
(Taylor & Newkirk, 2023). These systems have already been imple-
mented in cereal processing chains and shown to reduce mycotoxin
contamination in accepted fractions by selectively removing defective or
highly contaminated grains. As such, single-grain NIR analysis repre-
sents a practical bridge between laboratory-scale detection and
industrial-scale mitigation strategies.

Although recent studies have demonstrated their feasibility for DON

and T-2 and HT-2 toxins in oat samples, most have focused on bulk
analysis (Teixido-Orries, Molino, Femenias, et al., 2023; Teixido-Orries,
Molino, Gatius, et al., 2023; Tekle et al., 2013). Tekle et al. (2015)
developed classification models for individual oat grains using NIR-HSI
to classify individual pixels of artificially contaminated oats based on
Fusarium damage and DON content. Moreover, in our previous study,
T-2 and HT-2 toxins were detected in individual oat grains at levels
above or below the legal limit using Vis-NIR and NIR-HSI spectroscopy
(Teixido-Orries et al., 2026). However, applications to naturally
contaminated grains remain scarce, even though targeting these grains
could enable simultaneous removal of multiple mycotoxins. Given the
strong correlations among DON and its derivatives, removing
DON-contaminated grains would also reduce levels of DON-3G,
3-ADON, and 15-ADON, and may also reduce ZEN content. To date,
the detection of ZEN and DON-modified forms in cereals using Vis-NIR
spectroscopy or NIR-HSI has not been reported. This can represent a
highly efficient mitigation strategy by reducing the risk of rejecting
uncontaminated batches or accepting contaminated ones. In turn, such
an approach could help maintain lower mycotoxin levels in the accepted
fraction, thereby enhancing food safety and regulatory compliance,
while also improving the economic efficiency and sustainability of oat
production by reducing food losses and the financial burden associated
with batch rejection.

For industrial development, however, simplified models are neces-
sary. Full-spectrum spectroscopic models are computationally intensive
and not practical for real-time sorting systems. By identifying and
selecting a limited number of informative wavelengths, multispectral
models can be developed that are faster, more robust, and easier to
implement in automated grain processing lines (Wan et al., 2020).

Therefore, this study aims to evaluate the potential of Vis-NIR and
NIR-HSI spectroscopy for detecting individual oat grains contaminated
with DON and its modified forms (DON-3G, 3-ADON, 15-ADON), as well
as ZEN, using LC-MS/MS as a reference method. These grains come from
samples with DON levels above the EU legal limit. The specific objec-
tives are to develop classification models capable of identifying grains
exceeding EU legal thresholds for DON and/or ZEN, explore the spectral
features associated with contamination, and reduce model complexity
through wavelength selection.

2. Materials and methods
2.1. Oat samples

Two samples of white unprocessed oat grains (Avena sativa L.) were
selected based on their high DON concentration. These were collected in

the Vastra Gotaland region (Sweden) during the 2021 season. Sample 1
had 3184 pg/kg of DON, 851.0 pg/kg of DON-3G, 98.6 pg/kg of 15-
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ADON, 268.2 ng/kg of 3-ADON, and 55.7 pg/kg of ZEN. Sample 2 had
3813 pg/kg of DON, 851.8 pg/kg of DON-3G, 111.7 pg/kg of 15-ADON,
288.4 pg/kg of 3-ADON, and 48.7 pg/kg of ZEN. From each sample, 100
individual grains were randomly selected, resulting in a total of 200 oat
grains analysed in this study as described in Section 2.5.

2.2. Chemicals and reagents

All mycotoxin reference standards were purchased from Romer Lab
(Tulln, Austria) and prepared in acetonitrile. The working concentra-
tions were as follows: DON (100 pg/mL), DON-3G (50.1 pg/mL), 3-
ADON (100 pg/mL), 15-ADON (100.2 pg/mL), and ZEN (100 pg/mL).

Ultrapure water was produced using a PURELAB® Chorus 1 system
(ELGA LabWater, Buckinghamshire, UK). Ammonium acetate (>99%,
analytical grade), glacial acetic acid (99.7%, HPLC grade), methanol
(LC-MS grade), and acetonitrile (LC-MS grade) were obtained from
Fisher Scientific (Waltham, MA, USA).

2.3. NIR-HSI experimental work: instrumentation and data acquisition

A push-broom hyperspectral imaging system composed of a Pika
NIR-320 camera assembled by Resonon Inc. (Bozeman, MA, USA) was
used (Fig. 1A). The device consists of an InGaAs sensor line-scan camera
with a 320 x 256-pixel resolution, a 14-bit A/D spectrograph, and a 30
x 30 pm pixel size (Goldeye G-008 SWIR TEC1, Allied Vision Technol-
ogies GmbH, Germany). The spectral resolution was 4.6-4.7 nm (164
spectral channels per pixel from 900 nm to 1700 nm). The imaging setup
incorporated an objective lens with a 25 mm focal length (F/1.4 SWIR,
0.9-1.7 pm, 21 mm image format, c-mount), positioned 220 mm above
the image surface. The illumination unit consisted of four halogen lamps
with Lambertian filters, mounted on an adjustable tower, which were
turned on at least 20 min before image acquisition. The illumination
system was powered by a Samplexpower® power converter (SEC-
1223CE, Burnaby, BC, V5A 0C6, Canada), which provides a highly
regulated DC output voltage of 13.8 V at 23 Amps with an AC input of
230V at 50 Hz. Finally, a motorized linear translation stage with a range
of 600 mm was also used, allowing the entire sample to be scanned while
the optical systems remained fixed.

The Resonon benchtop hyperspectral imaging system was operated
and processed using Spectronon PRO software. The raw reflectance
readings for each sample data array were corrected by dividing the dark
current-subtracted reflectance by the dark current-subtracted white
standard reflectance at each corresponding wavelength (1). A dark
current intensity image was collected before sample scanning to remove
dark current noise by covering the camera lens. In addition, the intensity
from a 99% white reflectance standard made of polytetrafluoroethylene

A

Camera « Computer and software

Spectrometer «

Objective lenses «~

« ¥’ J
Halogen lamps « —“
X
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(Spectralon™, SRT-99-120, Labsphere, North Sutton, NH, USA) was
collected immediately after the dark current image to correct for illu-
mination effects. These two images were applied to subsequent sample
intensity images.

L1

I=
walb

@

where Ij is the raw hyperspectral image obtained, I is the dark current
reference and I, is the white reference. Besides the dark and absolute
reflectance response, the pixel illumination saturation was also adjusted
with the camera controls. The framerate and the integration time were
established so that no pixel in the image was saturated. Reflectance
values obtained from the NIR-HSI system were stored as scaled integer
reflectance (effective bit depth) as provided by the Spectronon PRO
software. Consequently, reflectance values are expressed in instrument-
specific digital units proportional to reflectance, although the data
represent true reflectance as defined in Equation (1).

For the individual grain analysis (200 grains, 100 from each sample),
each grain was scanned in three different orientations (face-up, face-
down, and random). The mean spectrum was recorded for each orien-
tation, resulting in a total of 600 spectra. After scanning, the grains were
used for mycotoxin analysis.

In all the cases, a black tray was used to reduce the background noise
in the image and to obtain an accurate pixel selection. Images were
adjusted to 350 bands for the x-axis and approximately 90 mm for the y-
axis. Pixel selection of the oat grains was done by collecting the mean
reflectance values of similar spectrum pixels by Euclidian distance that
is best adjusted to the region of interest to remove the background
signal. Mean spectra for each grain were recorded as a text file for later
exporting to the spectral analysis software.

2.4. Vis-NIR experimental work: instrumentation and data acquisition

Spectral data were collected using a LabSpec 2500® Near-Infrared
Analyzer (350 to 2500 nm; Analytical Spectral Devices Inc., USA)
(Fig. 1B). The instrument was equipped with three detectors: a silicon
array covering 350 to 1000 nm, and two Peltier-cooled InGaAs detectors
covering 1000 to 1800 nm and 1800 to 2500 nm, respectively. Mea-
surements were taken at 1 nm intervals. Each oat grain was placed in
contact with a fiber optic probe connected to an internal quartz halogen
light source (Ocean Optics, USA), and spectra were recorded in digital
number mode. A black bottle cap and a sample tray were used to limit
the influence of external light.

Spectra were acquired for the same 200 individual oat grains, each
measured three times with the grain positioned face up, face down, and

Computer and software

Halogen ‘llghl source Labspec

Bottle cap ~ ~ Sample tray

Interactance probe

Oat grain

Fig. 1. Schematic representation of spectroscopic systems used for oat analysis: (A) typical visible-near infrared (Vis-NIR) spectroscopy setup, including halogen light
source, interactance probe, spectrometer and data acquisition software; (B) near-infrared hyperspectral imaging (NIR-HSI) system, comprising illumination unit,
camera, spectrometer, motorized translation stage and computer for hyperspectral data acquisition and processing.
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at random. This procedure yielded 600 spectra, as for the NIR-HSI sys- (ZD
tem (Section 2.3). 9: =3

To ensure measurement stability, the analyser was powered on 50 ) it E
min before starting data acquisition. Calibration was performed using a E _% 2 o -
Spectralon® Diffuse Reflectance Standard before the first measurement = SES|g TTmeNsNST®
and after every ten grains. Reflectance spectra were calculated by nor- 2
malising the recorded digital numbers to the Spectralon® reference, %’ s
yielding unitless reflectance values in the 0-1 range. A baseline spectrum e 3=
was recorded, and three preliminary scans were conducted to verify ‘E § E - o
instrument stability before collecting the complete dataset. E g & T T

The LabSpec analyser was connected to an interactance probe and a T
light source, with spectral data acquisition managed by a computer Z
operating Indico Pro software (Malvern Panalytical Ltd, Malvern, UK). é %0 e

g
2.5. Determination of mycotoxin concentration in oat grains by LC-MS/ v EE- e = « =
MS g p A & | |
2.5.1. Sample preparation and mycotoxin extraction :-f E g ?;

DON, DON-3G, 15-ADON, 3-ADON, and ZEN were individually ST|EE ° o .o
extracted from 200 oat grains, comprising 100 grains per sample. The g k| S5 & TT@egpmuneTy
grains were ground using a Precellys® homogenizer (Bertin Technolo- = g
gies, Yvelines, France). Each grain was placed into an Eppendorf tube %‘ § g ; e
containing a 7 mm stainless steel bead, and homogenization was per- 2 g g - % ; ~
formed at 5200 rpm for 2 cycles of 10 s with a 5-s interval between (‘D‘ 2l S 8 g 3
cycles. 2 g g das 3 = 3

After grinding, 260 pL of extraction solvent (acetonitrile, ultrapure gg|aw I8¢ 8§ ] =
water, and acetic acid, 79:20:1, v/v/v) was added to each tube. The tubes i =
were placed on a rotary shaker (miniShaker VWR; VWR, Leighton % '% B . Sl .

Buzzard, UK) and agitated at 600 rpm for 90 min at 25 °C. After the E HF £ L §F S =
extraction, the tubes were centrifuged for 5 min at 15,500 x g (Centrifuge g3 g 5 = = 5” = = =
5417 S, Eppendorf, Stevenage, UK) at 24 °C. § §

A 75 pL aliquot of the supernatant was combined with 75 pL of 'ﬁ §
dilution solvent (acetonitrile, ultrapure water, and acetic acid in a % I ’g S
20:79:1 (v/v/v) ratio), and the resulting mixture was transferred into fga|3g ~§ 2 2 g e =
vials fitted with 250 pL microinserts. g glee (& B 8 @ ®

2w
2.5.2. LC-MS/MS procedure for mycotoxin analysis E F: -7

LC-MS/MS analysis was performed using an Exion series LC system - 5| < El
connected to a 6500+ hybrid triple quadrupole-linear ion trap mass § E‘ g g R & B 2 N
spectrometer (QTRAP-MS) equipped with an IonDrive Turbo Spray (both g 2|== |- - ~ ©
Sciex Technologies, Warrington, UK). Chromatographic separation was S E
achieved on a reversed-phase ACE-3 C'8 column (2.1 x 100 mm, 3 pm ;0 N
particle size; Hichrom, Berkshire, UK) fitted with an ACE-3 guard car- .éo 8 g < § § § § §
tridge maintained at 60 °C. The mobile phase consisted of two solvents: 5 ;1 == |° ° ° © ©
solvent A, composed of ultrapure water, methanol, and acetic acid E g
(89:10:1, v/v/v), and solvent B, composed of ultrapure water, methanol, 2 g 52 g < ; 3 5 3
and acetic acid (2:97:1, v/v/v). Both solvents contained 5 mM ammo- ? §
nium acetate to facilitate ammonium adduct formation. The gradient o ; N o o« w ~
program lasted 20 min and was set as follows: 0 min, 0% B; 2 min, 0% B; 'g E IS 2 : 3 3 :

5 min, 50% B; 14 min, 100% B; 18 min, 100% B; 19 min, 0% B. The flow § I % g < o o - @
rate was set to 0.6 mL/min, and the injection volume was 1 pL. £8 ga § & E E E

MS detection was performed in positive (ESI+) and negative (ESI-) 8 :}
electrospray ionisation modes, depending on the mycotoxin analysed. g § o2 o e " ~
Source parameters were set to curtain gas at 40 psi, collision gas set at g =19 2 S S
medium, ion spray voltages of —4500 V for negative and 5500 V for g § )
positive mode, temperature at 400 °C, and ion source gases 1 and 2 at 60 o ]’ a9 =
psi. Data were acquired in multiple reaction monitoring (MRM) mode. & z |3 2|12 3 3 . 3 |z
Retention times, precursor ions, and product ions were determined by < N o
direct infusion (syringe method) of standard reference solutions for each =a < %
target compound, and these values are presented in Table 1. Optimised § ié z ;10 - o o - ‘E
MS/MS parameters for individual analytes (Table 1), including collision 8 g ) w2 = °© = @
energy, declustering potential, entrance potential, and collision cell exit g A Raial A §
potential, were established and verified using a mixed standard solution. g = - 5
For each mycotoxin, two or three m/z transitions were monitored. - —g % g 8 2 g g

. P . . . v S 8|8 z z < 2 > =i
Compound identification was based on retention time and the ratio of = RS Z g 8 5 & s
quantifier to qualifier transitions. Data acquisition was managed using S 1S
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Analyst® software version 1.6.3, and quantification was carried out with
MultiQuant™ software version 3.0.3.

2.5.3. Method validation

The analytical procedure used to quantify DON, DON-3G, 15-ADON,
3-ADON, and ZEN in individual oat grains by LC-MS/MS was validated.
Method selectivity was verified by performing at least three injections of
a1 pL standard solution and comparing the resulting retention times and
peak resolutions. Additional confirmation of selectivity was obtained by
analysing blank, matrix, and spiked samples to identify any co-eluting
peaks or interfering signals at identical m/z transitions. Linearity was
evaluated using matrix-matched calibration curves prepared at nine
concentration levels for each mycotoxin, and a determination coefficient
(R?) of 0.98 or higher was set as the acceptance threshold. Precision was
determined through spiking experiments on blank oat grains over three
separate days (n = 3, 3, 10), followed by calculation of recovery rates
and relative standard deviations (RSDs) for each compound (Table 1).
Method performance was evaluated according to the criteria established
in Commission Regulation (EC) No. 2023/2782 (European Commission,
2023a). In addition, the estimation of the limits of detection (LOD) and
quantification (LOQ) followed the recommendations outlined in the
Guidance Document on the Estimation of LOD and LOQ for Measurements in
the Field of Contaminants in Feed and Food (Wenzl et al., 2016) (Table 1).

2.6. Data processing for the classification of DON and ZEN
contamination

Initially, spectral patterns were compared between grains that
exceeded or fell below the EU regulatory limits for DON (1750 pg/kg)
and ZEN (100 pg/kg). The average spectral curves for each contami-
nation group were generated using Python version 3.12.3.

Before applying any preprocessing techniques, the spectral data were
separated according to the instrument used. For the NIR-HSI system
(900-1700 nm), 600 spectra were obtained from 200 grains scanned
three times each. An equivalent number of spectra were recorded for the
Vis-NIR system (350-2500 nm). To minimise edge scattering and in-
strument noise, the spectral range was restricted to 1000-1600 nm for
NIR-HSI and 380-2470 nm for Vis-NIR.

Several preprocessing strategies were evaluated to determine their
influence on classification performance. The raw spectra were retained
as a baseline, while the standard normal variate (SNV) transformation
was applied to correct for multiplicative scattering and standardise in-
tensity values among samples. The 1st derivative of the spectra was also
calculated to emphasise minor absorption features and to eliminate
baseline shifts. Based on these techniques, five datasets were con-
structed: raw data, SNV, 1st derivative, SNV followed by 1st derivative,
and 1st derivative followed by SNV. Each combination was analysed to
identify the most effective preprocessing method for enhancing
discrimination of DON- and ZEN-contaminated grains.

Exploratory principal component analysis (PCA) of single-grain
spectra was not repeated in the present study, as the influence of sam-
ple origin, grain orientation and contamination level on spectral struc-
ture had been previously evaluated using near-infrared hyperspectral
imaging at the individual-grain level (Teixido-Orries, Molino, Femenias,
et al., 2023). That analysis showed no dominant clustering attributable
to origin or grain orientation and indicated that unsupervised PCA was
insufficient to reliably discriminate contaminated grains, thereby sup-
porting the use of supervised classification approaches in the present
work.

Toxin concentration values were converted into binary classes prior
to classification. Grains with DON or ZEN levels above the EU legal
limits (1750 pg/kg and 100 pg/kg, respectively) were labelled as
contaminated (1), while those below the limits were labelled as non-
contaminated (0). A soft-voting ensemble classifier was developed by
combining logistic regression and partial least squares (PLS) regression
models. Logistic regression was selected for its robustness and
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interpretability under class imbalance, while PLS regression was
included to capture latent spectral structures commonly exploited in
chemometric analysis. The logistic regression component was config-
ured with balanced class weights to address class imbalance, using the
liblinear solver. The PLS regression component was parameterised with
the number of latent variables calculated as the minimum between the
square root of training samples and one-tenth of the feature count. Both
models were preceded by StandardScaler normalisation within their
respective pipelines. PLS regression outputs were linearly rescaled to the
[0,1] range using min-max scaling on training data, enabling
probability-like interpretation within the ensemble.

Final ensemble predictions were computed as a weighted combina-
tion of probability outputs from logistic regression and probability-like
scores derived from PLS regression. Optimal weights for each compo-
nent model were determined through grid search, evaluating weight
combinations from 0.0 to 1.0 in increments of 0.05, where the PLS
weight was constrained as the complement of the logistic regression
weight. The classification threshold was simultaneously optimised by
evaluating 50 threshold values ranging from 0.05 to 0.95.

Model performance was validated using stratified 10-fold cross-
validation to preserve class proportions across folds. Within each
training fold, ensemble weights and decision thresholds were optimised
exclusively on the training data to maximise the Fl-score for the
contaminated class (positive), ensuring strict separation between
training and testing partitions. Classification accuracy (CA) and F1-score
for the positive class were computed for each fold, and overall perfor-
mance was determined by averaging results across all folds along with
standard deviations (SDs). Three classification thresholds were exam-
ined: (i) DON contamination, (ii) ZEN contamination, and (iii) grains
contaminated with either DON or ZEN. The three thresholds were
combined with the five preprocessing approaches, generating a total of
15 classification configurations for each spectroscopic technique.

Permutation importance was computed within each cross-validation
fold by randomly shuffling individual spectral variables 30 times and
quantifying the resulting decrease in Fl-score. Feature importance
values were averaged across folds to obtain robust estimates and asso-
ciated SDs. The 20 most influential spectral features were extracted. To
evaluate the potential for dimensionality reduction, the ensemble
models were retrained using only the top 20 most important features as
identified by permutation importance analysis. The same cross-
validation procedure was applied to these reduced-feature models,
and their performance was compared against the full-feature baseline.
To further assess the feasibility of more compact multispectral config-
urations for real-time applications, additional reduced-feature models
were also evaluated using the top 10 and top 5 wavelengths. Models
based on 20, 10 and 5 wavelengths were trained and evaluated using
identical preprocessing, classification, and validation procedures,
allowing a direct comparison of predictive performance and computa-
tional efficiency across different levels of spectral dimensionality.

The most accurate classifiers were selected based on Fl-score and
CA. Confusion matrices were produced for all models by aggregating
predictions across all cross-validation folds, providing an overall
assessment of classification performance. Receiver operating charac-
teristic (ROC) curves were plotted, from which the area under the curve
(AUC) values were calculated to assess classification reliability. Higher
Fl-score, CA, recall (true positive rate), and specificity (true negative
rate) indicated stronger predictive performance, while AUC values
approaching 1.0 denoted excellent discriminative ability and values
close to 0.5 reflected random classification.

Prediction time was measured for each model configuration to assess
computational efficiency. Throughput was calculated as samples pro-
cessed per second, enabling comparison between full-feature and
reduced-feature models.

All analyses were performed using Python version 3.12.3, employing
Scikit-Learn 1.3.2 for classification tasks and cross-validation, and
additional libraries such as NumPy 1.26.4 and Pandas 2.2.3 for data
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manipulation and computation.
3. Results and discussion

3.1. Comparison of spectral profiles of oat grains with different DON and
ZEN levels

Fig. 2 presents the average spectral reflectance profiles of individual
oat grains classified according to their contamination levels of DON and
zearalenone ZEN, based on EU legal thresholds (1750 pg/kg for DON
and 100 pg/kg for ZEN). Reflectance spectra were obtained using both
NIR-HSI (1000-1600 nm) and Vis-NIR (380-2470 nm) systems and are
shown separately for DON (Fig. 2A and B) and ZEN (Fig. 2C and D).

In the case of DON, spectral differences between more and less-
contaminated grains are subtle but noticeable. In the NIR-HSI spectra
(Fig. 2A), grains with lower DON levels show slightly less reflectance
between 1000 and 1200 nm. The curves then converge, and beyond
1400 nm, grains with lower DON levels tend to exhibit greater reflec-
tance. In the Vis-NIR spectra (Fig. 2B), there is general overlap
throughout most of the spectra, though some distinction appears in the
800-1400 nm and 1600-1900 nm regions, where less-contaminated
grains tend to have slightly lower reflectance.

For ZEN, a similar trend is observed. In the NIR-HSI spectra (Fig. 2C),
grains with high ZEN levels initially present increased reflectance, fol-
lowed by convergence, and later slightly lower reflectance beyond 1400
nm. In the Vis-NIR spectra (Fig. 2D), substantial overlap is present
overall. However, in 380-800 nm range, grains with elevated ZEN levels
exhibit lower reflectance, suggesting subtle changes in surface colora-
tion. Additionally, between 900 and 1400 nm, more-contaminated
grains tend to show stronger reflectance, whereas in the 1900-2500
nm region, grains with lower ZEN content exhibit increased reflectance.

These findings align with previous research on spectral variability
associated with mycotoxin contamination in cereals. In previous studies,
some overlap was observed in the NIR region (900-1700 nm) between
oat samples contaminated with DON and T-2 and HT-2 toxins at levels
above and below their EU legal limits, like the overlapping trends
observed in a study at the established thresholds (Teixido-Orries et al.,
2026; Teixido-Orries, Molino, Femenias, et al., 2023; Teixido-Orries,
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Molino, Gatius, et al., 2023). The extensive spectral overlap observed
between contamination groups is inherent to Vis-NIR spectroscopy,
where absorption features arise from broad overtone and combination
bands shared by the cereal matrix and fungal-related compounds. As
discussed in Section 3.4, discrimination therefore relies on subtle,
multivariate spectral patterns rather than on distinct marker bands.
Tekle et al. (2013) also investigated the use of Vis-NIR spectroscopy for
estimating DON levels in ground oat samples. Their study showed that
the spectral signatures of samples with low and high DON concentra-
tions were largely comparable; however, highly contaminated samples
exhibited greater absorption in the Vis range and lower absorption in the
NIR range. In agreement with those findings, our data revealed that
increased contamination was generally associated with higher reflec-
tance within the NIR region (900-1400 nm) and reduced reflectance in
the Vis region (380-800 nm).

Altogether, these results demonstrate that although the spectral
differences between groups are not large, they normally occur in
chemically relevant regions. The most consistent separation occurs in
the NIR range, particularly between 900 and 1400 nm, likely corre-
sponding to absorption bands of water, protein, and starch. This suggests
that this region may be associated with chemical and physical changes in
oat grains due to fungal infection and mycotoxin production. However,
these subtle shifts support the feasibility of using chemometric ap-
proaches to distinguish contaminated from uncontaminated grains and
justify further development of classification models.

3.2. Grain weight distribution and relationship with mycotoxin
contamination

The weights of the 200 individual grains ranged from 20.1 to 56.8
mg, with a mean value of 41.9 mg, a median of 43.1 mg, and a SD of 6.7
mg, corresponding to a coefficient of variation of 15.9%. This level of
variability reflects the natural heterogeneity typically observed within
oat batches.

Correlation analysis between grain weight and mycotoxin concen-
tration revealed a weak negative relationship across all compounds
analysed. Pearson correlation coefficients were —0.106 for DON,
—0.113 for DON-3G, —0.079 for 15-ADON, —0.077 for 3-ADON, and
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Fig. 2. Mean spectral reflectance profiles of oat grains classified by their contamination levels of deoxynivalenol (DON) and zearalenone (ZEN), relative to the legal
limits (1750 pg/kg for DON and 100 pg/kg for ZEN). (A-B) Spectral profiles for DON-contaminated grains above and below the legal limit using (A) near-infrared
hyperspectral imaging (NIR-HSI) and (B) visible-near infrared (Vis-NIR) spectroscopy. (C-D) Spectral profiles for ZEN-contaminated grains above and below the legal
limit using (C) NIR-HSI and (D) Vis-NIR spectroscopy. All panels show reflectance data; differences in y-axis scale arise from instrument-specific reflectance scaling,
with NIR-HSI spectra expressed as reflectance values scaled to the effective bit depth of the camera and Vis-NIR spectra expressed as normalized reflectance (0-1).
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—0.136 for ZEN. Although these correlations were low and indicate that
grain weight is not a strong predictor of mycotoxin concentration, they
suggest a general tendency for higher contamination levels to be asso-
ciated with lighter grains.

To further explore this relationship, grains were classified according
to contamination status (>LOD vs. <LOD). No statistically significant
differences in grain weight were observed between contaminated and
uncontaminated grains for any of the mycotoxins analysed (p > 0.05).
Nevertheless, a consistent trend was observed across these five myco-
toxins, whereby contaminated grains exhibited slightly lower mean
weights than uncontaminated grains, corresponding to an average
reduction of 3.9%. This observation is consistent with the negative
correlations observed between grain weight and mycotoxin
concentration.

Comparable trends have been reported in previous studies on oats
affected by Fusarium species. Modest reductions in grain weight associ-
ated with fungal infection have been described, although the relation-
ship between grain mass and mycotoxin content is generally weak
(Martinelli et al., 2014). Other studies have reported that high DON
contamination is more strongly related to compositional traits, such as
protein content or hull-to-groat ratio, rather than to grain weight alone
(Yanetal., 2017). Likewise, infection by F. langsethiae has been shown to
alter grain composition without producing significant changes in grain
mass (Martin et al., 2018).

3.3. Potential effect of grain-level sorting on mycotoxin reduction in oat
batches

The individual mycotoxin content of 200 oat grains was analysed by
LC-MS/MS. As shown in Fig. 3, the concentration of DON, its modified
forms (DON-3G, 15-ADON, and 3-ADON), and ZEN varied widely across
the sample set. While most grains contained low or undetectable levels,
a small proportion exhibited extremely high concentrations of one or
more mycotoxins. To further illustrate this heterogeneity and the
resulting class imbalance, the distributions of single-grain mycotoxin
concentrations are shown as histograms in Figs. S1 and S2, highlighting
the strongly skewed nature of the data and the small proportion of grains
exceeding the EU regulatory limits.

The mean concentration of each mycotoxin across the full sample set
was first calculated. To calculate the overall average for each mycotoxin,
a LOD/+/2 value was used for grains with values below the LOD. DON
showed a particularly high average value of 4507 pg/kg, while the mean
concentrations of DON-3G, 15-ADON, and 3-ADON were 1721 pg/kg,
116 pg/kg, and 340 pg/kg, respectively. The average ZEN concentration
was 9.0 pg/kg. Analysis of individual grains revealed that 8% exceeded
the legal threshold for DON, 2% exceeded the limit for ZEN, and 9%
exceeded at least one of the two limits. These data confirm the hetero-
geneous nature of mycotoxin contamination in oat batches and the
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potential value of grain-level classification and removal strategies.

To evaluate the effectiveness of such an approach, three removal
simulations were performed, each based on eliminating grains that
exceeded specific regulatory thresholds. When only grains with DON
concentrations above 1750 pg/kg were removed, the average DON
concentration across the remaining batch was reduced by 89.3%, from
4507 to 482 pg/kg. This intervention also markedly reduced the con-
centrations of DON-3G (—98.0%), 15-ADON (—95.2%), and 3-ADON
(—95.5%). Although ZEN was not directly targeted, its concentration
also decreased by 54.0%, likely due to partial co-contamination with
DON.

In contrast, removing only grains exceeding the legal limit for ZEN
(100 pg/kg) yielded more modest improvements. The average ZEN
concentration declined by 45.5%, from 9.0 to 4.9 pg/kg. However, this
reduction appears less pronounced than for other mycotoxins, partly
because initial ZEN levels were already low and values below the LOD
were replaced by LOD/ \/2, which limits the observable decrease. By
comparison, the concentrations of DON and its derivatives showed
clearer reductions, with DON decreasing by 57.8%. The reductions in
DON-3G, 15-ADON, and 3-ADON ranged from 53.1% to 61.2%, sug-
gesting that in some cases, ZEN-contaminated grains also contain other
mycotoxins.

A third simulation involved removing all grains that exceeded either
1750 pg/kg for DON or 100 pg/kg for ZEN. This combined strategy
further reduced the mean DON concentration to 472 pg/kg (—89.5%)
and was equally effective as the DON-only strategy in lowering DON
derivatives, with decreases of —98.1% for DON-3G, —95.2% for 15-
ADON, and —95.7% for 3-ADON. Interestingly, ZEN levels declined
more strongly under the combined strategy (3 pg/kg, —67.0%) than
when applying the ZEN-only criterion, likely because some grains above
the DON threshold were also co-contaminated with ZEN. These results
show that the simultaneous application of DON and ZEN thresholds
provides the same benefits as DON-targeted sorting for DON and its
derivatives, while achieving stronger reductions in ZEN, thereby
broadening the safety benefits in co-contaminated batches.

Overall, these findings confirm that a small number of highly
contaminated grains are responsible for most of the mycotoxin burden in
oat batches. Targeted grain removal based on non-destructive screening
could therefore lead to substantial reductions in overall contamination,
even when only a minority of grains are discarded. Moreover, the strong
correlation between DON and its modified forms suggests that detection
of DON alone may be sufficient to achieve broad-spectrum mycotoxin
mitigation in many cases. Therefore, these results provide a clear
rationale for developing methods to detect individual grains that exceed
regulatory thresholds. As such, the subsequent sections of this study
investigate the potential of Vis-NIR spectroscopy and NIR-HSI as rapid,
non-destructive tools for identifying highly contaminated grains based
on their spectral characteristics.

Mycotoxin
== DON (ug/kg)
DON-3G (ug/kg)
= 15-ADON (pg/kg)
mmm 3-ADON (ug/kg)
m— ZEN (ug/kg)

0 25 50 75 100
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Fig. 3. Concentrations of deoxynivalenol (DON), DON-3-glucoside (DON-3G), 15-acetyldeoxynivalenol (15-ADON), 3-acetyldeoxynivalenol (3-ADON), and zear-
alenone (ZEN) in 200 individual oat grains. Each bar represents one grain, and colours indicate the relative concentration of each mycotoxin.
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3.4. Classification of individual oat grains according to the EU legal limit
for DON (1750 ug/kg)

Table 2 presents the results of the 10 classification models for
discriminating individual unprocessed oat grains from those exceeding
the EU legal limit (1750 pg/kg) for DON, using NIR-HSI and Vis-NIR
spectroscopy with various pre-processing techniques. F-1 score, CA
and AUC varied depending on the pre-processing and the spectroscopic
technique applied.

For NIR-HSI, the two best-performing models were obtained using
SNV followed by 1st derivative preprocessing and 1st derivative fol-
lowed by SNV. These models achieved CAs of 94 + 4 % and 92 + 8 %,
respectively, together with the highest and most stable F1-scores for the
contaminated class (0.68 + 0.12 and 0.68 + 0.14). The corresponding
AUC values (0.89-0.90) indicate strong global discriminative ability,
confirming that NIR-HSI provides reliable separation between grains
above and below the regulatory threshold.

In contrast, Vis-NIR spectroscopy showed lower performance for
DON classification, particularly for the contaminated (minority) class.
The best Vis-NIR models (raw spectra and SNV preprocessing) achieved
CAs of 91 + 5 % and 87 + 11 %, with AUC values ranging from 0.60 to
0.75, indicating only moderate separability. Despite acceptable CA
values, the low F1-scores (0.44-0.48) reveal limited sensitivity towards
highly contaminated grains, reflecting difficulties in reliably identifying
extreme contamination events.

The superior performance of NIR-HSI compared with Vis-NIR can be

Table 2
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attributed to fundamental differences in data acquisition. NIR-HSI cap-
tures spectral information from hundreds of pixels per grain, enabling
spatial averaging and integration of heterogeneous spectral features
across the entire grain surface. This approach provides a more repre-
sentative description of grain condition, particularly for contamination
that may be unevenly distributed. In contrast, Vis-NIR measurements
rely on a single-point contact spectrum, which samples only a limited
portion of the grain and is therefore more sensitive to local variability,
grain orientation and surface contact effects.

To our knowledge, this is the first study to classify naturally
contaminated individual oat grains by DON content using spectroscopic
techniques. In previous research, 8 g samples of naturally contaminated
oat were classified based on their DON and T-2 and HT-2 content toxins,
achieving maximum CAs of 83% and 94%, respectively (Teixido-Orries,
Molino, Femenias, et al., 2023; Teixido-Orries, Molino, Gatius, et al.,
2023), which were comparable to the results obtained in the present
study. According to the existing literature, the only reported attempt to
build classification models for single oat grains in relation to DON
content was that of Tekle et al. (2015). In that work, NIR-HSI was
employed to analyse individual pixels of oat grains that had been arti-
ficially inoculated with Fusarium spores. The proportion of pixels
exhibiting visible damage was used as a metric to differentiate among
visual categories of infection and associated DON concentrations. Their
study demonstrated that NIR-HSI could identify grains with elevated
DON even when no clear external symptoms were visible. However, the
experiments relied exclusively on artificially contaminated material.

Classification accuracies (CAs), F-1 score, confusion matrix, area under the curve (AUC) and most characteristic wavelengths for validation sets in the classification
models of oat grains according to the European Union (EU) legal limit of deoxynivalenol (DON) (1750 pg/kg), obtained using a soft-voting ensemble classifier (logistic
regression -+ partial least squares (PLS) regression). U = grains above the legal limit; L = grains below the legal limit; SD = standard deviation.

CA (%) + SD AUC Fl-score + SD Most characteristic wavelength (nm)

Equipment Pre-treatment Confusion matrix (%)
NIR-HSI (1000-1600 nm) Raw data Actual Predicted
8] L
U 75 25
L 6 94
SNV Actual Predicted
0) L
U 73 27
L 4 96
1st derivative Actual Predicted
0) L
18} 65 35
L 3 97
1st derivative + SNV Actual Predicted
U L
U 79 21
L 7 93
SNV + 1st derivative Actual Predicted
8] L
U 77 23
L 5 95
Vis-NIR (380-2470 nm) Raw data Actual Predicted
8] L
U 40 60
L 4 96
SNV Actual Predicted
0) L
U 60 40
L 11 89
1st derivative Actual Predicted
8] L
U 42 58
L 8 92
1st derivative + SNV Actual Predicted
U L
U 46 54
L 9 91
SNV + 1st derivative Actual Predicted
8] L

U 48 52
L 9 91

92+ 5 0.90 0.64 + 0.14 1353
94 + 2 0.89 0.67 + 0.09 1481
94+3 0.88 0.65 + 0.14 1486
92+8 0.89 0.68 + 0.14 1491
94+ 4 0.90 0.68 = 0.12 1312
91+5 0.73 0.44 + 0.15 2336
87 +11 0.75 0.48 + 0.18 417
88+ 6 0.60 0.35 + 0.12 846
87 +10 0.64 0.40 + 0.17 846
88+9 0.65 0.42 + 0.16 700
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Subsequently, Teixido-Orries, Yang, et al. (2025) implemented Vis-NIR
spectroscopy to classify artificially contaminated oat grains according
to the presence of other trichothecenes, specifically T-2 and HT-2 toxins,
achieving a CA of 93%. In a later investigation, Teixido-Orries et al.
(2026) applied both Vis-NIR and HSI-NIR spectroscopy to distinguish
naturally contaminated oats with respect to the regulatory thresholds for
T-2 and HT-2, reporting maximum CA of 90% and 93%, respectively.
Similar strategies have also been adopted for other cereals. Barbedo
etal. (2017) developed classification models for DON detection in single
wheat kernels, with a reported accuracy of 84%. Femenias et al. (2021)
later discriminated individual wheat grains according to the legal limit
for DON with a CA of 99%, while in the following investigation, the
same authors achieved a maximum of 86% (Femenias et al., 2022).

DON concentration in oats is relatively low compared to the major
constituents of the grain, such as starch, protein, fibre, and water. As a
result, DON cannot be directly detected by Vis-NIR spectroscopy or NIR-
HSI, since the toxin itself does not produce distinct spectral features.
Instead, classification models rely on detecting the indirect effects of
Fusarium infection, such as changes in the chemical composition and
physical characteristics of the grain that result from fungal growth and
mycotoxin synthesis. These changes can be captured by spectral differ-
ences across the Vis and NIR regions, even though they are driven by
different mechanisms. The Vis region is especially useful for identifying
surface-level physical characteristics such as discoloration, morpholog-
ical defects, and surface damage. In contrast, the NIR region is more
sensitive to internal chemical and structural features, including protein
and moisture content, starch, and fibre composition (Walsh et al., 2020).
This dual functionality explains the utility of both spectral regions in
mycotoxin detection in cereals, with each capturing complementary
information about grain condition.

In this study, several of the most relevant wavelengths for classifying
DON contamination were found in the NIR region, notably between
1000 and 1250 nm and between 1300 and 1500 nm (Table 5). Earlier
studies also identified NIR wavelengths relevant to DON detection in oat
samples, including 1149, 1154, 1198, 1203, 1208, and 1388 nm
(Teixido-Orries, Molino, Femenias, et al., 2023). Many of these wave-
lengths overlap with those identified as most influential in the present
study, such as 1052, 1097, 1198, 1252, 1312, 1343, 1383, 1404, 1409,
1429, 1481, and 1491 nm. The complex NIR spectra of oat grains arise
from multiple overtone and combination bands of organic bonds,
particularly C-H (aliphatic and aromatic), C-O, O-H, and N-H (amide and
amine) bonds (Meenu et al., 2022). In particular, the 1000-1250 nm
range is associated with C-H and N-H combination bands, typically
linked to carbohydrate and protein structures, respectively. Moreover,
bands around 1400 nm correspond primarily to the first overtone of O-H
stretching, as well as combinations involving C-H bonds, and are
therefore associated with carbohydrates, organic molecules, and water
content (Badr Eldin, 2010). Notably, NIR has also been shown to
discriminate between oat and groat (oat without hull) based on wave-
lengths such as 1132, 1195 and 1608 nm (Redaelli & Berardo, 2002;
Serranti et al., 2013), highlighting the sensitivity of this spectral region
to hull-related structural differences. Moreover, f-glucan-related spec-
tral bands have been observed around 1200, 1450, 1750, 1950, 2100,
2300, and 2500 nm in oats (Meenu et al., 2022). Consistently, 1200 nm
and 1450 nm, previously linked to B-glucans, were also identified as
informative in this study, together with bands in the 2300-2500 nm
range for Vis-NIR models. Moreover, Tekle et al. (2013) analysed DON
contamination in ground oat samples using Vis-NIR spectroscopy and
reported a prominent band at 1432 nm, which they associated with
water content, indicating that samples with higher DON levels tended to
exhibit lower moisture. This observation is consistent with our results, in
which wavelengths around 1400 nm repeatedly emerged as relevant,
supporting the role of O-H overtone absorptions and moisture-related
changes as indirect spectral markers of DON contamination. In a pre-
vious work, Yan et al. (2017) reported that oat cultivars highly
contaminated with DON tended to have higher protein content and a
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greater hull-to-groat ratio. Similarly, Martin et al. (2018) indicated that
infection by Fusarium langsethiae, a key producer of type A trichothe-
cenes, resulted in alterations to p-glucan levels in oats. Furthermore,
previous research has attributed wavelengths around 1200 nm and
1400 nm to Fusarium-induced damage in cereals (Delwiche et al., 2019;
Tekle et al., 2013). Taken together, these findings suggest that the
NIR-based discrimination of DON-contaminated oat grains primarily
reflects indirect biochemical and structural changes, particularly
involving protein composition, hull structure, moisture distribution, and
fibre content.

In the visible region, wavelengths between 400 and 465 nm emerged
as influential features in the Vis-NIR classification models (Table 5). This
finding is supported by previous studies: Tekle et al. (2013) identified
wavelengths around 492 nm as key for differentiating between low- and
high-DON oat samples, while Teixido-Orries, Yang, et al. (2025) and
Teixido-Orries et al. (2026) highlighted the 430-630 nm region as the
most relevant for classifying oat grains contaminated with T-2 and HT-2
toxins (trichothecenes type A). Although this study focused on naturally
contaminated samples, artificial contamination has been associated with
visual changes in grain appearance. For instance, Tekle et al. (2013)
noted that oats artificially inoculated with DON-producing Fusarium
strains exhibited slight but detectable darkening. Such discolouration,
commonly associated with brownish hues in infected hulls and cary-
opses, may not always be perceptible to the human eye but can be
detected in the Vis spectra and leveraged for classification.

In summary, the ability of Vis-NIR and NIR-HSI techniques to iden-
tify DON-contaminated oat grains stems from their capacity to detect
indirect spectral traits related to Fusarium-induced changes in protein,
fibre, B-glucans, hull, and coloration characteristics.

3.5. Classification of individual oat grains according to the EU legal limit
for ZEN (100 ug/kg)

Table 3 presents the 10 classification models for discriminating in-
dividual oat grains based on the EU legal limit for ZEN (100 pg/kg),
using NIR-HSI and Vis-NIR spectroscopy combined with various spectral
pre-processing techniques. As observed in the DON classification (Sec-
tion 3.4), pre-processing of spectral data and spectroscopic technique
had a substantial impact on classification performance.

For NIR-HS], classification results were consistently excellent across
all configurations. The two best-performing models were obtained using
SNV and 1st derivative plus SNV pre-processing, both achieving CAs of
99 4 1%, Fl-scores between 0.89 4+ 0.14 and 0.90 + 0.16, and AUC
values of 0.97, indicating outstanding discriminative ability and high
robustness. Raw spectra also performed well (CA = 98 + 2%, AUC =
0.97), although with a lower F1-score (0.73 + 0.24), reflecting reduced
sensitivity for the contaminated class.

For Vis-NIR spectroscopy, the best results were achieved using raw
spectra and SNV pre-processing. These models reached CAs of approx-
imately 93%, F1-scores between 0.68 + 0.32 and 0.70 + 0.36, and AUC
values of 0.89-0.91, indicating good but clearly lower discriminative
performance compared with NIR-HSI. In contrast, derivative-based pre-
processing strategies led to a marked deterioration in performance, with
reduced Fl-scores and increased variability, suggesting that Vis-NIR
spectra are more sensitive to noise amplification when derivatives are
applied. This behaviour mirrors that observed for DON classification and
reinforces the importance of selecting preprocessing strategies tailored
to each technique. Moreover, consistent with the DON results, NIR-HSI
clearly outperformed Vis-NIR in terms of classification robustness, F1-
score, and AUC.

To the best of our knowledge, this is the first study to classify indi-
vidual oat grains according to ZEN content using spectroscopic methods.
The only previous study addressing ZEN detection via NIR was that of
Ning et al. (2022), who applied NIR spectroscopy to quantify ZEN levels
in wheat kernels using regression models. Their best model achieved
high predictive accuracy (correlation coefficient of 0.99) and a low
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Table 3
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Classification accuracies (CAs), F-1 score, confusion matrix, area under the curve (AUC) and most characteristic wavelengths for validation sets in the classification
models of oat grains according to the European Union (EU) legal limit of zearalenone (ZEN) (100 pg/kg). Obtained using a soft-voting ensemble classifier (logistic
regression + partial least squares (PLS) regression). U = grains above the legal limit; L = grains below the legal limit; SD = standard deviation.

Equipment Pre-treatment Confusion matrix (%) CA (%) £+ SD AUC Fl-score + SD Most characteristic wavelength (nm)
NIR-HSI (1000-1600 nm) Raw data Actual Predicted 98 + 2 0.97 0.73 £ 0.24 1096
U L
U 100 0
L 3 97
SNV Actual Predicted 99 +1 0.97 0.89 + 0.14 1193
U L
U 100 0
L 1 99
1st derivative Actual Predicted 99 +2 0.95 0.83 + 0.21 1277
U L
U 92 8
L 1 99
1st derivative + SNV Actual Predicted 99 +1 0.97 0.90 + 0.16 1277
U L
U 100 0
L 1 99
SNV + 1st derivative Actual Predicted 99 + 2 0.96 0.88 + 0.18 1277
U L
U 100 0
L 1 99
Vis-NIR (380-2470 nm) Raw data Actual Predicted 93 + 13 0.89 0.70 + 0.36 2360
U L
U 100 0
L 7 93
SNV Actual Predicted 93 + 16 0.91 0.68 + 0.32 1121
U L
U 100 0
L 7 93
1st derivative Actual Predicted 86 + 14 0.74 0.34 + 0.35 1678
U L
U 67 33
L 13 87
1st derivative + SNV Actual Predicted 84 +17 0.70 0.34 + 0.35 1678
U L
U 75 25
L 16 84
SNV + 1st derivative Actual Predicted 81 +18 0.73 0.36 + 0.35 1673
U L
U 83 17
L 19 81

root-mean-square error of prediction (2.1 pg/kg), demonstrating the
feasibility of high-precision ZEN prediction in cereals. However, their
study focused on quantification, not classification; on wheat, not oats;
and on ground, not intact grains. Additionally, their thresholds were not
aligned with regulatory limits, further highlighting the novelty of our
approach.

As discussed in Section 3.4 for DON, the detection of ZEN via Vis-NIR
and NIR-HSI is unlikely to arise from direct spectral absorption by the
toxin itself, given its low concentration relative to bulk grain constitu-
ents. Rather, the discrimination achieved is most probably due to sec-
ondary effects of fungal colonisation. ZEN frequently co-occurs with
DON and its modified forms in naturally contaminated grains, with
observed correlations of approximately 0.5 (Fredlund et al., 2013;
Teixido-Orries, Molino, et al., 2025). This co-occurrence arises because
both toxin groups are primarily produced by the same Fusarium species
(F. graminearum and F. culmorum), although typically under different
environmental conditions. While the specific metabolic effects of ZEN
contamination on oat grain composition are not well characterised, it is
plausible to hypothesise similar outcomes to those reported for DON,
including changes in hull structure, protein, moisture, and p-glucan
content. These biological associations further justify the high CA ach-
ieved in this study and suggest that spectral methods targeting structural
and compositional alterations may be effective for the simultaneous
detection of multiple mycotoxins. Compared with DON, ZEN classifi-
cation yielded consistently higher accuracies, F1-scores and AUC values
across both spectroscopic techniques. These results suggest that ZEN
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contamination may be associated with more pronounced and/or more
spatially coherent biochemical and physical alterations within oat grains
compared with DON. It is plausible that the infection patterns and
metabolic processes associated with ZEN production induce more
consistent structural or compositional changes, which are particularly
well captured by NIR-HSI due to its spatially resolved acquisition and
averaging across the entire grain surface.

The analysis of the most relevant wavelengths selected for ZEN
classification revealed strong similarities with those identified for DON
contamination (Table 5). For NIR-HSI models, most influential wave-
lengths were concentrated in the NIR regions between 1000-1200 nm
and 1300-1500 nm. These spectral intervals coincide with those previ-
ously associated with Fusarium-related alterations in oat grains and were
also dominant in the DON classification models. Similarly, Vis-NIR
models for ZEN showed relevant wavelengths in the Vis region
(approximately 380-460 nm) and in the longer-wavelength NIR region
around 2300-2500 nm, mirroring the spectral patterns observed for
DON. As discussed in Section 3.4, these regions are linked to indirect
effects of fungal infection, such as changes in grain surface colour, hull
structure, protein composition, moisture distribution and fibre-related
components. The strong overlap between the spectral regions selected
for DON and ZEN classification supports the hypothesis that both toxins
induce comparable biochemical and structural modifications in oat
grains. Importantly, several of the most relevant wavelengths reported
by Ning et al. (2022), primarily between 950 and 1550 nm, overlap with
those identified in our study. Their wavelength selection algorithms
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repeatedly emphasised bands around 1000-1250 nm and 1400-1550
nm. This overlap with our findings strengthens the evidence that these
regions contain indirect spectral signatures associated with ZEN
contamination and its underlying effects on grain composition.

3.6. Classification of individual oat grains exceeding the EU legal
thresholds for both DON and ZEN

Considering the frequent co-occurrence of DON, its modified forms,
and ZEN in oat grains, a combined classification model capable of
detecting samples exceeding both EU regulatory thresholds offers a
practical and efficient solution. This approach allows the identification
of grains contaminated with either toxin using a single model, which is
advantageous for implementation in industrial screening systems.
Table 4 summarises the performance of the classification models
developed to identify oat grains exceeding both legal limits (1750 pg/kg
for DON and 100 pg/kg for ZEN), using NIR-HSI and Vis-NIR
spectroscopy.

For NIR-HSI, the best-performing models were obtained using SNV
and SNV combined with 1st derivative pre-processing. These models
achieved CAs of 93 + 4% and 93 + 3%, respectively, with F1-scores
between 0.64 £ 0.13 and 0.66 + 0.13, and AUC values close to 0.89,
indicating good discriminative ability and robust identification of grains
exceeding at least one regulatory threshold.

For Vis-NIR spectroscopy, the best results were obtained using raw

Table 4
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spectra and SNV pre-processing, yielding CAs of 91 + 5% and 92 + 4%,
respectively, with Fl-scores of 0.47 £ 0.10 and 0.51 + 0.12. Although
these results demonstrate the feasibility of Vis-NIR for combined DON +
ZEN screening, performance was consistently lower than that achieved
with NIR-HSL

Overall, NIR-HSI outperformed Vis-NIR for combined DON + ZEN
classification, in agreement with the trends observed for the individual
DON and ZEN models. Importantly, the classification performance ob-
tained for the combined DON + ZEN models closely mirrors that
observed for DON alone (Section 3.4). Consequently, the inclusion of
ZEN in the combined model does not compromise classification per-
formance but rather extends the practical applicability of the approach
by enabling simultaneous screening for multiple mycotoxins within a
single classification framework.

Analysis of the most relevant wavelengths selected for the combined
DON + ZEN models shows that they largely fall within the same spectral
regions identified for the individual DON and ZEN classifications,
particularly in the Vis range around 400-460 nm, the NIR region be-
tween 1000-1250 nm and 1300-1500 nm, and, for Vis-NIR models, the
longer-wavelength region around 2300-2400 nm (Table 5). These
spectral intervals have already been associated with Fusarium-related
alterations in grain composition and structure, as discussed in previous
sections. Although some individual wavelengths selected in the com-
bined DON + ZEN models did not appear among the top-ranked features
of the individual DON or ZEN models, they remained within these same

Classification accuracies (CAs), F-1 score, confusion matrix, area under the curve (AUC) and most characteristic wavelengths for validation sets in the classification
models of oat grains according to the European Union (EU) legal limit of deoxynivalenol (DON) (1750 pg/kg) and zearalenone (ZEN) (100 pg/kg), obtained using a
soft-voting ensemble classifier (logistic regression + partial least squares (PLS) regression). U = grains above the legal limits; L = grains below the legal limits; SD =

standard deviation.

Equipment Pre-treatment Confusion matrix (%) CA (%) + SD AUC F1-score + SD Most characteristic wavelength (nm)
NIR-HSI (1000-1600 nm) Raw data Actual Predicted 92+ 6 0.88 0.65 £+ 0.15 1497
8] L
U 72 8
L 6 94
SNV Actual Predicted 93+4 0.88 0.66 + 0.13 1481
0) L
U 72 8
L 5 95
1st derivative Actual Predicted 91+7 0.88 0.63 + 0.14 1486
0) L
18} 76 24
L 8 92
1st derivative + SNV Actual Predicted 93+3 0.89 0.64 + 0.14 1491
U L
U 70 30
L 5 95
SNV + 1st derivative Actual Predicted 93+3 0.89 0.64 + 0.13 1491
8] L
U 70 30
L 5 95
Vis-NIR (380-2470 nm) Raw data Actual Predicted 91 +5 0.72 0.47 £ 0.10 2336
8] L
U 44 56
L 5 95
SNV Actual Predicted 92+ 4 0.73 0.51 +0.12 1147
0) L
U 46 54
L 4 96
1st derivative Actual Predicted 88+8 0.63 0.40 + 0.09 998
8] L
U 44 56
L 8 92
1st derivative + SNV Actual Predicted 88+ 4 0.64 0.38 + 0.07 998
U L
U 43 57
L 8 92
SNV + 1st derivative Actual Predicted 88+5 0.65 0.37 + 0.07 977
8] L
U 43 57
L 8 92

11
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Table 5

Twenty most relevant wavelengths of the best obtained classification models for
each mycotoxin and equipment using a soft-voting ensemble classifier (logistic
regression + partial least squares (PLS) regression).

Pre-
treatment

Mycotoxin Equipment 20 most relevant wavelengths

(nm)

DON NIR-HSI
(1000-1600

nm)

1st
derivative +
SNV

1491, 1486, 1312, 1247, 1343,
1252, 1409, 1404, 1399, 1429,
1383, 1267, 1544, 1575, 1198,
1539, 1518, 1533, 1052, 1272
1312, 1486, 1491, 1343, 1544,
1198, 1429, 1383, 1378, 1575,
1481, 1252, 1434, 1409, 1404,
1368, 1533, 1203, 1358, 1528
2336, 456, 2405, 2335, 442, 423,
2355, 411, 465, 2356, 2404,
2385, 414, 2462, 412, 441, 449,
417, 422, 2400

417, 399, 407, 1144, 1145, 1147,
1146, 1205, 1206, 991, 411,
1097, 999, 400, 1143, 1204,
1139, 1148, 465, 1138

1193, 1523, 1481, 1502, 1287,
1173, 1096, 1247, 1282, 1144,
1533, 1237, 1491, 1554, 1292,
1232, 1178, 1419, 1337, 1429
1277, 1282, 1105, 1544, 1110,
1272, 1409, 1297, 1491, 1188,
1363, 1257, 1267, 1549, 1091,
1237, 1554, 1086, 1414, 1404
2360, 2391, 2359, 423, 2403,
440, 2392, 2402, 2361, 2283,
424, 457, 2390, 2362, 2470,
2439, 456, 2282, 2445, 476
1121, 1135, 1101, 1136, 2391,
1201, 1120, 1100, 1119, 1198,
1118, 397, 1180, 1102, 384, 393,
1206, 1122, 414, 398

1481, 1282, 1353, 1497, 1581,
1378, 1419, 1523, 1149, 1272,
1570, 1125, 1414, 1287, 1247,
1292, 1057, 1188, 1096, 1491
1491, 1486, 1343, 1544, 1378,
1312, 1383, 1429, 1272, 1575,
1277, 1358, 1198, 1368, 1373,
1481, 1252, 1528, 1267, 1434
2336, 2335, 2405, 2404, 435,
2355, 456, 2400, 2392, 998,
999, 422, 2391, 2350, 2369,
2401, 2368, 2374, 2460, 991
1147, 1205, 991, 399, 1206,
2336, 1204, 979, 1146, 417, 999,
1444, 407, 465, 2335, 998, 1148,
980, 966, 1145

SNV + 1st
derivative

Vis-NIR (380-
2470 nm)

Raw data

SNV

ZEN NIR-HSI
(1000-1600

nm)

SNV

Ist
derivative +
SNV

Vis-NIR (380-
2470 nm)

Raw data

SNV

DON +
ZEN

NIR-HSI
(1000-1600
nm)

SNV

SNV + 1st
derivative

Vis-NIR (380-
2470 nm)

Raw data

SNV

key spectral ranges. This indicates that the combined model does not
rely on fundamentally different spectral information but rather exploits
complementary wavelengths within established Fusarium-sensitive re-
gions to identify grains contaminated by either mycotoxin.
Importantly, the practical benefits of this combined classification
approach extend beyond accurate prediction. By applying this model, it
would be possible to significantly reduce the concentration of multiple
mycotoxins within a single step. As shown, the removal of grains
exceeding both legal limits could reduce the mean DON concentration
by 89.5%, 98.1% for DON-3G, 95.2% for 15-ADON, 95.7% for 3-ADON,
and 67.0% for ZEN levels. From an industrial perspective, this combined
DON + ZEN classification strategy is particularly attractive. Simulta-
neous identification using a single decision step reduces system
complexity compared with deploying separate classifiers for each toxin
and facilitates integration into real-time sorting lines. Importantly, the
combined models showed prediction times and throughput comparable
to those of the individual DON and ZEN models, indicating that the
expanded detection capability does not impose a computational penalty.
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As a result, the DON + ZEN model offers an efficient and scalable so-
lution for high-throughput grain sorting systems, where robustness,
simplicity and processing speed are critical. However, future research
should address the current imbalance in the distribution of contami-
nated and non-contaminated grains. The scarcity of naturally occurring
highly contaminated grains presents a challenge and limits the robust-
ness of models. Expanding datasets to include a broader range of
contamination levels, particularly grains above regulatory thresholds,
would help validate models under more realistic conditions and improve
their generalisation across oat varieties and environments.

3.7. Multispectral classification models

The selection of the most relevant wavelengths is a critical step in
simplifying spectroscopic models and enhancing their applicability in
real-time, industrial environments (Wan et al., 2020). For this reason,
the two best models for each mycotoxin or mycotoxin combination
(DON, ZEN, and DON + ZEN), and for each equipment (NIR-HSI and
Vis-NIR), were selected and used to extract the 20 most influential
wavelengths (Table 5). These wavelengths were then used to redefine
the classification models using a reduced spectral input in a multispec-
tral configuration. The results of these new models are presented in
Table 6.

In addition, further dimensionality reduction was explored by
retraining the same models using only the top 10 and top 5 wavelengths.
While these configurations offered additional simplification from a
hardware perspective, they generally resulted in a clear decrease in F1-
score and CA, together with increased variability across cross-validation
folds. Consequently, these configurations were considered less robust for
reliable identification of highly contaminated grains and were not
retained for further analysis.

For NIR-HSI, wavelength reduction to 20 spectral bands did not
compromise classification performance and, in some cases, slightly
improved it. For DON classification, multispectral models achieved CAs
of 94 + 4% and 95 + 3%, respectively, with Fl-scores of 0.66-0.67.
These results are comparable to, or marginally higher than, those ob-
tained with the corresponding full-spectrum models, demonstrating that
the most informative spectral information is effectively preserved within
a limited number of wavelengths. Similarly, for ZEN classification,
multispectral models performed exceptionally well. The SNV model
achieved a CA of 98 4 2% (F1-score = 0.72 =+ 0.24), while the 1st de-
rivative + SNV model reached 99 + 1% CA (F1-score = 0.95 =+ 0.11),
closely matching the near-perfect performance observed with full-
spectrum data. For the combined DON + ZEN classification, multi-
spectral NIR-HSI models yielded CAs of 93 + 4% and 92 + 7%, with
stable F1-scores around 0.63-0.66.

In contrast, wavelength reduction had a more pronounced negative
effect on Vis-NIR classification performance. For DON, the multispectral
Vis-NIR models showed a clear decrease in both CA and F1-score
compared with their full-spectrum counterparts. A similar trend was
observed for ZEN and DON + ZEN classifications, where multispectral
Vis-NIR models exhibited lower accuracies and increased variability.
This behaviour reflects the intrinsic differences between the two tech-
niques. Vis-NIR spectroscopy relies on point-based measurements,
which are more sensitive to local heterogeneity, grain orientation and
surface effects. Consequently, full-spectrum models benefit from spec-
tral redundancy that helps compensate for local variability. When the
spectral input is restricted to a limited number of wavelengths, this
redundancy is reduced, leading to a loss of robustness.

From an industrial implementation perspective, these findings
highlight a clear distinction between the two spectroscopic techniques.
NIR-HSI is particularly well suited to multispectral implementations.
This inherent spatial averaging enables reliable classification even when
the spectral input is reduced to a limited number of wavelengths,
making multispectral NIR-HSI highly attractive for real-time grain
sorting applications, such as conveyor-belt systems where large numbers
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Table 6
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Classification accuracies (CAs), F-1 score and confusion for validation sets in the classification of oat grains with redefined models using the 20 most relevant
wavelengths according to the European Union (EU) legal limit for deoxynivalenol (DON) (1750 pg/kg) and zearalenone (ZEN) (100 pg/kg), obtained using a soft-
voting ensemble classifier (logistic regression + partial least squares (PLS) regression). U = grains above the thresholds; L. = grains below the thresholds; SD =

standard deviation.

Mycotoxin Equipment Pre-treatment Confusion matrix (%) CA (%) + SD Fl-score + SD
DON NIR-HSI (1000-1600 nm) 1st derivative + SNV Actual Predicted 94 + 4 0.66 = 0.15
0) L
0) 71 29
L 4 96
SNV + 1st derivative Actual Predicted 95 +3 0.67 +0.13
0) L
0) 69 31
L 3 97
Vis-NIR (380-2470 nm) Raw data Actual Predicted 60 + 26 0.25 + 0.06
0) L
U 71 29
L 41 59
SNV Actual Predicted 86 +9 0.39 +£0.10
0] L
U 48 52
L 10 90
ZEN NIR-HSI (1000-1600 nm) SNV Actual Predicted 98 +2 0.72 £ 0.24
U L
0) 83 17
L 2 98
1st derivative + SNV Actual Predicted 99 +1 0.95 +0.11
U L
8) 100 0
L 1 99
Vis-NIR (380-2470 nm) Raw data Actual Predicted 82 + 22 0.41 £ 0.30
U L
0) 92 8
L 18 82
SNV Actual Predicted 88 + 21 0.53 +0.33
U L
0) 92 8
L 12 88
DON + ZEN NIR-HSI (1000-1600 nm) SNV Actual Predicted 93+4 0.63 +0.13
0) L
U 60 40
L 3 97
SNV + 1st derivative Actual Predicted 922+7 0.66 + 0.18
0] L
0) 72 28
L 6 94
Vis-NIR (380-2470 nm) Raw data Actual Predicted 85 + 20 0.44 +0.14
U L
0) 46 54
L 12 88
SNV Actual Predicted 86 + 14 0.46 + 0.14
U L
0) 56 44
L 11 89

of grains must be assessed rapidly and consistently. In contrast, although
Vis-NIR spectroscopy remains appealing due to its lower cost and
simpler hardware configuration, its classification performance in this
study was more strongly dependent on full-spectrum information, and
even under these conditions its performance remained substantially
lower than that achieved with NIR-HSI. Taken together, these results
support multispectral NIR-HSI as a robust and efficient compromise
between classification performance, computational efficiency and in-
dustrial feasibility. While Vis-NIR may remain suitable for low-cost
screening applications, multispectral NIR-HSI offers a more favourable
cost-benefit balance when robustness and reliability at industrial
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throughput are prioritised.

From a computational perspective, restricting the input from full-
spectrum data to the top 20 selected wavelengths resulted in small but
consistent changes in computation time across configurations. For most
of the best-performing models, the reduction in inference time per
spectrum was modest (typically 0-2%), while in the most favourable
case a reduction of approximately 20% was observed (e.g., ZEN classi-
fication using NIR-HSI with 1st derivative + SNV preprocessing, 7.4 to
5.9 ps). It should be noted that these timings were measured on a
standard workstation under non-controlled conditions and therefore
should be interpreted as indicative rather than absolute. In practical
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sorting lines, this transition to multispectral models significantly en-
hances their feasibility. Reducing the number of wavelengths from
hundreds or thousands to 20 substantially decreases data dimension-
ality, processing requirements, and hardware complexity. Notably,
overall throughput is often dominated by spectral acquisition, illumi-
nation, and data transfer rather than classifier inference time alone.
Consequently, wavelength reduction primarily facilitates hardware
implementation and acquisition speed rather than further reductions in
computation time.

These findings support the deployment of targeted multispectral
sensors for mycotoxin detection, offering a promising route to reduce the
risk of contaminated batches entering the food chain. The demonstrated
robustness of the 20-wavelength NIR-HSI models highlights the strong
potential of this approach.

4. Conclusions

This study demonstrates that spectroscopic techniques can be effec-
tively applied for the detection of individual oat grains contaminated
with DON, its modified forms (DON-3G, 3-ADON and 15-ADON), and
ZEN. Overall, NIR-HSI clearly outperformed Vis-NIR spectroscopy,
providing consistently higher CA and Fl-scores, as well as greater
robustness across all contamination scenarios.

Classification models based on NIR-HSI achieved excellent perfor-
mance, particularly when appropriate spectral pre-treatments were
applied. The most informative spectral information was consistently
located in the NIR regions 1000-1250 nm and 1300-1500 nm, which
were identified as relevant across all toxins and classification tasks.
These regions are associated with indirect biochemical and structural
changes induced by Fusarium infection, likely affecting hull structure,
protein composition and fibre content rather than reflecting direct ab-
sorption by the mycotoxins themselves.

Models combining DON and ZEN detection enabled simultaneous
removal of grains contaminated with multiple mycotoxins, offering a
practical 2-in-1 solution. Applying this combined model could lead to
substantial reductions in overall toxin concentrations, particularly for
DON and its modified forms.

From an applied perspective, the results highlight the advantage of
selectively removing a small fraction of highly contaminated grains,
which are primarily responsible for batch non-compliance. Such tar-
geted screening strategies can prevent unnecessary rejection of entire
oat batches, thereby enhancing food safety and regulatory compliance
while improving sustainability and economic efficiency within cereal
processing chains.

Nevertheless, addressing the current class imbalance and expanding
datasets with naturally contaminated grains would further improve
model robustness and applicability.
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