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ARTICLE INFO ABSTRACT
Keywords: The European livestock sector is highly diverse, comprising beef production systems which differ significantly in
Meat their levels of intensification, from grass-fed cull cows to intensive feedlot systems finishing young cattle.
NIR o Different production practices are directly correlated to different quality grades of beef products, creating op-
Aum?ntlcatlon portunities for differentiation in the market but also increase the risk of fraud. In this paper, we evaluated the
Farming system . . .. .
Quality performances of three spectral devices (two portable visible and NIR and one benchtop visible/NIR) and linear
Extensification discriminant analysis in discriminating beef samples based on the level of intensification of farming systems.
Discrimination performances were influenced by the characteristics of the device (such as the spectral range), as
well as the sample preparation protocol and the dataset split approach chosen for the discriminant model.
Overall, the best classification rates were obtained for samples belonging to the classes associated to the most
distinct characteristics, including animal age and type (cull sucklers cows vs young beef) and production system
(concentrates supplementation vs exclusively grass-fed systems). Misclassification was observed for classes
characterized by high similarity, including animals fattened indoors in feedlots until 14-15 months of age with
similar proportions of concentrates and maize silage. This study showed that visible and NIR spectroscopy
combined with appropriate chemometric tools allow to detect differences in beef composition associated to
different farming practices and degrees of intensification. Portable and lower-cost spectral devices achieved
averagely lower classification accuracy than the benchtop instrument, providing new insights in innovation of
authentication-driven technologies in the beef sector.
1. Introduction over 2023 production, marking a notable upturn after five consecutive
years of decline (Eurostat, 2025). The diversity of production systems
In 2024, Europe produced 42.2 million tons of meat, of which bovine and supply chains in the European beef sector has evolved over decades
meat, including veal (animals <8 months) and beef (>8 months), in response to varied geographical, climatic, economic, and societal
accounted for 15.6% (6.6 million tons). This represented a 3.1% increase conditions across different regions of the continent. While certain
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systems demonstrate high efficiency in terms of environmental impact
or economic performance, others may be less efficient but fulfill critical
roles in land management and rural vitality (Hocquette et al., 2018).
This diversity offers consumers a range of opportunities, but it adds
considerable complexity to the sector (Hocquette et al., 2018). In recent
decades, livestock intensification has resulted in increased productivity
per animal or per unit of land, potentially freeing up agricultural areas
for alternative purposes. However, this production model faces growing
criticism for its ethical and environmental impacts, as the expanding
feed requirements of intensive systems drive land use expansion across
multiple continents (van der Sluis et al., 2016).

Overall, European beef cattle systems can be broadly grouped into
three categories based on management intensity and housing (Dumont
et al., 2017). Intensive feedlot-type systems, representing about one-
third of production, rely on high stocking densities and minimal grass-
land, aiming for uniform products at low cost. Grassland-based systems
dominate in pastoral regions, often linked to quality labels and making
limited use of land suitable for human-edible crops. Mixed crop-live-
stock systems show the greatest variability, facing competition between
crops and livestock but often improving sustainability through diversi-
fied rotations and increased feed self-sufficiency. In reality, many in-
termediate systems blur these boundaries, combining indoor and
outdoor practices according to local conditions and farmer strategies.
The grazing period, for instance, varies considerably by region and can
range from a few months to year-round pasture access in milder climates
(Caumette et al., 2026). The degree of supplementary feeding, housing
infrastructure, and finishing strategies creates a continuum of produc-
tion models rather than discrete categories, reflecting the adaptive na-
ture of European beef farming to diverse territorial contexts (Cozzi et al.,
2025).

The growing interest in meat quality among consumers extends
beyond compositional attributes to include factors belonging to both the
intrinsic and the extrinsic quality traits (Prache et al., 2022; Prieto et al.,
2017). These characteristics are often associated with premium and/or
labeled products, creating opportunities for market differentiation.
However, this also raises concerns about increased risk of fraud.
Consequently, reliable analytical tools are increasingly needed to ensure
authenticity and maintain consumer trust (Dimitrakopoulou &
Vantarakis, 2023). Infrared (IR) spectroscopy has emerged as a prom-
ising technique for meat authentication and classification. Previous
studies have demonstrated its effectiveness as a discriminative tool to
assess meat and meat products based on species, breed, diet,
geographical origin, quality grades, and technological treatments
(Prieto et al., 2017; Sentandreu & Sentandreu, 2014). For beef, the
spectral information relevant for discrimination is captured both in the
visible (Vis) and the near infrared (NIR) regions and generally reflects
differences in colour and chemical composition, including intramus-
cular fat, marbling, fatty acids, protein and moisture content (Barragan
et al., 2021; Kombolo-Ngah et al., 2023; Leon-Ecay et al., 2025). Recent
technological advances have introduced portable and consumer-grade
NIR devices, which offer affordability and convenience, including
reduced analysis time, reduction in number of chemical tests, reduction
of hazards and overall cost (Dixit et al., 2017). Despite their narrower
wavelength range (typically 900-1700 nm), these devices can show
promising results. For beef, it has been demonstrated that portable NIR
devices can be efficient in differentiating feeding systems (grass-fed vs
grain-fed or barley vs corn), with high accuracy for classification models
like linear discriminant analysis (LDA) and partial least squares
discriminant analysis (PLS-DA) (Barragan et al., 2021; Coombs et al.,
2021).

Despite the growing body of literature on beef authentication
through IR spectroscopy based on feeding systems (Barragan et al.,
2021; Coombs et al.,, 2021; Ledn-Ecay et al., 2025; Leodn-Ecay,
Insausti, et al., 2024), the application of this technique for discrimi-
nating beef samples by farm intensification levels remains unexplored.
This study aimed to determine whether production systems with
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different farming practices and degrees of intensification lead to
detectable differences in beef quality when analysed using Vis, NIR, and
combined Vis/NIR spectroscopy coupled with appropriate classification
algorithms. It also sought to assess whether portable, lower-cost spec-
trometers can achieve classification performance comparable to con-
ventional full-range laboratory instruments, with only limited
reductions in accuracy. Accordingly, we evaluated the ability of Vis,
NIR, and combined Vis/NIR technology to classify beef samples ac-
cording to farm intensification level and compared the classification
accuracy of portable devices with that of laboratory-based
spectrometers.

2. Materials and methods
2.1. Samples

Samples analysed in this study were collected within the EU H2020
INTAQT Project (https://h2020-intagt.eu/). A total of 497 beef samples
from the Longissimus thoracis and lumborum muscles, collected between
the 8th and the 9th rib, were included in the study. Samples were
collected from N = 55 fattening beef farms set in five European coun-
tries: Switzerland (N = 20), Spain (N = 5), France (N = 10), Italy (N =
10) and the UK (N = 10). Five to ten animals from each farm were
included in the study. Farms were categorised into six different classes
(referred to as classes, ClassO to Class5 along the manuscript), based on
the level of intensification of the studied farming systems as reported by
Caumette et al. (2026). The main features of the six classes are presented
in Table 1. Briefly, ClassO was represented by suckler farms in France
(FR) fattening cows before culling at 90 months of age, either on pasture
or indoor, in grass-based systems with medium-high levels of feed sup-
plementation (median: 7.3 kg). Classl was represented by Swiss (CH)
suckler beef farms, fattening weaners from 4 to 11 months of age (young
animals) in grass-based systems with few or none concentrates supple-
mentation in the diet (median: 0 kg). Class2 was characterized by young
dairy-beef crosses that arrived in CH farms at 6 months of age and were
fattened until 23 months of age on grasslands with no or minimum
supplementation (median: 0 kg). Class3 included medium-input farms
from the UK, keeping fattening cattle on grasslands from 12 to 27
months of age (yearlings) for most of the year, and supplying a medium
level of concentrate (median: 2.5 kg). Class4 was represented by
medium-input CH farms fattening mixed genetic-type cattle indoors
from 9 to 16 months of age using medium levels of concentrates (me-
dian: 5.8 kg). Class5 included high-input indoor fattening farms from
Italy (IT), Spain (ES) and CH, relying on high levels of concentrates and
maize silage in the diet (median: 8.2 kg) and fattening animals until 14
months. More detailed information is provided in Caumette et al.
(2026).

2.2. Vis and NIR spectra measurements

Spectral data from beef samples were collected using three different
devices. The first device was the FlameNIR spectrometer by Ocean Op-
tics, Inc. (Orlando, FL, USA). This is a portable spectrometer reading
reflectance in the NIR range 935 to 1665 nm and controlled via the
OceanView software. The spectral resolution of the FlameNIR was set to
5-6 nm, and the raw spectra collected with this device consisted of a
total of 128 data points. The second device was a Vis spectrometer
(IndiGo from Goyalab, Talence, France). This is a portable device that
reads reflectance in the Vis range from 380 to 780 nm and is controlled
via Spectrolab software. The spectral resolution of this tool was 0.5 nm.
Only the range between 460.5 and 700 nm was used, thus the raw
spectra collected with this device consisted of a total of 480 data points.
The third device was a NIRS™ DS2500 scanning spectrometer (for the
sake of clarity, DS2500 along the paper), a benchtop laboratory spec-
trometer reading reflectance values in the Vis/NIR range 400 to 2500
nm, run using the ISIscan Nova software package (FOSS Analytical,
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Table 1
Description of intensification classes used in this study, as defined by input-derived variables.
Classes
ClassO Class1 Class2 Class3 Class4 Class5
Genetic type Beef Dairy Mixed Mixed Mixed Mixed
Farms (number and Countries) 10 FR 5CH 5CH 10 UK 8 CH 17 (10 IT, 5 ES, 2 CH)
Slaughter age (months)
median 90 11 23 28 16 14
IQR 79-99 10-11 23-24 24-29 14-16 13-18
Slaughter weight (kg)
median 827 400 585 700 545 550
IQR 800-901 375-420 555-600 650-780 522-562 530-598
Grazing or indoor Grazing Grazing Grazing Grazing Indoor Indoor
HEFI (kg/day/head)
median 7.3 0 0 2.5 5.8 8.2
IQR 5.5-10.9 0-0 0-0 2.0-8.3 2.9-7.1 6.5-8.5
Total fertilization (N/ha UAA)
median 80 89 238 371 213 264
IQR 55-140 82-204 158-260 174-432 166-232 205-327
N meat samples 97 50 50 98 80 122

Countries: CH — Switzerland, ES — Spain, FR - France, IT — Italy, UK — The United Kingdom. IQR = Inter Quartile Range; HEFI = High Energy Feed Inputs, including
concentrates and maize silage; UAA = Utilised Agricultural Area. For further details on farm characteristics and intensification input/output variables, read Caumette

et al. (2026).

Hillergd, Denmark). In this case, the instrumental resolution was set to 2
nm and the raw spectra collected with the DS2500 consisted of a total of
1050 data points.

For the FlameNIR and the IndiGo Vis devices, no previous prepara-
tion of the samples was performed, but the readings were made directly
on the surface of the entire steak (approximately 5 cm?). Samples were
kept at —20 °C until the day of the analysis, when they were thawed at
room temperature. The probes of the devices were placed in contact with
the surface of the steak after covering it with a plastic film purposely
made for contact with food. Ten replicates were made for each sample,
covering different points of the steak surface. Spectra were inspected
using the WinlISI 4 software (FOSS Analytical, Hillersd, Denmark). The
root mean square statistic was used to assess the agreement between
spectral replicates for each sample. These were consequently filtered
choosing a standard value equal to 4374 as a cut-off, to develop a
representative library spectral file, free of errors due to intra-sample
variation, as suggested by Martinez et al. (1998). Then, filtered repli-
cate scans for each sample were averaged prior data analysis. Samples
analysed with the DS2500 were finely ground in liquid nitrogen and
stored at —80 °C from collection until the moment of the analysis. On the
day of the analysis, samples were defrosted at room temperature (about
one hour) and in the dark. Approximately 5 g of sample was used to fill
the entire surface of a specific small ring cup with a quartz-glass window
(50 mm diameter and 10 mm thickness) used for the readings. Each
spectrum obtained with the DS2500 tool represented the average of 32
sub-spectra acquired during the automatic rotation of the cup. Two
replicates were made on each sample, and these were averaged before
data analysis. All spectral data were collected as reflectance and con-
verted into absorbance expressed as logio(1/Reflectance).

2.3. Chemometric procedure and statistical analysis

Data pre-processing techniques were applied to the absorbance
datasets, to reduce noise effect and variability incurred by the light
scatter effect. The effect of the different data pre-treatments, including
mathematical treatments (derivatives), smoothing and scatter correc-
tion techniques (standard normal variate and multiplicative scatter
correction) and their combinations was evaluated in terms of overall
classification errors on the models (data not reported). The best choice
for all the spectral data analysed in this study was determined as first
Norris derivative - 1,4,4,1 (Hopkins, 2001) followed by Savitzky-Golay
polynomial smoothing (Savitzky & Golay, 1964) of a 3-order poly-
nomial and 11-point (FlameNIR and DS2500 datasets) or 31-point

(IndiGo dataset) window. In the mathematical calculation of first de-
rivative 1,4,4,1, the first digit indicates the derivative order, the second
digit indicates the gap size, the third digit indicates the segment size and
the fourth digit indicates the repetition factor. After data pre-treatment,
a down-sampling step using a factor of 3 or 4 was performed on the
datasets obtained from the IndiGo device (from 0.5 nm to 2 nm, 481 to
120 data points) and the DS2500 device (from 2 nm to 6 nm, 1050 to 259
data points), in order to reduce dimensionality of dataset, decrease
collinearity between adjacent wavelength and speed up the following
computations without losing signal information.

Samples were labeled using ClassO to Class5 as determined in Section
2.1. For each dataset, the algorithm developed by Kennard & Stone
(1969) was used to split the samples into the calibration (70%) and
validation (30%) subsets. The data were split balancing the proportion
of samples from each class in both in the calibration and in the valida-
tion sets, ensuring that all classes were represented in the same pro-
portions as the original dataset. Two dataset split approaches were
considered in this study. In the first case, the farm of origin of the sample
was not considered, to focus specifically on the ability of the model to
classify individual samples in the corresponding class. In this case (An-
imal-split), animals coming from the same farm were split in both the
calibration and the validation set, and the experimental unit was rep-
resented by the individual (N = 497). In the second case, the effect of the
farm of origin was taken into account, to check whether samples coming
from a hypothetical external farm with respect to the ones used for
training the model would be correctly classified by the same algorithm
as the individual samples. In this case (Farm-split), the experimental unit
was the farm (N = 55), and samples collected in 41 farms were combined
into the calibration set, while samples collected in the remaining 14
farms were combined into the validation set. First, an exploratory
analysis was performed to observe the existence of natural groupings.
For this purpose, principal component analysis was applied to the
overall spectral data set. After that, LDA was used as a classification
method. A first round of LDA was performed on the whole dataset,
including all the spectral variables. Afterward, the Covariate Selection
(CovSel) algorithm was tested for relevant feature selection before LDA
(Roger et al., 2011). Briefly, the CovSel algorithm is an iterative process
based on the calculation of the covariance matrix between the original
variables: it selects the most informative feature among the group of
correlated variables and removes others, to avoid redundancy. In the
case of discrimination analysis, the covariance maximized by the CovSel
algorithm is a compromise between X variance (spectral variables in the
dataset), Y variance (response variable, in our case the class) and their
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correlation, identifying the variables of X which explain Y the most
(Roger et al., 2011). The calibration subset from each dataset was used
in the variable selection step. In each subset, the CovSel algorithm was
routinely applied to filter 1 to 100 original variables, in order to retain
the maximum number of original variables representative of the original
spectra, avoiding collinearity in the X matrix. The best CovSel variables
threshold was selected on the basis of a 10-fold cross-validation (CV)
performed on the calibration set, selecting the number of CovSel vari-
ables which maximized the classification accuracy in CV at the knee
point (Supplementary Materials, Fig. S1). Consequently, the validation
set was used for the predictions and model validation. Confusion
matrices were used to evaluate the performance of the individual
models, along with the sensitivity, specificity, precision, F1 score, false
discovery rate (FDR) and balanced accuracy (BAC) (Opateye et al.,
2025). These metrics have been calculated as it follows:

TP
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= true negatives; k = k class; K = number of classes. The accuracy for
each class, along with individual metrics and the confusion matrix, was
also assessed by analysing the receiver operating characteristic (ROC)
curves and area under the curve (AUC) for each class (Flach et al., 2003).
Permutation tests on the final models (validation) for the balanced ac-
curacy, misclassification and AUC metrics were performed on the vali-
dation sets with thousand permutations for each model, in order to
reduce the risk of overfitting. Statistical analysis was performed using
the following packages of R (v 4.4.1) run in RStudio (v 2024.09.0): caret,
MASS, mixOmics, prospectr and signal.

3. Results
3.1. Vis/NIR spectra

Fig. 1 shows the overlapped spectra for each class obtained by the
FlameNIR, IndiGo and DS2500 devices, raw (expressed as absorbance)
(Fig. 1a, c, e) and after application of the first derivative and Savitzky-
Golay smoothing (Fig. 1b, d, f). Although spectra for the different
levels of intensification showed a similar trend, differences may be
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observed among spectra obtained through the three devices. Spectra
from FlameNIR, IndiGo, and DS2500 revealed characteristic absorption
bands associated with the main components of meat. In the first deriv-
ative spectra, the FlameNIR (Fig. 1b) showed the maximum peaks at
1017 nm, 1216 nm, 1256 nm, 1354 nm, 1519 nm, 1587 nm and 1626
nm, and the minimum peaks at 965 nm, 1152 nm, 1239 nm, 1348 nm,
1400 nm, 1564 nm and 1620 nm. The IndiGo showed maximum peaks at
466 nm, 496 nm, 510 nm, 554 nm, 588 nm and 654 nm, and minimum
peaks at 494 nm, 502 nm, 530 nm, 572 nm, and 626 nm (Fig. 1d). The
DS2500 showed maximum peaks at 454 nm, 558 nm, 590 nm, 654 nm,
1022 nm, 1110 nm, 1222 nm, 1350 nm, 1542 nm, 1694 nm, 1734 nm,
1806 nm, and minimum peaks at 534, 574, 522, 950, 1142, 1334, 1390,
1870 nm, plus several narrower shifting in the region ranging from 2000
to 2500 nm (Fig. 1f).

3.2. Discrimination of the different intensification levels

Initial classification analysis was performed using LDA on the com-
plete spectral datasets for the three devices, and the results are reported
in Supplementary Table S1. Fig. 2 shows the CovSel variables selected
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Fig. 2. CovSel variables highlighted for the FlameNIR (a: Animal-split; b: Farm-split), IndiGo (c: Animal-split; d: Farm-split) and DS2500 (e: Animal-split, f: Farm-
split) devices. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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for each of the three devices, highlighted on the average spectra (raw
and after first-derivative calculation and Savitzky-Golay smoothing) and
calculated using both Animal- and Farm-split approaches. Results from
the 10-fold CV performed on the calibration set during the tuning of the
model led to the choice of 39 and 37 features from FlameNIR (Animal-
and Farm-split, respectively), 37 and 30 features for IndiGo, 44 and 23
features for DS2500. The variables selected by the CovSel algorithm
were distributed along the entire spectra for the FlameNIR (Fig. 2 a and
b) and IndiGo (Fig. 2 c and d) devices, while they were more gathered in
the first (400-700 nm) and last (1700-2500 nm) segments of the spec-
trum for the DS2500 (Fig. 2 e and f), with fewer wavelengths selected in
the intermediate region (700-2300 nm).

The overall performance of the LDA models calculated using the
CovSel-selected wavelengths is shown in Table 2. For all three devices,
the model built on the dataset using the Animal-split demonstrated
comparable metrics in calibration but higher in validation than the
model built using the Farm-split. With the Animal-split, the validation
BAC was 0.87 for FlameNIR, and 0.89 for both IndiGo and DS2500. With
the Farm-split, the validation BAC was 0.74 for FlameNIR, 0.79 for In-
diGo and 0.85 for DS2500. In this scenario, the three devices showed
comparable performances when using the Animal-split. However, the
models built using spectral data collected by the DS2500 showed the
lowest gap in performances between the two dataset split approaches,
and reaching the highest sensitivity, specificity, precision, F1 score and
BAC (and the lowest FDR) when using the Farm-split. The FlameNIR
showed the lowest performances with both the dataset split approaches
tested and with the highest gap observed between the Animal- and the
Farm-split. Finally, the IndiGo showed equal performances than the
DS2500 for the Animal-split, while, when switching to the Farm-split,
intermediate performances between DS2500 and FlameNIR were
observed for this device.

Tables 3 and 4 show the metrics per group and the confusion
matrices obtained by the CovSel-LDA model for the three devices on the
Animal- and Farm-split, respectively, and Fig. 3 shows the AUC-ROC
curves for each class. Metrics and confusion matrices obtained in cali-
bration for the models are presented in Supplementary Material Tables
S2 and S3. Regarding the Animal-split, excellent performance across all
devices was observed with AUC values ranging from 0.90 to 0.99. When
switching to the Farm-split, a moderate to substantial performance
decrease was observed, with the AUC values falling up to 0.72-0.79 for
Class4 and Class3 with the FlameNIR (Fig. 3 b) and the IndiGo (Fig. 3 d).
Some classes were more predictable than others. Overall, ClassO showed
the highest number of correctly classified samples, reaching 83.3%
(IndiGo), 86.7% (FlameNIR) and 100.0% (DS2500) precision with the
Animal-split (Table 3), while less correct classifications were observed
with the Farm-split (Table 4). Particularly, for the FlameNIR, these

Table 2
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values showed a significant decrease, from 86.7% to 46.7%, from the
Animal- to the Farm-split. Class5 showed good and consistent precision,
ranging from 83.3 to 85.7% in the Animal-split (Table 3) to 60.5-89.7%
in the Farm-split (Table 4). This was the class that showed the less
variability among split approaches and devices. Class3 was relatively
stable, reaching 82.8% to 89.7% precision for the DS2500 and IndiGo
devices respectively with the Animal-split (Table 3), and decreasing to
71.4% and 77.8% with the Farm-split (Table 4). Higher gap between the
two split approaches was observed for the precision of Class3 using
FlameNIR, decreasing from 89.7% (Animal-split; Table 3) to 70.0%
(Farm-split; Table 4). On the other hand, Classl and Class2 showed
unstable behavior depending on the spectral tool and the dataset split
approach. For Classl, classification precision ranged from 60.0%
(DS2500) to 85.7% (FlameNIR and IndiGo) in Animal-split (Table 3),
while from 70.0% (DS2500) to 80.0% (FlameNIR) in Farm-split
(Table 4). For Class2, classification precision ranged from 53.3% (Fla-
meNIR) to 93.3% (DS2500) with Animal-split (Table 3) and increased
from 80.0% (FlameNIR and IndiGo) to 100.0% (DS2500) in Farm-split
(Table 4). Finally, Class4 showed moderate to good precision in the
Animal-split approach (58.3% to 79.2% depending on the device;
Table 3), but a drastic decrease was observed for all the devices when
switching to the Farm-split, where 20.0% to 47.4% precision was
observed (Table 4).

Supplementary Fig. S2-S4 show the results of the permutation tests
for both dataset split approaches of the final models. An empirical p-
value of 0.009 was observed for all the models (devices, split approaches
and metric considered).

4. Discussion
4.1. Characteristics of the three devices and data analysis

The absorption bands observed in the spectra from the three devices
tested in this study reflected contributions from water, protein, and lipid
components, confirming trends widely documented in the literature
(Cozzolino & Murray, 2004). In the Vis range, absorption bands between
480 and 580 nm could correspond to myoglobin- and oxymyoglobin-
related regions (Leon-Ecay, Lopez-Campos, et al., 2024). These absorp-
tion bands were observed in both IndiGo and DS2500 devices. In the NIR
range, the spectral bands observed around 1450-1468 nm for both
FlameNIR and DS2500 could be associated with O—H overtones asso-
ciated with moisture (Andrés et al., 2008). Additionally, DS2500
revealed combination bands related to water absorption near 1935 nm
(Alomar et al., 2003). Protein-related N—H overtones were evident in
the NIR region between 1190 and 1510 nm for both FlameNIR and
DS2500 (Dixit et al., 2017). For these devices, fat bands were detected in

Metrics in calibration (Cal) and validation (Val) for the three devices (FlameNIR, 935-1665 nm; IndiGo, 460.5-700 nm and DS, 400-2500 nm) and the two dataset split

approaches (Animal-split and Farm-split).

Device
FlameNIR IndiGo DS2500
Dataset split approach Metric Cal Val Cal Val Cal Val
Animal Sensitivity 0.81 0.78 0.85 0.82 0.89 0.82
Farm 0.86 0.56 0.84 0.66 0.83 0.73
Animal Specificity 0.96 0.96 0.96 0.96 0.98 0.96
Farm 0.97 0.91 0.97 0.93 0.97 0.96
Animal Precision 0.82 0.77 0.83 0.78 0.90 0.81
Farm 0.86 0.63 0.84 0.67 0.83 0.78
Animal F1 score 0.81 0.77 0.84 0.79 0.89 0.81
Farm 0.86 0.56 0.84 0.65 0.83 0.72
Animal FDR 0.18 0.23 0.17 0.22 0.10 0.19
Farm 0.14 0.37 0.16 0.33 0.17 0.22
Animal BAC 0.89 0.87 0.91 0.89 0.93 0.89
Farm 0.91 0.74 0.90 0.79 0.90 0.85

BAC = Balanced Accuracy; FDR = False Discovery Rate.
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Table 3
Metrics and confusion matrix for the validation of the CovSel-LDA model obtained using spectral data from the three devices using the Animal-split approach.

Device: FlameNIR (39 CovSel variables)

Validation metrics

Confusion matrix

Predicted Class in Validation (%)

Class0 Class1 Class2 Class3 Class4 Class5 True Class ClassO Class1 Class2 Class3 Class4 Class5
Sensitivity 0.72 0.75 0.73 0.84 0.82 0.83 ClassO 86.7 7.1 13.3 3.4 8.3 11.4
Specificity 0.96 0.98 0.95 0.97 0.92 0.95 Class1 3.3 85.7 6.7 0 8.3 0
Precision 0.87 0.86 0.53 0.90 0.58 0.86 Class2 3.3 0 53.3 3.4 4.2 0
F1 score 0.79 0.80 0.62 0.87 0.68 0.85 Class3 0 7.1 0 89.7 16.7 0
FDR 0.13 0.14 0.47 0.10 0.42 0.14 Class4 0 0 13.3 0 58.3 2.9
Sample size (N) 30 14 15 29 24 35 Class5 6.7 0 13.3 3.4 4.2 85.7

Device: IndiGo (37 CovSel variables)
Confusion matrix Predicted Class in Validation (%)

Validation metrics

Class0 Class1 Class2 Class3 Class4 Class5 True Class ClassO Class1 Class2 Class3 Class4 Class5
Sensitivity 0.93 0.80 0.99 0.80 0.76 0.65 ClassO 83.3 0 0 6.9 0 0
Specificity 0.96 0.98 0.96 0.93 0.96 0.94 Class1 0 85.7 0 6.9 0 2.8
Precision 0.83 0.86 0.67 0.69 0.79 0.83 Class2 0 0 66.7 0 0 0
F1 score 0.88 0.83 0.80 0.74 0.78 0.73 Class3 10 0 0 69 0 5.6
FDR 0.17 0.14 0.33 0.31 0.21 0.17 Class4 0 7.1 0 6.9 79.2 8.3
Sample size (N) 30 14 15 29 24 36 Class5 6.7 7.1 33.3 10.3 20.8 83.3

Device: DS2500 (44 CovSel variables)
Confusion matrix Predicted Class in Validation (%)

Validation metrics

Class0 Class1 Class2 Class3 Class4 Class5 True Class ClassO Class1 Class2 Class3 Class4 Class5
Sensitivity 0.99 0.82 0.82 0.86 0.64 0.79 ClassO 100 0 0 0 0 0
Specificity 0.99 0.96 0.99 0.96 0.94 0.95 Class1 0 60 0 6.9 0 0
Precision 0.99 0.60 0.93 0.83 0.67 0.84 Class2 0 13.3 93.3 0 0 2.7
F1 score 0.99 0.69 0.88 0.84 0.65 0.82 Class3 0 20 0 82.8 4.2 0
FDR 0.00 0.40 0.07 0.17 0.33 0.16 Class4 0 6.7 6.7 6.9 66.7 135
Sample size (N) 29 15 15 29 24 37 Class5 0 0 0 3.4 29.2 83.8

FDR: False Discovery Rate.

Table 4
Metrics and confusion matrix for the validation of the CovSel-LDA model obtained using spectral data from the three devices using the Farm-split approach.

Device: FlameNIR (37 CovSel variables)

Validation metrics

Confusion matrix

Predicted Class in Validation (%)

Class0 Class1 Class2 Class3 Class4 Class5 True Class ClassO Class1 Class2 Class3 Class4 Class5
Sensitivity 0.78 0.47 0.36 0.53 0.47 0.77 ClassO 46.7 10 0 10 0 0
Specificity 0.86 0.98 0.99 0.90 0.90 0.85 Class1 13.3 80 0 6.7 15 0
Precision 0.47 0.80 0.80 0.70 0.40 0.61 Class2 6.7 0 80 6.7 0 7.9
F1 score 0.58 0.59 0.50 0.60 0.43 0.68 Class3 10 10 20 70 40 15.8
FDR 0.53 0.20 0.20 0.30 0.60 0.39 Class4 10 0 0 0 40 15.8
Sample size (N) 30 10 5 30 20 38 Class5 13.3 0 0 6.7 5 60.5

Device: IndiGo (30 CovSel variables)
Confusion matrix Predicted Class in Validation (%)

Validation metrics

Class0 Class1 Class2 Class3 Class4 Class5 True Class ClassO Class1 Class2 Class3 Class4 Class5
Sensitivity 0.95 0.78 0.53 0.70 0.36 0.61 ClassO 70 0 0 3.7 0 0
Specificity 0.92 0.98 0.98 0.94 0.87 0.89 Class1 0 77.8 0 3.7 0 2.5
Precision 0.70 0.78 0.80 0.78 0.20 0.75 Class2 3.3 0 80 0 10 10
F1 score 0.81 0.78 0.64 0.74 0.26 0.67 Class3 20 11.1 0 77.8 0 5
FDR 0.30 0.22 0.20 0.22 0.80 0.25 Class4 3.3 0 0 11.1 20 7.5
Sample size (N) 30 9 10 27 20 40 Class5 3.3 11.1 20 3.7 70 75

Device: DS2500 (23 CovSel variables)
Confusion matrix Predicted Class in Validation (%)

Validation metrics

Class0 Class1 Class2 Class3 Class4 Class5 True Class ClassO Class1 Class2 Class3 Class4 Class5
Sensitivity 0.83 0.54 0.42 0.89 0.90 0.83 ClassO 92.3 0 0 11.4 0 2.6
Specificity 0.98 0.98 1.00 0.91 0.92 0.96 Class1 0 70 0 14.3 5.3 0
Precision 0.92 0.70 1.00 0.71 0.47 0.90 Class2 0 20 100 2.9 10.5 5.1
F1 score 0.87 0.61 0.59 0.79 0.62 0.86 Class3 7.7 10 0 71.4 0 0
FDR 0.08 0.30 0.00 0.29 0.53 0.10 Class4 0 0 0 47.4 26
Sample size (N) 26 10 5 35 19 39 Class5 0 0 0 36.8 89.7

FDR: False Discovery Rate.
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Fig. 3. ROC Curves and AUC values (under each curve) of the five intensification classes (ClassO to Class5) for the FlameNIR (a: Animal-split; b: Farm-split), IndiGo
(c: Animal-split; d: Farm-split) and DS2500 (e: Animal-split, f: Farm-split) devices. (For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)

the NIR region around 1200 nm (Sierra et al., 2008). Further, the bands
beyond 2300 nm detected by DS2500, could align with C—H and C=C
groups of fatty acids combination tones (Cozzolino & Murray, 2004).
When LDA was first applied to the raw dataset without prior variable
selection, the model showed apparently excellent calibration perfor-
mance (calibration BAC > 0.95), yet the marked difference between
calibration and validation metrics indicated overfitting (validation BAC
0.63-0.94). Moreover, the intrinsic nature of NIR data poses its own
challenge because collinearity among the variables is very high, leading
to stability problems when some multivariate models, such as LDA, are
applied (Nees & Mevik, 2001; Roger et al., 2011). Thus, the CovSel al-
gorithm proposed by Roger et al. (2011) was used to identify the most
informative and least redundant wavelengths. This variable reduction
technique specifically targets the collinearity problem inherent in
spectral data by selecting a subset of wavelengths that maximizes the

covariance between the spectral matrix and the response variable while
minimizing redundancy among selected variables. This approach not
only mitigates overfitting when the LDA technique is used but also im-
proves model interpretability by identifying the specific spectral regions
most relevant for discriminating between classes. The sets of CovSel-
selected wavelengths for the three devices tested in this study covered
different spectral ranges, but in all cases, very few differences were
observable between the two dataset split approaches for the specific
wavelengths selected. Interestingly, in the DS2500 datasets the variables
selected by the CovSel algorithm included only 6 over 44 (Animal-split)
wavelengths and 5 over 23 (Farm-split) wavelengths in the FlameNIR
range (Fig. 2). At the same time, 13 (Animal-split) and 8 (Farm-split)
wavelengths among the CovSel variables selected in the DS2500 were in
the IndiGo range. This finding may be explained by differences in the
instrumental characteristics of the spectral devices. Since the DS2500
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operates across a substantially broader spectral range individual wave-
lengths in the reduced NIR region 1100-1600 nm may have provided
redundant information relative to the FlameNIR dataset, potentially
introducing multicollinearity that prompted their exclusion from the
CovSel algorithm and the selection of the optimal variables number step.
Consequently, the extended spectral coverage of the DS2500 likely
enabled the classification algorithm to identify discriminant features
distributed throughout the spectrum. At the same time, the selection of
several wavelengths in the Vis (400-700 nm) and extended NIR region
(1600-2500 nm) in the DS2500 datasets suggested that such spectral
regions had a significant contribution in driving the discrimination ob-
tained through the CovSel-LDA models, confirmed by the comparable
classifications obtained using the DS2500 and the IndiGo devices.

4.2. Performance of the different protocols and devices

The application of CovSel-LDA protocol for discriminating beef
samples according to farm intensification level revealed differences in
the classification performances based on spectral device, sample prep-
aration protocols, and the dataset split approach considered. Notably,
the LDA model applied under the Animal-split yielded comparable
performances across the three devices, with the IndiGo and DS2500
achieving identical accuracy value and the FlameNIR scoring only
marginally lower. However, when switching to the Farm-split, the
DS2500 maintained consistent accuracy with that obtained through the
Animal-split, whereas both the IndiGo and the FlameNIR showed a
notable decline, reaching lower performances if compared to the
DS2500. These differences are likely attributable to multiple methodo-
logical factors along with instrumental specifications. Each tool is
defined by a series of technical characteristics that directly influence
spectral performances and field applicability, including wavelength
range, data point interval, wavelength accuracy, spectral resolution, and
so on. The three devices tested in this study differed substantially in their
spectral coverage. In this scenario, only the DS2500 captured vibrational
signals across the first, second, and third vibrational overtone regions, as
well as combination tones and signals withing the Vis range, whereas the
FlameNIR covered only the second and third overtone regions, and the
IndiGo operated exclusively in the Vis range (Fig. 1). Moreover, the
shorter data-point interval of DS2500 and IndiGo compared to the Fla-
meNIR may have contributed to their superior classification perfor-
mance. Indeed, a denser spectral sampling allows capturing signals from
beef traits not necessarily linked to specific vibrational properties and
generally benefit of a larger number of wavelengths collected even to
develop accurate calibration equations, as reported by Patel et al.
(2021). Consistent with this, in a parallel study (Lopez et al., n.d.), we
observed superior performances of the DS2500 in predicting the
biochemical composition of beef samples relative to both the FlameNIR
and the IndiGo, while the latter showed a strong predictive ability
(comparable to the DS2500's one) for molecules associated with respi-
ratory pigments, whose vibrational signals are expressed in the Vis
range.

Another key differential factor was the variation in the sample
preparation protocol between spectral recordings with different devices.
While measurements with the FlameNIR and the IndiGo were performed
on intact meat surfaces, DS2500 analyses required prior to grinding and
homogenization of samples. This distinction is highly significant, as
spectral absorbance intensity is known to differ between intact and
homogenized matrices due to differences in light-scattering behavior.
Literature findings regarding the effects of meat sample preparation
(intact vs homogenized) are conflicting, with an average higher effi-
ciency recorded when working on intact samples. Some authors re-
ported superior prediction of meat quality traits and detection ability of
dark-cutting beef using intact steaks rather than ground meat samples
(De Marchi et al., 2013; Prieto et al., 2014), attributing this advantage to
the fact that homogenization severely disrupts muscle architecture
(through fiber destruction and randomization), eliminating structural
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attributes (such as colour, texture, juiciness) and classification-relevant
information. However, the same authors reported that the structural
complexity of intact meat, generating substantial light scattering, makes
the full-range Vis/NIR instrumentation needed to achieve adequate
classification results, rather than instruments covering only specific Vis
or NIR ranges. At the same time, Leon-Ecay, Insausti, et al. (2024) ob-
tained better classification of beef from grass-, barley- and corn-fed
cattle using ground rather than intact samples, attributing this result
to the reduction of light scattering resulting from the homogenization
step. Further and last distinguishing factor in the analysis protocols of
the devices tested in this study was the differing approaches to mea-
surement replicates. Namely, being applied on the intact meat samples,
the FlameNIR and IndiGo protocols incorporated ten replicate scans per
sample, to cover as many surface locations as possible. Consequently,
replicate filtering followed by detection and removal of uneven spectra
before averaging in each sample was performed, assuring that repre-
sentative mean spectra were obtained from the replicate readings
(Martinez et al., 1998). Conversely, the DS2500 protocol, which was
applied to finely ground meat samples (higher homogeneity of the ma-
trix), included only two replicates for ground meat samples, which were
averaged before data analysis. The variations in spectral analysis pro-
tocols, including sample treatment (intact vs ground meat) and mea-
surement replicates (ten vs two), were fundamentally different factors
that may have influenced the performance of the chemometrics models
along with the infrared technology (different devices and spectral
range).

Regardless of the device used, classification accuracy decreased
when transitioning from the Animal- to the Farm-split approach, with
the only exception of FlameNIR in calibration. Higher gap between
calibration and validation performances was observed with the Farm-
split compared to the Animal-split. This pattern indicated in general,
that while the models performed well on the collected dataset, their
generalizability to samples from farms not represented in the calibration
set was reduced. This decrease in performance when using the Farm-
split could be attributable to two key factors. First, this approach
resulted in a data partition that consisted of only N = 15 farms included
in the validation set. This relatively small number of validation farms
may have limited the accuracy of performance estimates. Second, the
inherent challenge of the external validation strategy, in which samples
from the validation farms were completely absent from the calibration
data, prevented the model from learning any farm-specific characteris-
tics that might influence spectral profiles. This represented a more
realistic assessment of the model performance in practical applications,
where predictions must be made on samples from previously unseen
farms. However, the Farm-split, while yielding lower accuracy, provides
a more rigorous assessment of model generalization to samples from
previously unseen production systems. This dataset split approach en-
sures that farm-specific signatures, which may reflect factors such as
management practices, local feed sources, or environmental conditions,
do not influence performance estimates. In contrast, the Animal-split,
though achieving higher accuracy, included samples from the same
farms in both calibration and validation sets. This allows the model to
potentially leverage farm-specific patterns, which can increase perfor-
mance estimates because the validation samples resemble those used for
calibration. Actually, this effect was expected, since when calibration
and validation datasets share samples from the same origin (batch, farm,
country), model statistics may be overoptimistic as the results may
reflect relationships specific to that dataset rather than genuine gener-
alizability to new samples or conditions (Patel et al., 2021). In this
context, the Farm-split approach represents a more conservative yet
more realistic benchmark for practical application, reflecting scenarios
in which the farms present in the validation set are absent from the
calibration set.
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4.3. Discrimination of beef samples according to intensification levels

The experimental design presented in this study was characterized
by notable classification challenges: the six-class structure represents a
relatively complex discrimination strategy, particularly given that
several classes shared substantial similarities in their underlying char-
acteristics. Some farming systems under investigation exhibited over-
lapping features that naturally resulted in less distinct spectral
boundaries between some specific classes, reflecting the real-world
continuum of agricultural practices. Results from the LDA models
showed differences in the classification performance metrics for the
different classes included in this study (ClassO to Class5). Overall, the
best results were obtained for Class0O and Class5 across different devices.
ClassO represented the most distinct class in the dataset in terms of
characteristics of slaughtered animals, being characterized by FR suckler
cows fattened before culling (90 months, 827 kg), supplied medium-
high concentrate levels (median: 7.3 kg/day). Age, breed and geno-
type/breed, are known to be major factor of variations in several quality
traits for meat, encompassing both sensory properties (including colour)
and chemical composition, including water holding capacity, intra-
muscular fat content, collagen solubility and meat structure, with meat
from younger animals being lighter, tender and leaner, with higher
moisture content (Clinquart et al., 2022; Maltin et al., 1998; Moloney
et al., 2022; Scollan et al., 2014). In addition to intrinsic factors, envi-
ronmental and management factors, including animal feeding strategies,
play an uncontroversial role in determining meat quality, with partic-
ular influence on fatty acids composition, with grass-fed cattle (with no
concentrates) showing higher polyunsaturated fatty acid content,
especially o-linolenic acid content, and, consequently, lower n-6/n-3
ratios (Nogoy et al., 2022; Prache et al., 2020; Varre et al., 2025). It was
previously reported that differences in spectral features are observable
between different cattle diets, with meat from grass-fed cattle vs grain-
or cereal-fed cattle being correctly discriminated by Vis, NIR and com-
bined Vis/NIR spectral information obtained through portable devices
and discriminant models (Coombs et al., 2021; Leon-Ecay, Insausti,
et al.,, 2024). The combination of advanced age and weight at
slaughter and high concentrate intake have probably generated a cu-
mulative spectral signature that placed ClassO sufficiently far from the
other classes in the spectral features space. Most misclassified samples
from ClassO were classified as Class3. Such misclassification patterns
observed for these classes could be partially explained by similarities in
their chemical composition, given that these two classes were repre-
sented by grazing sucklers and beef >2 years supplemented by medium
to high amounts of concentrates, sometimes overlapping, which could
have led to a comparable chemical composition (fat content, lipid pro-
file) detected through spectral analysis. Actually, Class3 was charac-
terized by UK yearlings fattened until 28 months on grasslands with a
moderate level of concentrate input (median: 2.5 kg). Class5 represented
the more consistent class when switching from the Animal- to the Farm-
split approach. Class5 (IT, ES and CH farms) was represented by animals
fattened in indoor feedlots until 14 months of age (550 kg), and with the
highest proportion of high-energy feed inputs (median: 8.2 kg/day),
including concentrates and maize silage. Due to this characteristic,
Class5 was probably distinguished by a specific spectral signature
associated to the elevated high energy feed inputs. Moreover, highly
standardized management practices typical of feedlot system (including
the high-energy diet and the uniform slaughter age) could have
contributed to a relatively homogeneous sample, nevertheless the multi-
country origin of samples from this class (IT, ES and CH). This could
suggest that feedlot practices converged toward similar spectral profiles
regardless of geographic origin, and that this diversity may reinforce
intra-class consistency (even more than Class0) and therefore inter-class
separability. Even Class3 was relatively stable to the switching dataset
split approach, showing similar classification in both the Animal- and
the Farm-split, and without showing a misclassification pattern toward
any specific class. This overlaps with the other classes suggested that,
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although the model captured differences between this grass-based sys-
tem from UK, similarities with other systems (considering both animal
and management factors) introduced confusion.

Across all models, a consistent proportion of samples from Class4
were misclassified as Class5. Class4 comprised animals from CH farms
where animals were fattened indoor until 16 months of age (545 kg)
with a median high-energy feed input of 5.8 kg/day. Thus, this class
differed from Class5 for the lower amount of concentrates furnished to
animals and for its mono-country origin. Under the Animal-split
approach, the models performed reasonably well in recognizing spe-
cific patterns of medium vs high intensification levels. However, when
switching to the Farm-split approach, the model could not generalize
such differences across farms, which were characterized by different
feed formulations and animal genetic types (beef, dairy and their
crosses). This class was characterized as the one more sensitive to the
farm effect and it could be supposed that, at the farm-level, spectral
variations related to the farm effect may have overwhelmed the differ-
ence in spectral signal related to the grade of intensification. The pres-
ence of some differences within the same class led to a continuum rather
than discrete separation between the two classes, and consequently to an
overlap for some farms from these classes. In discrimination methods
based on NIR spectroscopy, high variability in specific chemical entities
among the classes of interest leads to better model accuracy (Alomar
et al., 2003), which was not the case for these two closely related
intensive systems. Chemical similarity between the two classes could
have likely contributed to the classification confusion. As evidenced
above, meat from cattle fed high levels of concentrates, especially corn,
is chemically distinguishable from meat from grass-fed cattle and such a
difference can be captured by spectral analysis. Grain-fed beef meat
from indoor systems is usually characterized by higher concentrations of
intramuscular fat content, higher percentages of saturated fats and
higher proportions of n-6 fatty acids (Varre et al., 2025). Moreover,
grain-fed beef meat was frequently observed to be lighter in colour than
beef from grazing cattle, which most likely reflects changes in muscle
characteristics (increase of myoglobin concentration) because of the
physical activity of grazing cattle (Moloney et al., 2022) and increased
marbling (Klopatek et al., 2022).

Classl and Class2 represented the most challenging classes in the
model, sharing a common biological background. Both comprised ani-
mals raised exclusively at pasture in CH grasslands, without concen-
trates, and differing exclusively in slaughter age and weight (11 months,
400 kg for Class 1 and 23 months, 585 kg for Class2) and genetic type
(dairy for Classl and dairy/beef crosses for Class2). This proximity was
somewhat reflected in the classification performances: Classl was the
class with the highest degradation when switching from the Animal- to
the Farm-split approach and showing the highest misclassification
spread over the adjacent classes. Class2, in contrast, displayed a pattern
completely different from all the other classes. Under the Animal-split, it
showed the greatest inter-device variability in the entire dataset, and
when switching to the Farm-split the performance improved across all
the devices. Taken together, these patterns suggested that the spectral
signature distinguishing these classes was intrinsically weak and that
separability of these samples from the other classes depended critically
on the sampling structure. Moreover, the reduced sample size for these
two classes, ranging from 34 to 45 samples in calibration and 5 to 15 in
validation, cannot be overlooked. This reduced sample size could have
substantially impacted model performance, as so few samples in cali-
bration may be insufficient to adequately capture the spectral signature
within each class and it could have been overwhelmed by intra-class
variability.

5. Conclusions
The findings of this study showed that the employment of CovSel

feature selection algorithm followed by Linear Discriminant Analysis
can be an effective strategy for classifying beef samples according to the
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intensification level of the farming system through Vis, NIR, and com-
bined Vis/NIR spectral data. When the farm is considered as the
experimental unit of the model (Farm-split approach), the classification
performance decrease, suggesting the driving influence of specific farm
characteristics. To mitigate this effect, future studies should refine the
experimental design by increasing the number of farms included in each
intensification class and Country: a more balanced and representative
distribution of farms across calibration and validation sets would
improve the robustness of the model and provide a more reliable
assessment of classification performance. Accordingly, future studies
would benefit from including farms representing different intensifica-
tion systems within more restricted geographical areas other than from
different Countries, ensuring a balanced representation in both di-
mensions. The portable device operating in the Vis range (IndiGo)
exhibited overall performances comparable to the benchtop one
(DS2500) under the Animal-split approach, while comparable results for
the two portable devices (the IndiGo and the FlameNIR, the latter
working in the NIR range) were observed under the Farm-split approach.
Although in the present study all three instruments were used under
controlled laboratory conditions, fast and low-cost portable devices
could offer the potential to acquire spectral measurements directly on-
site, for example, on carcasses during grading or at processing facil-
ities. Such an approach could substantially reduce time, costs, and
analytical effort, while introducing innovation into authentication sys-
tems for the beef industry. Nonetheless, further research is required to
evaluate the performance and robustness of these technologies under
real industrial conditions.
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