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A B S T R A C T

The combination of Fourier transform near-infrared spectroscopy (FT-NIRS) of meat and fat samples and prin
cipal component discriminant analysis (DAPC) has been proposed as a tool for discriminating the local pro
duction of autochthonous pig breeds. Spectral samples (n = 272) belonging to 11 local European pig breeds, 
Longissimus muscle, and subcutaneous fat (both intact and minced) are collected. Classification accuracy based 
on DAPC was applied on FT-NIRS to predict breed of origin in i) semi-external cross-validation, splitting the data 
into training (80 %) and testing (20 %) sets; ii) external validation, in which one breed at a time was excluded 
from model training and classified in one of the remaining breeds. The effect of varying sample sizes from 50 % 
to 100 % of the data was assessed. Almost all breeds’ spectra variability was summarised into two principal 
components for tissue and sample preparation. In cross-validation, intact fat yielded higher classification ac
curacies than intact meat, with less pronounced differences in minced samples. Success assignment rates of 
~81–83 % were obtained for two breeds in intact meat samples and were higher than 83 % for five breeds in fat 
samples. For minced samples, correct assignments between 80 % and 100 % were possible for five breeds, both in 
meat and fat samples. Sample size marginally affected the results. External validation confirmed similarity 
among some breeds, with greater accuracy for fat samples. The assignments success provides encouraging results 
for discriminating local pig production, mainly based on fat, using a rapid, eco-friendly FT-NIRS method, which 
could serve as tool for quality assurance.
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Abbreviations Description

LWOT Lithuanian Indigenous Wattle
MB Negre Mallorqui
NIRS Near-Infrared spectra
PC principal component
PCs principal components
TRN training dataset
TST validation data set
SHS Schwäbisch-Hällisches Schwein
TU Turopolje

Science4Impact statement

The study proposed a solution to quality assurance issues in the 
traceability process for European autochthonous pig breeds. Near- 
infrared spectra, coupled with discriminant analysis of principal 
components, are proposed as a tool to discriminate among 
different autochthonous pig breeds using meat or fat, both intact 
and ground.

Scientific evidence of its approach under practical application 
could allow for the distinction between the meat and fat of some 
local breeds without knowing either the quality characteristics of 
the samples or the specifications of the pigs. The discrimination 
system based on NIRS (a tool included in Precision Livestock 
Farming) and the DAPC application could represent an innovative, 
rapid, low-cost, and eco-friendly approach useful for all stake
holders in the supply chain (consumers, producers, and farmers). 
A traceability monitoring system for local breed products could 
support consumers in choosing products derived from local breeds 
and increase consumers’ confidence.

1. Introduction

Monitoring systems that guarantee the safety, quality, and authen
ticity of animal products, such as meat and its derived products, espe
cially from autochthonous breeds, are attracting increasing interest due 
to the growing importance of a “green image” for consumers (Acciaro 
et al., 2020). Autochthonous breeds play a crucial role in the production 
of high-quality animal products, as their specific genetic traits and 
adaptation to local environments inherently contribute to high sensory 
quality and nutritional value, which are primarily linked to traditional 
rearing systems (Bonneau & Lebret, 2010; Prieto et al., 2017). These 
local breeds and their derived products are also associated with positive 
consumer perceptions of animal welfare and product authenticity, as
pects often reinforced by their association with traditional extensive 
rearing systems. In this context, tools to ascertain the product’s origin 
and production conditions as a traceability monitoring system based on 
discrimination analysis could be useful to help control fraud, protect 
local pig breeds of limited use, and thereby increase consumer confi
dence in the swine food chain, and support the local economy (Alonso 
et al., 2020). European countries, such as Italy, Spain, France, Portugal, 
and Greece, are leading in food authentication research, particularly on 
geographical origin, adulteration, mislabelling, and food safety. This 
trend is likely driven by sustained interest in food authentication in 
European legislation (Danezis et al., 2016). However, administrative 
traceability systems remain vulnerable to errors and fraud. In recent 
decades, molecular approaches have gained increasing attention over 
traditional physicochemical methods. Several molecular methods have 
shown promise for agri-food surveillance: the most commonly cited in 
the literature are microsatellites, simple sequence repeats, 
single-nucleotide polymorphisms, and high-throughput tools such as the 
PorcineSNP60 BeadChip. Nevertheless, their large-scale implementation 
in meat traceability is still limited, mainly due to the need for specialised 

laboratories, complex procedures, and high per-sample costs (Fanelli 
et al., 2021).

Other analytical methods for product authentication include a direct 
approach to verify the geographical origin, which is mainly based on the 
determination of the matrix’s chemical composition (Danezis et al., 
2016). This approach has often been used to determine typical compo
nents of specific areas or production methods using molecular tech
niques when different breeds are used. DNA analysis is the most 
common method for identifying and quantifying meat species (Mabood 
et al., 2020; Muñoz et al., 2020), though these technologies are 
time-consuming, labour-intensive, expensive, and hazardous due to 
toxic solvents. Depending on the animal product, the difficulty of 
applying traditional discriminative methods is linked to the complexity 
of the matrix’s chemical composition, as a single or a few components 
cannot adequately describe the sample (Xu et al., 2011). Furthermore, 
these analyses are rarely applied to small populations, as is the case with 
autochthonous breeds characterised by local production, due to the costs 
and logistical difficulties involved in controlling and tracing individuals, 
products, or traditional processes (Ortiz et al., 2020).

Near-infrared spectroscopy (NIRS) and chemometric analysis could 
serve as a detection tool for developing authenticity and traceability 
models, given their ease of use, cost-effectiveness, and environmentally 
friendly, non-invasive characteristics (Acciaro et al., 2020; Prieto et al., 
2017). This technology requires a chemometric approach that, at the 
quantitative level, computes a matrix between the spectral data of the 
sample (absorbance) and the data from the reference analyses of the 
samples (Prieto et al., 2017). In qualitative analysis, discriminant 
analysis can be used to investigate the existence of clusters within a 
dataset to develop a prediction tool for new samples belonging to groups 
(Oliveri et al., 2021).

Of particular interest could be the combined use of principal 
component discriminant analysis (DAPC) (Jombart, 2008a; Jombart 
et al., 2010) and Fourier transform near-infrared spectroscopy 
(FT-NIRS) to trace the origin of meat based on specific NIR spectra of 
each breed. Originally developed for population genetics, DAPC is 
well-suited for high-dimensional data, where the number of variables (in 
this case, wavelengths) often exceeds the number of samples. DAPC has 
proven effective in other contexts involving complex multivariate data 
(Thia, 2023), including spectroscopic studies, as it addresses the limi
tations of standard classification methods, which typically apply 
discriminant analysis directly to spectral data without accounting for the 
high collinearity among wavelengths.

Autochthonous pig breeds are characterised by significant variability 
(within and between breeds) due to their diverse genetic background 
and environmental and productive factors (Čandek-Potokar et al., 
2019). They could represent an exploratory field for applying NIRS for 
discrimination processes. In addition, to maximise the utility of NIRS 
technology in terms of reducing analysis time and costs, the use of fresh, 
intact samples that do not include preparation, such as grinding or ho
mogenisation, could serve as an alternative, even if it has been shown 
that sample preparation does represent an advantage for the accuracy of 
NIRS predictions (Meza-Márquez et al., 2010).

The present study is part of a larger project devoted to promoting 
sustainable pork chains based on European autochthonous pig breeds, 
including meat quality and authentication. The objective of the present 
study was to investigate the combination of FT-NIRS and discriminant 
analysis on principal components (DAPC) applied to intact or minced 
meat and fat samples as a potential tool to discriminate the local pro
duction of autochthonous pig breeds.

2. Materials and methods

2.1. Sampling

The study included meat and fat samples collected on pigs from 11 
local European breeds from the TREASURE project (https://treasure.kis. 
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si/), namely, Bisara (BI), Black Slavonian or Crna Slavonska (BS), Cinta 
Senese (CS), Gascon (GA), Iberian (IB), Krškopolje pig (KR), Lithuanian 
White Old Type (LIW), Lithuanian Indigenous Wattle (LWOT), Negre 
Mallorqui or Majorcan Black (MB), Schwäbisch-Hällisches Schwein or 
Swabian Hall pig (SHS) and Turopolje (TU), as reported in Table 1. The 
pig samples used in this study originate from eight countries (Table 1). 
Pigs of each autochthonous breed are reared in their respective tradi
tional production areas using a semi-extensive system, exploiting 
available natural resources and integrating feed supplementation. 
Sample collection is performed using the same protocol and under 
comparable conditions (e.g., 1–2 days post-slaughter, refrigerated car
casses) to minimise potential seasonal or environmental variation. A 
total of 287 samples of longissimus lumborum muscle and subcutaneous 
fat (backfat) from the left side of the carcasses are collected, as previ
ously reported in (Ortiz et al., 2020) for meat samples and in (Parrini 
et al., 2023) for fat tissue. Each partner country provided 
vacuum-packed, frozen samples at − 20 ◦C, which were sent to the 
University of Florence for FT-NIR spectrum acquisition.

2.2. Spectra collection

For each meat and fat sample, after thawing at 4 ± 1 ◦C for 24 h, two 
aliquots of intact tissue are scanned by using an FT-NIRS Antaris II in
strument (Thermo Fisher Scientific Inc., Waltham, MA, USA) in absor
bance mode, considering the infrared region with wavenumbers 
between 3999 and 9999 cm− 1. Homogeneous sample areas for scanning 
are selected to ensure consistent sample thickness. Each sample is 
exposed to an electromagnetic scan in absorbance mode using a circular 
quartz cup spinner, with absorbance reported as log 1/R (R, 100 % 
reflectance). Each spectral measurement is obtained from 32 scans 
performed at a wavenumber resolution of 4 cm− 1. The instrument 
automatically corrects the spectra against the background signal under 
standardised room environment conditions. Additionally, laser focal 
depth and measurement parameters are standardised across all scans to 
maintain a constant sampling volume.

Subsequently, two aliquots of each sample are uniformly minced by 
an electric grinder before the NIRS data collection, following the same 
procedure to reduce heterogeneity prior to spectral acquisition. There
fore, both fat and meat samples are scanned by FT-NIRS initially as 

intact (n = 252) and subsequently as minced samples (n = 272). The 
increase in the number of minced samples is due to CS samples being 
available only as minced meat and fat (Table 1).

2.3. Multivariate discriminant model development

For each sample, the final spectrum is obtained by averaging the 
spectra of the two aliquots; therefore, four datasets (2 tissues x 2 modes) 
are available, each composed of 3112 absorbance data points. Data 
analyses are performed with the R software (R Foundation for Statistical 
Computing, 2021). Before model development, quality control of the 
individual spectra is conducted. The full NIRS range is used in all ana
lyses. Spectra are pre-processed using multiplicative scatter correction 
(MSC) to minimise scattering effects and baseline variations. Original 
spectra and MSC-treated spectra for intact meat and fat, as well as for 
minced meat and fat, are reported in the Supplementary material 
(Fig. S1–S4). Subsequently, the spectral data are mean-centred and 
scaled to ensure equal weighting of all variables before multivariate 
analysis. Outlier detection is performed using the Mahalanobis distance, 
applying a threshold of five standard deviations from the mean. In the 
first step, principal component analysis (PCA) is applied to visualise 
potential breed separation.

DAPC is performed on the spectra using the R package adegenet 
(Jombart, 2008b; Jombart et al., 2010(R Foundation for Statistical 
Computing, 2021) . For breed spectra discrimination, two approaches 
are considered: semi-external cross-validation (semi-supervised 
learning) and external validation (unsupervised learning). Using 
semi-external cross-validation (CV), the data are randomly (without 
replacement) split at 80:20 for the training (TRN) and validation sample 
(TST) sets, respectively. In this case, all breeds are present in both sets 
(stratified sampling). The effect of dataset size is tested at 50, 60, 70, 80, 
90, and 100 % of the samples. In each scenario, 80 % of the samples are 
used as the training set (TRN) and 20 % as the validation set (TST), 
ensuring that each breed is represented in both sets. The procedure is 
repeated 10 times. Analysis is conducted separately for each of the four 
sample types: intact and minced meat, and intact and minced fat. The 
correct assignment of samples to their breed of origin is reported as the 
mean of 10 replicates.

Secondly, an external validation (unsupervised learning) is per
formed, with a separate TST analysis for each breed. In this scenario, the 
TST set consists of pigs from only one breed at a time, and no pigs of the 
TST breed are present in the TRN set. Therefore, the TST samples have to 
be classified in the remaining 10 breeds of the TRN set.

In both approaches, the optimal number of principal components 
(PCs) to use in the DAPC is selected via 10-fold cross-validation (30 
replicates) in the TRN set, targeting the lowest mean squared error and 
allowing up to 300 PCs in the model. Clustering within the DAPC is 
carried out using the K-means algorithm, to perform a range of values for 
the number of clusters (K). For each K, the BIC (Bayesian Information 
Criterion) is calculated to identify the optimal number of clusters. Once 
the clusters are defined, discriminant analysis of principal components 
(DAPC) is performed by applying linear discriminant analysis (LDA) to 
the retained PCs to maximise discrimination between groups. Heatmaps 
of breed assignments are constructed using the R package Complex
Heatmap (Gu et al., 2016).

3. Results

3.1. Descriptive statistics and principal component analysis

The projections of the spectra of meat and fat samples using PCA, as 
well as the scree plots of the total explained variance of the spectra data, 
are shown in Figs. 1 and 2 for intact samples (meat and fat, respectively), 
and in Figs. 3 and 4 for minced samples (meat and fat, respectively). The 
first PC explained 66.9 % and 74.9 % of the original variability for intact 
meat and fat, respectively, and 70.7 % and 88.5 % for minced meat and 

Table 1 
Information on meat and fat samples from 11 local European pig breeds, used 
respectively as intact and minced, for FT-NIRS spectra.

Breed Name 
code

Country of 
origin

No. meat 
samples

No. fat samples

intact minced intact minced

Bisara BI Portugal 34 34 34 34
Black Slavonian 

(Crna 
Slavonska)

BS Croatia 16 16 16 16

Cinta Senese CS Italy – 20 – 20
Gascon GA France 38 38 38 38
Iberian IB Spain 36 36 36 36
Krškopolje KR Slovenia 18 18 18 18
Lithuanian 

Indigenous 
Wattle

LWOT Lithuania 24 24 24 24

Lithuanian 
White Old 
Type

LIW Lithuania 18 18 18 18

Negre Mallorqui 
(Majorcan 
Black)

MB Spain 16 16 16 16

Schwäbisch- 
Hällisches 
Schwein

SHS Germany 33 33 33 33

Turopolje TU Croatia 19 19 19 19

Total 252 272 252 272
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Fig. 1. Scree plot and scatterplot of two principal components (PCs) from the spectra of intact meat.

Fig. 2. Scree plot and scatterplot of two principal components (PCs) from the spectra of intact fat.
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Fig. 3. Scree plot and scatterplot of two principal components (PCs) from the spectra of minced meat.

Fig. 4. Scree plot and scatterplot of two principal components (PCs) from the spectra of minced fat.

S. Parrini et al.                                                                                                                                                                                                                                  Biosystems Engineering 262 (2026) 104366 

5 



fat, respectively. In all cases, the first two PCs captured more than 93 % 
of the total variability, with the highest being observed for intact and 
minced meat (~99 %) and the lowest for intact fat (93.8 %), with 
minced fat at 94.9 %.

As shown in the scree plots (Figs. 1–4), which present 10 dimensions 
per newly defined PC on the x-axis, the first two PCs generally explained 
most of the variability in both meat and fat samples. However, in the 
case of intact fat spectra, the third PC contributed some additional in
formation (6.4 %).

3.2. Success of breed assignment in semi-supervised learning (semi- 
external cross-validation)

Figs. 5 and 6 summarise model performance in terms of assignment 
success for intact and minced meat/fat tissues, respectively. Overall, 
intact fat performed better than intact meat (Fig. 5), although this tissue 
difference was less evident for minced samples (Fig. 6). Among the 
sample types, the assignment success was higher for the minced than the 
intact samples (on average 76.2 vs. 66.8, respectively). The final number 
of PCs retained for DAPC (Table 2) varied by sampling and sample type 
and ranged from 15 to 50. Nevertheless, the number of PCs selected had 
only a marginal effect on assignment success.

Using the complete dataset as a reference (100 % sampling) and 
considering intact meat (Fig. 5a), BI achieved the highest correct breed 
assignment rate (83.8 %), followed by SHS (81.4 %). Intermediate 
values (between 60 and 70 %) were obtained for TU, GA, LWOT, KR, and 
IB. Lower classification accuracy was observed for LIW, MB, and BS, 
with correct assignments ranging from 50.8 % for LIW to 34.6 % for BS.

Regarding intact fat (Fig. 5b), using the whole dataset (100 % sam
pling), both SHS and KR achieved ~93 % identification success, fol
lowed by GA, LIW, and BI (ranging between 83 and 88 %). Other breeds, 
such as MB and BS, also had medium to high classification accuracy 
(73.2 and 79.3 %, respectively). An intermediate classification accuracy 
was observed for TU and IB (~68 %), while the lowest successful 
identification rate was observed for LWOT (55.6 %).

In the case of minced meat (Fig. 6a), considering the whole dataset, 
the best assignment was obtained by CS (100 %), followed by SHS (89 
%), BI (84.6 %), and ~80 % for KR and LWOT. Intermediate results were 
achieved by MB (72.8 %), IB (66.9 %), and LIW (64.7 %), while the 
lowest values were observed for BS, TU, and GA (52–57 %). For minced 
fat (Fig. 6b), SHS and BI had the highest percentage of correct breed 
assignment (97.2 and 98.8 %, respectively), followed by KR, MB, and CS 
(91.3, 88.7, and 80.8 %, respectively). The lowest values (between 60 % 
and 73 %) were found for TU, LWOT, BS, IB, LIW, and GA.

The DAPC scatterplots of the first two discriminant functions are 
provided in Supplementary materials (S5) for intact samples (meat and 
fat; panels a and b, respectively), and minced samples (meat and fat; 
panels c and d, respectively). These scatterplots show only the first two 
discriminant functions (LD1 and LD2), which do not capture the full 
multidimensional variance used by the classification model. In some 
cases, particularly for intact fat, the higher assignments for specific 
breeds of the heatmap were visually confirmed by the clustering pattern. 
However, breeds with high classification accuracy may still appear 
partially overlapping in the two-dimensional projections, and clear 
breed-specific separations were not consistently observed across sample 
types. Furthermore, the loading plots for LD1 and LD2 are provided in 
the supplementary materials (Figs. S6–S7), showing the relevant spec
tral regions (wavenumbers) for each tissue and physical structure 
(panels: a. intact meat, b. intact fat, c. minced meat, d. minced fat). In 
particular, for LD2, the top-loading spectral regions that contributed 
most to the discrimination are clearly highlighted.

Relatively to the assignment errors still evident in the heatmaps for 
100 % sampling (Fig. 5a), in intact meat the breeds showing misclassi
fication were always the same: BS assigned to LWOT (12.7–23.3 %), to 
MB (3.4–17.1 %) and to IB (5.8–11.9 %); IB was misclassified as SHS 
(from 9.5 to 22.1) and BI (8.2–15.5 %); KR was mainly assigned to SHS 

(from 14.7 to 28.4 %); MB samples were assigned to IB (13.4–29.4 %); 
and LIW samples to LWOT (6.8–28.0 %). In intact fat samples (Fig. 5b), 
misclassifications were less evident, with minor error rates in individual 
cases and low spread misclassification. However, in intact fat, there 
were also evident cases of breed overlap: IB was assigned to TU from 8.4 
to 13.5 %, LWOT was assigned to GA (from 8.4 to 14.9 %), to SHS 
(6.3–10.7 %) and IB (5.9–17.7 %), MB was misclassified to GA from 11.9 
to 20.2 %, and TU was assigned to KR between 16.5 and 26.0 %. Rela
tively to minced meat (Fig. 6a), BS was misclassified as TU (9.9–26.3 %), 
LWOT (6.7–12.1 %) and IB (5.2–17.8 %); GA was assigned to KR 
(6.4–23.2 %) and SHS (8.3–12.2 %); LIW samples were assigned to 
LWOT (9.6–17.4 %, excluding 50 % sampling); MB was misclassified as 
IB (9.0–20.6 %); TU as LWOT (10.9–24.3 %) and BS (7.8–18.2 %). In 
minced fat (Fig. 6b), the main misclassifications were linked to IB 
assigned to SHS in 13.4–29.7 % of the cases; BS was classified as GA 
(8–15.6 %), while GA was assigned to MB (6.4–16.2 %); LIW was mis
classified to SHS (6.2–16.7 %); LWOT samples were wrongly assigned as 
SHS (10–15.4 %) and IB (11.4–17.5 %); and TU was mainly assigned to 
KR (14.1–20.9 %).

The DAPC heatmaps for intact (Fig. 5) and minced (Fig. 6) meat/fat 
tissues show the effect of sampling size on assignment success in the 
semi-external cross-validation scenario (Fig. 7). Considering intact 
meat, classification performed better for BI and SHS, considering an 
increased sample size from 80 to 100 %. A highly successful assignment 
was achieved, even with half of the data for BI, GA, LIW, SHS, and TU. 
However, an inconsistent trend was observed across breeds, with vary
ing sample sizes for GA, IB, LIW, LOWT, KR, MB, and TU.

In intact fat, most breeds (BI, LIW, KR, and SHS) achieved the highest 
assignment success with a dataset ranging from 80 to 100 %. Even when 
using 50 % of the available dataset, BI, SHS, and KR achieved similar 
assignment success rates. Also, in the case of intact fat (as for intact 
meat) for most breeds (BS, IB, LIW, LWOT, and TU), an increasing 
sample size didn’t suggest an increased trend in the assignment’s 
success.

In minced meat, most of the breeds (BI, CS, LWOT, KR, MB, and SHS) 
had a successful classification (>70 %) with a sample size ranging from 
80 to 100 %; even if BI, CS, LIW and had robust results with the use of 50 
% of the data, while the intermediate sampling (60–70 %) had a lower 
success of assignment for most of the breeds. For minced fat, the best 
assignment was obtained by BI, KR, and MB using the dataset between 
90 and 100 %. Some breeds, such as BI, KR, and MB, obtained robust 
assignments even with a small sample size (50 % of the data analysed), 
while three breeds (TU, GA, and BS) achieved the best assignments with 
60 or 70 % of the dataset used. Also, in this case, some breeds, such as 
CS, IB, LIW, and LWT, showed inconsistent trends with increasing 
sample size. Overall, on tissue (meat and fat) and sampling presentation 
(intact and minced), the results from an increased sample size were not 
linear, and successful assignment was marginally affected.

3.3. Success of breed assignment in unsupervised learning methods 
(external validation)

The results of the external validation scenario are reported in Table 3
(intact meat and fat tissues) and Table 4 (minced meat and fat tissues). In 
all cases, irrespective of tissues and preparations, no breed was 100 % 
assigned to only one breed.

In intact samples (Table 2), results could be summarised as follows: 

i) In meat tissues, MB and LIW showed the lowest dispersion: MB was 
assigned to IB in 75.0 % of the cases and to BI and TU in 18.8 % and 
6.2 % of the cases. LIW was assigned to LWOT, GA, and IB at 64.3, 
28.6, and 7.1 %, respectively. The BI samples were classified as IB in 
58.8 % of the assignments. The remaining breeds were assigned to 
several breeds, with the highest percentage of assignment to a spe
cific breed ranging from 48.5 % to 37.5 %.
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Fig. 5. Heatmap of the DAPC with semi-external cross-validation assignment (%) per breed considering intact meat (a) and fat (b); y-axes show the observed and x- 
axes the predicted breed.
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Fig. 6. Heatmap of the DAPC with semi-external cross-validation assignment (%) per breed considering minced meat (a) and fat (b); y-axes show the observed and x- 
axes the predicted breed.
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ii) In fat tissues, only BI reported a high percentage of assignment 
(about 60 %) with one breed (SHS), followed by KR, which was 
classified as TU in 50.0 % of the cases. Other breeds were assigned to 
one breed, with the highest values ranging from 30.4 % to 44.7 %.

The external success of the assignment for minced tissues (Table 3) 
was as follows: 

i) In meat tissues, LWOT samples were classified as TU in 70.8 % of the 
cases, while other breeds (BS, KR, MB, CS, and TU) were assigned to 
one breed in 50–56.3 %. Among those, MB was assigned to three 
breeds (BI, IB, and CS), while BI and LWOT were assigned to four 
breeds. Among the remaining breeds, IB, LIW, and SHS were 

assigned to other breeds at lower percentages (~27.3 %), while GA 
was assigned as LIW in 42.1 % of the cases.

ii) In fat tissues, four breeds (BI, GA, SHS, TU, and CS) were assigned to 
other breeds, with the maximum obtained values ranging from 60 % 
to 70 %. The MB and KR were similar to SHS (56.3 %) and TU (51.4 
%). Other breeds (BS, IB, LIW, and LWOT) were assigned to one 
breed, with the highest values ranging from 33 % to 41.7 %.

Interestingly, for many breeds, their assignment to other breeds 
differed according to the sample tissue, meat or fat. This was observed 
for intact and minced samples (Tables 3 and 4). For example, using 
intact meat, MB was assigned to IB at 75 %, BI to IB at 58.8 %, LIW to 
LWOT at 64.3 %. However, MB was assigned to SHS and GA in intact fat 
at 37.5 % and 25 %, respectively, BI to SHS at 60.6 %, and LIW to IB at 
27.8 %. Using minced meat, CS was assigned to MB by 5 %, TU to LWOT 
by 53 %, and none to KR. In contrast, 70 % of the CS was assigned to MB 
in minced fat, and 68 % of the TU was assigned to KR without any 
assignment to LWOT.

4. Discussion

The ability of FT-NIRS to identify or discriminate biological samples 
(breeds in this case) is based both on direct spectral information, that is, 
the vibrational responses of the frequencies produced by the functional 

Table 2 
Average number of PCs used by DAPC for different tissues (meat and fat), 
physical structure (intact and minced), and sampling (from 50 to 100 %).

Tissue Physical structure Sampling (%)

50 60 70 80 90 100

meat intact 24 26 28 28 29 30
fat 33 36 34 36 36 36
meat minced 26 28 26 27 26 25
fat 30 30 30 31 30 29

Fig. 7. Sample size effect in semi-external cross-validation assignment (%).
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groups, and on the indirect interaction of sample properties distributed 
over a large wavenumber range that allows spectral information to pass 
(Pasquini, 2018). In this study, the information and structure of spectral 
sources and their combinations were exploited by summarising infor
mative spectral variability into a small number of PCs, which were 
further analysed for pattern recognition using discriminant analysis. 
From the results, a high variability was mostly captured by two PCs for 
different tissues and physical structures (intact and minced). However, 
this variability within and among breeds, combined with a large amount 
of data, is considered a positive feature in chemometric applications 
because it improves the accuracy of the prediction models (Alomar et al., 
2003).

The comparison between tissues showed that fat performed better 
than meat in the assignment’s success, but this was not universal across 
breeds. Similar results were reported by Horcada et al. (2020), with 

better classification of fat spectra (about 75 % of samples) than of meat 
spectra (around 65 % of samples). The different complexities and 
constitutive homogeneities characterising the two tissues could explain 
their differences in the optical response. Furthermore, the higher 
discrimination power of fat over meat could be linked to the content of 
myofibrillar proteins of meat samples, especially in intact muscles, 
which probably interfere with the NIR absorption of light along the fi
bres and increase the noise in the spectra. Indeed, Prieto et al. (2009)
suggested that myofibrils, or muscle fibres, can behave as optical fibres, 
conducting light along their fibrils and causing reflections.

Differences in sample presentation (intact or minced) affected the 
results, with lower assignment success for intact samples, especially in 
meat. It is known that the types of cells and the physical and structural 
traits of tissues provide spectral data that are more or less informative. 
Also, the presence of pigments, connective tissue, and intra- or 

Table 3 
Breed assignment success (%) in intact meat and fat using external validation.

Meat BI BS GA IB KR LIW LWOT MB SHS TU Total %

BI – 0 0 58.8 17.7 0 0 14.7 8.8 0 100
BS 6.3 – 6.3 12.5 6.3 6.3 37.5 6.3 0 18.8 100
GA 2.6 5.3 – 18.4 15.8 42.1 0 2.6 13.2 0 100
IB 21.2 0 3.0 – 3.0 0 0 33.3 39.4 0 100
KR 11.1 5.6 0 11.1 – 8.3 0 5.6 41.7 16.7 100
LIW 0 0 28.6 7.1 0 – 64.3 0 0 0 100
LWOT 0 12.5 0 0 4.2 54.2 – 0 4.2 25.0 100
MB 18.8 0 0 75.0 0 0 0 – 0 6.3 100
SHS 3.0 0 3.0 48.5 45.5 0 0 0 – 0 100
TU 0 15.8 5.3 0 47.4 0 26.3 5.3 0 – 100

Fat BI BS GA IB KR LIW LWOT MB SHS TU Total %

BI – 0 0 6.1 27.3 0 0 0 60.6 6.1 100
BS 0 – 0 18.8 6.3 0 18.8 25.0 0 31.3 100
GA 0 2.6 – 21.1 0 2.6 44.7 26.3 2.6 0 100
IB 9.4 12.5 6.3 – 3.1 3.1 37.5 3.1 25.0 0 100
KR 33.3 11.1 0 0 – 0 2.8 2.8 0 50.0 100
LIW 0 0 5.6 27.8 0 – 11.1 0 38.9 16.7 100
LWOT 0 8.7 13.0 26.1 4.4 4.4 – 13.0 30.4 0 100
MB 0 12.5 25.0 6.3 0 0 18.8 – 37.5 0 100
SHS 21.2 0 0 15.2 0 3.0 24.2 36.4 – 0 100
TU 0 36.8 0 15.8 42.1 0 0 0 5.3 – 100

Legend: Predicted breeds are reported on the rows.

Table 4 
Breed assignment success (%) in minced meat and fat using external validation.

Meat BI BS GA IB KR LIW LWOT MB SHS TU CS Total %

BI – 0 17.7 47.1 0 0 0 14.7 20.6 0 0 100
BS 0 – 0 6.3 6.3 0 18.8 0 12.5 56.3 0 100
GA 13.2 0 – 10.5 13.2 42.1 0 0 18.4 0 2.6 100
IB 27.3 3.0 15.2 – 3.0 0 6.1 27.3 18.2 0 0 100
KR 0 2.8 2.8 2.8 – 25.0 0 0 55.6 11.1 0 100
LIW 5.6 0 27.8 0 22.2 – 5.6 0 22.2 16.7 0 100
LWOT 0 8.3 0 0 4.2 16.7 – 0 0 70.8 0 100
MB 50 0 0 37.5 0 0 0 – 0 0 12.5 100
SHS 6.1 0 24.2 9.1 18.2 15.2 27.3 0 – 0 0 100
TU 0 26.3 10.5 0 0 5.3 52.6 0 5.3 – 0 100
CS 0 10.0 50.0 25.0 0 0 0 5.0 5.0 5.0 – 100

Fat BI BS GA IB KR LIW LWOT MB SHS TU CS Total %

BI – 2.9 0 2.9 67.7 0 0 0 11.8 14.7 0 100
BS 0 – 13.3 33.3 0 0 6.7 13.3 13.3 13.3 6.7 100
GA ​ 0 – 29.7 0 2.7 59.5 5.4 0 0 2.7 100
IB 9.4 9.4 3.1 – 0 0 37.5 3.1 31.3 3.1 3.1 100
KR 22.9 5.7 0 2.9 – 0 17.1 0 0 51.4 0 100
LIW 0 0 29.4 5.9 0 – 35.3 11.8 17.7 0 0 100
LWOT 0 0 41.7 25.0 4.2 8.3 – 0 20.8 0 0 100
MB 0 0 18.8 0 0 0 0 – 56.3 0 25.0 100
SHS 0 3.0 3.0 66.7 0 0 6.1 9.1 – 0 12.1 100
TU 10.5 10.5 0 5.3 68.4 0 0 0 5.3 – 0 100
CS 0 0 20.0 0 0 0 0 70.0 10.0 0 – 100

Legend: Predicted breeds are reported on the rows.
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extracellular fluids, as well as moisture, can be considered interfering 
elements (Dadousis et al., 2022). Previous studies have reported better 
NIRS performance in minced samples than in intact samples for pre
dicting chemical composition and some technological parameters 
(Gvozdanović et al., 2019; Muñoz et al., 2018, 2019; Ortiz et al., 2020). 
This is due to differences in absorbance capacity (macroscopic surface 
reflectance) and sample homogeneity: intact samples are certainly more 
heterogeneous than minced ones. Indeed, previous studies have re
ported that grinding can affect the chemical and physical characteristics 
of the sample, including myoglobin and protein precipitation in the 
sarcoplasm, fibre organisation, myofibrillar birefringence, sarcomere 
length, moisture, and intramuscular fat.

Assignment success with semi-external cross-validation using NIRS 
data from intact meat samples (the whole dataset sampling) of at least 
83 % was achieved for only 2 breeds (BI and SHS). From the comparison 
with a previous study, it emerged that considering only two genetic 
types (purebred Iberian and Iberian-Duroc crossbred), Horcada et al. 
(2020) found a lower correct classification of IB between 61 and 63 % 
using fresh, intact meat. On the contrary, Prieto et al. (2015) correctly 
classified intact pig meat with 94 % success according to three pig 
breeds, not all autochthonous (Lacombe, Duroc, Iberian), based on 
partial least squares discriminant analysis of the spectra. Regarding 
intact fat, in this study, the success of breed assignments was higher than 
83 % for 5 breeds, surpassing the results reported by Horcada et al. 
(2020), who found about 75 % of samples classified as IB or crossbred 
based on subcutaneous fresh intact fat spectra. When considering 
minced samples, correct assignments with more than 80 % were ach
ieved for five breeds, both in minced meat and in fat. Despite the rela
tively small sample size from a statistical perspective, encouraging 
results were obtained for BI, CS, and SHS in both minced meat and tis
sues, suggesting they may be considered for technical applications. 
Alomar et al. (2003) reported a correct assignment of 78 % using minced 
meat samples from two bovine breeds. McDevitt et al. (2005) reported a 
96.5 % classification success rate across three chicken genotypes using 
dry-ground chicken carcasses. As anticipated above, it can be noted that 
compared to previous studies (Alomar et al., 2003; Horcada et al., 2020; 
McDevitt et al., 2005) that examined breed classification based either on 
meat and fat spectral data, these results referred to a greater number of 
breeds, which means both a greater chance of classification and also a 
greater risk of misclassification. Considering the DAPC misclassification, 
lean tissue resulted in higher errors, especially in intact samples. How
ever, some misclassifications can be explained by genomic similarity 
between some breeds. For example, IB was assigned to TU in intact fat, 
and this relationship was previously reported by Dadousis et al. (2022)
using genomic data. Other misclassifications, such as MB in IB and LIW 
in LWOT, observed in meat samples could also be attributed to common 
ancestry. For example, the MB breed was assigned to IB in meat samples 
(both intact and minced), likely due to its shared origin with both, both 
being part of the Southern European nucleus population (Muñoz et al., 
2018). The closeness between LIW and LWOT was not surprising, given 
the sharing of parts of the genome linked to phenotypic characteristics 
and the origin of Lithuanian White pigs (Muñoz et al., 2018), as both 
breeds were previously raised in the same geographic area. Some re
lationships among them could be linked to uncontrolled mating and the 
high probability of sharing common ancestors, as suggested by 
Gvozdanović et al. (2019) and Muñoz et al. (2018), as well as to simi
larities among traditional rearing systems. In addition to genetic factors, 
the feeding system and individual animal variability can influence cor
rect assignment, as reported by Horcada et al. (2020) and McDevitt et al. 
(2005) for Iberian pigs and chickens, respectively.

Regarding the effect of sample size, this study found no linearity 
within each breed, indicating that increasing the size of the TRN set did 
not necessarily improve assignment results. In a study using genomic 
data, from the same pig breeds as this study (Dadousis et al., 2022), 
found that an increased sample size yielded higher mean accuracies in 
correctly classifying pigs to their breed of origin. However, in that 

genomic study, the dataset consisted of ~1200 individual pigs, poten
tially capturing more variability and allowing better assessment of the 
effect of sample size.

Using external validation, this study aimed to assess a real case 
scenario in which samples from a specific breed, excluded from the 
training set, were assigned to the remaining 10 breeds in the validation 
dataset. Meat samples showed a higher percentage of re-assignment 
with at least one specific breed than fat tissue. According to this sce
nario, the greater dispersion of the values and the lower similarity be
tween the spectra of breeds suggested that fat fits the models better than 
meat and could be more useful for breed discrimination using NIRS 
(Pasquini, 2018). However, as previously reported, the higher difference 
between intact tissues was probably linked to the higher heterogeneity 
of the muscle. Furthermore, the same trend observed in the intact 
samples also emerged in the minced samples: the results for the MB pigs 
were similar to those for IB, and LIW was similar to LWOT. According to 
previous genomic research on pigs of the same breeds (Dadousis et al., 
2022; Muñoz et al., 2019), the classification seems consistent with the 
importance of the historical-geographical area and the common ances
tors and factors indirectly linked to the rearing system. In this study, all 
pigs belonging to autochthonous breeds were often reared in a tradi
tional free-range system; the feed composition differed among systems 
(breeds, thereby contributing to spectral absorbance features). Previous 
literature reported the potential NIRS application in the classification 
based on multiple factors: Sun et al. (2012) showed a 100 % correct 
classification of lamb meat by geographical origin, referring to pastoral 
and agricultural region samples, including differences in location, 
feeding condition (pasture or concentrate), breeds, and soil character
istics. Nevertheless, the results of the research report on unique factors, 
such as feeding regimes, were contradictory. Prieto et al. (2015) re
ported no success in pork sample classification based on feeding, while 
Zamora-Rojas et al. (2012) reported that NIRS technology was able to 
successfully classify Iberian pig carcasses according to feeding regime 
(>90 %) in an extreme situation (acorn versus feed).

5. Conclusions

In conclusion, coupling FT-NIRS data with DAPC on fat samples 
yielded more accurate assignments across all breeds and statistical 
methods. A higher success rate of breed assignment was obtained for 
minced samples than for intact samples, especially in meat. From a 
practical point of view, these results could translate into the potential to 
effectively differentiate local production, with an assignment success 
rate above 80 % for specific autochthonous pig breeds. The alternative 
possibility of directly extracting spectral absorbance information from 
fresh fat, which is easier to obtain from a carcass without affecting 
muscle tissue or cut integrity, seems feasible for some breeds. The po
tential to develop tools capable of discriminating local production 
emerges, thereby increasing consumer trust in small-scale, autochtho
nous pig breed products.

The results of this study could be implemented by comparing com
mercial pig breeds, highlighting spectral differences due to tissue char
acteristics, and providing a comprehensive overview. Further studies 
could explore the possibility of developing a robust model for discrim
inating and predicting the origin of pig fat or meat by integrating 
additional factors, such as breed, diet, age, and geographical area, into 
NIRS, applying more advanced machine learning methods, and 
including more samples.
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