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Abstract

Rearing system, breed, geographical origin, and animal welfare are some of the more recent quality features
able to drive consumer’s choice in meat and meat products purchase. The same aspects are marketing leverage
from the producer’s side. However, there is a need to develop rapid analytical strategies to check the
compliance of declared quality with actual quality features. To face with this issue, this work aims at test the
feasibility of using the fat portion as a marker of authenticity. To this end, fat samples from extensively and
intensively reared pigs have been collected and analysed by NIRS (Near Infra-Red Spectroscopy). Then, after
multivariate exploration, the Data Driven variant of Soft Independent Modelling of Class Analogy (DD-
SIMCA) was used to develop models for the target class. The type of signal pre-processing and the number of
principal components (PCs) used strongly affected the performance of the classification. Excellent results were
obtained with SNV pre-treated data and 4 PCs that allowed to reach 100% sensitivity and specificity in

calibration and validation.

Keywords: Chemometrics; vibrational spectroscopy; pig; fat; food analysis; food composition; PDO; rearing

system.



1. Introduction

One of the most commonly consumed food in Western countries is meat, since it is an excellent source of
protein and essential nutrients (Mabood et al., 2020). When consumers purchase meat, factors such as health
implications, price, quality, origin, and authenticity are important decision drivers (Prieto et al., 2017).
Nowadays, consumers pay much more attention to the quality aspects related to the intrinsic characteristics of
the animals and of the rearing system, with a preference for autochthonous species and breeds, geographical
origin and feeding systems (Prieto et al., 2017). At the same time, food producers try to maximise the market
potential of their products, leveraging for example, on its traditional nature or the sustainability of the
production system or the nutritional profile of their products (Monahan et al., 2018) and the animal welfare,
such as absence of thirst, hunger, discomfort, disease, pain and injuries, stress and the expression of normal
behaviour (Farm Animal Welfare Council, 1992; Council Regulation (EC) No. 1099/2009).

However, the compliance of a product with the declared or supposed quality features is mostly of a
documentary nature, which results in low ranking on the valorisation chain and in possible consumer distrust.
As proof of this, according to the last annual report from the EU Food Fraud Network, meat and meat products
are the third most reported category concerning non-compliance notifications. These range from incomplete
labels concerning ingredients and traceability, to incomplete or missing documentation (European Union,
2022). As for suspicious fraud notifications, meat and meat products rank third again and, as a matter of
concern, it should be noted that the most frequent non-compliances related to fraud suspicions are
“absent/falsified/manipulated documentation” (European Union, 2022).

Bearing this framework in mind, both authorities and consumers could profit from the development and usage
of rapid tools able to certify meat and meat products with claims of quality, origin or species and rearing
system, to guarantee that consumers are not being defrauded in the purchase (Prieto et al., 2017). The common
analytical techniques currently available to the scope are destructive, time-consuming, and can only be
employed at laboratory scale (Hassoun et al., 2020). Thus, researches are increasingly engaged in the
development of rapid, and non-invasive methods to assess meat quality features (Kim et al., 2017; Prieto et
al.,, 2017). In this regard, spectroscopic techniques are promising, being by nature non-destructive,
environmentally friendly, fast, and easy to use (Squeo et al., 2019). Among them, previous studies have shown
the feasibility of Near Infra-Red Spectroscopy (NIRS), coupled with chemometrics techniques, to: i) predict
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the chemical composition of meat (Barragdn-Herndndez et al., 2020; Dias et al., 2021; Fan et al., 2018; Ortiz
et al., 2020); ii) predict the technological parameters and sensory attributes (Barbon et al., 2018; Savoia al.,
2020; Wang et al., 2018); iii) predict carcass fat and meat quality (Fan et al., 2018); iv) classify and identify
meat and meat products (LOpez-Maestresalas et al., 2019; Weng et al., 2020). The spectral features of meat in
the NIR range (800-2500 nm) depend on the overtones and combination bands of C-O, C-C, C-H, O-H, and
N-H functional groups (Khaled et al., 2021; Prieto et al., 2017), as related to fat, water, and proteins (Barbin
et al., 2013). Hence, the NIR spectrum provides information about the chemical composition of the material
(Xiaobo et al., 2010), so that changes in the chemical constituents can form detailed fingerprints for quality
detection (Prieto et al., 2009).

As for the meat authenticity, NIRS has found application for the evaluation of the dietary pattern (Arce et al.,
2009; Dian et al., 2008; Garcia-Olmo et al., 2009; Huang et al., 2015; Prieto et al., 2015; Zamora-Rojas et al.,
2012) and the geographical origin of animals (Erasmus et al., 2016; Monahan et al., 2018; Sun et al., 2012).
However, these studies faced the problem with a discriminant approach. Conversely, in our study a class-
modelling approach has been used. Class-modelling, also recognised as one-class classification, is a family of
multivariate supervised classification methods specifically developed to face problems in which only one class,
i.e., the target class, is the focus and is recognised as the most suitable chemometric approach for food
authentication (Forina et al., 2008; Rodionova et al., 2016a; Rodionova et al., 2016b; Oliveri, 2017). In this
study, the target class was the fat material from a local pig breed reared extensively, known as Apulo-
Calabrese, listed in the national herd book that is used as raw material in several Italian Protected Designation
of Origin (PDO) meat products such as Salsiccia di Calabria (Registration Number PDO-IT-1568),
Soppressata di Calabria (Registration Number PDO-IT-1569), Capocollo di Calabria (Registration Number
PDO-IT-1570) and Pancetta di Calabria (Registration Number PDO-IT-1568) (https://ec.europa.eu). The fat
portion has been chosen as possible authenticity marker because the scientific literature confirms that major
differences between intensive and extensive rearing systems could be observed in the fatty acid composition
of the fat portion (Estévez et al., 2006; Tejerina et al., 2012), and the latter is also influenced by the pig breed
(De Smet et al., 2004; Huang et al., 2020).

The Data Driven variant of Soft Independent Modelling of Class Analogy (DD-SIMCA) (Rodionova et al.,

2016a) was used as supervised class modelling approach.



2. Materials and methods

2.1 Sample set

A total set of 61 different section of subcutaneous fat were sampled from the local farm Salumi Martina Franca
S.r.l. (Martina Franca, Italy). Forty-six (46) samples were from Apulo-Calabrese black pig breed reared
extensively in “Massseria Pezze Mammarelle” woodland, located in Martina Franca, Taranto, Apulia (South
Italy). The pigs were fed with natural plants such as acorns (Quercus trojana Webb), pasture grasses and wild
fruits with the integration of cereal and legume-based feed (barley, field bean and pea) purchased from the
feed mill Quarato (Noci, Bari, Apulia Ataly), and slaughtered at 180-200 kg. Fifteen (15) samples were from
crossbreed F1 Landrace X Large White pigs purchased from a local slaughterhouse, reared intensively in
Apulia and Basilicata (South Italy), and slaughtered at 160-170 kg. The sampling has been performed in six

different months, encompassing two years (2021 and 2022) (Table 1).

2.2 NIR spectra acquisition

NIR spectra of fat samples were collected in reflectance mode by the integrating sphere module of the FT-NIR
spectrophotometer (Nicolet iS50, Thermo Fisher Scientific, Waltham, MA, USA). Fat samples were filled in
a sample cup (5 x 1 cm) that allows multi-sampling by rotating the cup during spectral acquisition. The
acquisition conditions were: 4000-12500 cm spectral range, 16 cm™ resolution, 32 number of scans. Four
spectra per each sample were collected at room temperature, recording a new background (32 scans) after
every sample (4 spectra). A dark correction was applied to exclude the contribution of reflected light from the
sampling window. The equipment was controlled by OMNIC software (Thermo Fisher Scientific Inc.,

Waltham, MA, USA). The full spectrum was used for further data elaboration.

2.3 Data Analysis

The NIR dataset was exported in “.csv” format and imported in MATLAB (R2021a, The MathWorks, Inc.
MA, USA) for subsequent elaborations. First, the spectral replicates per each sample were averaged giving a
final dataset of 61 x 1102 (samples x variables). Principal Component Analysis (PCA) was used as an
unsupervised pattern recognition technique for data exploration, according to the model X = TP + E, where X
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is the original data matrix, T and P are the scores and loading matrices, respectively, and E is the matrix of
residuals (Bro and Smilde, 2014). Different pre-processing were tested to remove unwanted signal variation
(Oliveri et al., 2019; Rinnan et al., 2009), namely Standard Normal Variate (SNV; according to Xcor = (Xorig —
Xm)/Sd, Where Xcorr IS the corrected spectrum, Xorig is the original one, X is the mean spectrum, and sq is the
standard deviation of the sample spectrum), Multiplicative Scatter Correction (MSC; according to Xcor = (Xorig
—bo)/bref.1, Where by and byer1 are the correction parameters from the first order polynomial using mean spectrum
as reference), first derivative (1D, 11 data-point window, 3-order polynomial), and second derivative (2D, 11
data-point window, 3-order polynomial). Mean centring was used in all the cases as column scaling before
performing PCA (Bro and Smilde, 2014). After exploration, DD-SIMCA was used as supervised class
modelling approach (Rodionova et al., 2016a). In DD-SIMCA, after a decomposition step by PCA (X = TP' +
E), a score distance and an orthogonal distance are calculated per each sample, from which the total distance
metric could be estimated and used to generate the decision rule (Zontov et al., 2017). Before class modelling,
the dataset was split in calibration and validation set. The splitting scheme followed the so-called “rigorous”
approach to one-class classification (Rodionova et al., 2016a). According to the rigorous approach, SIMCA
models have been developed only by using samples belonging from the target class. In our case, the target
class, i.e., the class whose authenticity we want to safeguard, is represented by the fat samples from Apulo-
Calabrese extensive reared black pigs. Thus, the calibration set was represented by a portion of these fat
samples (E class, n = 33) while the remaining (n = 13) were used for validation purpose. An a value of 0.001
was set for the model development, which represents the type | error, i.e., the rate of wrong rejection of target
samples from the target class (Rodionova et al., 2016a). In the authentication context, a should be as lower as
possible to reduce the probability that genuine samples from the target class are rejected from the model
(Forina et al., 2008). Different models were built, and compared, considering i) a different number of principal
components and ii) the mentioned spectral pre-processing (SNV, MSC, 1D, and 2D). The performances of the
models were evaluated by assessing model’s sensitivity (Sn) both for the training set (SnT) and for the
prediction set (SnP). Sn, is defined as the true positive rate of a model, i.e., represents the number of objects
of the target class correctly included in that class (Ballabio et al., 2018). The higher the Sn, the better the
model. In this study, there are also samples from the alien class, i.e., fat from intensive rearing, which allow
us to test the model’s specificity (Sp). Sp, indicates the true negative rate, i.e., the number of objects from the
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alien class correctly rejected from the target class model (Ballabio et al., 2018). Sn and Sp have been calculated
as reported in Zontov et al. (2017). Data elaboration was carried out in MATLAB, by using original codes, the
PLS_toolbox (Eigenvector Research Inc., USA) and the DD-SIMCA toolbox (Teixeira et al., 2021; Zontov et

al., 2017).

3. Results and Discussion

3.1 NIR spectra and data exploration

Figure 1 depicts the raw mean NIR spectra of the fat classes under investigation. The spectra are similar to
those reported for other pig meat-based samples (Mabood et al., 2020; Varra et al., 2020; Zamora-Rojas et al.,
2012) and could be roughly divided into three main regions. The first one, between 4000 and 6000 cm™, shows
different absorption bands (at 4258, 4327, 4666, 5176, 5677, and 5785 cm*) associated to the combination and
the first overtone bands of the CH, CH,, CHs;, CC, CO, and NH; functional groups, and H.O. The second
region is characterized by two broad bands at around 6950 cm™, with a shoulder at 7181 cm, and at 8254 cm-
! with a shoulder at 8554 cm™, that could be associated mainly to the CH, CH,, CH; first and second overtones,
respectively. Finally, two little bands were observed in the third region, at around 9596 and 10745 cm, that
could be linked to the second overtone of NH and the third overtone of CH, CH,, CHs functional groups,
respectively (Dixit et al., 2017; Xiaobo et al., 2010).

Being the samples under study constituted by fat, it was expected that the absorptions in the NIR range were
linked mainly to the CH groups, that represents the core of the lipid structure. Considering the classes, no
important differences were observable in the raw spectra, confirming the necessity of chemometric tools to
extract useful information from those data (Squeo et al., 2019). So, PCA was used for data exploration. Figure
2 reports the results of the PCA carried out on the SNV pre-processed data matrix. The results obtained by
applying other pre-processing can be observed in the supplementary material. The first two principal
components (PCs) explained more than 90% of the total variability. From the score plot (Figure 2A), it could
be observed that PC1 did not highlight information related to the rearing system and the samples from the two
classes overlapped. Differently, along PC2 it could be observed a preferable distribution of the I class samples
that were roughly positioned on the negative half of PC2, although there was no clear separation with E
samples. The inspection of other PCs (data not shown) did not highlight useful information to our scope. The
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loading plot (Figure 2B) showed the variables responsible for this displacement of the I class samples, which
were those having higher and negative loadings on PC2, mostly those in the regions 4000-4300 cm, 5000-
5300 cm?, 6500-7000 cm™. As illustrated above, these spectral regions correspond to those of the combination
and the first and second overtone bands of CH, OH, and CO (Xiaobo et al., 2010), which are linked to the fatty
acids. The same conclusions drawn for the SNV pre-processed data could be outlined considering the MSC
pre-processing as can be observed in Figure S1. Differently, the application of the 1D and 2D (Figures S2 and
S3, respectively) brought to a progressively increasing separation of the samples according to the classes in
the space of the first two PCs, which is almost net in the case of 2D. In light of these results, the derivative
pre-processing seemed to be the most suitable to achieve discrimination. Nonetheless, it should be recalled
that our problem is not to discriminate these two classes but to define a class model useful for the authentication

of the target class, E.

3.2 Class-modelling results

3.2.1 Models calibration

As previously stated, in the context of authentication problems, the most suitable chemometric approach is to
define a class model for the target class that will be used to classify unknown samples as members of such
class or not. SIMCA, in its different variants, is one of the simpler and more powerful class modelling tools.
In this study, the DD variant was used (Zontov et al., 2017) and Table 2 reports the obtained results. Figure 3
presents graphically the evolution of SnT, SnP, and Sp for an increasing number of PCs and for the different
pre-processing. All the models were calculated by setting an a value of 0.001, which corresponds to defining
a 99.90% confidence level for the target class. As reported in Forina et al. (2008), reducing the a value, and
thus increasing the confidence level for the class and the model sensitivity, is often mandatory in the food
authentication context because of the need to not exclude genuine samples of the target class from the model.
By setting the value at 0.001, the accepted type | error is reduced to 0.1%. On the other hand, it should be
considered that, generally, reducing the o value causes an increase in the  value (Rodionova et al., 2016a),
which means that a higher proportion of alien samples could be classified as target samples, i.e., a higher
amount of false positive. The results of the calibration showed that an excellent sensitivity (SnT) was obtained
using all the pre-processing tools, regardless of the number of PCs. Only in the case of SNV and MSC, one
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extreme sample was identified when 6 PCs were used (Table 2, Figure 3). These excellent results in calibration
were expected considering the chosen a value, as previously commented. However, on the basis of these
results only, it would be a hard task to decide which model to choose, both in terms of complexity and pre-
processing. Hence, it is mandatory to test the models to obtain an insight about their predictive performances,

as discussed in the next section.

3.2.2 Models validation

The calibrated models were tested against a validation set of 13 random chosen E class samples and, finally
also against a set of 15 I class samples to calculate the § value and the Sp.

Considering SNV pre-processing, the results showed an excellent SnP from 1 up to 6 PCs, after which a
progressive decreasing in the SnP was observed, corresponding to an increasing number of samples not
recognized as members of the target class (Table 2). On the other hand, Sp was extremely low with 1 PC but
suddenly increased by considering more PCs. According to SnT and SnP, the models from 1 to 5 PCs were
equivalently good. However, by considering also the Sp, the model with 4 PCs was the best compromise. MSC
performed worse than SNV, in contrast with another similar study (Fernandez-Barroso et al., 2021). In fact,
SnP suddenly decreased from 2 PCs onward (Table 2, Figure 3). Conversely, MSC allowed to reach an
outstanding Sp starting from the model with 2 PCs (Figure 3) with probabilities of type Il error equal to 0
(Table 2). 1D and 2D models showed similar performances. In both cases, up to a reduced number of PCs (3
and 4, respectively) the models showed excellent SnP. Afterwards, the SnP started decreasing, although not in
a dramatic manner, while Sp increased. For these models, the optimal dimensionality, chosen on the basis of
SnT and SnP, brought to models with generally low Sp and B values equal to 0.37 and 0.24, respectively.
Overall, in all the cases, an inverse relationship between SnP and PCs has been observed. As commented by
Rodionova et al. (2016b), this result clearly reflects the possibility of overfitting of the model to the training

dataset.

3.2.3 Optimal class model selection
A major issue when developing a class model regards model optimization, i.e., the definition of the optimal
number of PCs, which is of crucial importance (Rodionova et al., 2016b). According to the “rigorous” class
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modelling approach, the best model should be chosen only on the basis of SnT and SnP. Following this
approach, in this study different models are found to be equivalently good. However, when the classes under
study tend to overlap, such as in this case (Figure 2A), it might help considering also alien objects if available
(Rodionova et al., 2016a). In this perspective, our results suggest that the best trade-off is obtained with SNV
pre-processing and 4 PCs. In this case, SnT, SnP, and Sn were 100% with a calculated B value equal to 10%
(Table 2). Figure 4 shows the acceptance plots obtained from this model (SNV, 4 PCs) for the training set, the
target class validation set, and the alien class validation set, respectively. In line with our outcomes, other
recent studies in different fields presented interesting results obtained combining NIR spectroscopy and DD-
SIMCA to solve authentication problems. Teixeira et al. (2022) in the classification of authentic and
adulterated samples of goat dairy beverage, obtained an excellent predictive performance with 95% (2 PCs; a.
= 0.01) and 100% (1 PCs; a = 0.01) sensitivity value, using the full spectral range and selected variables,
respectively. Rodionova et al. (2016b) used this approach to successfully trace the authenticity of olive

samples, while Mazivila et al. (2020) used DD-SIMCA for the authenticity of cow milk powders.

4. Conclusions

The results obtained in this work proved that NIR spectroscopy coupled with DD-SIMCA class modelling is
a powerful analytical approach when testing the authenticity of pork fat according to the rearing system. This
analytical methodology has the advantage of being naturally clean, rapid, and non-destructive, matching the
contemporary requirements for fast and environmentally-friendly analytical methods. The NIR signal gave
chemical information about the samples under study and, although the spectral signals of the considered classes
were very similar, by a proper DD-SIMCA model tuning (i.e., definition of the optimal number of PCs and
spectral pre-processing), outstanding performances in classification were obtained. These promising results
will be confirmed with an increased dataset and by an intense validation. In this study, the feasibility of NIR-
DD-SIMCA was tested on the sole fat portion. Thus, an exciting perspective will be the application of the

proposed method for the authentication of more complex meat products from extensive rearing.
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Figures captions

Figure 1. Mean NIR raw spectra of fat samples from extensive reared Apulo-Calabrese black pig (E; black
line) and intensive reared pink pig (I; red line).

Figure 2. Score plot (A) and loading plot (B) of the Principal Component Analysis carried out on the SNV
pre-processed data matrix. E, extensive reared Apulo-Calabrese black pig; I, intensive reared pink pig.
Figure 3. Graphical representation the evolution of SnT (sensitivity calculated on the training set), SnP
(sensitivity calculated on the target class test set), and Sp (specificity calculated on the alien class) for an
increasing number of PCs and for the different pre-processing (SNV, standard normal variate; MSC,
multiplicative scatter correction; 1D, first derivative; 2D, second derivative).

Figure 4. Acceptance plots obtained from the model (SNV, 4 PCs) for A) the training set, B) the target class

validation set, and C) the alien class validation set.

Supplementary material

Figure S1. Score plot (A) and loading plot (B) of the Principal Component Analysis carried out on the MSC
pre-processed data matrix. E, extensive reared Apulo-Calabrese black pig; I, intensive reared pink pig.
Figure S2. Score plot (A) and loading plot (B) of the Principal Component Analysis carried out on the 1D pre-
processed data matrix. E, extensive reared Apulo-Calabrese black pig; I, intensive reared pink pig.

Figure S3. Score plot (A) and loading plot (B) of the Principal Component Analysis carried out on the 2D pre-

processed data matrix. E, extensive reared Apulo-Calabrese black pig; I, intensive reared pink pig.
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Table 1. Presentation of the samples.

No. of independent samples Period of sampling

Pig breed

Rearing system

4
5
6

10

N

A A B W

May ‘21
May 21
June 21
June ‘21
June 21
July 21
January ‘22
January 22
March 22
March 22
April 22
April 22

Landrace X Large White
Apulo-Calabrese
Landrace X Large White
Apulo-Calabrese
Apulo-Calabrese
Apulo-Calabrese
Landrace X Large White
Apulo-Calabrese
Landrace X Large White
Apulo-Calabrese
Apulo-Calabrese
Apulo-Calabrese

Intensive
Extensive free-range
Intensive
Extensive free-range
Extensive free-range
Extensive free-range
Intensive
Extensive free-range
Intensive
Extensive free-range
Extensive free-range
Extensive free-range
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Table 2. Results of DD-SIMCA.

Calibration TARGET CLASS

Prediction TARGET CLASS

Prediction ALIEN CLASS

Preprocessing PCs a Samples Extremes Outliers SnT (%) Samples External SnP (%) Samples External B Sp (%)
1 0.001 33 0 0 100.00 13 0 100.00 15 3 0.89  20.00

2 0.001 33 0 0 100.00 13 0 100.00 15 11 029 73.33

3 0.001 33 0 0 100.00 13 0 100.00 15 14 0.04 93.33

SVN + MC 4 0.001 33 0 0 100.00 13 0 100.00 15 15 0.10 100.00
5 0.001 33 0 0 100.00 13 0 100.00 15 14 0.15 93.33

6 0.001 33 1 0 96.97 13 0 100.00 15 14 0.05 93.33

7 0.001 33 0 0 100.00 13 1 92.31 15 14 0.02 93.33

8 0.001 33 0 0 100.00 13 2 84.62 15 15 0.01 100.00

9 0.001 33 0 0 100.00 13 2 84.62 15 15 0.01 100.00

10 0.001 33 0 0 100.00 13 3 76.92 15 15 0.00 100.00

1 0.001 33 0 0 100.00 13 0 100.00 15 8 0.44  53.33

2 0.001 33 0 0 100.00 13 2 84.62 15 15 0.00 100.00

MSC + MC 3 0.001 33 0 0 100.00 13 13 0.00 15 15 0.00 100.00
4 0.001 33 0 0 100.00 13 13 0.00 15 15 0.00 100.00

5 0.001 33 0 0 100.00 13 13 0.00 15 15 0.00 100.00

6 0.001 33 1 0 96.97 13 13 0.00 15 15 0.00 100.00

7 0.001 33 0 0 100.00 13 13 0.00 15 15 0.00 100.00

8 0.001 33 0 0 100.00 13 13 0.00 15 15 0.00 100.00

9 0.001 33 0 0 100.00 13 13 0.00 15 15 0.00 100.00

10 0.001 33 0 0 100.00 13 13 0.00 15 15 0.00 100.00

1 0.001 33 0 0 100.00 13 0 100.00 15 4 0.65 26.67

2 0.001 33 0 0 100.00 13 0 100.00 15 9 0.44  60.00

1D+ MC 3 0.001 33 0 0 100.00 13 0 100.00 15 10 0.37 66.67
4 0.001 33 0 0 100.00 13 2 84.62 15 11 019 73.33

5 0.001 33 0 0 100.00 13 2 84.62 15 12 0.17  80.00

6 0.001 33 0 0 100.00 13 2 84.62 15 12 0.19 80.00

7 0.001 33 0 0 100.00 13 2 84.62 15 15 0.02 100.00

8 0.001 33 0 0 100.00 13 2 84.62 15 15 0.03 100.00
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9 0.001 33 0 0 100.00 13 2 84.62 15 15 0.02 100.00
10 0.001 33 0 0 100.00 13 3 76.92 15 15 0.01 100.00
1 0.001 33 0 0 100.00 13 0 100.00 15 7 054  46.67
2 0.001 33 0 0 100.00 13 0 100.00 15 5 0.60  33.33
2D + MC 3 0.001 33 0 0 100.00 13 0 100.00 15 11 024 7333
4 0.001 33 0 0 100.00 13 0 100.00 15 8 0.37 53.33
5 0.001 33 0 0 100.00 13 2 84.62 15 12 0.23  80.00
6 0.001 33 0 0 100.00 13 2 84.62 15 14 0.16  93.33
7 0.001 33 0 0 100.00 13 2 84.62 15 15 0.05 100.00
8 0.001 33 0 0 100.00 13 2 84.62 15 15 0.01 100.00
9 0.001 33 0 0 100.00 13 4 69.23 15 15 0.01 100.00
10 0.001 33 0 0 100.00 13 3 76.92 15 15 0.01 100.00

PCs, number of principal components; o, value set for the type I error; SnT, sensitivity calculated on the training set; SnP, sensitivity calculated on the target class test set; 3,
calculated value of the type Il error; Sp, specificity calculated on the alien class; SNV, standard normal variate; MSC, multiplicative scatter correction; 1D, first derivative; 2D,

second derivative; MC, mean centering.
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Highlights

NIR spectra of fat from different pigs were recorded for authenticity purpose
PCA showed that the classes overlapped

DD-SIMCA class modelling allows to define a proper target class model

By proper model tuning, excellent sensitivity and specificity were obtained

New perspective for the authenticity check of pork meat products
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