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Abstract: Brassicaceae is a family of vegetables found all over the world that has been attracting
the attention of researchers due to its rich chemical composition and potential health benefits (an-
tioxidant and anti-inflammatory, as well as antimutagenic activity and potential anticarcinogenic
effects). In Italy, various Brassicaceae varieties are commercially available, including traditional
local cultivars, which have unique features and genetic diversity. As a result, there is a growing
need to protect and recognize these landraces to preserve biodiversity. In this study, non-destructive
tools such as Attenuated Total Reflectance-Fourier Transform-Infrared Spectroscopy (ATR-FT-IR)
and chemometrics were employed to investigate eight distinct Brassicaceae landraces. The collected
data were analyzed using a class modeling approach (Soft Independent Modeling of Class Analogy)
and a discriminant classification method (Partial Least Squares Discriminant Analysis) to assess
similarities and dissimilarities among the samples, all cultivated in an experimental field under
the same pedoclimatic conditions. Remarkably, the combination of IR spectra and chemometric
tools allowed accurate classification of the samples according only to their genetic background and
despite their inclination to hybridization. The study highlights and demonstrates the importance and
applicability of this specific non-destructive method for assisting the management and preservation
of the genetic resources related to the local varieties of Brassicaceae.

Keywords: brassicaceae; spectroscopy; ATR-FT-IR; chemometrics; classification; SIMCA; PLS-DA

1. Introduction

The Brassicaceae are winter vegetables grown worldwide; Italy cultivates a wide
range of Brassicaceae varieties, including local variants adapted to withstand low tempera-
tures and harsh winter conditions in mountainous regions. Some Brassicaceae cultivars
are planted in association with other crops as they may help repel or disrupt the life cy-
cle of certain harmful insects. This specific ability is often attributed to glucosinolates,
which, at the moment the plant is damaged, are subject to hydrolyzation by myrosinase
enzymes and transformed into bioactive isothiocyanates, volatile compounds known to
have broad-spectrum antimicrobial and insecticidal activities. Thus, the cultivation of
Brassicaceae has proved helpful in reducing the need for pesticides or other chemicals and
is considered an ecologically friendly crop [1]. These species are of considerable interest
due to their richness in beneficial substances for humans. Indeed, they are known for
their antioxidant properties [2–4], thanks to the presence of vitamin C and flavonoids,
and anti-inflammatory activity, for the presence of glucosinolate [5,6], which also imparts
cardioprotective, antimutagenic, and anticancer properties [7–10].

Several studies can be found in the literature regarding the characterization and quan-
tification of glucosinolates in Brassicaceae since their monitoring is essential to inform about
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the availability of these compounds in the end product and to predict the potential health
and nutritional benefits of this functional food. Both targeted and fingerprinting methods,
such as liquid chromatography-mass spectrometry (LC-MS), gas chromatography–mass
spectrometry (GC-MS), and vibrational spectroscopy, were employed for this goal [11,12].
The latter technique is particularly attractive for large-scale analysis and industry condi-
tions, especially when combined with chemometrics, since it is relatively fast, inexpensive,
non-destructive, and does not require complex sample preparation [13]. Several stud-
ies have focused on optimizing extraction processes on this remarkable matrix, which
can be actually considered a functional food [14]; Baky et al. [15] characterized, using
headspace solid-phase microextraction (HS-SPME) technique and gas chromatography-
mass spectrometry (GC-MS), volatile and nonvolatile profiles of six Brassicaceae cultivar
leaves (Brassica oleracea (cabbage), Brassica oleracea var. italica (broccoli), Brassica oleracea var.
oleracea (cauliflower), Brassica rapa (turnip), Raphanus sativus L. (radish), and Nasturtium
officinale (watercress)) providing a comparative study between edible and inedible parts
of Brassicaceae vegetables and suggesting potential uses and valorization practices of
this functional food. Lucarini and co-workers [16] evaluated, using Nuclear Magnetic
Resonance (NMR) and systematic investigation, the specific effect of cultivation (organic
and conventional fertilization methods) on the secondary metabolites of Brassica oleracea
and Brassica rapa samples grown in the same pedoclimatic and soil conditions.

The Brassicaceae family includes more than 3700 species that commonly undergo
interspecific hybridization, and the management and monitoring of this family in terms of
genetic identity is a relevant topic due to the economic, ecological, and health implications.
In this context, visible and near-infrared spectroscopy and chemometrics were employed
to effectively discriminate Genetically Modified (GM) and non-GM Brassica napus, B. rapa,
and F1 hybrids (B. rapa/GM B. napus) [17].

The interest in studying Brassicaceae also stems from the aim of preserving local and
traditional varieties of Brassicaceae; in this work, we have considered typical cultivars from
Abruzzo (Central Italy), known as Mugnoli of Pettorano sul Gizio (Abruzzo, Central Italy),
in order to conserve its genetic biodiversity. Preserving these local varieties is important
because their cultivation is not widely spread due to their ease of hybridization and
gradual rather than simultaneous harvesting, which leads companies to discard them when
selecting varieties to cultivate. The Mugnoli of Pettorano sul Gizio are local varieties of
Brassicaceae obtained via the hybridization of cabbage, belonging to the Brassica oleracea L.
family, with turnip, which is part of the Brassica rapa L. family. Therefore, it is a plant species
that exhibits characteristics of both the cabbage and the turnip from which it originated [18].
Other common Abruzzo cultivars are: Guardiagrele turnip, curly kale from Lama dei
Peligni, “Rapa senza testa”, “Cima dell’Osento”. These species cultivated in Abruzzo are
the subject of our study, which is based on the characterization and classification of these
local varieties to protect and enhance their value [19]. The Guardiagrele turnip is a variety
of Brassica napus cultivated in the town of Guardiagrele (Abruzzo, Central Italy), from
which it takes its name. The curly kale of Lama dei Peligni (Abruzzo, Central Italy) is a
species belonging to the family Brassicaceae oleracea var. sabellica. Among the Brassica rapa
species is “Rapa senza testa”, rich in numerous leaves without a central stem. Lastly, “Cima
dell’Osento” is cultivated near the Osento River in Abruzzo (Central Italy). These local
varieties were analyzed and compared alongside two commercial Brassicaceae varieties:
“Cima 90◦ San Marzano” and “Cima Grande”.

These varieties were analyzed using infrared spectroscopy [20]; this technique, being
rapid, non-destructive, and green, allowed us to obtain results quickly while keeping the
analyzed sample intact.

Data were processed using chemometric approaches such as Soft Independent Models
of Class Analogy (SIMCA) and Partial Least Squares-Discriminant Analysis (PLS-DA) to
highlight similarities and differences between the considered species despite their different
family origins and their ability to hybridize [21,22]. These chemometric algorithms made it
possible to classify the various sample classes with good efficiency [23,24], enriching the
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study conducted so far on these landraces, which are interesting due to their rich chemical
composition, nutritional value, and genetic heritage [25–27].

2. Materials and Methods
2.1. Brassicaceae Samples

The study was conducted on eight out of nine Brassicacea cultivars that were grown,
collected, and analyzed in an experimental field. All the cultivars are reported in Figure 1;
however, Class Γ was excluded from this investigation because the cultivation was un-
successful, and obtaining a significant number of samples was impossible. The landraces
analyzed in this study were cultivated within the same experimental field in Pattorano sul
Gizio (Abruzzo, Central Italy), divided into four sub-fields (Figure 2). Each sub-field was
further divided into nine rows, one for each cultivated species. The order of the nine rows
was then randomized for each sub-field. Growing plant species in the same experimental
field allows the appreciation of different characteristics among the considered varieties
without the influence of climate and soil. The cultivated and analyzed Brassicaceae vari-
eties, along with their respective class designations, were as follows: Mugnoli broccoli A
designated as “Class A”, Mugnoli broccoli B designated as “Class B”, Mugnoli broccoli
C identified as “Class C”, Guardiagrele turnip designated as “Class D”, curly kale from
Lama dei Peligni labeled as “Class E”, Rapa senza testa designated as “Class Γ”, Cima
dell’Osento labeled as “Class F”, Cima 90◦ San Marzano identified as “Class G”, and finally
Cima Grande designated as “Class H” [19].
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Figure 1. Pictures of the leaves of the analyzed Brassicaceae varieties. Denomination of the Class:
“Class A”—Mugnoli broccoli A, “Class B”—Mugnoli broccoli B, “Class C”—Mugnoli broccoli C,
“Class D”—Guardiagrele turnip, “Class E”—curly kale from Lama dei Peligni, “Class Γ”—Rapa senza
testa, “Class F”—Cima dell’Osento, “Class G”—Cima 90◦ San Marzano, “Class H”—Cima Grande.
Class Γ was excluded from further investigation because the cultivation was unsuccessful.
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The conservation activity of the different Mugnoli accessions concerns the cultivation
and multiplication of seeds (not commercially available) by local growers who retain the
accessions by passing them from one cultivation to another each year, contributing to the
preservation of this local variety.

Among the considered cultivars, curly kale from Lama dei Peligni is an Abruzzo
landrace easily found commercially, but only Class G and Class H are commonly marketed
in all Italian Marketplace; on the other hand, the others are all local niche varieties. All seeds
were planted on 8 September 2022, harvested on 6 February 2023, stored in a refrigerator,
and analyzed using infrared spectroscopy within three days of harvesting.

2.2. IR Spectra Collection

The infrared spectra were recorded on a PerkinElmer Spectrum Two™ (PerkinElmer,
Waltham, MA, USA) FT-IR spectrometer, consisting of a deuterated triglycine sulfate
(DTGS) detector and a PerkinElmer Universal Attenuated Total Reflectance (uATR) ac-
cessory equipped with a single bounce diamond crystal. Spectra were registered in the
4000–400 cm−1 spectral range with 4 cm−1 instrumental resolution, and sixteen scans
averaged per spectral replicate. The background signal was collected with the crystal
exposed to the air. ATR-FT-IR spectra were acquired after cleaning the leaves with kitchen
paper to remove any soil residue. All samples were analyzed within three days of harvest,
with the leaves stored in the refrigerator. The diamond was cleaned using methanol and
precision wipes after each sample analysis. Care was taken to ensure complete evaporation
of methanol before placing a new sample on the ATR device. A total of 60 IR spectra were
acquired for Class A, 58 IR spectra for Class B, and 45 IR spectra for each of Classes C, D, E,
F, G, and H.

2.3. SIMCA

Soft Independent Modeling of Class Analogies (SIMCA) is a class-modeling algorithm
based on identifying similarities between samples belonging to the same category. Thus,
an unknown sample will be assigned to a specific class if, when projected onto the PC
model of the Class, it exhibits sufficient similarity with the samples belonging to that
specific class [28–30]. SIMCA algorithm involves Principal Component Analysis (PCA) to
adequately approximate the typical variability of the Class of interest and to assess the
similarity [31]. Subsequently, a sample will be accepted or rejected by a class model based
on its distance from the class space, which is calculated using Equation (1):

d =

√√√√( T2
i

T2
0.95

)2

+

(
Qi

Q0.95

)2
=

√(
T2

i,red

)2
+ (Qi,red)

2 (1)

The Mahalanobis distance of the sample from the center of the class model space is
indicated by T2, while Q represents its orthogonal distance from the model. These values
are divided by T2

0.95 and Q0.95, which constitute the 95th percentiles of the distributions of
T2 and Q. This allows obtaining the reduced distances T2

red and Qred, respectively [32]. Due
to normalization, the limit values of T2 and Q are both equal to 1; a sample will be accepted
by the model if d ≤

√
2, otherwise, it will be rejected.

SIMCA models each category independently; as a result, a sample may be accepted
by a single class, confused by being accepted by multiple classes, or excluded by all
considered class models [33]. SIMCA algorithm provides values for sensitivity, specificity,
and efficiency. Where sensitivity represents the percentage of samples belonging to a
particular class correctly accepted by the class model, while specificity is the percentage
of samples not belonging to a class that the model correctly excludes. Efficiency is the
geometric mean of sensitivity and specificity.
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2.4. PLS-DA

Partial Least Squares-Discriminant Analysis [34,35] is a chemometric algorithm that
enables discriminant classification and is useful for analyzing highly correlated data, such
as spectroscopic ones. Class membership is represented by a binary “Dummy” matrix
Y, with dimensions NxF, where N is the number of samples, and F is the number of
classes [36]. Therefore, each object will have a value of 1 in its corresponding Class (column)
of membership and a value of 0 for the other columns. The model can be mathematically
expressed by Equation (2).

Y = XB + E (2)

where Y is the dummy matrix, X is the training data matrix, and B and E are the regression
coefficients and the residuals matrix, respectively.

From the resolution of Equation (1), a predicted vector Ypred is obtained, which will not
be binary but real-valued. Linear discriminant analysis (LDA) was applied to the predicted
responses Ypred [37,38] to classify the samples. In this case, according to Bayes’ rule, the
samples were assigned to the Class for which a higher a posteriori probability arises.
The B matrix and the classification rule (obtained from the training set) were involved
in classifying unknown samples of the test set, which was made up of ~30% of selected
samples for each Class, using the duplex algorithm [39].

3. Results

The average spectra of the considered classes are shown in Figure 3. Although a direct
comparison of intensities is not feasible on unprocessed spectra, certain differences in the
intensities of specific peaks can be recognized using simple visual inspection, especially
in the fingerprint zone from 1100 cm−1 to 500 cm−1. A detailed interpretation of the
reported profiles is challenging, given the complexity of the matrix and the strong influence
of water on the spectroscopic signals. In general, the reported profiles reflect well the
expected composition of the samples, mainly constituted by water, proteins, sugars and
carbohydrates, crude fiber components, as well as phenolics, chlorophylls and porphyrins,
carotenoids, Vitamins (A, C, K), glucosinolates, choline, and betaine. Starting from the
broad band centered at 3360 cm−1, it is primarily attributed to the O–H stretch of water,
overlapping with vibrational bands associated with the O–H stretching modes of sugars,
phenolics, Vitamin C and N–H stretch in proteins and indole moiety of glucosinolates [40].
Peaks from ~2920 cm−1 to ~2860 cm−1 represent symmetric and antisymmetric C–H
stretching vibrations, respectively. The signal at 1740 cm−1 is linked to the C=O stretching
of chlorophylls and pectins [41]. The broad spectral band at 1640 cm−1 results from several
combined effects of O–H bending, H–O–H bending of water, to the Amide I band of
proteins and the C=N-sulphate moiety, which result in strong IR bands between 1630 and
1690 cm−1 [42].

The signal at 1515 cm−1 is attributed to the stretching of Amide II of proteins. However,
within the range of 1500–1200 cm−1, absorptions are associated with CH2 cellulose bending
modes and various pectin and chlorophyll vibration modes. Signals in the 1200–950 cm−1

range reflect asymmetric stretching of the C–O–C glycosidic linkage and C–C and C–O ring
stretching modes of polysaccharides [43]. Again, in the range of ~1495 to ~1265, signals
related to S=O of glucosinolates can be found. Furthermore, signals at 1600 and 1100 cm−1

hint at the existence of aromatic compounds, flavonoids, and phenols.
The IR spectra collected on the various samples were subjected to different classifica-

tion problems, which were solved using both SIMCA and PLS-DA.
In particular, both approaches were used to test whether it is possible to classify Class

Mugnoli (constituted by all the individuals belonging to Class A, B, and C) vs. all the other
investigated ecotypes (Classes D, E, F, G, and H modeled as four individual categories).

Afterward, the same classification problems were re-evaluated, considering the three
accessions of Mugnoli as individual classes, in order to test whether the variability among
them was high enough to require their individual modeling.
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Furthermore, in order to find out significant differences between Mugnoli landrace
and the Brassicaceae most commonly found on the market (Class E, G, and H), PLS-DA
has been used to investigate whether it is possible to discriminate between Class Mugnoli
(constituted by all the individuals belonging to Class A, B and C) vs. the three Classes of
Commercial Brassicaceae, i.e., the individual classes of E, G, and H.

More details on the PLS-DA and SIMCA models are reported below in the respective
paragraphs.

Regardless of the classifier used, different spectral preprocessings were tested on data:

- Mean centering (MC)
- Standard Normal Variate (SNV) (+MC)
- First Derivative (D1) (+MC)
- Second Derivative (D2) (+MC)
- SNV + D1 (+MC)
- SNV + D2 (+MC)

As it is possible to see from the list above, combinations of preprocessing methods
were tested (e.g., SNV + D1), meaning that they were applied to the data in the same order
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they are listed. Even if it will not always be specified, data were mean-centered prior to the
creation of any model.

Consequently, six different models (for each classification problem and for each clas-
sifier) were calculated using a 7-fold cross-validation procedure. The outcome of the
internal validation was then used (as it will be described below) to define the optimal
data preprocessing.

3.1. Results of SIMCA Modeling

As anticipated, at first, Class Mugnoli (including samples belonging to accessions
A, B, and C) has been modeled with respect to all the other investigated ecotypes. The
cross-validated efficiencies (%CVeff), expressed as the geometric average of sensitivity and
specificity, together with the optimal number of PCs to be retained, are reported in Table 1.

Table 1. SIMCA analysis: a model of Class Mugnoli vs. all the other ecotypes. Cross-validated
efficiencies (%CVeff) and the optimal number of PCs retained in each model.

Preprocessing MC SNV D1 D2 SNV + D1 SNV + D2

%CVeff 77.3 79.4 77.1 75.3 68.5 48.5
PCs 15 14 14 14 14 14

Table 1 shows that the models built on bare mean-centered data and on data after the
first derivative provide the highest comparable efficiencies. Consequently, the model built
on signals after the first derivative has been considered optimal, as it requires lower PCs.
This model was then used to predict the test set, providing a sensitivity of 82.0% and a
specificity of 70.7%.

It is evident that the observed results are not completely satisfying. This could be
attributed to possibly high variability among the three accessions, rendering the Class less
well-defined and compromising the predictive capabilities of the model. Consequently,
an attempt was made to model each of the three classes separately to assess whether
this approach could lead to an improvement in predictive performance. The results are
summarized in Table 2.

Table 2. SIMCA analysis: models of the three classes of Mugnoli (A, B, and C) vs. all the
other ecotypes. Cross-validated efficiencies (%CVeff) and the optimal number of PCs retained in
each model.

Class Preprocessing MC SNV D1 D2 SNV + D1 SNV + D2

A %CVeff 81.77 80.99 80.57 76.16 72.37 62.61
PCs 8 8 6 8 6 9

B %CVeff 79.26 78.12 83.28 81.95 83.8 70.44
PCs 6 5 6 5 6 8

C %CVeff 80.68 80.35 78.56 83.82 80.25 71.58
PCs 5 5 6 6 6 6

The results presented in Table 2 reveal that, comparing the models’ outcomes pre-
treatment by pretreatment, an improvement when modeling the classes separately can be
appreciated. This confirms the need to treat distinct accessions as separate entities. The
chosen calibration models for predicting the test set were, for Class A, Class B, and Class
C, those built on mean-centered data, signals preprocessed by SNV and first derivative,
and spectra preprocessed by second derivative, respectively. These led to the predictive
sensitivities and specificities reported in Table 3.
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Table 3. SIMCA analysis: models of the three classes of Mugnoli (A, B, and C) vs. all the other
ecotypes. External validation results of the optimal models expressed in terms of Sensitivity and
Specificity.

Class Preprocessing Sensitivity Specificity

A Only MC 95.0 81.6
B SNV + D1 89.5 82.7
C D2 93.3 83.3

The outcomes reported in Table 3 are evidently superior to those obtained when mod-
eling Mugnoli as a single class and, overall, satisfactory. This underscores the significance
of considering the diverse accessions as independent entities, thereby allowing for more
nuanced and effective predictive modeling.

This clearly reveals that the three accessions exhibit significant differences despite
belonging to the same variety and being cultivated in the same experimental plot. In this
case, the explanation could be related to the intense hybridization processes inherent to
these plants.

A graphical representation of this outcome is shown in Figure 4. In Figure 4, the T2 vs.
Q plots of models of Class Mugnoli A, Class Mugnoli B, and Class Mugnoli C are shown in
three subplots. In the figures, filled and empty symbols represent test and training samples,
respectively. The dashed black line represents the acceptance cut-off; all the samples within
this threshold are accepted by the model and, therefore, predicted as belonging to the
modeled category, whereas all the others are rejected. Inspecting the plot makes it possible
to appreciate that, in the case of the model of Class Mugnoli A, a great part of the samples
belonging to this category fall inside the threshold, resulting in high sensitivity. At the same
time, a relatively significant number of test samples (~20%) belonging to other categories,
in particular Class B and Class H (Cima Grande), have been erroneously accepted by the
model. In the case of the model of Class B, the test sample misclassification has mainly
involved other Mugnoli (Class A) and Class F (Cima dell’Osento), which the model has
unproperly accepted. Eventually, the model of Class C is the one providing the highest
accuracy in prediction. In this case, the greatest part of the erroneously accepted samples
belongs to Class Mugnoli A or Class Mugnoli B.

3.2. Results of PLS-DA Modeling

As for the SIMCA algorithm, PLS-DA models have been constructed using mean-
centered data, data preprocessed using SNV, first derivative (D1), second derivative (D2),
and combinations of the preprocessings (SNV + D1 and SNV + D2), all mean centered
before constructing the models. Calibration models were optimized using cross-validation
and by selecting optimal parameters such as the best data preprocessing and the optimal
number of latent variables (LVs) based on the cross-validated correct classification rate
(%CCRcv) for the Class or Classes of interest (Mugnoli A, B, C).

Initially, the Mugnoli Class ABC was obtained by fusing the three Classes of Mugnoli
accessions (Class A, Class B, and Class C) and was modeled against all other and separated
ecotypes (Class D, E, F, G, and H). Table 1 shows the optimal number of LVs and the
cross-validation correct classification rate (%CCRcv) of the Mugnoli class (Class ABC) for
each pretreatment.

From Table 4, it can be deduced that the best model is the one obtained by preprocess-
ing the data with the second derivative.
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Table 4. The table shows the correct cross-validation classification rate (%CCRcv) for the Class of
Mugnoli (Class ABC) against the other ecotypes, relative pretreatment, and the optimal number of
latent variables (LVs).

Preprocessing MC SNV D1 D2 SNV + D1 SNV + D2

%CCRCV 76.99 82.30 81.42 89.38 71.68 86.73
LVs 16 17 17 15 13 17

Table 5 shows the corresponding prediction percentage values (%CCRpred) obtained
by applying the optimal model to the test set samples.

Table 5. The table shows the results obtained in prediction on the test set by solving the classification
problem, where the Mugnoli class (Class ABC) was classified against all other ecotypes.

Pretreatment LVs
Class ABC Class D Class E Class F Class G Class H

% CCRpred % CCRpred % CCRpred % CCRpred % CCRpred % CCRpred

D2 15 84.00 100.00 73.33 80.00 93.33 73.33

As can be seen in Table 4, the model built on preprocessed data using the second
derivative is capable of achieving, for our target class (Class ABC), a % CCRpred value of
84.00%

Then, the three Mugnoli classes, A, B, and C, were considered as three distinct classes
and classified against all other and separated ecotypes (Class D, E, F, G, and H) in an attempt
to improve predictive capabilities. Table 6 reports the values of the cross-validated correct
classification rate (%CCRcv) and the optimal number of LVs for the models calculated
using various preprocessing methods.

Table 6. The table shows the cross-validation correct classification rate of the models built by operating
various pretreatments.

Preprocessing LVs
Class A Class B Class C Class D Class E Class F Class G Class H Mean

% CCRcv % CCRcv % CCRcv % CCRcv % CCRcv % CCRcv % CCRcv % CCRcv % CCRcv

MC 17 72.50 92.31 83.33 96.67 80.00 90.00 90.00 89.66 86.81
SNV 15 75.00 94.87 76.67 93.33 83.33 80.00 83.33 79.31 83.23
D1 15 72.50 97.44 86.67 96.67 73.33 90.00 90.00 86.21 86.60
D2 18 90.00 89.74 90.00 96.67 83.33 93.33 96.67 86.21 90.74

SNV + D1 15 82.50 84.62 83.33 96.67 86.67 90.00 96.67 86.21 88.33
SNV + D2 16 77.50 84.62 86.67 96.67 80.00 80.00 93.33 79.31 84.76

From Table 6, it is possible to value that the model built on data preprocessed with the
second derivative provides a higher percentage of correct classification in cross-validation.
For this reason, being the best model, it was used to predict the test set. In fact, as it can be
observed in Table 7, where results in prediction are shown, that the model allows for the
correct classification of test samples from Class A and Class B, showing a classification rate
of 100.00% and a classification rate of 93.33% for Class C (one sample erroneously attributed
to Class H). According to the model, a single sample of F is confused with Class C, whereas
two samples of commercial Class H are attributed to Class F and a sample to Class E.
Such high values of % CCRpred indicate that the spectral data are highly informative for
discriminating between the species and even different Mugnoli accessions.
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Table 7. Results obtained in prediction by solving the classification problem where the Mugnoli
classes (Class A, Class B, and Class C) were considered separately against all the other ecotypes.

Pretreatment LVs
Class A Class B Class C Class D Class E Class F Class G Class H

% CCRpred % CCRpred % CCRpred % CCRpred % CCRpred % CCRpred % CCRpred % CCRpred

D2 18 100.00 100.00 93.33 100.00 93.33 93.33 100.00 80.00

In agreement with the results obtained by applying the SIMCA algorithm, the values
of %CCRcv and %CCRpred are better when the three classes of Mugnoli A, B, and C are
considered as three distinct classes rather than a single class (Class ABC). This confirms that
the local varieties of Mugnoli in Pettorano sul Gizio (Abruzzo, Central Italy) are a hybrid
species; thus, the different accessions could be influenced by other cultivated Brassicaceae
in their vicinity.

Finally, a more specific classification problem was addressed to assess the possibility
of distinguishing typical Mugnoli from Pettorano sul Gizio (Abruzzo, Central Italy) from
the most common among other commercial Brassicaceae such as Curly Kale (E), Cima 90◦

San Marzano (G) and Cima Grande (H). Therefore, only the three Mugnoli classes, Class A,
Class B, and Class C, as well as Classes E, G, and H, were considered.

Table 8 reports the results related to the models obtained by preprocessing the data.

Table 8. In this table, the results obtained by PLS-DA models are reported.

Preprocessing LVs
Class A Class B Class C Class E Class G Class H Mean

% CCRcv % CCRcv % CCRcv % CCRcv % CCRcv % CCRcv % CCRcv

MC 18 82.50 94.87 90.00 100.00 90.00 93.10 91.75
SNV 15 85.00 94.87 83.33 93.33 76.67 86.21 86.57
D1 15 85.00 94.87 96.67 96.67 93.33 93.10 93.27
D2 17 90.00 94.87 90.00 96.67 90.00 100.00 93.59

SNV + D1 15 82.50 92.31 96.67 100.00 86.67 96.55 92.45
SNV + D2 17 95.00 92.31 93.33 100.00 90.00 89.66 93.38

Here, again, the model built using the second derivative turned out to be the best;
therefore, it was validated using the external test set.

In this case (Table 9), satisfactory results can be noticed by applying the second
derivative as data preprocessing. The three Mugnoli classes from Pettorano sul Gizio
(Abruzzo, Central Italy), Class A, Class B, and Class C, were classified with a sensitivity of
100% for the first two classes (Class A and B) and 93.33% for Class C (a single sample attributed
to Class A). While the classes of the most common commercially available Brassicaceae species
were classified with a percentage of correct classification rate in prediction of 100.00% for the
Culy Kale class (E), 93.33% for the Cima 90◦ San Marzano class (G) (a single sample confuse
with the Class A), and 100.00% for the Cima Grande class (H).

Table 9. In this table, the prediction results on the test samples preprocessed using the second
derivative are reported.

Pretreatment LVs
Class A Class B Class C Class E Class G Class H

% CCRpred % CCRpred % CCRpred % CCRpred % CCRpred % CCRpred

D2 17 100.00 100.00 93.33 100.00 93.33 100.00

Applying Linear Discriminant Analysis on the predicted Y obtained from the last
PLS-DA model (only Classes A, B, C, E, G, and H were considered), the graphical results
shown in Figures 5 and 6 can be obtained. Specifically, it can be seen that Mugnoli of Class
B, which partially overlaps with Curly Kale in Figure 5, is the most different from Mugnoli
classes A and C, which are instead found at positive CV1 scores such as Cima Grande and
Cima 90◦ San Marzano.
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Figure 6 shows the class dispersions of Cima Grande, Cima 90◦ San Marzano, and
Mugnoli C, which are quite distinct from each other. Meanwhile, Mugnoli A lies very close to
Cima Grande and Mugnoli C, hence the few classification errors for the last considered model.

In order to identify the variables that contribute the most to the separation of the
classes, VIP analysis [44] was applied to this model. Briefly, this approach allows the
calculation of VIP scores for each variable and indicates its importance in the model’s
ability to discriminate among different classes. Since, by construction, the average of VIP
values is 1, this can be set as a threshold; consequently, spectral features presenting a
VIP index higher than this cut-off are those driving the classification model. A graphical
representation of the outcome of the VIP analysis can be seen in Figure 7.
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From this, it is clear that peaks at ~2900 and ~2850 cm−1, ascribable to the symmetric
and antisymmetric C–H stretching vibrations, are significant. Together with this, we can
note the contribution of the range between ~1700 and ~1500, associated with the presence
of chlorophylls and pectins [41], to the Amide I band of proteins and to C=N-sulphate moi-
ety [42]. Eventually, the presence of significant variables in the range ~1200–900 indicates
the relevancy of aromatic compounds, flavonoids, and phenols for the classification of the
investigated classes.

4. Conclusions

In this study, an in-depth analysis of Brassicaceae, particularly focusing on local
varieties from Abruzzo, Central Italy, known as Mugnoli of Pettorano sul Gizio, was
conducted. The research aimed to characterize and classify three accessions of Mugnoli
against local and commercial cultivars, all grown under the same pedoclimatic conditions.
The design of the work allows the evaluate the genetic biodiversity by employing a non-
destructive, fast, and cheap spectroscopic method aiming at assessing the possibility of
using a fingerprinting technique to monitor and manage local varieties and accessions
of the Brassicaceae family, which is very prone to interspecific hybridization in order to
preserve the genetic heritage of this ancient and traditional varieties.

The study also explored the potential of distinguishing between Mugnoli varieties
and commercially available Brassicaceae using chemometric approaches. Both SIMCA and
PLS-DA models were employed, revealing that considering Mugnoli classes separately
enhanced the predictive capabilities of the models. In conclusion, the study contributes
valuable insights into the characterization, preservation, and classification of Brassicaceae
varieties, with a specific focus on the unique Mugnoli varieties from Abruzzo. The com-
bination of spectroscopic techniques and chemometric approaches proved effective in
addressing the challenges associated with the genetic diversity and hybrid nature of Bras-
sicaceae, providing a basis for future research and conservation efforts in the context of
agricultural biodiversity and functional foods.
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