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Abstract 

This paper describes a non-destructive screening method for authentication of paprika belonging 

to the Spanish Protected Designation of Origin (PDO) “Pimentón de La Vera”.  Different 

multivariate classification models were developed in order to differentiate PDO and non-PDO 

samples, using visible-near infrared spectra as fingerprint for each paprika sample. Sample 

treatment was not required. Principal component analysis (PCA) was applied in different spectral 

ranges: 400 - 2500, 400 - 800 and 800 - 2500 nm. In all spectral ranges, PCA was largely able to 

differentiate PDO from non-PDO samples. Partial least-squares - discriminant analysis (PLS-

DA), PCA-linear discriminant analysis (LDA) and PCA-quadratic discriminant analysis (QDA) 

were used as classification methods in the different spectral ranges. All methods were able to 

differentiate PDO from non-PDO samples, with error rates (ER) lower than 0.15. The best models 

were those obtained with PLS-DA in the NIR range (800 - 2500 nm), showing ERs lower than 

0.07 and error indexes (IERROR) (false positives) lower than 0.05. 

 

Keywords: Protected Designation of Origin (PDO); paprika; authentication; Visible-Near 

Infrared Spectroscopy (Vis-NIRS); multivariate analysis  
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1. Introduction 1 

Paprika powder is used as a spice in many countries. In Spain, there are three traded types of 2 

paprika, which differ in their drying process (air, sun and smoke drying). Air-dried paprika, using 3 

heated air, is produced mainly in the south-east and central-east of Spain (Murcia), where the high 4 

temperature conditions allow peppers to undergo rapid dehydration. Sun-dried paprika are 5 

imported from South America and South Africa. Smoked paprika originates from La Vera region, 6 

Extremadura in the south-west of Spain. Here, a traditional drying process is used, where oak logs 7 

are burnt to heat the paprika to 40 ºC and give it a smoked flavor (Martín et al., 2017).  8 

Smoked paprika is recognized under the quality seal Protected Designation of Origin (PDO) 9 

“Pimentón de La Vera” by the European Union since 2006 (Unión Europea, 2006). This product 10 

is considered a high-quality product obtained by drying the fruit of autochthonous varieties of 11 

peppers (Capsicum annum L.). Moreover, the traditional drying process confers the paprika its 12 

aroma, flavor, and color (Martín et al., 2017). Adulteration of smoked paprika “Pimentón de La 13 

Vera” with foreign paprika of lower quality, primarily to increase profit margins, has been a 14 

concern for many years  to the smoked paprika industry (Hernández, Martín, Aranda, Bartolomé, 15 

& Córdoba, 2007). Therefore, inexpensive and high throughput screening tools to differentiate 16 

paprika based on origin is interesting for the industry.  17 

Recent reviews show how spectroscopic techniques, including near-infrared spectroscopy 18 

(NIRS), can be used for detection of adulteration in herbs and spices (Kucharska-Ambrożej & 19 

Karpinska, 2020; Marciano M. Oliveira, Cruz-Tirado, & Barbin, 2019). However, not many 20 

studies about paprika powder adulteration were found. In the case of paprika or related products, 21 

NIRS has been mainly used for quantification. For example, to quantify ASTA color, moisture 22 

(Bae, Han, & Hong, 1998), capsaicinoids (Lim, Kim, Mo, & Kim, 2015; Park et al., 2008), arsenic 23 

and lead (Moros et al., 2008), soluble solids content (SSC), firmness of peppers (Penchaiya, 24 

Bobelyn, Verlinden, Nicolaï, & Saeys, 2009) and mycotoxins (Hernández-Hierro, García-25 

Villanova, & González-Martín, 2008). In addition, Vis-NIRS combined with multivariate 26 

analysis has been used to determine total carotenoids, chlorophylls, as well as maturity stage of 27 
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intact peppers (Timea Ignat et al., 2013) and ascorbic acid (T. Ignat, Schmilovitch, Fefoldi, 28 

Steiner, & Alkalai-Tuvia, 2012). Few works about the adulteration and/or authentication of 29 

paprika powder using NIRS as analytical technique have been found in the literature. A recent 30 

work about this topic was based on the detection of adulterants such us potato starch, annatto and 31 

acacia gum in paprika powder samples from Spain (n = 3) and Brazil (n = 2) (M. M. Oliveira, 32 

Cruz-Tirado, Roque, Teófilo, & Barbin, 2020). Detection and quantification of adulterants was 33 

done using a portable NIR instrument in combination with partial least squares (PLS) regression 34 

and PLS-Discriminant Analysis (PLS-DA). The results were promising with a specificity greater 35 

than 90% and error rate lower than 2 % for the PLS-DA models. 36 

In another study, paprika samples were clustered based on origin using NIRS and Principal 37 

Component Analysis (PCA) (Molnár et al., 2018).  However, only six paprika samples from Spain 38 

were included in the analysis, and PDO specifications were not taken into account. 39 

Only few studies have investigated the possibility of differencing between paprika samples 40 

belonging to the PDO “Pimentón de La Vera” and samples not belonging to the PDO. 41 

Discrimination has been based on color measurements with visible spectrophotometry, being 42 

samples, belonging to the PDO “Pimentón de La Vera” or not, correctly grouped in two groups 43 

with PCA (Monago Maraña, Bartolomé García, & Galeano Díaz, 2016). Then, samples were 44 

classified as different PDOs (“Pimentón de La Vera” or “Pimentón de Murcia”) with 45 

classification efficiencies ranging from 92 to 95 % when visible spectra and multilayer 46 

perceptrons artificial neural networks (MLP-ANN) were used (A. Palacios-Morillo, Jurado, 47 

Alcázar, & Pablos, 2016).  48 

Regarding to destructive methods, liquid chromatography has been widely used for the paprika 49 

authentication. Classification and authentication have been done with different Spanish PDOs, 50 

“Pimentón de La Vera”, “Pimentón de Murcia”, and Czech Republic paprika samples without 51 

PDO. Employing ultra-high-performance liquid chromatography coupled with high-resolution 52 

mass spectrometry (UHPLC-HRMS), samples were discriminated on a non-target way (Barbosa, 53 

Saurina, Puignou, & Núñez, 2020) and based on the polyphenolic and capsaicinoid profiling 54 
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(Barbosa, Saurina, & Oscar, 2020) with classification results of 100%.  On the other hand, HPLC-55 

UV was used to obtain the phenolic profile of paprika for their authentication, confirming that 56 

was enough to discriminate between PDOs (Cetó, Sánchez, Serrano, Díaz-Cruz, & Núñez, 2020). 57 

Also, the presence or absence of sub-products from the smoking process (Polycyclic Aromatic 58 

Hydrocarbons, PAHs) (Monago-Maraña, Galeano-Díaz, & Muñoz de la Peña, 2017), 59 

hydrophobic proteins (Hernández et al., 2007) or metallic content (Ana Palacios-Morillo, Jurado, 60 

Alcázar, & De Pablos, 2014) have allowed differentiation of paprika at different conditions. 61 

Although being very selective, discriminating on these compounds requires sample extraction 62 

steps, which normally is time consuming. For this reason, high throughput screening methods are 63 

interesting for practical use in the paprika industries.  64 

In this study, Vis-NIR measurements will be used, which are cost effective, high throughput and 65 

non-destructive, to discriminate paprika powder samples belonging to the PDO “Pimentón de La 66 

Vera” from paprika powder samples not belonging to the PDO. To achieve this goal, we use 67 

multivariate qualitative analytical methods for authenticating the PDO “Pimentón de La Vera” 68 

paprika powder samples. Different methods for classification of multivariate data were compared 69 

and ranked.  70 

2. Material and methods 71 

2.1. Samples 72 

A total of 49 paprika powder samples under the PDO “Pimentón de La Vera” were included in 73 

the study. These samples were from five different producers and were made over a period of ten 74 

years (2010 – 2020). Samples from 2010 to 2017 were obtained in 2017 (n = 35) from producers 75 

and measured in that year. Samples from 2017 – 2020 (n = 14) were acquired in Spanish markets 76 

in 2020 and measured that year. The samples were made under smoked conditions, following the 77 

traditional process from La Vera, in Extremadura, Spain. Among these samples, there were sweet, 78 

sweet/hot and hot paprika samples. 79 
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A total of 50 samples not belonging to any PDO were acquired from different markets in Spain 80 

and Norway. Samples acquired in Norway (n = 9) were bought and measured in 2017, but samples 81 

acquired in Spanish markets (n = 23) were acquired in 2017 and 2020 (n = 18), and measured the 82 

corresponding year of acquisition. The production processes of these samples are unknown as 83 

well as the peppers used for their production due to the fact that it is not mandatory to include 84 

that information in labels of paprika samples. Among these samples, there were sweet and hot 85 

paprika samples. 86 

2.2. Spectroscopic acquisition 87 

The VIS-NIRS measurements were obtained in reflectance mode using a FOSS NIRS Systems 88 

XDS Rapid ContentTM Analyzer (FOSS Analytical A/S, Hillerød, Denmark). In order to 89 

obey Beer’s law, the NIR spectra were transformed from reflectance (R) units into absorbance-90 

like units (log(1/R)). An internal ceramic standard was used as reference. Spectra were obtained 91 

from 400 to 2500 nm, with a resolution of 0.5 nm. Paprika powder samples were measured in 92 

circular sample cups of approximately 79 cm2 (FOSS Analytical A/S, Hillerød, Denmark). 93 

Spectra from each sample were acquired in triplicate, mixing the powder for obtaining different 94 

surfaces each time to obtain a representative sample spectrum. The average spectrum was used 95 

for further analysis.  96 

2.3. Data processing and multivariate analysis 97 

2.3.1. Principal component analysis  98 

Principal component analysis (PCA) was applied to explore the main variation over samples. 99 

During PCA all samples were included. Prior to PCA the spectral measurements were 100 

preprocessed by extended multiplicative signal corrected (EMSC) (Martens & Stark, 1991) and 101 

mean centered variable-wise.  102 

The objective of PCA is to compress the data, reducing it from the high dimensional variable 103 

space into a lower dimensional principal component space. Each new principal component (PC) 104 

is a linear combination of the original variables. The loadings describe the direction of each 105 
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principal component in the original X-space and the scores are the projections of the original data 106 

onto the loading vectors (Wold, Esbensen, & Geladi, 1987). 107 

PCAs was performed separately for the entire spectral range, the visible range (from 400 to 800 108 

nm) and the NIR (800 - 2500 nm) range.  109 

2.3.2. Classification analysis 110 

For the classificatory analysis, samples were divided in two sets (training and test). 111 

Approximately 60 % of the samples were used for training and the remaining 40 % of the samples 112 

were used for validation. Hence, the training set was composed by 59 samples (29 PDO and 30 113 

non-PDO) and the test set was formed by 40 samples (20 PDO and 20 non-PDO). The split of 114 

samples was based on the recently published EuroLab Guide (TR No 01/2015, 2015), which 115 

recommends a minimum of 20 samples for each class in the test sets. The training and test samples 116 

were randomly chosen. Hence, this division was performed three times, and three different 117 

training and test sets were obtained and used for building different calibration models. As a result, 118 

the average results of three training and test sets were given with the corresponding standard 119 

deviation.  120 

The following classification algorithms were tested for discrimination of the sample spectra:  121 

discriminant partial least-squares (PLS-DA) (Barker & Rayens, 2003), linear discriminant 122 

analysis based on the PC scores of the spectra (PCA-LDA) (Mohanty, John, Manmatha, & Rath, 123 

2013), and quadratic discriminant analysis based on the PC scores of the spectra (PCA-QDA) 124 

(Tharwat, 2016).    125 

PLS-DA involves performing a multivariate regression model to establish class limits and placing 126 

a numeric value to each object/sample first, and then classifying them into a specific class. As in 127 

PLS regression, the relation between instrumental response in X (spectra) and y (class coding) is 128 

established, and the optimal number of latent variables is chosen based on the error range by 129 

cross-validation.  130 
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To apply LDA or QDA, it is necessary to reduce the dimensionality of the spectral data. For that 131 

PCA is used. After PCA, LDA is used when the decision line between the two groups can be 132 

represented by a linear function. However, if a curved line is needed to separate the groups, then 133 

QDA is more effective.   134 

Prior to classification the spectral training data were preprocessed by EMSC and variable-wise 135 

mean centered. Classification models were fitted on the training set using full-cross validation to 136 

determine the optimal models. Then the models were tested with the external test set (pre-137 

processed with the EMSC model obtained for training previously). Data analysis was done using 138 

a graphical interface (Ballabio & Consonni, 2013) in Matlab (R2016b, The MathWorks, Inc., 139 

Natick, MA, USA).  140 

2.3.3. Evaluation of the methodology 141 

In order to evaluate the screening methodology, the confusion matrices were obtained and the 142 

performance parameters such as precision (PREC), sensitivity (SENS), error rate (ER), accuracy 143 

(ACCU) and specificity (SPEC) were calculated. 144 

The PREC is defined as the number of samples correctly assigned as belonging to the PDO (i.e. 145 

true positives (TP)) over the total number of samples assigned as belonging to the PDO (i.e. the 146 

total number of true positives and false positives (FP)) (Eq. 1). The SENS is the number of true 147 

positives over the total number of samples belonging to the PDO (i.e. the total number of true 148 

positives and false negatives (FN)) (Eq. 2). The ER is the number of samples incorrectly classified 149 

by the model (i.e. the total number of false positives and false negatives) over the total number of 150 

samples (Eq. 3). The ACCU is the number of samples correctly classified by the model (i.e. the 151 

total number of true positives and true negatives (TN)) over the total number of samples (Eq. 4). 152 

The SPEC is the number of samples correctly assigned as not belonging to the PDO (i.e. true 153 

negatives) over the total number of samples not belonging to the PDO (Eq. 5).  154 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

          (1) 155 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

         (2) 156 
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𝐸𝐸𝐸𝐸 =  𝐹𝐹𝐹𝐹 +𝐹𝐹𝐹𝐹
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

           (3) 157 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

          (4) 158 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 =  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹

           (5) 159 

Where TP and TN are the number true positive and number of true negative, respectively, and FN 160 

and FP are the number of false negative and number of false positive, respectively.  161 

Furthermore, two recently proposed indexes, error index (IERROR) and loss index (ILOSS), for 162 

assigning a specification-based quality grade for a PDO label are calculated (Cuadros-Rodríguez, 163 

Valverde-Som, Jiménez-Carvelo, & Delgado-Aguilar, 2020).  164 

IERROR is the probability of a sample being incorrectly assigned to the PDO class (Eq. 6). ILOSS is 165 

the probability of obtaining false negatives and thus the risk of economic loss due to assignment 166 

error.  167 

𝐼𝐼𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 =  𝐹𝐹𝐹𝐹
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

           (6) 168 

𝐼𝐼𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 =  𝐹𝐹𝐹𝐹
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

         (7) 169 

3. Results and discussion 170 

3.1. VIS-NIRS spectral profiling  171 

Figure 1A shows the mean of the absorption spectra for both classes (PDO and non-PDO). The 172 

mean spectrum of non-PDO shows higher intensity over the whole spectral range as compared 173 

with the mean spectrum for PDO. More subtle differences can be seen after pre-processing by 174 

EMSC (Figure 1B). The main difference in the visible range was observed at 670 nm, and in the 175 

NIR range at 1450, 1940, 2305, 2346 and 2490 nm. The visible range was previously reported to 176 

be useful for the quantification of total carotenoids and chlorophylls in intact bell pepper (Timea 177 

Ignat et al., 2013). In the case of NIR bands, some of them might be due to water peaks (1450 and 178 

1940 nm) and the other three main peaks (2305, 2350 and 2490 nm) do most likely originate from 179 

fat (Núñez-Sánchez et al., 2016).  180 
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3.2. Exploratory analysis 181 

In order to study the most important spectral variation for discriminating PDO and non-PDO 182 

samples, detect potential outliers and systematic artifacts in the samples, PCA was performed on 183 

the EMSC pre-processed spectra. All 99 samples were included in the analysis. As described 184 

above, PCAs were performed on different spectral ranges.  185 

When including the whole spectral range, the first three principal components (PCs) explain 84 186 

% of the total variation in the data set. The first principal component (PC1) explains 50 % of the 187 

variation, and the corresponding loading plot (not shown) reveals the most important peaks at 188 

approximately 480 and 600 nm in the visible range and at 1450 and 1940 nm in the NIR range 189 

(water peaks). However, this component does not differentiate PDO from non-PDO paprika 190 

samples.  191 

The best discrimination is observed for scores of PC3 and PC5, explaining 12 and 4 % of the total 192 

variation, respectively (Figure 2A). Clearly, two groups are established according to PDO and 193 

non-PDO samples. However, the two groups are slightly overlapping. PC3 provides the clearest 194 

discrimination of the groups. The clear unsupervised clustering is a good basis for supervised 195 

classification. 196 

The loadings for PC3 and PC5 are presented in Figure 2B. The main variables affecting the 197 

separation of the groups were 540 and 670 nm in the visible range and water peaks in the NIR 198 

range (Figure 2A). Score values for PC3 are generally high for the PDO samples, which means 199 

that positive loadings, representing certain chemical components, are positively related to PDO 200 

samples. The negative loadings observed at 1720 and 1760 nm are related with first overtone C-201 

H stretching vibration of methyl (-CH3), methylene (-CH2) and ethenyl (-CH=CH-) groups. The 202 

loadings close to 1725 nm has been related to oleic acid and the band close to 1760 nm to saturated 203 

components. The bands at 2305 and 2350 nm have previously been assigned to combination of 204 

C-H stretches and deformations (Núñez-Sánchez et al., 2016; Pérez-Juan et al., 2010). Also, the 205 

small band at 1207 nm is related with fat. All bands related to fat are negative loadings, suggesting 206 

a relatively low concentration of fat in PDO samples. 207 
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Scores for PCA in the visible spectral range are presented in Figure 2C. PC4, explaining 6 % of 208 

the variance, discriminates quite well between the two groups. Note that the overlap of the groups 209 

is stronger when using only the visible range, compared to using the whole range. The main 210 

variables affecting the clustering are those mentioned before (570 and 670 nm) as seen in the 211 

loading for PC4 (Figure 2D).  212 

Finally, for the NIR range, a quite good grouping of the samples is obtained in PC2 (Figure 2E) 213 

due to variables corresponding to water and fat peaks. Interestingly, some peaks are more 214 

pronounced in the loadings in this case. These peaks can be attributed to proteins bands: 2056 nm 215 

(N-H stretching vibrations) and 2478 nm (-C-N-C stretching first overtone).  216 

3.2. Classificatory analysis 217 

As detailed in the section 2.4.2, samples were divided into training and test sets. This step was 218 

performed three times and the classification model was obtained for each case. Average results 219 

for confusion matrices from different sets and the corresponding validation parameters are shown 220 

in Tables 1 and 2, respectively. The numbers in parentheses correspond with the standard 221 

deviations from the three sets assayed.     222 

For PLS-DA, the best classification results were obtained for the NIR range in both training and 223 

test samples. The ERs obtained for this range were overall lower than for other ranges. 224 

Interestingly, from a quality-point of view, the IERROR was lower for the NIR spectral range as 225 

compared with the other spectral ranges, for both the training set and test set. This is important 226 

for avoiding non-PDO samples being classified as PDO samples. The visible range gave slightly 227 

less correct classifications than the whole range, but all models provided acceptable results, with 228 

ERs lower than 0.11 and IERROR lower than 0.10. According to (Cuadros-Rodríguez et al., 2020), 229 

a good screening method should offer an IERROR equal to or lower than 0.1 in order to minimize 230 

the false-compliance error. Hence, the best choice with PLS-DA would be with the NIR range, 231 

although in some cases that means that some samples would be false-negative and refused 232 

categorized as PDO (PDO samples categorized as non-PDO samples).  233 
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Regarding the other performance parameters, SENS and SPEC present similar values (Table 2), 234 

mainly in the NIR range. This means that the error is balanced, and there is not a clear trend in 235 

the models for false positives, or vice versa. PREC values were higher for the NIR range, which 236 

means that false positives were lower in these models, as observed in the IERROR values as well.  237 

The regression coefficients for each spectral range (Figure 3) were evaluated in order to elucidate 238 

the main variables contributing to the classification. For the visible range, the main variables were 239 

570 and 670 nm with negative values, and 540 nm with positive value. It might be expected that 240 

the variation in the visible range would be related to total carotenoids, ASTA values (extractable 241 

color), as other authors reported (A. Palacios-Morillo et al., 2016). In these samples, the ASTA 242 

value was not so relevant since some PDO samples were old and therefore had low ASTA values 243 

(between 25 - 70). Therefore, it was expected that some samples were incorrectly classified when 244 

using the visible range. However, acceptable results for classification were obtained due to other 245 

variables, not related to total carotenoids. The VIP scores (not shown) were also investigated. 246 

Similar information was retrieved from the VIP scores and the regression vectors (Figure 3). 247 

The absorption around 670 nm has previously been related with chlorophylls (Timea Ignat et al., 248 

2013) and could be also related with pheophytins formed from chlorophylls during ripening or 249 

drying process (Bonaccorsi et al., 2016) . This peak has negative regression coefficients (Figure 250 

3A and 3B), which suggests that non-PDO samples have lower content of chlorophyll compared 251 

to PDO samples. This is also observed in Figure 1B.  252 

Regarding the NIR range, the regression coefficient positive wavelength bands associated with 253 

fat, such as, 1725, 2305, 2350 and 2490 nm, again suggesting a relatively high fat content in non-254 

PDO samples. A higher fat content can have different reasons. Different types of peppers used 255 

for paprika production vary in the fatty acid composition depending on genotype and 256 

environmental factors. Kim et al., 2019 recently reported this for some varieties of peppers and 257 

this could be extended to other kind of peppers (Kim et al., 2019). Another reason may be related 258 

with the addition of sunflower vegetal oil to give stronger brightness of the powder. In the case 259 

of PDO “Pimentón de La Vera” the amount of oil is limited to 3 % (w/w) (Unión Europea, 2006). 260 
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However, there are not specifications reported about other kind of paprika samples, which are not 261 

under the PDO. This could mean that other paprika samples contain a higher percentage of 262 

sunflower oil to give more brightness. A third reason could be related to the addition of seeds 263 

from peppers used in the paprika production, which would influence in the fatty acid composition. 264 

This kind of addition is not allowed in PDO samples (Unión Europea, 2006). 265 

PCA-LDA and PCA-QDA gave results in accordance with PLS-DA; better results were obtained 266 

when the NIR range or whole range were used to classify samples, giving ERs lower than 0.15 267 

and IERROR lower than 0.11. Another important result was that PCA-QDA offered better results 268 

than PCA-LDA in all cases. In the case of PCA-LDA and PCA-QDA, PREC, SENS and SPEC 269 

values were slightly better for the NIR range. As in previous case, SENS and SPEC values were 270 

similar, which proved that errors did not follow a clear trend.  271 

Finally, it must be highlighted that these good results were obtained for three training/test sets, 272 

which proved the robustness of the methods. To our knowledge, this is the first work where non-273 

destructive classification of PDO “Pimentón de La Vera” has been performed. The method is 274 

easy and quick to use and could with some more development contribute to effective control in 275 

the paprika industries.  276 

4. Conclusions 277 

Vis-NIR spectroscopy with different multivariate classification techniques have been proven to 278 

discriminate between paprika samples belonging to the PDO “Pimentón de La Vera” and other 279 

paprika samples. The variability of samples and the random choice of samples for training and 280 

test, indicate that the models are quite robust. The visible range offered the good classification 281 

due to chlorophylls or pheophytin compounds and NIR range showed slightly better classification 282 

based on differences in absorbance of fat. PLS-DA offered somewhat better results than other 283 

classification methods. It can be highlighted that all methods offered acceptable ERs and IERROR, 284 

always lower than 0.15 and 0.11, respectively. This method is easy, rapid and non-destructive, 285 

being an advantage in order to implement the method for industrial purposes. 286 
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Figure captions 410 

Figure 1. (A) Average of absorption spectra (B) Average of EMSC pre-processed spectra. Black 411 

lines correspond to the PDO samples and red lines correspond to the non-PDO samples.  412 

 413 

Figure 2. Loadings (B, D, F) and scores values (A, C, E) obtained from PCA of the spectra in 414 

wavelength ranges: 400 - 2500 nm, 400 - 800 nm and 800 - 2500 nm.  415 

 416 

Figure 3. Regression coefficients for non-PDO samples obtained for the PLS-DA models for the 417 

different spectral ranges studied.  418 

 419 

 420 
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Table 1.  Confusion matrices for the different algorithms and ranges studied in the training and test sets.  
     Training set Test set 

Algorithm Range 
(nm) 

Nº 
comp 

%EV 
(X)  PDO  

(CV) 
NON- PDO  

(CV) 
PDO 
(val) 

NON-PDO  
(val) 

PLS-DA 

400 - 2500 6 96 (1) PDO 28 (1) 1 (1) 19 (1) 1 (1) 
NON-PDO 5 (3) 25 (3) 2 (2) 18 (2) 

400 - 800 5 99 (0) PDO 28 (1) 1 (1) 19 (1) 1 (1) 
NON-PDO 6 (2) 24 (2) 3 (1) 17 (1) 

800 - 2500 6 98 (1) PDO 28 (0) 1 (0) 19 (1) 1 (1) 
NON-PDO 3 (2) 27 (2) 1 (2) 19 (2) 

PCA-LDA 

400 - 2500 5 96 (0) PDO 27 (1) 2 (1) 19 (1) 1 (1) 
NON-PDO 7 (2) 23 (2) 2 (2) 18 (2) 

400 - 800 5 99 (0) PDO 28 (1) 1 (1) 19 (1) 1 (1) 
NON-PDO 6 (2) 24 (2) 3 (1) 17 (1) 

800 - 2500 5 98 (1) PDO 25 (2) 4 (2) 17 (2) 3 (2) 
NON-PDO 5 (2) 25 (2) 2 (2) 18 (2) 

PCA-QDA 

400 - 2500 5 97 (1) PDO 27 (1) 2 (1) 17 (2) 2 (2) 
NON-PDO 3 (1) 27 (1) 2 (2) 18 (2) 

400 - 800 5 99 (0) PDO 26 (2) 3 (2) 18 (1) 2 (1) 
NON-PDO 3 (1) 27 (1) 2 (2) 18 (2) 

800 - 2500 5 96 (1) PDO 26 (1) 3 (1) 16 (3) 4 (3) 
NON-PDO 2 (1) 28 (1) 2 (2) 18 (2) 

*CV: cross-validation; numbers in parentheses correspond to the standard deviation of three sets assayed.  
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Table 2. Validation parameters calculated for the target class (PDO class) in the different classification methods. 
 Training set Test set 

Algorithm Range (nm) SPEC SENS PREC ER ACCUR IERROR ILOSS SPEC SENS PREC ER ACCUR IERROR ILOSS 

PLS-DA 

400 - 2500 0.85 
(0.11) 

0.98 
(0.02) 

0.86 
(0.09) 

0.09 
(0.06) 

0.91 
(0.06) 

0.08 
(0.05) 

0.01 
(0.05) 

0.92 
(0.10) 

0.97 
(0.03) 

0.93 
(0.09) 

0.06 
(0.06) 

0.94 
(0.05) 

0.04 
(0.05) 

0.02 
(0.01) 

400 - 800 0.81 
(0.08) 

0.97 
(0.04) 

0.83 
(0.07) 

0.11 
(0.05) 

0.89 
(0.06) 

0.10 
(0.04) 

0.02 
(0.02) 

0.87 
(0.06) 

0.97 
(0.06) 

0.88 
(0.05) 

0.08 
(0.06) 

0.92 
(0.06) 

0.07 
(0.03) 

0.02 
(0.03) 

800 - 2500 0.90 
(0.07) 

0.97 
(0.0) 

0.91 
(0.06) 

0.07 
(0.04) 

0.93 
(0.04) 

0.05 
(0.03) 

0.02 
(0.00) 

0.93 
(0.08) 

0.97 
(0.03) 

0.94 
(0.07) 

0.05 
(0.04) 

0.95 
(0.04) 

0.03 
(0.04) 

0.02 
(0.01) 

PCA-LDA 

400 - 2500 0.78 
(0.07) 

0.94 
(0.02) 

0.80 
(0.05) 

0.14 
(0.04) 

0.86 
(0.04) 

0.11 
(0.03) 

0.03 
(0.00) 

0.88 
(0.08) 

0.97 
(0.06) 

0.89 
(0.06) 

0.08 
(0.04) 

0.92 
(0.04) 

0.06 
(0.04) 

0.02 
(0.03) 

400 - 800 0.80 
(0.06) 

0.97 
(0.04) 

0.82 
(0.05) 

0.12 
(0.03) 

0.88 
(0.03) 

0.10 
(0.04) 

0.02 
(0.01) 

0.87 
(0.06) 

0.97 
(0.06) 

0.88 
(0.05) 

0.08 
(0.06) 

0.92 
(0.06) 

0.07 
(0.03) 

0.02 
(0.03) 

800 - 2500 0.82 
(0.05) 

0.87 
(0.05) 

0.82 
(0.05) 

0.15 
(0.04) 

0.85 
(0.04) 

0.09 
(0.03) 

0.04 
(0.02) 

0.90 
(0.09) 

0.87 
(0.10) 

0.90 
(0.07) 

0.12 
(0.06) 

0.88 
(0.06) 

0.05 
(0.04) 

0.07 
(0.05) 

PCA-QDA 

400 - 2500 0.91 
(0.02) 

0.92 
(0.02) 

0.91 
(0.02) 

0.08 
(0.01) 

0.92 
(0.00) 

0.04 
(0.01) 

0.04 
(0.01) 

0.92 
(0.08) 

0.87 
(0.10) 

0.92 
(0.07) 

0.11 
(0.02) 

0.89 
(0.01) 

0.04 
(0.04) 

0.07 
(0.05) 

400 - 800 0.90 
(0.03) 

0.89 
(0.05) 

0.90 
(0.04) 

0.11 
(0.04) 

0.89 
(0.04) 

0.04 
(0.02) 

0.05 
(0.03) 

0.92 
(0.08) 

0.90 
(0.05) 

0.92 
(0.07) 

0.09 
(0.02) 

0.91 
(0.01) 

0.05 
(0.05) 

0.06 
(0.01) 

800 - 2500 0.92 
(0.02) 

0.90 
(0.04) 

0.92 
(0.02) 

0.09 
(0.03) 

0.91 
(0.03) 

0.04 
(0.01) 

0.05 
(0.02) 

0.92 
(0.10) 

0.78 
(0.16) 

0.92 
(0.10) 

0.15 
(0.07) 

0.85 
(0.07) 

0.04 
(0.05) 

0.11 
(0.08) 

Numbers in parentheses correspond to the standard deviation of three sets assayed. 
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