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Abstract  8 

This study proposes a standardization strategy for dealing with seasonal variability in the 9 

authentication of extra virgin oils from the PDOs Les Garrigues and Siurana. Samples from four 10 

harvests were measured by fluorescence spectroscopy. A PLS-DA two-class model was 11 

developed and validated from samples from one of the harvests. When samples from three 12 

other harvests were predicted with the model developed, it was observed that the sensitivity 13 

and specificity were lower than when the model was validated. For the standardization process, 14 

we adapted the PDS technique to obtain the transfer function. The results obtained from the 15 

transformed spectra show that standardization is a good strategy for extending the usefulness 16 

of the models if the samples to be predicted are subject to seasonal variability. 17 
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1. Introduction 22 

Olive oil is of great interest because of its nutritional value and major health benefits. This has 23 

generated considerable research interest in this field. A recent bibliometric review describes the 24 

global situation and evolution of olive oil research, considering various aspects (trends in the 25 

number of publications and distribution of them by countries and institutions, journals and 26 

research areas, analysis of authors, citations and co-citations and analysis of most relevant 27 

keywords) [1]. 28 

Compared to other types of oil, olive oil is more expensive so it is susceptible to fraud. Recently, 29 

this issue has been the subject of an interesting paper [2] that considers various types of fraud, 30 

of which two are particularly important: adulteration with other cheaper oils and lack of 31 

authenticity due to fraudulent labeling [3]. 32 

Since authentication requires a qualitative response (yes or no), the most appropriate 33 

methodologies are those that use instrumentation to obtain the multivariate signals and 34 

multivariate classification techniques to treat them. A recent review summarizes the use of 35 

various analytical techniques coupled with multivariate data analysis to trace the geographical 36 

origin of edible oils [4]. 37 

In general terms, the main problem involved in establishing and validating a multivariate 38 

classification model is finding a large number of representative samples whose class 39 

membership is unambiguously known (training/test sets). From them, the main performance 40 

parameters, sensibility and specificity are estimated [5], which give information about the 41 

model’s ability to predict future samples. If the future samples have the same variability as those 42 

used to build the model, the model’s performance parameters are maintained. However, when 43 

the future samples contain new sources of variability, the model may not be suitable for 44 

predicting them since they do not fit it, so the model’s performance parameters are no longer 45 

kept. This might be the case of authenticating seasonal products (or their derivatives) because 46 

the samples may contain sources of variability not considered when the model was developed. 47 

Therefore, making the model robust to seasonal variability, which involves maintaining the 48 

performance parameters, is still an important challenge in the field of authentication nowadays. 49 

To deal with new sources of variability not considered in the training data set, three strategies 50 

can be followed:  51 
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1) Develop a new model for each season [6]. The main limitation of this strategy is that it cannot 52 

take advantage of historical data. In addition, the collection of sufficient training samples for 53 

each season can be time-consuming and challenging. 54 

2) Update the model by adding samples of the new conditions, so the variability due to the 55 

season is considered. In principle, this alternative seems the most promising, since enough 56 

representative samples of the possible variations would eventually be obtained, although it may 57 

not be very effective in the first years. Additionally, increasing the sources of variability usually 58 

decreases the model’s performance parameters. 59 

3) Correct the spectra obtained in the new conditions so that they resemble the spectra of the 60 

training set used to build the multivariate model by calculating and applying a transform 61 

function. As a result, the model can be used to predict samples measured in the new conditions. 62 

It has the advantage of taking historical data into account, the multivariate model need not be 63 

built or updated, and few samples are required, the authenticity of which is unambiguously 64 

known, for standardization. This approach is implemented by chemometric tools known as 65 

standardization or transfer techniques. 66 

The standardization strategy was initially designed to extend the applicability of multivariate 67 

calibration NIR models developed with a master instrument to be used by secondary 68 

instruments (hence, this type of technique is also known by the alternative name of transfer 69 

methods). The first standardization methods introduced by Wang [7] were direct 70 

standardization (DS) and piecewise direct standardization (PDS). The latter is still the most 71 

widely used. It determines a transformation matrix, F, which relates the spectra in the two 72 

conditions. Once established, the spectrum of a sample measured under the second conditions 73 

is transformed by applying matrix F so that it resembles the spectra obtained under the first 74 

conditions. This transformation allows it to be properly predicted by the model developed in the 75 

first conditions. 76 

Most applications of transfer techniques have been developed for IR signals, although they have 77 

also been used with other types of multivariate signals, such as UV-visible data [8-10], sensor 78 

arrays [11-13], polarography [14], mass spectrometry [15], fluorescence [16-19] and HPLC [20]. 79 

They have been used above all in multivariate calibrations [10,21-23], but also to a lesser extent 80 

in multivariate classification problems and 2nd order calibrations [16,19+. 81 

Likewise, they have been used to correct for effects other than the change of instrument, for 82 

example, the effect of time [10] or temperature (Chen, Morris & Martin, 2005)[24]. Generally, 83 

to establish the transformation function F, the same sample has to be measured under both 84 



4 
 

conditions but this is not always the case and a recent review has focused on studies that 85 

determine the transfer function without the need to use the same samples in the two situations 86 

considered [25].  87 

The goal of this paper is to propose a standardization strategy for dealing with seasonal 88 

variability in the authentication of extra virgin oils from two denominations of origin (Les 89 

Garrigues and Siurana). We worked with four data sets from four harvests that were measured 90 

using fluorescence spectroscopy. Therefore, in some cases the environmental conditions in each 91 

harvest were different. One of these data sets was used to develop a Partial Least Squares 92 

Discriminant Analysis (PLS-DA) two-class model for the first conditions. 93 

Since it is impossible for samples from different harvests to be the same, we propose to obtain 94 

the transfer function from the average of the spectra of both conditions. This strategy is 95 

described in Fig. 1, which schematically shows the steps involved. 96 

Our aim is to show the potential of standardization techniques in classification from olive oil 97 

spectroscopic data problems. The strategy is simple and easy to implement in a routine 98 

laboratory and it has practical advantages such as maintaining the quality performance of the 99 

multivariate model developed. 100 

 101 

Figure 1. Flow chart of the standardization strategy proposed in this paper. 102 
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2. Theoretical background 103 

PLS-DA is a PLS regression technique adapted to a classification technique. It requires two 104 

matrices, one with independent variables (matrix X), which in our case are the fluorescence 105 

spectra, and the other with dependent variables (matrix Y), which in our case is a binary code (0 106 

and 1) where 1 indicates sample membership and 0 does not. There is an extensive bibliography 107 

on the theoretical and practical aspects of PLS-DA. We have included references to just two 108 

recent reviews here, which is by no means exhaustive, but these two references provide many 109 

more [26,27].  110 

To validate the classification model, the main performance parameters – sensitivity (SEN) and 111 

specificity (SPC) – [5,28] are calculated from the probabilities of the four well-known binary 112 

responses [29]: true positive (TP) and true Negative (TN), when the qualitative method rightly 113 

considers a sample to be positive or negative; and false positive (FP) and false negative (FN) 114 

when the qualitative method wrongly considers a sample to be positive or negative. 115 

The theoretical foundations of various standardization processes can be found in the references 116 

[7,8,25]. To carry out the standardization, we propose adapting the PDS technique.  117 

The PDS technique considers that when the experimental conditions change, the spectra may drift 118 

in any direction, both vertically (changes in sensitivity) or horizontally, which means a slight shift in 119 

the real wavelengths at which the sample absorb.   120 

 121 

To apply PDS, a subset of samples measured in first and second conditions is available. From these 122 

two submatrices, a multivariate regression (PCR or PLS) is established between the absorbance in 123 

first conditions at a wavelength i and a vector of absorbances around wavelength i, in second 124 

conditions. 125 

a1i = xi
T fi + f0i        (1) 126 

  127 

where xi
T=[a2(i-j), ... , a2(i), ... , a2(i+j)], and the length of the vector (2j+1) is known as window size. 128 

 129 

The process is repeated for all the wavelengths and n vectors with f coefficients, and n values of f0 130 

are obtained, which are grouped in the corresponding matrix F  131 

      F = diag(f)     (2)  132 

 133 

In this study, the f is established by a linear relation between v1 and v2, as shown in Equation 3: 134 

v1 = v2 · f          (3) 135 
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being, v1 the average of the X1 matrix containing the spectra of the samples with which the model 136 

was developed (harvest in conditions 1). Similarly, v2 is the average of the X2 matrix containing the 137 

spectra of a subseries of samples from the harvests to be predicted (harvest in conditions 2). 138 

 139 

where f is the transformation or transfer vector which contains as many values as the spectra 140 

dimension (f1, f2, f3,….fn), with n being the number of wavelengths considered. From f, the 141 

transformation matrix F is obtained (Equation 2). 142 

Equation 4 is applied so that the spectra of the new conditions (harvest in conditions 2) resemble 143 

the spectra of the first conditions: 144 

XT2 = X2 · F          (4)  145 

where XT2 is the transform matrix of spectra in conditions 2 as if they had been obtained in 146 

conditions 1. Therefore, XT2 will be used in the prediction step. 147 

 148 

3.  Samples, instrumentation, and software 149 

The data set consisted of 330 samples from four different harvests. Table 1 shows a summary of 150 

the number of samples from each harvest and each category, Les Garrigues (LG) and Siurana (S). 151 

All samples were supplied by the Catalan Government’s Official Tasting Panel of Virgin Olive oils 152 

of Catalonia, which confirms the authentication of the oils.  153 

Table 1. Number of samples available in each harvest (conditions) and in the two DOs studied. 154 

 155 

 156 

 157 

 158 

 159 

The two-class PLS-DA model was built with samples from the harvest in conditions 1, the X1 160 

matrix.  The 156 samples available were divided into two subsets: the training and test set. The 161 

samples were assigned to the two subsets using the Kennard-Stone algorithm [30]. The criteria 162 

determining the number of samples from each class in the training set (50 for Les Garrigues and 163 

44 for Siurana) were that it should be similar for both classes and be around 75% of the samples 164 

available. 165 

Conditions Nº of samples Les Garrigues Siurana 

1 156 96 60 

2A 72 36 36 

2B 58 19 39 

2C 44 19 25 

Total 330 170 160 
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Fluorescence analysis was carried out using a Shimadzu RF-5301PC (Shimadzu Corporation, 166 

Kyoto, Japan). The emission spectra were collected between 360 and 800 nm using an excitation 167 

wavelength of 350 nm and a slit width of 5 nm. The integration time was 0.1 nm and the 168 

wavelength was increased every 10 nm during the scanning of the spectra. 169 

The spectra obtained were processed and the models were established using MATLAB software, 170 

version 8.0.0.783 – R2012b (Natick, MA, USA) and PLS Toolbox 7.0.2 (Eigenvector Research Inc., 171 

Wenatchee, WA, USA).   172 

4. Results and discussion 173 

Fig. 2 shows the average spectrum of the samples for the four harvests, and for Les Garrigues 174 

(figure 2a) and for Siurana (figure 2b). The major differences with the Siurana spectrum recorded 175 

in conditions 1 (black line) were observed in the spectra recorded in conditions 2B and 2C. And 176 

for the Les Garrigues spectrum, the differences were observed, above all, in conditions 2A and 177 

2C. Although the mean spectra in the different conditions are expected to present a certain 178 

variability, the graphs suggest that the harvest year is a factor that can present new sources of 179 

variability. 180 

 181 

 182 

Figure 2.  Average spectrum of the samples for the four harvests studied for a) Les Garrigues and b) 183 
Siurana. Color code: black for condition 1; blue, red and green for conditions 2A, 2B and 2C, respectively. 184 
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The proposed standardization strategy is summarized in figure 1. The first step is to establish 185 

and validate the PLS-DA model with samples from the harvest in conditions 1. Before modeling, 186 

all samples were pre-treated with baseline correction and centering. The two-class PLS-DA 187 

classification model was built for the two DOs (Les Garrigues and Siurana). The model required 188 

5 LVs with an explained variance of around 99%. The second step is to predict the samples from 189 

other harvests (in our case, three conditions: 2A, 2B, and 2C) to check the model’s ability.   190 

Table 2a shows the confusion matrix. From it, the different performance parameters (Accuracy, 191 

False and True Positive rate, False and True Negative rate, Precision, and F-Score) are obtained 192 

[5]. Table 2b shows the main performance parameters for each harvest and one class (Les 193 

Garrigues). Since it is a discriminant two-class model, the values for class 1 (Les Garrigues) are 194 

the same as for class 2 (Siurana) but with the sensitivity and specificity values inverted, that is 195 

to say, the sensitivity of the Siurana class is the same as the specificity of the Les Garrigues class. 196 

The opposite occurs with the results of the prediction of the Les Garrigues samples.  197 

Table 2a. Confusion Matrix for Les Garrigues (LG) and Siurana (S) 198 

Table 2b. Quality parameters obtained for the Les Garrigues class when the PLS-DA model built with the 199 
original data (conditions 1) was used to predict all data sets (conditions 1 and 2). 200 

 201 

It can be seen that the sensitivity of the samples in conditions 2B and 2C is of the order of that 202 

of the samples in conditions 1, in both the training and the test set. But the sensitivity in 203 

conditions 2A is worse (value in bold). In other words, the samples from the Les Garrigues 204 

vintages 2B and 2C are properly recognized by the model as authentic Les Garrigues just as the 205 

Les Garrigues samples are recognized by the model in conditions 1. But this is not the case in 206 

conditions 2A. The specificity value is notably worse than the values obtained in conditions 1 for 207 

Table 2a 

Condition TP FP FN TN 

 1 training (LG) 45  5  
 1 training (S)  5  39 
 1 test (LG) 37  6  
 1 test (S)  0  14 
 2A (LG) 27  9  
 2A (S)  0  36 
 2B (LG) 17  2  
 2B (S)  13  26 
 2C (LG) 18  1  
 2C (S)  6  19 

 

Conditions 
Sensitivity 

(%) 
Specificity (%) 

1 training 90 89 

1 test 86 100 

2A 75 100 

2B 90 67 

2C 95 76 

Table 2b 
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the samples from harvests 2B and 2C (values in bold). Thus, the ability to recognize that the 208 

Siurana samples are not from Les Garrigues in these conditions was lower than in conditions 1. 209 

On the basis of these results and following the diagram in figure 1, the samples that have to be 210 

transformed are vintages 2B and 2C from Siurana and vintage 2A from Les Garrigues since these 211 

new batches (X2) were not properly predicted by the PLS-DA model.  212 

The next step (Fig. 1) is to establish the transformation function “F” (equation 2). The transfer 213 

vector “f” is calculated by selecting a smaller subset of X2 samples to find the average spectrum 214 

in the second conditions. To start with, a small number of samples should be selected and then, 215 

if necessary, gradually increased. For greater representativeness in the results, the selection has 216 

been carried out in triplicate, so the samples have been selected randomly and not following a 217 

pre-established criterion such as Kennard-Stone, for example. So, as a result, three independent 218 

vectors were obtained for each class and for each one of the second conditions that are to be 219 

corrected (v2ALG,3s; v2BS,3s; and v2CS,3s). By increasing the number of selected samples, new 220 

vectors were obtained under conditions 2 such as v2ALG, nS, etc. 221 

Similarly, the vector for the average values of the spectra of harvest conditions 1 were obtained 222 

for each category (v1LG, and v1S). The transfer vector “f” was obtained by relating v1 with the 223 

corresponding vectors under conditions 2, for instance v1LG with v2ALG,3S (equation 1). Then, the 224 

corresponding transfer matrices “F” were obtained by applying equation 2. Finally, equation 3 225 

was applied to obtain the transformed data matrices XT2A,LG, XT2B,S and XT2C,S in triplicate, one 226 

for each of the three random replicates used to select the number of samples for the 227 

standardization.  228 

Table 3a shows the confusion matrix obtained from the standardized spectra. Table 3b shows 229 

the performance parameters obtained when predicting the transformed matrices with the PLS-230 

DA model built in conditions 1. We will regard the results as satisfactory if the values of these 231 

parameters are similar to those obtained under conditions 1. A comparison of the results of 232 

transforming the data from the average vector with three samples with the results of no 233 

transformation (Table 2) shows that the sensitivity of transformed condition 2A is higher than 234 

that obtained with the untransformed data, but not as high as that obtained under conditions 1 235 

in two of the three random standardizations. Following the procedure proposed in the scheme 236 

of figure 1, the same process is carried out but with five samples. The results are shown below 237 

in the same table and the values are satisfactory.  238 

 239 
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Table 3a. Confusion Matrix after standardization for Les Garrigues (LG) ans Siurana (S) 240 

 241 

 242 

 243 

 244 

 245 

 246 

 247 

 248 

 249 

 250 

 251 

 252 

Table 3b. Prediction of the results of the transformed spectra in three different conditions (2A, 2B, and 253 
2C) with the model established with spectra in conditions 1. 254 

 255 

 256 

 257 

 258 

 259 

 260 

 261 

 262 

 263 

 264 

 265 

Conditions Nº of 
samples 

Random 
selection TP FP FN TN 

2A 

3 
1 28  5  
2 33  0  
3 28  5  

5 
1 26  5  
2 30  1  
3 25  6  

2B 

3 
1  2  34 
2  2  34 
3  2  34 

5 
1  1  33 
2  1  33 
3  2  32 

2C 

3 
1  0  22 
2  1  21 
3  7  15 

5 
1  0  20 
2  3  17 
3  1  18 

Conditions Nº of 
samples 

Random 
selection 

Sensitivity 
(%) 

Specificity 
(%) 

2A 

3  
1 81  
2 100  
3 81  

5  
1 90  
2 94  
3 97  

2B 

3  
1  94 
2  94 
3  94 

5  
1  97 
2  97 
3  94 

2C 

3  
1  100 
2  91 
3  97 

5  
1  100 
2  85 
3  90 
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For the Siurana conditions 2B and 2C, with the standardization starting from three samples, 266 

results were satisfactory. Although the scheme presented in figure 1 suggests that three samples 267 

are sufficient to obtain the average vector, we also tested with five samples to observe the effect 268 

of the number of samples. It can be seen that the more samples there are, the greater the quality 269 

of the parameters obtained. But it should be pointed out that this improvement was not 270 

significant, since the results cannot be expected to be better than the results obtained in the 271 

original conditions in which the model was established (conditions 1). 272 

Figure 3 shows the mean spectra under conditions 1, under conditions 2, and under conditions 273 

2 after standardization (XT2) with different numbers of randomly selected samples. Figure 3a 274 

shows the spectra from Les Garrigues under conditions 1 and 2A, figure 3b the spectra from 275 

Siurana under conditions 1 and 2B, and figure 3b the spectra from Siurana under conditions 1 276 

and 2C. In all cases, as might be expected, the transformed spectra under conditions 2 were 277 

similar to, but not exactly the same as, the spectra under conditions 1. We should also point out 278 

that there were no patterns in terms of the number of samples used. Therefore, if a small 279 

number of standardization samples provides satisfactory results in terms of the quality 280 

parameters, the process can be ended. 281 

Figure 3. Average spectrum of samples measured in original conditions and after the 282 
standardization using different numbers of randomly selected samples:  283 

Figure 3a Les Garrigues, conditions 1 (black solid), conditions 2A (blue solid) and conditions 2A 284 
after standardization with three samples (blue dashes) and with five samples (blue dots);  285 

 286 

 287 

 288 

 289 
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Figure 3b. Siurana, conditions 1 (black solid), conditions 2B (red solid), and conditions 2B after 290 
standardization with three samples (red dashes) and with five samples (red dots);  291 

292 
Figure 3c. Siurana, conditions 1 (black solid), conditions 2C (green solid), and conditions 2C after 293 
standardization with three samples (green dashes) and with five samples (green dots) 294 

 295 

5. Conclusions 296 

A two-class PLS-DA classification model was developed to classify virgin olive oil from two 297 

Catalan PDOs (Les Garrigues and Siurana). The model was developed with samples from one 298 

harvest using fluorescence measurements.  299 

When samples were predicted from three other harvests, the quality parameters (sensitivity and 300 

specificity) were lower since the seasonal variability was not the same as the one used in the 301 

model. Therefore, the PDS standardization technique was adapted to extend the usefulness of 302 

the model. As a general trend, the results of the standardization process are comparable to 303 

those obtained from the initial PLS-DA model.  304 



13 
 

A great advantage of the proposed standardization strategy is that can be implemented with a 305 

small number of samples. From a practical point of view, it is useful when it is difficult to obtain 306 

samples that are known to belong to a particular class.  307 

Standardization methods have proved to be valuable tools for preserving the performance of a 308 

multivariate classification model when the samples to be predicted are subject to new sources 309 

of variability, particularly the effect of seasonality on agricultural products and/or their 310 

derivatives. 311 
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