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Abstract

:

Fourier transform infrared spectroscopy (FTIR) with Attenuated Total Reflection (ATR) combined with functional data analysis (FDA) was applied to differentiate aged wine spirits according to the ageing technology (traditional using 250 L wooden barrels versus alternative using micro-oxygenation and wood staves applied in 1000 L stainless steel tanks), the wood species used (chestnut and oak), and the ageing time (6, 12, and 18 months). For this purpose, several features of the wine spirits were examined: chromatic characteristics resulting from the CIELab method, total phenolic index, concentrations of furfural, ellagic acid, vanillin, and coniferaldehyde, and total content of low molecular weight phenolic compounds determined by HPLC. FDA applied to spectral data highlighted the differentiation between all groups of samples, confirming the differentiation observed with the analytical parameters measured. All samples in the test set were differentiated and correctly assigned to the aged wine spirits by FDA. The FTIR-ATR spectroscopy combined with FDA is a powerful methodology to discriminate wine spirits resulting from different ageing technologies.
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1. Introduction


The contact of wine distillate with wood is recognised as a pivotal step of the aged wine spirit production, during which its quality increases and sensory fullness can be reached. Scientific evidence exists on the key role of several physicochemical phenomena, particularly the extraction and oxidation reactions involving the wood-derived compounds of low molecular weight, on the chemical changes (quantitative and qualitative aspects of the beverage’s volatile and non-volatile composition) and sensory changes (colour, aroma, and taste) occurred [1,2,3]. Besides, they mainly depend on the ageing technology, the kind of wood used (oak and chestnut), and the length of the ageing process [1,4,5].



Despite the high-quality spirits attained by the traditional ageing technology, using wooden barrels, this expensive and lengthy process led to the search and study of sustainable alternative technologies. Research has been focused on a technology based on adding wood pieces to the distillate kept in stainless steel tanks, as for other alcoholic beverages [6,7]. Recently, the micro-oxygenation technique, reproducing the oxygen transfer that occurs in the wooden barrel, was applied to optimise this ageing technology. Promising outcomes based on the phenolic composition and colour of the wine spirits in the beginning of ageing were attained [8]. Nevertheless, a comprehensive approach is needed towards the full/robust characterisation of this novel technology, exploring the data acquired over the ageing period through different analytical and statistical methodologies.



Spectroscopic techniques are very useful for food and beverages quality evaluation because they require minimal or no sample preparation (absence of extraction, reactions with some other chemical species, treatment with a chelating agent, masking, sub-sampling, or other manipulation), they are rapid and non-destructive (causing no physicochemical changes during the analysis), and they can be used to simultaneously assess several parameters of a sample. In recent years, significant developments related to the applicability of vibrational spectroscopy combined with multivariate data analysis has been made to give the rapid quantification of several compounds in different matrices or to discriminate different groups of samples. Concerning the alcoholic beverages, the studies were more centred on other drinks than wine spirits. FTIR-ATR (Fourier transform infrared spectroscopy with Attenuated Total Reflection) was used to evaluate different parameter in alcoholic beverages, such as the determination of important quality parameters of beers [9], determination of ethanol content in liquors [10], quantitative analysis of methanol (an adulterant in alcoholic beverages) [11], analysis of ethanol and methanol content in traditional fruit spirits [12], and the authentication of whisky according to its botanical origin [13]. Actually, the studies on wine spirits with FTIR-ATR are scarce. One of them was carried out by Anjos et al. [14], applying the FTIR-ATR methodology to predict the alcoholic strength, methanol, acetaldehyde, and fusel alcohols contents of grape-derived spirits.



In this paper, a new application of functional data analysis (FDA) in the field of quality evaluation using spectroscopic techniques is presented. In recent years, FDA has been used in numerous investigations to analyse processes in continuous time; some examples are energy efficiency [15], medical research [16], econometrics [17], optimisation problems [18], industrial processes [19], environmental research [20,21], and food science [22]. In all these works, FDA showed its usefulness for the study of functions, defined in a specific interval, without missing the correlation between the observations.



FDA allows the analysis of the entire curves, which represent individual observations of the sample under study, detecting different behaviours throughout the curves [15,23]. Ordoñez et al. [23], in a similar context that this paper, showed significant reasons to analyse the sample with curves instead of individual observations. In addition, the contrast of similarity has been carried out from a vectorial approach, but summarising the curves with a single value; in this case, the mean. This is necessary because the curves, although representing individual data, are formed by a set of observations correlated to each other. Martínez et al. [20] explained how this correlation is not taken into account from a vectorial approach. Furthermore, from this point of view, to contrast the similarity between the samples, a classical analysis of variance (ANOVA) [24,25] and anon-parametric Kruskal’s test [26] have been performed. Although this is a simpler approach, it contributes to highlight the strengths of FDA. On the one hand, Martínez et al. [15] presented how different conclusions can be reached for each approach because of the biased sample used in the vector analysis (mean of the curves) or different detection of outliers. On the other hand, among others, Sancho et al. [19] demonstrated that FDA presents more realistic and accurate results, showing how and at which specific part of the curve the groups have different spectrometric behaviours.



The aim of this research is to contrast the similarity between the samples obtained with FTIR-ATR spectrometry for wine spirits aged by different ageing technologies (traditional and alternative), with different kinds of wood (chestnut and oak) and over the ageing period (6, 12, and 18 months), using functional data analysis of variance (FANOVA).



Thus, the second section presents, on the one hand, the data used in this study and, on the other hand, the specific methodology applied to obtain the results. The third section presents the results of the comparison and analysis of the differences between the wine spirit samples. Then, in the fourth section, a discussion is carried out about the results and the information obtained with them. Finally, in Section 5, the conclusions of this work are presented.




2. Materials and Methods


2.1. Samples


A total of 30 samples of wine spirit (produced at industrial scale) aged with Limousinoak (Quercus robur L.) and Portuguese chestnut (Castanea sativa Mill.) for 6, 12, and 18 months of ageing time were analysed (Figure 1), covering the following categories:




	
TL—aged in 250 L new oak wooden barrels;



	
TC—aged in 250 L new chestnut wooden barrels;



	
AL—aged in 1000 L stainless steel tanks with oak wood staves and micro-oxygenation;



	
AC—aged in 1000 L stainless steel tanks with chestnut wood staves and micro-oxygenation.








From each sample, four independent samples were taken for spectral analysis, totalising 120 spectra analysed.



The wooden barrels and the stainless-steel tanks were placed in the cellar in similar environmental conditions. The same wine distillate (alcohol strength, 77.4 v/v; pH, 5.44; total acidity, as acetic acid, 0.13 g/hL of absolute ethanol; volatile acidity, as acetic acid, 0.11 g/hL of absolute ethanol) produced by the Adega Cooperativa da Lourinhã, Portugal, was used. The wood pieces and barrels were manufactured by J.M. Gonçalves cooperage (Palaçoulo, Portugal) with the medium plus toasting level, as described by Canas et al. [8].



To characterise the wine spirits aged by different technologies, with different wood species, through the ageing time, several analytical determinations were performed for all the samples: CIELAB colour parameters (lightness, saturation, and chromaticity coordinates), total phenolic index, and low molecular weight compounds contents, according to the methodologies described below. All the analyses were done in duplicate.




2.2. Analytical Procedures


2.2.1. Analysis of Chromatic Characteristics


The chromatic characteristics of the wine spirits—lightness (L *), varying between 100% (fully transparent) and 0% (fully opaque); saturation (C *); chromaticity coordinates (a * and b *), of which the coordinate a * varies between green (a * < 0) and red hues (a * > 0), and the coordinate b * varies between blue (b * < 0) and yellow hues (b * > 0)—were analysed according to the CIELab method. The analysis was performed in a Varian Cary 100 Bio spectrophotometer (Santa Clara, CA, USA) with a 10 mm glass cell, considering a D65 illuminant and a 10° standard observer. The transmittance measurement was made every 10 nm from 380 to 770 nm. The analysis was performed in duplicate.




2.2.2. Determination of the Total Phenolic Index


The total phenolic index (TPI) of the wine spirits was analysed as described by Cetó et al. [27]: dilution of the samples with ethanol/water 77:23 v/v; absorbance measurement at 280 nm, using a Varian Cary 100 Bio spectrophotometer (Santa Clara, CA, USA) with a 10 mm quartz cell; calculation of the total phenolic index by multiplying the measured absorbance by the dilution factor. The analysis was performed in duplicate.




2.2.3. Analysis of Low Molecular Weight Compounds


The phenolic and furanic compounds, namelyphenolic acids (gallic acid, vanillic acid, syringic acid and ellagic acid), phenolic aldehydes (vanillin, syringaldehyde, coniferaldehyde, and sinapaldehyde), coumarins (umbelliferone and scopoletin), and furanic aldehydes (5-hydroxymethylfurfural, 5-methylfurfural, and furfural) were quantified by liquid chromatography according to the method proposed by Canas et al. [28]. All compounds were quantified to calculate the total content of low molecular weight compounds. Only some compounds—furfural, ellagic acid, vanillin, and coniferaldehyde—were considered in the discussion of individual compounds contents based on their highly discriminant power.



The chromatographic analysis was carried out in a HPLC Lachrom Merck Hitachi system (Merck, Darmstadt, Germany) composed of a quaternary pump L-7100, a column oven L-7350 equipped with a 250 mm × 4 mm i.d. LiChrospher RP 18 (5 μm) column (Merck, Darmstadt, Germany), a UV–Vis detector L-7400, a fluorescence detector L-7480 (connected to the UV–Vis detector), and an autosampler L-7250. The HSM D-7000 software (Merck, Darmstadt, Germany) was used for the management, acquisition, and treatment of the data. The following chromatographic conditions were used: (i) binary gradient consisting of solvent A, water: formic acid (98:2 v/v) and solvent B, methanol:water:formic acid (70:28:2 v/v/v) as follows: 0% isocratic B in 3 min, linear gradient from 0% to 40% B in 22 min, from 40% to 60% B in 18 min, 60% isocratic B in 12 min, linear gradient from 60% to 80% B in 5 min, 80% isocratic B in 5 min; (ii) column temperature of 40 °C; (iii) flow rate of 1 mL/min. Phenolic acids and furanic aldehydes were detected at 280 nm, phenolic aldehydes were detected at 320 nm, and coumarins were detected at 325 nm (excitation)/454 nm (emission).



Samples were added with an internal standard (20 mg/L of 4-hydroxybenzaldehyde), filtered through 0.45 μm membrane (Titan, Scientific Resources Ltd., Gloucester, UK) and analysed by the direct injection of 20 μL. The identification of chromatographic peaks was made through comparison of their retention time and UV-Vis spectra with those commercial standards. The assessment of chromatographic purity of the peaks and their UV–Vis spectra (200–400 nm) were performed in Waters system composed of a photodiode-array detector (Waters 996), in the same chromatographic conditions and managed by ‘Millennium 2010′ software (Waters, Milford, NA, USA). The analysis was performed in duplicate. The quantification of each compound was based on a calibration curve made with the corresponding commercial standard.




2.2.4. Spectroscopic Analyses


Spectra were acquired by the Fourier transform infrared spectroscopic method with platinum Attenuated Total Reflectance (FTIR-ATR) with a Bruker spectrometer (Alpha, Bruker Optic GmbH, Ettlingen, Germany) using a diamond crystal. Four spectra per sample were obtained with 128 scans per spectrum at a spectral resolution of 8 cm−1 in the range of 4000 to 450 cm−1.



The FTIR-ATR used was equipped with a flow-through cell with controlled temperature. The cleaning of the cell was done by the injection of water in the flow-through cell, and the background was also measured with distilled water.





2.3. Statistical Analysis


2.3.1. Statistical Treatment of Analytical Data


A two-way analysis of variance (ANOVA) was carried out to examine the influence of the two fixed factors—ageing technology (two levels: alternative versus traditional) and kind of wood (two levels: Limousin oak versus chestnut)—on the chromatic characteristics, total phenolic index, and low molecular weight compounds’ contents of the wine spirits after 6, 12, and 18 months of ageing. For each significant factor or interaction, the variance percentage was calculated. Fisher’s least significant difference (LSD) test was used to compare the average values observed for each sample group. All the calculations were carried out using Statistica vs. 5 (Statsoft Inc., Tulsa, OK, USA).




2.3.2. Functional Analysis


The similarity between the different samples of ageing technology and the different samples of ageing time was contrasted. This analysis was carried out from a vectorial and functional approach. Vectorially, the tests used were the classical ANOVA [25], comparing the mean levels of the groups, and Kruskal’s non-parametric test [26], which studies whether the observations of each group come from the same distribution. In addition, from the functional approach, the functional ANOVA (FANOVA) was performed.



Functional Data Analysis (FDA)


The analyses from a functional approach study functions, based on sets of observations, were defined in a determined interval I = [a,b]. One of its strengths is its structure of infinite dimensions that allows to extend the possibilities of data analysis [29,30]. A random variable, measured at a set of discrete points     {  t g  }   g = 1  G  ∈ [ a , b ]  , has to take values in metric or semi-metric spaces to be considered functional. Thus, functional data take the form of a matrix with  n  rows, one for each individual studied, and  G  columns representing the points of evaluation of the functions [31,32].



Smoothing is the most used process to convert discrete observations into continuous functions,   x ( t ) ,   t ∈ X ⊂ ℱ  ; where  ℱ  is the functional space. Specifically, assuming that the functions are observed with error, a functional basis expansion can be adopted as follows:


  x ( t ) =   ∑  w = 1  W    c w     ϕ w  ( t )  



(1)




where     {  c w  }   w = 1  W    is the w-th basis coefficients,     {  ϕ w  ( t ) }   w = 1  W    is the w-th basis function, and W is the number of basis functions under consideration [29,32]. Thus, the basis functions used in this work were splines [33] due to their specific properties such as the possibility of generating large basis sets easily or their flexibility [34]. On the other hand, to select the number of bases of each sample, the determination coefficient R2 was taken into account. The number of bases is the minimum number at which R2 stops improving significantly or surpasses the value of 0.99 (see Martínez et al. [15]). Moreover, the smoothing process involves solving the following problem:


    min   x ∈ F     ∑  g = 1  G   {  z g  − x (    t g  )  } 2  + λ Γ ( x )  



(2)




where    z g  = x (  t g  ) +  ϵ g    is the value obtained by evaluating  x  at point    t g    with    ϵ g    being a random noise with zero mean,  λ  is a parameter controlling the intensity of regularisations, and  Γ  is a parameter that makes it costly to reach complex solutions. Then, the basis coefficients can be expressed as the solution of the smoothing process as follows [29,35]:


  c =   (   Φ  t   Φ  + λ  R  )   − 1     Φ  T   z   



(3)




being   Φ   a  G  x  W  matrix formed by    Φ  g w   =  ϕ w  (  t g  )   and   R   being a  W  x  W  matrix of the elements     R   w g   =    ∫ T    D 2      ϕ w  ( t )  D 2   ϕ g  ( t ) d t   where    D n   ϕ w  ( t )   is the nth-order differential operator of    ϕ w   .




Functional Depths


The depth concept, in classical multivariate statistics, was used to measure the centrality of a point   x ∈  ℝ d    within a data set. The points nearest to the centre obtain a higher depth value [36]. With a functional approach, depths measure the centrality of a curve in relation to the other curves of the sample    x 1  , … ,  x n   , coming from a stochastic process   X ( ⋅ )   evaluated at a specific interval   [ a , b ] ∈ ℝ   [37,38].



Although there exist different functional types of depths (Fraiman-Muniz [37], h-modal [39] or Random Projections [38]), the most widely used is the h-modal depth due to its better performance in the correct detection of outliers [36]. Therefore, the functional mode of the sample will be the curve most densely surrounded by other curves. The functional depth of a certain curve in a specific sample is calculated as follows:


  M  D n  (  x i  , h ) =   ∑  w = 1  n  K   (    | |  x i  −  x w  | |  h   )   



(4)




where   | | ⋅ | |   is the norm in a functional space,   K :  ℝ +  →  ℝ +    is a kernel function, and  h  represents the bandwidth parameter [39].



Functional depths, which are considered as a measure of dispersion, are essential in the detection of outliers. In any data analysis, the identification of these atypical data is crucial because they could affect the subsequent estimations. In addition, examining them is important to discover the causes that give these observations a different behaviour from the rest. Besides, in functional analyses, it is even more important because it is possible that individually, the values that form the curve are not outliers in a vectorial way but, from a functional point of view, the entire curve could be [36,40]. Martínez et al. [29] explained in detail how to detect functional outliers within a functional sample.




Functional ANOVA (FANOVA)


Functional data Analysis of Variance, similar to the vector version, contrasts the distance between the mean levels of the factor variables. The aim of this contrast is to find out if the set of functions studied are statistically distinguishable [41]. There will also be  Q  independent samples    X  g j   ( t )  ,   j = 1 , … ,  n g   ;   t ∈ I = [ a , b ]  . But these samples are extracted from    ℒ 2  ( l )   processes    X g  ( t )  ,   g = 1 , … , Q   and their mean function is   E (  X g  ( t ) ) =  m g  ( t )   [42,43]. If the functional sample is divided into groups like     {  X j  ,  A j  }   j = 1  n     ∈ ℱ   x  A = { 1 , … , A }  , being  A  the factor variable, the hypothesis contrast has the following form:


   {       H 0  :   X ¯  1  ( t ) =   X ¯  2  ( t ) = … =   X ¯  A  ( t )        H 1  : ∃   h , e         s . t .       X ¯  h  ( t ) ≠   X ¯  e  ( t )        



(5)







The model for the j-th observation belonging to the g-th group has the following form [41]:


   X  j g   ( t ) =  X ¯  ( t ) +  α g  ( t ) +  ϵ  j g   ( t )  



(6)




where    X  j g   ( t )   is the functional value ofgroup g,    α g  ( t )   is the effect of being part of a determined group and    ϵ  j g   ( t )   represents the unexplained variability for the i-th observation of group g.Furthermore, the model in Equation (6) can be represented in its matrix notation:


   X  ( t ) =  Z γ  ( t ) + ϵ ( t )  



(7)




being    X  ( t )   a N-dimensional vector,    γ  ( t ) =   (  X ¯  ( t ) ,  α 1  ( t ) , … ,  α Q  ( t ) )  T    a (Q + 1)-dimensional vector,   ϵ ( t )   a vector of N residual functions, and   Z   the design matrix with dimension (N, Q + 1).



Thus, to assure the indentification of the functional effects    α g  ( t )  , the sum to zero constraint is introduced [41,44]:


     ∑  g = 2   Q + 1    γ   ( t ) = 0   ,   ∀ t   



(8)







The parameter vector    γ  ( t )   in Equation (7) can be estimated minimising the standard least squares:


  L M S S E (  γ  ) =   ∫    [  X  ( t ) −  Z γ  ( t ) ]  T  [  X  ( t ) −  Z γ  ( t ) ] d t     








subject to the constraint (8) [41,44].



Regarding the contrast in Equation (5), most tests are based on F test statistic [32,45]:


   F n  ( t ) =   S S  R n  ( t ) / ( Q − 1 )   S S  E n  ( t ) / ( n − Q )    








where


  S S  R n  ( t ) =   ∑  g = 1  Q    n g      (   X ¯  g  ( t ) −  X ¯  ( t ) )  2   










  S S  E n  ( t ) =   ∑  g = 1  Q     ∑  j = 1    n g     (  X  g j   (     t ) −   X ¯  g  ( t )  ) 2   








represents the variations between groups and within groups, respectively. In addition, for these calculations, the sample mean function    X ¯  ( t ) = ( 1 / n )   ∑  g = 1  Q     ∑  j = 1    n g      X  g j       ( t )   and the sample group mean function     X ¯  g  ( t ) = ( 1 /  n g  )   ∑  j = 1    n g      X  g j     ( t )  ,   g = 1 , … , Q   were taken into account.



In this work, two specific tests were used to contrast the similarity between samples. On the one hand, the F test with the reduced bias estimation method (FB) [46]. This test uses both point variations between groups and variations within groups. Specifically, the test statistic has the form:


   F n  =      ∫ Q  S   S  R n  ( t ) d t / ( Q − 1 )      ∫ Q  S   S  E n  ( t ) / ( n − Q )    



(9)







The distribution of this statistic is approximated by    F  ( Q − 1 ) k , ( n − Q ) k    , where k is estimated by the bias-reduced method. The p-value taken into account comes from   P (  F  ( Q − 1 ) k , ( n − Q ) k   >  F n  )   [45,46].



On other hand, a permutation test based on a representation of the base function (FP) was used. This test is based on the basis representation procedure presented by Górecki and Smaga [47]. The functional observations are be represented by a finite number of basis functions    φ m  ∈  ℒ 2  ( I )  ,   m = 1 , … , K   as follows:


    X  g j   ( t ) ≈   ∑  m = 1  K    c  g j m      φ m  ( t )   ,   t ∈ I   



(10)




where    c  g j m     are random variables with a significantly large K. Moreover, this test uses the following approximation of Equation (9) [45]:


    ( a − b ) / ( Q − 1 )   ( c − a ) / ( n − Q )    



(11)




where


  a =   ∑  g = 1  Q    1   n g        1    n g   T    C  g T    J  φ    C  g    1    n g     










  b =  1 n    ∑  g = 1  Q     ∑  j = 1  Q     1    n g   T        C  g T    J  φ    C  j    1    n j     










  c =   ∑  g = 1  Q  t  r a c e (   C  g T    J  φ    C  g  )  








being     1  a    a vector of ones with dimension  a  x  1 ,     C  g  =   (  c  g j m   )   j = 1 , … ,  n g  ; m = 1 , … , K    ,   i = 1 , … , Q  , and     J  φ  : =    ∫ I   φ    ( t )   φ  T  ( t ) d t   is the matrix of cross-products with dimensions  K  x  K  based on    φ  (  t  ) =   (  φ 1  ( t ) , … ,  φ K  ( t ) )  T   .







3. Results


The two-way ANOVA results (Table 1) show that the ageing technology and the kind of wood had a highly significant effect on the colour and total phenolic content acquired by the wine spirits during the ageing process (after 6, 12, and 18 months). Among these factors, greater influence was exerted by the ageing technology (higher percentage of the variance explained) on the chromatic characteristics, while a similar weight of both factors was observed in the phenolic content. Regardless of the sampling time, the wine spirits aged with micro-oxygenation and chestnut wood staves (AC) exhibited a significantly lower value of lightness (L *) and significantly higher values of saturation (C *) and chromaticity coordinates (a * and b *) than the others. This set of chromatic characteristics reflects a more evolved colour, since lower L * and higher C * correspond to a more intense/darker colour, and the combination of higher a * and b * (yellow and red hues, respectively) is associated with a greater intensity of amber or orange hue, which made these spirits look older than the others. The colour of wine spirits from Limousin wooden barrels (TL) was on the opposite side, while the wine spirits aged with micro-oxygenation and Limousin wood staves (AL) and those aged in chestnut wooden barrels (TC) presented intermediate characteristics.



In a previous work, this research team have already identified furfural, ellagic acid, vanillin and coniferaldehyde as markers of the ageing technology and the kind of wood used [8]. The results obtained for these compounds are shown in Table 2. It should be stressed that most of the low molecular weight compounds contents were mainly dependent on the ageing technology (higher percentage of the variance explained), as aforementioned for the chromatic characteristics and TPI, but ellagic acid content was closely related to the kind of wood. Indeed, significantly higher levels of furfural, vanillin, and coniferaldehyde were found in the wine spirits aged by the alternative technology; the first two were higher in the modality comprising chestnut wood staves (AC), whereas the latter was higher in the modality comprising Limousin wood staves (AL). Slight differences were found between the wine spirits from chestnut barrels (TC) and Limousin oak barrels (TL). Regarding ellagic acid, higher content was promoted by the chestnut wood (AC and TC), especially in the alternative technology. The contact with Limousin oak together with micro-oxygenation (AL) induced a slightly lower content of this phenolic acid, and a weak performance was showed by the Limousin oak barrels (TC).



Besides the differences between the two ageing technologies and the two kinds of wood, the results also reveal a remarkable role of the ageing time, as indicated by the percentage of variance observed for each factor in ANOVA (Table 2). Regardless of the ageing modality, there was a gradual decrease of lightness and a gradual increase of saturation and chromatic coordinates that correspond to the colour development over the ageing process.



The levels of significance shown in Table 3 reveal that the variation of chromatic characteristics, phenolic content (TPI and sumHPLC), and most of individual compounds contents were mostly significant between 6 months and 12 months. Significant differences between the three sampling times marked the wine spirits aged by the alternative technology with Limousin staves. In general, the L * parameter decreased over the ageing time, while the other parameters (a *, b *, and C *) increased. Furfural, ellagic acid, vanillin, coniferaldehyde and total content of low molecular weight compounds increased. Similar results were observed in the first months of ageing time of this kind of wine spirit [8].



The spectra obtained for wine spirit are similar to those reported by others authors [28].



The representative absorbance spectra of wine spirit samples studied is plotted in Figure 2; their spectral information is in accordance with previous reports of other authors [48]. The IR region from 2990 to 3626 cm−1 has a very strong influence due to water present in the samples [49]. Nevertheless, for these analyses, the background was measured with water.



There is IR information in the regions from 3000 to 2900 cm−1 due to the O–H stretching of alcohols and C–H stretching of CH3 and CH2, and consequently related to the presence of ethanol and methanol in the alcoholic beverages [49].



Regarding the region from 1500 to 860 cm−1, it corresponds to C–C and C–O vibrations in volatile compounds [12,14].



The small peak at 1450 cm−1 was assigned to C–OH bending deformation, and the peak at 1275 was assigned to C–O stretching in the acid molecules [11,50].



According to Stuart (2004), the region from 1300 to 840 cm−1 shows other absorption bands assigned to the C=O and C=C groups present in furanic compounds. The highest peaks at 1086 and 1044 cm−1 are ascribed to the C–O stretch absorption bands, which are important regions for ethanol and methanol identification and quantification respectively, and C–C absorption bands, which are related to ethanol and some organic compounds such as sugars, phenols, alcohols, and esters [14,49,51].



The peak at 879 cm−1 could be ascribed to out-of-plane C–H bending of aromatic compounds [10], and to CH–OH, C–C, C–O, and C–H bond stretching due to water, sugars, and phenolic compounds [51].



According to these regions of the FTIR-ATR absorption spectra (with baseline correction) of the wine spirit, a mathematical analysis has been performed to determine the differences between the groups studied. On the one hand, a functional ANOVA (FANOVA) model has been considered using two different tests: FP, the permutation test based on a representation of the base function (Equation (9)); and FB, the F test with the reduced bias estimation method (Equation (11)). On the other hand, a vector analysis based on the classical Analysis of Variance and the non-parametric Kruskal test have been carried out. Although all the areas of the curves have been analysed following the same process, only two were plotted each time to show the differences between the samples (space problem).



First, the different groups based on the ageing technology and kind of wood (AC, AL, TC, and TL) were tested. The contrast is different for each ageing time (18 months, 12 months, and 6 months). With an 18-month period, the hypothesis of similarity between all groups is rejected in all areas of the whole curve and from both points of view (Table 4). The samples of wine spirits aged by the alternative technology, on average, have higher absorbance units than the aged by the traditional one. Within the alternative technology, the wine spirit aged in oak wood always showed higher absorbance units than the one aged in chestnut wood (Figure 3). With an ageing period of 12 months, the similarity hypothesis is also rejected in all areas by the two analyses (Table 4). Even so, in this case, the differences between alternative and traditional ageing technologies are small. The spectrometric curves can hardly be differentiated in the functional part of Figure 4, and the p-values obtained are higher (Table 4). With an ageing time of 6 months, significant reasons were found to reject the similarity hypothesis in all areas through functional and vector analysis (Table 4). With this sample, the difference is more significant than with the 12-month sample but less than with the 18-month sample. Moreover, it can be seen that the wine spirit that gets higher absorbance units in the alternative sample is the one aged in oak, but with the traditional sample, it is the one aged in chestnut (Figure 5). These results are in accordance with those previously observed for the colour and analytical parameters (Table 1 and Table 2).



Secondly, the similarity between the three different ageing times was contrasted. This contrast is different depending on the ageing technology and kind of wood used (AC, AL, TC, and TL). Figure 6 shows the boxplots and curves of the sample resulting from alternative technology with chestnut wood. It can be seen that there is little difference between the three ageing times. Especially at the spectral region of 1150–960 cm−1 (second d column of Figure 6), in which the similarity hypothesis is rejected in the vector analysis. Instead, FDA is able to detect these differences between the curve samples (Table 5). This region is characteristic of the absorption bands assigned to C=O and C=C groups existing in furanic compounds, C–O stretch absorption bands related to ethanol and methanol, and C–C absorption bands also related to ethanol and some organic compounds such as sugars, phenols, alcohols, and esters previously reported, and all of them are important to differentiate the samples in this study. They are mainly identified at the peaks of the 1044 cm−1 and 1086 cm−1, which are chiefly related to the presence of ethanol and methanol but also related to some organic compounds such as sugars, phenols, alcohols, and esters existing in minor concentration in the beverages. In addition, similarity in the other areas of the entire curve within the sample resulting from alternative technology with chestnut wood is rejected. In the case of the alternative technology, the wine spirits aged with Limousin oak wood are very similar to those aged with chestnut wood but with more distance between the three ageing times (Figure 7), as observed in the chemical analysis. The similarity hypothesis is rejected in all areas and from both points of view (Table 5). Figure 8 shows the differentiation within the samples resulting from chestnut barrels. In this case, the two areas drawn from the whole curve are closer, but the differences between the three ageing times are greater. The hypothesis of similarity between the samples is rejected in all areas and from the vectorial and functional approach (Table 5). Finally, regarding the wine spirits aged in Limousin oak barrels, the 18 and 12-month samples show higher absorbance units than the 6-month sample (Figure 9). The spectrometric curves of the functional graph can be easily distinguished. There are significant reasons to reject the similarity between the three samples in all areas of the full curve from the two analyses (Table 5).




4. Discussion


The colour and total phenolic content acquired by the wine spirits during the ageing process (Table 1) are in line with the wine spirits’ features observed in the first six months of ageing [8], and they are also in accordance with those of recent ageing studies of brandy [2,3]. The colour acquisition has been assigned to extraction, oxidation, and other physicochemical phenomena occurring during ageing [8,52]. Hence, more marked color development in the wine spirits aged by the alternative technology, and with chestnut wood, may have resulted from the direct application of oxygen [8] and/or from more oxygen transferred by this kind of wood due to its higher porosity [53], which may have favored such phenomena. Regarding the total phenolic content (TPI), a consistent behavior with the chromatic characteristics was found, reinforcing previous results [8]: there is a correlation between the enrichment in phenolic compounds and the colour acquired, which are induced by the ageing technology and the kind of wood.



Accordingly, the total content of low molecular weight compounds (phenolic acids, phenolic aldehydes, coumarins, and furanic aldehydes) concentrations determined by HPLC (Table 2) acted as distinctive feature of the aged wine spirits, which can be ordered as follows: AC > AL ~ TC > TL. Therefore, the pattern reported for the first six months of ageing [8] prevailed until the end of the ageing process (18 months).



Low molecular weight compounds, such as furfural, ellagic acid, vanillin, and coniferaldehyde, as aforementioned, stood out as markers of the ageing technology (Table 2). Similar results for these wood-derived phenolic compounds [1,54] were obtained in the beginning of ageing [8]. Their higher accumulation in wine spirits resulting from the alternative technology has been ascribed to a faster extraction from the wood, as described by other authors for the ageing of red wine with wood pieces [55,56]; the behavior of coniferaldehyde is explained by its sensitivity towards oxidation.



The evolution observed for the colour parameters over the ageing process was supported by the progressive increase of the total phenolic content (TPI) and particularly the low molecular weight compounds quantified by HPLC (sumHPLC), which reflected the release of the wood-derived compounds into the wine spirit together with a positive balance between their formation/degradation [4] in the liquid medium. The kinetics of individual compounds shows a continuous increment of ellagic acid content, regardless of the assay modality, which may have resulted from the release of this phenolic acid existing in the wood [1] and from the oxidation and hydrolysis of ellagitannins in the wine spirit during ageing [57,58]. The kinetics of vanillin presented a similar pattern, which was likely due to its release from the wood [59], lignin’s hydroalcoholysis, and subsequent oxidation reactions that converted coniferaldehyde into vanillin in the wine spirit [4]. Interestingly, there was an increase of coniferaldehyde content between 6 and 12 months followed by a decrease until 18 months. This suggests that after 12 months of ageing, oxidation reactions prevailed over extraction and lignin’s hydroalcoholys is causing an unbalance between coniferaldehyde formation and degradation. Similar results were previously noticed for wine spirits aged by the alternative technology but without micro-oxygenation and also by the traditional ageing in wooden barrels [4]. The evolution of furfural content was different from those of phenolic compounds. Indeed, its kinetics was closely related to the ageing technology: there was an increase from 6 to 12 months and then a decrease in wine spirits aged by the alternative technology; the opposite behavior occurred in wine spirits aged by the traditional one (TC and TL).



The statistical analyses performed during the ageing time reveals significant differences between 6 months and 12 months in a higher number of parameters than the observed between 12 months and 18 months. However, for the wine spirits aged by the alternative technology with Limousin staves significant differences between the three sampling times were observed. Regarding the alternative technology, these outcomes suggest that one year is enough/adequate to obtain a high-quality wine spirit aged with micro-oxygenation and chestnut staves as a consequence of higher pool of compounds and specific anatomical properties of this kind of wood compared with the Limousin oak wood [2,60].



The mathematical analysis performed with functional and vectorial approach corroborates the findings about colour parameters, total phenolic content, and low molecular weight compounds. According to the mathematical analysis, two main conclusions have been reached. First, there are significant reasons to reject the similarity between the wine spirits samples differentiated according to the ageing technology used. It was rejected in all areas of the full spectrometric curve for each of the three ageing times tested, both in vector and functional data analysis. Secondly, evidence was found to state that the samples of wine spirits with different ageing time are not similar. The similarity hypothesis between the three ageing times for each of the different technologies (traditional vs. alternative) used was rejected in all the areas of the spectrometric curve analysed.



On the other hand, FDA shows higher consistency than the vector analysis as observed by Martínez et al. [15,20]. In addition, to provide more information and accuracy, FDA can detect significant differences between groups that vector analysis cannot. This can be seen in the sample obtained by alternative technology with chestnut wood, specifically in the spectral region of 1150–960 cm−1 of the entire curve. It is attributed to the functional groups present in furanic compounds and also related to ethanol, methanol, and sugars, phenols, and esters existing in the wine spirit [1,4,5,8,14,49,51]. Vector analysis found no evidence to reject the similarity between the samples based on ageing time, but FDA, taking into account all correlated observations measured in the specific area, did.




5. Conclusions


The aged wine spirit composition and quality depend on the raw material, but mainly on the ageing technology, the wood species used in the ageing process, and the ageing time. Monitoring this quality over time with a fast methodology is very important for the industry.



This study showed a remarkable congruence between the analytical determinations (colour, total phenolic index, and low molecular weight compounds) and the FTIR-ATR/mathematical approach in the differentiation of wine spirits aged by the alternative (micro-oxygenation combined with wood pieces in stainless steel tanks) and the traditional (wooden barrels) technologies, using two kinds of wood (chestnut and oak), over the ageing time (6, 12, and 18 months). Additionally, the analytical results suggest that one year is enough/adequate to achieve a high-quality wine spirit aged with micro-oxygenation and chestnut staves.



FTIR-ATR with appropriate chemometric techniques, specifically functional data analysis, and vector analysis proved to be a powerful tool for an easier and faster monitoring of the wine spirit’s ageing process. FDA showed higher consistency than the vector analysis, providing more information and accuracy; it detected significant differences between groups that the vector analysis did not detect. It was clearly demonstrated in the sample resulting from the alternative technology with chestnut wood, specifically in the area 1150–960 cm−1 of the entire curve. Vector analysis found no evidence to reject similarity between the time ageing samples, but FDA, taking into account all correlated observation measured in the specific area, found it.



It was also possible to identify the more accurate spectral region to perform a calibration model to be applied by the wine spirit industry.
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Figure 1. Scheme of the essay. 1, 2, and 3 indicate the essay replicates. 
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Figure 2. Fourier transform infrared spectroscopy–Attenuated Total Reflection (FTIR-ATR) absorbance spectra of wine spirit samples. 
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Figure 3. Plots of two of the four significant areas of the curves with an ageing time of 18 months. In the first row, vectorial analysis by means of boxplots. In the second row, functional data analysis (FDA) through curves in the studied interval. The wine spirit sample is divided into four groups (AC, AL, TC, and TL). 
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Figure 4. Plots of two of the four significant areas of the curves with an ageing time of 12 months. In the first row, vectorial analysis by means of boxplots. In the second row, FDA through curves in the studied interval. The wine spirit sample is divided into four groups (AC, AL, TC, and TL). 
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Figure 5. Plots of two of the four significant areas of the curves with an ageing time of 6 months. In the first row, vectorial analysis by means of boxplots. In the second row, FDA through curves in the studied interval. The wine spirit sample is divided into four groups (AC, AL, TC, and TL). 
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Figure 6. Plots of two of the four significant areas of the Alternative Chestnut (AC) curves. In the first row, vectorial analysis by means of boxplots. In the second row, FDA through curves in the studied interval. The wine spirit sample is divided into three groups depending on the ageing time (18, 12, and 6 months of ageing). 
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Figure 7. Plots of two of the four significant areas of the Alternative Oak (AL) curves. In the first row, vectorial analysis by means of boxplots. In the second row, FDA through curves in the studied interval. The wine spirit sample is divided into three groups depending on the ageing time (18, 12, and 6 months of ageing). 
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Figure 8. Plots of two of the four significant areas of the Traditional Chestnut (TC) curves. In the first row, vectorial analysis by means of boxplots. In the second row, FDA through curves in the studied interval. The wine spirit sample is divided into three groups depending on the ageing time (18, 12, and 6 months of ageing). 






Figure 8. Plots of two of the four significant areas of the Traditional Chestnut (TC) curves. In the first row, vectorial analysis by means of boxplots. In the second row, FDA through curves in the studied interval. The wine spirit sample is divided into three groups depending on the ageing time (18, 12, and 6 months of ageing).
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Figure 9. Plots of two of the four significant areas of the Traditional Oak (TL) curves. In the first row, vectorial analysis by means of boxplots. In the second row, FDA through curves in the studied interval. The wine spirit sample is divided into three groups depending on the ageing time (18, 12, and 6 months of ageing). 
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Table 1. Effect of the ageing technology and kind of wood on the chromatic characteristics and total phenolic index acquired by the wine spirits after 6, 12, and 18 months of ageing. AC: Alternative Chestnut, AL: Alternative Oak, TC: Traditional Chestnut, TL: Traditional Oak.






Table 1. Effect of the ageing technology and kind of wood on the chromatic characteristics and total phenolic index acquired by the wine spirits after 6, 12, and 18 months of ageing. AC: Alternative Chestnut, AL: Alternative Oak, TC: Traditional Chestnut, TL: Traditional Oak.





	
Ageing Months

	
Code

	
L *(%)

	
A *

	
B *

	
C *

	
TPI






	
6

	
TC

	
85.41 ± 1.41 b

	
3.37 ± 1.08 b

	
50.96 ± 2.68 b

	
51.08 ± 2.74 b

	
24.94 ± 1.98 b




	
TL

	
93.73 ± 0.42 c

	
−1.25 ± 0.17 a

	
26.76 ± 2.21 a

	
26.79 ± 2.20 a

	
11.99 ± 1.18 a




	
AC

	
77.14 ± 1.26 a

	
11.79 ± 1.22 c

	
70.00 ± 1.59 c

	
70.99 ± 1.77 c

	
47.79 ± 3.80 c




	
AL

	
87.55 ± 0.23 b

	
1.75 ± 0.14 b

	
46.24 ± 0.14 b

	
46.27 ± 0.15 b

	
26.88 ± 0.87 b




	
Variance origin

	
Technology (S)

	
61.9 ***

	
52.7 ***

	
60.2 ***

	
60.2 ***

	
42.1 ***




	
Wood (W)

	
36.7 ***

	
31.9 ***

	
38.8 ***

	
38.8 ***

	
52.4 ***




	
SxW

	
NS

	
14.0 **

	
NS

	
NS

	
4.2 *




	
Residual

	
1.5

	
1.3

	
1.0

	
1.0

	
1.3




	
12

	
TC

	
79.11 ± 1.38 b

	
9.89 ± 1.31 b

	
69.41 ± 1.64 b

	
70.11 ± 1.80 b

	
37.90 ± 1.94 b




	
TL

	
90.62 ± 1.04 c

	
−0.49 ± 0.65 a

	
40.66 ± 3.4 a

	
40.67 ± 3.40 a

	
17.55 ± 1.81 a




	
AC

	
65.58 ± 1.97 a

	
25.63 ± 1.78 c

	
87.25 ± 0.56 c

	
90.95 ± 1.04 c

	
65.72 ± 1.37 c




	
AL

	
79.17 ± 0.60 b

	
10.38 ± 0.53 b

	
70.87 ± 0.61 b

	
71.63 ± 0.68 b

	
37.86 ± 0.23 b




	
Variance origin

	
Technology (S)

	
49.2 ***

	
49.9 ***

	
49.4 ***

	
50.7 ***

	
48.6 ***




	
Wood (W)

	
49.7 ***

	
46.3 ***

	
43.5 ***

	
44.9 ***

	
48.8 ***




	
SxW

	
NS

	
3.1 *

	
6.2 ***

	
3.6 *

	
2.2 *




	
Residual

	
1.1

	
0.8

	
0.9

	
0.8

	
0.5




	
18

	
TC

	
77.33 ± 1.25 b

	
12.06 ± 1.24 b

	
73.97 ± 1.22 b

	
74.95 ± 1.40 b

	
40.98 ± 2.46 b




	
TL

	
89.61 ± 1.17 c

	
−0.02 ± 0.84 a

	
44.35 ± 3.74 a

	
44.36 ± 3.74 a

	
18.15 ± 1.63 a




	
AC

	
62.29 ± 1.94 a

	
28.97 ± 1.62 c

	
89.27 ± 0.12 c

	
93.86 ± 0.61 c

	
71.60 ± 2.50 c




	
AL

	
76.59 ± 0.52 b

	
13.19 ± 0.45 b

	
75.87 ± 0.44 b

	
77.01 ± 0.51 b

	
40.55 ± 1.25 b




	
Variance origin

	
Technology (S)

	
52.2 ***

	
52.9***

	
47.7 ***

	
50.0 ***

	
47.9 ***




	
Wood (W)

	
46.9 ***

	
45.2***

	
40.2 ***

	
42.3 ***

	
49.5 ***




	
SxW

	
NS

	
1.4*

	
11.1 **

	
6.8 ***

	
2.1 *




	
Residual

	
0.9

	
0.6

	
0.9

	
0.9

	
0.6








L *—lightness; a *, b *—chromaticity coordinates; C *—saturation; TPI—total phenolic index. For each sampling time (6, 12 and 18 months), mean values with the same letter in a column are not statistically different. NS, p > 0.05; * 0.01 < p < 0.05; ** 0.001 < p < 0.01; *** p < 0.001.
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Table 2. Effect of the ageing technology and kind of wood on the contents of low molecular weight compounds (mg/L absolute ethanol) of the wine spirits after 6, 12, and 18 months of ageing.
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Ageing Months

	
Code

	
Furfural

	
Ellagic Acid

	
Vanillin

	
Coniferaldehyde

	
sumHPLC






	
6

	
TC

	
38.31 ± 6.90 a

	
8.12 ± 1.41 b

	
2.03 ± 0.01 b

	
6.17 ± 0.63 a

	
163.10 ± 24.08 b




	
TL

	
31.73 ± 6.38 a

	
3.43 ± 0.20 a

	
1.49 ± 0.08 a

	
5.21 ± 0.04 a

	
78.99 ± 9.71 a




	
AC

	
127.05 ± 5.07 c

	
15.35 ± 0.38 c

	
4.62 ± 0.20 d

	
10.60 ± 0.65 b

	
296.05 ± 15.91 c




	
AL

	
87.74 ± 4.11 b

	
6.28 ± 0.70 a,b

	
3.26 ± 0.16 c

	
12.20 ± 0.52 b

	
195.23 ± 3.04 b




	
Variance origin

	
Technology(S)

	
82.7 ***

	
30.4 ***

	
79.1 ***

	
98.5 ***

	
63.1 ***




	
Wood(W)

	
8.1 **

	
56.9 ***

	
15.1 ***

	
NS

	
34.6 ***




	
SxW

	
8.0 ***

	
10.8 ***

	
5.3 **

	
NS

	
NS




	
Residual

	
1.2

	
2.0

	
0.5

	
1.5

	
2.3




	
12

	
TC

	
35.85 ± 6.03 a

	
12.86 ± 1.16 b

	
3.61 ± 0.22 b

	
7.00 ± 0.57 a

	
231.68 ± 26.34 b




	
TL

	
31.36 ± 5.80 a

	
5.64 ± 0.34 a

	
2.66 ± 0.23 a

	
6.49 ± 0.58 a

	
95.09 ± 13.67 a




	
AC

	
131.17 ± 4.91 c

	
24.89 ± 1.26 c

	
8.68 ± 0.02 d

	
13.97 ± 0.17 b

	
369.24 ± 8.57 d




	
AL

	
96.08 ± 1.93 b

	
11.94 ± 0.88 b

	
6.77 ± 0.09 c

	
19.61 ± 0.41 c

	
275.32 ± 4.56 c




	
Variance origin

	
Technology(S)

	
87.9 ***

	
41.3 ***

	
89.2 ***

	
79.7 ***

	
64.5 ***




	
Wood(W)

	
5.2 **

	
50.0 ***

	
8.6 ***

	
5.1 ***

	
33.8 ***




	
SxW

	
6.1 ***

	
7.8 ***

	
1.8 ***

	
14.8 ***

	
NS




	
Residual

	
0.8

	
0.9

	
0.3

	
0.4

	
1.7




	
18

	
TC

	
36.55 ± 7.28 a

	
15.48 ± 1.41 b

	
4.43 ± 0.34 b

	
6.85 ± 0.75 a

	
271.85 ± 38.84 b




	
TL

	
31.63 ± 6.26 a

	
6.81 ± 0.49 a

	
3.13 ± 0.23 a

	
6.41 ± 0.60 a

	
104.10 ± 16.10 a




	
AC

	
113.35 ± 4.27 c

	
28.17 ± 1.15 c

	
8.61 ± 0.07 d

	
11.16 ± 0.15 b

	
347.46 ± 4.33 c




	
AL

	
86.72 ± 0.21 b

	
13.81 ± 0.23 b

	
7.49 ± 0.24 c

	
17.93 ± 0.07 c

	
275.63 ± 4.79 b




	
Variance origin

	
Technology(S)

	
89.4 ***

	
39.1 ***

	
92.0 ***

	
63.3 ***

	
43.6 ***




	
Wood(W)

	
4.8 ***

	
53.7 ***

	
7.2 ***

	
10.0 ***

	
40.9 ***




	
SxW

	
4.3 *

	
6.2 ***

	
NS

	
26.0 ***

	
11.9 *




	
Residual

	
1.5

	
0.8

	
0.7

	
0.7

	
3.6








Furf—furfural; Ellag—ellagic acid; Vanil—vanillin; Cofde—coniferaldehyde; sumHPLC—total content of low molecular weight compounds determined by HPLC. For each sampling time (6, 12, and 18 months), mean values with the same letter in a column are not. NS, p >0.05; * 0.01 < p <0.05; ** 0.001 < p <0.01; *** p <0.001.
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Table 3. Differences observed for each samples group (technology vs. wood) during the ageing time.
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TC

	
TL

	
AC

	
AL




	

	
6

	
12

	
18

	
6

	
12

	
18

	
6

	
12

	
18

	
6

	
12

	
18






	
L *(%)

	
b

	
a

	
a

	
b

	
a

	
a

	
b

	
a

	
a

	
c

	
b

	
a




	
a *

	
a

	
b

	
b

	
a

	
a

	
a

	
a

	
b

	
b

	
a

	
b

	
c




	
b *

	
a

	
b

	
c

	
a

	
b

	
b

	
a

	
b

	
b

	
a

	
b

	
c




	
C *

	
a

	
b

	
c

	
a

	
b

	
b

	
a

	
b

	
b

	
a

	
b

	
c




	
TPI

	
a

	
b

	
b

	
a

	
b

	
b

	
a

	
b

	
b

	
a

	
b

	
b




	
Furf

	
a

	
a

	
a

	
a

	
a

	
a

	
a

	
ab

	
b

	
a

	
ab

	
b




	
Ellag

	
a

	
b

	
b

	
a

	
b

	
c

	
a

	
b

	
b

	
a

	
b

	
c




	
Vanil

	
a

	
b

	
c

	
a

	
b

	
c

	
a

	
b

	
b

	
a

	
b

	
c




	
Cofde

	
a

	
a

	
a

	
a

	
b

	
b

	
a

	
b

	
a

	
a

	
b

	
c




	
sumHPLC

	
a

	
b

	
b

	
a

	
a

	
a

	
a

	
b

	
b

	
a

	
b

	
b
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Table 4. Numerical results of the similarity contrast between the groups AC, AL, TC, and TL, depending on the ageing time of the wine spirit samples. Functional results (FDA) are based on FANOVA using two different tests (FP: permutation test based on a representation of the base function, FB: F test with a reduced bias estimation method). In addition, the results of the ANOVA and Kruskal’s test representing the vectorial results (VA) are shown. All the results are p-values based on a 5% significance level.






Table 4. Numerical results of the similarity contrast between the groups AC, AL, TC, and TL, depending on the ageing time of the wine spirit samples. Functional results (FDA) are based on FANOVA using two different tests (FP: permutation test based on a representation of the base function, FB: F test with a reduced bias estimation method). In addition, the results of the ANOVA and Kruskal’s test representing the vectorial results (VA) are shown. All the results are p-values based on a 5% significance level.





	
TEST\SAMPLE

	
3050–2750 cm−1

	
1525–120 cm−1

	
1150–960 cm−1

	
910–750 cm−1




	
18 months






	
FDA

	
FANOVA

	
FP

	
≈0

	
≈0

	
≈0

	
≈0




	
FB

	
≈0

	
≈0

	
≈0

	
≈0




	
VA

	
ANOVA

	
≈0

	
≈0

	
≈0

	
≈0




	
Kruskal

	
≈0

	
≈0

	
≈0

	
≈0




	

	
12 months




	
FDA

	
FANOVA

	
FP

	
0.001

	
≈0

	
≈0

	
≈0




	
FB

	
0.003

	
≈0

	
1.31 × 10−5

	
≈0




	
VA

	
ANOVA

	
0.007

	
≈0

	
0.003

	
≈0




	
Kruskal

	
0.008

	
2.23 × 10−6

	
0.003

	
≈0




	

	
6 months




	
FDA

	
FANOVA

	
FP

	
≈0

	
≈0

	
≈0

	
≈0




	
FB

	
≈0

	
≈0

	
≈0

	
1 × 10−4




	
VA

	
ANOVA

	
≈0

	
≈0

	
≈0

	
≈0




	
Kruskal

	
≈0

	
≈0

	
≈0

	
≈0
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Table 5. Results of the similarity contrast between the three ageing times (18 months, 12 months, and 6 months), depending on the ageing technology. Functional results (FDA) are based on functional ANOVA (FANOVA) using two different tests (FP: permutation test based on a representation of the base function, FB: F test with a reduced bias estimation method). In addition, the results of the ANOVA and Kruskal’s test representing the vectorial results (VA) are shown. All the results are p-values based on a 5% significance level.






Table 5. Results of the similarity contrast between the three ageing times (18 months, 12 months, and 6 months), depending on the ageing technology. Functional results (FDA) are based on functional ANOVA (FANOVA) using two different tests (FP: permutation test based on a representation of the base function, FB: F test with a reduced bias estimation method). In addition, the results of the ANOVA and Kruskal’s test representing the vectorial results (VA) are shown. All the results are p-values based on a 5% significance level.





	
TEST\SAMPLE

	
3050–2750 cm−1

	
1525–120 cm−1

	
1150–960 cm−1

	
910–750 cm−1




	
Groups within AC






	
FDA

	
FANOVA

	
FP

	
≈0

	
≈0

	
≈0

	
≈0




	
FB

	
≈0

	
≈0

	
≈0

	
≈0




	
VA

	
ANOVA

	
≈0

	
≈0

	
0.032

	
≈0




	
Kruskal

	
≈0

	
6.72 × 10−5

	
0.214

	
1 × 10−4




	

	
Groups within AL




	
FDA

	
FANOVA

	
FP

	
≈0

	
≈0

	
≈0

	
≈0




	
FB

	
≈0

	
≈0

	
≈0

	
≈0




	
VA

	
ANOVA

	
≈0

	
≈0

	
≈0

	
≈0




	
Kruskal

	
2.07e-06

	
4.14 × 10−6

	
3.34 × 10−5

	
3.71 × 10−6




	

	
Groups within TC




	
FDA

	
FANOVA

	
FP

	
≈0

	
≈0

	
≈0

	
≈0




	
FB

	
≈0

	
≈0

	
≈0

	
≈0




	
VA

	
ANOVA

	
≈0

	
≈0

	
≈0

	
≈0




	
Kruskal

	
≈0

	
7.32 × 10−6

	
≈0

	
≈0




	

	
Groups within TL




	
FDA

	
FANOVA

	
FP

	
≈0

	
≈0

	
≈0

	
≈0




	
FB

	
≈0

	
≈0

	
≈0

	
≈0




	
VA

	
ANOVA

	
≈0

	
≈0

	
≈0

	
≈0




	
Kruskal

	
1 × 10−4

	
1.95 × 10−6

	
≈0

	
≈0
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