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Abstract
The suitability of UV–Vis spectrometry was evaluated for the classification of undiluted and diluted Slovak Tokaj wine 
samples according to style (essences, Tokaj selection, varietal and other wines), grade (quantity of cibebas), and variety 
(Furmint, Lipovina, and Muškát žltý) using principal component analysis (PCA), variable selection (VS), linear discriminant 
analysis (LDA), general discriminant analysis (GDA), and support vector machine (SVM). The individual groups of Tokaj 
wines differed in their production process, the quantity of cibebas used in their production, and the accorded Protected Des-
ignation of Origin status, all of which determined their price. In general, it was found that better classification was obtained 
based on the UV–Vis spectra of the diluted samples, VS was a more suitable algorithm for reducing the number of variables 
than PCA, and finally, LDA/GDA was preferred over SVM. The best total correct classification (100%) was obtained using 
diluted wines and VS-GDA method. To achieve this result, 45, 31, and 10 variables were needed for classification by style, 
grade, and variety, respectively. Thus, UV–Vis spectrometry combined with chemometrics can be widely exploited for qual-
ity control and authentication of Tokaj wines because of a relative simplicity, short-time analysis, and without considerable 
financial expenses.
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Introduction

UV–Vis spectrometry is a fast, simple, and cheap tech-
nique which has found wide acceptance in food chemistry. 
In the wine industry and research, well-known applications 
include the specification of chromatic characteristics and 
the determination of total phenolic content by the so-called 
Folin-Ciocalteu assay (OIV 2016). Besides, there are sev-
eral review articles dealing with other applications of the 
UV–Vis spectroscopic technique, including the determina-
tion of phenolic compounds in grape and wine (Cozzolino 
2015), the simultaneous prediction of several wine chemical 
properties (Yu et al. 2017), the determination of geographi-
cal origin of wines (Uríčková and Sádecká 2015), and the 
discrimination and authentication of wines (Chandra et al. 
2017; Yu et al. 2017). Some recent applications include the 
determination of total acid, total sugar, and alcohol in wines 

based on visible and near infrared spectra (Hu et al. 2018) 
and the determination of methyl cellulose precipitable tan-
nins, anthocyanins, total phenols, and color density during 
the fermentation as well as in finished red wines, using only 
UV–Vis spectra (Aleixandre-Tudo et al. 2018); the geo-
graphical classification of Cabernet Sauvignon red wines 
by data fusion of UV–Vis and synchronous fluorescence 
spectra (Tan et al. 2016); varietal and vintage classifications 
of red and white wines by combining UV–Vis spectra with 
either color properties, pH, and total anthocyanin contents 
(Sen and Tokatli 2016) or the total phenolic index and color 
characteristics (Philippidis et al. 2017); the discrimination 
of brands of red wines using only UV–Vis spectra (Liu et al. 
2018); and the prediction of the ageing time of Portuguese 
fortified wines, based on the volatile, polyphenols, organic 
acid composition, and the UV–Vis spectral data, which 
were processed individually (Rendall et al. 2017) as well as 
simultaneously (Campos et al. 2017) and the differentiation 
between the seven levels of ageing of Spanish wines using 
two different fingerprint ranges in infrared and one range in 
the visible region (Ferreiro-González et al. 2019). Besides, 
the effect of path length on the standard error of UV, VIS, 
and NIR calibration models to predict phenolic compounds 
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in both red and white wines was evaluated; no statistically 
significant differences were observed. However, the use of 
different path lengths can lead to opposite conclusions in 
classification or discrimination issues (Molla et al. 2017).

Tokaj region is located on both sides of the border 
between Slovakia and Hungary. Slovak Tokaj region is 
demarcated by legislation—only wine made in the desig-
nated region from the grapes growing in that region can 
legally be designated Tokaj. Slovak Tokaj wines are made 
exclusively from white wine grape varieties Furmint, Lipo-
vina, and Muškat žltý, which are used to produce single-
varietal a semi-sweet or a dry still wines as well as bot-
rytized wines. Single-variety wine is not exclusively made 
from a single variety but may contain 15% of the remaining 
two varieties, e.g., Furmint is produced by alcoholic fer-
mentation of the grape variety Furmint with the addition of 
grapes of the varieties Lipovina and Muškát žltý, together 
a maximum of 15%. The production of botrytized wines is 
closely linked to a special technology that requires adding 
the exact amount of botrytized grapes (cibebas) to a set vol-
ume of wine and then maturing of the wine in oak barrels in 
cellars for a period of several years (Figueiredo-Gonzalez 
et al. 2013; Law No. 313/2009 on viticulture and wine; Mag-
yar 2011). The amount of added cibebas is one of the fac-
tors determining the price of wines. The most expensive is 
the essence because it is made from cibebas only. Another 
type of botrytized wine is a Tokaj selection, which can be 
6-, 5-, and 4-putňový, depending on the amount of cibebas 
added. All these wines were accorded Protected Designa-
tion of Origin status by the European Commission (Com-
mission Regulation (EU) No 401/2010). Unprotected 3- and 
2-putňový wines are also produced from time to time. Wine 
pomace, which remains after the production of Tokaj selec-
tion and contains many extractive compounds and sugar, is 
used for the production of Tokajský fordítáš—Tokaj wine or 
good quality must is poured onto wine pomace and allowed 
to ferment (Law No. 313/2009 on viticulture and wine). In 
unfavorable years, when not enough cibebas are formed on 
bunches of grapes, the raw material is intended for the pro-
duction of Samorodné sweet wine (Magyar 2011). The 
other two types of wine, Samorodné dry wine and semi-
dry wine Víno kráľovnej Alžbety, are made from grapes 
without cibebas. 

Information on the composition of Slovak Tokaj wines 
is rare. The distribution of the Ca, Mg, Rb, Sr, Ba, and V 
elements in white wines allowed the classification of wines 
from different Slovak vineyard regions, with the Tokaj 
region being the most separated (Koreňovská and Suhaj 
2005). Ballová et al. (2016) studied total phenolic content 
and antioxidant activity and found that these two properties 
were decreased in the following order: 6-, 5-, 4-, 3-putňový, 
Muškát žltý, Furmint, and Lipovina. On the other hand, 
high-resolution 1H NMR spectroscopy showed similar 

relative integral intensities for 6-, 5-, and 4-putňový wines as 
well as essence, corresponding to the phenolic compounds 
(Mazur et al. 2015). Only recently, essences and 6-, 5-, and 
4-putňový wines (vintages 2000–2015) (Sádecká et al. 2018) 
as well as three Tokaj varietal wines (Sádecká et al. 2020) 
were distinguished using linear discriminant analysis (LDA), 
based on emission and synchronous fluorescence spectra. 
A highly sophisticated technique, comprehensive two-
dimensional gas chromatography coupled to high-resolution 
time-of-flight mass spectrometry, has made it possible to 
distinguish Tokaj varietal, Samorodné dry, and Tokaj selec-
tion wines using the profile of volatile organic compounds 
(Furdíková et  al. 2020). More data can be found about 
Hungarian botrytized wines, but unfortunately, because of 
a small number of samples, the studies never used chemo-
metrics (Magyar 2011; Pour Nikfardjam et al. 2003, 2006).

The aim of this study was to evaluate the use of UV–Vis 
spectroscopy combined with chemometric methods to dis-
criminate between different Slovak Tokaj wines according to 
the style, grade (the amount of cibebas added), and variety.

Materials and Methods

UV–Vis Spectra

UV 1800 spectrophotometer (Shimadzu, Japan) equipped 
with tungsten iodine and deuterium lamp was used to record 
absorption spectra. The spectrophotometer operated in the 
wavelength range of 200 − 800 nm with accuracy of ± 0.1 nm 
for the D2 peak (656.1 nm) and ± 0.3 nm for the full range. 
The scanning speed was 200  nm∙min−1. Software UV 
PROBE 2.33 was used for acquisition and processing of 
spectra. The three UV–Vis spectra for each sample were 
averaged, and the mean spectra were used to chemometric 
analysis.

Samples

A total of 77 Slovak Tokaj wine samples were collected from 
producers in the Tokaj region and from local stores. The 
wines were divided by style into four groups: Tokaj selection 
wines (abbreviated as P, n = 49), essences (E, n = 4), vari-
etal wines (V, n = 14), and other wines (O, n = 10) (Table 1). 
Most of the samples, 49, were Tokaj selection wines of vary-
ing grades from 2 to 6, depending on the quantity of cibe-
bas added. Two of Tokaj selection wines were 2-putňový 
(P2), eight were 3-putňový (P3), ten were 4-putňový (P4), 
fourteen were 5-putňový (P5), and finally fifteen were 
6-putňový (P6) botrytized wines. The oldest botrytized wine 
was from 1972 and the youngest from 2016. Four samples 
were Tokaj essences (E) (vintages from 1999 to 2009). A 
group of varietal wines (V) consisted of three samples of 
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Lipovina (L), six samples of Furmint (F), and five samples 
of Muškat žltý (M) (vintages from 2012 to 2016). The group 
of other wines (O) (ten samples) was very diverse, consisted 
of Víno kráľovnej Alžbety (KrAlž), Tokajský fordítáš (TF), 
two samples of Samorodné sweet wine (SSd), and six sam-
ples of Samorodné dry wine (SSch) (vintages from 2006 to 
2016). The wines were stored in the dark, at room tempera-
ture until its analysis. The UV–Vis spectrum of each sample 
was registered immediately after opening each bottle. Bulk 
and diluted (1:100, v/v, ultrapure water, electrical resistivity 
18.2 M Ω cm) wine samples were analyzed.

Chemometrics

Multivariate data analysis, including unsupervised method, 
principal component analysis (PCA), and three supervised 
methods, linear discriminant analysis (LDA), general discri-
minant analysis (GDA), and support vector machine (SVM), 
was carried out by STATISTICA version 12 (StatSoft, USA, 
2017).

First, spectral datasets were pre-processed by a mean-
centering algorithm. PCA was applied to spectral datasets 
to reduce the number of original correlated variables. PCA 
resulted in new uncorrelated variables, called principal com-
ponents (PCs), whose scores were used as input data to the 
LDA in the next step (Martelo-Vidal et al. 2013; Sádecká 
et al. 2018; Tan et al. 2016). The number of PCs was ten-
tatively estimated based on the total explained variance 
(> 90%) and loading profiles and was refined during PCA-
LDA model validation by ten-fold cross-validation method 
(Arlot and Celisse 2010; Sádecká et al. 2018). It was the 
number of PCs for which another added component did not 
significantly increase the overall correct classification.

Second, the pre-processed spectral datasets were used 
to build different types of support vector machine (SVM) 

models, including linear, polynomial, sigmoid, and radial 
basis function (RBF) kernels. While LDA assumes that data 
is normally distributed and all groups are identically dis-
tributed, SVM makes no assumptions about the data at 
all. SVM is also suitable for small sample sets and some 
non-linear problems; thus, it is a very flexible method 
(Martelo-Vidal et al. 2013). Depending on the type of kernel, 
specific parameters were optimized by combining ten-fold 
cross-validation with a grid search. The specific parameters 
were degree, gamma, and coefficient for polynomial ker-
nel, gamma for RBF kernel, and gamma and coefficient for 
sigmoid kernel. PCA-based approaches associated with 
SVM have been proposed as highly effective for classify-
ing samples (Dankowska and Kowalewski 2019; Yang et al. 
2017). Therefore, SVM models were also created using the 
same PCs as in the LDA case and ten-fold cross-validation 
method.

The removal of useless variables can enhance the 
accuracy and decreases the computation time (Ikram and 
Cherukuri 2017). Therefore, variable selection based on 
chi-square was used to find the features that best separate 
the groups within each dataset, and finally, GDA and SVM 
models were built by using the selected variables.

The typical development of a chemometric procedure 
started with data pre-processing, and then all data was used 
to create a well-defined model, selecting variables, setting 
parameters, and performing other development steps. Then 
the model was validated. In the case of classification by style 
and grade, a stratified four-fold cross-validation was used 
(Vabalas et al. 2019). The calibration and validation sets 
were created so that approximately one-fourth of the sam-
ples were included in the validation sets and the remaining 
three-fourth of the samples in the calibration sets. The sam-
ples were selected in approximately the same proportions 
as they appeared in the original set. Validation process was 

Table 1  Tokaj wines used for 
the classification study

Wine style Number of samples Vintage

Essences (E) 4 1999–2009
Tokaj selection (P) Grade:

2-putňový (P2) 2 1989–1990
3-putňový (P3) 8 1988–2009
4-putňový (P4) 10 1993–2016
5-putňový (P5) 14 1972–2004
6-putňový (P6) 15 1972–2006

Varietal (V) Lipovina (L) 3 2015
Furmint (F) 6 2012–2014
Muškat žltý (M) 5 2012–2016

Other (O) Víno kráľovnej Alžbety (KrAlz) 1 2016
Tokajský fordítáš (TF) 1 2011
Samorodné sweet wine (SSd) 2 2006
Samorodné dry wine (SSch) 6 2009–2016
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repeated four times. In each fold, a different one-fourth of 
the samples were used for validation. In this way, at the end, 
all the samples were used for both calibration and validation. 
The final performance of the model was then calculated as 
a mean of classification performances in each of the four 
validation folds. Example of a four-fold cross-validation data 
split for classification of wines according to style is shown 
in Table 1S (Supplementary Information). In the case of the 
classification of wines by variety, the leave-one-out cross-
validation (LOOCV) method was used because the number 
of varietal wines was small. In the LOOCV for 14 samples, 
each calibration set was created by taking all the samples 
except one, and the validation set was the sample left out. 
This procedure was repeated 14 times, and then the final 
performance of the model was determined as the average 
of 14 steps.

Results and Discussion

UV–Vis Spectra

Figure  1 shows the raw average UV–Vis spectra for 
Tokaj selection (P2-P6), varietal (F, L, M), and other 
(KrAlz, TF, SSd, SSch) wines. The absorbance of the 
undiluted samples was greater than 4 in the wavelength 

range of 200–350 nm and then gradually decreased with-
out significant features to a negligible value at a wave-
length longer than 600 nm (Fig. 1a, b, c). Two maxima 
around 265–280 nm and 325 nm were observed for the 
diluted samples, and the absorbance was small at wave-
lengths near 400 nm and longer (Fig. 1d, e, f). Spectra 
were similar to those previously described and assigned 
to aromatic compounds as hydroxybenzoic acids 
(250–300 nm), hydroxycinnamic acids (230–245 nm and 
310–330 nm), catechins (280 nm), and flavonols (250–270 
and 350–390 nm) (Aleixandre-Tudo et al. 2018; Martelo-
Vidal et al. 2013; Molla et al. 2017; Tan et al. 2016; Yu 
et al. 2017). Although the spectral profiles of the samples 
from the different groups were similar, they often differed 
in absorbance at the same wavelength. Subsequently, 
the average absorbance of the Tokaj selection wines was 
arranged in the order of P6 > P5 > P4 = P3 = P2 in the 
range of 370–600 nm and 200–235 nm for the undiluted 
and diluted samples, respectively (Fig. 1 a and d). The 
exact positions of the maximum for diluted P6, P5, P4, P3, 
and P2 samples were observed at 280, 278, 274, 272, and 
280 nm, respectively, with the absorbance decreasing from 
P6 to P2. A similar decrease was also seen for shoulder 
at 325 nm. The UV–Vis spectra of diluted varietal wines 
(Fig. 1e) were more similar to each other compared to 
those of Tokaj selection wines not only in the position 
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Fig. 1  The average UV–Vis absorption spectra of undiluted (a, b, c) 
and diluted (d, e, f) Tokaj wines (Tokaj selection wines, 2-putňový, 
P2; 3-putňový, P3; 4-putňový, P4; 5-putňový, P5; and 6-putňový, 

P6; varietal wines, Furmint, F; Lipovina, L; and Muškát žltý, M; and 
other wines, Víno kráľovnej Alžbety, Kr.Alz.; Tokajský fordítáš, TF; 
Samorodné sweet wine, SSd; and Samorodné dry wine, SSch)
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of maximum (280–282 nm) and shoulder (325 nm), but 
also in the absorbance values especially in the range of 
300–400 nm.

Diluted KrAlz, SSch, and SSd from the group of other 
wines showed similar absorbance as varietal wines, but 
absorption maxima appeared at lower wavelengths—272 nm 
(KrAlz), 269 nm (SSch), and 266 nm (SSd) (Fig. 1f). Diluted 
TF was best distinguished from all other types of wines due 
to the typical band with a maximum at 263 nm (Fig. 1f).

An overview of the UV–Vis spectra of diluted samples 
suggests a possible relationship between the amount of 
cibebas used in winemaking and the shape of the spectra. 
The largest amount of cibebas is used in the production of 
essence and P6, which corresponds to the greatest absorb-
ance and similarity in the spectra. Tokaj forditáš is made 
from grape/cibeba pomace remaining after the production 
of the Tokaj selection wines. Its absorbance was similar to 
that of essences and P6 wine, but the absorption band was 
shifted towards lower wavelengths. A decrease in the amount 
of cibebas leads to a decrease in absorbance from P6 to P2 
and then to SSd, which is produced in climatically unfavora-
ble years for the formation of cibebas. Samorodné dry, 
semi-dry, and varietal wines are made from grapes with-
out cibebas and are therefore characterized by low absorb-
ance. These observations are consistent with reports of the 
effect of Botrytis cinerea on the global phenolic compound 
content in grapes and the associated differences between 
botrytized and non-botrytized grape (cibeba)/wine, e.g., 

increasing the amount of catechin, epicatechin, epicatechin 
gallate (Carbajal-Ida et al. 2016), flavan-3-ols, furfuralde-
hyde (Figueiredo-Gonzalez et al. 2013; Furdíková et al. 
2020),p-coumaric acid dimer, vanillic acid, syringic acid 
(Zimdars et al. 2017), total phenols (Ballová et al. 2016; 
Magyar 2011; Pour Nikfardjam et al. 2003; Pour Nikfardjam 
et al. 2006), flavonoid glycosides, and flavanones (Magyar 
2011) with the level of botrytization. These components, 
together with others, can contribute to the observed absorp-
tion of UV–Vis light by Tokaj wines.

Classification According to Style

For the purposes of this part, wines have been divided into 
four styles: essences (E), Tokaj selection wines (P), varietal 
wines (V), and other wines (O).

PCA for undiluted samples resulted in four principal 
components describing 99.9% of total variability, with the 
PC1 accounting for 89.1% (PC2, 6.2%; PC3, 3.4%; PC4, 
1.2%). The loadings are shown in Fig. 1S (Supplementary 
Information). The PC1 vs. PC2 score plot (Fig. 2a) shows 
that the samples were partially separated by style based on 
PC1, with the Tokaj selection wines on the right and other 
wines on the left. Unfortunately, the essence group com-
pletely coincided with the Tokaj selection wine group not 
only in PC1 but also in PC2. Varietal and other wines have 
been partially distributed on the basis of PC2. Seven PCs 
describing 99.6% of total variability (PC1, 82.6%; PC2, 
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Fig. 2  Chemometric results for classification according to style on 
undiluted (a, b, c) and diluted (d, e, f) Tokaj wines (essences, E; 
Tokaj selection wines, P; varietal wines, V; and other wines, O). 

PCA, principal component analysis; PCA-LDA, principal component 
analysis-linear discriminant analysis; VS-GDA, variable selection-
general discriminant analysis
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6.1%; PC3, 4.3%; PC4, 2.7%; PC5, 1.9%; PC6, 1.2%; PC7, 
0.8%) were found for diluted wines. The loadings are shown 
in Fig. 1S (Supplementary Information). The PC1 vs. PC2 
score plot (Fig. 2d) looked very similar to that of undiluted 
samples (Fig. 2a). Again, the Tokaj selection wines were 
partially separated from the others on a PC1 basis, with the 
essences overlapping with the Tokaj selection wines in both 
the PC1 and PC2.

Although the separation of the diluted samples was bet-
ter than the undiluted samples, complete separation was not 
achieved. Therefore, in the next step, LDA was used, based 
on the first PCs, which resulted in three discriminatory func-
tions (Root). Scatter plot of canonical scores for Root1 vs. 
Root2 (Fig. 2b) shows a similar distribution of samples as in 
the PC score graph for undiluted samples. On the contrary, 
a better separation of Tokaj selection wines and varietal and 
other wines was observed for the diluted samples (Fig. 2e). 
Root1 mostly discriminated between Tokaj selection wines 
and the group of varietal and other wines, while Root2 dis-
criminated between varietal and other wines. Overall, the 
LDA allowed better discrimination compared to PCA: 79.2% 
based on 4 PCs for undiluted samples and 84.4% based on 
7 PCs for diluted samples (Table 2). SVM applied to PC 
scores generally yielded worse results compared to PCA-
LDA, with linear function providing the best results in SVM. 
The overall correct classification based on PCA-SVM was 
very similar to that achieved by applying SVM to the whole 
spectral range (Table 2).

In the next step, a feature selection algorithm was used 
to sort the variables according to the decreasing chi-square 
value for which values ranged from 90 to 63 (undiluted sam-
ples) and from 85 to 30 (diluted samples) were obtained. 
From these values, it was not possible to clearly identify the 
appropriate number of variables, so different numbers of 
variables were gradually used in both GDA and SVM, result-
ing in an overall correct classification as shown in Fig. 2S 
(Supplementary Information). For undiluted samples, 45 
variables with the largest chi-square value (> 70) resulted 
in 96.1% correct classification using GDA (Table 2). Two 

Tokaj selection wines were assigned to the wrong group, 
the varietal or other wine group. One varietal wine was 
misclassified as Tokaj selection. All essences and all other 
wines were correctly classified. Comparison of the score 
plots showed that, unlike the PCA-LDA, essences were 
well separated by Root1 and that Tokaj selection wines 
were separated by Root2 in VS-GDA (Fig. 2c). Using the 
same 45 variables in SVM resulted in a worse classifica-
tion compared to GDA with the best result (81.8%) using 
linear function in SVM (Table 2). Figure 2S (Supplementary 
Information) shows that the addition of other variables did 
not improve the classification in either GDA or SVM. For 
diluted samples, again 45 variables (chi-square > 67) were 
selected that resulted in 100 and 79.2% classification using 
GDA and linear SVM, respectively (Table 2). Other func-
tions in SVM gave worse results. Scatter plot for Root1 vs. 
Root2 visualized a good differentiation between four wine 
styles, where varietal wines were best differentiated accord-
ing to Root1 and other wines were best resolved according 
to Root2 (Fig. 2f). Diluted essences were much more similar 
to Tokaj selection wines than undiluted essences.

Comparing the results in the Table 2 shows that select-
ing variables before GDA was a better strategy than PCA 
combined with LDA. This was mainly seen for the diluted 
samples. In SVM, the result was less dependent on the strat-
egy used.

Most relevant wavelengths after variable selection 
(undiluted samples: 400 − 413, 418, 451, 453, 470, 475, 
479, 484, 503, 509, 511, 517, 520, 525, 552, 562 − 566, 
568 − 573, 584, 586, 588, 589, 591, and 592 nm; diluted 
samples: 287, 292, 294, 295, and 365 − 405 nm) and average 
spectra are shown in Fig. 3S (Supplementary Information). 
The Vis spectral regions can be related to browning 
pigments in grape and wines resulted from enzymatic 
and non-enzymatic reactions taking place during grape 
dehydration and ageing of wines (Figueiredo-Gonzalez et al. 
2013; Ferreiro-González et al. 2019). Enzymatic browning 
occurs in grape must; it is largely correlated with the content 
of caftaric and coutaric acids, promoted by flavanols. 

Table 2  Chemometric results 
for classification according to 
style

Number of 
variables or 
PC

LDA (GDA) SVM SVM SVM SVM
Linear Polynomial RBF Sigmoid

Undiluted samples
Whole range 400 − 600 nm 201 80.5 63.6 76.6 76.6
PCA 4 79.2 79.2 63.6 67.5 63.6
Variable selection 45 (96.1) 81.8 63.6 76.6 75.3
Diluted samples
Whole range 230 − 479 nm 250 85.7 63.6 75.3 75.3
PCA 7 84.4 80.6 63.6 75.3 68.8
Variable selection 45 (100) 79.2 63.6 76.6 76.6
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Non-enzymatic browning can arise in both grape must 
and wine through several pathways, including oxidation 
and polymerization related to caffeic, caftaric, and gallic 
acids, catechin, epicatechin, and carbohydrates (Figueiredo-
Gonzalez et al. 2013). Volatile organic compounds (VOCs), 
phenylmethanol, 2-phenylethanol, 2-metoxyphenol, furfural, 
5-methylfurfural, and guaiacol, have been reported by 
Furdikova et al. (2020) to be responsible for the greatest 
differences between Tokaj selection, Tokajské samorodné 
dry, and Tokaj varietal wines. The VOCs together with 
phenolic compounds contribute to absorption in the UV 
region. Pour Nikfardjam et al. (2003) compared Hungarian 
Tokaj wines, Eszencia, Tokaji Aszú, Samorodni, Forditás, 
and varietal wines, observing differences in the content 
of total phenols, gallic, caftaric, coutaric, and p-coumaric 
acids, catechin, and epicatechin. The highest contents were 
as follows: coutaric acid, p-coumaric acid, and total phenols 
in Eszencia, gallic acid in Samorodni wine, catechin and 
epicatechin in Forditás, and caftaric acid in varietal wines.

Classification of Tokaj Selection According to Grade

In this part, Tokaj selection wines were classified according 
to the amount of cibebas used in their production. Applying 
PCA to UV spectra of Tokaj selection wines, four PCs (PC1, 
96.9%; PC2, 2.4%; PC3, 0.5%; PC4, 0.1%; total, 99.9%) and 
seven PCs (PC1, 80.4%; PC2, 7.8%; PC3, 5.3%; PC4, 3.2%; 
PC5, 2.1%; PC6, 0.7%; PC7, 0.2%; total, 99.7%) were found 

for undiluted and diluted wines, respectively. The loadings 
are given in Fig. 1S (Supplementary Information). The PCs 
scores were subsequently used in LDA and SVM. The PC1 
vs. PC2 score plots (Fig. 3 a and d) show that the separa-
tion was not clear, some overlap was observed between the 
groups, e.g., P6 with P5, and a large dispersion of score was 
observed mainly for P5 and P6 group. As can be seen from 
the Table 3 and Fig. 3 b and e, PCA-LDA failed to discrimi-
nate wines by grade as the classification rate was below 50% 
for both undiluted and diluted samples. A smaller dispersion 
of score in the groups was observed for undiluted samples, 
e.g., the group of undiluted P2 samples is relatively homo-
geneous compared to the diluted ones; however, P5 and P6 
samples were still too dispersed to avoid overlap. In addi-
tion, the classification rate below 50% was also obtained by 
applying SVM to either PCs or UV spectra over the whole 
spectral ranges (Table 3).

In the next step, the most important variables were 
selected in a similar way as it was done for different wine 
styles; the variables were arranged according to the decreas-
ing chi-square value, and then GDA/SVM models were 
calculated with different numbers of variables, resulting in 
a total correct classification shown in Fig. 2S. Chi-square 
value range was from 79 to 51 for undiluted samples, and 
it was from 71 to 25 for diluted samples. Thirty-one vari-
ables with chi-square value > 70 were selected for undiluted 
samples, and 31 variables with chi-square value > 56 were 
selected for diluted samples. Most significant wavelengths 
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Fig. 3  Chemometric results for classification of Tokaj selection 
according to grade on undiluted (a, b, c) and diluted (d, e, f) Tokaj 
wines (2-putňový, P2; 3-putňový, P3; 4-putňový, P4; 5-putňový, P5; 

and 6-putňový, P6 wines). PCA, principal component analysis; PCA-
LDA, principal component analysis-linear discriminant analysis; VS-
GDA, variable selection-general discriminant analysis
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were 415, 416, 421 − 423, 425 − 430, 433 − 440, 452, 465, 
466, 467, 468, 469, 508, 519, 522 − 524, and 526 nm for 
undiluted samples, and these were 243, 245, 246, 352 − 363, 
367, 368, 379, 381 − 385, 450 − 454, 456, and 457 nm for 
diluted samples (Fig. 3S). SVM models calculated using 31 
variables with the highest value of the chi-square achieved 
nearly equally poor quality of classification (< 50%) as those 
for full spectral ranges (Table 3, Fig. 2S).

Although the variable selection algorithm did not improve 
the classification using SVM, it was very useful in combina-
tion with GDA. For undiluted samples, 31 variables allowed 
97.9% of samples to be classified correctly (Table 3), with 
P2, P3, P5, and P6 samples all classified correctly and only 
one sample of P5 classified as P3. A better classification 
compared to PCA and PCA-LDA was also clearly visible 
in the score plot for VS-GDA where all P6 samples had 
positive score for Root1, P5 samples had small and mostly 
negative score for Root1 and Root2, large negative Root1 
and Root2 were observed for P2 samples, while P3 and P4 
samples were most similar in Root1 and Root2 (Fig. 3c).

The best classification (100%) of Tokaj selection wines 
according to grade was achieved for diluted samples by 
using 31 variables in GDA. Figure 3 f shows Root1 vs. Root2 
score plot in which the P6 samples were observed on the 
right and the P5 samples were located on the top, however, 
partially overlapped with P4 samples. In addition, similarity 
was observed between P2 and P3 samples. Although a clear 
discrimination between the five groups was not observed, 
the grouping of wine samples according to grade was better 
compared to PCA and PCA-LDA scatter plots.

The significant region for the classification of undiluted 
samples is the visible one, particularly the wavelengths at 
about 420, 450, and 520 nm, which are related to browning 
index, xanthylium pigments, and polymeric pigment color, 
respectively. B. cinerea produces the enzyme laccase, which 
oxidizes a large group of phenolic compounds to quinones, 
followed by polymerization of the quinones to form brown 
components. Therefore, the optimally botrytized grape ber-
ries (cibebas) are brown (Figueiredo-Gonzalez et al. 2013). 

Tokaj selection wine shall mature at least 2 years in wooden 
cask, and the ageing process also affects the absorption in 
the VIS range of 380–450 nm (Ferreiro-González et al. 
2019). The characteristic absorption band of xanthylium 
derivatives occurs in the range 440–460 nm, part of which 
is also relevant for the classification of diluted samples. 
Xanthylium derivatives are formed by the reaction of fla-
vanols with furfural and 5-hydroxymethyl, which are deg-
radation products of sugars (Bührle et al. 2017). Note that 
Tokaj selection wines differ in residual natural sugar content, 
which decreases from P6 to P2, from 150 to 60 g/L. Finally, 
significant features at lower wavelengths (352–385 nm) can 
be related to the flavonol group, which exhibits an absorp-
tion band at 360 nm. Flavonols as myricetin, quercetin, 
kaempherol, kaempherol-O-gallate, and quercetin-O-gal-
late have been identified in Hungarian Tokaj aszu wines 
(Kovács et al. 2004), and myricetin, quercetin-3 glucoside, 
and kaempferol-3 glucoside have been found in botrytized 
Chenin blanc grapes (Carbajal-Ida et al. 2016).

Classification According to Variety

In this part, the models for the classification of three varieties 
of wines (Furmint (F), Lipovina (L), and Muškát žltý (M)) 
were developed. Score plots of the first two PCs from PCA 
calculated for the undiluted and diluted samples (Fig. 4a and 
d) show that the L, M, and F samples were scattered in two, 
three, and four quadrants, respectively, making it impossi-
ble to classify wine varieties based on PC1 and PC2 only. 
Therefore, the scores of the first five PCs describing 99.9% 
(PC1, 94.1%; PC2, 3.4%; PC3, 1.6%; PC4, 0.6%; PC5, 0.2%) 
and 99.7% (PC1, 90.5%; PC2, 6.6%; PC3, 1.9%; PC4, 0.4%; 
PC5, 0.2%) of total variability were used for the undiluted 
and diluted samples, respectively, as input data to LDA and 
SVM in the next step. The PC loadings are shown in Fig. 1S 
(Supplementary Information). Using PCA-LDA, undiluted 
F showing a negative score in Root1 were separated from 
the other two varieties having a positive Root1 score. Root2 
discriminated mainly between M and L, as M and L showed 

Table 3  Chemometric results 
for classification of Tokaj 
selection according to grade

Number of 
variables or 
PC

LDA (GDA) SVM SVM SVM SVM
Linear Polynomial RBF Sigmoid

Undiluted samples
Whole range 400 − 600 nm 201 48.9 28.5 42.8 40.8
PCA 4 46.9 46.9 30.6 44.9 32.6
Variable selection 31 (97.9) 44.9 30.6 42.9 44.9
Diluted samples
Whole range 230 − 479 nm 250 49.0 28.6 28.6 28.6
PCA 7 48.9 28.6 28.6 28.6 28.6
Variable selection 31 (100) 51.0 28.6 28.6 28.6
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positive and negative scores, respectively, but for F, both 
positive and negative scores were observed (Fig. 4b). Total 
correct classification was 92.8% (Table 4), with all sam-
ples classified correctly except for one L sample, which was 
classified as M wine. The same percentage of total correct 
classification (92.8%) was achieved by applying PCA-LDA 
to the diluted samples, and similar pattern observed for undi-
luted samples was repeated with rotation around the Root2 
axis for diluted ones in Fig. 4e. However, in this case, one 
sample of variety M was incorrectly classified as belonging 
to variety F. This is clearly seen in the Root 1 vs. Root2 score 

plot, where one M sample is located in the same quadrant as 
most of the F samples (Fig. 4e). While only one sample was 
incorrectly classified using PCA-LDA, two samples were 
incorrectly assigned by applying a linear SVM to the PC 
scores. One sample L and one sample M were both assigned 
to group F, resulting in 85.7% total correct classification 
for both undiluted and diluted wines. The same two sam-
ples together with one more M sample were classified into 
group F by applying either a RBF SVM to the PC scores or 
a linear SVM over the whole spectral ranges, resulting in 
78.5% total correct classification. The same result was also 
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Fig. 4  Chemometric results for classification according to variety on 
undiluted (a, b, c) and diluted (d, e, f) Tokaj wines (Furmint, F; Lip-
ovina, L; and Muškát žltý, M). PCA, principal component analysis; 

PCA-LDA, principal component analysis-linear discriminant analy-
sis; VS-GDA, variable selection-general discriminant analysis

Table 4  Chemometric results 
for classification according to 
variety

Number of 
variables or 
PC

LDA (GDA) SVM SVM SVM SVM
Linear Polynomial RBF Sigmoid

Undiluted samples
Whole range 380 − 580 nm 201 78.5 42.9 64.2 57.1
PCA 5 92.8 85.7 50.0 78.5 64.3
Variable selection 11 (100) 57.1 42.9 57.1 57.1
Variable selection 20 71.4 42.9 57.1 57.1
Variable selection 122 78.5 42.9 57.1 57.1
Diluted samples
Whole range 230 − 360 nm 131 78.5 42.9 57.1 57.1
PCA 5 92.8 85.7 42.9 78.5 78.5
Variable selection 10 (100) 50.0 42.9 42.9 42.9
Variable selection 20 57.1 42.9 42.9 42.9
Variable selection 52 78.5 42.9 57.1 57.1
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obtained for the diluted samples evaluated by PCA-sigmoid 
SVM (Table 4).

After calculating the relative importance of the variables, 
the generated variable subsets were used to build the GDA 
and SVM models, yielding the total correct classifications 
shown in Fig. 2S. Chi-square value ranges were 8 − 16 and 
8 − 20 for undiluted and diluted samples, respectively. Using 
GDA on undiluted samples, a subset of variables was gener-
ated containing those 11 variables (398, 400, 403, 407, 412, 
415, 422, 430, 443, 448, and 464 nm, Fig. 3S) that achieved 
the chi-square value > 13 and resulted in 100% total correct 
classification (Table 4). From the scatterplot for the two dis-
criminant functions, it was clear that the first discriminant 
function Root1 mostly discriminated between F variety and 
the two others. In addition, Root2 separated well M variety 
from the two others (Fig. 4c). Using the same 11 variables 
in SVM resulted in a worse classification compared to GDA, 
with a total correct classification of 57.1% provided by lin-
ear, RBF, and sigmoid kernels in SVM (Table 4). Figure 2S 
shows that the addition of other variables did not signifi-
cantly improve the classification except for the linear kernel, 
for which a higher classification, 78.5%, was achieved using 
122 variables. However, considering all variables (whole 
spectral range), 78.5% classification was again obtained with 
the same incorrectly classified samples (one L and two M 
as F).

For the GDA of diluted samples, 10 wavelengths (320, 
322, 325 − 327, 333, and 338 − 341 nm, Fig. 3S3S) char-
acterized by the chi-square value > 19.6 provided total cor-
rect classification of 100% (Table 4). Three well-defined 
clusters were formed in Fig. 4f in which Root1 and Root2 
separated F variety and M variety, respectively, similarly to 
undiluted samples. Another similarity was observed when 
linear SVM was applied, in which 10, 52, and 131 (whole 
range) variables allowed 50.0, 78.5, and 78.5% of samples 
to classify correctly (Fig. 2S, Table 4). Using 52 and 131 
variables, one L and two M samples were again assigned to 
group F. Nevertheless, the best classification was obtained 
using 10 variables in the range 320–341 nm, which prob-
ably corresponds to hydroxycinnamic acids. Indeed, Pour 
Nikfardjam et al. (2003) found that Tokaj varietal wines 
differ in the content of caftaric, coutaric, and p-coumaric 
acids that are characteristic of this group of compounds. 
According to other authors, the wavelength regions around 
270 and 320 nm were most significant for white wines made 
from Vilana and Dafni varieties (Philippidis et al. 2017), but 
wavelengths between 464–490 nm and 670–686 nm were 
best for Chardonnay, Muscat, and Emir white wines (Sen 
and Tokatli 2016).

In this part, mono varietal wines F, L, and M were clas-
sified. Tokaj selections and other wines are not produced 
as mono varietal wines. It can be seen from Fig. 1 that the 
UV–Vis spectra of varietal wines differ very little compared 

to the variability in the spectra of both Tokaj selections and 
other wines. This means that production technology has a 
greater impact than the type of variety. The study of the 
influence of the vintage year and the aging period in barrels 
is in progress.

Conclusions

UV–Vis spectrometry combined with chemometry was 
found to be a useful analytical tool capable of classifying 
Tokaj wines according to style into essences, Tokaj selec-
tions, varietal wines, and other wines, as well as accord-
ing to the amount of added cibebas into 6-, 5-, 4-, 3-, and 
2-putňový, and finally by variety to Furmint, Lipovina, and 
Muškát žltý. The results demonstrated that the discriminant 
models developed using selected variables have better pre-
diction ability compared to the models based on the principal 
components. After selecting the appropriate variables, 100% 
total correct classification of diluted samples was achieved 
in all three tasks examined. UV–Vis spectrometry due to its 
low cost and simplicity can be useful as a screening method 
for searching for suspicious samples before a more detailed 
analysis by any of the more sophisticated techniques.
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