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Classification of wine varieties using multivariate analysis of data
obtained by gas chromatography with microcolumn extraction

DASA KRUZLICOVA - JAN MOCAK - JAN HRIVNAK

Summary

Seventy-two wine samples of six varieties originating from the Small Carpathian region, Slovakia and produced in
Western Slovakia in 2003 were quantitatively analysed by gas chromatography (GC) using headspace solid-phase micro-
column extraction. Wine aroma compounds were extracted from the headspace into a microcolumn; the microcolumn
was then transferred into a modified GC injection port for thermal desorption and the released compounds were
analysed. This combination was simple, rapid and suitable for characterization of wine aroma compounds without the
use of a complicated sample preparation procedure. Areas of chromatographic peaks of the same retention time corre-
sponding to the selected 65 volatile aroma compounds were used for grouping of varietal wines. Wines were character-
ized by a set of identified compounds with corresponding relative abundances. The relative standard deviation of 5 peak
area measurements varied between 1.0% and 8.4%, the median of all observed relative standard deviation values was
2.4%. Using a new chemometrical approach, a complete chromatographic peak assignment was not necessary and only
the peak pattern was utilized. The best classification performance exhibited linear discriminant analysis, the K-th near-
est neighbour method and logistic regression, by which more than 95% correct classifications were obtained. Principal
component analysis, cluster analysis and artificial neural networks provided complementary information.
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Gas chromatographic (GC) analysis of volatile
compounds present in wine is a very important tool
for wine classification, quality control or for under-
standing sensory properties of wine. A complete
analysis of wine aroma is, however, complex and
expensive, due to the great number of compounds
present (alcohols, esters, organic acids, aldehydes,
ketones and monoterpenes), which have different
polarities, volatilities and are found in a wide con-
centration range. Therefore, sample preparation,
in particular extraction and pre-concentration of
aroma compounds, remains a critical step in the
analysis of aroma volatiles.

Sample preparation methods are based on
liquid-gas extraction, such as purge and trap
(P&T), liquid-liquid extraction (LLE), solid-phase
extraction (SPE), solid phase microextraction
(SPME) or stir bar sorptive extraction (SBSE).
At present, the systems based on liquid-gas-solid
equilibrium are widely utilized [1-8].

In the recent time, several papers utilizing
various chemometrical tools were published [9-12].
Chemometrical data processing was implemented
also in the present work, which is based on a sim-
ple and inexpensive method for pre-concentration
of the wine aroma compounds using headspace
solid-phase microcolumn extraction (SPMCE) fol-
lowed by desorption in the GC injection port [13].
The used variant of SPME was succesfuly applied
to different analytes in four papers [14-17] where
further details are described.

MATERIALS AND METHODS

Instrumentation

Analyses were carried out on a GC 8000 Top
Series, CE Instruments (Rodano-Milan, Italy)
equipped with a modified split-splitless inlet and
flame ionization detector. The inlet was modified
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so that it was possible to insert a glass microcol-
umn. The microcolumn (1 mm i.d.) was packed
with 5.0 mg of 60-80 mesh Tenax TA (Alltech,
Deerfield, Illinois, USA). The outlet of the mi-
crocolumn afforded a tight connection with the
capillary column. The fused silica capillary col-
umn Omegawax 250, 30 m x 0.25 mm x 0.25 um
film thickness (Supelco, Bellefonte, Pennsylvania,
USA) was used. The GC inlet and the detector
temperatures were 250 °C and the initial column
temperature was maintained at 25 °C. Thermal de-
sorption was performed at a pressure of 10 kPa for
5 min, then the pressure was increased to 50 kPa
and the column temperature was programmed at
a rate of 4 °C.min"! up to 210 °C and maintained at
210 °C for 10 min. Helium was used as the carrier
gas.

Analytical procedure

A volume of 500 ml of the wine sample was
transferred into a 1000 ml volumetric flask and the
flask was vigorously shaken for 5 min at ambient
temperature. Immediately after shaking, an ap-
propriate volume of headspace was taken through
the microcolumn using a glass syringe with a glass
plunger lauer (Poulten and Graf, Wertheim, Ger-
many). The distance between the microcolumn
and the surface of the liquid was about 1 cm. The
loaded microcolumn, with the volatile compounds
sorbed, was transferred into the GC inlet at 10 kPa
carrier gas pressure and the compounds desorbed
were analysed as described earlier. Analysis of
each wine sample was repeated twice. A computer
program Class-VP 7.2, SP1 (Shimadzu, Columbia,
Maryland, USA) was used for data acquisition.

Chemometrical processing

Seventy-two wine samples from the Small
Carpathian region, Slovakia produced in 2003 by
known producers in Western Slovakia were quanti-
tatively analysed by gas chromatography. Six wine
varieties, namely Frankovka Blue (11 samples,
code FM), Chardonnay (12 samples, code Ch),
Miiller Thurgau (16 samples, code MT), Welsch
Riesling (9 samples, code RV), Sauvignon (7 sam-
ples, code Sv) and Griiner Veltliner (17 samples,
code VZ) were studied. The sample number-
ing was made in the mentioned order so that the
samples No. 1-11 denote FM, No. 12-23 denote
Ch, No. 24-39 denote MT, No. 40-48 denote RV,
No. 49-55 denote Sv, and No. 56-72 denote VZ.
For instance, the third Chardonnay sample is
No. 14. The same chromatographic peaks of 65
aroma compounds, characterized by the same re-
tention time under identical separation conditions,
were evaluated for all wine samples.

Quantitative analysis was made according to
the integrated peak area determined for all 65 se-
lected values of retention time in the time range
3.2-42.0 min. It is important to note that the re-
tention time order for the selected compounds
was the same in all samples and the way of chro-
matographic signal evaluation was identical. The
obtained final data matrix contained 72 rows and
65 columns (4680 data altogether).

Even though assignment of some chromato-
graphic peaks was made, it should be stressed that
identification of the compounds corresponding to
the peaks was not needed for chemometric analy-
sis of the final data matrix, which made the experi-
mental work as well as its assessment more simple.
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Fig. 1. Chromatogram of wine aroma compounds.
Red wine Frankovka Blue. 4.0 ml headspace on 5.0 mg Tenax TA. Selected 65 peaks, observed at the same retention time for
all wine samples and indicated in the picture, were used for chemometrical processing.
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It is worth mentioning that the peak selection was
made in the way to respect at maximum the purity
of the peaks even though some eventual co-elution
might happen; the results described in further text
testify legitimacy of the used approach.

Primary data processing included data transfor-
mation, descriptive and robust statistical treatment
as well as correlation analysis, performed mainly
by MS Excel (Microsoft Corporation, Redmond,
Washington, USA). Multivariate data analysis,
namely analysis of principal components (PCA),
cluster analysis (CA), linear and quadratic discri-
minant analysis (LDA/QDA), K-th nearest neigh-
bour method (KNN), logistic regression (LR) and
artificial neural networks (ANN), were carried out
using commercial software packages SPSS ver. 15
(SPSS, Chicago, Illinois, USA), SAS ver. 9.1.3 and
SAS JMP ver. 6.0.2 (SAS Institute, Cary, North
Carolina, USA), and Statgraphics Plus, ver. 5.1.
(StatPoint, Herndon, Virginia, USA).

RESULTS AND DISCUSSION

Chromatographic analysis of wine samples

Fig. 1 shows a typical chromatogram of wine
aroma compounds (red wine Frankovka Blue
of Slovak origin) with 4.0 ml of headspace used.
Sixty-five chromatographic peaks observed at the
same retention time for all wine samples were uti-
lized for chemometrical processing. Nineteen of
these peaks were identified by mass spectra using
Shimadzu GC-MS QP 2010 and using the software
library provided with the instrument. Some of the
peaks were also identified by analysing mixtures of
pure compounds. Even though the assignment of
nineteen peaks was completed, it was not needed
for chemometrical data processing, in which only
the constant peak order was important for recog-
nizing the chromatographic pattern of individual
varietal wine samples.

Repeatability of the area measurement of the
mentioned nineteen peaks for Miiller Thurgau
wine samples, expressed by the corresponding
relative standard deviation (RSD), are shown in
Tab. 1. The RSD values of five repetitive measure-
ments of the peak area varied between 1.0% and
8.4%, the median of all observed RSD values was
2.4%.

Wine characterization
by principal component analysis

Natural grouping of varietal wines in the space
of the most important principal components (PC)
can be illustrated by PCA. Data of all selected
65 peak areas as well as the areas of the optimized

Tab. 1. Repeatability of the measured peak area
using SPMCE-GC technique for Miller Thurgau wine
samples expressed as the relative standard deviation
(RSD).

Peak | Identified compound Mean RSD [%]
1 acetaldehyde 69 7.03
2 acetone 330 3.31
3 methylacetate 1104 5.04
5 ethylacetate 172 526 1.48
10 |i-buthylacetate 826 1.62
11 | 2-butanol 2473 1.39
12 | propanol 7 011 1.25
14 | buthylacetate 215 3.03
17 | i-butanol 39473 2.02

20 |i-amylacetate 11 953 2.41
21 butanol 504 1.04
22 | amylacetate 2303 2.40
26 | i-pentanol 219 472 2.01
27 | ethylhexanoate 8616 1.77
39 | hexanol 1985 4.35
43 | ethyloctanoate 16 847 3.56
50 | linalool 744 3.14
54 | ethyldecanoate 3226 6.74
65 | 2-phenylethanol 201 8.42

Mean values represent five times repeated measurements of
the peak area of 19 identified chromatographic peaks. Only
three figures are significant with regard to the measurement
error.

30 best peaks were used for this purpose. The
choice of the best peaks was made by the stepwise
selection method applicable under discriminant
analysis and, in this way, two series of the PCA
results were obtained. Thus, alarge number of
original chromatographic peaks could be reduced
to a small number of PC, which, in contrast to the
original variables, were independent and uncorre-
lated.

Total information contents of the given number
of PC is expressed by cumulative percent (cum. %)
value of the total variance. For instance, when us-
ing all 65 variables, the first two PC represented
39.9 cum. %, whereas five and eight PC represent-
ed 61 and 72 cum. %, respectively. The eigenval-
ues of the first 13 PC (82.1 cum. %) were larger
than 1, which indicated their significance.

Fig. 2 shows the most important PCA graph,
PC2 vs. PC1, where the natural grouping of the
studied 72 wine samples is demonstrated. Wine
varieties Frankovka Blue and Sauvignon are sepa-
rated from other varieties and are characterized
by large PC1 values. Chardonnay sample No. 14,
localized at large PC1 value (approximately +1.6),
is an outlier. Some Miiller Thurgau samples had
different PC2 values compared to other samples
of this variety. Compared to other varieties, large
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Fig. 2. Principal component analysis of 72 varietal
wines of the Small Carpathian origin, scatterplot of PC2
vs. PC1 dependence. Chardonnay sample No. 14,
localized at large PC1 value (approximately +1.6), is
an outlier. All 65 original variables were used.

PC3 values were characteristic for the Chardonnay
samples whilst for the Miiller Thurgau samples,
relatively low PC3 values were typical. Two wine
varieties could be separated by the PC4 values,
since Sauvignon wines were localized at lower and
Frankovka Blue wines at higher PC4 values.

Fig. 3 shows a PCA biplot where the objects,
varietal wines as well as the variables, chromato-
graphic peak areas (ordered in the increasing re-
tention time), are simultaneously depicted. It is
apparent that the Chardonnay samples (2) and
the Sauvignon samples (5) were characterized
by large values of the variables v39 (area of peak
39), v16, v57, v5, v26, v56, v12, v41, v47, and v42,
oriented towards positive PC1 values. In contrast,
large values of the variables v44, v62, v18, and v9
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Fig. 3. The PCA biplot for 72 wine samples of six
varieties of the Small Carpathian origin and the
selected 30 best variables, selected using a stepwise
method applicable in LDA, denoted by the variable
symbol v and the corresponding number.

were typical for other varieties, localized at nega-
tive PC1 values. With regard to PC2, the variables
v40, v65, v14, v2, v49 and v41 as well as the Welsch
Riesling and Miiller Thurgau varietal wines were
at more positive values whilst more negative PC2
values were typical for the variables v27, v30, v1
and v51 as well as Frankovka Blue (1) and Griiner
Veltliner (6) varietal wines. These observations ex-
press the most important correlation of the indi-
vidual peaks and the wine varieties. Due to a better
recognition, the best 30 peaks were used instead of
the complete 65-peak set.

Qualitative wine classification by cluster analysis
Natural grouping of varietal wine samples (the
objects, in general) or the chromatographic peak
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Fig. 4. Cluster analysis of 72 varietal wine samples by Ward clustering technique

using squared Euclidean distances.
Samples are denoted by the variety symbol and the corresponding number.
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areas (generally the utilized variables) may be vis-
ualized also by cluster analysis. Fig. 4 shows a den-
drogram using the squared Euclidean distance and
Ward clustering technique. Wine samples form the
clusters following more or less the separation by
wine varieties. Almost unambiguously separated
are the red wine samples (Frankovka Blue) and
the Sauvignon samples. Remaining four varieties
are rather mixed up. Anyway, it should be stressed
that neither cluster analysis nor the principal com-
ponent analysis are used as the tools for the object
or variables discrimination. Discrimination among
the object categories is the aim of classification
techniques discussed in further text.

Quantitative wine classification
by linear discriminant analysis

The goal of the group of the discriminant
analysis techniques, mainly the linear discriminant
analysis (LDA) and quadratic discriminant analy-
sis (QDA), is to achieve maximal discrimination
among the object categories. Their first task is to
create a discriminant model, which is formed by
an appropriate combination of original variables.
Then an object, e.g. a wine sample, is categorized
either to the original category or, if needed, it is
relocated into another, more appropriate category.
The classification performance of the discriminant
analysis is evaluated by comparing the number of
correctly categorized objects to the number of all
objects, usually in percents.
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Fig. 5. Discriminant analysis of 72 Small Carpathian
wine samples of 6 varieties in the plane DF2 vs. DF1.
All 65 variables were employed, which were chromato-
graphic peak areas at the selected retention time. DF1
separates clearly the Frankovka Blue samples with high
positive values, and Chardonnay with positive values, from
remaining samples with negative values. DF2 distinctively
separates the Chardonnay samples with high positive values
from other wines.

The most important feature of discriminant
analysis is its prediction capability, by which it is
possible to classify the objects, not used in the cal-
culation of the discriminant model. It can be used
for predicting the categorization of unknown ob-
jects and also for validation of the discrimination
model by comparing the predicted object categori-
zation with that which is known but unused in the
modelling step. The categorization performance
in the validation step is usually lower than in mod-
elling. If the number of objects is not sufficiently
high for validation, then the leave-one-out method
is mostly recommended and applied according to
the chemometrical literature. The method uses all
objects but one in the modelling step and the re-
maining object is used for validation. In a stepwise
mode, each object is once omitted in modelling
and used for validation so that the modelling as
well as prediction is evaluated as many times as the
number of objects used. Similarly, two objects can
be alternately omitted in modelling instead of one
in a leave-two-out method or even three objects
can be left out in aleave-three-out method, us-
ing the same calculation procedure. Since in these
cases, the number of calculations increases consid-
erably, not all combinations but just a reasonable
number is used.

Fig. 5 illustrates very well separated narrow
clusters of the studied six varietal wines in the
plane of the first discriminant functions, DF2 vs.
DF1. Performance of the LDA classification of
72 wine samples into 6 categories by variety was
100% since all samples were categorized into the
supposed classes. The use of further discriminant
functions, DF3 and DF4, contributed to additional
separation of the wine categories and testified that
the wine samples were excellently separated by
variety in the four-dimensional hyperspace of the
discriminant functions. Utilization of DF5 was not
needed since it represented only a very small frac-
tion of the total information (0.2%).

Optimal selection of the best variables

Selection of the best variables in discriminant
analysis is based on the F-test and can be per-
formed by three different ways: (1) backward se-
lection, (2) forward selection, and (3) stepwise
selection, which is a combination of the previous
two ways. Using the third way, 30 variables were
chosen, which facilitated the best discrimination
among the six considered wine varieties. The clas-
sification performance for the samples used in the
discriminant model as well as for the leave-one-out
validation is illustrated in Fig. 6.

Important LDA characteristics of 72 wine
samples of 6 varieties using 30 optimally selected
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Fig. 6. Optimization of the number of variables
with regard to the classification performance when
creating the discriminant model (triangles) and using
leave-one-out crossvalidation (diamonds).

Thirty best variables are selected as a compromise consid-
ering the results of leave-one-out validation, the number of
variables and the results of modelling.

variables are summarized in Tab. 2. The p-value,
indicating the significance of the discriminant func-
tion, was rounded to 3 decimal places; due to very
low values (less than 0.0005) they were rounded to
zero, which indicates a very high significance.

Considering the categorization by variety and
selection of 30 best peaks, the classification per-
formance was evaluated using software packages
JMP 6.0.2, SAS 9.1.3 and SPSS 15.0. The results
obtained for the classification of the samples used
in the discriminant model calculation as well as
for the model validation were very similar but not
identical. In the model validation, either leave-
one-out validation or leave-three-out validation
were used. Thus, instead of 72 wine samples, the
discriminant model was calculated from 71 or
69 samples, respectively.

When the discriminant model in LDA was
calculated by variety, the classification per-
formance using all three mentioned software
packages was 100%. In the leave-one-out vali-

dation with JMP 6.0.2 and SPSS 15.0, four sam-
ples were incorrectly classified, which made
4/(3 x 24) x 100% = 5.6% and 68 objects
(wine samples) were classified correctly, which
represented  (72-4)/(3 x 24) x 100% = 94.4%.
Incorrect classification was observed three times
when the Miiller Thurgau samples were catego-
rized as Welsch Riesling and once when the Welsch
Riesling sample was classified as Griiner Veltliner.
When using SAS 9.1.3, only three wine samples
were misclassified, two times Miiller Thurgau as
Welsch Riesling and once Welsch Riesling as Griin-
er Veltliner. So, 69 samples were correctly classifed,
which made (72-3)/(3 x 24) x 100% = 95.8%.
The mentioned results are summarized together
with the results of other multidimensional tech-
niques in Tab. 3. When all 65 chromatographic
peaks were used (all variables), a very good clas-
sification performance was observed in leave-
one-out validation by KNN and QDA (100% and
88.9%, respectively) and by ANN in leave-three-
out validation (93.1%). On the other hand, other
classification results were much worse compared
to those with the optimally selected 30 variables.

Application of further classification multivariate
techniques

QDA, LR and KNN were also used in this
work. Unlike in LDA, an independent covariance
matrix is utilized in QDA for each category of ob-
jects (e.g. varietal wines). Variety was used as the
target categorical variable.

LR is nowadays also considered as a variant of
discriminant analysis [18], in which logit is used
as the dependent variable. It is expressed by the
logarithm of the probabilities ratio where the nu-
merator corresponds to the selected category and
the denominator to the complementary category.
Since six wine varieties were used as the catego-
ries, multinomial variant of logistic regression was
utilized with Miiller Thurgau variety as the refer-
ential category.

Tab. 2. LDA characteristics of 72 Small Carpathian wines of 6 varieties using 30 best variables.

DF A % Variance Cumul. % Wilks A %2 df p

1 249.4 63.6 63.6 0.000 919.145 150 0.000
2 99.1 253 88.8 0.000 626.418 116 0.000
3 30.7 7.8 96.6 0.001 382.267 84 0.000
4 10.4 2.7 99.3 0.023 199.111 54 0.000
5 2.7 0.7 100.0 0.267 69.952 26 0.000

DF - discriminant function, A - eigenvalue, df - the number of degrees of freedom, p - probability of rejecting the hypothesis
claiming insignificance of the DF (rounded to three decimal figures). Cumul. % is obtained by stepwise addition of percents
corresponding to the given DF to the previous cumulative % value. Wilks % and y2 are statistical quantities characterizing the
importance of the calculated new variables; the most important ones have a low Wilks A value and a high y2 value.
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Tab. 3. Results of classification using various multivariate methods
and 30 optimally selected chromatographic peaks, classification by six varieties.

Leave-one-out validation Leave-three-out validation
Method Classification performance
SPSS SAS JMP SPSS SAS JMP
Correct/total - - - - - 68/72
ANN -

% of correct classifications - - - - - 94.4

KNN Correct/total - 72|72 - - 67/72 -

% of correct classifications - 100.0 - - 93.1 -
LDA Correct/total 69/72 69/72 - 68/72 69/72 68/72
% of correct classifications 95.8 95.8 - 94.4 95.8 94.4

QDA Correct/total - 66/72 - 66/72 65/72 -

% of correct classifications - 91.7 - 91.7 90.3 -

LR Correct/total - - - 69/72 - -

% of correct classifications - - - 95.8 - -

A 100% classification performance was achieved for the samples included in the model computation irrespective of the used

technique.

KNN is aclassical pattern recognition tech-
nique, which is regarded to be a robust variant of
discriminant analysis [18] since it is independent
from any assumption about the error distribution.
In this case, 3, 5 or 7 nearest neighbours were used
with similar results concerning classification’s effi-
ciency.

ANN, a mimic of the human neuron system, is
a branched structure used as the modelling tool
possessing an ability to store knowledge obtained
in the learning (training) process and make use of
them in calculations. Classification results were
obtained by using a three-layer perceptron ANN
variant with 65 or 30 input neurons, 3 hidden neu-
rons and one six-level output neuron.

The classification models calculated by all the
mentioned techniques and using different soft-
ware are summarized in Tab. 3. All wine samples
(100%) were correctly classified into six classes
by variety in the multidimensional model calcu-
lation regardless of using all variables or only 30
selected best ones for the classification. However,
the leave-one-out validation was less successful as
usually and depended considerably on the applied
multivariate technique and partly also on the im-
plemented software. The leave-three-out manual
technique was used instead of the leave-one-out
validation in the case when the latter could not be
performed automatically by the given software.

When individual misclassification events were
inspected in detail, similar problems as described
in LDA were observed. In some cases, an incor-
rect discrimination took place among the white va-
rieties Miiller Thurgau, Welsch Riesling, Griiner
Veltliner and partly also Chardonnay.

CONCLUSIONS

Quantitative results of classification of 72 wine
samples of the Small Carpathian origin by multi-
dimensional chemometrical techniques were ob-
tained. Six wine varieties were studied: Franko-
vka Blue (11 samples), Chardonnay (12 samples),
Miiller Thurgau (16 samples), Welsch Riesling
(9 samples), Sauvignon (7 samples) and Griiner
Veltliner (17 samples). Chromatographic peak
areas were used as the analytical signals with the
same retention time corresponding to the select-
ed 65 volatile aroma compounds in all samples.
According to the validation results, the best per-
forming classification techniques were the linear
discriminant analysis, the K-th nearest neighbour
method and logistic regression, providing a better
than 95% performance (correct classifications / to-
tal) but in all studied cases, the calculated clas-
sification performance was higher than 90%. In
general, a higher classification performance was
achieved when instead of all peaks, 30 optimally
selected peaks were used in the training set. The
most innovative feature of the described chemo-
metrical data processing is that there is no need
for a detailed assignment of the used chromato-
graphic peaks, which saves costs for standards and
time. Therefore, this approach represents a suit-
able alternative for processing of huge quanta of
analytical data, in particular in conditions when
a complete compound indentification is not possi-
ble due to a complexity of analytical signal or when
it is cumbersome or economically not favourable.
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