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Abstract

The potential of ultra-fast gas chromatography (GC) combined with chemometric analysis for classification of
wine originating from Poland according to the variety of grape used for production was investigated. A total of 44
Polish wine samples differing in the type of grape (and grape growth region) used for the production as well as
parameters of the fermentation process, alcohol content, sweetness and others which characterize wine samples
were analysed. The selected features coming from ultra-fast GC analysis were subsequently used as inputs for both
principal component analysis (PCA) and supervised machine learning. Using the proposed classification
algorithm, it was possible to classify white and red wines according to the variety of grape used for production
with a 98.7% and 98.2% accuracy, respectively. The model was characterised by good recall and area under
receiver operating characteristic which was 1.000 for white wines and 0.992 for red wines. Cuveé wines (made
from various types of grapes) were also successfully classified which leads to the conclusion that the proposed
classification method can be used not only to differentiate between wines made from different grapes but also to
detect possible adulterations, provided known, non-adulterated samples are available as a reference. The model
was also used to classify wine samples based on other features, such as the geographic region in which the vineyard
is situated, type of yeast used, the temperature of fermentation, sweetness, etc. In all cases, a high classification

accuracy (in most cases >90%) was achieved. The obtained results could be applied in the wine industry.
Keywords

Wine; classification; ultra-fast gas chromatography; chemometric analysis; principal component analysis; support

vector machines
1. Introduction

Nowadays, wine identification, as well as classification, has gained increasing attention as a means to detect
mislabeling, taking into account the great variability of the sale price depending on wine age, vintage year, varietal,
or geographical origin (Yu et al 2014). In fact, counterfeiting of food and alcoholic beverages including wine is
recently one of the risks relevant for producers, distributors, consumers, and national governments from many
points of view such as economic (price), health (allergens), and religious reasons (Gliszczynska-Swigto &
Chmielewski 2017). As a result of the above-mentioned issues, the Food and Drug Administration created the
term ‘economically motivated adulteration” (EMA) as a subcategory of food fraud (Everstine et al 2013). Food
and Drug Administration proposes a working definition of EMA as the fraudulent, intentional substitution or
addition of a substance in a product for the purpose of increasing the apparent value of the product or reducing

the cost of its production, i.e., for economic gain (Sotirchos et al 2017).
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The most prevalent fraudulent procedure is the partial or complete substitution of an authentic ingredient or
material with a cheaper and easily available component (Hrbek et al 2015) which results in a worse quality product
usually without a substantial effect on human health.

The authenticity of various products such as wine is often associated with a geographical area of production
and/or specific processing technology. Therefore, to protect food products specific to a given area or
manufactured using a particular process from imitation and to safeguard their authenticity indexes such as the
Symbols of Protected Geographical Indication, Traditional Speciality Guaranteed (TSG) and Protected
Designation of Origin (PDQO) have been created and introduced by the European Union.

In regard to wine, several parameters can be monitored to establish wine age, vintage year, the origin of the wine,
etc. Analytical techniques are often used to determine the profile of such compounds like phenols and polyphenols
(Hernandez et al 2006), flavonoids (Fang et al 2007), amino acids (Shen et al 2011), as well as pigment
composition (Alcalde-Eon et al 2006). Moreover, the profile of volatile compounds is of high importance when
ensuring correct identification and authenticity due to the fact that the flavour of food and beverages, including
wine, is one of the key indicators of their quality (Yu et al 2014; Gliszczynska-Swiglo & Chmielewski 2017).
This is because the volatile compounds which characterize every food product and drink are diverse and
originate from raw materials and/or are generated during production, maturation and storage. Thus, such aroma
markers could be identified to confirm their authenticity (Pillonel et al 2003).

Several methods and techniques are used to evaluate the quality or detect adulteration in food. They comprise
chromatographic methods such as high-performance liquid chromatography (HPLC) and gas chromatography
(GC) as well as spectroscopic techniques, e.g. ultraviolet-visible (UV-Vis) spectroscopy, mass spectrometry
(MS) and fluorescence spectroscopy, Fourier transform infrared (FT-IR) spectroscopy and nuclear magnetic
resonance (NMR) spectroscopy. The analysis is often supplemented with the use of chemometric techniques
(Hristov et al 2016; Nedyalkova et al 2017; Szczepanska et al 2017; Wieczerzak et al 2016) providing
satisfactory results for quality control or determination of food authenticity. Despite the fact that the above-
mentioned techniques are usually the most specific and sensitive, they require the use of expensive equipment
and high-degree technical expertise (Gliszczynska-Swigto & Chmielewski 2017). Moreover, they cannot be used
for the determination of volatile compounds without a derivatization step (excluding GC). Gas chromatography
coupled to mass spectrometry (GC-MS) has been applied to ensure identity and authenticity of wines (Hernanz et
al 2009; Pereira et al 2011).

On the other hand, determination of the changes in the composition of the volatile fraction of products may
sometimes be insufficient to confirm their authenticity. In addition, the analytical procedure based on the
application of chromatographic techniques to determine the indicators of food authenticity consists of many
steps such as sample preparation (extraction, derivatization), separation, and identification of compounds which
are usually labour- and time-consuming and generate extra costs. Thus, the best solution to solve these problems
is the application of a tool which is characterized by direct, rapid, and effective determination of the authenticity
of a product based on its aroma.

One of the choices for these purposes is the application of sensory evaluation which is another reliable method for
a vintage year or wine age determination. However, the sensory evaluation has its own deficiencies with the most
important being that it is an subjective method and only trained and experienced panellists can reliably evaluate

flavour of the product such as wine (Yu et al 2014). Another example of a technique which can be used for
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monitoring the authenticity of wine is the electronic nose (e-nose) which is a very rapid, robust and cost-effective.
Furthermore, the use of e-noses involves no special sample preparation to determine the aroma of a wine. Due to
these advantages, e-noses are becoming increasingly popular as objective and automated techniques to characterize
food flavours (Yu et al 2014). Similar advantages are presented by another analytical technique, ultra-fast gas
chromatography which also can be used for aroma profiling of wine. Although several parameters have to be
adjusted to increase the separation speed (e.g. carrier gas flow rate, the temperature-program heating rates, the
column length, etc.), there is virtually no sample preparation required which shortens the analysis time.

The most common approach in the analysis of the volatile fraction of wine samples using gas chromatography is
the identification and determination of the headspace constituents (De la Calle Garcia et al 1998). Such an approach
is not viable when using ultra-fast gas chromatography due to the short length of chromatographic columns and
steep temperature ramps. Instead, a holistic, “fingerprinting” approach could be used.

In this work, ultra-fast GC was applied to determine the aroma differences among the Polish wines originating
from a variety of grapes and characterized by different fermentation parameters. A multivariate statistical analysis
of obtained data was performed to classify wine samples based on the variety of grapes and other variables. It
needs to be noted that presented technique requires no sample preparation and is very rapid and furthermore does
not require the use of solvents which follows the guidelinedes of Green Analytical Chemistry. Therefore, such

technique may be a very useful tool for the purposes of the food industry.

2. Materials and methods

2.1. Wine samples

A total of 44 samples (red, white and rosé) originating from Polish vineyards located in different parts of Poland
were collected. All samples were stored at room temperature (21°C) and protected from light. Information

regarding the samples is presented in Table 1.
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Table 1. Information on wine samples analysed.

A\ MOST

No Locatio Alcohol Filtration Fermentation Fermentatio
™| Production year Region nm Grape variety Sweetnes Type of yeast Additives processes (1 or n Color
le content [%] (yes/no)
a.s.l. 2) temperature
1w 2016 West Pomeranian 125 Solaris 13.6 Extra Dry Uclm325 K2S20s, YES 1 22 W
2W 2016 West Pomeranian 125 Solaris 12.9 Dry Uclm325 K2S20s, YES 1 22 W
1R 2016 West Pomeranian 125 Allegro 12.9 Dry Murvinb K2S20s, YES 1 17 R
2R 2016 West Pomeranian 125 Regent, Rondo 12.1 Dry Wild&Pur K2S20s, YES 1 20 R
3W 2016 West Pomeranian 125 Seyval Blanc 9.5 Semi-Sweet Lalvin71b K2S20s, YES 1 18 W
4W 2016 West Pomeranian 125 Seywal Blanc 10.1 Dry Lalvin71b K2S20s, YES 1 18 W
3R 2016 Kuyavian- 74 Rondo 135 Dry Lalvin71b K2S20s, NO 1 17 R
Pomeranian
4R 2016 Kuyavian- 74 Regent 135 Dry Lalvin71b K2S20s, NO 1 17 R
Pomeranian
5W 2016 Kuyavian- 74 Bianca 12 Semi-Sweet Cks102 Kz5:0s, NO 1 12 W
Pomeranian
6W 2016 Kuyavian- 74 Solaris 17 Dry Cks102 K2S20s, NO 1 12 w
Pomeranian
Saccharomyces K2S20s,
5R 2016 Pomeranian 120 Regent 12 Dry Cerevisiae Bs 7 YES 1 19 R
Fruity —Regent,
Merlot
. Aurora, Bianca, Saccharomyces K2S20s,
w 2016 Pomeranian 120 Hibernal, Muscat 12 Dry Bayanus Bs-11 Ascorbic Acid YES 1 23 w
. . Saccharomyces K2S20s,
8W 2016 Pomeranian 120 Aurora, Bianca 12 Dry Bayanus Bs-11 Ascorbic Acid YES 1 23 W
6R 2016 Kuyavian 92 Pinot ’\cl;?:; Pinot 12 Dry Lalvin71b K520 NO 1 165 R
1Re 2016 Kuyavian 92 Regent, Rondo 11 Dry Lalvin71b K25205 NO 1 16.5 Ro
. Hibernal, Bianca, . K2S20s,
9w 2016 Kuyavian 92 Muller Thurgau 12.5 Dry Lalvin71b Ascorbic Acid NO 1 16.5 w
7R 2014 Subcarpathian 320 Rondo 12 Dry Lalvin71b K2S20s, YES 1 17 R
8R 2015 Subcarpathian 320 Regent 12 Dry Lalvin71b K2S20s, YES 1 17 R
2Re 2014 Subcarpathian 320 Rondo Rose 115 Dry Lalvin71b K2S20s, YES 1 17 Ro
N 2015 Subcarpathian 320 Bianca 125 Dry Lalvin71b K2S20s, YES 1 17 W
N 2015 Subcarpathian 320 Hibernal 125 Dry Lalvin71b K2S20s, YES 1 17 W
N 2012 Subcarpathian 320 Hibernal 17 Sweet Lalvin71b K2S20s, YES 1 17 W
W 2016 Subcarpathian 296 Hibernal 23 Semi-Sweet Lalvin71b K2S20s, NO 1 17 w
2 2016 Lesser Poland Marechal Foch, 115 Dry Lalvin71b K2S20s, NO 1 17 R
Leon Millot
N 2015 Lesser Poland 335 Hibernal 13 Dry Ck S102 K2S20s, YES 1 12 W
N 2015 Masovian 151 Jutrzenka 10 Semi-Sweet | ENartis Ferm Aroma | KaSo0s, YES 1 17 W
White Chaptalisation
4
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. Enartis Ferm Aroma | K2S20s,
16W 2014 Masovian 151 Jutrzenka 11 Dry White Chaptalisation YES 17 W
17W 2015 Masovian 151 Aurora, Bianca 10 Dry Fermivin Pdm. Bio | K25:0s, YES 17 w
L1 Chaptalisation
18W 2016 Masovian 151 Aurora, Bianca 12 Semi-Dry Oenoferm Inter Dry KZSZOS‘. . YES 16 W
F3 Chaptalisation
19W 2014 Masovian 151 La Crescent 115 Dry Enovi Kas0s, NO 17 w
Chaptalisation
20W 2015 Masovian 151 La Crescent, St. 12 Dry Fermivin K2520s, NO 17 w
Pepin Chaptalisation
. Andalamina, Fermivin Pdm. Bio K2S20s,
21V 2015 Masovian 151 Kristally, Prarie Star 10 Dry L1 Chaptalisation NO o w
. Andalamina, Oenoferm Inter Dry K2S20s,
22W 2016 Masovian 151 Kristally 11 Dry 3 Chaptalisation YES 17
. . Enartis Ferm Aroma K2S20s,
23W 2015 Masovian 151 Seywal Blanc 13 Semi-Dry White Chaptalisation YES 17
. K2S20s,
24w 2016 Masovian 151 St Pepin, La 16 Sweet | Oenoferm Bouguet | A ghol YES 17 W
Crescent F3 .
Addition
10R 2015 Masovian 151 Frontenac 13 Semi-Sweet | Enartis Ferm Red K2520s, NO 17 R
Fruit Chaptalisation
11R 2016 Masovian 151 Frontenac 13 Dry Oenoferm Clolor F3 K2520s, NO 17 R
Chaptalisation
Aromatic Wine K»S,0
12R 2015 Masovian 151 Regent 12 Dry Complex Yeast Est. 29225, NO 17 R
- Chaptalisation
2005 Spititferm
Aromatic Wine K»S,0
13R 2015 Masovian 151 Regent, Frontenac 115 Semi-Dry Complex Yeast Est. 292475, NO 17 R
- Chaptalisation
2005 Spititferm
14R 2016 Masovian 151 Heridian 11 Dry Oenoferm Color F3 K2520s, NO 17 R
Chaptalisation
Leon Millot, Re\(/jvli:r:leJ Ié(;b\rrzolne]iuc E?}?:('zasllisation
15R 2015 Masovian 151 Marechal Foch, 12 Semi-Dry : P P NO 17 R
Regent Premium Yease Est.
9 2005 Spiritferm
. K2S20s
. Leon Millot, - -
R 2016 Masovian 151 Marechal Foch, 12 Semi-Dry Oenoferm Color F3 | Chaptalisation NO 17 R
R 2014 Masovian 151 | Marechal Foch, St 115 Dry Oenoferm Color F3 | 25205 NO 17 R
Croix Chaptalisation
R 2016 Masovian 151 St. Croix, Sabrevois 10 Dry Oenoferm Color F3 K2520s, NO 17 R
Chaptalisation
. . K2S20s,
) 2012 Masovian 151 Cherry 14 Sweet Cherry o NO 17 R
Chaptalisation
R. red; ro. rosé; w. white
Sweetness (gram of sugar per litre): Extra dry: o g/l; dry: up to 4 g/l; semi-dry: up to 12 g/l; semi-sweet: up to 45 g/l; sweet: more than 45 g/l
5
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2.2. Headspace analysis

Prior to the analysis, the wine was stored at room temperature without the access of light. Samples of 5 ml were
poured into 20 ml glass headspace vials and sealed with caps lined with a silicon-PTFE membrane and incubated
for 10 min at 40°C in order to facilitate the transfer of analytes to the sample’s volatile fraction. During incubation,
the samples were stirred at 500 rpm. Static headspace analysis was performed using the Heracles Il ultra-fast gas
chromatography device equipped with the HS100 autosampler (Alpha M.O.S., Toulouse, France). The device was
fitted with two parallel 10-m columns packed with the MXT-5 and MXT-1701 stationary phases (Restek,
Bellefonte, PA, USA), respectively. Each column was coupled to a flame-ionization detector (UFID), and hydrogen
of 6N purity delivered using the Precision Hydrogen Trace 250 generator (Peak Scientific Instruments, Inchinnan,
UK) was used as carrier gas. The implemented parameters were based on a previously reported method developed
for the analysis of alcoholic beverages (Wisniewska et al 2016a; Wisniewska et al 2016b). The static
headspace sampling volume was 2.5 ml at 0.25 ml/s. The injector temperature was set to 200°C and the injection
time was 15 s. During this time the analytes were trapped on a Tenax® TA sorptive material at 40°C and held for
20 s and then purged into chromatographic columns through thermal desorption at 240°C. The oven was ramped

from 70°C to 270°C at 2°C/min, and the acquisition duration was set to 100 s.

2.3. Data processing and statistical analysis

Data from the ultra-fast GC analysis was exported and processed using a Visual Basic-based macro. Statistical
data analysis was performed using Orange v. 3.7 machine learning toolkit (Dem3ar et al 2013). Normalized features
(chromatographic peak areas) with the highest impact on the classification outcome were then selected based on
the result of the one-way analysis of variance (ANOVA). The selected features were then used as inputs for both
principal component analysis (PCA) and supervised machine learning. PCA is an unsupervised multivariate
statistical method which is used primarily to reduce the dimensionality of a data set and also verify the validity of
data and to visualise it (Majchrzak et al 2017). Twenty features with the highest impact on the classification based
on the ANOVA were used as inputs for the analysis. The number of features was reduced in order to avoid the so-
called ‘voodoo correlations’, that is coincidental correlations which occur when the ratio of the number of
measurements to the number of independent variables is low (Amann et al 2014). The supervised machine
learning was conducted using the support vector machines method with regression loss (g) of 0.10 and RBF kernel

(Boser et al 1992). The method was validated using stratified 10-fold cross-validation and subsequently evaluated
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in a blind test with 66% of data selected through random sampling used as a training set and the remaining 34%

of data used for testing. Schematic representation of the described process is shown in Figure 1.

Ultra-fast GC Data procesing

PCA
Headspace
analysis
Data export and R~
. Normalization
pre-processing
Data
aquisition

Figure 1. Schematic representation of the described process

3. Results and discussion

Statistical analysis

Validation

Supervised

data analysis

Classification

Classification

Blind test

Unknown
sample

Radar plots of the obtained chromatograms are depicted in Figure 2. The resolution is relatively low and only a

fraction of peaks is separated at the base. However, using ultra-fast GC it was possible to reduce the time of a

single analysis to 100 seconds, which would pose a significant challenge when using classical gas chromatography.

Moreover, the obtained chromatograms should be viewed as the sample’s ‘smellprint’, which can be used for

holistic analysis and classification. However, the differences between the composition of white, red and rosé wines

evident in the chromatograms cannot on their own be considered a basis for classification, and even less so when

discrimination between different grapes of the same colour is attempted. For this reason, it is necessary to use data

analysis techniques such as PCA.
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Figure 2. Aroma profile (chromatograms) of different wine types obtained with ultra-fast GC; the circumference
of the plots denotes retention time (100 s in total), and the radius denotes abundance (signal of FID detectors) in a

logarithmic scale.

3.1. Principal component analysis

The first six principal components covered 71% of total variance of the dataset. A FreeViz projection (in which
the data points remain immobile, however, the position of dimensional axes is optimized in order to provide the
most informative projection) of the principal component analysis of the entire data set is depicted in Figure 3.
Based on the results it was concluded that in the further statistical analysis of red and white wines will be conducted
separately, as their headspace composition is evidently distinct. Conversely, samples of rosé wine were discarded
from further analysis as their number was much lower than that of red and white wines and the results would be

difficult to compare directly.
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Figure 3. Projection of the result of principal component analysis of red, white and rosé wine samples

3.2. Classification using support vector machines

Using the proposed classification algorithm, it was possible to classify white wines according to the variety of
grape used with a 98.7% and 98.2% accuracy in the case of red wines. The model was characterised by good recall
and area under receiver operating characteristic which was 1.000 and 0.992 for white and red wines, respectively.
In a blind test, it was possible to correctly classify 100% of analysed samples according to the variety, including
cuveé wines. Cuveé wines (wines produced from a mixture of several grape varieties) were also successfully
classified (100% successful classification). Since it was possible to differentiate between wines made from a
particular grape cultivar and cuveé wines made from the same grape cultivar alongside others, it would be

furthermore possible to detect admixtures of wines made from other grape varieties.

The model was also used to classify wine samples based on other features, namely the geographic region in which
the vineyard is situated, alcohol content, type of yeast used, the temperature of fermentation, sweetness and post-
fermentation treatment (Table 1). The classification evaluation results for these scenarios are listed in Table 2 and
Table 3. In the case of white wines, the best accuracy was achieved when classifying according to grape varieties
(98.7%), the temperature of fermentation (97.3%) and geographic region (96.7%). The worst classification

9
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accuracy was achieved in the case of alcohol content (80.4%). It should be noted though that since the wine samples
were not diluted prior to the analysis the chromatographic peak corresponding to ethanol was in each case
overloaded, and so the feature was automatically discarded based on ANOVA. Because of that the classification

according to alcohol content is explicitly not based on the actual alcohol concentration in the samples.

In the case of red wines, the best accuracy was achieved for classification based on the type of yeast and
temperature of fermentation — 100% in both cases. The lowest accuracy was achieved in the case of classification
according to the grape variety. However, in a blind test, the samples were discriminated with 100% accuracy

according to all the features besides alcohol content and the temperature of fermentation.

Table 2. Classification parameters of various features of white wine samples

Feature Classification | Area under | Precision Recall Blind  test
Accuracy ROC accuracy
Grape variety 98.7% 1.000 1.000 1.000 100%
Geographic region 96.7% 1.000 1.000 1.000 100%
Sugar content 87.7% 1.000 1.000 1.000 88.2%
Alcohol content 80.4% 0.960 0.629 0.900 84.3%
Yeast used 92.7% 1.000 0.895 0.850 96.1%
Post-fermentation treatment | 93.7% 0.993 0.921 0.948 92.2%
Temperature of fermentation | 97.3% 1.000 1.000 1.000 100%

Table 3. Classification parameters of various features of red wine samples

Feature Classification | Area under | Precision Recall Blind  test
Accuracy ROC accuracy
Grape variety 98.2% 0.992 0.921 1.00 100%
Geographic region 99.7% 1.00 0.994 1.00 100%
Sugar content 96.7% 1.000 1.000 1.000 100%
Alcohol content 99.4% 1.000 1.000 1.000 87.1%
Yeast used 100% 1.000 1.000 1.000 100%
Post-fermentation treatment | 100% 1.000 1.000 1.000 100%
Temperature of fermentation | 98.8% 0.998 0.987 1.000 97.1%

4. Summary

A total of 44 Polish wines differing in many features were analysed by application of ultra-fast gas
chromatography. The results have been furthermore subjected to a chemometric analysis. Using ultra-fast GC it
was possible to reduce the time of a single analysis to 100 seconds which would pose a significant challenge when
using classical GC. Based on the chemometrics results it was concluded that the further statistical analysis of red
and white wines will be conducted separately, as their headspace composition is evidently distinct. Conversely,
samples of rosé wine were discarded from further analysis as their number was much lower than that of red and

white wines and the results would be difficult to compare directly.

10
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Using the proposed classification algorithm, it was possible to classify white and red wines according to the variety
of grape used for production with a 98.7% and 98.2% accuracy, respectively. The model was characterised by
good recall and area under receiver operating characteristic. Moreover, cuveé wines were also successfully
classified which leads to the conclusion that the proposed classification method can be used not only to differentiate
between wines made from different grapes but also to detect possible adulterations. In addition, the model was
used to classify wine samples based on other features, namely the geographic region in which the vineyard is
situated, alcohol content, type of yeast used, the temperature of fermentation, sweetness and post-fermentation
treatment with satisfying results. Due to such advantages as no sample preparation, short time of analysis and no
waste production (only wine taken into consideration), ultra-fast GC combined with chemometric analysis could

be a reliable tool for detection of adulteration in the wine industry.
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