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Abstract

A combination of mass spectrometry-based electronic nose (ht&e) and chemometrics was explored to classify two Australian white wines
according to their varietal origin namely Riesling and unwooded Chardonnay. The MdSeedata were analysed using principal components
analysis (PCA), discriminant partial least squares (DPLS) and linear discriminant analysis (LDA) applied to principal components scores anc
validated using full cross validation (leave one out). DPLS gave the highest levels of correct classification for both varieties (>90%). LDé classifie
correctly 73% of unwooded Chardonnay and 82% of Riesling wines. Even though the conventional analysis provides fundamental informatior
about the volatile compounds present in the wine, the Mi®® method has a series of advantages over conventional analytical techniques due to
simplicity of the sample-preparation and reduced time of analysis and might be considered as a more convenient choice for routine process contt
in an industrial environment. The work reported here is a feasibility study and requires further development with considerably more commercial
samples of different varieties. Further studies are needed in order to improve the calibration specificity, accuracy and robustness, and to extend t
discrimination to other wine varieties or blends.
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction characterisation based on the analysis of their aroma properties
is awidely used techniqy2—3]. Nowadays, analytical solutions
The main challenge of any quality-control system to be usedor food composition imply the use of gas chromatography—mass
in a modern and competitive food industry is to replace timespectrometry (GC-MS) techniques, but analysis can be time-
consuming laboratory analysis used in both quality monitoringconsuming, due to sample-preparation steps and complex data
and process control, with relatively fast and cheaper measuréaterpretation. Recent research has shown that rapid analysis of
ments suitable for routine operation. The application of chemovolatile fractions by MS without chromatographic separation
metrics techniques to mass spectrometry (MS)-based electrongroduces signals containing useful information that can be used
nose (enose) data has been investigated by several authors as@produce a fingerprint of any given food based on its aroma
means of differentiating food samples on the basis of both aromprofile [4-5]. Few studies have examined the use of electronic
and volatile compounds in the food indusffy}. Food product noses or gas sensors to characterise the aroma of[ijélk
mainly because major compounds in the samples headspace,
such as ethanol, cause interference with the gas sgtjsdhis
Abbreviations: DPLS, discriminant partial least squares; GC-MS, gas limitation does not exist with MS_aose where the headspace is
chromatography—-mass spectrometry; LDA, linear discriminant analysis; M§nonitored and the whole spectra are analyde6l. Therefore,
efn_osfé mass SPEICtrome‘fy et'e_C\t/fP”'i\ﬁF;‘OS,eibFl’CAde””CiF’_a:( CO”LPO”G”I analy]S e nose has a great potential to be used for monitoring the
o e Yoy warinags” "™ qualty ofwine and ofher alcoholc beverags5-8] The MS
e_nose and gas sensor array technigues have been applied to the
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and spirits) and have also been used for the quality control ddit the time and were generally representative of the range of
industrial products such as pajg5—8]. Most of the references retail prices, regions, and vintages of Riesling and unwooded
in the literature on the application of such techniques in wineChardonnay wines available in the Australian market. Of the
are related to monitoring aroma and other volatile compounds iRiesling wines, vintages comprised 2002, 2001, 1999, 1997,
either ferments or in the final wine prodii®t12—14]. Forexam- 1996 and 1993. The Chardonnay wines were all from 2002
ple, the use of MS mose was explored as a rapid technique forexcept for three samples made in the 2001 vintage. Summary
fingerprinting of volatiles in wines before and after malolacticinformation of the chemical composition of the wines of each
fermentation, in wine stored in oak barrel types and in Semillorvariety is detailed in previous repoffts6—17].

wine bottled with different closurg44].

Multivariate methods and chemometrics have been used ta2. Mass spectrometry electronic nose (MS e_nose)
interpret and extract information from complex data obtained
by instrumental techniques in the analysis of foods and wine To measure the volatile patterns of the two wine varieties,
[2,10,15]. The application of multivariate statistical techniquesb mL of wine were sealed in 10 mL headspace vials. Sam-
such as principal component analysis (PCA) or discriminanples were analysed on tli&emical Sensor (HP 4440, Hewlett
analysis (e.g., linear discriminant analysis, LDA, or discriminantPackard) equipped with headspace sampler (HP 7694, Model G
partial least squares, DPLS) provides the possibility to use anti290 A)[18—20]. The experimental conditions of the headspace
understand the data generated by instrumental techniques basaanpler were as follows: oven temperature®@5loop tem-
on the overall properties of the sample and perform a classifiperature 90C, transfer line temperature 98, vial equilibra-
cation without the need for additional compositional chemicalion time 20 min, headspace cycle time 4.2 min, pressurise time
datal2,15]. 0.3 min, loopfilltime 0.15 min, loop equilibration time 0.02 min,

A single MS enose mass spectrum might provide means ofand injection time 0.5 min. The carrier gas was helium, pressure
characterising complex features of wine including aroma, sta4.2 psi and the vial was pressurized at 14 psi. The total analy-
bility (e.g., protein or heat stability), oxidation, quality grading sis time per sample was approximately 25 min. The components
or blending. In addition, it could assist in determining the rela-in the headspace of the vials were passed directly to the mass
tionship between the chemical composition and sensory charadetector without any chromatographic separation or sample pre-
teristics of wine. Despite the large amount of research carrietteatment. In this way, for any given measurement, the resulting
out to date to attempt to differentiate between varieties of winemmass spectrum gives a fingerprint of the wine volatiles. Positive
there is only limited information published concerning the useon electron impact spectra at 70 eV were recorded in the range
of chemometrics on headspace gas sensor data to differentiai#; 50—180. Additionally, in each MS_rose run, a solution of
wine samples on the basis of their vari¢hy,12,14]. 12% ethanol was used as a marker to identify the ions related

The study presented here is a part of the ongoing evaluation afith ethanol. Data and instrument control was achieved with the
rapid instrumental methods being carried out by The AustraliaPirouerte software[18—20]. Operational conditions and proto-
Wine Research Institute in order to adapt competitive and modeols used in this study were similar to those reported elsewhere
ern instrumental techniques for the Australian wine industry. [14].

The aim of this work was to investigate the potential of MS
e_nose as arapid and low-cost technique to discriminate betweeh3. Chemometrics
two commercial white wine varieties available in Australia (i.e.,

Riesling and unwooded Chardonnay) using the mass spectra of Data from MS enose were exported from thiérouette soft-
their volatile constituents without time-consuming analysis ofware for chemometric analysis inftie Unscrambler software

chemical composition by GC-MS. (version 9.1, CAMO ASA, Norway). Principal component anal-
ysis (PCA), discriminant partial least squares (DPLS) and linear

2. Materials and methods discriminant analysis (LDA) were performed with full cross val-
idation[21-23]. Full cross validation (leave one out) was used

2.1. Wine samples to validate the models developed. The maximum number of fac-

tors (terms) in the PLS models were selected by the criterion of

A total of 150 white wine samples of two varieties, namely the lowest number of factors that gave the closest to minimum
Riesling and unwooded Chardonnay, were analysed. Of the totalalue of the PRESS (prediction residual error sum of squares)
120 samples were selected from an experiment that was part ofanction in order to avoid overfitting of the models.
broader wine flavour studi6,31]with three replicate bottles of As a pre-treatment before both PCA and DPLS analysis, all
each (same vintage, label and closure) of 20 individual commedata were centerd@1—24]. Before performing principal com-
cial Riesling or unwooded Chardonnay wine labels. Additionalponent analysis, MS_aose data were pre-processed in order
30 samples of Riesling were sourced from a consumer serte account for baseline effects, retention time drifts and varia-
sory experiment. The wines selected were chosen from a largéions in peak shapes between the samples ana[g4e@4]. In
sample set by a series of preliminary informal sensory assesthis study, auto-scaling was performed by smoothing (moving
ments, with the primary criteria for selection being that the winesaverage of each of seven data points) and mean normalisation
should exhibit the broadest possible range of sensory propertiggovided byThe Unscrambler software was used. The moving
within each variety. All samples were commercially availableaverage reduced the noise and made it easier to observe the start
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and end of the peaks in the spectra of each wine sample analysed.
Mean normalisation is the most classical case of normalisation.
It consists of dividing each row of a data matrix by its average,
thus neutralising the influence of the hidden factors, such as
noise or drift between analyses. It is equivalent to replacing the
original variables by a profile value centred around 1. Only the
relative values of the variables are used to describe the sample,
and the information carried by their absolute level is dropped.
This is appropriate as all variables are measured in the same
unit, and their values are assumed to be proportional to a factor,
which cannot be directly taken into account in the analjZi$.
For instance, this transformation is used in chromatography to
express the results in the same units for all samples. This normal-
isation was used in this study because the samples were analysed
on different days and to eliminate the effect of the differences
in the alcohol concentrations of the samples.
Principal component analysis (PCA) is a well-known tech-
nigue used for reducing the dimensionality of the data, detecting
the number of components and visualising the outliers. It is one
of the most commonly applied techniques in multivariate data
analysig21-24]. PCAis a mathematical procedure for resolving
sets of data into orthogonal components whose linear combi-
nations approximate the original data to any desired degree of
accuracy[21-24]. In this study, PCA was used to derive the
first 20 principal components from the MSnese data and to Fig. .1. Mean mass spectra of Riesling and unwooded Chardonnay wines
. . . obtained by MSenose.
examine the possible grouping of samples.
The DPLS models were developed using a no metric dummy
variable (set to 1 for Riesling, and 2 for unwooded Chardonin the wine matrix[17,25,27], the identification of the ions or
nay) to test the ability of the method to discriminate between theelating them to the chemical composition of the headspace is
two white wine varieties; this approach is often referred to as &eyond the scope of this study.
discriminant PLS (DPLY)L6,21-24]. The smallnumberofsam- A PCA model with three PCs explains 90% of the variation
ples used prevented the development of a definitive predictiom the MS enose data for the Riesling and unwooded Chardon-
model for DPLS but was still sufficient to enable a preliminary nay wines. The score plot for the first two principal components
assessment of the potential of this technique to classify the twPC1 versus PC2) is shownfiig. 2. The score plot reveals that
wine varieties. separation along PC1, which accounted for 62% of the varia-
Linear discriminant analysis (LDA) like DPLS regression is tion in the sample set, while separation along PC2 accounted for
a supervised classification technique where the number of caté7% of the variation in the sample sEig. 3shows the eigenvec-
gories and the sample that belong to each category are previougtys for the first three PCs indicating only the ions betweaén
defined. The method supplies a number of orthogonal linear dist00 and 180. The visual inspection of the eigenvectors confirms
criminant functions, equal to the number of categories minusghat the fragment ion/z 101, 118, 127 and 147 are important
one, that allow the samples to be classified in one or another catariables in the differentiation of the two wine varieties. From
egory[21,23]. LDAwas carried out usingP software (version these results and those from an additional stlidy31], it is
5.01, SAS Institute Inc., Cary, NC, USA) on the PCA samplepossible that volatile compounds in the wine matrix associated
scores on components 1 and 2, which gave the highest level @fith esters might explain the separation between the varieties.
separation in the PCA models developed. Statistics calculateSimilar results were reported by other auth@3].
for the calibrations included the coefficient of determination in  Table 1compares the statistics for the DPLS models before
calibration (®) and the root mean square of the standard erroand after normalisation as pre-treatment of the MSose

of cross validation (RMSECYV). data. The results highlighted that normalisation substantially
improves the RMSECYV for the calibration models, confirming
3. Results and discussion the assumption that drifts or changes in the instrument might

affect the calibrations when multivariate methods are applied.
Fig. 1shows the mean mass spectrum of volatiles for the RiesFhe results (R) show that more than 90% of the variations in
ling and unwooded Chardonnay wines analysed. It was observetde DPLS models were explained when normalisation was used
that some differences exist between the two wine varieties in theompared with non-normalisation (less than 70%).
ions atm/z 55, 61, 64, 70 and 73, and greater differences were Table 2compares the classification results obtained using
found atm/z 88, 101, 115, 127 and 147. Although these ionsDPLS and LDA classification methods after normalisation using
might be characteristic of esters and other volatile compoundall the ions (m/z50-180). Correct classification levels of 93%
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Fig. 2. Score plot of the first two principal components in liSose profiles of Riesling (R) and unwooded Chardonnay wines (Ch).

were achieved by DPLS models in both wine varieties. On
the other hand, LDA showed lower levels of correct classifi-
cation, 73% and 82% for unwooded Chardonnay and Riesling
wines, respectively. Note that only two PCs were used when
LDA models were developed and this might explain the low %
of correct classification obtained. It was noticed that old Ries-
ling wines (1993, 1996 and 1997 vintages) were misclassified
using both DPLS and LDA discriminant methods. As might be
expected, these wines had low ester content and were more oxi-
dised than the other Riesling wines used in this stddy28].
Young Chardonnay wines were also misclassified, possibly due
to their fruity and fresh characters, which gave similar aroma
notes to those observed in typical Australian Riesling wines
[26-28,31].

Fig. 4shows the DPLS regression plot for the discrimination
of both white wine varieties using MSmose data. Generally,
there was observed a good separation of samples by variety;
however, some samples did overlap. These results were consis-

Comparison of DPLS calibration statistics before and after smoothing and nokant with a previous report using Vis-NIR, where overlap among
malisation of the MS enose data (& 150) '

RMSECV R? Number of PLS factors .
Smoothing Chardonnay
mlz 50-180 0.36 0.70 3 o
mlz 100-180 0.40 0.40 2
2
Smoothing and normalization
mlz 50-180 0.13 0.94 5 e 8
mlz 100-180 0.16 0.92 5 2 Riesling
815 o
RMSECYV: root mean square of the standard error of cross validatforcoef- 5 o
ficient of determination in calibration. g °
a
Table 2
Percentage of correct classification results for LDA and DPLS analysis of white 1
wine varieties
o
% Correct classification 8
0.5
LDA DPLS 0.5 1 1.5 2 2.5
— Measured wine
Riesling (n=75) 82 93
Unwooded Chardonnay &:75) 73 93 Fig. 4. Discriminant PLS (DPLS) plot of Riesling (1) and unwooded Chardon-

nay (2) wines.
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samples was also observ|d]. It is important to note that the Even though the conventional analysis based on GC-MS pro-
samples used in the current study were commercially availableides fundamental information about the volatile compounds
bottles of wine and could not be completely verified in termspresents in the wine, the MSrese method has advantages of
of their authenticity other than by the claim made on the labekimplicity of sample-preparation and reduced time of analysis.
[16,29]. Itis therefore possible that some of the samples were ndience, conventional GC—-MS methodology might be considered
100% of the variety as claimed, which would explain the overlapmore appropriate when detailed compositional characterisation
It should be noted that according to the Australian regulationss required, while MS enose might be a choice for routine moni-
for the label to claim a single variety, the minimum contenttoring or screening of many samples. It should be considered that
of that variety must be 85%29]. In fact, it was verified by the one additional benefit of this new approach to wine analysis is
winemakers that some Chardonnay samples were blended eithitéat volatile profiling of samples might be often more useful than
with Riesling (up to 5% in some cases) or with other white Aus-identification and quantification of individual compouri8s].
tralian varieties (e.g., Semillon, Sauvignon Blanc). ThereforeFrom the results obtained it can be concluded that PCA, LDA or
this result suggests that discrimination between varieties is po®PLS techniques applied to MSrese data offer the possibility
sible, and that different aroma properties or volatile compoundsf classify Riesling and unwooded Chardonnay wines. Further
presentinthe samples were associated with either characteristissidies are needed in order to improve the calibration speci-
of the variety, winemaking style or yeast strain. Similar resultficity, accuracy and robustness, and to extend the discrimination
were found by other authors using similar wines (one Rieslingo other wine varieties or blends. The work reported here is only
and one Chardonnay) analysed by M8ase[30]. a feasibility study and requires further development with con-
Itis well known that ethanol is the major volatile component siderably more commercial samples of different varieties before
in the wine matrix, thus some interference can be expected withs full potential can be realised and it is ready for adoption by
the MS enose analysis. According to other authors, ions relatedhe wine industry.
with ethanol could appear around thé; ratios 45 and 4¢5].
Previous studies using the same varieties confirmed the existence
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