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ABSTRACT
Verifi cation of authenticity is a crucial aspect of food quality 
control, and also important to regulatory organizations. In 
this study, two wines of known pure varietal along with some 
commercial wines were examined using a mass spectrome-
try based chemical sensor. The fast analysis times obtained 
using this instrument makes this technology ideal for de-
tection of adulteration.

Multivariate statistics were used to create models that 
discriminate between wine varieties. Exploratory analysis 
such as principal component analysis (PCA) and hierarchical 
cluster analysis (HCA) indicated the viability of the data 
set for classifi cation models. Soft-independent-modeling-
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of-class-analogy (SIMCA) and K Nearest Neighbors 
(KNN) were used to create two classifi cation mo-
dels. 

Both SIMCA and KNN provided a quick identifi -
cation of unknown samples. Overall, the fast identifi -
cation of wine varieties demonstrates the usefulness 
of the MS chemical sensor in detecting samples with 
close chemical composition. 

INTRODUCTION
The usefulness of a mass spectral based chemical sen-
sor has already been proven in several food applica-
tions [1]. The benefi ts of fast and reliable answers that 
can be obtained with this type of chemical sensor are 
ideal for applications that require fast sample through-
put. By eliminating the chromatographic separation 
and directly coupling a headspace sampling instrument 
to a mass spectrometer, runs on the order of 1-2 mi-
nutes can be achieved. The separation then becomes 
a multivariate analysis in which the variables are the 
sum of abundances for each of the ions selected in the 
scan range. The scan range can be selected by the user 
and it usually includes over 100 fragments. In order 
to easily compare different fi ngerprints a model with 
fewer dimensions, less than 100, is needed.

Principal component analysis is a multivariate tech-
nique that reduces the dimensionality of the data sets 
by building a new set of coordinates, principal com-
ponents or PCs. These PCs are linear combinations of 
the original variables and they are orthogonal to each 
other and therefore uncorrelated [2]. They are also 
built in such a way that each one successively accounts 
for the maximum variability of the data set. The total 
number of PCs obtained cannot exceed the number of 
samples (n) or the number of variables (p) whichever is 
smaller. Not all these PCs explain systematic variance 
of the data set; some are simply explaining noise. The 
effectiveness of a good PCA model depends on keeping 
only PCs that describe systematic variance. Soft-in-
dependent-modeling-of-class-analogy (SIMCA) is a 
supervised technique that uses PCA to model the shape 
and position of the samples. An acceptance region is 
then created for each different type of class.

Besides PCA, another useful exploratory multivari-
ate technique is hierarchical cluster analysis (HCA). By 
calculating the Euclidean distances between samples 
a measure of similarity is obtained. The method starts 
by calculating distances of each sample to all other 
samples and the groups (or clusters) are formed by 

agglomeration or division. Although other techniques 
exist to measure differences or similarities we will 
concentrate on the Euclidean distance in this paper. 
Just like a PCA scores plot provides a good indication 
on the feasibility of the data for a SIMCA model, a 
single link HCA indicates if the data could be used for 
a K-Nearest Neighbor (KNN) model. KNN is a super-
vised technique that classifi es unknowns based on their 
proximity to samples already placed in categories.

In this paper mass fi ngerprints are obtained from 
sampling the headspace of wine samples using the 
GERSTEL Headspace ChemSensor (Figure 1). This 
instrument integrates the advantages of multivariate 
analysis with well-known technology like quadru-
pole mass spectrometry. The GERSTEL Headspace 
ChemSensor is equipped with a headspace unit cou-
pled directly to an Agilent 5973 mass selective detector 
(MSD) and Pirouette multivariate software. In this case 
the variables are the abundances of each m/z fragment 
obtained from sampling the entire headspace of wine 
samples without prior chromatographic separation.

Figure 1. Gerstel Headspace ChemSensor.

EXPERIMENTAL
One Merlot and one Cabernet Sauvignon wine from the 
same winery were purchased at a local store; these will 
be referred in this study as M-C (Merlot commercial) 
and CS-C (Cabernet Sauvignon commercial). Besi-
des the commercially available wines, the Alcohol & 
Tobacco Tax and Trade Bureau (TTB) provided pure 
varietal Merlot and Cabernet Sauvignon wines. These 
wines will be referred as M-PV (Merlot pure-varie-
tal) and CS-PV (Cabernet Sauvignon-pure varietal). 
Seven replicas of each wine were analyzed using 5 
ml aliquots. The aliquots were placed in 10 mL vials 
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which were crimped and equilibrated for 20 minutes at 
80 °C before headspace sampling. Since the GERSTEL 
Headspace ChemSensor does not use a column for 
chromatographic separation prior to the mass selective 
detector (MSD), the entire headspace of each sample 
is introduced into the MSD.

The mass spectrum of each of the four wine samples 
was acquired in 1.20 minute runs in the scan mode 
using the GERSTEL Headspace ChemSensor (Figure 
1). The carbon dioxide peak (from the air in the sample) 
and the ethanol peaks were avoided by setting the scan 
range from 48 m/z to 150 m/z. 

All four wine samples were also analyzed using a 
GC (6890, Agilent Technologies) coupled to a MSD 
(5973, Agilent Technologies). This instrument was 
equipped with a Thermal Desorption autosampler 

Figure 2. TIC and MS of commercially available wines. (A) Merlot and (B) Cabernet Sauvignon obtained with 
the GERSTEL Headspace ChemSensor.

(TDS A, Gerstel). The samples were diluted 10-fold 
in water and extracted for one hour at room temperature 
using stir bar sorptive extraction (Twister, Gerstel).

RESULTS AND DISCUSSION
The entire headspace volatiles of each of the 4 wines 
were sampled and a characteristic fi ngerprint mass 
spectrum was obtained for each one of them. For 
example, Figures 2 and 3 represent the TIC and MS 
obtained for the commercial and pure varietal wines 
respectively. The major ions are the same for the two 
commercial wines (M-C and CS-C); visual inspection 
of these fi ngerprint mass spectra (Figure 2) reveals very 
little differences between these two wines.
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Visual inspection of the pure-varietal wines mass 
spectra (Figure 3) indicates differences in abundance 
for some ions. For example, ions 88, 91, 101 and 129 
appear to have different abundance in the Merlot (M-
PV) than in the Cabernet Sauvignon (CS-PV).

Comparison of the mass spectra of commercial Mer-
lot (M-C; Figure 2A) and pure-varietal Merlot (M-PV; 
Figure 3A) indicates higher abundance of ions 88 and 

101 in the pure-varietal wine. Visual inspection of the 
fi ngerprint mass spectra of the Cabernet Sauvignon 
commercial (CS-C; Figure 2B) and the Cabernet 
Sauvignon pure varietal (CS-PV; Figure 3B) indicates 
little differences between the fragmentation patterns 
between these two wines. The relative abundance of 
all the ions appears to be higher in the pure-varietal 
Cabernet Sauvignon wine.

Figure 3.  TIC and MS of pure varietal wines. (A) Merlot and (B) Cabernet Sauvignon obtained with the 
GERSTEL Headspace ChemSensor.
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The mass spectrum obtained for each of the wines was 
converted by the ChemSensor software into a compo-
site mass fi ngerprint (ASCII fi le) which can be easily 
imported into a chemometrics modeling software such 
as Pirouette. Figure 4 shows an overlay of these com-
posite mass spectra for the four wine samples. Note 
that each band of samples is actually 7 to 8 replicas for 

each wine indicating excellent sample repeatability. It 
is also evident that the pure-varietal Merlot has high-
er abundance for ions 88, 101 and 129 as previously 
observed. This fi gure also indicates that the overall 
intensity for the majority of ions is much higher in the 
pure varietal wines.

Figure 4. MS fi ngerprint data for the four different wines. 

CS-C
CS-PV
M-C
M-PV

m/z =>

R
es

po
ns

e 
(E

+
04

)

0

127

20

40

10767 87

Principal component analysis was performed using 
the mean-centered data set. Since 99.69% of the total 
variance was captured within the fi rst three principal 
components we can be confi dent that differences in the 
samples mass spectral projections (Figure 5) refl ect 
differences present in the headspace composition of 
the four wine samples. Figure 2 indicated very small 
differences in the fi ngerprint mass spectra between the 

two commercially purchased wines; this is corrobora-
ted in the PCA scores plot that shows M-C and CS-C 
clustering together. The fi rst PC (horizontal axis in Fi-
gure 5B) explains the difference between pure varietal 
wines and commercially purchased wines. The second 
PC (vertical axis of Figure 4B) indicates differences 
between the pure varietal Cabernet (negative scores) 
and the other three wines (positive scores).
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Figure 5. Projection of the wines mass spectra into the space of the fi rst three (A) and two (B) principal 
components.
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A total ion chromatogram overlay (TIC, Figure 7) 
obtained using a GC/MS instrument with Twister 
extraction indicates that the pure-varietal Merlot 
has a higher abundance for peaks at retention times 
of 10.096, 13.042 and 15.473 minutes. The tentative 

identity of these peaks was found using the Wiley138 
MS library as Butanedioic acid diethyl ester (main 
fragments 101, 129), Decanoic acid ethyl ester (main 
fragments 88,101), and Dodecanoic acid ethyl ester 
(main fragments 88,101), respectively.
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Figure 6. Loadings plot of the fi rst principal component (red trace) and second principal component (black 
trace).

By inspecting the associated loadings plot to its score 
plot, one can fi nd the ions that were important in 
constructing the principal component. For example, 
inspection of Figure 6 indicates that ions 49, 55, 60 and 

70 were important in constructing the fi rst PC while 
ions 49, 55, 88, 91, 101, and 129 were important for 
building the second principal component.



Figure 7. TIC for the pure-varietal wine samples obtained using Twister extraction, GC/MS.

Ions with high loadings in the fi rst principal compo-
nent appear to discriminate between pure varietal and 
commercial wines. For example, ion 49 was found 
present in the commercial wines at RT=1.90 min but 
was missing in the pure varietal wines, the peak was 
unidentifi ed using the Wiley 138 MS library. The spe-
cifi c compounds responsible for ions 55, 60 and 70 
were not possible to identify since these were present 
in several compounds. Ion 91 appears to be present 
only in M-PV at RT=22.85 min and its tentative iden-
tifi cation appears to be an ester (CAS #85-68-7) These 
fi ndings are also in agreement with the ones obtained 
using the chemical sensor.

Two classifi cation models were created using the pure 
varietal wines: SIMCA and KNN. A series of “unknown 
samples” were created to test the prediction ability of 
these models. Using pure varietal “unknowns” the 
models successfully identifi ed them according to the 
grape type. Using the commercial wines as unknowns 
neither model was able to classify the wines as Merlot 
or Cabernet Sauvignon. This is not a surprise, since 
previous fi gures (Figures 4 and 5) indicated minor 
differences between these samples. A KNN model 
created using the four wines successfully identifi ed 
all the unknowns correctly.
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CONCLUSIONS
The fast classifi cation of wine samples using an in-
strument that integrates multivariate statistics with 
mass spectrometry technology is now possible. It has 
been shown how the results obtained with the Gerstel 
ChemSensor also relate to the results obtained with 
Twister extraction.

Our results indicate that the two commercially 
purchased wines, labeled as M-C and CS-C did not 
have major differences in their headspace composi-
tion. Pure varietal wines contained the same type of 
components but the Merlot (M-PV) appears to have 
higher content for some of the ester compounds. Over-
all the fragmentation pattern of the pure varietal wines 
appears to have much higher raw ion abundance than 
the commercial types. 

The reason why the two commercially purchased 
wines (M-C and CS-C) appear to have relatively the 
same headspace composition was not investigated at 
the time of this writing. Our goal was to assess the 
feasibility of using a mass spectral based chemical 
sensor in wine discrimination. It is possible that the 
compounds responsible for differentiating the com-
mercial wines are present at very low concentrations 
not detected with headspace sampling. 
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