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Abstract

Rapid aroma profiling of food products is a first step towards at-line flavor quality control and off-flavor assessment. In this paper, the
potential of the zNos#' was tested for the first time to address this application. Honey was chosen as the food product because of its

characteristic aroma. Both a chromatogram and a spectral approach to the interpretation of th¥ sipse were established. In the

chromatogram approach, the signal was treated as a traditional chromatogram and relative peak areas were calculated and compared, whil
the whole aroma spectrum was considered in the spectral approach. Shifts in GC-column retention times initially led to misinterpretation
of the results in the spectral approach. A data processing algorithm was, hence, developed to correct for these shifts. Data were analyzec
with principal component analysis (PCA), and canonical discriminant analysis (CDA). With both relative peak areas and corrected spectra,
the aroma of six different honey varieties and two types of sugar solutions were successfully discriminated. A classification model was

built and validated externally, which resulted in a correct classification of 15 out of 16 honey aroma profiles (94%).
© 2003 Published by Elsevier B.V.

Keywords:zNosé™: Aroma profiling; Honey; Classification; PCA; CDA

1. Introduction suming and can only be carried out in a specially equipped
laboratory environment by well trained operators. Next te
Food quality is a complex concept referring to multi- a chemical characterization, flavor analysis often also ias
ple characteristics that make a food product acceptable orcludes a sensory evaluation by both trained taste panels and
more desirable to eat. Important food quality aspects are consumer panelgl,6]. This type of evaluation is important 45
safety, nutritional value, functionality, and aesthetics (color, in classifying flavor characteristics according to human pess
texture, flavor, appearance). While the first three are sub- ception and consumer behavior. Evidently, this is a very sulg-
jectively quantifiable, the last has an even more important jective and variable evaluation, which involves a very cosths
subjective component, which makes it more difficult to de- and time consuming procedure. 49
scribe and/or quantify. Flavor, as the combination of aroma  New techniques that allow a faster, objective flavor chase
and taste, is a very important component of this subjective acterization without the need for special equipment or skilks
quality [1]. offer value to industries attempting an on-line or at-linez
Traditional analytical and quantitative techniques for fla- flavor evaluation. The best known of these new techniques
vor analysis include HPLC, GC with headspace sampling is probably the electronic nose (E-no§&)10]. The E-nose 54
and GC-MS analysis with solid phase microextracf@+b]. has been introduced as a fast, non-destructive and at-lise
Numerous reports exist on the flavor analysis of a wide range alternative for aroma analysis measuring the change g6
of food products with these techniques and they have provenpiezo-electric properties of a sensor array in the preseree
to give very precise and reliable results. These techniques,of aroma components in the sample headspace. Arossza
however, involve a lot of sample preparation, are time con- analysis with the E-nose has not always been very success-
ful. It is very sensitive to drift and lacks the possibility forso
identification of the different aroma compounds causing

* Corresponding author. Tek:1-814-865-2807; fax+1-814-863-1031.  the signal change. Recently, the mass spectrometry based
E-mail addressjosephi@psu.edu (J. Irudayaraj). E-nose (MSE-nose) has been introduced as a fast and s&n-
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sitive, but also an expensive, alternative to fast aroma fingering highly focused and resonant surface acoustic wavesief
printing [11]. 500 MHz on its surface. When volatiles adsorb on the surs
Since a few years, another fast, non-destructive, low-cost, face of the sensor the frequency of the surface acoustic wase
and sensitive alternative sensor for food aroma analysis iswill be altered, which will in turn affect the detection signahz
commercially available: the zNoS8. The zNoséV is a and allow identification of the contaminarjts?]. 118
fast GC technique, which allows identification and finger ~ For the zZNosE¥ measurements, 8 g of pure honey or pure
printing of aroma as with regular GC but at the same time sugar solution was transferred into a vial of 40 ml (98 mmm
operates at the speed of the E-nfk2]. The zNos&V has length and 28 mm outer diameter) sealed with a screw aap
not yet been as widely used as the E-nose. Reports exist orcontaining a septum. The vials were then transferred into
the use of zNos@" for the evaluation of the aroma of black a waterbath at 50C where the samples were allowed t@s3
tea[13], the detection of off-flavors in wingl4] and the equilibrate with the headspace in the vial for a minimumu
analysis of plant volatilefL5]. of 120 min. To prevent any leakage during this equilibratiars
The objective of this paper is to evaluate the potential of period the screw cap with septum was covered with an extra
the zNoséM as an aroma finger printing tool. Honey was plastic cap. The analysis temperature of680was chosen 127
chosen as the product under study because of its specifiafter an initial set of experiments whereby the profiles ok
aroma, which depends on factors such as the botanical andall pure honeys were compared over five repetitions at room
geographical origin of honey. Also sugar solutions were in- temperature, 50 and 7C (results not shown). At room tem-zo
cluded in the analysis because of their resemblance to honeyperature the profiles were less concentrated and more seasi-
The zNoséM was used to discriminate between honey vari- tive to changes in ambient temperature. Af@xhe profiles 132
eties of different botanical origins, between pure honey va- were very intense but more noise susceptible, possibly dese
rieties and sugar solutions and in between different sugarto reactions occurring in the honey at high temperature. 184
solutions. 50°C the profiles were eventually both intense and stalde
and equilibration of the headspace was relatively fast. Afies
equilibration the samples were measured one by one with

2. Experimental the zNoséM. 138
The zNoséM was provided with a 5 cm needle at the inso
2.1. Honey and adulterant samples let, which was used for sampling through the septa of the

vials. The sampling mode was set to 5 s after which the sys-
All honeys were provided directly by US honey produc- tem switched to a 10 s data acquisition mode. During this
ers. In experiment 1, samples of three different honey va- time period the gas sample was released from the trap inside
rieties (buckwheat, clover, orange blossom) were used. Forthe system and carried over the column (DB-5) in a heliuza
experiment 2, samples of six different honey varieties (buck- flow of 3.00 cn?. On the column the different chemical comess
wheat, clover, orange blossom, black locust, mint, carrot) ponents in the gas sample were separated and sequentially
from different geographical origin compared to the honeys detected by the SAW detector through a deviation from its
considered in the first experiment were used. Liquid medium set frequency change. Data were collected every 0.02 s. Tdhe
invert cane and beet sugars were purchased from the Impeinlet temperature was 15C, the valve temperature wasao
rial Sugar Company (Sugarland, TX, USA). 120°C, and the initial column temperature was’@0 Dur- 150
In experiment 1, 10 independent samples were analyzeding analysis the column temperature was ramped at the tate
for each honey variety and sugar solution. In experiment 2, of 10°C per second to a final column temperature of 100 152
10 independent samples per honey variety and sugar solutionThe SAW sensor was operated at a temperature 6€40 153
were measured, of which eight were used for calibration  After each data sampling period the system needed a 1%s
purposes and two for external validation. The measurementbaking period, in which the sensor was shortly heatedite

protocol is described in the next paragraph. 125°C and after which the temperature conditions of thes
inlet, column, and sensor were reset to the initial conditions.
2.2. zNosE" measurements In between each sample measurement at least one blankisgas

run to ensure cleaning of the system and a stable baselirse.
The zNoséM (7100/4100 vapor analysis system, Elec-
tronic Sensor Technology, USA) used for this work has a 2.3. Data analysis approach 160
surface acoustic wave sensor (SAW) with a parts per billion
sensitivity. The SAW detector is a small miniature vapor  As the zNos& is a combination of a sensor based des:
chemical sensor used to detect volatile organic compoundstection and a regular GC analysis, the data resulting fraem
(VOCs). The base material of a SAW device is an uncoated the zNosé™ measurements were thus approached in tws
piezo-electric quartz crystal. This crystal is in contact with different ways. 164
a thermoelectric element, which controls the temperature First, a regular GC data analysis approach with the cotss
for cooling during vapor adsorption and for heating during parison of different peaks and peak areas was attempted.
cleaning of the crystal. The crystal operates by maintain- This was possible through the software of the instrument;,
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Fig. 1. Chromatograms of (A): buckwheat, clover, and orange blossom honey and (B): buckwheat honey, beet, and cane invert sugar. Letters indicate
peaks considered for the PCA analysis.

168 which automatically transforms the frequency profile that is of every sample was analyzed. Vertical baseline shifts in tlae
169 read from the SAW sensor to its first derivative. When only frequency profiles were automatically filtered out by takings
170 the positive values of this first derivative plot were consid- the first derivative. Next to the vertical shifts also horizonss
171 ered, a chromatogram, which is similar to a regular GC chro- tal shifts are a very common phenomenon in all types 106
172 matogram resulted~{g. 1). Each peak found in this deriva- chromatography. Small fluctuations in injection time, tenms:1
173 tive plot corresponded to a specific volatile compound and perature profile, and data processing of the system causadhe
174 had a retention time specific for the column and analysis different components to be released and detected at slightly
175 temperature. The area under the peak was correlated to thelifferent retention times or within a ‘time window’. In nor494
176 compound concentration and was expressed in counts (cts)mal chromatographic analysis this does not generally resedt
177 For the chromatogram approach, 14 corresponding peaksin problems since only a limited number of selected peaks
178 in all chromatograms of all different products were selected are compared, each within its own window. In the case when
179 and their relative areas compared. Relative peak areas werdull spectra are compared this shift leads to misinterpretss
180 calculated as the absolute peak area (in counts) of each peakion, however, as important peak information is compared
181 divided by the sum of all peak areas. When a peak was notwith noise when two spectra are not perfectly aligned. 7@
182 present in a certain chromatogram its relative area was setcorrect for horizontal shifts, an algorithm was developedzn
183 to zero. MATLAB version 6.1 (The Mathworks, Inc.). 202
184 In a second approach, the full first derivative profile (posi-  Assume the recorded zNd$& aroma spectrum consistsos
185 tive and negative values) was considered and treated as spemf n datapoints. Every datapointwhere 1= i = n, con- 204
186 tral data Fig. 2). In this case the full frequency spectrum sists of one frequency value and one time point at whigi
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Fig. 2. Spectra of (A): buckwheat, clover, and orange blossom honey and (B): buckwheat honey, beet, and cane invert sugar.

206 this frequency reading was made. For a baseline correction,over a constant valua. For a positive and negative valuezo
207 a constant value is subtracted or added to all the frequencyof a, the shift will be to the right and left, respectively. Far:1
208 readings of the spectrum. The whole spectrum shifts parallela # 0, b # 1 andc # 0, the new time value is a linear22
209 in the vertical direction. In case of a horizontal shift correc- function of the old time value. The spectrum is stretcheg
210 tion of the spectrum, the values of the frequency readings linearly over time. Frequency readings with a large originak
211 stay constant, but the time at which they occur is adjusted time value will be shifted over a larger time interval thans
212 according to the following formula: values with a low original time value. Far= 0,5 # 1 and 226
¢ # 0 the original spectrum is stretched non-linearly over
213 fnew; = a + Dloia,; + Ctg'da" time, with the largest shifts for the frequency points with thes
214 Wheretpey; is the corrected time which is assigned to the largest original time values. 229
215 ith frequency readindoiq,; is the original time for thdth For the developed algorithm a spectrum of buckwhead
216 frequency readingg, b, andc are the regression coefficients honey was selected as reference spectrum as buckwiweat
217 applied to transform the old time value into a new one. For was the product with the most complex aroma profile. Al
218 a = 0,b =1 andc = 0, no horizontal shift correction is  other spectra were shifted horizontally to have the best
219 carried out. Fou # 0, b # 1 andc # 0, the spectrum shifts ~ overlap with this reference spectrum. In the algorithm the

SNB 7399 1-9
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Fig. 3. lllustration of correction algorithm applied to zN&¥ehoney aroma spectra. A buckwheat honey spectrum was used as reference spectrum. The
spectra of all other honey samples were corrected with respect to this spectrum. (A): reference spectrum and raw spectra of a buckwheat honey sample
(B): horizontal shift correction algorithm applied to the buckwheat honey sample.

235 three parameters were adjusted manually in order to shiftand measured honey sample now occur at the same tinee.
236 and stretch the spectra linearly or non-linearly, depending The corrected spectra are now ready for further statistigal

237 on the needs. IrFig. 3 this corrective algorithm is illus-  analysis. 248
238 trated for another buckwheat honey sample. The horizontal
239 shift in chromatogram or spectrum is clearly illustrated in 2.4. Statistical analysis 249

240 Fig. 3A. For small time values, the peaks of the buckwheat

241 sample overlay those of the buckwheat reference, but as The data were processed with principal component arad-
242 the time increases, the maxima of corresponding peaks layysis (PCA) using “The Unscrambler” software version 6.b41
243 further apart, suggesting the need for a horizontal shift (CAMO AS, Trondheim, Norway) and with canonical diss2
244 correction. The corrected buckwheat spectrum is shown in criminant analysis (CDA) using SAS/STAT software versioss
245 Fig. 3B. The corresponding peak maxima of the reference 8.2 (SAS Institute, Cary, NC, USAL6]. 254
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3. Results and discussion found for buckwheat, which were not present in the other
honey varieties. This was confirmed in the loading plot o

3.1. Experiment 1: approach to zNd&kdata analysis PC2 where the highest loadings were also appointed to these
peaks in the middle (not shown). 290

In a first experiment the zNo8¥ was tested for its abil- In the spectral approach, both the negative and positive

ity to provide individual fingerprints of the aroma of dif- values in first derivative plots of all honeys and sugar sohdz
ferent pure honeys and sugar solutions. In this experiment,tions were included in the PCA analysis. This did not at fitst
the fingerprints obtained were not used for full identifica- lead to a good separatioRi@y. 5A). Only the aroma finger-294
tion of the different honey aroma compounds nor for classi- print of buckwheat appeared specific enough to be separated
fication of different honeys. Instead, two different data anal- from the rest in a PCA plot with PC1 and PC2 explainings
ysis approaches: the chromatogram and spectral approach80% of the total variance. 297
were developed for optimal extraction of information con-  Closer examination of the spectra, however, revealed that
tained in the raw data. To not overload the graphs only threea horizontal shift between the different spectra was caws-
different honeys and two sugar solutions were included at ing this poor PCA separation. This horizontal shift waso
this point. Sugar solutions were included in the test be- attributed to fluctuations in retention time of the chermte1
cause of their resemblance with honey and because theycal components on the chromatographic column. An algae
are often mentioned as mimics for honey in adulteration rithm was developed to correct the spectra for this horizorsad
practices. shift. This is described ifsection 2.4of the materials andsos
With the chromatogram approach, PCA analysis on the methods. 305
total dataset of all relative peak areas of three honey types A PCA analysis on the corrected spectra did result irsa
(buckwheat, clover and orange blossom) and two sugar so-much better separation with PC1 and PC2 explaining 8985
lutions (beet invert and cane invert) resulted in a separationof the total varianceKig. 5B). Buckwheat honey did agairsos
between all products with PC1 and PC2 explaining 90% form an isolated group, this time separated from the rest
of the total varianceKig. 4). The clearest separation was along the PC1 axis. Separation among honey varieties aind
among pure honeys and pure sugar solutions along the PClksugars was recorded along the PC2 axis. Evaluation of the
axis. The corresponding loading plot revealed this separationcorresponding loading plots of PC1 and PC2 showed again
to be related mainly to components in the first part of the that the separation of buckwheat, which was dominatedaty
chromatogramKig. 1A and B, which were more prominent  PC1, was explained mainly by the contribution of the middie:
for the sugars than for the pure honeys. A further separationpart of the chromatogram. At this point in the spectrum the
was found among the individual pure honeys. This separa-loadings for PC1 were the highest. The separation amarg
tion was dominated to a much larger extent by PC2. This honeys and sugars was in turn determined by the beginrityg
reflected the very distinct aroma of buckwheat honey com- (0-2.5s) and end (5-10s) parts of the spectrum with the
pared to other honeys. Especially in the middle part of the loading plot of PC2 carrying the highest loadings at these
chromatogram (2.5-5s) a few very pronounced peaks werepositions. 320
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Fig. 4. PCA score plot of buckwheat honey, clover honey, orange blossom honey, beet invert sugar, and cane invert sugar, basB| onrahasegrams.
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uncorrected and (B): corrected full spectra.

From this analysis it appeared that both the chromatogramtially valuable to build classification models for honeys2
and spectral approach hold potential to classify different In this experiment classification models are built fags
types, which will be illustrated in the experiment described both data types. All models were calibrated on 64 meas

in the next paragraph.

3.2. Experiment 2: classification of different honeys and

sugar solutions with zNo%¥

In this experiment six honeys of different botanical

surements. Two independent measurements per haney
and sugar solution were used as an external validatien
set. 337
In the chromatogram approach, the 12 most abundaaat
honey volatiles were selected and used directly as explana-
tory variables in the discriminant analysis. This modeb

and/or geographical origins as in the previous experi- showed a good classification performance. All but one sf
ment and two sugar solutions were measured. The PCAthe 16 external validation samples were classified correcily.
analysis in experiment 1 has indicated that both the chro- Only one sample from the carrot honey was classifiedsia

matograms and the corrected spectral data are potenthe group of the clover honey.

344
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Fig. 6. Two dimensional CDA plot of buckwheat, clover, orange blossom, black locust, mint, and carrot honey, and beet and cane invert sugar based or
zNoséM corrected full spectra. Calibration measurements are depicted by filled symbols. Validation measurements are indicated by lighst colored and
dark bordered corresponding symbols.

345 In case of the corrected spectral data, it was not possi-observations. Results obtained indicated that the validation
346 ble to use the full spectra directly to perform the discrimi- measurements coincide with the corresponding calibratien

347 nant analysis. The number of variables (480) exceeded themeasurements, except for one carrot honey validation ot-
348 number of observations (80) considerably, resulting in an servation, which is classified among the clover honey abe

349 overfit. To resolve this problem data reduction techniques servations. This corresponds to a 94% correctly classified

350 such as principal components or canonical variable analy-external validation samples. 382

351 sis had to be applied first. A discriminant analysis based The zNos&M can, therefore, be considered sufficienthgs

352 on eight PC’s resulted in a good classification model, in sensitive to discriminate among the aroma of the differest

353 which, again, all but one of the validation samples were cor- honey varieties examined. In addition, the aroma fingerpriggs

354 rectly classified. The PCA data reduction has the disadvan-of adulterant sugars can also be discriminated from these
355 tage that linear combinations of the original variables are of pure honeys and also among different adulterants the fir-
356 constructed to describe the total variance in the data struc-gerprints are sufficiently unique to separate them from eaeh
357 ture rather than accentuating the sometimes very small dif- other. 389

358 ferences in spectral information between honeys. Canoni-

359 cal discriminant analysis offers a good alternative to over-

360 come this. In CDA, canonical variables (cv) are calculated, 4. Conclusion 390

361  which are also linear combinations of the original vari-

362 ables, but which maximize the ratio of between-groups vari-  In this work, the zNosE" was introduced as a new poterso1

363 ance over within-groups variance. Applying discriminant tial at-line technique to analyze the aroma of honey. Aroma

3e4 analysis on these canonical variables results in a discrim-fingerprints of 6 different honeys were sufficiently specifios

3es inant function, which enables classification of any future to discriminate these honeys based on their aroma compasi-
366 Mmeasurement depending on mahalanobis distance to grougion. With CDA, pure honey, and pure sugar solutions coust

367 Mmeans. be discriminated from each other, whether the data were @&p-
368 Twelve time points on the corrected spectra were visually proached as chromatograms with relative peak areas ossas
369 selected to calculate five canonical variables on which the full spectra, which were corrected for horizontal shifts. Vadss

370 discriminant analysis was conducted. This resulted again inidation of the discriminant models was done externally witbe

371 agood classification performance as illustratelim 6. In a an independent sample set. 400

372 two dimensional canonical variate plot, all honeys and sugar  This work clearly shows the potential of the zN&¥e 401

373 solutions can be visually discriminated. The calibration ob- as a fast aroma finger printing technique. With some future

374 servations are depicted in plain symbols and the externalwork on optimization of the experimental conditions ands

375 validation observations are indicated with a lighter and bor- extension to a broader range of honey types and origin ibe
376 dered symbol similar to the corresponding honey calibration zNosé™ has the potential for practical implementation. aos
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