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Olive oil has been characterized by rapid proton transfer reaction—mass spectrometry (PTR-MS)
headspace analysis without any concentration of the volatiles or pretreatment of the samples.
Comparison of extra virgin and defective (rancid) samples, as described by a panel of sensory judges,
and the monitoring of thermo-oxidation processes are discussed. Multivariate analysis of PTR-MS
data has been carried out and cross-validated, providing (i) reliable classification models for extra
virgin oil as opposed to defective oil and (i) calibration models able to predict independently thermo-
oxidative degradation and the corresponding peroxide value. PTR-MS fragmentation patterns of
volatiles considered in this study are also reported.

KEYWORDS: olive oil; proton transfer reaction = —mass spectrometry; lipid oxidation; peroxide value;
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INTRODUCTION as aldehydes, ketones, acid, alcohols, and hydrocarbons. Thus,
oxidation processes in oils produce an increase of the total

The complex _flavor of virgin olive oil is mainly due to a volatiles concentration and, in particular, of some specific
number of volatiles (aldehydes, alcohols, esters, and ketones)

compound such as hexandl0( 11). These compounds often

and phencl compoundsl (5. it has been stied thteC "cil SN ek 07 COc oo, ol v, and s
largely contribute to its green odor note8—@8). These € overall ql.JaI.'ty' From a sensory. p0|r_1t Of.V'eW the pleasant
compounds are produced through the lipoxygenase patiyay ( chargcterlsuc flavor of extra virgin olive oil changes and the
from linoleic and linolenic hydroperoxides. Their production rancid defect appears (12). i
is favored in comparison to that ofy@ompounds. Many d_lffer_ent app_roaches have been proposed for the_ rapid

Lipolysis and oxidation are the processes leading to the mostcharacterlzatpn of oll\(e oil aroma, ranging from the relatively
serious deterioration of olive oil. Lipolysis is a natural process slow bUt very informative ones based on GC methd@ja) to
that starts when the oil is still in the fruit and increases with the direct and fast analysis by electronic noskS; {4) or by
ripening due to the action of endogenous enzymes, whereag"'ass spec.trom_etryls). In these two latter cases the_ ab;ence
oxidation begins after the oil is extracted from the fruit due to of separatl_on IS pfartly compensated by the application of
the action of oxygen. Lipid oxidation involves a deterioration Chemometric techniques (13—15).
of the fatty acids, in particular the unsaturated ones, by oxygen In this paper, we have investigated the use of direct headspace
when catalytic agents (light, enzymes, metallic cations, etc.) areanalysis by proton transfer reactiomass spectrometry (PTR-
present. The first steps of lipid oxidation lead to the formation MS) as a rapid tool for flavor assessment of olive oil. PTR-MS
of hydroperoxides, very unstable compounds that are odorless/s a relatively new technique proposed some years ago by
colorless, and tasteless. Decomposition of hydroperoxidesLindinger and co-workersl6, 17). Its unique properties make
(advanced oxidation) yields secondary reaction products suchit useful for the rapid characterization of agroindustrial samples;
that is, it does not require sample pretreatment, it is not sensitive
to normal air constituents (no need of buffer gas), it is very
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0461 65 09 56; e-mail eugenio.aprea@iasma.it). fast and sensitive, and the induced fragmentation (in the
gllJASMA R,eslearcl? Ctlé(nter- ionization/detection process) is usually very low (chemical
#Cgﬁggﬁ;gaﬁ,;‘;}fmg;g delle Ricerche. information is retained).__So f_ar, this method has l_)e_en used to
O University of Bratislava. detect the effect of stabilization treatments on fruit juit8)(
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to classify strawberry cultivard ), to detect meat spoilageq),
to evaluate the effect of ozone treatment on meat microbial
contamination (21), to compare sensory and instrumental
descriptions of mozzarella chee&®), and to predict age28)

and to correlate instrumental measurements with sensory

attributes in Grana cheesg4(. Further studies suggesting its

Aprea et al.

Thermo-oxidation. Ten samples (6 blended and 4 monovariety
‘Frantoio’) of the 26 extra virgin olive oils were subjected to an
accelerated thermo-oxidation process. From each sample 3 to 4 bottles
containing 2.5 mL of oil were prepared (22 bottles containing blended
oil and 20 bottles containing ‘Frantoio’ oil), placed without closing in
a conventional oven at a temperature of 200and kept for different
times (up to 28 h). At each time two bottles (one for blended and one

usefulness for real-time and in vivo measurements have been, ‘Frantoio’) were randomly removed from the oven (avoiding

summarized elsewhere (25—27).

Here, the possibility to discriminate, by PTR-MS analysis,
extra virgin from rancid oils previously classified by a sensory
panel was evaluated. Moreover, the evolution of volatiles in

consecutive replicates of the same sample), cooled at room temperature
for ~20 min, closed with a silicon septum, and measured &fte as
described in the previous section.

Peroxide Value Determination.Determination of peroxide values,

the oil headspace during an induced thermo-oxidation processof the samples subjected to the thermo-oxidation process, was performed

was monitored, allowing correlation with peroxide values. PTR-

MS fragmentation patterns of pure standards of some of the

most relevant products formed during the oxidation process of
olive oils (28) are reported and were used, together with
literature data, for the tentative identification of the mass peaks
measured in the olive oil headspace.

MATERIALS AND METHODS

Olive Oil Samples. Twenty-six samples of extra virgin olive oil
and 10 defective olive oils from Tuscany (ltaly) were supplied by the
Trees and Timber Institute (Sesto Fiorentino, Florence, ltaly). All of
the extra virgin olive oil samples were properly obtained from fresh
mature fruits of good quality harvested from genetically controlled

by a FoodLab analyzer (CDR, Ginestra Fiorentina, Firenze, Italy; http://
foodlab.cdr-mediared.it). The FoodLab method is based on a colori-
metric reaction in which peroxides R—O—0—R oxidize thé'Fens.
These ions are complexed, forming a red color having an intensity,
measured at 505 nm, that is directly proportional to the concentration
of peroxides in the sample, expressed as mequivafgd*.
Fragmentation Patterns of Pure CompoundsChemical standards
(Sigma-Aldrich, Milan, Italy) were used to prepare 200 mL of the
following water solutions using glass bottles having a volume of 500
mL: acetic acid (300 mg t%; purity = 99.99+%), pentanal (4.2 mg
L% purity = 97%), trans-2-hexenal (2.3 mg 1; purity = 98%),
hexanal (4.9 mg t%; purity = 98%),trans-trans-2,4-heptadienal (113
mg L™%; purity = 88%), trans-2-octenal (3.8 mg1%; purity = 94%),
trans-2-nonenal (3.4 mg1; purity = 97%), nonanal (3.4 mg 1;

plants in November 2003. Nineteen of the samples were single-tree PUMity = 95%),transtransrl.2,4-d_ecadien%| (48.9 mg't; purity = 88%),
samples (monovariety cultivars: ‘Scarlinese’, 1 sample; ‘Frantoio’, 9 1-octen-3-ol (25.6 mg L purity = 98%), andtrans-2-decenal (4.5

samples; ‘Moraiolo’, 4 samples; ‘Grappolo’, 1 sample; ‘Seggianese’,

mg L% purity > 95%). To avoid saturation and to allow, at the same

1 sample; ‘Leccino’, 3 samples), whereas the others (7 samples) werelime, the detection of fragments at low concentration, solutions were

obtained by blending three or more cultivars (typically 70% Frantoio,
20% Moraiolo, and 10% other varieties). The defective samples (10
oils) were obtained from oil samples submitted to the sensory

prepared to produce a mixing ratio in the gas phase in the range of
1-5 ppm.
Dynamic measurement31) of the headspace formed upon the water

quantitative descriptive analysis (QDA) by the panel of the Chamber Solutions were performed. When a dynamic headspace analysis is
of Commerce of Grosseto (ltaly). Sensory profiles were determined performed, a stream of air passes through the solution, removing the

using a standard profile sheet, T20/Doc. N. 15/Rev.1, according to the Particles of the VOCs from the water phase to the headspace and

International Olive Oil Council method20). Only oils characterized

in this analysis by the presence of “rancid” defect alone (6 samples) or
in combination with “heated” defect (4 samples), with median values
of each defeck2.5 on a 10 cm linear scale were selected for the present

successively transporting them to the instrument inlet port. The
concentration of VOCs consequently decreases at a rate depending on
the air flow and volatility of the compounds. Moreover, when
fragmentation of the compound of interest occurs after its protonation

study. Thus, the chosen oils were characterized by a rather weakinto the reaction chamber, fragments will show the same time

intensity of the defect (29).
Headspace AnalysisThe measurements of volatile organic com-

dependence behavior as the parent ion. By observing the change in
concentration of all the masses, it is thus easy to identify parent and

pounds (VOCs) in the headspace of oil samples were performed usingffagment ions of the analyzed compounds and to distinguish these ions
a commercial PTR-MS system (lonicon GmbH, Innsbruck, Austria) [Tom impurities. The comparison of fragmentation data with sample

that allows on-line monitoring of trace components with concentrations
as low as a few ppt(17). Details on PTR-MS systems can be found in
refs 17 and 30.

For each sample 5 mL of oil was placed in a silicon-septum closed
glass bottle of 120 mL (Supelco, Bellefonte, PA). The bottles (prepared
in duplicate) were positioned in a water bath at°®8for 30 min for

spectra was used, together with literature data, for the tentative
identification of the oxidation products.

Statistical Analysis.PTR-MS spectra are high-dimensional vectors
(hundreds of masses) that can be more efficiently analyzed if the
dimensionality is reduced by suitable data compression methods such
as principal component analysis (PCA) and discriminant partial least-

conditioning and kept at this temperature during the measurement (toSquares (dPLS) (32). Following data compression, appropriate clas-
mimic the temperature used during sensory evaluation). The VOCs sification techniques can be performed to discrimitate groups of

released into the headspace were transferred through a heat¥d) (70
capillary line (uncoated deactivated fused silica tubing with an inner
diameter of 0.25 mm; Supelco) directly into the drift tube of the PTR-
MS at a rate of 10 cis™. The headspace was replaced by a flow of
pure nitrogen gas (SOL s.p.a.; purity 99.999%). Details on this
sampling method can be found in rE8. The samples were measured
in random order to avoid memory effects, and nitrogen was flushed,

observation. Among the different procedures available, linear discrimi-
nant analysis (LDA) and canonical variate analysis (CVA) (33) were
applied for data classification in this study.

PCA, dPLS, and CVA, already tested on PTR-MS spect8a 19,
23), were implemented by means of the software Win-DAS (John Wiley
& Sons, Ltd., Chichester, U.K., 1998). The PLS1 model was developed
and validated by the software The Unscrambler 8.5 (Camo Process

for ~5 min, between two consecutive samples to clean the transfer AS, Oslo, Norway). Correlations and LDA were performed by the

line.

software package Statistica 5.1 (StatSoft, Inc., Tulsa, OK).

The mass spectrometric data were collected over a mass range of

m/zfrom 20 to 260 amu using a dwell time of 0.2 s per mass under
drift tube condition of 126-130 Td (Td= Townsend; 1 Td= 107"V

cn? mol™) and, after blank subtraction, converted in ppb by the
relationship reported in ret7. Each sample was measured for six

RESULTS AND DISCUSSION

Defective versus Extra Virgin Olive Oils. PCA of the full
PTR-MS data without any data conditioning is showifrigure

cycles; after the start of the measurements, the first two cycles were 18. A relatively good separation of the defective oil samples is
skipped, and then the data of the next four were averaged and used foevident using only two PCA scores. However, the variability

further data analysis.

associated with the first component does not allow a clear
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Figure 1. PCA plot: (a) first and second scores of the PCA in correlation mode performed on extra virgin (M) and defective olive oils (O), using the
whole PTR-MS spectra from m/z 20 to 260 (explained variance given in parentheses); (b) PCA as in panel a after the removal of the signal at m/z 33.
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(defective), the evolution of the whole headspace VOC profile
during an accelerated thermo-oxidation process was monitored.
The first two components of the dPLS calculated in the
exploratory phase (Figure 2) were used to build a model based
on CVA with the purpose to be used as predictive tool for the
samples subjected to the thermo-oxidation process. The CVA
model data obtained from the spectra of oils heated for different

times are plotted irFigure 3b, referring to ‘Frantoio’ mono-
variety oils, which seem to be more scattered than data of
blended oils shown ifrigure 3a. Looking in detail aFigure

3b (where samples of the same production batch are represented
by the same symbol), it can be seen that data of different
production batches are shifted along the time axis compared to
each other. That means the oxidation process exhibits a similar
evolution for all of the samples of the ‘Frantoio’ variety

Figure 2. Plot of the first and second scores of the dPLS analysis
performed on extra virgin (M) and defective olive oils (O), using the whole
PTR-MS spectra from m/z 20 to 260. The explained variance is given in
parentheses.

independent from production batch. Furthermore, data suggest
the existence of a different “lag phase” after which the oxidation
follows the same kinetics. These different stabilities with respect
to the oxidation could be due to a different content of antioxidant
in the oil samples35, 36). This is an interesting hint indicating
the possibility of evaluating and comparing the oxidation
resistance of different oils.

separation of the rancid samples. This component (data not
shown) is characterized by the presence of a peak/aB33
(methanol). The removal of this peak allows a clearer separation o o .
of defective samples using only the second comporfégtite Pea}k Identification of Oxidation Prqducts. Com_parlso_n of

1b). Moreover, a supervised technique such as dRBSgeems peroxide value_s and headspacg proflles of the 0|I§ subjec_:ted to
to be more appropriate to address the present data because tHbe thermo-oxidation process |.nd|cates that the intensities of
difference between extra virgin and defective oils is not the Several PTR-MS peaks are highly correlated with peroxide
major source of variability. This technique is indeed able to value. Ten masses were found to have a correlation coefficient
more clearly separate defective samples (Figure 2) with 100% ' = 0.9, thatism/z125,r = 0.97;m/z143,r = 0.96;m/z111,
correct classification using LDA (Mahalanobis distance) on only ' = 0.94;m/z103,r = 0.92;m/z61,r = 0.92,m/z127, 101,

two dPLS scores. It is worth noting that only 32% (22% from 97, and 73,r = 0.91; andm/z 109, r = 0.90. Tentative

the first component and 10% from the second component) of |dentlf|cat|on.of the volatiles responslble for t.hese masses was
explained variance is related to the presence of the rancid@chieved using data from a long-time on-line measurement
attribute. Cross-validation (34) was used to check the ability of during thermal oxidation (75 h at 8; data not discussed in

the mode| to proper'y C|ass|fy unknown Samp'es For the th|S Work) Of OliVe O|I and data on PTR'MS fl’agmentation
reduced number Of Samples Of our model a |eave_0ne_0ut pattern Of ﬂaVOr Compounds measured |n th|S Study as We” as
procedure was followed: one sample was removed from the fragmentation reported in the work of Buhr et 7.

data set, and a model, built with the remaining samples using In Table 1the measured pure compounds are listed with (i)
the first and second dPLS scores, was used to classify it, andtheir measured fragmentation patterns obtained by normalizing
the procedure was repeated for each sample. To ensure dhe most abundant mass fragment to an intensity of 100 and
complete independence of the test samples from those used tdii) their associated sensory properties obtained from the
build the model, both replicates of a sample were removed at aliterature (28,38—40). The most correlated massegz 125

time. Cross-validation provided that every sample was correctly and 143, are fragments of nonanal; the other masses related to

identified (100% correct classification).

Time—Evolution of Headspace Concentration during
Induced Thermo-oxidation. For the possibility to easily
discriminate between extra virgin oils (good) and rancid oils 39, nonanal concentration increases in virgin olive oil during

this compound present in its fragmentation pattern unfortunately
overlap with masses from other compounds and thus are not
useful as nonanal markers (Table 1). According to 28sand
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Figure 3. CVA model data of thermo-oxidized olive oils using the first two components of the dPLS data of extra virgin and defected olive oils. Hatched
areas indicate 95% confidence region for the two classes: extra virgin and defective (training data): (a) @, blended oils (test data); —, first-order
exponential fit; (b) different symbols indicate different batches of ‘Frantoio’ oil variety (test data); —, first-order exponential fit of blended oil data.

Table 1.

volatile compound MW fragmentation pattern? sensory properties
pentanal 86 69 (100); 41 (21); 87 (7); 57 (5) woody, malt, pungent
trans-2-hexenal 98 57 (100); 99 (54); 81 (20) sweet, fruity, green, leaf
hexanal 100 83 (100); 55 (50); 101 (5) grass, tallow, fat
trans-trans-2,4-heptadienal 110 111 (100); 93 (12); 67 (6); 43 (5) fat, rancid hazelnut, cinnamon
heptanal? 114 97 (100); 55 (49); 115 (8); 69 (6) oily, fatty, woody, nutty
trans-2-octenal 126 109 (100); 127 (97); 57 (33);67 (13) green, nut, fat, spicy
octanal® 128 69 (100); 111 (95); 129 (27); 41 (8); 55 (6) fatty, sharp, citrus
trans-2-nonenal 140 141 (100); 123 (82); 81 (36); 67 (15) orris, fat, cucumber, wax
nonanal 142 69 (100); 83 (35); 57 (26); 143 (24); 41 (17); 55 (15); 125 (12) fat, citrus, green, paint
trans-trans-2,4-decadienal 152 153 (100); 135 (8) seaweed, fat, citrus
trans-2-decenal 154 155 (100); 81 (80); 137 (74); 95 (70); 67 (20); 41 (17) paint, fish, fat
1-octen-3-ol 128 69 (100); 111 (95); 129 (14); 55 (6); 57 (4) mushroom
acetic acid 60 61 (100); 43 (12) pungent, vinegar

aData in parentheses are normalized to the most abundant ion. © Data on fragmentation pattern are from Buhr et al. (37).

oxidation. It is a secondary oxidation product that derives from of compounds with a different biochemical origin such as
the homolytic g-scission of the 9-hydroperoxide and 10- hexanal (m/83 and 55) 28). The latter ones, even if initially
hydroperoxide oleate, two primary oxidation products, and its present in extra virgin olive oil together with other saturated
odor is described as fatty, waxy, and pair®g). The signal at aldehydes, increase during the oxidative process and are
m/z111 is a common fragment from octanal, which originates responsible for the rancid defect (28).

from f-scission of the 11-hydroperoxide oleate and also of  cjjipration to Peroxide Values. It is interesting to note,
1-octen-3-ol, a product of further oxidation. Fragmentsnét with reference tdFigures 3aand4, that the record of the time
97 and 101, respectively, are possible markers for heptanalg, o tion of a single mass produces a quite noisy patfgue
originating from 11-hydroperoxide linoleate and hexanal orig- 4), but the supervised compression of the information brought
inating from 13-hydroperoxide Iinolea.te.. The signardz 127 by all masses produces a timevolution pattern with very
could_be a measure of _2-octenal originating from 11-hy(_iro- reduced noiseHigure 3a); that is, multivariate calibration allows
pe_rox_ld_e linoleate. The signal at'z61 is a measure of acetic clearer description of the chemical modifications induced by
acid (itis reasonable to exclude acetate esters, the fragments 0gxidation. This allows one to calibrate the PTR-MS information

which could contribute the intensity of this peak). . ] . . I
> . with the measured peroxide value to obtain a rapid, sensitive,
Many other masses change significantly during the thermo- and nondestructive tool for peroxide value estimatiorkigure
oxidation process even if they are not correlated with the 5the increase of the eroxi?je value durin theinducéd thermo-
peroxide value. As an exampl&igure 4 shows the time S ep 9
d oxidation process is shown. PTR-MS headspace spectra were

evolution ofm/z99, 81, 83, and 55. These peaks are relate used to build a predictive model for the peroxide value based
41) to the hexenal familyni/z99 and 81) and to the hexanal .
(41) X lynt/z ) X on the PLS1 procedure. The best PLS1 model, with the

(m/z83 and 55). In fact, mass 99 is strongly correlated( . e
0.99) only with masses 100 (natural isotopic ratio of mass 99), minimum root square mean error of prediction, .lncludes.13 PLS
81, and 82 (natural isotopic ratio of mass 81), with a ratio of SCOres and accounts for 94.8% of the explained variance in
m99/m81 compatible with that indicated by Fall et a1 for validation. The modelRigure 6) provides a good estimation
2-hexenal and 3-hexenal. Mass 83 is correlated (-99) with of the peroxide value b_oth in calibrationq{R 0.998) and in
masses 84 (natural isotope), 55, and 56 (natural isotope of mas&€@ve-one-out cross-validation {& 0.932).

55), suggesting, after Fall et akX), that it is related to the As far as we know this is the first study on the application
hexanal family. A strong decrease of some masses related toof direct headspace measurement of olive oil by PTR-MS. This
compounds initially present in the oil, for example, the hexenals rapid method produces a spectrometric fingerprint that allows,
(m/z81 and 99), is thus observed with a concomitant increase when coupled with chemometric techniques, the classification
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Figure 4. Time—evolution of the intensity of selected peaks related to the hexanal (m/z 55, 83) and hexenal families (m/z 81, 99) during thermo-oxidation

(110 °C) of olive ail.
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Figure 6. PLS1 estimation of the peroxide value based on PTR-MS data
versus measured peroxide value.

of rancid oils against extra virgin oils in accordance with results
by a panel of trained judges.

In this study it is shown that it is possible to follow thermo-
oxidation by direct headspace volatile monitoring. Many PTR-

MS peaks are strongly correlated with the independent deter-

mination of the peroxide value, the most correlated being those
associated with aldehydes, in particular those arising from
p-scission of hydroperoxides and associated with the sensory
defect of rancid smell. On the contrary, other masses related to
important quality traits of olive oil decrease during the thermo-
oxidation process. Multivariate calibration of PTR-MS data
allows the accurate determination of the peroxide value,
providing a fast, sensitive, and nondestructive tool for peroxide
determination.
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