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Detecting and Quantifying Sunflower Oil Adulteration in Extra
Virgin Olive Oils from the Eastern Mediterranean by Visible and
Near-Infrared Spectroscopy
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One hundred and thirty-eight oil samples have been analyzed by visible and near-infrared
transflectance spectroscopy. These comprised 46 pure extra virgin olive oils and the same oils
adulterated with 1% (w/w) and 5% (w/w) sunflower oil. A number of multivariate mathematical
approaches were investigated to detect and quantify the sunflower oil adulterant. These included
hierarchical cluster analysis, soft independent modeling of class analogy (SIMCA method), and partial
least squares regression (PLS). A number of wavelength ranges and data pretreatments were
explored. The accuracy of these mathematical models was compared, and the most successful models
were identified. Complete classification accuracy was achieved using 1st derivative spectral data in
the 400—2498 nm range. Prediction of adulterant content was possible with a standard error equal
to 0.8% using 1st derivative data between 1100 and 2498 nm. Spectral features and chemical literature
were studied to isolate the structural basis for these models.

KEYWORDS: Olive oil; adulteration; classification; quantification; sunflower oil; SIMCA; partial least
squares regression

INTRODUCTION result of the natural variation inherent in olive oil samples arising
from differences in geographical origin, effects of weather
during growth and harvesting, and so forth. Analytical methods
investigated include determination of fatty acid profiles by gas
liquid chromatography4), high-pressure liquid chromatography
(8, 9 measurement of slip points and iodine valukg) (stable
carbon isotope ratio analysidl), and pyrolysis mass spec-
cold pressing techniques. They are the most sought after ontrometry (2). These tec_hniques are time-consu_ming, expensive_,
and generally destructive of the sample material. Spectroscopic

account of their organoleptic and nutritional propertigsand techni have advant in terms of d and expen ;
are therefore the most expensive grades. For this latter reason echniques have advantages in terms of speed and expense pe

they are a potential target for adulteration or mislabeling. The test. R?mar(lj](SE)),_;I‘tlriwolet I(Il‘tl)) m|d£|ndf_ra(riefd Q.tt51—18), atr_lf(_i
main adulteration issue involves addition of other cheaper oils tr}ear-lp rgr?t 1 i ) have all been studied for the quantifica-
(3—5), such as sunflower oil; this is similar in composition to lon of adufterants. -
olive oil and is often cultivated on the same farms. A significant Ne_ar-|_nfr_are(_j Spectroscopy has als_,o _demc_)nstrqted a Cap‘?‘b""y
labeling issue involves false claims concerning the geographicfor discrimination between.sets of similar biological materials
origin of an olive oil. A report on the efficacy of visible and Suc_h as WréeatTfquurZQ, mlllé_powders 2h6’ 29, anq |COfffe§|R
near-infrared spectroscopy in addressing the latter issue is invarieties R8). IS paper discusses the potential of NIF
preparation (Downey et al., unpublished data) technology (a) for discriminating between authentic extra virgin
The main strategy for detecting adulteration in olive oils has olive oils apd the same oils .a(;|ulterated by the addltlon.of
been to compare the chemical compositions of suspect sample§unﬂ0\’ver oil and (b) for quanﬂfym_g the level of sunflower oil
with the identity characteristics of olive oil grades promulgated adulterant present. These questions were addressed by the

i : : application of soft independent modeling of class analogy
by the European Commissiof (7). This task is complex, as a (SIMCA) and partial least squares regression (PLS1) techniques.

In 1994-95, olive oil represented approximately 3% of the
world oils and fats market with~75% of global production
taking place in Mediterranean countrieg.(Olive oils (from
Olea Europa satia) are marketed according to the process used
for their extraction 2). Virgin olive oils (extra virgin, virgin,
ordinary virgin, and lampante virgin) are produced using only

* To whom correspondence should be addressed. Teleph6f83.1.

8059500. Fax:+353.1.8059550. E-mail: gdowney@nfc.teagasc.ie. MATERIALS AND METHODS
T Teagasc. . . . . .
+ University of Glamorgan. Samples.Olive oil and sunflower oil (not high oleic) samples were
§ Creon Lab Control. collected as part of a European Union supported research pra@rt (

10.1021/jf0257188 CCC: $22.00 ~ © 2002 American Chemical Society
Published on Web 08/28/2002



Sunflower Oil Adulteration in Extra Virgin Olive Oils J. Agric. Food Chem., Vol. 50, No. 20, 2002 5521

log 1R

08
Sunflower oil
06
0 5 P . ce o : B G - . e
04
03
02 . Lo vee Y e TR

01

- Wavelenath (nm)

0 500 1000 1500 2000 2500

Figure 1. Visible and near-infrared transflectance spectra of authentic and adulterated extra virgin olive oil samples (n = 138) plus authentic sunflower
oil (offset for clarity).

they were collected at random from farm lots at oil mills in the three cross-validation was used to develop and evaluate these regression

eastern Mediterranean regions by Elais S.A. (Peireus, Greece) and storedhodels; model accuracy was assessed using the root-mean-square error

at —18°C for 3 months. A total of 138 samples were available in this of prediction.

work. These comprised 46 authentic extra virgin olive oils from Greece ~ Models were developed using three wavelength ranges:-2498

and these same 46 samples adulterated by the addition of 1% (w/w)nm, 400-750 nm (visible), and 11002498 nm (near-infrared). The

and 5% (w/w) authentic sunflower oil. Samples were thawed at room data pretreatments examined were none and 1st and 2nd derivatives

temperature and stored for a further 3 months at248°C in screw- (32); these were calculated using the Savitzkyolay method and used

capped glass vials in the dark prior to spectral acquisition. two data points on either side of the measurement wavelength. In all
Near-Infrared Spectroscopy. Visible and near-infrared transflec- ~ cases, only optimal models, that is those using the number of

tance spectra (4662498 nm) were recorded on a NIRSystems 6500 Components or loadings which produced t_he first local m_inimum in_

scanning monochromator (FOSS NIRSystems, Silver Spring, MD) fitted the prediction error versus number of loadings plot, are discussed in

with a sample transport accessory. Samples (0.5 mL approximately) this paper.

were placed on the inside of the quartz window of a 0.1 mm path length

camlock cell (part number IH-0355-1); this accessory is fitted with a RESULTS AND DISCUSSION

circular quartz window and a gold-plated backing plate. The backing

plate is constructed with flanges around its rim to produce the exact ~Spectra. The visible and near-infrared spectra of all oil

path length specified. Gaps in this flange permit the egress of excesssamples are shown iRigure 1. As a quality control measure,

sample to the rear of the plate. Instrument control and initial spectral the repeatabilities of these spectral recordings were measured

manipulation were performed with WinISI Il software (v1.04a; Infrasoft by calculating the root-mean-square of the difference between

International, Port Matilda, MD). Oil spectra were recorded at an replicates; mean values for segment 1 #QQ00 nm) and

ambient temperature of between 18 and"24 Between samples, the  segment 2 (11002498 nm) were 2500< 106 absorbance

sample cell components were washed with detergent in warm water it These values are similar to the within-day repeatability

and rinsed with tepid tap water and then with distilled water at room reported previously 24), although these latter authors used

temperature. Cells were dried using paper tissue. Oil samples were a0l . .
scanned in duplicate, with the mean spectra being used in all subsequen?#ebriits of the spectral range 1 98 nm in their measure

calculations.

Chemometrics. Raw spectral files were exported from WinISI in Absorption maxima are clearly evident at 450, 6,72’ 1210,
JCAMP.DX format @0) as described in re81 and then imported into 1722, 1760, 2310, 2346, and 2386 nm together with smaller
Pirouette (v. 3.02; Infometrix Inc., Woodinville, WA) and The absorption bands seen at 2124 and 2144 nm. Bands around 1200
Unscrambler (v 7.6; CAMO A/S, Oslo, Norway) for data analysis. nm arise from 2nd overtones of< stretching vibrations24)
Spectral data were examined for unusual or outlying samples by while those at 1722 and 1760 nm are attributed to the first
principal component analysis (The Unscrambler). Preliminary analysis overtone of C-H stretching vibrations of methyl, methylene,
of the data set for natural groupings was performed by hierarchical and ethylene groups. Oleic acid has been reported to absorb at
cluster analysis in Pirouette. Classification was by single-category 1725 nm 0) while saturates and trans-unsaturated triglycerides
S_IMCA (soft independ.ent.modeling of class analogy) also using have absorption maxima at 1725 and 1760 B8).(Absorbances
Plrouette;_ full cross;valldatlon was used to dgv_elop models. Sam_ples at 2310, 2346, and 2386 nm arise from combination bands
were assigned to either a calibration or prediction set on the basis of arising from G-H stretching vibrations and other vibrational

their positions in the main spectral file; that is, even-numbered samples .
were used for model development, and odd-numbered samples weremOdes' Smaller peaks at 2124 and 2144 nm have been ascribed

used for model evaluation. Unless otherwise stated, all classification to the presence of cis double bor}@)( )

results are at the 95% confidence level. Quantification of sunflower A spectrum of pure sunflower oil is also shownFigure 1;

oil adulteration levels was by partial least squares regression (PLS1)this spectrum is offset by-0.3 absorbance units for clarity. It

in The Unscrambler; no outliers were removed during calibration. Full is readily apparent that no significant difference exists between
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21 Table 1. Summary SIMCA Classification Results for the Entire Oil
Sample Set (n = 115)2

wavelength  data  no.of PCsin samples false false
range (hnm)  type  optimal model correctly classified negatives positives

0z

400-2498  raw 5 112 0 3
1st der? 5 115 0 0
2nd der° 10 97 0 18
400-750  raw 3 113 0 2
e A 1st der® 3 80 0 35
2z 2nd der® 9 66 0 49
1100-2498 raw 2 97 3 15
1st der? 5 112 3 0
2nd der® 4 112 3 0
e 2 Model developed using 50% (n = 23) of unadulterated olive oils. © 1st

derivative. ¢ 2nd derivative.

adulterated at the 1% level. Detection of such natural groupings
- suggests that discrimination between at least some of them may
be possible.

Classification. Forty-six (46) of the samples comprised
unadulterated extra virgin olive oils. A principal component
model to describe this oil type was developed using half of these
samples, that is every alternate such sample in the spectral file.
Models were developed using raw, 1st derivative, and 2nd
derivative spectral data. These models were then deployed to
classify all of the oil samplesn(= 138). Summary data
describing these models and their performance are shown in
Table 1 With the exception of the 1st and 2nd derivative spectra
for the 1100-2498 nm range, all of the authentic olive oils were
correctly identified. False positive results (i.e. when an adulter-
ated sample is classified as authentic) represent a serious
classification error. The use of derivatives of visible spectral
it and the olive oil spectra that can be detected by the nakeddata produced a very high level of such errors. Overall, the best
eye. Olive and sunflower oils differ in their composition model derived was that prodl_Jced by a 1st derivative treatment
principally in their content of linoleic and oleic acids. In the ©f Spectral data over the entire wavelength range; this gave a
case of olive oils, typical figures for these are 12.3 and 66.3%, 100% correct classmcatlon.at the 99% probability Ie\{el. Models
respectively: for sunflower oil, mean values of 66.2 and 25.1%, Pas€d on 1st and 2nd derivatives of spectral data in the range

respectively, have been quote®5(. Spectral differences 1100-2498 nm produced models of similar accuraonly 1

between these oils have been reported in the mid-infrared regionfalse negative and no false positives.

around 912 cmt. Repetition of_ this_ classification study using all of_ the
unadulterated olive oils for SIMCA model development did not
principal component analysis on data in the three wavelength changg thg overall pattern of result.s.. The majn vqriation was a
ranges did not reveal any unusual or outlying samples reduction in the number pf false positive cla55|f|c§t|ons for eaph
’ ) ) ) model. The number of principal components required to describe
Hierarchical Cluster Analysis. The presence of natural the various SIMCA models exhibited a variation 1 when
groupings in the spectral collection was evident when data in ysing the completen(= 46) or attenuatedn(= 23) sample
the wavelength ranges 46@498 nm, 408-750 nm, or 1106 calibration set.
2498 nm were studied. Best results were obtained using an o anification. Quantification of the sunflower oil contents
incremental linkage clustering metha86f which uses a sums ¢ the adulterated oil samples was performed using PLS1
of squares approach in calculating intercluster distances. Thisyegression. As in the qualification study described above, raw
method minimizes dispersion within groups and favors the ang derivatized spectral data were investigated separately. A
formation of small clusters of approximately equal size. Experi- summary of the results is shown Trable 2. These show that
ence has shown that the centroidal methods, incremental inthe visible wavelength range produced the least accurate
particular, are more adept at finding clusters when groups prediction equations, irrespective of data pretreatment. Overall,
overlap, contain roughly equal numbers of similar samples, and the best prediction results were obtained using either raw spectral
are shaped as ellipsoids rather than long strands (S. Ramosgata in the 4062498 nm range or 1st or 2nd derivative data in
Infometrix, personal communication). Using raw data in the the 1108-2498 nm range; these models produced a root-mean-
400-2498 nm wavelength range, a dendrogram revealing threesquare error of prediction approximately equal to 0.8% and a
clusters at a similarity value of 0.365 is shownFHigure 2. correlation coefficient equal to 0.93. Detailed study of these
Examination of the samples contained in each grouping showsregression models revealed that the use of 1st derivative data
the leftmost and middle groups to comprise olive oil adulterated in the wavelength range 116@498 nm may prove to be the
with 5 and 1% w/w sunflower oil, respectively; some overlap best choice. The optimum number of loadings to be used was
occurs between these two groups. The group on the extremeclearer with this data set, and an obvious segregation of the
right comprises pure extra virgin olive oils and some oils unadulterated versus adulterated samples was apparent in the

08
1

Figure 2. Dendrogram of entire oil data set showing three natural
groupings at a similarity value of 0.365 (400—2498 nm wavelength range;
raw data; incremental linkage method).

Examination of 2-dimensional scores plots following a
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Figure 3. Sample scores plot on PLS loadings 1 and 2 (1st derivative spectral data; 1100-2498 nm; E = pure olive oils; 1 = 1% w/w sunflower
adulteration; 5 = 5% wiw sunflower adulteration).
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Figure 4. PLS regression of predicted vs actual sunflower oil content in authentic and adulterated extra virgin olive oil samples (n = 115; 1100—2498
nm wavelength range; 1st derivative pretreatment).

multivariate space defined by the first two PLS loadirfgigyre
3). A graphical display of the regression produced using this

Table 2. Prediction of Sunflower Oil Content in Adulterated Olive Qils?

model is shown irFigure 4. Given that the range in sunflower wavelength data no. of loadings in i
oil content of this data set is equal to 5.0%, the range/error ratio __ange (nm) type optimal model RMSEP R°
(RER) for this optimal calibration is calculated to be 16. This  400-2498 raw 8 0.79 0.93
indicates that it is suitable for practical use. The limit of %ﬁtdddeér Z g'gg 8'22
dgtection of sunflower oil adulteration is equal to 1.6% using  450-750 raw 2 142 0.75
this model. 1st der 4 1.06 0.87
PLS loadings 1 and 2 and 3 and 4 are showiFigures 5 2nd der 2 145 0.74
; . 1100-2498 raw 8 0.9 091
and6, respectively. Loadings 1 and 2 account for 61 and 34% 1st der 9 0.8 0.93
of the variance in spectral data, respectively, together with 39% 2nd der 7 0.78 0.93

and 11% of theY data (sunflower oil content), respectively.
These loadings mainly utilize spectral data in the regions around

1200, 1400, 1700, and 2300 nm. Given the general similarity error of prediction. ¢ Correlation coefficient.

a Partial least squares regression with full cross-validation. ® Root-mean-square
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