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the commercial value of olive oil is considerably higher 
than other vegetable oils such as sunflower and corn oil. on 
account of increased public awareness about the health and 
nutritional benefits of olive oil in recent years, the adulteration 
of olive oil with relatively cheap edible oils becomes economi-
cally attractive. as a result, the determination and detection 
of adulterants in olive oils has become a very important issue 
for food safety and protection of consumers. a number of 
fraudulent attempts at marketing adulterated olive oils have 
stimulated regulatory authorities and researchers to develop 
fast and reliable analysis methods. among these, chromato-
graphic analysis permits the detection of adulterants in olive 
oils even at very low levels. In a detailed study about olive oil 
adulteration with sunflower, corn, peanut and coconut oils, 

gas chromatography (Gc) coupled with mass spectrometry 
(MS) was used for the analysis of the lipid fractions.1 Both 
qualitative and quantitative analyses were performed in order 
to determine both the type and the amount of the adulterant in 
olive oil samples and it was reported that the prediction ability 
of the models were around 90%. recently, a review of the use 
of phytosterols as a tool for detection of olive oil adulteration 
by hazelnut oil was presented using Gc and Gc-MS2 which 
focused on the lower detection limits of adulterants in olive 
oils, reported to be as low as 2% by mass. a comparative study 
about differentiating virgin olive oil from olive oil samples 
adulterated with vegetable oils based on volatile composi-
tion was reported.3 Several chromatographic methods were 
widely used for the determination of olive oil adulteration.4–6 
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In  addition, various physical and chemical analytical methods 
used for the purpose of establishing the authenticity of olive oil 
and detection of adulterants7–9 have been reported.

although chromatographic methods offer high sensitivity 
and accuracy, they are somewhat time-consuming and rela-
tively expensive when compared with spectroscopic methods 
which offer faster and cheaper analysis.10–14 near infrared 
(nIr) spectroscopy finds widespread use in many different 
fields such as process monitoring,15 biotechnology16 and in the 
pharmaceutical and food industries.17 determination of olive 
oil adulteration with vegetable oils using nIr spectroscopy 
coupled with multivariate calibration has been reported in a 
number of previous studies.18–23 Because nIr offers on-line, 
non-destructive and non-invasive determination of concentra-
tions in multi-component mixture systems, it has become very 
popular for simultaneous chemical analysis. nIr  spectroscopy 
is based on the absorption bands observed within a range 
between 780 nm and 2500 nm, which arise from overtones and 
combinations of fundamental mid-Ir molecular vibrational 
bands. all of the vibrational modes can produce overtones but 
the most commonly observed bands arise from the c–H, o–H 
or n–H bonds in molecules.

Modern spectroscopic techniques offer fast analysis that 
can generate hundreds of spectra in a short period of time 
for multi-component samples. However, univariate calibration 
techniques fail to produce optimum results for those types 
of data as the components of the mixtures generally produce 
severely overlapping signals. cases like this require a multi-
variate calibration approach in which instrumental responses 
measured at multiple wavelengths are related to a chemical or 
physical property of a sample even though it contains multiple 
components. In the last couple of decades, chemometrics and 
advanced computer technology have resulted in the develop-
ment of several multivariate calibration techniques.24–27

Inverse least squares (IlS) is a multivariate calibration 
method based on the inverse Beer’s law in which the concen-
tration of an analyte is modelled as a function of absorbance. 
on the other hand, full spectral information collected from a 
spectroscopic technique produces hundreds of data points, if 
not thousands, for a given sample and often this spectrum 
contains many regions with collinearities and some amount of 
noise. In addition, it also contains absorbance regions in which 
the signal is not exactly linearly related to the concentration of 
the component being modelled. In these cases, IlS may not 
offer efficient solutions for a given problem with whole spec-
tral information and, therefore, it might be necessary to apply 
a variable selection before the modelling step. among several 
methods of variable selection, genetic algorithms (Gas) offer 
fast and efficient solutions for certain problems.28–33 Genetic 
inverse least squares (GIlS) is a modified version of the IlS 
method in which a small set of wavelengths is selected from 
a full spectral data matrix and evolved to an optimum solution 
using a Ga. a detailed description of the GIlS algorithm has 
been given in a number of reports elsewhere.34–36

In an earlier study, we applied nIr spectroscopy for the 
determination of olive oil adulteration in ternary mixtures of 

olive oil with corn and sunflower oil.35 this study focuses on 
the determination of olive oil adulteration with other vegetable 
oils namely soybean, canola and cotton oil in addition to corn 
and sunflower oil in binary, ternary and quaternary mixtures of 
these oils using nIr spectroscopy in conjunction with genetic 
algorithm based multivariate calibration. the aim was to 
develop robust calibration models for the components of the 
mixtures regardless of the type of adulterant and the number 
of  adulterants being used in a possible attempted fraud. the 
GIlS method was used to establish calibration models with 
high predictive ability for the components of oil mixtures. In 
addition, selectivity of Ga used in GIlS was also investigated by 
obtaining the frequency distribution of selected wavelengths 
over the whole spectra of the samples.

Experimental section
olive oil and other vegetable oils (corn, sunflower, canola, 
soybean and cotton) were obtained from local grocery stores. 
Mixtures of vegetable oils with olive oil were prepared in 
binary, ternary and quaternary mixtures using a random 
design giving a total of 160 samples. concentration profiles 
of the samples in binary, ternary and quaternary mixtures of 
olive, corn, sunflower, canola, cotton and soybean oils are 
given in tables 1–3. among these multicomponent mixtures, 
binary sets of olive and cotton oils and olive and soybean 
oils contained 30 samples each as given in table 1, whereas 
ternary mixtures of olive, cotton and soybean oils were 
formed with 50 samples as shown in table 2. the quaternary 
mixture set formed from olive, sunflower, corn and canola 
oils which contained 50 samples is given in table 3. Synthetic 
mixtures were prepared with a random design strategy in 
which concentrations of olive, corn, sunflower and soybean 
oils ranged from 0.0% to 100.0%, whereas the concentra-
tion of soybean and cotton oil were kept at 40.0% by mass in 
the mixtures. Because of possible correlation problems, an 
additional independent validation set with 30 samples was 
also prepared from olive, corn, sunflower and canola oils 
in such a way that one component concentration was kept 
constant while others were ranged between 10% and 50% by 
mass. concentration profiles of these samples are given in 
the results and discussion section along with the predicted 
concentrations by GIlS.

Spectra were collected using a Bio-rad excalibur ftS 
3000 nX fourier transform near Infrared spectrometer 
(Bio-rad laboratories europe ltd, Hemel Hempstead, Herts, 
uK) between 4000 cm−1 and 10,000 cm−1 with a resolution of 
16 cm−1. this spectrometer was equipped with a 250 W tung-
sten–halogen source, a calcium fluoride beamsplitter and 
a lead selenide detector. the measurements were carried 
out using 5 mm pathlength infrasil quartz sample holders 
(Starna, atascadero, ca, uSa). all spectra were then trans-
ferred to a computer for data processing. the GIlS method 
was written using MatlaB programming language (Matlab 
5.3; MathWorks Inc., natick, Ma, uSa).
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Results and discussion
Most of the olive oil adulteration studies using nIr spec-
troscopy18–20 reported in the literature have been concerned 
with two- or three-component mixtures. this results in some 
limitations in the use of the calibration models as the type 
and the number of adulterants in a real sample would be 
different from one case to another. In fact, there would be 
no prior information about the nature of the adulterant in a 
given unknown sample and, thus, a successful calibration 
model should be able to predict at least the amount of olive 
oil in unknown samples regardless of the other components 
in the suspected sample. therefore, this study aimed at 
determining the amount of olive oil in several binary, ternary 
and quaternary mixtures of olive oil with various vegetable 
oils, namely corn, sunflower, canola, soybean and cotton oils. 

Mixtures that contained more than four components were 
also prepared; however, it became apparent that the success 
of the models was greatly reduced when samples containing 
more than four components were introduced into the calibra-
tion step. the reason for this can be seen when pure compo-
nent spectra of these oils were examined. figure 1 shows 
the nIr spectra of pure olive oil along with the vegetable oils 
used in this study.

the pure component spectra of all the vegetable oils were 
quite similar to the olive oil spectrum. only minor differences 
in spectral absorbance values may be seen on closer examina-
tion of the frequency range between 4800 cm−1 and 4500 cm−1. 
throughout the multivariate calibration, these slight changes 
in spectral characteristics were used to generate individual 
calibration models for the components of the multi-compo-
nent mixtures. Multivariate  calibration models for each of the 

No. Olive Cotton No. Olive Soybean
 1 86.87 13.13  1 87.01 12.99
 2 66.04 33.96  2 65.97 34.03
 3 88.03 11.97  3 99.00  1.00
 4 98.82  1.18  4 95.88  4.12
 5 95.96  4.04  5 68.98 31.02
 6 64.08 35.92  6 81.00 19.00
 7 68.98 31.02  7 81.99 18.01
 8 80.99 19.01  8 61.96 38.04
 9 93.01  6.99  9 59.93 40.07
10 81.90 18.10 10 75.84 24.16
11 62.05 37.95 11 84.96 15.04
12 74.00 26.00 12 69.95 30.05
13 60.02 39.98 13 83.18 16.82
14 76.04 23.96 14 65.99 34.01
15 90.92  9.08 15 89.95 10.05
16 84.91 15.09 16 75.97 24.03
17 69.98 30.02 17 66.99 33.01
18 73.96 26.04 18 97.99  2.01
19 83.32 16.68 19 62.99 37.01
20 66.00 34.00 20 95.91  4.09
21 80.00 20.00 21 60.97 39.03
22 89.98 10.02 22 87.82 12.18
23 75.94 24.06 23 64.01 35.99
24 67.92 32.08 24 92.99  7.01
25 67.01 32.99 25 73.95 26.05
26 97.97  2.03 26 90.86  9.14
27 96.97  3.03 27 73.97 26.03
28 63.00 37.00 28 80.00 20.00
29 95.85  4.15 29 67.95 32.05
30 81.97 18.03 30 96.91  3.09

Table 1. Concentration profiles of binary mixtures of olive and cotton oils and olive and soybean oils given on a mass percent basis (w/w%).
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oils mentioned above were generated using a GIlS method 
and the performance of these models was tested with inde-
pendent prediction sets. for this, about one-third of the 
samples for each component were reserved for prediction 
and the remaining two-thirds of the samples were used as 
calibration sets. Because the GIlS method is an iterative 
procedure, it was necessary to optimise calibration models 
with a cross-validation approach in order to avoid possible 
overfitting problems during the model-building step. even 
though the calibration models were generated with cross-
validation during iterations of the genetic algorithm, an inde-
pendent prediction set would better determine the stability 
of the models in the  prediction of the true unknown samples. 
the success of individual multivariate calibration models was 
evaluated using both the standard error of cross- validation 
(SECV) and the standard error of prediction (SEP) for the 
independent prediction set. as a result of the random nature 
of the GIlS algorithm, it generated slightly different SECV 
results from one run to another, since the selected data 
points on the whole spectrum were different in each run. for 
this reason, the GIlS algorithm was set to run 100 times 
with 50 iterations and 30 genes for each component of the 

mixtures. among these several runs, the one with the lowest 
SECV was selected for further prediction of the independent 
samples. figure 2 shows the actual versus predicted plots of 
all the oils used in this study.

as seen from figure 2, the correlation coefficients of deter-
mination for the oils used in this study ranged from 0.90 
for canola oil to 0.99 for olive oil. the plots given in figure 
2 were generated from the models that produced the lowest 
SECV. In general, it is expected that multivariate calibration 
with a cross- validation step will generate SEP values for the 
independent prediction set which are close to the SECV, but 
the actual versus predicted plots given in figure 2 show that 
somewhat larger SEP values were apparent. among the multi-
variate  calibration models generated, olive oil and soybean 
oil models were the most successful for the prediction of the 
independent samples, as shown in table 4, which summarises 
the SECV and SEP results for all of the oils.

among the six different oils that were studied here, the 
multivariate calibration model for soybean has the lowest 
SECV and SEP values, whereas the largest values were 
obtained for canola oil. on the other hand, the SECV value for 
cotton oil seems quite low; however, the model resulted in a 

No. Olive Cotton Soybean No. Olive Cotton Soybean

 1 59.87 29.06 11.07 26 75.96  0.00 24.04

 2 65.97 26.98  7.05 27 68.93 15.01 16.06
 3 77.99  3.97 18.04 28 80.92 13.00  6.08
 4 61.85 22.08 16.07 29 73.89  1.04 25.07
 5 74.86 16.05  9.09 30 89.86  4.05  6.09
 6 90.98  2.05  6.96 31 69.93 17.02 13.05
 7 90.90  3.03  6.07 32 73.91 18.00  8.09
 8 88.00  4.00  8.00 33 70.96 20.07  8.97
 9 59.93 15.07 25.00 34 78.94 18.04  3.01
10 80.93  8.01 11.05 35 73.09 11.96 14.95
11 68.06 22.99 8.95 36 97.99  1.01  1.00
12 64.05 18.98 16.97 37 76.95  3.98 19.07
13 71.93 27.02  1.04 38 68.86 18.08 13.06
14 76.91 20.98  2.11 39 60.01 14.02 25.97
15 84.88  5.05 10.07 40 87.94  7.12  4.94
16 70.06 29.94  0.00 41 72.04 19.02  8.94
17 70.00  0.00 30.00 42 69.93  5.04 25.03
18 82.96 10.94  6.10 43 66.01  8.06 25.94
19 89.90  9.04  1.06 44 88.98  2.04  8.98
20 94.86  2.11  3.03 45 84.91  3.00 12.09
21 74.00 10.97 15.04 46 78.96 18.97  2.08
22 66.98 19.94 13.08 47 79.09 20.91  0.00
23 87.04 12.96  0.00 48 63.02  5.08 31.90
24 65.94 12.02 22.04 49 85.93  1.02 13.04
25 59.87 29.06 11.07 50 62.96 28.03  9.01

Table 2. Concentration profiles of ternary mixtures of olive, cotton and soybean oils given on a mass percent basis (w/w%).
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No. Olive Sunflower Corn Canola No. Olive Sunflower Corn Canola
 1 100.00   0.00   0.00   0.00 26 24.91 28.81 22.61 23.68
 2 0.00 100.00   0.00   0.00 27 18.49 16.58 34.27 30.65
 3 0.00   0.00 100.00   0.00 28 38.46 37.86  5.14 18.55
 4 0.00   0.00   0.00 100.00 29  8.06 31.94 15.88 44.12
 5 49.67  50.33   0.00   0.00 30 14.29 27.19 27.73 30.79
 6 49.76   0.00  50.24   0.00 31  6.84 15.31 71.65  6.21
 7 49.99   0.00   0.00  50.01 32 14.93 11.18 42.86 31.03
 8 0.00  50.07  49.93   0.00 33 25.88 22.93 22.08 29.11
 9 0.00  50.03   0.00  49.97 34 45.52 25.42 21.41  7.64
10 0.00   0.00  50.01  49.99 35 46.10 17.10 34.02  2.77
11 33.30  33.46  33.23   0.00 36 18.89 23.67 23.36 34.09
12 33.32  33.38   0.00  33.30 37 21.19 28.31  5.68 44.82
13 33.67   0.00  33.22  33.11 38 14.38 18.45 40.44 26.73
14 0.00  33.33  33.28  33.39 39 29.25 26.74 41.92  2.08
15 24.97  24.97  25.08  24.98 40 14.56 34.52 20.69 30.23
16 10.06  19.93  30.01  40.01 41  7.86 15.66  3.50 72.98
17 39.90  10.02  19.94  30.14 42 10.15 19.19 35.26 35.40
18 30.02  39.96   9.99  20.03 43  4.84 19.72 37.50 37.95
19 19.96  29.94  39.96  10.14 44 25.20 29.96 10.75 34.10
20 3.36  69.93   4.28  22.43 45 45.62 10.19 38.65  5.54
21 22.57  24.46   8.07  44.90 46  0.86 32.10 17.62 49.42
22 36.39  23.28   2.55  37.78 47 33.70 20.56 27.12 18.62
23 76.03   1.35  15.04   7.59 48  3.45 24.15 36.43 35.97
24 49.78  33.83   2.24  14.15 49 44.04 25.12 20.38 10.46
25 74.08   3.77   5.50  16.65 50 18.48 23.83  4.08 53.61

Table 3. Concentration profiles of quaternary mixtures of olive, sunflower, corn and canola oils given on a mass percent basis (w/w%).
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Figure 1. Pure component near infrared spectra of olive, corn, sunflower, canola, soybean and cotton oils.
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somewhat larger SEP value. In addition, relatively larger SECV 
and SEP values were observed for corn, sunflower and canola 
oils. In fact, the SEP values for sunflower and canola oil were 
smaller than the corresponding SECV values. the possible 

explanation for these results would be the number of samples 
that contained corn, sunflower and canola oils. there were 
only 50 samples that contained these components and multi-
variate calibration models were generated with two-thirds of 

Figure 2. Actual content of olive oil and adulterant vegetable oils; corn, sunflower, canola, soybean and cotton oils versus GILS 
 predicted plots. (, calibration set samples, , validation set samples).
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these samples, whereas more than 50 samples were used 
to generate calibration samples for soybean and cotton oils 
and 106 samples were used for the olive oil model. It is also 
important to mention that soybean and cotton oils were only 
presented in binary and ternary mixtures with olive oil whereas 
corn, sunflower and canola oils were prepared in binary, ternary 
and quaternary mixtures with olive oil. therefore, there was an 
increased complexity in their samples which resulted in less 
successful calibration models. However, it should be realised 
that most adulterations of olive oil involve the addition of the 
cheapest vegetable oil and generally one or two components. 
the primary concern in the determination of olive oil with 
other vegetable oils would be focus on quantitative determi-
nation of olive oil regardless of the type and amount of other 
vegetable oils. therefore, the calibration model obtained for 
olive oil in this study requires more attention. as given in table 
4, GIlS was able to predict the amount of olive oil with low 
prediction errors in various different compositions including 
binary, ternary and quaternary mixtures with several different 
vegetable oils.

even though the GIlS is involved in several random proc-
esses because of its iterative nature, the method is expected 
to concentrate on wavelength or wavenumber regions of the 
whole spectral range where the absorbances have highest 
correlation with analyte concentrations. to illustrate this, 
frequency distributions of the selected wavenumbers in 100 
runs were plotted along with an nIr spectrum of pure compo-
nent spectra in figure 3 for each of the oils studied.

as may be seen from the frequency distribution of the 
selected wavenumbers, GIlS focused on different wave-
number regions in order to build successful calibration models 
for each vegetable oil including olive oil. overall, the most 
frequently selected and retained wavenumbers throughout 
iterative cycles of GIlS do not seem to concentrate on specific 
narrow portions of whole spectra. However, there are regions 
in different parts of the spectrum where selection frequency 
reached a value of 40 and more. for example, the wavenumber 
region around 5900 cm−1 was the most frequently selected 
region for olive oil determination whereas the 4500 cm−1 region 
was preferred more often than any other part of the spectrum 
for soybean oil. When selection frequency distribution of the 
most retained wavenumber regions for corn oil was examined, 
it was seen that the GIlS method was not able to concentrate 
on a narrow region but rather a wider wavenumber region 
between 10,000 cm−1 and 6500 cm−1. as in the case of soybean 
oil, the wavenumber selection frequency distribution of cotton 
oil was also located in the 5100 cm−1 to 4500 cm−1 spectral 
region.

Because samples were prepared on a mass percent basis 
for the components of the oil mixtures, concentration of one 
component was related to the other components and this 
may have caused some correlation problems. In addition, it is 
of interest to see how the proposed GIlS calibration method 
performed in comparison with a standard multivariate cali-
bration methods such as partial least squares (plS) regres-
sion. In order to take account of these issues, the additional 
olive, corn, sunflower and canola oil (n = 30) samples were 
analysed as described above and spectra were processed 
by both GIlS and plS methods. the concentrations of the 
quaternary mixtures are given in table 5, along with predicted 
concentrations by both GIlS and plS methods; the number of 
plS factors selected from leave-one-out cross-validation and 
corresponding SEP values are also included. Selection of the 
optimum number of plS factors was done with prediction error 
sum of squares (PRESS) from leave-one-out cross- validation. 
It should be noted that GIlS is not a factor-based calibration 
method; SEP of olive oil was 2.93% by mass using the GIlS 
method. on the other hand, plS predictions were relatively 
poor with the SEP values ranging from 4.64% to 8.30% by 
mass. as may be seen in table 5, calibration models built with 
plS required a relatively large number of plS factors ranging 
from 11 to 15.

When the SEP values of GIlS given in table 5 were compared 
with values given in the table 4, it is seen that comparable 
results were obtained. for example, concentration of olive 
oil was set to 10% in the first five samples while the corn 
and sunflower oil samples were varied between 10% to 50% 
and canola oil concentration kept at 30% by mass in order to 
have 100% total. as seen in the table, predicted concentra-
tion of olive oil in these samples ranged from as low as 3.15% 
to 14.16% by mass. the residuals of predicted olive, corn, 
sunflower and canola oils were plotted as a function of sample 
numbers in figure 4.

In this figure, residuals for olive oil ranged between −5% 
and +5% by mass, whereas for the other vegetable oils 
larger prediction errors were reported. the magnitude of 
the residuals were about twice those for olive oil, ranging 
from −10% to +10%. overall, these results for the second 
independent validation set indicated that GIlS was rela-
tively more successful in the prediction of olive oil in the 
quaternary mixtures of other vegetable oils. However, care 
must be taken that the residuals obtained from multivariate 
calibration models generated for corn, sunflower and canola 
oil were relatively large and the prediction errors tend to go 
up as the number of components increases in the multi-
component mixtures.

(w/w %) Olive oil Corn oil Sunflower oil Canola oil Soybean oil Cotton oil
SECV 1.58 4.71 4.58 7.60 0.45 0.96
SEP 2.45 5.09 3.93 6.41 0.94 2.81

Table 4. Standard error of cross-validation (SECV) and standard error of prediction (SEP) results of components of the oil mixtures given on 
a mass percent basis (w/w%).
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Conclusions
this study has demonstrated that nIr spectroscopy with multi-
variate calibration can be used to determine olive oil adul-
terations with various vegetable oils, regardless of the type 

and amount of the adulterant oil used in a possible fraudulent 
attempt. However, it is important to realise that standard error of 
prediction (SEP) values are all above 2% (w/w) except for soybean 
oil and, therefore, quantitative determination of minor amounts 
of (for example, < 5% by mass) adulterants would be question-

3

13

23

33

43

53

40006000800010000
Wavenumber (cm-1)

S
el

ec
tio

n 
fre

qu
en

cy

-0.5

0

0.5

1

1.5

2

2.5

A
bs

or
ba

nc
e

a.)

3

13

23

33

43

53

40006000800010000
Wavenumber (cm-1)

S
el

ec
tio

n 
fre

qu
en

cy

-0.5

0

0.5

1

1.5

2

2.5

A
bs

or
ba

nc
e

b.)

3

13

23

33

43

53

40006000800010000
Wavenumber (cm-1)

S
el

ec
tio

n 
fre

qu
en

cy

-0.5

0

0.5

1

1.5

2

2.5
A

bs
or

ba
nc

e

c.)

3

13

23

33

43

53

40006000800010000
Wavenumber (cm-1)

S
el

ec
tio

n 
fre

qu
en

cy

-0.5

0

0.5

1

1.5

2

2.5

3

A
bs

or
ba

nc
e

d.)

3

13

23

33

43

53

40006000800010000
Wavenumber (cm-1)

S
el

ec
tio

n 
fre

qu
en

cy

0

0.5

1

1.5

2

2.5

3

A
bs

or
ba

nc
e

e.)

3

13

23

33

43

53

40006000800010000
Wavenumber (cm-1)

S
el

ec
tio

n 
fre

qu
en

cy

0

0.5

1

1.5

2

2.5

3

A
bs

or
ba

nc
e

f.)

 
  
Figure 3. Betül Öztürk, Ayşegül Yalçn, Durmuş Özdemir, Determination of Olive Oil 
Adulteration with Vegetable Oils by Near Infrared Spectroscopy Coupled with Multivariate 
Calibration   
 

Figure 3. Frequency distributions of the selected wavenumbers by GILS method along with the corresponding pure component 
 spectrum; (a) olive oil, (b) sunflower oil, (c) corn oil, (d) canola oil, (e) soybean oil and (f) cotton oil. (, selection frequency, ——, pure 
component spectrum).
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able. also, the predictive ability of the models decreases with 
increasing numbers of vegetable oils used for adulteration of 
olive oil. nevertheless, it was concluded that multi- component 
mixtures containing up to four oils could be successfully 
modelled with a wide concentration range. In addition, the 
frequency distribution of most frequently selected wavenum-
bers showed that the GIlS method was able to generate selec-
tive multivariate calibration models for the components of the 
mixtures using variable selection. the genetic algorithm used 
in GIlS helped to optimise calibration models in order to extract 

relevant  information for each component. When compared with 
GIlS, it is seen that plS generated relatively larger prediction 
errors for the second independent validation set.
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No. 
 
 

Olive oil (w/w%) Corn oil (w/w%) Sunflower oil (w/w%) Canola oil (w/w%)
Actual 

 
Predicted Actual 

 
Predicted Actual 

 
Predicted Actual 

 
Predicted

GILS PLS GILS PLS GILS PLS GILS PLS

1 10.83 14.16 14.75 10.04 20.50 18.97 49.25 46.68 39.35 29.88 24.21 24.59
2 9.99 3.15 9.70 20.06 18.98 18.90 39.95 47.48 38.01 30.01 24.77 33.35
3 10.02 5.98 3.98 29.95 29.12 39.70 30.03 30.31 23.41 30.00 21.01 32.39
4 10.18 11.15 2.80 39.86 41.79 28.42 19.98 17.50 23.79 29.98 26.30 44.68
5 10.07 6.22 7.53 49.84 56.48 40.64 10.16 5.38 11.62 29.93 30.41 40.33
6 19.91 15.65 19.91 9.99 10.21 21.42 49.73 51.60 50.02 20.37 24.09 16.01
7 19.99 22.50 25.45 20.09 18.66 27.77 39.96 29.97 35.40 19.97 23.92 11.17
8 20.10 16.44 18.46 29.92 33.12 28.20 29.96 29.88 26.27 20.02 20.51 20.02
9 19.97 17.39 20.20 39.72 38.67 40.02 20.06 24.31 23.71 20.25 27.65 18.11
10 19.95 24.31 16.55 49.95 52.31 47.84 9.99 17.75 8.50 20.11 18.41 26.08
11 29.68 29.39 24.22 9.88 7.59 12.68 49.24 40.78 44.75 11.20 13.36 24.87
12 29.97 31.89 23.11 19.98 20.54 14.56 39.95 38.11 34.38 10.10 9.93 24.14
13 30.03 29.43 26.31 29.98 34.61 20.18 30.02 30.19 37.24 9.97 14.38 17.49
14 30.09 32.20 32.22 39.91 40.75 29.10 19.99 19.00 25.54 10.01 −1.32 13.93
15 29.96 33.37 33.83 49.93 56.43 38.25 10.02 7.97 15.87 10.09 19.58 6.78
16 10.02 9.17 19.78 10.20 11.95 19.29 29.97 14.46 26.90 49.81 49.80 31.33
17 20.08 19.49 22.27 10.13 12.19 17.28 29.98 31.86 30.52 39.81 35.15 32.76
18 29.87 29.21 28.27 10.05 10.86 3.22 30.08 30.30 34.19 30.00 35.29 31.62
19 39.85 40.69 37.89 10.19 2.90 8.90 29.96 28.83 32.47 20.00 16.84 23.76
20 49.66 50.01 46.24 10.55 21.15 26.39 29.93 29.88 11.82 9.86 16.91 16.48
21 10.11 9.14 16.70 19.81 20.90 18.05 20.48 19.83 25.03 49.60 57.48 40.88
22 20.33 18.99 24.74 19.90 20.12 24.74 19.92 20.04 16.84 39.86 52.48 32.60
23 29.99 29.98 24.59 19.98 10.04 21.06 20.06 14.16 20.36 29.98 34.06 34.43
24 39.67 37.14 37.14 20.56 12.98 18.62 19.94 27.32 16.53 19.83 14.11 23.49
25 50.00 45.44 48.52 19.93 14.74 17.36 20.04 20.35 15.62 10.03 9.71 13.25
26 10.12 6.61 19.49 29.81 29.12 24.27 10.01 12.74 23.61 50.06 58.96 34.71
27 19.76 23.73 26.32 29.62 32.03 25.14 10.36 16.24 20.14 40.27 38.08 26.96
28 29.49 32.26 32.58 29.52 32.78 36.43 10.70 5.33 12.70 30.29 28.35 23.54
29 39.93 42.16 38.18 29.88 24.63 33.82 10.31 10.15 7.03 19.88 28.34 23.04
30 49.05 52.28 44.99 30.86 26.82 19.74 10.10 3.26 20.51 9.99 12.81 12.33
plS factors — 14 — — 11 — — 13 — — 15
SEP (w/w%) 2.93 4.64 — 4.71 7.49 — 5.19 6.34 — 5.86 8.30

Table 5. Actual and predicted percent concentrations of olive, corn, sunflower and canola oil mixtures in the second independent validation 
set along with the number of PLS factors and corresponding standard error of prediction (SEP, w/w%) values from GILS and PLS.
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