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Introduction

Oil, produced from olive fruits (Olea europaea sativa 
Hoflm. Et Link), is a nutritious, healthy and tasty food prod-
uct with a nice aroma and it is highly consumed throughout 
the world. Along with fresh consumption, olive oil is also 
utilized in other food applications such as cooking, sea-
sonings and sauces as well as pharmaceutical applicaitons 
including its use as moisturizer [1] and protection against 
UV radiation [2, 3]. Olive oil is rich in phenolics and a good 
source of antioxidants and correspondingly, olive oil has 
been associated with prevention of several health problems 
such as diabetes, obesity, high blood pressure, heart disease, 
serum low density lipo-proteins (LDL), atherosclerosis and 
cancer [4–8].

In comparison with seed oils available, olive oil contains 
relatively lower level of saturated fatty acids and higher 
level of monounsaturated fatty acids [9]. Additionally, under 
the category of olive oil itself, products with varying quali-
ties ranging from the best quality “extra virgin olive oil” to 
the lowest quality “pomace oil” are present [10]. In 2013, 
virgin olive oil production in the world was close to 3 mil-
lion tones with the top five producer countries being Spain, 
Italy, Greece, Tunisia and Turkey in descending order [11]. 
EVOO is produced through either a cold press procedure or 
a centrifugation with no thermal and chemical treatments 
and its unsaturated fatty acid content is close to 90 % with 
55–83 % oleic acid, 7.5–20 % palmitic acid and 3.5–21 % 
linoleic acid [10].

The unique properties of olive oil mentioned previ-
ously has increased the demand for it and therefore olive 

Abstract  Extra virgin olive oil is produced through 
either a cold press procedure or a centrifugation with no 
thermal and chemical treatments and it is considered as 
the best quality oil under the category of olive oils. The 
superior properties of olive oil due to its rich in pheno-
lic and antioxidant content and its contribution to prevent 
several health problems has increased the demand for olive 
oil over the years. Consequently, it is nowadays sold at 
remarkably higher price than regular vegetable oils in the 
market. Unfortunately, extra virgin olive oil (EVOO) has 
been adulterated with other cheap oils due to potential high 
commercial profit. Even though, there are methods avail-
able to detect the adulteration in EVOO (such as chromato-
graphic methods and PCR), alternative simpler and faster 
methods are being studied. In this study, performance of 
portable Raman spectroscopy to quantify soybean oil (SO) 
adulteration [up to 25 % (w/w)] in EVOO has been evalu-
ated. Partial Least Square Regression (PLSR) calibration 
models were developed and both internally (using cross-
validation, leave-one-out approach) and externally (using 
an independent sample set) validated. The model gave 
standard error of prediction (SEP) of 1.34 % (w/w) SO 
in EVOO and correlation coefficient of prediction (rPred) 
of 0.99. Additionally, the residual predictive deviation 
(RPD) value calculated for the model was found to be 
5.71, indicating that the model was considered as “good” 
and could be used for routine analysis and quality control 
applications.
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EVOO with no SO spiked (sample number one in Table 1). 
The next 25 samples in the calibration set was adulterated 
with SO from 1 % (w/w) to a maximum of 25 % (w/w) with 
increments of 1 % (w/w). Then, 13 EVOO samples adulter-
ated with SO from 2 % (w/w) to a maximum of 25 % (w/w) 
with increments of 2 % (w/w) as shown in Table 1 were pre-
pared as independent validation set samples. For the prepa-
ration of calibration and validation sets, different brands of 
oils were used. Each sample in this study was prepared as 
duplicates.

Raman spectra collection

Duplicate oil samples prepared previously were trans-
ferred to a short-form style glass vials with phenolic screw 

oil nowadays is sold at remarkably higher price than other 
regular vegetable oils. As a consequence, the adulteration of 
EVOO with other cheap oils is an issue due to temptation of 
high commercial profits by doing so. Adulteration of olive 
oil by fraudsters affects the consumers who purchase the 
product due to the health benefits. Very sensitive methods 
that can detect the minor components of the adulterants in 
EVOO such as high-performance liquid chromatography 
(HPLC) [12, 13], gas chromatography (GC) [13, 14], PCR 
analysis [15] and nuclear magnetic resonance (NMR) spec-
troscopy [16] have been abundant in the literature. How-
ever, these techniques require lengthy sample preparation, 
toxic and hazardous chemicals, sophisticated and costly 
instruments and skilled people to conduct the analyses. In 
recent years, simpler and faster methods have been becom-
ing more and more popular in food analysis. Similarly, new 
approaches in detection of adulteration in olive oil including 
fluorescence spectroscopy [17, 18], laser-induced fluores-
cence [19], non-thermal plasma [20], UV spectrometry [21], 
mid-infrared spectroscopy [22], near-infrared spectroscopy, 
Raman spectroscopy, and voltammetric e-tongue [23] have 
been studied.

As part of the vibrational spectroscopy along with infra-
red, Raman spectroscopy is frequently used in food analysis 
and it is positioning as an attractive fingerprinting tech-
nique. Advances in spectroscopic instrumentation combined 
with multivariate data analysis have made this technology 
ideal for food analysis. This technique requires little or no 
sample preparation, no special accessories or sample prepa-
rations and allows measurements through transparent con-
tainers. Positive results from the past studies indicated the 
Raman spectroscopy as an ideal tool for oil adulteration [8, 
9, 24–28].

The objective of this study was to develop a simple and 
rapid method to evaluate the performance of Raman spec-
troscopy to predict the % (w/w) level of SO adulteration in 
EVOO based on highly specific Raman signature profiles in 
combination with supervised pattern recognition techniques.

Materials and methods

Sample preparation

In this study, pure EVOO and SO were purchased from a 
local supermarket in Lincoln (Nebraska, USA). For each oil 
type, two different brands of oils were bought. One of each 
brands was used for preparing the samples to be included 
during calibration model development while the second 
brand was later used for the preparation of independent vali-
dation group. EVOO and SO were mixed based on weight at 
the ratios given in Table 1. For calibration model, a total of 
26 samples were prepared. One of these samples was pure 

Table 1  Composition of the samples used for the study

Calibration set Validation set

Sample number Olive 
oil (%, 
w/w)

Soybean 
oil (%, 
w/w)

Sample 
number

Olive 
oil (%, 
w/w)

Soy-
bean 
oil (%, 
w/w)

1 100 0 1 98 2
2 99 1 2 96 4
3 98 2 3 94 6
4 97 3 4 92 8
5 96 4 5 90 10
6 95 5 6 88 12
7 94 6 7 86 14
8 93 7 8 84 16
9 92 8 9 82 18
10 91 9 10 80 20
11 90 10 11 78 22
12 89 11 12 76 24
13 88 12 13 75 25
14 87 13
15 86 14
16 85 15
17 84 16
18 83 17
19 82 18
20 81 19
21 80 20
22 79 21
23 78 22
24 77 23
25 76 24
26 75 25
Range 0–25 2–25
Mean 12.5 13.9
Standard deviation 7.65 7.66
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Multivariate analysis

The spectra collected using the portable Raman system were 
imported into the multivariate statistical program Pirouette 
4.5 (Infometrix, Inc., Bothell, WA, USA). Quantitative 
model to determine the SO adulteration level in the EVOO 
samples were developed using PLSR. Duplicate spectra 
for each sample were averaged. Then, the averaged spec-
tra were second derivative transformed (Savitzky-Golay 
second-order polynomial filter with a 25-point window) and 
smoothed (Savitzky-Golay second-order polynomial filter 
with a 35-point window).

PLSR is a multivariate regression analysis technique, 
which has been utilized to avoid overfitting during quantita-
tive spectroscopic analysis [29]. PLSR is becoming a stan-
dard tool for modelling correlated relationships between 
multivariate measurements [30] and commonly used by 
both academia and industry. It compresses a large number 
of variables into a few orthogonal factors called ‘‘latent 

caps (internal diameter of 8 mm and the capacity of 2 mL) 
(VWR, Radnor, PA). Care was given to fill at least half of 
each vial with oil sample. Then, vials were sealed using the 
screw caps. Two vials were prepared for each sample and 
one Raman spectrum was collected from each vial (since 
there were two vials for each sample, two spectra in total 
were collected per sample). Raman spectra of the samples 
were collected using an Enwave Optronics EZRaman-
M series field portable Raman spectrometer (Irvine, CA), 
which was connected to a laptop. All of the spectral data 
were displayed using the EZRaman Reader software pro-
vided with the Raman analyzer. For each oil sample, dupli-
cate spectra were collected over a range of 3200–250 cm−1 
by co-adding 64 scans at a resolution of 2 cm−1. The excita-
tion wavelength of the laser was 785 nm, while the power 
of the laser was set at approximately 300–400 mW. Prior to 
each spectral collection, glass vials were carefully cleaned 
to avoid any fingerprints or other residues which may inter-
fere with the measurements.

Fig. 1  a Full raw Raman 
spectra of extra virgin olive 
oil and soybean oil in the 
region of between 3200 and 
250 cm−1 with the major bands 
highlighted and b normal-
ized Raman spectra of pure 
extra virgin olive oil, olive oil 
adulterated with soybean oil at 
5, 10, 20 % and pure soybean oil 
in the region of between 1800 
and 1000 cm−1 used for PLSR 
analysis
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pattern considered as outliers. The leverage of a sample 
in the calibration model shows its potential contribution 
to the estimated calibration model. Samples containing 
abnormal standard residual (>2) and high leverage were 
reanalyzed and excluded if necessary, after which the cali-
bration model was repeated.

Additionally, residual predictive deviation (RPD), 
which is a dimensionless statistic defined as the ratio of the 
standard deviation (SD) of the reference data in the valida-
tion set to the SEP, was used as an indicator of predictive 
ability of the models. RPD levels adopted from Williams 
[32] was used to further evaluate the performance of the 
model. According to the authors, there are six levels of 
RPD classification. An RPD values below 2.3 indicates 
very poor models and predictions, and this model would 
not be recommended to be used. Models with an RPD val-
ues between 2.3 and 3.0 could be used for rough screening, 
while RPD values between 3.1 and 4.9 shows that model 
can be used for screening. Higher RPD values (between 
5.0 and 6.4) are considered as good and can be used for 
quality control applications. Lastly, RPD values of 6.5–8 
and above 8.1 are considered as very good and excellent 
models, respectively.

variables (PLS-factors)’’ representing the covariance of X 
(spectra) and Y (analyte’s concentration). Only these vari-
ables which are important to explain the variation in the 
model (usually <10) are used instead of thousands of wave-
numbers [31].

In this study, calibration model developed was validated 
both internally (using leave-one-out approach of cross 
validation) and externally (using an independent sample 
set of 13 SO adulterated EVOOs as shown in Table 1). In 
chemometric analysis of our data, loading vectors, stan-
dard error of cross validation (SECV), standard error of 
prediction (SEP), correlation coefficient (r) and outlier 
diagnostics (Standard Residual of Sample vs. leverage) 
were used to evaluate the performance of the models. 
The SEP shows the magnitude of error expected when 
independent samples are introduced and predicted using 
the model. Number of factors included in developing the 
PLSR model was determined using the standard error of 
cross-validation (SECV) vs. number of PLS-factors with-
out either underfitting or overfitting the data. Preparing 
a plot of the prediction residual error sum of squares vs. 
the number of factors was used to achieve that goal. Out-
liers were evaluated using X residuals and leverage and 
observations with large residuals or an unusual residual 

Table 2  Chemical assignment for the major bands observed in raman 
spectra of the oils used in this study [adapted from 8 to 9]

Wavenumber (cm−1) Corresponding 
vibration

3009 =CH asymmetrical 
stretching

1760 ester C=O stretching
1668 cis C=C stretching
1443 =CH scissoring
1301 =CH2 twisting
1265 cis=CH deformation
1082 C–C stretching
969 trans C=C bending
868 C–C stretching

Table 3  Prediction performance summary of the PLSR model

Math-treatments Region used 
(cm−1)a

Factorsb SEC SECV SEP rCal rCV rPred RPD

2D (25)
Smooth (35)

1800–1000 3 1.24 1.40 1.34 0.99 0.98 0.99 5.71

SEC standard error of calibration, SECV standard error of cross-validation leave-1 out, SEP standard error of prediction, rCal correlation coef-
ficient of calibration, rCV correlation coefficient of cross-validation leave-1-out, rPred correlation coefficient of prediction for the validation set, 
RPD residual predictive deviation (standard deviation of spiked level of % soybean oil in validation set/Standard error of prediction)
aThe part of the region used for the model (cm−1)
bFactors: set of orthogonal factors that account for most of the variation in the response
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Fig. 2  Partial least squares regression (PLSR) plot of Raman instru-
ment-predicted percent soybean oil adulteration vs. actual soybean oil 
adulteration (filled diamond and open diamond represent samples in 
calibration and validation groups, respectively)
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observed as the SO concentration in the EVOO increased 
from 0 to 20 %. The band intensities at 1260 and 1665 cm−1 
corresponding to the cis (=C–H) deformation and cis (C=C) 
stretching vibrations were previously shown to have a high 
correlation with increased mass percentage of SO by Zhang 
et al. [27]. However, the best performance statistics in our 
study were obtained for the model generated using the region 
between 1800 and 1000 cm−1 (Table 2). Additionally, selec-
tion of specific wavelengths improved the quality of the 
prediction compared to using the whole range in the spec-
trum by removing variables that may be irrelevant, noisy, 
or otherwise unreliable in the situation of interest [33]. The 
assignments of corresponding molecular vibrations occurred 
at the highlighted wavenumbers are shown in Table 2. In the 
selected region, the major vibrations were due to C–C, C=C 
and C=O stretchings and C=C and C–H bending vibrations. 
Detailed assignments for the major bands in the Raman spec-
tra of the oils can be further listed in Table 2.

The performance statistics of the PLSR model developed 
in this study is shown in Table 3. Prior to PLSR analysis, all 
the spectra collected were initially second derivative trans-
formed (Savitzky-Golay second-order polynomial filter with 
a 25-point window) and smoothed (Savitzky-Golay second-
order polynomial filter with a 35-point window). Our PLSR 
model gave low standard error values [SEC, SECV and SEP 
values for the model were 1.24, 1.40 and 1.34 % (w/w)] and 
high correlation coefficients (rCal, rCV and rPred values 
≥0.98). Lower standard error values indicate good prediction 
ability while higher correlation coefficients indicate better 
accuracy on the prediction, with correlation coefficient value 
above 0.80 considered good to obtain accurate predictions 
of the desirable variable [34]. Additionally, RPD, which is 
the ratio of standard deviation of spiked SO % (w/w) among 
the validation set samples to SEP value, was calculated as 
5.71 for the model, indicating that model was good and it 
can be used in quality control applications. Figure  2 indi-
cates the good correlation between the Raman estimated 
levels and spiked levels of SO for calibration and validation 

Results and discussion

Samples used in calibration and validation sets are presented 
in Table 1. Calibration set contained 26 EVOO samples with 
SO spiked from 0 to 25 % (w/w) with 1 % (w/w) increments. 
Validation set included 13 EVOO samples with SO spiked 
from 2 to 25 % (w/w) with 2 % (w/w) increments. The data 
in Table  1 shows that calibration and validation set had 
similar characteristics considering their spiked SO % (w/w) 
range, mean and standard deviation values. Representa-
tive Raman spectra of pure EVOO and SO in the collected 
spectral region of 3200–250 cm−1 are displayed in Fig. 1a. 
Based on the figure, similar spectral patterns between the 
two types of oils used in this study were observed.

In order to build a PLSR model, initially the spectral 
region leading to better statistical performance was needed 
to be chosen. The spectral region selected and further used 
to build the PLSR model (1800–1000 cm−1) is highlighted in 
Fig. 1a and further demonstrated in Fig. 1b. According to nor-
malized spectra of the selected samples in Fig. 1b, increasing 
intensity in the peaks centered at 1260 and 1665 cm−1 were 

Fig. 4  Loadings of the first 
factor explaining 99.7 % of the 
variance (spectra were second 
derivative transformed, δA/
δλ2, Savitzky–Golay sec-
ond order polynomial filter 
with a 25-point window) and 
smoothed, δA/δλ2 (Savitzky–
Golay second order polynomial 
filter with a 35-point window)
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of application in routine analysis and quality control. The 
technique used in this study have the potential to be used 
for fast, easy, low-cost and non-destructive detection and 
quantification of SO adulteration in EVOO with no sample 
preparation required.
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