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Abstract

Developing a method of identifying oil authenticity becomes critical for protecting customers’ rights as

adulteration of edible oils is a particular concern in food quality. Since adulterants in edible oils are

usually unknown, the authenticity identification technique is a one-class classification model in

chemometrics. In this study, a one-class classification model was built to identify the authenticity of

peanut oils by fatty acid profiles. Based on the previous studies, 28 fatty acids were identified and

quantified for peanut oils. The authenticity identification model was built by the one-class partial least

squares (OCPLS) classifier for peanut oils. Subsequently, the established model was validated by

independent test sets. The results indicated that the OCPLS classifier could completely detect

adulterated oils and were therefore employed for authenticity assessment. Moreover, counterfeit oils

adulterated with different levels of other edible oils were simulated by the Monte Carlo method and

employed to test the lowest adulteration level of this one-class classifier. As a result, the model could

identify peanut oils and sensitively detect adulteration of edible oils with other vegetable oils at the

adulteration level of 4%.

Keywords: One-class partial least squares (OCPLS); Fatty acid profiles; Authentication; Peanut oil;

GC/MS; Chemometrics
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1. Introduction

Peanut oil has a pleasant flavor and is non-transgenic, experiencing a gradual increase in the market
share in China and other Asian countries' 2. Similar with adulteration of olive oil in western countries,
adulteration of peanut oil is also serious. Therefore, seeking a reliable method to identify the
authenticity of peanut oil is greatly demanded. Recently, different targets have been employed to
identify the authenticity of edible oils including: (a) genetic markers of adulterants®; (b) characteristic
metabolites of adulterants®; (c) spectra of entire edible oils detected by nuclear magnetic resonance
(NMR)’, near-infrared spectroscopy (NIR)®, infrared spectroscopy (IR)’, fluorescence spectroscopy”,

Raman spectroscopy9, electronic nose'® and ion mobility spectrometry”'lz; (d) metabolomics or

13-16

metabolite profiles * . With explicit chemical significance and advantages of multivariate analysis, the

authentication methods based on metabolomics become the most promising for edible oils'* 7.

In the spectroscopy- and metabolomics-based authentication methods, chemometrics is a powerful
tool to detect adulterated edible oils when used qualitatively for classifying unknown samples with
similar characteristics and quantitatively for determining adulterant analytes in samples'®. Recently,
chemometric methods, such as self-organizing maps based on chaotic parameters, cluster discriminant
analysis (CDA), support vector machine (SVM) and random forests (RF), were used to distinguish
edible oils from refined recycled cooking oils, identify edible oils from different regions, or detect
adulteration of extra virgin olive oil with inferior edible oils'***. Generally, adulteration detection of
edible oils is considered as a two- or multi-class classification method to determine whether the target
edible oil is adulterated with known oil. However, since the adulterants in edible oils are usually

unknown, the authenticity identification of the target edible oil might be the best choice, which is a

technique of one-class classification in chemometrics. Therefore, the key technologies of authenticity
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identification include stable markers or metabolite profiles and the effective one-class classification
method. Among the four kinds of targets, genetic markers and some metabolite profiles are relatively
stable. Since genetic markers of adulterants significantly decrease after refinement, they are usually
hard to detect in adulterated edible oils. Fatty acids are the dominant components of edible oils, and
their composition is relatively stable in the oilseeds from different producing areas and edible oils
produced by different processing methods. Though these low-abundance fatty acids are not so
attractive to nutritionists, our previous study indicates that they are highly sensitive in adulteration
identification of edible oils**. The fatty acid profiles are therefore taken as a key marker and quality
parameter of different oilseeds and their products'’.

Lately, partial least squares density modeling (PLS-DM) was proposed and employed in the
identification of adulterated peanut oils by mid-infrared spectroscopy (MIR)** and authentication of
olives in brine by NIR*, which could achieve a better balance between sensitivity and specificity than
the typical SIMCA method®. However, the IR and NIR spectra of edible oils reflect the whole
chemical fingerprint instead of the detailed chemical compositions, and an effective one-class
classification model therefore depends on a large number of training samples in practice. If not, many
authentic edible oils out of the training set might be mistaken as adulterated edible oils, which is
unacceptable in actual applications of quality supervision and inspection. Therefore, in this study, an
authenticity identification model was built by the one-class partial least squares (OCPLS) classifier for
peanut oil based on fatty acid profiles. Moreover, adulterated oils were simulated by adulterating
peanut oil with different levels of other oils or mixtures thereof and employed to test the sensitivity of

the one-class classifier.

2. Experimental
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2.1 Materials and reagents

To ensure that the oil samples could represent the actual edible oils, 80 peanut samples were
collected from different production areas (see Supporting material Table S1) and employed to
prepare edible oils by TEN GUARD oil mill machinery (TZC-0502, China). Supelco 37
component fatty acid methyl esters (FAME) mix (No. 47885-U) was purchased from Sigma (St.
Louis, MO, USA). 11-octadecenoic acid (C18:1n-7, > 97.0 purity) and 7-hexadecenoic acid
methyl ester were also purchased from Sigma (St. Louis, MO, USA).

2.2 Fatty acid analysis

As descried in the previous study'*?, fatty acids in edible oils were first derived to produce
FAMEs and subsequently analyzed by GC-MS in selected ion monitoring (SIM) mode. The
detailed procedure of fatty acid analysis was described in the Supporting materials.

Identification of fatty acids in SIM mode was conducted according to the protocol in our
previous study”. The fatty acid percentage composition (percentage of the peak area) of edible
oils was employed as quantitative results.

2.3 Multivariate analysis

Data matrix includes the relative contents of fatty acids in edible oils. Since the chemical
properties of fatty acids are relatively stable, the weight of fatty acid composition in blended oil is
equal to the sum of the weights of fatty acid composition in individual oils. To establish a more
accurate adulteration detection model, adulterated oils were simulated by the Monte Carlo method.
In this study, the adulterated oils were simulated by adulterating with low proportions of one or
more vegetable oils'*. For example, we could obtain an adulterated peanut oil by adding 5% of

soybean, sesame, sunflower and rapeseed with random proportions to 95% of peanut oil.
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A one-class partial least squares (OCPLS) classifier was proposed based on partial least
squares (PLS) using a distance-based sample density measurement as the response variable**?. In
OCPLS, the potential function probability density is calculated on PLS scores and residual Q
statistics to develop an efficient one-class classifier. The detailed algorithm of OCPLS modeling is
described elsewhere** > Initially, a PLS model was developed by analytical data and response
vectors with all elements being 1 using the SIMPLS algorithm’. The number of PLS components
was estimated by cross validation (CV). Then, the PLS scores on the first several latent variables
(LVs) were used to estimate the PFM probability density of the class to obtain the critical value. In
addition, the PLS residuals were used to compute the critical value of Q statistics. The predicted
residual sum of squares (PRESS) obtained by Monte Carlo cross validation (MCCV) or
leave-one-out cross validation (LOOCYV) can be used to estimate the number of significant LVs.
Finally, the score distance (SD) of an object in the space spanned by the primary OCPLS
components and the absolute centered residual (ACR) were calculated and plotted to screen for
outliers. OCPLS outlier diagnosis depended on the ACR of response variables and the OCPLS
scores of primary LVs. Four regions at the bottom left, bottom right, top left and top right denote
the regular points, good leverage points, class outliers and bad leverage points, respectively. The
samples falling in the top left and top right regions were detected as adulterated oils. In this study,
the Gaussian radial basis function (GRBF) transformation was placed in the position of the
training objects, and the number of RBFs equaled the number of training objects to conduct

nonlinear GRBF-OCPLS?.
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The programs of Monte Carlo simulation of adulterated oils were coded in Matlab 201 1a for
Windows (The Mathworks, Natick, MA), and the programs of OCPLS were kindly provided by
Dr. Xu®.

3. Results and discussion
3.1 Fatty acids profiles of peanut oils

In this study, fatty acid profiles of peanut oils were obtained by GC/MS. To build robust
authentication modeling, the SIM mode was used to detect more fatty acids in edible oils. FAMEs were
identified by combining the selective ions with retention indices based on equivalent chain lengths
(ECL)*. As a result, 28 fatty acids were identified and quantified (see Supporting material Table S2),
which were significantly more than in full scan mode (23 fatty acids)**. Fatty acid profiles of peanut
oils were described by the percentage content and used in subsequent multivariate analysis.

3.2. One-class partial least squares (OCPLS) classifier
After determination and quantification of fatty acids in 80 peanut samples, the data matrix of
relative contents was used in one-class classification modeling. The Kennard and Stone (K-S)

algorithm®'>?

was employed to divide authentic edible oil samples into a training set and a test set at a
ratio of 6:4. The OCPLS model was developed based on the fatty acid profiles of peanut oils. MCCV
with a sampling ratio of 0.8 was conducted to select significant OCPLS components and estimate the
standard deviation of prediction residuals. The number of significant components was estimated by
examining the PRESS values obtained by MCCV according to the previous study”* .

The OCPLS model was built using 80 peanut oils. According to MCCV with a sampling ratio of

0.8 (Figure 1a), when the number of significant OCPLS components was set to 8 (8% = 10) , the lowest

standard deviation of residual of cross validation was obtained. According to the OCPLS score distance
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(SD) and ACR of the predicted responses, four regions at the bottom left, bottom right, top left and top
right denote the regular points, good leverage points, class outliers and bad leverage points,
respectively. Generally, the samples at the bottom left, bottom right regions were identified as pure
peanut oils, while the samples at the top left and top right regions were identified as impure peanut oils
or other oil. The prediction results of the samples in training and test sets by OCPLS with the fatty
profiles of pure peanut oils are shown in Figure 1b, 1c and Table 1. The samples in the training (Figure
1b) and test sets (Figure 1c) are predicted as regular points with a small SD and a small ACR or good
leverage points with a large SD and a small ACR (3 samples in the training set). Meanwhile, the
reference edible oils from our previous study' including 62 sunflower seed oils, 63 rapeseed oils and
80 sesame oils were also used to test this model. The results in Figure 1d show that this model could
effectively predict these three kinds of edible oils as bad leverage points. The validation by the
independent test sets of peanut oils and other three kinds of edible oils indicated that the OCPLS model
with fatty acid profiles could effectively determine the authenticity of peanut oils.
(Figure 1)
(Table 1)

3.3. Adulteration detection of edible oils

In the OCPLS model for peanut oils, we found that the one-class model could completely
differentiate peanut oil from other kinds of edible oils. However, the adulteration of edible oils with
other cheap edible or inedible oils is more common in practice. Therefore, it is essential to detect these
adulterated edible oils. Generally, adulteration detection of edible oils is taken as a two- or multi-class
classification method to classify authentic edible oils from fake oils adulterated with one or more

known oils. However, since the adulterants in edible oils are usually unknown, the adulteration
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detection falls into the one-class classification field in chemometrics. Meanwhile, the combination of
multiple adulterants is usually ignored in the establishment and validation of adulteration detection
methods. Recently, based on the fact that fatty acids are relatively stable and no chemical reaction
happens in physical blends of vegetable oils, the Monte Carlo simulation of adulterated oils was
proposed to test the adulteration detection model by blending a fixed proportion (Q%) of other
adulterant oils with random proportions to (1 - Q%) of the current edible oils'*.

(Figure 2)

In this study, counterfeit oils with different adulteration levels (3%-12%, mol/mol) were
simulated to check the lowest adulteration level of this model. As results, 40 adulterated oils were
obtained at each adulteration level. At the beginning, 80 peanut oils were used to build the OCPLS
model. Then, the simulated adulterated oils were predicted by this model. As shown in Figure 2a,
the OCPLS model could correctly identify all of 80 authentic peanut oils in the training set. From
Figure 2b and Table 1, we just misidentified three adulterated peanut oils as authentic peanut oils
at the adulteration level of 3%, indicating that the accuracy rate of this model equals 92.5% (37/40)
for the adulterated peanut oils with the adulteration level of 3%. When the adulteration level is
higher than 3%, this OCPLS model could completely detect these adulterated peanut oils. Thus,
the lowest adulteration level of this OCPLS model is set to 4%.

The results in this work indicated that the OCPLS model with fatty acid profiles could be a good
strategy to identify authenticity of peanut oils and other edible oils. Compared with the previous
authentication methods, this method possesses the following advantages: (1) It can detect counterfeit

oils adulterated with any unknown oils; (2) it can also detect the multivariate adulteration.

4. Conclusion
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In this study, a one-class classification model was built to identify the authenticity of peanut oils
by fatty acid profiles. The authentication identification model was built by the one-class partial least
squares (OCPLS) classifier for peanut oils. Subsequently, the established model was validated by
independent test sets. The results indicated that the OCPLS classifier could completely detect
adulterated oils and were therefore employed for authenticity assessment. Moreover, the oils
adulterated with different levels of other edible oils were simulated by the Monte Carlo method and
employed to test the lowest adulteration level of this one-class classifier. Compared with the studies in
Ref. 14, the OCPLS model for peanut oil is more robust in detecting all kinds of adulteration including
known adulterants and multiple adulterants. As a result, this model could identify peanut oils and

sensitively detect adulteration of edible oils with other vegetable oils at the adulteration level of 4%.
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Figure captions:

Figure 1 (a) Cross validation of robust GRBF-OCPLS for peanut oils; (b) Training of robust
GRBF-OCPLS for peanut oils; (¢) Prediction of robust GRBF-OCPLS for peanut oils; (d) Prediction of
robust GRBF-OCPLS for sunflower seed, rapeseed and sesame oils

Figure 2 (a) Training of robust GRBF-OCPLS for peanut oils; (b) Prediction of robust GRBF-OCPLS

for fake peanut oils with the adulteration levels of 3%-12%

Table title:

Table 1 Prediction results of pure and adulterated peanut oils with the OCPLS model

15
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Table 1 Prediction results of pure and adulterated peanut oils with the OCPLS model

Test set Sensitivity Specificity
. - 100% (32/32)
1 Pure peanut oils
100% (205/205 -
2 Other edible oils o )
i 92.5% (37/40) -
3 Adulterated peanut oils (3%)
100% (40/40) -

4 Adulterated peanut oils (4%)
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