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FT-IR and untargeted chemometric analysisfor adulterant detection in chia and
sesameoils.

Silvio D. RodrigueZ®”, Maite Gagneteh®, Abel E. Farronf, Nora M. Percibaldi, M.
Pilar Buerd®

a CONICET - Universidad de Buenos Aires. Institd® Biodiversidad y Biologia
Experimental y Aplicada (IBBEA). Buenos Aires, Argima.

b Universidad de Buenos Aires, Facultad de CienEisactas y Naturales. Buenos
Aires, Argentina.

¢ CONICET - Universidad de Buenos Aires. Institd® Tecnologia de Alimentos y
Procesos Quimicos (ITAPROQ). Buenos Aires, Argentin

d Laboratorio de Calidad de Alimentos, Suelos y #@sjulnstituto Nacional de
Tecnologia Agropecuaria (INTA Pergamino).

Abstract

Chia Galvia hispanicd..) and sesameSgsamum indicuin.) oils are valorized for their
health benefits and both are extensively used asediients in different food
formulations and/or processes. Their retail priaes higher than those of other edible
oils and might promote fraudulent adulterationse@mscopic methods associated to
untargeted analysis are appropriate and fastertthaditional techniques, requiring less
time to prepare and run the samples. In the prestendy Fourier transform infrared
spectroscopy was used in combination with one gessal least squares and soft
independent modelling by class analogy to deteet phesence of four possible
adulterants: corn, peanut, soybean and sunflowlsr m four different proportions
(pure+adulterant: 90+10, 95+5, 98+2 and 99+1, itume). Untargeted approaches
were successful in the detection of adulteratecé @md sesame oils with acceptable
prediction errors ranging between 1% and 5%.
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1. Introduction.

Chia Salvia hispanica..) and sesameSgsamum indicurh.) oils have been
gaining attention among consumers due to theiritmrtal and health benefits
associated to their fatty acid profile and othpojihilic phytochemicals. Chia oil is rich
in polyunsaturated fatty acids (PUFASs), containigout 60% ofa-linolenic acid
(C18:3, n-3), 20% of linoleic acid (C18:2, n-6) afé of oleic acid (C18:1, n-9)
(Dabrowski et al., 2017). On the other hand, sesarhéas a unique high oxidative
stability and contains about 45% of oleic acid (@18-9), 40% of linoleic acid (C18:2,
n-6), 9% of palmitic acid (16:0) and 6% of steadcid (18:0) (Kamal-Eldin &
Appelgvist, 1994). Chia and sesame oils have batnsively used as ingredients in
different food formulations and/or processes (Pemvet al., 2014; Rojas et al., 2019;
Ullah et al., 2016; Zettel & Hitzmann, 2018; Zhuagigal., 2016). Despite the health
benefits of these oils, their retail prices arehkigthan those of other edible oils and this
fact might promote fraudulent adulterations made umscrupulous producers or
suppliers.

Adulteration may be achieved by adding less expensdible oils. Therefore,
several efforts have been made to detect the pres#rthese adulterants. Adulteration
of extra-virgin and virgin olive oils is the modtudied because many fraud cases have
been reported in the last decades (Aparicio eR@ll3; Moore et al., 2012; Peng et al.,
2017). Additionally, other oils have been consideras potential targets for
adulteration, such as those extracted from rapesesldut, hazelnut, coconut, peanut
and sesame, among others (Fadzlillah et al., 20d¥ et al., 2016; Li et al., 2015;
Ozen & Mauer, 2002; Ozulku et al., 2017; Rohman Be®1an, 2012; Rohman et al.,

2010; Xu et al., 2011; Zhao et al., 2015).
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The official techniques to detect the presence adsible adulterants in oll
samples include a separation step, typically usgag or liquid chromatography,
followed by quantification of the acyl lipids analtfy acids (Aparicio et al., 2013; Lee et
al., 2013; Zhang et al., 2015, Zhang et al., 20$8me drawbacks of these techniques
are the high amount of time required to preparerandhe samples, the consumption of
solvents and the use of standard compounds needsdme cases for quantification
purposes. In contrast, spectroscopic techniquesh s, NMR or any vibrational
spectroscopy (i.e. NIR, FT-IR or Raman) require legmple preparation time, are rapid
and non-destructive. In recent years, these adgestdnave triggered the use of
vibrational spectroscopy as alternative procedoietect the presence of adulterants in
oil samples. Moreover, FT-IR in the region of midrared is one of the most used
characterization methods of edible oils (de la Maital., 2012; Georgouli et al., 2017;
Gurdeniz & Ozen, 2009; Jiménez-Carvelo et al., 2A18trma-Garcia et al., 2010;
Maggio et al., 2010).

The spectral information described by FT-IR (or astyrational spectroscopy)
could be used as a fingerprint. Multivariate staiéd methods (also known as
chemometric methods) transforms the spectral inddion (i.e. the intensities at every
wavelength) into new variables or class responsesrding to the similarities of the
samples. The most used methods for exploratoryysisahnd classification purposes
are principal component analysis, cluster analgsi any type of discriminant analysis
(linear, quadratic or partial least squares, amuthgrs) (Gémez-Caravaca et al., 2016).
However, discriminant analysis is considered asrgeted method, which uses the
information of adulterated samples as a class pusly specified by the user. In
contrast, in recent years, untargeted methodsaneng attention among food scientist

and chemists (Aparicio et al., 2013; Li et al., 20Rodionova et al., 2016; Xu et al.,



100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

2011; Zhang et al., 2015, Zhang et al., 2017). tgete@d methods, such as one class
partial least squares (OC-PLS) and soft independendelling by class analogy
(SIMCA), use the spectral information to fix theunolaries of the pure oil class with a
specified confidence level. Then, with the bounemror the pure samples, a class
prediction of a new sample can be done by the tgor(Rodriguez et al., 2019).

To the best of our knowledge a method to detedterdmts in chia oil has never
been reported and the use of untargeted analysiefection of adulterants in sesame
oil has not been fully explored yet. The aim of hesent work is to challenge FT-IR
spectra as input of two different chemometric uygged analysis (SIMCA and OC-
PLS) to evaluate the authenticity of chia and sesails, by detecting the presence of

less expensive oils.

2. Materialsand methods.
2.1 Materials.

Five batches of cold pressed chia and non-roasisdn®e oils were provided
from a local oil producer companjlimentos Sturla, Buenos Aires, Argelin®ure
commercial oils (corn, peanut, soybean and sunflpwere purchased in a local market

in Buenos AiresArgentina All other reagents used were analytical grade.

2.2 Specific gravity and refractive index deterniom

Specific gravity (apparent) and refractive indexeveetermined by the methods
described in AOAC 920.212 and AOAC 921.08, respebtj for every oil (AOAC,
2016). Refractive index was measured at a temperatii25°C, using an automatic

digital refractometer (RE40D, Mettler Toledo Indgpan). Both determinations were
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done by quintuplicate for every oil type. Specgravity and refractive index results are

reported in Table SM1Supplementary Material Sectipn

2.3 Quantification of acyl lipids by gas chromataghy (CG-FID).

Fatty acid composition of pure oils was measuredjdsy chromatography, after
hydrolysis of the acyl glycerols. The methyl estémsthe determination of the fatty
acids (FAME) were prepared according to AOCS Cdfidlethod Ce 2-66 (AOCS,
2009). The separation of FAMEs was performed onLARIJS 500 (Perkin Elmer,
Norwalk, CT) gas chromatograph equipped with a #armnization detector and
automatic sampler. A polyethylene glycol phase I@api column Elite Wax (Perkin
Elmer, Norwalk, CT) with a length of 30 m, 0.32 nimmer diameter and 0.25 pm film
thickness was used. The analysis conditions weffellasvs: column temperature was
set from 190 °C to 240 °C rising at 3 °C/min, ing@ctemperature was 240 °C and
detector was set at 300 °C; nitrogen was used r@ercgas at a linear velocity of 20
cm/s and the injection volume wasill. FAMEs were identified by comparison of their
retention times versus pure standards analysedr uhdesame conditions. They were
quantified according to their percentage area,inbthby the integration of the peaks

using TotalChrom software suite (Perkin Elmer, NalkyCT).

2.4 Preparation of adulterated samples.

Five replicates (one for each batch of pure oil)eath adulterated type of
sample were prepared by mixing during 10 minutesaim temperature in a 10 mL
glass vial with magnetic stirring the necessarywws of pure oil (chia or sesame) with

an adulterant oil (corn, peanut, soybean or surd@twFour types of adulterated
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samples were prepared using the four adulteranfisuinproportions (pure+adulterant:

90+10, 95+5, 98+2 and 99+1 in volume) for each jilreested.

2.5 Fourier Transform infrared spectroscopy measwents.

Pure and adulterated oils samples were scannedHRm-iR (Spectrum 400,
Perkin Elmer Inc., Shelton CT, USA) with DTGS détecand an attenuated total
reflectance accessory (ATR, PIKE Technologies,, IMadison WI, USA). A few drops
of each oil sample were poured on the diamond/ Zi%ereflectance ATR crystal with
an angle of 45°. Spectra were collected accumgaitotal of 64 scans per sample with
a resolution of 4 crh from 600 to 4000 cih Every spectrum was base-line corrected
(cubic spline function method), transformed to abance units and normalized (min-
max normalization) using the Spectrum Software @e8. (Perkin Elmer, Inc.). For
detailed information about the type of samples grep and the number of

measurements performed, see Table 1.

2.6 Multivariate Statistical methods.

Principal component analysis (PCA) is one of thesiused of the multivariate
methods and was well described in many studies.dake set is arranged in a matkx
with | rows (samples of oils) antcolumns (FT-IR normalized absorption intensities).
PCA finds new variables (also known as principahponents) fronX, according toX
=TP' + E, whereT, P are matrices containing the score vectors (relateéde principal
components) and the loading vectors respectivelgditfonally, E is a matrix
containing the residuals for each sample. Everyggral component is a linear
combination of scores and loading values and iated| in decreasing order, to an

amount of variance of the original data (Bro & Siwil 2014). The aim of using PCA in
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the present work was to find similarities among faenples scanned with FT-IR by
plotting the most relevant components to desctilgedata set (chia data set or sesame
data set). Additionally, the analysis of the loadwalues was used to find the most
relevant wavenumbers for the grouping of samplesraing to their similarities. PCA
on the covariance matrix was performed on the twta dsets (chia and sesame)
considering the intensities at each wavenumbemn{atzed and in absorbance units) of
the spectra as original variables and each typsaaiple representing a row of the
original matrix data set. PCA was performed usingUsOctave for Windows ver.
4.4.1.

Soft independent modelling class analogy (SIMCA3 supervised method (i.e.
use the information of the samples’ class) base®®©A. A single PCA was modelled
for each class (pure oils or adulterated sample#)enodata set matrix. To show how a
sample would fit in each class, two scalar staiséire calculated for each sample, Q-
residual and Hotelling’s T Q-residuals are calculated according t=@e ', where g
is the residual of sampleafter applying the model and it is related to &meount of
original information not included in the model. the other hand, Hotelling’s “Tis
related to the information of each sample withia thodel according to;T= I(Xi-Xavg) S
1(xi-xavg)’, where | is the number of samples, the multivariate measurement of the
samplei, Xayg the mean value and S the standard deviation. Qratiohit values can be
calculated at a specific (level of significance), often set at 0.05. A k&t number of
components were used to set the boundaries (Queddichit value vs. Hotelling’s T
limit value) for the classification of the samplasd then predict the class of a new
sample (not included in the training step) (Lunalet2016). If only one class is used in
the training step the approach is considered asrgeted and the boundaries can be

used as an accepted/rejected limit (Rodriguez .et2@19). SIMCA was run using
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Classification Toolbox ver. 5.0 (Ballabio & Cons@n2013) with a confidence level of
95% (@ = 0.05) under GNU Octave for Windows ver. 4.4.1.

One class partial least squares (OC-PLS) is anathiargeted approach based
on PLS algorithm using a distance-based sampletgensasurement as the response
variable. OC-PLS computes a regression as 1 s9%b e, where 1 is the response
vector, X is the original data sebp, s contains the regression coefficients &g the
vector of model’s residuals. After the model islbtiie Hotelling’s F (based on score
distances) and the absolute centered residual (A@R}pe calculated according to ACR

U 2
= |1-y-pe| andT? = le(tltsl—'z‘f"g), wherey; is the response of samplat. is the mean

ti
of the training errorst; avg andSZi are the mean and sample variance ofithdatent
variable andt, respectively; anK is the number of significant latent variables. The

standard deviation of the model can be calculateds a

O, = \/Z?’zl(l —vy; — Ue)?/(N — 1), whereN is the total number of left-out samples

during cross validation angl is the predicted response of it left-out sample. When

a confidence levelkd is set the limit values for ACR and Tan be calculated as ACR

2_
= Zy2 . e @nd T? = %FQ(K,H_K), where Z,, is the upper critical point of the

standard normal distribution, afgk n-k) IS the upper critical point of thé-distribution
with (K,n-K) degrees of freedom. The plot of SD versus ACRumtiag the limits are a
useful tool to screen outlier diagnosis and preddilterated samples from pure ones
(Xu et al., 2013; Zhang et al., 2017). OC-PLS wamputed using OC-PLS algorithm
under Octave for Windows ver. 4.4.1, with a conficke level of 95% and keave one
out cross validation (LOOCYV) to fix the number of tlagent variables (LVs) (Xu et al.,

2014).
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3. Results.
3.1 Gas chromatography with flame ionization detec{GC-FID).

Table 2 recovers the GC-FID results expressethasatio of total areas. Chia
oil major components were unsaturated fatty adidelenic (68.3 %) and linoleic acid
(20.7 %), in agreement with other studies thatdatlid that linolenic acid contents
might be up to 69 % (Ayerza & Coates, 2004; Ixtanal., 2011). The most abundant
fatty acids in sesame oil were oleic, linoleic, rpiic and stearic acids with high
predominance of unsaturated fatty acids. The ptapw of different fatty acids are
within the reported ranges (El khier et al., 2008akur et al., 2017). In corn and
sunflower oils, the major fatty acids were palmititeic, and linoleic acids and were in
the range described by FAO/WHO Codex Alimentariuem@iission (Codex
Alimentarius Commission CODEX STAN 210, 1999). As peanut the oil used had
oleic acid content slightly higher than the maximgtated by FAO (80%). While
soybean oil presented high content of linoleic aesl compared with reported
specifications (Spencer et al., 1976; Codex Alimaans Commission CODEX STAN

210, 1999).

3.2 Fourier transform infrared spectroscopy (FT-IR)

The assignments of the bands in the FT-IR spechmwn in Fig. SM1
(Supplementary Material Section, for the casesdufitaration of chia oil (a) and for
sesame oil (b)) agreed with those previously regbrh literature for many pure oil
types. In this work, the relevant signals were liaefrom #1 to #12. The first region of
bands was associated to hydrogen’s stretching (&retching) signals from about 3000
to 2850 crit. The first band (labelled as #1) was assignetiéeis double bond =C—H

stretching vibration. In addition, the signals ldded as #3 and #4 were reported as
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symmetric and asymmetric (respectively) stretchuitgrations of the aliphatic CH
group. The shoulder marked as #2 was associatéoeteymmetric stretching of the
aliphatic CH group. The second region of signals (from abo@01id 1650 cri) was
previously reported as the region of double bomstfstching. This region includes the
highest band in all spectra (#5), associated tcsttetching vibration of ester carbonyl
groups present in the triglycerides (-C=0). Furtiane, a small signal was present (#6)
and attributed to the C=C stretching vibration loé tis-oleofins. A third region of
signals was denoted as the region of other bonefsrohations and bendings ranging
from about 1470 to 1370 ¢mBands labelled as #7 and #8 were found in thjsore
and are associated to the bending vibration of @l CH. Finally, the fourth region
of signals (from about 1240 to 700 Ynis the so-called fingerprint region. This last
region includes three bands (#9, #10 and #11) dinah the stretching vibration of the
C-O0 ester groups. And, the last band labelled @swas associated to the overlapping
of two vibrations, the CHrocking and the out-of-plane vibration of ttis-disubstituted
oleofins (Guillén & Cabo, Guillén & Cabo, 1997b;a¢hos et al., 2006).

The average values of the wavenumbers recovered FDIR spectra for pure
oil samples used in this work are reported in Tabl8ignificant differences (one-way
ANOVA, p < 0.05) were only found in signals #3, #didd #12. In the case of the band
number 3, the wavenumber value reported for clughesan and sunflower was 2923
cm’ and the values found in the case of sesame, corpeanut oils were lower (2915,
2917 and 2915 cihrespectively). The band labelled as #11 showenlver value of
1092 cm' for peanut oil in comparison with all other oilithwalues of 1096 cih The
last shift was observed at the band marked as #h2anower value of 713 ctin the
case of the chia oil in contrast with the valu&al cm' reported for all the other oils.

According to the works published by Guillen and €afi997a and 1997b) and
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references therein, the frequencies of the band&lathange in agreement with the
profile of acyl lipids of the oils.

Moreover, the intensities of the bands could vasy avith the type of acyl lipids
and other components of the oils. In order to dig@ better visualization of those
intensity differences, the insets in Fig. SM1(ayl ¢b) show different zooms of three
different regions from the same spectra depicteithenmain figure. FT-IR spectrum of
chia oil (insets in Fig. SM1(a)) showed lower irgities for the bands marked as #2, #3,
#4 and #7 and higher intensities for bands #1, #, #9, #10, #11 and #12 in
comparison with all other pure oils used as adaittesr (corn, peanut, soybean and
sunflower). The band labelled as #8 showed lowtmngities than the other oil except
for peanut oil, which showed no significant diffece. In the case of sesame oil (Fig.
SM1(b)), the trend is more complex, intermediateensity values for sesame oil
occurred in bands #1, #2, #3, #4, #7, #11 and Ed®er intensities were observed in
the case of bands marked as #5 and #10 and highdrei case of band #9. No
significant differences were found in the bandsa#il #8 with in relation to adulterant

oils except for peanut, which presented lower v&ineéboth bands.

3.3 Principal component analysis.

FT-IR spectra of the pure oil samples and the adatiéd oil samples were used
as input for principal component analysis (PCA) farbetter visualization and
exploratory purposes of the data. Fig. SN2gplementary Material Sectijpshows the
scatter plot of the two first principal compone(R€; vs. PG) for the case of chia (part
(a)) or sesame (part (b)) and the oils used astaadals. The visual discrimination
observed in Fig. SM2(a) and (b) is quite similadahe amount of accumulated

variance was 98.5% and 96.1% respectively. PCAabées to discriminate the samples

11
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according to their similarities and separate theeils used as adulterants and the
target oil (chia or sesame) into three well defirgrdups. One group of samples
correspond to chia or sesame pure oils, the sesonado corn, soybean and sunflower
oils and the third one representing only peanut oll

PCA results obtained by FT-IR spectra are in gogré@ment with the results
showed using GC-FID for quantification of the aligids. Fig. SM3 Supplementary
Material Sectiolh shows a PCA using as input the average relateregmtage of the
total chromatographic area for the five FAMEs (mpd in Table 2). The similarities of
the fatty acid profile match with the similaritiebtained with FT-IR (Fig SM2 a) and
b)), where the sample of sesame oil is near to,®gbean and sunflower oils and
distant from peanut oil. In the case of chia, thengle is located far from all others.
According to Fig. SM3 a detection method basedhenuse of FAMEs profile would
find more difficulties to detect adulteration osaene than chia oil for three of the four
adulterants used in the present work (corn, soybedrsunflower).

Fig. 1(a) and (b) show the three-dimensional PCéresplot (PC1 vs. PC2 vs.
PC3) for the cases of chia (88.2% of cumulativeilavenre) and sesame (72.0% of
cumulative variance) oils using FT-IR frequenciesgure and adulterated oils. Despite
some samples are superimposed in some places piotisethere is a clear trend in both
cases (chia and sesame). Pure chia or sesamenpilesaare grouped in a confined area
of the plot and adulterated samples are placeddiiferent region. The proximity of
adulterated samples from pure oil samples are od gmreement with the proportion
used as adulterant (corn, peanut, soybean or sumfloils). The samples with the
lowest proportion of adulteration (99+1) are ndw pure oil samples and the samples

with the highest proportion of adulteration (90+1&e more distant. The good
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discrimination results showed by PCA in both ca@sa and sesame) motivated the

use of SIMCA, which is a PCA-based method.

3.4 Soft independent modelling class analogy (SIMCA

Fig. 2(a) and 3(a) show the plots of Q residualsHotelling T outcoming from
SIMCA analysis performed for chia and sesame aditen respectively using a
confidence value of 0.05 and 3 latent variablesq)L\Wsing the target class (pure oils)
and the confidence level, SIMCA defines the bouiedafred dotted lines), which forms
the lower and left square (insets in Fig. 3a andofa better visualization). Once the
limits were established, prediction of the class®iv samples can be done. Any sample
of the target class predicted as adulterated isidered a false negative (FN), and any
adulterated sample predicted as the pure oil issidered as false positives (FP).
Samples with correct prediction are considered e positives (TP) or true negatives
(TN). Performance parameters can be calculatedyubm number of FN, FP, TP and
TN. Sensitivity (SEN), also known as Type | erngra performance parameter related
to the target class and is equals to TP/(TP+FNgolmtrast, specificity (SPEC), or type
Il error, is a parameter which gives informatiorabthe samples that do not belong to
the target class and is equal to TN/(TN+FP). Udimg information of the samples
wrongly classified Table 4 recovers SEN and SPE@egausing SIMCA for chia and
sesame cases. SEN values were identical in bo#s q@967), with only 1 sample
wrongly classified of a total of 30. And SPEC vaueere 1.00 and 0.948 (21 wrong
classified samples of a total of 400) for chia @edame respectively. SPEC values
reflect the difficulties to achieve an approprigieediction using SIMCA for the

adulterated samples with a proportion of 99+1 d¢hse of sesame adulterated oil.
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3.5 One class partial least squares (OC-PLS).

Fig. 2(b) and 3(b) represent the plot of the tvassifier distances (ACR and
OCPLS score distance) obtained using OC-PLS (witbrdidence level of 0.05) in the
cases of chia and sesame respectively. The ingdeithe main graph in Fig. 3b show a
zoom, for a better visualization of the pure samiptet square (limited by the red
dotted lines), which is no necessary in the Fif).3{The numbers of LVs (5 and 4 for
chia and sesame cases respectively) were selamtedtang to the instructions given by
the developers of the algorithm using a leave-ame-tross validation method
(LOOCV) (Xu et al., 2014). SEN and SPEC values weteulated following the same
equations given in Section 3.4 and reported in dabl The use of OC-PLS shows
excellent discrimination results for the predict&tep with SEN values of 1.00 in both
cases (chia and sesame). And SPEC values of 1d00.882 (less than 1% of error) in
the cases of chia and sesame respectively. Th&RISC value of 0.992 (sesame case)
represents only 3 wrongly classified samples (adaléd samples with a proportion of

99+1) of a total of 400.

4. Discussion.

According to the results showed in this work, SIM@GAd OC-PLS were
successful in the detection of adulterated sampleshia oil with cheaper oils (corn,
peanut, soybean and sunflower) with acceptablersrpoediction at any level of
adulterant proportion (90+10, 95+5, 98+2 and 99% ¥adlume). In the case of sesame
adulterated samples, only OC-PLS showed a succetettction for all the proportions
of adulterant with lower acceptable error; whilM&IA failed only in the case of 99+1

adulteration proportion with a SPEC value of 0.9d4Bor rate of slightly more than

14



370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

5%). The difficulties observed in the detectionadiulterants in the case of sesame oil
could be explained by FAMEs profile similaritiestivihe adulterants used.

The results obtained for chia and sesame oilshageod agreement and in some
cases better than those found by other authordaarmther materials in the literature.
For example, in the case of extra virgin olive adulteration studies the most used
methods were discriminant analysis (Linear or PaSelal) or regression based methods
(partial least squares or principal component i=joms) using FT-IR as the input data,
and the lower proportion detected of adulterant alasut 1% to 5% (Downey et al.,
2002; Gurdeniz & Ozen, 2009; Jiménez-Carvelo elall7; Lerma-Garcia et al., 2010;
Rohman & Man, 2010; Tay et al.,, 2002). Moreoverscdminant analysis and
regression-based methods were performed to dedatteeants in hazelnut, walnut and
sesame oils with a limit of detection between 0-5B0% (Fadzlillah et al., 2014; Li et
al., 2015; Ozen & Mauer, 2002; Ozulku et al., 20R@hman & Man, 2011; Zhao et al.,
2015).

In spite of the general good adulterant detectesults showed by discriminant
analysis-based methods, several authors discusst ahe robustness of these
techniques. The main weakness is that during thien@ation step, SPEC parameter
(type II error) is minimized instead of the SEN gaeter (type | error). Thus,
discriminant-based methods are considered as ali@mnppproach instead of a robust
approach (Granato et al., 2018; Oliveri & Downe®12; Rodionova et al., 2016).

Based in this concept, the present work showedtarbgerformance than other
studies using untargeted analysis. OC-PLS and fap#dgast squares class model
(PLSCM, similar to OC-PLS) were used to detect wdahts in olive, peanut and
sesame oils with as much as 3% of adulterant ptigpoin all the cases (Deng et al.,

2012; Xu et al., 2011; Zhang et al., 2017). Thegrglbetter performance showed in the
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present work by PLS-based algorithm (OC-PLS) in panson to a PCA-based
algorithm (SIMCA) relays on the different way theot methods fix the LVs. SIMCA
calculates the components according to the dineatiothe maximum variance of the
target class and OC-PLS calculates the LVs by miakignthe component’s correlation
between the original variables and the responsahtar(Deng et al., 2012; Rodriguez
et al.,, 2019; Xu et al., 2011). Moreover, anothesgible reason is that the use of
LOOCYV (or other cross validation performed in OCS}lleads to a higher number of
LVs. In the present work the number of LVs were ridl & for chia and sesame

respectively using OC-PLS in comparison to 3 uShHgCA for both cases.

5. Conclusions.

Both models for the analysis of FT-IR measuremdgntng the untargeted
methods: SIMCA and OC-PLS) were able to succegsfigtect the presence of four
adulterants (corn, peanut, soybean and sunflov®rinichia and sesame oils. OC-PLS
showed a slightly better performance than SIMCAhvatlimit of 99+1 (proportion of
target+adulterant oils, in volume) for chia andases samples. The difference in the
performance for both untargeted methods (OC-PLSSANICA) could be associated to
the different way of fixing the latent variablesMt) and the number of these used to
model the data set. FT-IR coupled to untargetedmoneetric analysis may be
implemented to determine impurities in oils, avogli time-consuming sample
preparation, harmful reactants and expensive nadgei hese techniques could be also
extended to ensure product authentication in otbeds and ingredients and for
classifying food quality into different grades, piging the corresponding validation
steps are fulfilled. Food industry and control lesdwould be also favoured by the

expected technical and economic benefit and préglgatlity improvement.
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Figure captions

Fig. 1. Principal component three-dimensional score pl@; ¥. PG vs. PG) for pure
and adulterated oil samples. Part (a): pure chiébhie dots), adulterated chia in 90+10
proportion (red squares), adulterated chia in 9%t6portion (green diamonds),
adulterated chia in 98+2 proportion (black pointdayvn triangles) and adulterated chia
in 99+1 proportion (pink pointing up triangles).rPé): pure sesame oil (blue dots),
adulterated sesame in 90+10 proportion (red sqyasekilterated sesame in 95+5
proportion (green diamonds), adulterated sesam@8#® proportion (black pointing
down triangles) and adulterated sesame in 99+1optiop (pink pointing up triangles).

Variance values associated to each component axedre parentheses.

Fig. 2. Samples of pure chia oil (blue dots and blue c)sselulterated chia in 90+10
proportion (red squares), adulterated chia in 9%&portion (green diamonds),
adulterated chia in 98+2 proportion (black pointdayvn triangles) and adulterated chia

in 99+1 proportion (pink pointing up triangles) repented in a scatter plot of Q
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residuals vs. Hotelling “Tvalues obtained using SIMCA (part (a)) and a ecattot of

centered model residuals (ACR) vs. OC-PLS scottanlie using OC-PLS (part (b)).

Fig. 3. Samples of pure sesame oil (blue dots and blugses), adulterated sesame in
90+10 proportion (red squares), adulterated sesamé&®5+5 proportion (green
diamonds), adulterated sesame in 98+2 proportitatKkpointing down triangles) and
adulterated sesame in 99+1 proportion (pink pointip triangles) represented in a
scatter plot of Q residuals vs. Hotellin§ ialues obtained using SIMCA (part (a)) and
a scatter plot of centered model residuals (ACR)QG-PLS score distance using OC-

PLS (part (b)).
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Table 1. Detailed number of measurements for each type of sample: Ch = chiadil, Se=

sesame oil, Co =corn oil, Pe = peanut oil, So = soybean oil, Su = sunflower oil.

Type of Number of samples per each class Total
sample | pureoils | 90+10 | 95+5 | 98+2 | 99+1
Ch 30 30
Ch+Co 25 | 25 |25 | 257 100
Ch+Pe 25 |25 |25 | 25 | 100
Ch+So 25 | 25 |25 | 257 100
Ch+Su 25 |25 |25 | 25 | 100
Se 30 30
Se+Co 25 | 25 |25 | 257 100
Set+Pe 25 |25 |25 | 257 | 100
Set+So 25 | 25 |25 | 257 100
Set+Su 25 |25 |25 | 25° | 100
Co 30 30
Pe 30 30
So 30 30
Su 30 30
Total 180 200 [200 |200 |200 980

* 6 measurements for each batch of oil (5 batches prepared).
** 25 samples produced with all the possible combinations of 5 batches of pure oils and
5 batches of adulterant oils.



Table 2. Fatty acid relative composition of pure oils exgexbas percentage of total

chromatographic area.

Fatty acid relative composition (%)
Oil type Palmitic Stearic Oleic Linoleic Linolenic
(16:0) (18:0) (18:1) (18:2) (18:3)
Chia 7.30+£0.06| 3.00+0.02 0.70+0.01 20.70#0] 68.30 +0.15
Sesame 9.50+0.08 5.30+0.03 43.30+027 41623 0.40 £ 0.00
Corn 10.10+0.08 2.20+0.00 33.00+0.20 53.93&0| 0.90+0.01
Peanut 6.10+0.05 2.00+£0.01 85.00+0/53 6.8 0.20 £ 0.00
Soybean| 13.70+0.11 6.00+£0.04 1.40+0.p01 69.8(38 9.10 £ 0.02
Sunflower| 6.00+0.05| 3.30+0.02 30.20+0.19 60.40+0.83 .10& 0.00
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Table 3. Mean wavenumber values in ¢nof the twelve peaks labelled in Fig. SM3ugplementary Material Section) obtained from FT-IR
spectra of the pure oil samples.

Oil Number of the peak from the spectra
sample #1 #H2 #3 HA #5 #H6 #7 #8 #9 #10 #11 #12

Ch 3006 +83| 2951 +|/2923 +|/2850 +|1742 +|1649+2|1456+72|1372 +|1233 +|1156 +|1096+7F|713+F
28 3 12 12 22 12 12

Se 3004 +2[ 2949 +|2915 +|2850 +|1742 +|1652+2|1459+F|1374 +|1233 +|1156 +[1096+F|721+7
3? 1P 12 12 12 12 12

Co 3004 +2 | 2948 +[2917 +|2850 +|1742 +|1652+27|1459+F|1374 +[1233 +[1156 +[1096+F|721+7
22 3 12 12 22 12 12

Pe 3004 +3|2949 +|2915 +|2850 +|1742 +|1652+F|1459+73|1374 +|1233 +|1156 +|1092 +|721+7
12 1° 12 12 22 12 12 2P

So 3004 +2[ 2949 +|2923 +|2850 +|1742 +|1652+7|1459+F|1374 +|1233 +|1156 +[1096+F|721+7P
22 22 12 12 12 12 12

Su 3004 +3| 2949 +|2923 +|2850 +|1742 +|1649+7F|1459+2 1374 +|1233 +|1156 +[1096+F|721+7P
42 12 12 12 12 12 12

* shared superscripts represent statistically Sigance differences (p < 0.05).



Table 4. Performance parameters recovered from SIMCA anePQE results for chia
and sesame adulterated data sets.

Case Method LV's* SEN** SPEC***
Chia SIMCA 3 0.967 1.00
OC-PLS 5 1.00 1.00

Sesam SIMCA 3 0.967 0.948

OC-PLS 4 1.00 0.992

* LV’s: Number of latent variables used in eachecas

** SEN: Sensitivity performance value, calculatedSEN = TP/(TP+FN), where TP is
the number of true positives and FN is the numbéalse negatives.

*** SPEC: Specificity performance value, calcula@slSPEC = TN/(TN+FP), where

TN is the number of true negatives and FP is theber of false positives.
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Fig. 2
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Fig. 3
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Highlights

* FT-IR measurements were obtained for pure oils and adulterated chia and sesame
oils.

» SIMCA and OC-PLS were performed as untargeted methods with an error of
prediction below 5%.

* An adulteration proportion as low as 99+1 could be detected with minimum error of
prediction.

» GC-HD explained the differences obtained by the FT-IR and untargeted methods

for chia and sesame oil adulteration.
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