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A method for the quantitative analysis of trans fatty acids (TFAs) in cooked soybean oil using terahertz
(THz) spectrum is developed. The THz spectra of three groups of soybean oil samples that were cooked at
different temperatures for various times were measured using a terahertz time-domain spectrum system
(THz-TDS) with frequency range of 0.2-1.5 THz. A partial least squares (PLS) regression model based on
the whole THz spectrum was constructed to predict the TFAs content in the cooked soybean oil samples. To
reduce noise and improve the prediction accuracy of the model, a subinterval PLS (sub-PLS) model based
on a part of the THz spectrum was constructed. This sub-PLS had high accuracy in predicting the TFAs con-
tent in cooked soybean oil samples (R = 0.987 and RMSECV = 0.956).
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partial least squares.
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Paspaboman memoo xonuvecmsennoco ananuza mpaucuzomepog sxcuphwix kuciom (THIKK) 6 coesom
Mmacne ¢ ucnonvzoganuem mepazepyoguix (11y) cnekmpos. TI'y cnekmpsl mpex epynn 06pasyoe coesozo mac-
Ja, NPULOMOBGIEHHBIX NPU PA3HLIX MEMNEpamypax 8 meueHue pasiuyHoeo GPeMeHU, UBMEpPeHbl C UCHOTb-
306aHUEM MEPALEPYOBOL CHEKMPATLHOU cucmemvl ¢ paspeuteruem 6o epemenu (T1y-TDS) 6 ouanaszone ya-
cmom 0.2—1.5 Tl'y. J{ns npoenosuposanus cooepoicanust THIKK 6 npucomosnennvlx oopazyax coegoeo mac-
J1a NOCMPOEHA pecpecCUoHnas MoOenb no Memoody YaCmHbIX HauMeHbuwux keaopamos (PLS) na ocnoee éce-
2o TI'y cnexmpa. [nsa cuudicenus wyma u nOGbIULEHUS MOYHOCU APOSHOZUPOBAHUS MOOeIU NOCMPOeHd
cyounmepeanvhas mooenv PLS (sub-PLS), ochosannas na wacmu Tl'y cnexkmpa. Dma moodenv obecneuuna
BbICOKYIO MOUHOCMb NpocHO3UposaHus codepicanus THIKK 6@ npuzomosneHHbIX 06pazyax coesozo macid
(R = 0.987) u cpeonee xeadpamuuroe omxionenue kpocc-eanuoayuu (RMSECV = 0.956).

Kntouesvie cnosa: mepazepyosulii cnekmp, mpanHcu30Mepbl HCUPHBIX KUCTIOM, KOTUYECHBEHHbIU aHAIU3,
Memo0 YACMHBIX HAUMEHLUIUX K8AOPAMO8, CYOUHMEPBANbHAA MOOENb YACTHHBIX HAUMEHLUUX K8AOPAMO8.
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Introduction. Edible oil is one of the basic materials maintaining human life. They are often used
for cooking, which leads to a gradual loss in their nutritive value and even generates hazardous substances.
Therefore, a rapid and accurate method to analyze the quality of edible oil is required. Traditional analytical
methods such as gas chromatography [1, 2], gas chromatography-mass spectrometry [3, 4], liquid chroma-
tography [2, 5], and high-performance liquid chromatography [6] are often used to evaluate the quality of
edible oil. However, these methods are time consuming and require complicated pretreatment. Spectrum
analyses such as Raman [7-9] or near infrared (NIR) [10, 11] are good analytical tools, and have been wide-
ly used to assess food safety. However, few researches [12, 13] have focused on the analysis of edible oil
quality using terahertz (THz) spectrum. Zhan et al. [12] used principal component analysis (PCA) and sup-
port vector machine (SVM) to identify edible or swill-cooked oil, which proved that the developed method is
suitable for the rapid identification of swill-cooked oil but did not offer quantitative analysis for a mixture
of edible oil and swill-cooked oil. Li et al. [13] used SVM to investigate the four principal nutritional com-
ponents in edible oil, and the predicted error of classifications is near 0.5%, but also did not offer quantita-
tive analysis.

Terahertz radiation has a frequency range of 0.1 to 10 T (I T = 10'? Hz), and represents the band
of electromagnetic wave between microwave and infrared wave. Rapid progress in generating and detecting
THz radiation has promoted the development of analytical methods based on the THz spectra [14, 15].
The vibration frequency of many biological molecules is in the THz range, and many molecular types can be
identified based on their THz fingerprint spectra [16, 17]. In addition, THz radiation may easily penetrate
many nonpolar materials, and it has been particularly used in detecting explosives and illicit drugs [18, 19].
In recent years, the applications of THz spectrum technology in food quality and safety detection have at-
tracted great interest [20]. Lian et al. [21] used terahertz spectrum to identify of three strains of transgenic
maize, and the correct identification rate reached 92% using PCA and SVM analysis methods. Ge et al. [22]
obtained and analyzed the terahertz spectra of aflatoxin B1 preserved in acetonitrile solutions with concen-
tration ranges of 1-50 and 1-50 1g/L, and used PCR, PLS, and SVM to do a quantitative analysis for the
concentration range of 1-50 lg/mL. Jiang et al. [23] proposed a feasible tool that uses a terahertz imaging
system to identify wheat grains at different stages of germination. Their experimental results indicated that
the THz technology combined with chemometrics could be a new effective way to discriminate the types
of measured objects.

The goal of our study was to develop a method to quantify TFAs in cooked soybean oil based on THz
spectrum analysis. The THz frequency used in our study is in the range of 0.2—1.5 THz. The THz spectrum
data were used to construct a model using the partial least squares (PLS) method to predict the TFAs content
in cooked soybean oil. The accuracy of the model was tested by comparing the measured TFAs values with
the predicted TFAs values. An optimized sub-PLS model based on the most meaningful part of the THz
spectrum was proposed, which has better performance than PLS in predicting the TFAs content in cooked
soybean oil.

Data acquisition. The apparatus used in the experiment, the terahertz time-domain spectrum system
(THz-TDS) “Z3”, made by Zomega Corp., in USA, has been widely applied in materials testing in recent
years. The work of THz-TDS is as follows: The mode-locked Ti-sapphire femtosecond laser, which provides
100-fs pulses at a wavelength of 800 nm and a repeating frequency of 80 MHz, is divided into two beams
(pump beam and probe beam) using a polarization beam splitter (PBS). The THz pulses are generated from
the low-temperature-grown GaAs photoconductive antenna with an attached silicon hyperhemispherical
lens. The THz radiation from the emitter is collected and focused on the sample through a pair of parabolic
mirrors (PM). Electrooptic (EO) detection is used to detect the THz signal. The transmitted THz radiation is
focused and collimated through the PM onto the ZnTe EO detector crystal [24]. The THz beam path should
be filled with nitrogen gas to remove absorbed atmospheric water vapor [25]. The samples are placed at the
focal point of the THz beam spectroscope, and the measurements are performed at an ambient temperature of
294 K with a relative humidity of approximately 4%.

The THz-TDS can give both the phase and amplitude of the THz pulses for detection. A reference pulse
signal, Erf(m), in the absence of sample, and a sample pulse signal, Es(w), are recorded. Comparing the sam-
ple pulse and reference pulse using fast Fourier transformation, the complex refractive index M) can be
expressed as follows:

No) = n(w) - ik(w), ©)
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where n(w) and k(w) are the real refractive index and extinction coefficient, respectively, which describe the
dispersion and absorption characteristics of the sample, o is the cyclic frequency, and i is the imaginary unit.
The complex transfer function H(w)of the sample [26], is as follows:

E,(0) AN io(N-1)d
H(w)= = exp( =p(o)exp(ip(®)), 2
Euc(0) (v el) - (@)exp(ip(w)) o)
where Fs(w) and Eref(®) are the complex amplitudes of the Fourier transform of Es(f) and Erer(¢), respectively,
c is the speed of light, and p(w) and @(w) are the amplitude ratio and related phase difference of the refer-

ence and sample, respectively.
The n(w) and absorption coefficient a(w) can be obtained using the equations

n(o) = [p(w)/od]c + 1, (3)
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Sample preparation. In this research, samples were bought from the supermarket, and their composi-
tions are as follows: saturated fat 16.0 g/100 g, monounsaturated fat 25.0 g/100 g, polyunsaturated fat 59.0%,
cholesterol 0%, carbohydrate 0%, and protein 0%. The fresh soybean oil does not contain trans-C18:1, but
contains small amounts of trans-C18:2 and trans-C18:3. The samples were heated at 160, 180, and 200°C
for 15 min, 0.5 h, 1, 2, 4, 8, and 12 h using crucibles. In total, 480 samples including the unheated were pre-
pared for testing.

The 480 samples were divided into three groups by average, and each group was heated at 160, 180,
and 200°C. In addition, each group contains additional 20 unheated samples besides the heated samples. In
each group, 80 samples randomly selected formed the calibration set, and the rest of 80 samples formed the
prediction set. When preparing samples, disposable SiO; cuvettes with an optical path of 1 mm were used.
The samples were prepared at room temperature and measured within one day to avoid contamination from
the environment.

PLS and Sub-PLS. Partial least squares (PLS) regression is an optimization tool for quantitative analy-
sis, which has been widely applied in different fields [27-30]. Some latent variables in PLS regression repre-
sent the maximal covariance between matrices [31]. By using PLS in this research, the best correlations be-
tween the spectral data X and Y that measured for TFAs in cooked soybean oil are as follow:

X=TP"+E, Y=UQ"+F,

(4)

where X is the input matrix and Y is the output matrix, 7' and U are the score matrices, P and Q are the load-
ing matrices that represent the covariance between X, Y, and U, respectively, and £ and F are the residual
matrices. In our research, the input matrix X was derived from the absorption coefficient and refractive index
within a selected frequency range of THz, and the TFAs content in measured samples formed the output ma-
trix Y.

In the experiments, the TFAs content was divided into eight ranges for quantitative and predictive
analyses: 1) TFAs range 0.30-0.44, 2) 0.45-0.59, 3) 0.60-0.74, 4) 0.75-0.89, 5) 0.90-1.04, 6) 1.05-1.19, 7)
1.20-1.34, 8) over 1.34%. The reason why we classified TFAs into different levels is that we need a criterion
that determines whether the predicted result is correct using our model. If the predicted value is in the correct
range, the predicted result is correct.

The whole THz spectrum of each sample usually included some noise regions, which reduced the relia-
bility of analysis. To improve reliability and simplify calculation, we selected the best area to replace the
whole spectrum to perform PLS. This is the method known as subinterval PLS (Sub-PLS). Therefore, the
whole spectrum was divided into several subintervals with equal width for comparison. The best subinterval
was selected in accordance with the root-mean-square error (RMSE) of cross-validation (RMSECV) value.
Both the Sub-PLS model and the PLS model were evaluated by comparing the correlation coefficient (R)
between the measured value and the predicted value, the root-mean-square error of the calibration set
(RMSEC), and that of the prediction set (RMSEP). The best model is the one that has the highest R value
and the lowest RMSE value. The above parameters can be calculated as follows:

e i
RMSECV=1/;Z(yr -, Q)
i=1
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where n is the number of samples in the calibration set, y’ is the reference value of the ith sample, y,' is the
predicted value of the ith sample, yr is the average of the reference values, and y, is the average of the pre-
dicted values.

Experimental results and discussion. To increase the signal-to-noise ratio (SNR), each sample was
measured three times using THz-TDS. The spectrum of each sample was the average of three scanning re-
sults, and the reference spectrum was also measured after every three scans. The effective THz testing fre-
quency is in the range of 0.2—-1.5 THz. The typical THz time-domain spectra of the partial samples are
shown in Fig. 1a. Their corresponding frequency-domain spectra that were obtained using fast Fourier trans-
form are shown in Fig. 1b. The refractive indices and the absorption coefficients of the samples were calculat-
ed using Eq. (3) and Eq. (4), as shown in Fig. 1c,d.
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Fig. 1. THz time-domain spectra (a), frequency spectra (b), refractive index spectra (c),
and absorption spectra (d) (samples were heated at 180°C for half an hour).

Spectrum analysis. As shown in Fig. 1, there was an effective narrow bandwidth (about 0.2—1.5 THz) in
the entire measurement range of 0.1-2.25 THz. Although the difference in the spectral shape among the
samples was not obvious, we can still find their differences after being amplified in the effective bandwidth.
Particularly, Fig. 1c illustrates some significative differences in the refractive indices between samples.
Moreover, Fig. 1d shows that the differences in the absorption spectral shapes among samples indicate that
there are some differences in the THz absorption coefficients. In particular, we have already adjusted the
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experimental system to optimal signal-to-noise ratio (10%) terahertz range in the used, and several experi-
ments also proved good stability and repeatability of the experimental system. Therefore, we can basically
avoid the influence caused by measuring error for the above results.

Because all of the samples contained similar components, their optical parameters were very closed to
each other, as shown in Fig. 1a,b. To enhance the differences among spectra, the average values of the ab-
sorption coefficient of eight levels of TFAs content at certain temperatures were calculated. For example, at
180°C, the computed average values of the absorption coefficient of each level were 3.84, 3.93, ..., 5.24.
In addition, because of the limitation of the dynamic range of THz-TDS, there was a lower SNR in the high-
er frequency region of the spectra (>1.5 THz) in all samples. Because there were no distinct absorption peaks
in the spectra and the differences in spectra among samples were not obvious, we used a PLS regression to
investigate the relationship between the changes in the chemical properties of the samples and their spectra.

PLS analysis. Using the PLS toolbox (version 4.0, Eigenvector Research Inc., Wenatchee, WA, USA)
in the MATLAB software package (version 2013a), three groups of soybean oil samples were analyzed. The
eight levels in each group were assigned numbers from 1 to 8 (Table 1) as output variables, and the original
spectra of the samples were used to establish the PLS model. Then, the PLS calibration model was devel-
oped using a leave-one-out cross-validation calculation. To obtain the best model, the typical range from 0.2
to 1.5 THz was applied. The aim of the PLS model was to predict which level of TFAs a new sample con-
tains. We used 480 samples to construct the prediction model. All the samples in each group were also split
into two small groups randomly: the calibration set (80 samples) and the prediction set (80 samples). The
performance of the model is summarized in Table 1.

TABLE 1. Calibration and Validation Results from PLS Model based on the Range of 0.2—1.5THz

Variable used Calibration Cross validation
R RMSEC R RMSECV
Absorption coefficient 0.979 0.833 0.976 1.093
Refractive index 0.973 1.374 0.968 1.427

Note: the above results are from experimental results using THz-TDS.

Compared to the PLS model based on the refractive index, the PLS model based on the absorption coef-
ficient possessed the lower RMSE value and the higher R-value, which indicated better performance. Thus,
the PLS model based on the absorption spectrum predicted the TFAs content of soybean oil more accurate
than that based on the other spectrum in the THz frequency range of 0.2—1.5 THz.

Figure 2 shows a comparison between the predicted results and the measured results at each specified
temperature using the THz absorption spectrum-based PLS regression model. The predicted values of TFA
content of all samples were consistent with their measured values, which indicated that the PLS model was
effective for the quantitative analysis of TFAs in cooked soybean oil.

Preducted value a b c

2 . o Validation = o Validation

+ Calibration + Calibration

2 4 6 8 2 4 6 8
Actual value

Fig. 2. Relationship between the measured values and the predicted values
using PLS model at 160 (a), 180 (b), and 200°C (c).
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Sub-PLS analysis. To remove noise and improve the performance of the model, we developed a sub-
PLS model based on the former PLS model using the same absorption spectra. First, the full spectrum was
divided into 16 equispaced subintervals, and calibration models were built for each subinterval (in total, 16
models). Then, cross-validation was performed for each of the 16 sub-PLS models. Figure 3 shows the
RMSECYV value for each model and the mean absorption spectrum. Each column, which represents a sub-
PLS model, has the same width, and its height indicates the RMSECYV value of the corresponding model.
Sub-PLS model No. 8 with the frequency range of 0.788-0.900 THz has the lowest RMSECYV value, so it
was selected as the best subinterval for building the sub-PLS model.

RMSECV a b c

Al | | ‘ HiT
4 8§ 12 16

1 4 8 12 16 1

1 4 8 12 16

Model number

Fig. 3. RMSECYV values of each sub-PLS model and mean absorption spectrum
at 160 (a), 180 (b), and 200°C (c).

The most useful part of the whole spectrum to estimate TFAs content was selected to enhance the per-
formance of the model. In general, the most useful part of the spectrum is the one with the lowest RMSECV.
In our experiment, we divided the whole spectrum into 32, 16, and 8 subintervals, and used three widths
(4, 8, and 16) to build some sub-PLS models. The calibration and validation values of the optimal sub-PLS
models are shown in Table 2.

TABLE 2. Parameters of Optimal Sub-PLS Regression Models under Three Sub-interval Widths

Subinterval width Frequency, THz R RMSEC RMSECV
16 0.668-0.993 0.981 0.912 1.196
8 0.788-0.900 0.987 0.679 0.956
4 0.774-0.949 0.985 0.863 1.238

As shown in Table 2, the sub-PLS model with width of 8 shows lower RMSECV and RMSE values and
higher R value than those of the other Sub-PLS models and the full spectrum PLS model (Table 1). These
results indicated that the Sub-PLS with an appropriate subinterval showed better performance for classifica-
tion than the full-spectrum PLS model. A note about R parameter is that a higher R value does not necessari-
ly indicate a fit model, but experiments show that it is appropriate for evaluating our model.

Figure 4 compares the measured values with the predicted values using the full-spectrum PLS model
and the optimal sub-PLS model with the frequency range of 0.788-0.900 THz. The RMSEP of the full-
spectrum PLS model is 0.861, while that of the sub-PLS model is 0.639. The eight subintervals along the
X-axis represent the eight levels of TFAs content (No. 1-8) in fresh soybean oil samples and those that were
heated for 15 min, 0.5 h, 1.0, ..., and 12 h. The Y-axis represents the predicted values from the sub-PLS and
PLS models for each TFAs content level. As shown in Fig. 4, the sub-PLS model possesses the maximum
estimation range of 0.65—1.05 THz, which is smaller than that of the PLS model (0.60—1.10 THz). This indi-
cates that the sub-PLS model gives better performance is estimating the TFAs content in soybean oil sam-
ples, though the degree of dispersion is relatively high in some samples.
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Fig. 4. Scatter plots of the measured values and the predicted values using the sub-PLS model
with the range of 0.788—0.900 THz (a) and the full-spectrum PLS model (b).

Detection for samples with unknown temperature. In addition, due to the restrictions of objective condi-
tions, we did not have enough samples for modeling. But it should be pointed out that the model is not in-
tended to detect the temperature of soybean oil but to detect the level of TFAs in soybean oil. To obtain dif-
ferent contents of TFAs of soybean oil, we heated samples at three kinds of temperature. For the samples
with unknown temperature, we first used liquid chromatography to determine their contents of TFAs, then
entered their spectral data into the Sub-PLS model to predict their levels of TFAs. The experimental results
from 100 samples indicated that, compared to the other conventional methods such as support vector ma-
chine (SVM), backward propagation neural network (BPNN), and radial basis function neural network
(RBFNN), we still obtained excellent prediction results using the proposed Sub-PLS model, as shown in
Table 3.

TABLE 3. Prediction Accuracy of the Different Models

Model Total prediction accuracy, %
SVM 93.00
BPNN 90.00
RBFNN 92.00
PLS 91.00
Sub-PLS 95.00

Like the NIR [10, 11] and Raman spectrum [7-9], the THz spectrum is also a kind of nondestructive
and rapid analysis method, but it has better penetrability to our samples. Thus, it is more suitable to construct
models to predict the TFAs content in soybean oil. In our experiment, the total time to prepare, measure, and
analyze samples was less than 10 min, much less than other traditional biochemical detection methods. Fur-
thermore, the average RMSEP was also lower than that of the method based on NIR spectra (0.31%) that
measures using an infrared spectrometer [11]. However, so far, few studies have compared the performance
of the PLS model with that of the sub-PLS model in predicting the TFAs content of cooked soybean oil.

Because of the multifarious biomacromolecules in cooked soybean oil, overlapping signals can obscure
the THz absorption spectra and lead to a lack of characteristic absorption peaks, and this leads us to the diffi-
cult of identifying them in the THz frequency range. In fact, it is normal for many macromolecular substanc-
es to possess featureless THz absorption spectrum [32-34]. However, in our experiments, samples with dif-
ferent TFAs content possess distinguishable absorption spectra that are caused by the different levels of ab-
sorption by THz waves. Therefore, as used in analyses of other complex substances using THz spectroscopy,
chemometric analysis and PLS regression were combined to predict the TFAs content in cooked soybean oil.

To obtain the prediction model with the best performance, we used both PLS and sub-PLS to construct
regression models to discriminate the TFAs content in cooked soybean oil based on their THz absorption
spectra. Previous studies have shown that the performance of the models can be improved by selecting
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a THz subinterval with appropriate range and width. If the subinterval width is too large, irrelevant infor-
mation and noise will be included, and this may decrease the performance of the models. Because the PLS
model uses the full spectrum including noise and irrelevant subintervals, its performance in predicting TFAs
content is inferior to that of the optimum sub-PLS model. However, if the subinterval width of the sub-PLS
model is too narrow, the prediction error will increase because of the loss of signature information in the
spectrum.

The prediction accuracy of the proposed model using THz spectra can be affected by many factors. The
THz spectrum of a sample is not only affected by the experimental environment, background noise, and in-
stability of THz-TDS [35], but also by the chemical components of the sample itself. Differences in oil ex-
traction technique, soybean variety, and production area can also result in different proportions of fatty acids
and/or various impurities in soybean oil samples, which also affect the THz-TDS spectra. To construct a
suitable PLS regression model to predict the TFAs content in cooked soybean oil using THz spectra, other
factors that affect THz spectra, such as those mentioned above, should be considered in future research.

Conclusion. In this research, we evaluated the application of the THz spectrum combined with various
models and estimated the TFAs content in cooked soybean oil. First, the TFAs content in 480 cooked soy-
bean oil samples was detected and analyzed based on their THz spectra measured in the range of 0.2—-1.5 THz
in transmission mode. Then, the PLS regression model was constructed to estimate the TFAs content in
cooked soybean oil. To improve the prediction performance, the sub-PLS model was developed based on a
subinterval (0.788-0.900 THz) of the full spectrum. The experimental results showed that both regression
methods had low RMSECV and high R-values, which indicate their good prediction accuracy of TFAs con-
tent. The sub-PLS regression model (R = 0.987, RMSECV = 0.956) had better prediction performance than
the PLS model. Therefore, THz spectroscopy associated with chemometric techniques show good potential
to determining the TFAs content in cooked soybean oil. In future work, other factors that affect the THz
spectra, such as the oil extraction technique, soybean variety, and production area will be considered to de-
velop better prediction models. The results of this paper show that THz spectrum combined with an appro-
priate PLS model can be used for quantitative analysis of TFAs in cooked soybean oil.
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