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Abstract

The identification of soy sauce adulteration can avoid fraud, and protect the
rights and interests of producers and consumers. Based on two measurement
models (1 mm, 10 mm), the visible and near-infrared (Vis-NIR) spectroscopy
combined with standard normal variate-partial least squares-discriminant analy-
sis (SNV-PLS-DA) was used to establish the discriminant analysis models for
adulterated and brewed soy sauces. Chubang soy sauce was selected as an
identification brand (negative, 70). The adulteration samples (positive, 72) were
prepared by mixing Chubang soy sauce and blended soy sauce with different
adulteration rates. Among them, the “blended soy sauce” sample was concocted
of salt water (NaCl), monosodium glutamate (CsH;)NNaOs) and caramel
color (CsHsOs). The rigorous calibration-prediction-validation sample design
was adopted. For the case of 1 mm, five waveband models (visible, short-NIR,
long-NIR, whole NIR and whole scanning regions) were established respec-
tively; in the case of 10 mm, three waveband models (visible, short-NIR and
visible-short-NIR regions) for unsaturated absorption were also established
respectively. In independent validation, the models of all wavebands in the
cases of 1 mm and 10 mm have achieved good discrimination effects. For the
case of 1 mm, the visible model achieved the optimal validation effect, the
validation recognition-accuracy rate (RARy) was 99.6%; while in the case of
10 mm, both the visible and visible-short-NIR models achieved the optimal
validation effect (RARy = 100%). The detection method does not require
reagents and is fast and simple, which is easy to promote the application. The
results can provide valuable reference for designing small dedicated spec-
trometers with different measurement modals and different spectral regi-
ons.
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1. Introduction

High-quality brewed soy sauce is mainly made from soybeans, starch and wheat,
which are fermented by microorganisms to form a flavorful liquid condiment.
Soy sauce is one of the most widely used condiments in the world. Due to the huge
consumer market, counterfeiting and adulteration by criminals often occur in or-
der to obtain high profits. For example, use blended soy sauce that was made up of
salt water, monosodium glutamate and caramel color, or mix blended soy sauce into
high-quality brewed soy sauce to adulterate. This behavior may cause some com-
ponents to be excessive or produce harmful components in soy sauce. The iden-
tification of soy sauce adulteration can avoid fraud, protect the rights and inter-
ests of producers and consumers, and contribute to food safety.

Normally, the identification methods for soy sauce adulteration mainly adopt
the quantitative analysis of characteristic components [1] [2] [3]. It usually requires
the quantitative analysis of a variety of minute quantity characteristic compo-
nents, which involves a variety of high-end measurement methods that are com-
plex and expensive. A quick and easy detection method that can be used in the field
has important application value.

Near-infrared (NIR) spectroscopy mainly reflects the vibration absorption of
the overtones and combination frequencies of the hydrogen-containing group
X-H, thus, it has significant absorption for most agricultural products and foods.
This method usually does not require reagents, and it can measure samples di-
rectly, with the advantage of being quick and easy. Combined with the visible light
region, visible and near-infrared (Vis-NIR) spectroscopy has been applied in many
fields, such as agriculture and food [4] [5] [6] [7], environment [8] [9], and biome-
dicine [10] [11] [12] [13].

The spectral qualitative discriminant analysis is based on the spectral similar-
ity of the same type of samples and the spectral difference of different types of
samples. For the identification of samples with small differences in component
content, the qualitative discriminant analysis is more convenient than quantita-
tive analysis. It is a hot research direction in recent years, and has been applied
in many fields, such as melon genotype [14], edible oil types [15], transgenic sug-
arcane leaf [16] [17], milk powder adulteration identification [18] [19], wine iden-
tification [20] [21] [22], rice seed authenticity identification [23] as well as thalas-
semia screening [17] [24].

Vis-NIR spectroscopy had high application potential, but its application research
in soy sauce analysis mainly focused on the quantitative analysis of quality indica-

tors, e.g., total acid, total nitrogen and amino acid nitrogen [25]-[30]. Little re-
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search of soy sauce qualitative discriminant analysis was reported, such as detec-
tion of adulteration of soy sauce by brine [31], and classification of soy sauce
[30].

The partial least squares-discriminant analysis (PLS-DA) is an effective spec-
tral discriminant analysis method. Based on sample categorical variables (positive
1 and negative 0), PLS quantitative analyses have been performed. Samples are
classified according to their predicted categorical variables. Based on matrix theory
and applied examples, some previous studies have shown that the discrimination
effect of PLS-DA method is superior to that of PCA-LDA in most cases [32] [33]
[34]. In the present study, PLS-DA was used to establish NIR discriminant anal-
ysis models. Standard Normal Variate (SNV) is a common spectral preprocessing
method. It associates spectral changes with the component concentrations, increas-
ing the difference between spectra, thereby improving the robustness and pre-
diction ability of the models [35] [36] [37]. In the present study, SNV combined
with PLS-DA, denoted as SNV-PLS-DA, was used to establish NIR discriminant
analysis models.

In the present paper, the Vis-NIR spectroscopy combined with the SNV-PLS-
DA method was used to establish the discriminant analysis models for adulter-
ated and brewed soy sauces. Among them, the famous Chubang brand soy sauc-
es were used as identification samples; the blended soy sauces made up of salt wa-
ter, monosodium glutamate and caramel color, were mixed into the Chubang brand
samples in different proportions and were used as adulteration samples.

In addition, from the spectral experiments of water-system samples, it was
found that the use of a short transmission measurement optical path can avoid
saturated absorption in the long-wavelength region, and the use of a long trans-
mission measurement optical path can highlight the difference in absorption in
the short-wavelength region. In view of this, the cuvettes of 1 mm and 10 mm were
used to measure the transmission spectra of soy sauce samples. For the case of 1
mm, five waveband models (visible, short-NIR, long-NIR, whole NIR and whole
scanning regions) were established and compared respectively; in the case of 10
mm, three waveband models (visible, short-NIR and visible-short-NIR regions)
for unsaturated absorption were also established and compared respectively. It
provided valuable reference for designing small dedicated spectrometers with differ-

rent measurement modals and different spectral regions.

2. Materials and Methods

2.1. Experimental Materials, Instruments,
and Measurement Methods

The Chubang soy sauce was collected from regular sale channels as identification
brand (70 bottles, 1 sample for each bottle). The mother solution sample (100 ml)
of “blended soy sauce” was concocted of salt water (NaCl, wt 15%), monosodi-
um glutamate (CsH;)NNaOs, 10 g) and caramel color (CsHsOs, 4 g). Among them,

the concentrations of salt water and monosodium glutamate were based on salt
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(18 g/100ml) and amino acid nitrogen (=1.3 g/100ml) contents of Chubang soy
sauce; the content of caramel color was based on the color of Chubang soy sauce.
The adulteration samples (positive) were prepared by mixing the Chubang soy
sauce and the blended soy sauce samples according to different adulteration
rates (3% - 69% with tolerance 3%, 100%). Among them, the adulteration samples
contained 24 adulterated rates, each rate had 3 samples, a total number of 72.
Two types of samples, a total number of 142, were used for spectral measure-
ment.

The XDS Rapid Content™ Liquid Grating Spectrometer (FOSS, Denmark)
and transmission accessories with 1 mm and 10 mm cuvettes were used for spec-
tral measurement. Spectral scope ranged as 400 - 2498 nm with a 2 nm wave-
length interval. Wavebands of 400 - 1100 nm and 1100 - 2498 nm were used for
Si and PDbS detection, respectively. Using the cuvettes of two optical path lengths
of short and long (1 mm, 10 mm) respectively, each sample was measured five
times. The experimental temperature and humidity were 25°C + 1°C and 45% *
1%, respectively. The obtained spectral data set (negative 350, positive 360, a to-
tal of 710) of each measurement modal (1 mm, 10 mm) was used for modeling

and validation respectively.

2.2. Calibration-Prediction-Validation Design
and Evaluation Indicators

A rigorous calibration-prediction-validation “three-stage” sample experiment
design was adopted. Samples of each category were randomly divided into cali-
bration, prediction, and validation sets respectively. The calibration and prediction
sets (all including two types of samples) were used for modeling and parameter
optimization; and the independent validation samples (also including two types
of samples) that not involved in modeling were used to validate the selected mod-
els, thereby obtain objective evaluation.

Among them, the negative samples (70 samples, 350 spectra) were randomly
divided into calibration (24 samples, 120 spectra), prediction (24 samples, 120
spectra) and validation (22 samples, 110 spectra) sets. Among the positive sam-
ples, three samples were formulated for each adulteration rate, and they were di-
vided into calibration, prediction, and validation sets, respectively. The all posi-
tive samples were divided to the calibration (24 samples, 120 spectra), prediction
(24 samples, 120 spectra), and validation (24 samples, 120 spectra) sets. The cal-
ibration-prediction-validation division for the spectra of two types of samples is
shown in Table 1.

In summary, a total of 710 spectra (negative 350, positive 360) were used for cal-
ibration (negative 120, positive 120, a total of 240), prediction (negative 120, posi-
tive 120, a total of 240) and validation set (negative 110, positive 120, a total of 230).

2.3. PLS-DA

Based on the calibration and prediction sets of Vis-NIR spectra, the framework
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Table 1. Calibration-prediction-validation division for the spectra of two types of samples.

Negative Positive Total
Calibration 120 120 240
Prediction 120 120 240
Validation 110 120 230
Total 350 360 710

of PLS-DA algorithm are as follows. (1) Each positive and negative sample was
assigned the categorical variable (C) values 1 and 0, respectively. (2) The number
of PLS latent variables (LV) was set as 1 to 10. Based on the spectra and categor-
ical variables of calibration samples, the PLS coefficients for each LV were calcu-
lated. (3) Based on the spectrum of each sample (calibration, prediction) and the
obtained PLS coefficients, the prediction value (C) of categorical variable for
the sample was calculated for each LV. (4) When C > 0.5, the sample was judged
to positive, and when C <0.5, the sample was judged to negative. (5) The op-
timal LV was determined according to the optimal recognition-accuracy rate of

the prediction set.

2.4. Model Evaluation Indicators

According to the actual category (positive and negative) of the samples, the nine
recognition-accuracy rates (RARs) corresponding to the positive or negative or

total and calibration or prediction or total were proposed and calculated as fol-

lows:
Nt N= N+ N2
RAR: =—C, RAR; =—C, RAR, =—C ' C 1)
NG Ng Ng +Ng
RAR =N—i, RAR: =N | RAR, =u @)
Ny N; Ny +Np
RAR" — N¢e +Ng RAR = NE+NF: , RAR,, - NC+NE+NP +NF: 3)
NS+ Ny Nc +N; N&+Ng+Ng +N;

where NZ, Nc, Np,and N, were the numbers of actual positive and nega-
tive samples in the calibration and prediction sets, respectively; N~g s N~5 R |\~l; R
and N, were the numbers of correctly recognized positive and negative sam-
ples in the calibration and prediction sets; From the negative, positive, calibra-
tion and prediction aspects, these indicators comprehensively evaluated the pre-
diction effect of the discrimination model. The optimal LV was determined ac-
cording to the maximum RARroi.

Next, the validation samples were identified following the previous steps. And
referring to the actual category, the positive and negative validation RARs (RARY,
and RARY}, ) and the total validation RAR (RARy) were calculated as follows:

Ny Ny Ny + Ny,
RAR, =¥ RAR, =¥, RAR, :ﬁ (4)
Vv \Y V+ \Y
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Absorbance(AU)

where Ny and N, were the numbers of actual positive and negative samples
in the validation set, respectively; and N, N, were the numbers of correctly
recognized positive and negative samples in the validation set, respectively.

The computer algorithms for the above mentioned method were designed us-
ing MATLAB v7.6 software.

3. Results and Discussion
3.1. PLS-DA Modeling

In the case of 1 mm transmission measurement modal, the Vis-NIR spectra of all
soy sauce samples in the whole scanning region (400 - 2498 nm) are shown in
Figure 1(a). In the case of 10 mm transmission measurement modal, the spectra
of all samples were only displayed in the unsaturated spectral region (400 - 1388
nm) due to saturated absorption and noise in the long wavelength region (1400 -
2498 nm), as shown in Figure 1(b). Among them, the green and red lines repre-
sent the negative and positive samples, respectively. In both cases, the spectra of
negative sample group located at the edge of the spectra of positive sample group
and were very similar to the edge spectra shape of the positive. Significant spec-
tral differences between the two types of samples were not observed. Discrimi-
nant analysis based on chemometrics method was required.

SNV is an effective method of spectral preprocessing. It can reduce the spec-
tral error caused by scattering and improve the prediction accuracy and stability
of the model. In the present paper, SNV was used to correct the spectra of soy
sauce samples. The SNV spectra of the two measurement modals are shown in
Figure 2. Further, the average SNV spectra of the negative and positive samples
of the two models were also calculated, see Figure 3. In the case of 1 mm, a small
difference was observed between the average spectra of two types of samples;
while in the case of 10 mm, a significant difference was observed between the
average spectra, but the fluctuation of positive spectral group was very signifi-
cant, so that the difference between the two spectral groups was still insignifi-
cant.

Firstly, the direct PLS-DA models were established by using the raw spectra.
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Figure 1. Vis-NIR spectra of two types of soy sauce samples: (a) 1 mm; (b) 10 mm.
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Figure 2. SNV spectra of two types of soy sauce samples: (a) 1 mm; (b) 10 mm.

4 10

Negative
----Positive
3

Negative
----Positive

Absorbance(AU)
Absorbance(AU)

I I I | I I | 2L I I L I |
400 700 1000 1300 1600 1900 2200 2500 400 600 800 1000 1200 1400
Wavelength(nm) Wavelength(nm)

Figure 3. Average SNV spectra of two types of samples: (a) 1 mm; (b) 10 mm.

In the case of 1 mm, the direct PLS-DA models were established based on five
spectral regions (visible, short-NIR, long-NIR, whole NIR and whole scanning re-
gions), respectively. The results of the corresponding nine indicators are summa-
rized in Table 2. Among them, the model of 400 - 780 nm obtained the optimal
RAR7ow (99.4%). In the case of 10 mm, the direct PLS-DA models were established
based on three spectral regions (visible, short-NIR and visible-short-NIR regions),
respectively. The results of the corresponding nine indicators are summarized in
Table 3. Among them, the models of 400 - 780 nm and 400 - 1388 nm obtained
the optimal RARTo (100%).

Secondly, the SNV-PLS-DA model was established by using the SNV spectra.
In the case of 1 mm, the SNV-PLS-DA models were established based on five spec-
tral regions (visible, short-NIR, long-NIR, whole NIR and whole scanning re-
gions), respectively. The results of the corresponding nine indicators are summa-
rized in Table 4. Among them, the model of 400 - 780 nm obtained the optimal
RARto (100%). In the case of 10 mm, the SNV-PLS-DA models were established
based on three spectral regions (visible, short-NIR and visible-short-NIR regions),
respectively. The results of the corresponding nine indicators are summarized in
Table 5. Among them, the models of 400 - 780 nm and 400 - 1388 nm obtained
the optimal RA Rt (100%).
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Table 2. Modelling effects of the direct PLS-DA models for the case of 1 mm.

Waveband (nm) LV RAR. RAR. RAR, RAR; RAR. RAR, RAR- RAR® RAR,.
400 - 780 9 100% 100% 100% 97.5% 100% 98.8% 100% 98.8%  99.4%
780 - 1400 8 99.2% 97.5% 100% 96.7% 98.3% 98.3% 99.6% 97.1% 98.3%
1400 - 2498 8 100% 933% 99.2% 87.5% 96.7% 93.3% 99.6% 90.4%  95.0%
780 - 2498 10 100% 95.8% 99.2% 88.3% 97.9% 93.8% 99.6% 92.1%  95.8%
400 - 2498 8 100% 100% 100% 95.8% 100% 97.9% 100% 97.9%  99.0%

Table 3. Modelling effects of the direct PLS-DA models for the case of 10 mm.

Waveband (nm) LV RAR. RAR; RAR, RAR; RAR, RAR, RAR- RAR* RAR,.
400 - 780 4 100% 100% 100% 100% 100% 100%  100% 100% 100%
780 - 1388 10 100% 95.0% 100% 95.8% 97.5% 97.9% 100% 95.4% 97.7%
400 - 1388 5 100% 100% 100% 100% 100% 100%  100%  100% 100%

Table 4. Modelling effects of the SNV-PLS-DA models for the case of 1 mm.

Waveband (nm) LV RAR; RAR; RAR, RAR; RAR. RAR, RAR™ RAR' RAR;.

400 - 780 9 100% 100% 100% 100% 100% 100% 100% 100% 100%
780 - 1400 6 100% 100% 100% 98.3% 100% 99.2% 100% 99.2%  99.6%
1400 - 2498 9 100% 97.5% 99.2% 90.0% 98.8% 94.6% 99.6% 93.8%  96.7%
780 - 2498 10 100% 100% 99.2% 95.8% 100% 97.5% 99.6% 97.9% 98.8%
400 - 2498 10 100% 100% 100% 95.0% 100% 97.5% 100% 97.5%  98.8%
Table 5. Modelling effects of the SNV-PLS-DA models for the case of 10 mm.
Waveband (nm) LV RAR; RAR. RAR, RAR; RAR. RAR, RAR™- RAR* RAR..
400 - 780 6 100% 100% 100% 100% 100% 100% 100% 100% 100%
780 - 1388 10 100% 100% 100% 96.7% 100% 98.3% 100% 98.3%  99.2%
400 - 1388 7 100% 100% 100% 100% 100% 100% 100% 100% 100%

In summary, the discriminant effect of SNV spectra was slightly better than

that of the raw spectra.

3.2. Independent Validation

The 230 validation samples that not participated in the modeling process were
used to validate the optimal SNV-PLS-DA models. The validation effects
(RARy, RAR}, RAR, ) for the cases of 1 mm and 10 mm are summarized in
Table 6.

The results showed that the SNV-PLS-DA models achieved good validation

discriminant effects for both the 1 mm and 10 mm cases. In the case of 1 mm,
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Table 6. Validation effects of the SNV-PLS-DA models for the cases of 1 mm and 10 mm.

Wavebands (nm) LV RAR, RARY, RAR,,

1 mm 400 - 780 9 100% 99.2% 99.6%
780 - 1400 6 100% 97.9% 98.9%

1400 - 2498 8 100% 96.2% 98.1%

780 - 2498 8 100% 97.9% 98.9%

400 - 2498 8 100% 98.3% 99.1%

10 mm 400 - 780 6 100% 100% 100%
780 - 1388 8 100% 98.8% 99.4%

400 - 1388 7 100% 100% 100%

the visible model achieved the optimal validation effect (RAR,, =99.6% ); while
in the case of 10 mm, both the visible and visible-short-NIR models achieved the
optimal validation effect (RAR,, =100% ). These experimental results can pro-
vide valuable reference for designing small dedicated spectrometer with different

measurement modals and different spectral regions.

4. Conclusions

In this paper, based on two measurement models (1 mm, 10 mm), the Vis-NIR
spectroscopy combined with the SNV-PLS-DA method was used to establish the
discriminant analysis models for adulterated and brewed soy sauces. In the case
of 1 mm, five waveband models were established and compared respectively; in
the case of 10 mm, three waveband models for unsaturated absorption were also
established and compared respectively.

The validation results showed that the models of all wavebands in the cases of
1 mm and 10 mm have achieved good discrimination effects. In the case of 1 mm,
the visible model achieved the optimal validation effect (RAR,, =99.6% ); while
in the case of 10 mm, both the visible and visible-short-NIR models achieved the
optimal validation effect (RAR,, =100% ). These experimental results can pro-
vide valuable reference for designing small dedicated spectrometers with differ-
ent measurement modals and different spectral regions. The detection method does
not require reagents and is fast and simple, which is easy to promote the applica-

tion.
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