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T'eHeTnuyecku MOTU(PUIIMPOBAHHBIE IIPOAYKTHI BCEIIa ABISIOTCA 00beKTAMHU IPUCTAJHHOTO BHUMA-
HUA C TOYKM 3PeHUA 0e30IaCHOCTU IMPOAYKTOB MUTAHUA. /I MeTeKTUPOBAHUA FeHeTUYECKH MOIM-
(GUIMpPOBAaHHBIX MAaTEePHUAJIOB MpPeIJI0oKeHa OMOHMYEeCKasa MOJeNb Paclio3HaBaHUS HA OCHOBE MHOTO-
BECOBOI HEHPOHHOM CeTH, aHAJTU3NPYIOIIEH CIIEKTPHI IOTJIONIEeHUA 00Pa3I[0B B TeparepioBoii 06JacTu
cuekTpa. JIJia Kaskaoro Kiacca o0y4arIux MPUMeEPoB CIy4ailHBIM 00pa3oM BhIOpaHsI 50 00pa3os
B KayecTBe 00yJyaronieil BHIOOPKHU JJI51 MHOTOBECOBOW HEHPOHHOM CETU, KOTOPhIE MCIIOJb30BAaHBI KaK
IePBHIN TeCT IJis MOATBEP:KIeHNS KauyecTBa paclno3HaBaHusd. /[pyrue o0pasimbl MCIOJIb30BAHBI IJIA
BTOPOTO TECTA, ONPEIeII0NIer0 Ka4eCTBO PA3INUYEHUA. JKCIIePUMEHTaIbHbIe Pe3yJbTaThl MOKAa3aJIH,
YTO MpeaJosKeHHasI Moaedb o0eceunBaeT 3(P(PheKTUBHYI0 HISeHTU(PUKAIUIO TeHETHUECKU MOTu(uIu-
POBaHHBIX MPOIYKTOB CO CXOHBIMHU CIIEKTPOCKOMUYECKUMH XaPaKTEePHUCTUKAMHU U MTePCIeKTUBHA IJIA
00HaAPY:KeHUA U KOHTPOJIS reHeTuYecKu MoIn(IIMPOBAHHBIX OPraHU3MOB.
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Genetically modified food has always been a hot issue in the field of food safety. Genetically
modified food has always been a hot issue in the field of food safety. In order to realize the detection of
genetically modified materials, a bionic recognition model of multi-weight vector neural network is
proposed by combining multi-weight vector neural network with terahertz time domain spectroscopy.
In this paper, for each class of samples, 50 samples are randomly selected as the training set, a multi-
weight vector neural network bionic recognition model is established, and 50 samples are selected as
the first test set to verify the recognition rate. Other dissimilar samples are used as the second test
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set to verify their misjudgment rate. The experimental results show that the model can effectively
identify transgenic materials with similar spectral characteristics. The model proposed in this paper
provides a new method for the detection and identification of genetically modified organisms.

Keyword: terahertz spectroscopy, principal component, multi weight vector neuron.
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INTRODUCTION

In recent years, with the development of trans-
genic technology and the promotion of geneti-
cally modified crops, genetically modified food
has entered people’s daily life. The impact of ge-
netically modified crops on human beings, espe-
cially in the field of safety, has been controver-
sial, and more attention has been paid to safety
evaluation methods [1-3]. At present, the main
detection methods of genetically modified food
are polymerase chain reaction (PCR) and visi-
ble and far infrared spectroscopy. In view of the
necessity of a PCR method for the detection of
international standard samples, there are some
problems in the determination of visible and far
infrared spectra, such as difficult determina-
tion of parameters, large amount of calculation
and so on. Therefore, it is necessary to develop
a rapid and simple method for the detection of
genetically modified crops [4-9].

The terahertz (THz) range of the spectrum
usually refers to electromagnetic waves with
frequencies of 0.1-10 THz, or wavelengths from
0.03 to 3 mm, which is located between micro-
wave and infrared light and belongs to the far
infrared band [10—11]. Theoretical studies show
that the vibrational and rotational frequencies
of many biomolecules such as deoxyribonucle-
ic acid and proteins are in the THz frequency
range. Therefore, the detection of biological
samples by THz time domain spectroscopy will

Table 1. Experimental sample information

produce resonance absorption peaks, which
make it possible to identify biological samples by
THz spectroscopy. At present, the identification
of genetically modified food by THz technology
is still in its infancy in China, and there are few
reports on the detection of genetically modified
substances. The characteristics of transgenic
cotton seed were reported by THz time domain
spectroscopy in Ref. [12]. The application of THz
technique in the detection of transgenic soybean
was reported in Ref. [13]. Therefore, the iden-
tification of transgenic materials by THz spec-
troscopy has important theoretical and practical
significance. This paper uses rapid identifica-
tion method of genetically modified sugar beet
based on THz spectrum and multi weight vector
neural network [14].

EXPERIMENTAL EQUIPMENT

AND SAMPLES

The samples used in the experiment were pur-
chased from the National Standard material Re-
search Center with a purity of 99.8%. In order
to reduce the absorption of THz wave by water
in the sample, the solid sample was dried before
pressing (the solid sample was baked in a drying
box for more than half an hour). The tempera-
ture of the dryer is set at about 50 °C) to remove
the absorption of moisture to THz waves and
minimize the effect of moisture. Then, the dry

Samples” Type™ Diameter, cm Shape Thickness, mm Sample number
A gene + 1.2 Circular sheet 1.2 100
A gene parent / 1.2 Circular sheet 1.2 100
B gene + 1.2 Circular sheet 1.2 100
B gene parent / 1.2 Circular sheet 1.2 100

Note. * In order to protect the intellectual property rights of the experimental samples, A and B were used
to replace the hidden transgenic name, ** “+” as transgenic, “/” indicating non-transgenic.
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Fig. 1. The schematic diagram of THz time domain spectroscopy system.

solid sample and the appropriate amount of poly-
ethylene powder are put into an agate mortar
for careful grinding until they are mixed even-
ly. The appropriate amount of sample is put into
the die of the press machine to press the sample
into a circular sheet with a thickness of about
1.2 mm and a diameter of 1.2 cm left as the sam-
ple used in the experiment (the pressure of the
press used in the experiment is 12 MPa). The de-
tails of the sample are shown in Table 1.

The THz time domain spectroscopy system
used in this paper is a transmission THz time do-
main spectroscopy system as showed in Fig. 1[15].
The central wavelength of the laser is 780 nm.
In order to ensure the accuracy of the experi-
ment, when the relative humidity in the system
reaches 2%, the system is filled with dry air.
The indoor relative humidity is 25% and the
constant temperature is 292 K.

IDENTIFICATION MODEL
OF MULTI-WEIGHT VECTOR
NEURAL NETWORK

In order to solve the limitation of single weight
neural network in practical application (as shown
in Fig. 2a), Shoujue Wang proposed a more gene-

ral neural network model in 2003 [16] (as shown
in Fig. 2b).

The proposed model makes the description
ability of affine pattern recognition based on
neuron more flexible, and its mathematical ex-
pression is as follows:

Y = f(P(W1, Wy, ..., W, , X)),
where f is a nonlinear mapping function, ® rep-
resents a function of a scalar value, that is, a
multi-input vector is converted to a scalar, Wy,
W,, ..., W, represent n weight vectors, X and Y
represent the input and output vectors of neu-
rons respectively’.

In the case of sample recognition, the result
of answering the question is “yes” or “no”, so
the step function can be used, that is

|1
D= 0it x>k

Let the eigenspace be the n-dimensional real
number space R", vector function equation be
(D(W]_, Wz, ceeey Wn, X) - k,

where, k is a constant, which can be regarded
as a trajectory of vector X in the feature space

1 Editor remark. As the authors apply below the scalar
formulae for calculating the values of Y, mentioning and
writing Y as scalar seems to be more correct.
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Fig. 2. Single weighted neural network (a) and multi-
weighted vector neural network (b).

R" determined by Wy, W, .., W,. This locus
is a (n — 1)-dimensional hypersurface (or hyper-
plane) of R", which divides R" into two parts.
On the one side, there are ® > k, Y = 1 and
on the other side, there are ® < k, Y = 0.
If ®(Wy, Wy, ..., W,, X) = k is a closed hyper-
surface, then a finite coverage area will be
formed in the feature space. If an input vector
X is in this coverage area, then Y = 1, otherwise
Y=0.

Let the feature vector mapped to the feature
space of the collected sample be S;, Ss, ..., S,,
and the weight vectors Wy, W,, ..., W, are deter-
mined by S, Ss, ..., S,,. That is

Wl = wl(Sl7 Sz, ey Sn),

W2 = wZ(Sl, S2, ceey Sn),

Wn = wn(Sl, Sz, eeey Sn).

Therefore, ®(Wy, Wy, ..., W,, X) must be re-
written as W(Sy, S», ..., S, X).

By using the principle of bionic pattern rec-
ognition and the method of geometric analysis

in high-dimensional space, a suitable function
isfound tomake X =S;or X =8y, ..., or X =8,
so the above formula can be established. In this
way, the feature space condition of the sample
coverage is determined by the feature vectors
S1, S, ..., S, so the feature vector plays a role in
the fusion of all sample information.

For pattern recognition, the multi-weight
vector neural network (MWNN) is different
from the single-weighted neurons such as BP,
RBF and DBF, and f is usually a step func-
tion. Therefore, MWNN represents a com-
plex geometric shape determined by multiple
weights wy, wy, ..., wnl. In fact, it can be found
that BP, RBF and DBF are all special forms
of MWNN.

Because the f is a step function, so a mul-
ti-weight neuron can construct a geometric
shape with very complex structure, that is
MWNN.

Therefore, the MWVNN is very suitable for
constructing approximate coverage of a certain
kind of sample distribution in bionic pattern
recognition. According to the principle of ho-
mologous continuity of bionic pattern recogni-
tion, we must be able to find a suitable way to
connect the adjacent two similar sample points
in the high dimensional feature space, so that
it can become a gradual order, and many low-
dimensional popular topologies can be used to
approximate this connection.

SPECTRAL FEATURE EXTRACTION

Terahertz absorption spectra

of samples

When the experimental samples are prepared,
the experimental samples are put into the THz
time domain spectroscopy system one by one,
and THz information in the 0.2-1.5 THz is
extracted. To ensure the accuracy of the exper-
imental data, each sample was scanned many
times at different time and different position,
and then the THz time domain spectral in-
formation of the experimental sample was ob-
tained on average, and the THz optical parame-

L Editor remark. Though the authors use the notations
wy, Wy, .., W, as transformations resulting in vector
values, it seems to be more understandable to replace these
notations with the resulting vectors W, Wy, ..., W, in the
sentence above.
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Fig. 3. Terahertz characteristic absorption peaks of
four experimental samples. I — A gene, 2 — A gene
parent, 3 — B gene, 4 — B gene parent.

ters were extracted according to the THz optical
parameters. The THz characteristic absorption
peak of the sample is obtained. Figure 3 shows
the characteristic absorption peaks of differ-
ent transgenic materials in 0.2-1.5 THz range.
It can be seen from the Fig. 3 that the THz spec-
tra of A gene and B gene are very similar to
those of their respective parents. Therefore, it
is difficult to distinguish all types of genetical-
ly modified substances from their characteristic
peaks.

Spectral feature extraction

Transgenic gene and their parents have similar
THz characteristic absorption peaks and high
dimension in THz band, so they cannot be dis-
tinguished by screening feature information
directly from original data. In this paper, the
principal component features of the THz origi-
nal data of four samples are extracted by using
the principal component analysis (PCA) method
[17-18], and the model is established by using the
extracted principal components instead of the
original high-dimensional data sets. The THz
absorption spectrum data of four reference sam-
ples obtained in the experiment were analyzed
by principal component analysis and the charac-
teristic database of the samples was established.
Figure 4 shows the score diagram of the first
two principal components of the sample. It can
be seen from the Fig. 4 that the eigenvalue infor-

Scores of PC2 (16.52 %)

-0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4
Scores of PC1 (75.47 %)

Fig. 4. Principal component score diagram of
experimental sample. 1 — A gene, 2 — A gene
parent, 3 — B gene, 4 — B gene parent.

Table 2. PCA score tables for four different reference
samples

Sample PC1 PC2
A gene —0.82867 0.7535
A gene parent 0.33728 -1.35380
B gene 1.26521 0.75798
B gene parent -0.77382 —0.15772

mation of the first two components can basical-
ly contain most of the information of the orig-
inal spectral variables, and the main feature
information of the sample can be extracted ef-
fectively.

Among the principal components, the cu-
mulative variance contribution rate of the first
two principal components reached 91.99%, of
which PC1 was 75.47% and PC2 was 16.52%.
Therefore, the first two principal components
represent the spectral eigenvalues of the sample.
After principal component analysis, the original
spectral data is changed from multi-dimensional
to 2-dimensional. When the original THz spec-
tral data is large, the dimension reduction fea-
ture extraction using PCA method is very use-
ful for the real-time detection and recognition of
biomolecules. Table 2 lists the scores of the first
two principal components of the experimental
samples after principal component analysis.
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RESULTS AND DISCUSSION

In order to verify the effectiveness of this meth-
od, the Schmitt error balance analysis is carried
out on the experimental samples, and the re-
sults are shown in Fig. 5. It can be seen from the
diagram that each experimental sample can be
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Fig. 5. The error balance analysis of samples. I —
A gene, 2 — A gene parent, 3 — B gene, 4 — B gene
parent.

maintained in an effective error range, and only
a very small number of samples have a large
error.

In addition to verifying the recognition ef-
fect of the proposed MWVNN, the recognition
effect of the proposed method is compared with
that of support vector machine based on grid
method (Grid-SVM) and support vector machine
based on genetic algorithm (GA-SVM).

The recognition results of 200 test samples by
three methods are given in Tables 3 to 5. Because
the absorption spectra of transgenic samples are
similar to those of their parents, the recognition
effects of the three methods on the four kinds
of samples are quite different. Among them,
the method proposed in this paper can correct-
ly identify transgenes and their parents. The
GA-SVM method has the situation of misjudg-
ment in the identification of experimental sam-
ples, of which the maximum misjudgment rate
is up to 8%. The recognition effect of Grid-SVM
on samples was the worst among the three me-
thods, especially in the samples of A gene and
its parents. Five A gene samples were misjudged
as their parents, one A gene was misjudged

Table 3. The classification results of initial and cross validation by using MWVNN

Samples name

Samples name

A gene
A gene parent

A gene

A gene parent

Numb
mber B gene 0

B gene parent
A gene
A gene parent

Percentage

B gene

B gene parent

A gene
A gene parent

B gene

B gene parent
A gene
A gene parent 0

Percentage

B gene 0

B gene parent 0

Note. “100% of the initial grouped samples have been correctly classified. “* Only the cases in the analysis are
cross-validated. In cross-validation, each sample is classified according to a function derived from all samples
other than that sample, and 100% of the cross-validation grouped samples have been correctly classified.



Table 4. The classification results of initial and cross validation by using GA-SVM

Tom 88, Ne 7 /Uronb 2021/ OnTuvecknii XypHan 9

Samples name

Samples name

A gene parent

A gene

A gene parent
B gene
B gene parent
Percentage A gene
A gene parent
B gene
B gene parent

Number A gene

A gene parent
B gene
B gene parent
Percentage A gene
A gene parent
B gene
B gene parent

B gene parent

Note. * 92% of the initial grouped samples have been correctly classified. ** Only the cases in the analysis
are cross-validated. In cross-validation, each sample is classified according to a function derived from all sam-
ples other than that sample, and 94% of the cross-validation grouped samples have been correctly classified.

Table 5. The classification results of initial and cross validation by using Grid-SVM

Samples name

Samples name

A gene parent

Number A gene
A gene parent
B gene
B gene parent
Percentage A gene
A gene parent
B gene
B gene parent

A gene
A gene parent
B gene
B gene parent
Percentage A gene
A gene parent
B gene
B gene parent

B gene parent

Note. * 86% of the initial grouped samples have been correctly classified. ** Only the cases in the analysis
are cross-validated. In cross-validation, each sample is classified according to a function derived from all sam-
ples other than that sample, and 88% of the cross-validation grouped samples have been correctly classified.



4 [1] Tom 88, Ne 7 /Uronb 2021/ OnTuyveckuii XxypHan

as B gene, and one A gene was misjudged as
B gene parent. In general, the methods proposed
in this paper, GA-SVM and Grid-SVM are dif-
ferent in distinguishing transgenes and their
parents. In this paper, the recognition result of
MWYVNN is the best, GA-SVM is the second, and
Grid-SVM is the worst.

CONCLUSION

In this paper, a method of transgenic beet rec-
ognition based on THz spectrum and multi-
weight vector neural network was proposed.
In order to establish the recognition model of
multi-weight vector neurons in transgenic sugar
beet and its parents, principal component analy-
sis was used to extract THz spectral feature in-
formation. The results show that the recognition

accuracy of the model proposed in this paper is
high. This method provides an accurate, rap-
id, simple and nondestructive method for trans-
genic detection, and has a certain guiding sig-
nificance for the detection of other transgenic
products.
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