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Abstract: Genetically modified (GM) technology is of great significance for increasing crop produc-
tion, protecting biodiversity, and reducing environmental pollution. However, with the frequent
occurrence of safety events regarding GM foods, more and more disputes have arisen over the
potential safety of transgenic technology. It is particularly necessary to find a fast and accurate
method for transgenic product identification. In this research, mid-infrared spectroscopy, coupled
with chemometric methods, was applied to discriminate GM maize from its non-GM parent. A total
of 120 GM maize and 120 non-GM maize samples were prepared, and the spectral information in the
range of 400-4000 cm~! was collected. After acquiring the spectra, wavelet transform (WT) was used
to preprocess the data, and k-means was carried out to split all samples into calibration and prediction
sets in the ratio of 2:1. Principal component analysis (PCA) was then conducted to qualitatively
distinguish the two types of samples, and an apparent cluster was observed. Since the full spectrum
covered a large amount of data and redundant information, we adopted the successive projections
algorithm (SPA) to select optimal wavelengths for further analysis. Chemometrics, including partial
least squares-discriminant analysis (PLS-DA), the k-nearest neighbor algorithm (KNN), and the
extreme learning machine (ELM), were performed to establish classification models based on full
spectra and optimal wavelengths. The overall results indicated that ELM models based on full
spectra and optimal spectra showed better accuracy and reliability, with a 100% recognition rate in
the calibration set and a 98.75% recognition rate in the prediction set. It has been confirmed that
mid-infrared spectroscopy, combined with chemometric methods, can be a novel approach to identify
transgenic maize.

Keywords: genetically modified maize; identification; mid-infrared spectroscopy; chemometric methods

1. Introduction

Maize (Zea mays L.) is one of the most important grain and cash crops in the world,
and it also serves as an important livestock feed and industrial raw material, playing an im-
portant role in agricultural and industrial production. To meet some specific requirements
and improve the yield and quality of maize, the genetically modified (GM) technology
has been applied to maize due to the advantage of being able to cultivate an elite crop
variety with a high yield and high resistance [1,2]. High quality maize varieties exhibiting
herbicide, disease, and insect resistance were developed over the past decades [3,4]. How-
ever, there are still some disputes regarding the use of GM technology due to the frequent
occurrence of safety events regarding genetically modified food. Therefore, the screening
and supervision of genetically modified products based on GM maize is very important to
ensure food safety and guarantee the rights and interests of consumers. Consequently;, it
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is urgently required to develop a fast and reliable approach to discriminate GM products
based on GM maize.

Traditional genetically modified organism detection methods are conducted based on
exogenous DNA and protein, including polymerase chain reaction (PCR)/restriction en-
zyme assay, enzyme-linked immunosorbent assays, lateral flow strip, and microarray [5-7].
Generally, these methods are sensitive and accurate in most case, but they are also time-
consuming, environmentally unfriendly, and require highly skilled operators, making
them unsuitable for fast online detection. Recently, with the advantages of fast, envi-
ronmentally friendly, easy to operate, spectral techniques (requiring no complex sample
pretreatments), including near-infrared spectroscopy, mid-infrared spectroscopy, hyper-
spectral imaging, and terahertz spectroscopy have been widely used in agriculture and
food areas [5,8-13], including for the detection of GM products, and good results have
been achieved. Mid-infrared spectroscopy provides the information about the fundamental
vibrational frequency of the functional groups, which could be used as supplementary
information for other spectral technologies. Moreover, the vibrational absorption frequen-
cies of chemical bonds in organic molecules highly related to genes occur mainly in the
mid-infrared band [14], which makes mid-infrared spectroscopy an advantage in analyzing
the physical properties and chemical composition of GM samples [15]. To the best of our
knowledge, no attempt has been made to identify GM maize by mid-infrared spectroscopy.

The purpose of this study is to explore the feasibility of mid-infrared spectroscopy for
identifying GM maize, providing a potential method for the rapid and accurate identifi-
cation of GM products. In this work, the mid-infrared spectra of GM maize and non-GM
maize were directly compared. Optimal wavelengths were selected based on the successive
projections algorithm (SPA). Chemometric methods of principal component analysis (PCA),
partial least squares-discriminant analysis (PLS-DA), the k-nearest neighbor algorithm
(KNN), and extreme learning machine (ELM) were conducted to establish the qualitative
and quantitative identification models for GM maize. The performance of the chemometric
models was further compared to select the most effective method for the identification of
GM maize.

2. Materials and Methods
2.1. Analytical Procedure for the Identification of Maize

The specific analytical procedure is given in Figure 1. A series of five steps were
conducted, including sample preparation, spectra acquisition, PCA analysis, variable
selection, and modeling based on chemometric methods.

2.2. Maize Samples

The genetically modified (GM) maize kernels and their non-GM parents were acquired
from the Institute of Insect Sciences, Zhejiang University, China. The GM maize kernels
containing insecticide- and herbicide-tolerant traits were obtained by transferring the
crylAb/cry2Aj-Gl0evo gene, and the detailed flow chart of gene insertion can be found in
the reference [16]. Moreover, no other differences existed between the GM and non-GM
maize kernels, according to the results of molecular biology experiments. In our experiment,
600 GM maize kernels and 600 non-GM maize kernels were prepared and dried in an oven
at 60 °C for 6 h. Every 5 maize kernels were milled into flour by a grinder, and 0.02 g
maize flour was selected and evenly mixed with 0.98 g of potassium bromide (KBr; SCR,
Shanghai, China) powders [16,17], and the sample was dried in an oven at 80 °C for 6 h
and cooled in a desiccator. A total of 0.2 g of the mixed sample was then crushed into a
square tablet 10 mm in side length and 2 mm in thickness by a pressing machine. Thus, a
total of 240 tablet samples were obtained for spectral acquisition.
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Figure 1. Analytical procedure for the identification of maize.

2.3. Spectral Acquisition

A Jasco FT/IR-4100 spectrometer (Japan) with a resolution of 4 cm ™! was used for the

collection of the transmittance MIR spectral data of the samples. Specifically, the sample
tablets were placed in the detection platform, and 32 scans were conducted in the spectral
range of 400-4000 cm ™! for each sample. The average of the 32 spectra was used as the
transmittance spectrum of the sample for further analysis.

2.4. Data Analysis
2.4.1. Data Preprocessing

Considering that the interference of the external environment during the experiment
will negatively cause noise in the raw spectrum, the wavelet transform (WT) approach,
as an efficient and widely used denoising method [18], was used to reduce the noise
and improve the accuracy of data analysis. Daubechies 4 wavelets, with decomposition
scale of 6, were optimized.

2.4.2. Chemometric Methods

Chemometric methods including variable selection, as well as qualitative and quan-
titative modeling, are widely used in spectral data analysis due to the large amount of
original data with the interference of redundant information. In our propositions, SPA,
PCA, PLS-DA, KNN, and ELM were applied to extract important spectral information and
establish accurate qualitative and quantitative analysis models of GM maize.

SPA is a forward variable selection algorithm based on a projection analysis of the
vector, which has been widely applied for variable selection in spectra [19]. The detailed
introduction of SPA can be found in reference [20]. In this study, the combination of
variables with the least redundant information and the least collinearity were selected for
further modeling to improve model accuracy.
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PCA is a data compression and dimensionality reduction algorithm which has been
commonly used for the qualitative discrimination of spectral data [21]. Principal compo-
nents (PCs) were important variables in PCA analysis obtained by orthogonal transforma-
tion of original variables [22]. Generally, the first few PCs with a large contribution rate can
explain the main information of the original data. In this study, the score plot of the first
three PCs was mapped to qualitatively distinguish GM maize and non-GM maize.

PLS-DA is a multivariate statistical analysis algorithm based on PCA, as well as a
supervised pattern recognition method [23], which has been widely used in the classifica-
tion analysis of spectral data due to its provision of intuitive and clear analysis results and
its high prediction accuracy. Latent variables can reflect most information of origin data,
and they are important variables in the PLS-DA model [24]. In this study, the number of
latent variables is optimized by the cross validation method when the minimal predicted
residual sum of squares (PRESS) is obtained. Besides, the PLS-DA model was established
based on leave-one-out cross validation, and the spectral data of samples were used as
input variables, while the category of the sample was used as a response variable. The
threshold of 0.5 [15] was utilized to distinguish the prediction results and calculate the final
prediction accuracy of the model.

KNN is one of the simplest classification methods in data mining, and it has been
commonly applied in the cluster analysis of spectral data. The classification of the target
sample was realized by calculating the distance between all samples and determining
the main category of K samples with the smallest distance from the target sample; thus,
the target sample will finally be classified as the main category of the K samples [25,26].
Generally, a good discriminant result is highly related to the K value, which is mainly
selected by the continuous training method.

ELM is a machine learning method based on a feedforward neural network, and it is
suitable for both supervised and unsupervised learning problems [27]. The structure of
the ELM model consists of three layers: the input layer, the hidden layer, and the output
layer. The number of hidden layer nodes is a critical parameter, and it has been optimized
by continuous training in a predefined range that does not exceed the number of samples
of the calibration set.

2.5. Software Tools

Spectra data acquisition was conducted in Spectra manager CFR software. Unscram-
bler X10.1 (CAMO, Process, AS, OSLO, Norway) was used for PCA and PLS-DA analysis.
MATLAB R2009a (v7.8, The Math Works, Inc., Natick, MA, USA) was also used for data
analysis including WT, SPA, KNN, and ELM. Additionally, graph designing was realized
by Origin Pro 8.0 SRO (Origin Lab Corporation, Northampton, MA, USA).

3. Results
3.1. Spectral Analysis

The average spectra of GM maize and non-GM maize are shown in Figure 2. As the front
and rear parts of the spectra in the range of 400-4000 cm~! showed high noise levels caused
by the interference of the external environment, only the spectra of 728.48-3625.52 cm~! were
used for analyses, and 6010 variables were included. Besides, WT was conducted to reduce
the noise. It is obvious that the trends of the spectra of the two varieties were similar, but
the average reflectance value of the non-GM samples was always higher than that of the
GM samples, which might be related to the differences in the physical and chemical com-
ponents due to the genotypic difference of samples. The typical wavelengths were marked.
According to previous research, the wavenumber around at 760.29 cm~! and 880.97 cm !
(in the range of 700-900 cm 1) represents the C-H deformation vibration [28]. The peak at
927.11 cm ™! is associated with the C-H bending of carbohydrates, and the peak observed
near 991 ecm ™! (990.12 cm™!) is characteristic of the C-O stretching vibration in the C-OH
group and C-C stretching vibration in the carbohydrate [29]. The peak at 1076.57 cm~*
may be responsible for the C-C, C-O, C-O-C stretching vibration of carbohydrates [30],
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and the band near 1152 cm ™! (1152.26 cm™!) is related to C-O-C vibration in cellulose and
hemicelluloses [31]. The band at 1654.70 cm ! is due to the amide I peak of proteins [32],
and the peak ranging between 2853-2855 cm ! (2854.13 cm~!) may be assigned to the sym-
metric CH(-CHy-) stretching vibration [33]. In addition, the peak of 2924.04 cm 1 is related
to the asymmetric CH(-CH,-) stretching vibration, while the wavenumber of 3279.84 cm™!
is related to the O-H stretching vibration of the free hydroxyl group [33]. As a whole,
the wavelengths reflected the differences of the two kinds of samples in carbohydrate,
cellulose and hemicelluloses, and proteins, which further confirmed the difference in the
metabolites of the introduced foreign genes, and the results have been proven by previous
researches [34-37]. In spite of this, it was hard to discriminate GM samples from their non-
GM parents using only the mid-infrared spectral transmittance. Therefore, chemometrics
methods, in combination with mid-infrared spectra, were applied for identification analysis
of GM maize samples.
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Figure 2. Average spectra transmittance of GM and non—GM maize (728.48—3625.52 cm™1).

3.2. PCA Analysis

PCA was conducted to visualize the distribution of GM and non-GM maize based
on mid-infrared spectral information. Since the first three principal components (PCs)
explained 97% (79%, 14%, and 4% for PC1, PC2, and PC3, respectively) of the variables of
the full spectra, they were selected as representative of the original data for further analysis.
The score plots of the first three PCs for the maize samples are shown in Figure 3. It could
be found that the two classes were well-separated by PC3, while there were overlaps in PC1
and PC2, which indicated that the spectral fingerprints of PC3 carried most of discriminant
information for GM maize. Due to the fact that the value of the PCA loading is highly
related to the degree of correlation between the PCs and the raw variables [15], the loading
of PC3 is provided in Figure 4 to explain the variation. It is obvious that main peaks of
PC3 loading were consistent with the peaks marked in Figure 2, which are attributed to the
vibrational absorption of chemical bonds in the organic molecules. Besides, the unincluded
peaks at 1480.58 cm ! are also related to the amide II band of protein [38]. As a whole, the
results confirmed the feasibility of mid-infrared spectroscopy for GM maize identification.
Therefore, additional discriminant models for GM maize were built, and it is necessary to
select relevant variables for modeling to improve the accuracy of the discriminant models.
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3.3. Variable Selection

The selected full mid-infrared spectra contain over 6000 variables, not all of which are
highly related to the identification of GM maize; moreover, redundant variables will affect
the working speed and performance of the discriminant model. Thus, SPA was utilized
to select the optimal wavelengths for modeling. The results of characteristic wavelength
selection are given in Figure 5, and 14 optimal wavelengths were selected. The band at
2480.29 cm ™! was excluded due to the interference of H,O [39]. The remaining 13 optimal
wavelengths are mainly associated with the organic functional groups, including C-H, C-O,
and C=0, which are presented in Table 1. Moreover, the average spectra transmittance
of the optimal wavelengths of GM and non-GM maize were provided, and a statistical
significance analysis was conducted. The results are listed in Table 1. The p-values of most
of the optimal wavelengths of GM and non-GM maize were lower than 0.05, except for the
band at 992.68 cm ! and 3618.77 cm !, indicating that there was a significant difference in
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most of the optimal wavelengths between GM and non-GM maize, which further confirmed
the difference in metabolites caused by the genotypes.

Final number of selected variables: 14 (RMSE = 0.21088)
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Figure 5. Optimal wavelength selection by the successive projections algorithm (SPA): (a) final
number of selected variables; (b) selected variables.

Table 1. Optimal variables and average spectra transmittance.

Average Spectra Average Spectra
Wavelﬁl;gth Assignment Transr;g\ittal:me % Transr;glittal:me % p-Value

(em™) (GM Maize) (non-GM Maize)
730.41 deformation vibrations of the C-H group [28] 11.79 £ 2.89 13.06 £ 4.56 1.56 x 1072
776.69 deformation vibrations of the C-H group [28] 9.85 + 2.64 11.19 +4.32 6.51 x 1073
811.40 deformation vibrations of the C-H group [28] 7.82 £2.41 9.24 £4.04 2.02 x 1073
992.68 stretching of C-O in the C-OH group [40] 28.77 £ 6.08 29.35 £ 8.59 5.76 x 107!
1063.07 C-O stretching vibrations [28] 13.31 £ 2.87 14.41 £ 4.43 3.52 x 1072
1171.54 CO-O-C asymmetric stretching vibrations [31] 571+ 1.78 6.87 £ 3.15 1.30 x 1073
1477.69 C=C stretching vibrations [28] 4.85+1.43 6.09 £ 2.62 246 x 1072
1559.17 C=C stretching vibrations [28] 5.05 £ 1.50 6.43 +2.70 5.82 x 1076
1615.09 aromatic C=C stretching vibrations [28] 6.19 £+ 1.67 7.74 £ 2.85 2.07 x 10
1653.18 stretching vibrations of C=0 group [31] 7.66 £ 1.83 9.25 £+ 3.03 6.34 x 107°
1745.74 vibrations of the carbonyl group (-C=0) [41] 3.63 £1.80 532+£3.10 1.73 x 107°
3320.34 O-H stretching vibrations [30] 719 £2.17 8.65 £+ 3.82 7.25 x 1074
3618.77 O-H stretching vibrations [30] 0.93 £0.45 0.94 £ 0.66 9.24 x 1071

3.4. Classification Models Based on Optimal Wavelengths and Full Spectra

PLS-DA, KNN, and ELM identification models, based on full spectra and optimal
wavelengths, were further developed to classify GM and non-GM maize, and the correct
recognition rate was used as the evaluation index of models. Before modeling, K-means
was applied to divide a total of 240 maize samples into a calibration set (80 for both
GM and non-GM maize) and a prediction set (40 for both GM and non-GM maize) in
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a ratio of 2:1. The discrimination results of all identification models are summarized
in Table 2. It can be clearly seen that models based on the full spectra obtained good
results, with a recognition accuracy of over 80% in both the calibration and prediction sets.
Compared with the models based on full spectra, the PLS-DA model, based on optimal
spectra, showed better performance, with a recognition accuracy of over 96% in both
the calibration and the prediction sets. However, the optimal wavelengths-based KNN
model performed the worst. Compared with the PLS-DA and KNN models, the ELM
model showed relatively better performance. Particularly, the ELM models based on full
spectra and optimal spectra both yielded a 100% recognition rate in the calibration set and
98.75% recognition rate in the prediction set. Generally, these results indicated that GM
maize could be accurately distinguished using mid-infrared spectroscopy combined with
appropriate chemometric methods.

Table 2. Identification results of classification models based on optimal wavelengths and full spectra.

Input Calibration Prediction
. Discrimination Model Identification Identification
Variables
Rate Rate
PLS-DA 90% 80%
Full spectra KNN 95.00% 93.75%
ELM 100.00% 98.75%
PLS-DA 98.13% 96.25%
SPA KNN 79.38% 77.50%
ELM 100.00% 98.75%

4. Conclusions

This research focused on the discrimination of GM maize kernels by using mid-infrared
spectroscopy combined with chemometric methods. A three-dimensional PCA scores
scatter plot based on the first three PCs showed the feasibility of GM maize identification,
and 13 optimal wavelengths were selected based on SPA. Discrimination models based on
optimal wavelengths and full spectra were established. It was found that the performances
of full spectra-based models were better than those of the optimal wavelengths-based
models. Moreover, the outstanding result was achieved using the ELM model based
on both the full spectra and optimal wavelengths, with a 100% recognition rate in the
calibration set and a 98.75% recognition rate in the prediction set. It has been demonstrated
that mid-infrared spectroscopy, combined with the ELM chemometrics method, could be a
potential tool for the identification of GM maize, and it could also provide references for
the on-line detection of other GM products.
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