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ABSTRACT: Conventional methods for detecting aflatoxigenic fungus and aflatoxin contamination are generally time-
consuming, sample-destructive, and require skilled personnel to perform, making them impossible for large-scale nondestructive
screening detection, real-time, and on-site analysis. Therefore, the potential of visible−near-infrared (Vis−NIR) spectroscopy
over the 400−2500 nm spectral range was examined for determination of aflatoxigenic fungus infection and the corresponding
aflatoxin contamination on corn kernels in a rapid and nondestructive manner. The two A. f lavus strains, AF13 and AF38, were
used to represent the aflatoxigenic fungus and nonaflatoxigenic fungus, respectively, for artificial inoculation on corn kernels.
The partial least-squares discriminant analysis (PLS-DA) models based on different combinations of spectral range (I: 410−
1070 nm; II: 1120−2470 nm), corn side (endosperm or germ side), spectral variable number (full spectra or selected variables),
modeling approach (two-step or one-step), and classification threshold (20 or 100 ppb) were developed and their performances
were compared. The first study focusing on detection of aflatoxigenic fungus-infected corn kernels showed that, in classifying
the “control+AF38-inoculated” and AF13-inoculated corn kernels, the full spectral PLS-DA models using the preprocessed
spectra over range II and one-step approach yielded more accurate prediction results than using the spectra over range I and the
two-step approach. The advantage of the full spectral PLS-DA models established using one corn side than the other side were
not consistent in the explored combination cases. The best full spectral PLS-DA model obtained was obtained using the germ-
side spectra over range II with the one-step approach, which achieved an overall accuracy of 91.11%. The established CARS-
PLSDA models performed better than the corresponding full-spectral PLS-DA models, with the better model achieved an
overall accuracy of 97.78% in separating the AF13-inoculated corn kernels and the uninfected control and AF38-inoculated corn
kernels. The second study focusing on the detection of aflatoxin-contaminated corn kernels showed that, based on the aflatoxin
threshold of 20 and 100 ppb, the best overall accuracy in classifying the aflatoxin-contaminated and healthy corn kernels
attained 86.67% and 84.44%, respectively, using the CARS-PLSDA models. The quantitative modeling results using partial least-
squares regression (PLSR) obtained the correlation coefficient of prediction set (RP) of 0.91, which indicated the possibility of
using Vis−NIR spectroscopy to quantify aflatoxin concentration in aflatoxigenic fungus-infected corn kernels.

KEYWORDS: aflatoxigenic fungus, aflatoxin, corn kernel, partial least-squares discriminant analysis,
competitive adaptive reweighted sampling, partial least-squares regression

■ INTRODUCTION

Aflatoxins are a group of highly toxic secondary metabolites
produced by fungi of the genus Aspergillus, predominantly A.
f lavus and A. parasiticus.1 The dominant aflatoxins produced by
A. f lavus are aflatoxin B1 (AFB1) and B2 (AFB2), whereas A.
parasiticus produces two additional aflatoxins, G1(AFG1) and
G2 (AFG2).

2 Aflatoxin contamination can occur in a wide
variety of agricultural commodities including corn, rice, wheat,
peanuts, almond kernels, pistachio nuts, etc. Various methods
have been developed and utilized to determine aflatoxin
contamination and fungal infection in foods. The available
techniques for detecting aflatoxins include thin layer
chromatography (TLC), gas chromatography (GC), high-
performance liquid chromatography (HPLC), enzyme-linked
immunosorbent assay (ELISA), fluorescence polarization
assays, radio immunoassays, among others,1,3,4 and fungal

infection in food is traditionally determined using micro-
biological methods in a laboratory setting.1 These methods
may give highly accurate results in laboratories; however, most
require skilled personnel and a well-equipped laboratory. They
are also expensive, time-consuming, destructive to the test
samples, and most importantly, subject to sampling error,
making them impossible for large-scale nondestructive screen-
ing detection or integration in an online sorting and
production system.
The optical-based methods have demonstrated great

potential for real-time evaluation of food quality and safety
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attributes in a rapid and nondestructive manner.5,6 Consid-
erable number of studies have been conducted using
fluorescence spectroscopy, visible−near-infrared (Vis−NIR)
spectroscopy, hyperspectral imaging (HSI), and Raman
spectroscopy to detect aflatoxin contamination or fungal
infection in different varieties of foods,1,7,8 and their potentials
have been indicated. However, in most of the studies reported,
the samples infected with nonaflatoxigenic or nontoxigenic
fungi were not involved, which means that their effect on
identifying the aflatoxigenic fungi-infected or aflatoxin-
contaminated commodities were generally neglected in
statistical analysis of predictive modeling. In real world,
nonaflatoxigenic and nontoxigenic fungi coexist with the
aflatoxigenic fungi, in either crops, seeds, or soils.9−12 Strains
of A. f lavus also vary greatly in aflatoxin production, with some
producing copious amounts and others none.9,10,13 The
relative distribution of aflatoxigenic versus nonaflatoxigenic
isolates is modulated by many factors including plant species
present, soil composition, cropping history, crop management,
and environment conditions including rain fall and temper-
ature.10,14 Additionally, nontoxigenic strains of A. f lavus have
been used as biological control agents on plants to control
aflatoxin contamination nowadays.15−17

As far as we know, only a few studies explored the feasibility
of optical methods for differentiating aflatoxigenic and
nonaflatoxigenic fungi infection on agricultural commodities.
Jin et al.18 reported a study where the HSI system under both
halogen and ultraviolet (UV) illumination was employed to
classify the toxigenic and atoxigenic strains of A. f lavus over the
400−1000 nm spectral range. One aflatoxigenic AF13 and
three nonaflatoxigenic AF2038, AF283, and AF38 were
included in this study. The authors reported that under the
halogen light source, the average detection accuracies of 83%
and 74% were obtained in identifying the toxigenic fungus
pixels and atoxigenic fungus pixels, respectively, and under the
UV light source, the average detection accuracy attained 67%
and 85% correspondingly. Subsequently, based on fluorescence
HSI, Yao et al.19 detected aflatoxin contamination in corn
kernels, which were field-inoculated with AF13 and AF38
fungal strains, separately. Using all data from single kernels
which included the nontreated controls, AF13- and AF38-
inoculated samples, the overall accuracies of 77.2% and 78.9%
were obtained with the 20-ppb threshold, from the endosperm
and germ sides, respectively, and 91.7% and 94.4%
correspondingly with the classification threshold of 100 ppb.
The linear discriminant analysis (LDA) models established in
this study achieved high accuracies with all samples in
identifying the healthy corn kernels, while the accuracies in
identifying the aflatoxin-contaminated corn kernels were lower
than 60%. Further endeavors are still needed to clarify the issue
mentioned above.
Therefore, in the present study, the two A. f lavus strains,

AF13 and AF38, were used to represent the aflatoxigenic
fungus and nonaflatoxigenic fungus, respectively, for artificial
inoculation on single corn kernels. The main objective of this
study were: (1) to investigate the potential of using Vis−NIR
spectroscopy to distinguish corn kernels infected with
aflatoxigenic fungus from the uninfected and nonaflatoxigenic
fungus-infected kernels; (2) to differentiate the aflatoxin-
contaminated corn kernels from healthy kernels, as the
presence of A. f lavus in commodities is not always associated
with aflatoxin contamination; (3) to determine the character-
istic wavelengths using the competitive adaptive reweighted

sampling (CARS) algorithm, for identifying corn kernels
infected with aflatoxigenic fungus or contaminated with
aflatoxins, and establish the simplified classification models
using the determined characteristic wavelengths; and (4) to
quantify the aflatoxin concentration of aflatoxigenic fungus-
infected corn kernels.

■ MATERIALS AND METHODS
Sample Preparation. Two strains of A. f lavus, AF13 (aflatoxi-

genic) and AF38 (nonaflatoxigenic), were used as inoculum separately
for artificial laboratory inoculations. The fungal strains AF13 and
AF38 were obtained from the Food and Feed Safety Research Unit,
Agricultural Research Service (ARS), USDA (New Orleans, LA).
Both isolates were cultured separately on potato dextrose agar (PDA)
medium in plastic Petri dishes at 30 °C in a dark incubator. After 5
days of growth, the conidia were harvested and suspended in sterile
distilled water at a dilution of 5 × 106 conidia/mL, determined with a
hemocytometer.

Corn kernels (N78B-GT, Syngenta NK Brand Seeds, Laurinburg,
NC, USA) were harvested in 2010 from the ARS Field Station in
Stoneville, MS, USA. The harvested kernels were dried to below 15%
moisture content and kept at room temperature (22 °C) before use.
In all, 180 corn kernels were randomly selected from a single year’s
field experiment and used with three treatments, namely 60 kernels
inoculated with the AF13 fungal strain, 60 kernels inoculated with the
AF38 strain, and 60 kernels inoculated with sterile distilled water as
control. Before inoculation, all corn kernels were surface sterilized in
70% ethanol and then rinsed in three changes of distilled water.
Kernels in each treatment group were inoculated by immersion and
stirred for 1 min. Each group of kernels was incubated separately in a
humidity chamber using a plastic tray. Distilled water was added every
other day to each incubation chamber to maintain constant moisture.
After 8 days, all samples were taken out from the incubator, and
transferred to individually labeled coin envelopes (1 kernel/envelop)
and placed in a 60 °C oven for 2 days to terminate fungal growth. For
following spectroscopic and chemical analyses, all kernels were surface
wiped to remove all exterior signs of mold.

Vis−NIR Spectroscopy and Spectral Acquisition. The Foss
XDS rapid content analyzer (Foss NIRSystems Inc., Laurel, MD),
which covers the spectral range of 400−2500 nm, was utilized to scan
the corn kernels in this study. This is a dual-detector system includes
both the silicon (Si) and lead sulfide (PbS) detectors, which cover the
spectral ranges of 400−1100 and 1100−2500 nm, respectively. A
sample holder made of optical-grade Spectralon diffuse reflectance
material (>99% diffuse reflectance), with a 6 × 8 mm2 triangle hole in
the middle was used for collecting spectra from a constant area of
each kernel. A total of 180 corn kernels from three groups were
scanned in the reflectance mode with the data recorded as the
absorbance of log (1/R) at the spectral interval of 0.5 nm. Each kernel
was scanned from the endosperm and germ sides separately. The
scanning of each side was performed by placing the kernel side being
tested over the triangle hole of the sample holder, facing the detector.
The data acquisition rate was 2 scans/s, and each side of the corn
samples was scanned with 32 scans.

Chemical Analysis. After spectroscopic scanning, each whole
corn kernel was subjected to standard chemical analysis for
determination of its reference aflatoxin concentration. The chemical
procedures for single kernel analysis were adjusted from the AflaTest
protocol (VICAM, Milford, Mass.), which is one of the USDA-
approved laboratory methods for aflatoxin determination. The
detailed information for the chemical analysis method can be found
in Yao et al.19

Data Analysis. In this study, both the qualitative and quantitative
analyses were conducted based on the standard normal variate
(SNV)-preprocessed absorbance spectra. Figure S1 demonstrates the
data-processing procedures employed for qualitative/classification
analyses. The absorbance spectra collected from the endosperm and
germ sides of corn samples were processed separately to study the
effect of corn sides on model performance. As the Vis−NIR
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spectroscopy employed in this study is a dual-detector system, and the
signal-to-noise ratio (SNR) at two ends of each detector coverage
range might be low, only the absorbance spectra over the spectral
ranges of 410−1070 and 1120−2470 nm were used for the following
data analysis. To simplify the descriptions, the symbols I and II were
used to represent the spectral ranges of 410−1070 and 1120−2470
nm, respectively. In addition, as in the U.S., the maximum limits for
total aflatoxins (AFB1, AFB2, AFG1, AFG2) are regulated by the U.S.
Food and Drug Administration (FDA) and are 20 and 100 ppb for
corn foods and corn feed products, respectively,20 and both thresholds
were used to develop the classification models in this study. The
detailed methods for model development and evaluation were
described in the following sections.
CARS Algorithm for Spectral Variable Selection. The variable

selection procedure was conducted on the optimal full spectral PLS-
DA models, as the full spectra over the ranges I and II each include a
total of 1321 and 2701 spectral variables and some data may be noise
or contain irrelevant information that could worsen the results of the
calibration models. Therefore, to reduce the data dimensionality and
simplify the complexity of computation, the CARS algorithm based
on the simple but effective principle “survival of the fittest” was
utilized to select the optimal combinations of spectral variables in this
study.
CARS works through selecting N subsets of variables by N

sampling runs in an iterative manner and finally chooses the subset
with the lowest root-mean-square error of cross validation
(RMSECV) or error rate value as the optimal subset.21 The optimal
wavelengths refer to the wavelengths with large absolute coefficients
in a multivariate linear regression model such as partial least-squares
(PLS). In each sampling run, CARS works in four steps: (1) Monte
Carlo for model sampling, which can be regarded as sampling in the
model space combined with Monte Carlo strategy; (2) employ
exponentially decreasing function (EDF) to perform enforced
wavelength selection; (3) adopt adaptive reweighted sampling to
realize a competitive selection of wavelengths; and (4) cross
validation is utilized to evaluate the subset.21 In this study, the
lowest error rate of 10-fold cross validation was used to evaluate the
subset, and the number (N) of Monte Carlo sampling runs was set to
be 500.
Development and Evaluation of Classification Models. The

classification models were developed using the partial least-squares
discriminant analysis (PLS-DA) method in this study. PLS-DA is a
linear classification method that is based on the well-known PLS
regression. The detailed descriptions of this method are referenced
elsewhere22 and therefore not shown here. The 10-fold cross
validation method was conducted to determine the optimal number
of latent variables (LVs) of each model, and the LVs with the lowest
error rate in cross validation were employed to establish the PLS-DA
classification model. Ten-fold cross validation is a common choice in
k-fold cross validation with k = 10. The k-fold cross validation method
is a popular procedure for estimating the performance of a
classification algorithm, which randomly divides a data set into k
disjoint folds with approximately equal size, and each fold is in turn
used to test the model induced from the other k−1 folds by a
classification algorithm.23

As two detection objectives are covered in this study, namely, (a)
identifying corn kernels infected with aflatoxigenic fungus and (b)
identifying aflatoxin-contaminated corn kernels, their classification
models were developed and evaluated, separately (Figure S1). (a)
First, in separating the corn kernels infected with aflatoxigenic fungus
(AF13) from the uninfected and nonaflatoxigenic fungus-infected
(AF38) corn kernels, both two-step and one-step approaches were
applied. As its name implies, the two-step approach logically resolves
the detection objective into two steps, based on the concept of
decomposition in hierarchical classification. The first step of the two-
step method refers to classifying the fungus-infected (AF38- and
AF13-inoculated) and uninfected corn kernels, and the second step
refers to classifying the corn kernels infected with aflatoxigenic fungus
(AF13-inoculated) and nonaflatoxigenic fungus (AF38-inoculated).
Different from the two-step method, the one-step method refers to

establishing the classification models directly, in one step, indicating
that when building the classification models, the AF13-inoculated
corn kernels were treated as one class, and all other corn kernels
including the uninfected control and AF38-inoculated kernels were
treated as the other class. Therefore, in identifying the AF13-
inoculated corn kernels from all other kernels, a total of 2 × 2 × 2
(endosperm-side/germ-side spectra × spectral range I/II × one-step/
two-step method) types of full spectral PLS-DA models were
established. On the basis of the optimal cases of the full spectral
models, which were developed from the endosperm and germ sides of
corn kernels, separately, the CARS algorithm was conducted to find
informative spectral variables for identifying AF13 infection on corn
kernels for these cases. Using the determined spectral variables by
CARS, the simplified CARS-PLSDA models were developed
correspondingly. (b) In identifying aflatoxin-contaminated corn
kernels from healthy kernels, a total of 2 × 2 × 2 (endosperm-side/
germ-side spectra × spectral range I/II × 20-ppb threshold/100-ppb
threshold) types of full spectral PLS-DA models were established first.
Then, on the basis of the optimal cases of the full spectral models,
which were developed from the endosperm and germ sides of corn
kernels with the classification threshold of 20 and 100 ppb, the CARS
algorithm was conducted to select the informative spectral variables
for aflatoxin contamination on corn kernels for these cases. Using the
determined spectral variables by CARS, the simplified CARS-PLSDA
models were established correspondingly.

Generally, in developing the classification models, three-fourths of
samples from each class were used to establish the classification
models, and the other one-fourth of samples were used as
independent predictions to evaluate the performance of each model.
Depending on the classification objective and threshold, the negative
samples (class 1) may represent the kernels from the “control+AF38-
inoculated” group in objective a, or kernels with aflatoxin
concentration ≤ 20 ppb or ≤ 100 ppb in objective b. The positive
samples (class 2) may represent the kernels from the AF13-inoculated
group in objective a, or kernels with aflatoxin concentration >20 ppb
or >100 ppb in objective b. The indices of class accuracy and overall
accuracy, which are described in the following equations, were
calculated to evaluate the performance of each classification model.
The higher the accuracy values, the better predictive ability of the
classification model:

=Class accuracy
Number of correct assignments of each class

Total sample number of each class tested
(1)

=Overall accuracy
Sum of correct assignments of all classes

Total sample number
(2)

Lastly, in objective a, the final overall accuracy of the two-step method
in distinguishing the AF13-inoculated kernels from the control and
AF38-inoculated kernels is the multiplied result of overall accuracies
obtained from the above two individual steps. The final class accuracy
for identifying the AF13- and AF38-inoculated kernels is the
multiplied result of the class accuracy obtained in identifying them
in the second step and the class accuracy in identifying the fungus-
infected kernels in the first step, separately. This is because they are
based on the first-step result in identifying the fungus-infected corn
kernels. The final accuracy for predicting the uninfected control
kernels is equal to the accuracy in the first step since the control
kernels are not involved in the second step.

Development and Evaluation of Quantitative Models. To
explore the feasibility of the Vis−NIR spectroscopy in quantifying
aflatoxin concentration of the corn kernels infected with aflatoxigenic
fungus, the partial least-squares regression (PLSR) models were also
established in this study. The SNV-preprocessed absorbance spectra
were used for establishing the PLSR models, and 2 × 2 (endosperm-
side/germ-side spectra × spectral range I/II) cases were covered in
this section. Among the 60 AF13-inoculated corn kernels, 45 samples
were employed to establish the PLSR models, and the other 15
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samples were used to evaluate the model performance. The optimal
LVs number of the PLSR model was determined by the leave-one-out
cross validation (LOOCV) method, and the LVs with the minimal
standard error of cross validation (SECV) were used for model
development. The LOOCV algorithm is a particular case of k-fold
cross validation where k is equal to the total number of samples
trained. This method was chosen for validating the PLSR models is
because a relatively small data set was included in this process. The
performance of the established quantitative models was estimated by
the indices of correlation coefficient (RP) and root mean squared
error (RMSEP) of prediction set. The higher RP and the lower
RMSEP are, the better predictive ability has the model.

■ RESULTS AND DISCUSSION
Chemical Analysis Results. According to the reference

chemical data, the mean aflatoxin concentration of the 60
AF13-inoculated corn kernels was 599.03 ppb, which indicated
the aflatoxin-producing ability of the AF13 strain on corn
kernels. The maximum and minimum value was 3400.00 and
0.00 ppb, respectively, with a standard deviation (SD) of
749.90 ppb (Table S1). The distribution plots of aflatoxin
concentration of single corn kernels from the AF13-inoculated
group are shown in Figure 1a. As observed, most of the corn

kernels inoculated with the AF13 fungal strain show aflatoxin
contamination, based on both thresholds of 20 and 100 ppb.
Among the 60 AF13-inoculated corn kernels, the aflatoxin
concentration of 43 single kernels was over 20 ppb, and 36
single kernels showed over-100 ppb aflatoxin concentration.
Figure 1b presents the distribution plots of aflatoxin

concentration of the AF38-inoculated corn kernels. As can

be observed, all aflatoxin concentrations of the AF13-
inoculated corn kernels were low, with most of the
concentrations being 0.00 ppb or in the range of (0, 2] ppb.
The maximum concentration of the AF38-inoculated corn
kernels was 11.00 ppb, which means that the corn kernels
inoculated with the AF38 strain did not show overthreshold
aflatoxin contamination, based on either the 20-ppb or the
100-ppb threshold. For the control group, 57 among the 60
kernels showed 0.00-ppb aflatoxin concentration, with only
three kernels containing very low amounts of aflatoxins, that is,
0.01, 0.53, and 3.00 ppb. The reference data of the control
group also indicated that the corn kernels used in the present
study were not originally contaminated by aflatoxins.

Characterization of Vis−NIR Spectra. The mean spectra
of original absorbance of control, AF38-inoculated and AF13-
inoculated corn kernels were plotted from the endosperm and
germ side separately and are presented in Figure 2. As shown
in Figure 2a and b, the mean absorbance spectra of the two
fungus-inoculated groups are more analogous among all three
mean spectra, particularly the spectra acquired from the
endosperm side. Obvious spectral differences could be
observed between the mean spectra of the control and the
fungus-inoculated kernels, either from the endosperm or germ
side. More specifically, the mean absorbance from the
endosperm side of the fungus-infected corn kernels is higher
than the control kernels before 780 nm and lower over almost
the whole NIR range. For the spectra acquired from the germ
side, the mean absorbance of the fungus-inoculated corn
kernels showed higher intensities than the control kernels over
the whole spectral range I, and lower over almost the whole
spectral range II. The phenomenon observed here is in
accordance with the study reported by Pearson and Wicklow.24

Pearson and Wicklow24 studied the potential of using Vis−
NIR spectroscopy over 500−1700 nm to identify the corn
kernels infected by eight different fungi, which included A.
f lavus, A. niger, Acremonium zeae, Diplodia maydis, Fusarium
graminearum, Fusarium verticillioides, Penicillium spp., and
Trichoderma viride. The authors found that for all fungus-
infected corn kernels with extensive discoloration, except
Acremonium zeae, their absorbance is higher than that of
undamaged kernels below 700 nm and lower between 900 and
1700 nm. Differences in absorbance spectra between the
fungus-infected and sound corn kernels can possibly be
explained by the scattering and absorbance characteristics
caused by fungal growth and metabolic activities in the kernel.
As fungal infections generally cause discoloration of kernels,
this would cause higher visible wavelength absorbance.24 A
fungus-infected kernel would also scatter more light than a
sound, vitreous kernel, since the invasion of the fungus tends
to cause the kernel endosperm to become porous.25,26 This
scattering would cause less NIR radiation to be absorbed in the
reflectance mode. Powdery substances with refractive indices
different from that of air, such as those in the air-endosperm
interface of infected kernels, cause more light to be reflected,27

as opposed to the more crystalline-like property of normal
kernels. Compared to the endosperm-side spectra, the
differences in the mean spectra of the AF13-inoculated and
AF38-inoculated kernels are more obvious from the germ side,
particularly over the spectral range II. However, as the spectral
variance among the kernels of each group is great, the
differences existing among their group mean spectra is not
appropriate to be used as classification criterion for predicting
each individual kernel. Therefore, the chemometric technique

Figure 1. Distribution plots of aflatoxin concentration of single corn
kernels from the (a) AF13-inoculated group, (b) AF38-inoculated
group.
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of PLS-DA was applied for classifications in the following
sections.
Correlation Analysis between Absorbance and

Aflatoxin Produced in AF13-Inoculated Kernels. To
better understand the linear relationship between absorbance
and aflatoxin concentration of the AF13-inoculated corn
kernels, the Pearson correlation coefficient (R) was calculated
between them at each wavelength. The correlation coefficients
were calculated using the original endosperm-side and germ-
side spectra, separately. The obtained correlation coefficients
were plotted over the whole spectral range and were shown in
Figure 3. Overall, the correlation coefficient profiles calculated

using the endosperm-side and germ-side spectra demonstrated
analogous features, such as, both profiles showing positive
correlation coefficients at short wavebands, and negative
correlations at long wavebands. This could be explained by
the absorbance differences existing between the control and
AF13-inoculated corn kernels (Figure 2), as the amount of
aflatoxin produced is directly associated with the growth of
AF13 and its metabolic activities. As observed in Figure 2,
generally, the mean spectral absorbance of the AF13-
inoculated corn kernels is higher than that of the control
kernels over short wavebands, and lower over long wavebands;
therefore, it is reasonable to infer the positive correlation
between the aflatoxin amount and spectral absorbance over
short wavebands, and negative correlation over long wave-
bands. Additionally, both correlation coefficients calculated
using either endosperm-side or germ-side spectra varied greatly
over short wavebands and showed small variations over long
wavebands.

In detail, the correlation coefficients between the endo-
sperm-side spectral absorbance and aflatoxin concentration are
positive before 790 nm. The correlation coefficients calculated
using the germ-side spectra are all positive until around 903
nm. On the basis of the endosperm-side spectra, the maximum
positive correlation coefficient of 0.60 appeared around 592
nm, and then the coefficient value decreased rapidly. The
strongest negative correlation appeared nearby 1415 nm, with
the coefficient value of −0.58. On the basis of the germ-side
spectra, the greatest positive correlation coefficient of 0.53,
located nearby 558 nm, was a little smaller, compared to the
0.60 calculated using the endosperm-side spectra. As indicated
in Figure 3, after 1132 nm, the negative correlations between
the germ-side spectral absorbance and aflatoxin concentration
are all slightly stronger than those calculated using the
endosperm-side spectra. The strongest negative correlation of
−0.64, calculated using the germ-side spectra, appeared around
1404 nm, which is nearby the location (1415 nm) of the
strongest negative correlation calculated using the endosperm-
side spectra.

Modeling Results in Identifying Corn Kernels In-
fected with Aflatoxigenic Fungus. Full Spectral PLS-DA
Models: Modeling Results with Two-Step Method. In the first
step of the two-step method, namely, classifying the uninfected
control and fungus-inoculated corn kernels, 135 corn kernels,
which included 45 uninfected control corn kernels (class 1 in
this case) and 90 fungus-inoculated kernels (class 2 in this
case, including 45 AF13-inoculated corn kernels and 45 AF38-
inoculated kernels), were used to establish the PLS-DA
models. The other 45 corn kernels, namely, 15 control kernels
and 30 fungus-inoculated kernels (15 AF13-inoculated kernels
and 15 AF38-inoculated kernels), were used as prediction
samples to evaluate the model performance. In the second
step, namely, classifying the AF38- and AF13-inoculated corn
kernels, 90 corn kernels, which included 45 AF13-inoculated
and 45 AF38-inoculated corn kernels, were used to develop the
classification models, and the other 30 kernels, including 15
AF13-inoculated and 15 AF38-inoculated kernels, were
employed to evaluate the model performance.
The full spectral PLS-DA modeling results for each step of

the two-step method are shown in Table S2. For the first step,
all four PLS-DA models obtained over 91.00% overall
accuracies for the prediction set. Among the four models,
the PLS-DA model established using the germ-side spectra
over the spectral range II achieved the best overall accuracy of
100.0%. In comparisons, the germ-side spectra performed
better than the endosperm-side spectra, and the models
established using the spectral range II achieved better

Figure 2. Mean spectra of original absorbance of control, AF38, and AF13-inoculated samples from the (a) endosperm and (b) germ sides of corn
kernels.

Figure 3. Correlation coefficients between original absorbance and
aflatoxin concentration of AF13-inoculated corn kernels.
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prediction results than the spectral range I in classifying the
uninfected control and fungus-inoculated corn kernels.
Generally, the classification models established performed
better in identifying the fungus-inoculated corn kernels than
the uninfected control kernels.
In the second step of the two-step method, namely,

classifying the AF38- and AF13-inoculated corn kernels, the
classification models established did not perform as well as in
the first step. However, a few overall accuracies obtained for
the prediction set were still acceptable. The best overall
accuracy of 86.67% was obtained using the endosperm-side
spectra over the spectral range II. Using this model, the
prediction accuracy in identifying the AF13-inoculated corn
kernels achieved 100.00%. In addition, the classification model
established using the endosperm-side spectra over range I
attained an overall accuracy of 80.00% for the prediction set.
However, the classification models established using the germ-
side spectra did not perform as well as the endosperm-side
spectra in classifying the AF38- and AF13-inoculated corn
kernels, as the better overall accuracy obtained using the germ-
side spectra only achieved 73.33%. By comparisons, it was
observed that the absorbance spectra over range II performed
better than range I in classifying the AF38- and AF13-
inoculated corn kernels, which was in accordance with the
phenomenon observed in the first step. While different with
the prediction results obtained in the first step, the models
established with the endosperm-side spectra yielded more
accurate prediction results than the models developed using
the germ-side spectra in classifying the AF38- and AF13-
inoculated corn kernels.
Table S3 shows the final full spectral PLS-DA modeling

results using the two-step method. As can be observed, the best
prediction result was obtained with an overall accuracy of
82.82% for the prediction set, using the endosperm-side
spectra over range II. Using this model, the prediction accuracy
in identifying the AF13-inoculated corn kernels attained
100.00%, while the final prediction results obtained using
other three combinations of spectral range and corn side did
not perform as well. That might be due to the inconsistency of
corn side effect on the model performance of the two
individual steps. In other words, during the two-step
classifications, the germ-side spectra performed better in
classifying the uninfected control and fungus-inoculated corn
kernels (step 1), while the endosperm-side spectra yielded
more accurate prediction results in classifying the AF38- and
AF13-inoculated corn kernels (step 2). However, it was
consistent that the models developed over the spectral range II
were more accurate than those established over range I.
Modeling Results with One-Step Method. Using the one-

step method, 135 corn kernels which included 90 aflatoxigenic
fungus-negative kernels (class 1 in this case, referring to 45
control kernels and 45 AF38-inoculated kernels) and 45
aflatoxigenic fungus-positive corn kernels (class 2 in this case,
referring to AF13-inoculated kernels) were used to establish
the PLS-DA models. The other 45 corn kernels, namely, 30
aflatoxigenic fungus-negative kernels (15 control kernels and
15 AF38-inoculated kernels) and 15 aflatoxigenic fungus-
positive kernels (AF13-inoculated kernels), were used as
prediction samples to evaluate the model performance. Table
S4 shows the determined LVs number and the one-step PLS-
DA modeling results in classifying the “control+AF38-
inoculated” and AF13-inoculated corn kernels, using the full
spectra collected from the endosperm and germ side,

separately. Among all four PLS-DA models established, the
best overall accuracy of 91.11% was achieved for the prediction
set, using the endosperm-side spectra over the spectral range
II. Compared to the prediction results obtained using the two-
step method, the overall accuracies obtained using the one-step
method are all higher. This may be due to that when using the
two-step method, the calculation of overall accuracy takes the
accuracies obtained in both steps into account, while the one-
step method does not separate the uninfected control and
AF38-inoculated corn kernels. That means the classification
error in separating the uninfected control and AF38-inoculated
corn kernels was not included in the one-step method but was
included in the two-step method.
The prediction results of the models established using the

endosperm-side spectra over ranges I and II were also
acceptable, which achieved the overall accuracy of 84.44%
and 86.67%, respectively. Particularly, the model developed
based on the endosperm-side spectra over range II yielded a
prediction accuracy of 100.00% in identifying the AF13-
inoculated corn kernels from the control and AF38-inoculated
corn kernels. Overall, the prediction results using the one-step
method were more accurate using the spectra over range II
than range I, which was in accordance with the final prediction
results obtained with the two-step method. However, the
advantage of the classification models established using one
corn side than the other side was not consistent over both
spectral ranges. This might be due to the aforementioned-
inconsistency of corn side effect on the predictive ability of the
classification models.

Variable Selection Results by CARS and CARS-PLSDA
Modeling Results. On the basis of the optimal full spectral
PLS-DA models, the CARS algorithm was performed to select
the key wavelengths in discriminating the AF13-inoculated
corn kernels from the uninfected control and AF38-inoculated
corn kernels, from the endosperm and germ side separately. As
shown in the above-mentioned comparisons, the one-step PLS-
DA classification models established over the spectral range II
performed better than over range I with the one-step method
and all two-step classification cases, for both endosperm-side
and germ-side spectra, the CARS algorithm was executed for
these two combinations. As an example, Figure S2 presents the
process of variable selection by CARS in one-step classifying
the “control+AF38-inoculated” and AF13-inoculated corn
kernels, based on the endosperm-side spectra over range II.
As shown in Figure S2a, with increasing number of sampling
runs, the number of sampled spectral variables in the variable
subset decreased first fast at the first stage of EDF and then
slowly at the second stage of EDF, namely, the “fast selection”
and “refined selection” stages. The changes of the error rate of
10-fold cross validation from all spectral variable subsets in
CARS calculations were plotted in Figure S2b. As can be
observed, with the increasing number of sampling runs, the
error rate of 10-fold cross validation first fluctuated in a gentle
way and showed a declining trend between the sampling run of
1−321 because of elimination of irrelevant spectral variables.
Then, with the increasing number of sampling run between
322 and 500, the error rate of 10-fold cross validation increased
after too many variables were eliminated, which may have
included important spectral variables. The CARS calculations
showed the lowest global error rate of 10-fold cross validation
when the number of sampling run was 321, represented by the
vertical dashed lines in Figure S2. Figure S2c shows the
regression coefficient path of each wavelength variable in the
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execution of CARS with the number of sampling runs set to
500. Each curve in Figure S2c reflects the changing of
regression coefficient of one spectral variable at different
sampling runs. As can be observed, at the beginning of each
sampling run, the absolute regression coefficient values of each
spectral variable were extremely low. With the increasing
number of sampling runs, the values of some variables started
growing, while the rest of variables dropped to 0, which were
removed by CARS because of their incompetence. The
regression coefficients of each spectral variable at the sampling
run of 321 were extracted and shown in Figure 4a. On the basis
of the regression coefficients, a total of 27 spectral variables
were obtained in the determined optimal variable subset by
CARS.
By performing similar CARS procedures, the key wave-

lengths in classifying the AF13-inoculated corn kernels and the
uninfected control and AF38-inoculated corn kernels were
identified based on the germ-side spectra over range II. The
regression coefficients of each spectral variable at the sampling
run of 338 were extracted and shown in Figure 4b, due to
where the lowest global error rate of 10-fold cross validation
was achieved. On the basis of the regression coefficients, a total
of 21 spectral variables were determined by the CARS
algorithm. By comparing the key wavelengths determined by
CARS from the endosperm and germ sides over range II, it was
observed that the determined wavelengths from both corn
sides owned some common wavelengths, which focused
around 1816, 2036, 2085, 2132, 2180, 2256, 2275, and 2320
nm. This indicates that even though differences exist between
the endosperm and germ sides of corn kernels in physical
structure and chemical composition, the changes caused by the
infection and growth of the AF13 fungus from the endosperm
and germ sides of corn kernels still possessed some common
features, and these changes can be sensed by the Vis−NIR
spectroscopic method to discriminate the AF13 infection from

the uninfected control and AF38-infected corn kernels. The
common wavelengths determined over the spectral range II
could be assigned as (1) 2036 nm, the combination band
region of CONH2(H); (2) 2085 nm, the combination band
region of CONH2(H) and ROH; (3) 2132 nm, the
combination band region of RNH2; (4) 2180 nm, the
combination band region of RNH2 and CC; (5) 2256 and
2275 nm, the combination band region of CH2 and CH3; and
(6) 2320 nm, the combination band region of CH, CH2, and
CH3. The wavelengths associated with CONH2(H) and RNH2
bonds may reflect the changes of protein in corn kernels
caused by the growth of AF13 and its metabolic activities. The
other determined wavelengths relating to the ROH, CC, CH,
CH2, and CH3 bonds are most probably due to the caused
changes of carbohydrate and oil in corn kernels by the
infection of AF13. In addition, the common key wavelengths
determined from the endosperm and germ sides of corn
kernels around 1816, 2085, 2132, and 2180 nm were found to
be in accordance with the interesting wavelengths reported on
differentiating the total fungi-infected corn and the uninfected
corn.28

Using the key wavelengths determined by CARS in the
above-mentioned two cases, the simplified PLS-DA models
were established separately. Table 1 presents the obtained
CARS-PLSDA results in classifying the “control+AF38-
inoculated” and AF13-inoculated corn kernels. Using the 27
and 21 selected wavelengths by CARS from the endosperm
and germ sides, the overall accuracy for the prediction set
achieved 88.89% and 97.78%, respectively, which are both
higher than those obtained with the corresponding full-spectral
models. This indicates the usefulness of selecting the most
informative spectral variables in improving the model perform-
ance. Furthermore, the data dimensionality employed and the
complexity of computation in establishing the classification
models could be greatly reduced by using the selected

Figure 4. Regression coefficients of selected wavelengths by CARS in one-step classifying the “control+AF38-inoculated” and AF13-inoculated corn
kernels: (a) 27 variables based on endosperm-side spectra over range II, (b) 21 variables based on germ-side spectra over range II.

Table 1. One-Step CARS-PLSDA Modeling Results in Classifying the “Control+AF38-Inoculated” and AF13-Inoculated Corn
Kernelsa

corn side
spectral
range data set

LVs
number

correctly assigned sample
no. for class 1

correctly assigned sample
no. for class 2

accuracy for
class 1 (%)

accuracy for
class 2 (%)

overall
accuracy

endosperm II calibration 11 90 45 100.00 100.00 100.00
prediction 28 12 93.33 80.00 88.89

germ II calibration 12 90 43 100.00 95.56 98.52
prediction 29 15 96.67 100.00 97.78

aNote: Class 1 refers to the negative group, representing the control and AF38-inoculated corn kernels; class 2 refers to the positive group,
representing the AF13-inoculated corn kernels.
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wavelengths. For instance, compared to the full spectral PLS-
DA models, which were established using 2701 spectral
variables over range II, the employed spectral variables were
decreased at least 99.00% in the simplified CARS-PLSDA
models.
Modeling Results in Classifying Aflatoxin-Contami-

nated and Healthy Corn Kernels. Full Spectral PLS-DA
Models. The second objective of this study focuses on aflatoxin
contamination detection. On the basis of the aflatoxin
threshold of 20 ppb, 43 corn kernels from the AF13-inoculated
group were determined as aflatoxin-positive and all other
kernels, which included 60 control, 60 AF38-inoculated, and
17 AF13-inoculated corn kernels and were regarded as
aflatoxin-negative (healthy). According to the approximate
ratio of 3:1 of the sample number contained in the calibration
and prediction sets, 135 corn kernels, which included 103
aflatoxin-negative kernels and 32 aflatoxin-positive kernels,
were used as calibration samples, and the other 45 kernels,
including 34 aflatoxin-negative and 11 aflatoxin-positive
kernels, were used as prediction samples to evaluate the
established models when taking 20 ppb as the classification
threshold. When using the 100-ppb aflatoxin threshold, 36
corn kernels from the AF13-inoculated group were determined
as aflatoxin-positive kernels, and all other kernels, which
included 60 control, 60 AF38-inoculated, and 24 AF13-
inoculated corn kernels, were regarded as aflatoxin-negative.
Therefore, the calibration set included a total of 135 corn
kernels, namely, 108 aflatoxin-negative and 27 aflatoxin-
positive kernels, and the prediction set included a total of 45
corn kernels, namely, 36 aflatoxin-negative and 9 aflatoxin-
positive kernels, when taking 100 ppb as the classification
threshold.
On the basis of the classification thresholds of 20 and 100

ppb in aflatoxin concentration of each corn kernel, the full
spectral PLS-DA models were established separately. Table S5
presents the obtained results for all eight cases. On the basis of
the classification threshold of 20 ppb, the best overall accuracy
of 82.22% was obtained, which was comparable to the best
prediction result of 80.00% achieved with the 100-ppb
threshold. In addition, both the best full-spectral PLS-DA
models established with the classification thresholds of 20 and
100 ppb, were achieved using the germ-side spectra over range
II, which combination also performed the best with full spectra
in one-step classifying the “control+AF38-inoculated” and
AF13-inoculated corn kernels. The full spectral PLS-DA model
established using the endosperm-side spectra over range I also

yielded an overall accuracy of 80.00%, with the classification
threshold of 20 ppb. The other full spectral models did not
perform so well in classifying the aflatoxin-contaminated and
healthy corn kernels, as the overall accuracies obtained for the
prediction set were all lower than 80.00%.

Variable Selection Results by CARS and CARS-PLSDA
Modeling Results. On the basis of the optimal combinations
for the full spectral models, the CARS procedure was
conducted and the informative wavelengths were selected for
each classification threshold and corn side. In detail, for the
classification threshold of 20 ppb, the CARS algorithm was
calculated for the two cases of “endosperm side+ spectral range
I” and “germ side+ spectral range II” and calculated for the
cases of “endosperm side+ spectral range II” and “germ side+
spectral range II” for the 100-ppb threshold. Using the 20-ppb
threshold, a total of 61 and 65 spectral variables were selected
by CARS for the combination of “endosperm side+ spectral
range I” and “germ side+ spectral range II”, respectively, and
62 and 52 variables were determined using the endosperm-side
and germ-side spectra over range II separately, with the
classification threshold of 100 ppb.
Using the selected variables, the simplified CARS-PLSDA

models were established separately with the classification
threshold of 20 and 100 ppb to separate the aflatoxin-
contaminated and healthy corn kernels. The classification
results of the established CARS-PLSDA models are shown in
Table 2. On the basis of the classification threshold of 20 ppb,
the better CARS-PLSDA model achieved an overall accuracy
of 86.67%, using the selected variables from the endosperm
side over range I. When taking 100 ppb as the classification
threshold, the superior CARS-PLSDA model was obtained
using the selected variables from the germ side over range II,
which achieved an overall accuracy of 84.44%. The other two
CARS-PLSDA models also yielded acceptable prediction
results in classifying the aflatoxin-contaminated and healthy
corn kernels, achieving the overall accuracies of 82.22% and
80.00%. Overall, compared to the corresponding full spectral
PLS-DA models, the established CARS-PLSDA models all
obtained improved or equivalent overall accuracies.

PLSR Modeling Results in Quantifying Aflatoxin
Concentration of AF13-Inoculated Corn Kernels. To
investigate the feasibility of using the Vis−NIR spectroscopy to
quantify aflatoxin concentration of corn kernels infected with
aflatoxigenic fungus, the PLSR model was established for each
case, separately. As mentioned above, 45 kernels were used to
establish the PLSR model and the other 15 kernels were used

Table 2. CARS-PLSDA Modeling Results in Classifying Healthy and Aflatoxin-Contaminated Corn Kernelsa

corn side
spectral
range data set

LVs
number

correctly assigned sample
no. for class 1

correctly assigned sample
no. for class 2

accuracy for
class 1 (%)

Aaccuracy for
class 2 (%)

overall
accuracy (%)

classification threshold: 20 ppb
endosperm I calibration 18 99 31 96.12 96.88 96.30

prediction 31 8 91.18 72.73 86.67
germ II calibration 18 99 32 96.12 100.00 97.04

prediction 29 8 85.29 72.73 82.22
classification threshold: 100 ppb

endosperm II calibration 16 107 27 99.07 100.00 99.26
prediction 32 4 88.89 44.44 80.00

germ II calibration 15 107 27 99.07 100.00 99.26
prediction 32 6 88.89 66.67 84.44

aNote: Class 1 refers to the negative group, representing corn kernels with aflatoxin ≤ 20/100 ppb; class 2 refers to the positive group, representing
corn kernels with aflatoxin > 20/100 ppb.
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as prediction samples for evaluating the established model
performance. The statistical indices including the maximum,
minimum, mean, and SD values for the calibration and
prediction sets are shown in Table S1. Table S6 presents the
PLSR modeling results obtained for the calibration and
prediction sets separately, for each case. On the basis of the
endosperm-side spectra, the better PLSR model in quantifying
aflatoxin concentration was obtained over range II, which
achieved a RP and RMSEP of 0.91 and 284.27 ppb,
respectively. The superior PLSR model using the germ-side
spectra was achieved over range I, with RP and RMSEP of 0.87
and 377.96 ppb. Overall, the obtained RP values were
acceptable with a few combination cases; however, the
RMSEPs were all great (≥280 ppb). The results obtained
here using the Vis−NIR spectroscopy were similar to those
reported by Chu et al.,29 where short-wave infrared hyper-
spectral imaging over the spectral range of 1000−2500 nm was
applied to quantify the AFB1 concentration of single corn
kernels from the germ side. The authors obtained the
determination coefficient of validation set (RV

2) of 0.70,
while the root−mean−square error of validation set (RMSEV)
was 524.4 ppb. The great RMSEP or RMSEV might be due to
the wide ranges of reference aflatoxin concentration in both
studies, which is 0−3400 ppb in this study, and 0−3800 ppb in
Chu et al.’s work.29 The inaccurately predicted and meanwhile
great data values might have strong negative effect on the
obtained RMSEPs or RMSEVs. However, it needs to be noted
that for the PLSR quantification and the aforementioned-
classifications in separating healthy and aflatoxin-contaminated
corn kernels, the accuracy of the reference lab method used
may be one factor affecting the prediction results of the
established models. For practical reasons, the reference
chemical test was only performed once for each corn kernel.
However, over the past few years, our lab has been
participating in a proficiency study, every 6 months, which
tests the reliability of our instrument and methodology and
compares it to numerous laboratories across the world. A
Cochran test of variance and a Grubbs test of the mean
recorded by each lab is conducted to identify outliers. A Z-
value is assigned to the results of each lab, which indicates
deviation from the assigned mean. The Z range is between −3
and 3, where any value outside this range is excluded.
Therefore, the closer the Z value is to zero, the more reliable is
the test. The specific test that was the closest to this
experiment had Z equaled to −0.38. This indicates our
method, compared to all the other quantification methods, is
very reliable. Additionally, the instrument is calibrated weekly
with standards provided by the manufacturer (Mycotoxin
Calibration Standards, VICAM: the green, red, and yellow
readings for 0.2 g equivalent used in the current study were −2,
110, and 54 ± 5, respectively, which indicate the instrument is
calibrated properly) to ensure the accuracy of the chemical
analysis. Nevertheless, the quantitative modeling results using
PLSR, indicates the possibility of using Vis−NIR spectroscopy
to quantify aflatoxin concentration in corn kernels infected
with aflatoxigenic fungus.
As mentioned previously, the two strains of AF13 and AF38

were chosen in this study as examples of reliable and consistent
aflatoxin producing (AF13) and nontoxin (AF38) producing
fungi. Future studies may incorporate additional strains of
aflatoxigenic and nonaflatoxigenic fungi as well as diverse corn
cultivars. Further exploration with more advanced spectral
preprocessing methods and modeling approaches will also be

conducted in the future. With continuous developments of
optical hardware and chemometric techniques, the proposed
approach may become a rapid and noninvasive screening
procedure to prevent aflatoxins from entering the food and
feed chains.
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