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The quality traits of peanuts (Arachis hypogaea L.) are fundamental to the whole peanut industry. However, many
common analyses require the sample to be brought to the laboratory. Therefore, this research explores the
feasibility of portable near-infrared spectroscopy combined with a single detection accessory to analyse the
composition of peanuts in a single seed level quantitatively. The single detection accessory was specifically
designed for spectral data collection considering the internal and external characteristics of single peanuts.
Confocal laser scanning microscopy revealed that the oil body and protein body were randomly distributed at cell
of single peanuts. The external characteristics of single peanuts were also determined and considered length
(11.32–24.25 mm) and width (7.49–12.25 mm). The chemical compositional data (i.e. fat, sucrose, protein, and
16 amino acids) were determined by conventional wet-chemical methods and showed large variation. Principal
component analysis on the compositional data showed that peanuts with higher fat contents usually have higher
hydrophobic amino acids contents, lower sucrose contents, and lower protein contents. The composition pre
diction models of single peanuts were estimated using partial least squares regression models that were inte
grated with different spectral pre-treatments and validated by external sets. The results showed that the
prediction models have good performance with a correlation coefficient above 0.88 (calibration) and 0.83
(prediction) and a residual prediction deviation above 1.5 except for a few indicators. Overall, the portable nearinfrared spectroscopy offered reliable methods to assess the major components and amino acids quantitatively in
a single peanut, which will improve the raw material quality in the peanut industry through the simultaneous
and short-term determination of multiple indicators.

1. Introduction
The peanut (Arachis hypogaea L.) is a widespread leguminous crop
and a dominant commercial agricultural product. Global peanut pro
duction was over 48 million tons (Mt) in 2017. China (17.2 Mt), the
world’s largest peanut-producing country, accounted for nearly 36 % of
the total production (Faostat, 2017). Peanuts are nutritious and mainly
comprise fat, protein, sucrose, and amino acids. (Wang, 2016, 2018).
The fat component accounts for half of peanuts’ contents and are the
prevailing nutrient constituent in peanuts for producing edible oil (Yu

et al., 2016). Proteins are the second group of constituents in peanuts
and consist of eight essential amino acids which satisfy the demands of
the Food and Agriculture Organization, except for methionine (Dubinina
et al., 2014). The non-essential amino acids not only carry health effects
but also have great contributions to the function of proteins such as their
soluble and gel characteristics which depend on the molecular structure
of amino acids (Wang, 2016; Yu et al., 2017). The sweet and attractive
flavour of peanuts and peanut products are derived from its sucrose as
well as Maillard reactions with amino acids (Wang et al., 2017). There is
no doubt that peanuts consisting of high levels of fat, protein, and
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sucrose are preferred over others by the peanut industry. Breeding ex
perts, seed retailers, peasants, food and feed companies, and other
stakeholders all benefit from high-quality peanut varieties. Hence, it is
an ongoing aim of the peanut industry to cultivate new peanut varieties
with specific traits.
It is extremely useful for breeders and other stakeholders in the
peanut supply chain to master the genetic attributes of peanut qualities
and to select desired peanuts by analysing the quality traits in single
kernels. The conventional methods for screening peanuts carried out in
laboratories are time-consuming, complex operations, and usually result
in sample destruction. For breeders and others, sometimes a limited
sample size is available and one may not have a lot of materials for
evaluation by conventional methods. Therefore, it is essential to explore
techniques that are speedy, cost-effective, and non-damaged in nature
for the detection of single peanut kernels quality. Consequently, near
infrared spectroscopy (NIRS) has great advantages of multiple-trait,
non-destructive analysis in a relatively short time (Agelet et al., 2012;
Chopra et al., 2019).
Normally, NIRS are bulk sample analysers that require, on average,
samples sizes of about 250 g peanut kernels (Agelet and Hurburgh,
2014). The measurements of fat (Sundaram et al., 2010), oleic acids
(Shin et al., 2010), protein, and amino acids (Wang et al., 2013) have
been conducted by NIRS which proved its potential applications in
peanuts. However, research on single peanut kernels only focused on
fatty acid determinations (Tillman et al., 2006). By contrast, NIRS of
single seeds was also already applied for grains and beans analysis.
Specifically, the contents of amino acids and sucrose (Natsuga et al.,
2007) of single soybean kernels have been examined. Furthermore, the
protein, starch (Jiang et al., 2007), and ergosterol contents (Berardo
et al., 2005) of single corn kernels, glucosinolates and indole concen
trations of single rapeseed kernels (Hom et al., 2006), as well as caffeine
concentrations of single coffee kernels (Fox et al., 2013) have been
analysed by NIRS. Meanwhile, with the miniaturization of optical
technology, portable NIRS has received more and more attention
because of its lower price and higher convenience than the benchtop
equivalents, at least for some applications. Although the studies
mentioned above adopted benchtop NIRS, some studies have been
conducted with portable NIRS and used the technology for quantitative
testing, such as for the fatty acid analysis of peanuts (Yu et al., 2020),
and for qualitative testing such as organic milk distinction (Liu et al.,
2018) and olive oil classification (Yan et al., 2019). Satisfactory con
clusions of the above research were made by portable NIRS coupled with
chemometrics.
To analyse single peanut kernels, a detection accessory combined
with portable NIRS should be designed with consideration of the char
acteristics of single peanut kernels. However, no reference study about
features of single peanut kernels to help design such a detection acces
sory in order to offer multiple-trait non-destructive analysis was pub
lished so far. Therefore, this study aims to investigate the external and
internal characteristics of single peanut kernels for designing a single
peanut detection accessory for spectral data collection. Furthermore, the
results obtained with the portable NIRS device was examined for its
prediction capabilities of the fat, protein, sucrose, and amino acids
contents of single peanuts. The relationships between spectral data and
the different molecular groups of those components were also explored.

2.2. Compositional analysis
The following number of samples were randomly analysed per con
ventional compositional analysis: 110 (fat and protein), 100 (amino
acids), and 80 (sucrose). More information on the sample/analysis dis
tribution can be found in Table S1 (Appendix A. Supplementary data).
Each chemical analysis was performed in duplicate and the results were
averaged for data analysis. The reference fat contents were determined
based on Soxhlet extraction method (GB5009.6, 2016) by using a Soxtec
2050 instrument (FOSS, Hillerød, Denmark). The protein contents were
measured by Kjeldahl method (GB5009.5, 2016) using a 2300 Nitrogen
Analyzer (FOSS, Hillerød, Denmark) with a conversion coefficient
(5.46). The quantitative analysis of amino acids were conducted through
the standard (GB5009.124, 2016). Briefly, about 2 g peanut samples
were transferred to hydrolysis tubes with nitrogen after acidic hydro
lysis with 15 mL hydrochloric acid solution. The hydrolysis tubes were
placed in a hydrolysis furnace (110℃) for 22 h. After constant volume
and drying, the solution was then filtered through a 0.22 μm membrane
after which the filtrate was analysed by an L-8900 amino acids auto
matic analyser (Hitachi, Tokyo, Japan). Sucrose in the peanuts was
analysed by high-performance anion-exchange chromatography method
(GB5009.8, 2016). Approximately 5 g peanut powder samples were
degreased firstly and then extracted in volumetric flasks (100 mL)
placed in an ultrasonic bath for 30 min with water, zinc acetate solution,
and potassium ferrocyanide solution. The extracts were centrifuged for
30 min at 12,000 rpm. The supernatant was collected and filtered
through a 0.45 μm filter after which the filtrate was analysed using a
Dionex ICS-3000 (Thermo Fisher Scientific, Waltham, USA). All re
agents used in the above analyses were purchased from Sinopharm
Chemical Reagent Co., Ltd. (Beijing, China).
2.3. Size analysis of single peanut kernels
The width and length of single peanut kernels were measured using a
Vernier Caliper (Shanghai Tool Factory Co., Ltd., Shanghai, China). The
width (mm) of peanut kernels is the widest point of the mature plump
seeds, whereas the longest length of the mature plump seeds is regarded
as the length (mm) of peanut kernels according to a previously reported
procedure (Huifang et al., 2006). All varieties and strains (n = 110) were
analysed in duplicate.
2.4. Confocal laser scanning microscopy analysis
The internal microstructures of the peanut kernels were assessed by
confocal laser scanning microscopy (CLSM) using a Zeiss LSM 880 mi
croscope (Carl Zeiss Jena, Munchen, Germany). The microscope was
outfitted with 40×objectives and two lasers, including an Argon laser (λ
excitation 488 nm) and a diode-pumped-solid-state laser (λ excitation
561 nm). Matured embryos were separated from peanut seeds based on
an approach reported previously (Perry and Wang, 2003). In brief,
peanut embryos were immediately soaked for 4 h in 2.5 % v/v glutar
aldehyde and 1.6 % w/v paraformaldehyde in a 0.1 M phosphate buffer
solution (pH 7.4). After flushing, the embryos were soaked in a 2% w/v
osmium tetroxide solution for an additional 4 h followed by dehydration
using acetone. The dehydrated embryos were fixed in epoxy resin and
semithin sections were attained by a ultramicrotome EM UC6 (Leica,
Wetzlar, Germany). All reagents used in the above processing of semi
thin sections were purchased from Sinopharm Chemical Reagent Co.,
Ltd. (Beijing, China). 0.1 % w/v Nile red and 0.1 % w/v fluorescein
isothiocyanate (Sigma Chemical Co., St Louis, MO, USA) were used for
visualization of the fat and protein components. The samples
Yuanza9847, Hanghua2, Yueyou7, Jihua13, Yuhua9326, and Huayu25
were selected as representative samples for analysis and were analysed
in duplicate (for sample list see Table S1, Appendix A. Supplementary
data).

2. Materials and methods
2.1. Peanut samples
A set of 110 peanut varieties and strains were randomly selected
from 10 main planting provinces in China. Peanuts (approximately 2 kg
per variety and strain) were stored at 4 ◦ C in a commercial cold store
(Yuandong Co., Ltd., Tianjing, China). The overview of all peanut va
rieties and strains collected and analyses are provided as Supplementary
data in Table S1 (Appendix A. Supplementary data).
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2.5. Portable NIRS and spectral collection

√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
√∑
√n
√ (ypi − ̂
y pi )2
√i=1
SEP =
n− 1

A previously developed box-portable NIRS system was used in this
study
(Yu
et
al.,
2020).
The
device
comprised
a
spectrometer-Micro-NIRS 1700 (908− 1676 nm, 6 nm interval, VIAVI
Solutions, San Jose, USA), a control centre consisting of a tablet com
puter (Surface, Microsoft Corporation, Redmond, USA), a reference
white Teflon board for white reference, a lithium battery for power
supply, and a single peanut kernels detection accessory designed in this
study. Each peanut sample (n = 110) was placed into the single detec
tion accessory to collect the spectral data by measurement in reflection
mode. The dark reference was regarded as the collected dark current
when the light was off. The measurements (spectral data acquisitions)
were conducted after dark and white reference calibration. Twenty
peanut kernels per sample were scanned once. The spectral data per
sample were averaged for data analysis.

(1)

̂
y pi and ypi are prediction and reference values of the ith sample in the
validation group; n is the number of samples in the validation group. If
all variables come from the calibration group, the equation indicates
SEC.
3. Results and discussion
3.1. Compositional results of different peanut varieties
The distribution map composed of a boxplot (black box in the violin)
and violin plot shows the distributions of major components and amino
acids (Fig. 1). The fat content ranged from 43.5–57.6 g/100 g (with only
one outlier identified), while the protein content ranged from
18.4–28.6 g/100 g (two outliers identified). Based on the violin plot,
most fat and protein contents of peanut varieties ranged from 49− 54 g/
100 g and 22− 27 g/100 g, respectively. This is similar compared with
previous studies for fat (48− 55 g/100 g) (Li et al., 2018) and protein

2.6. Data analysis
The first step was to determine outliers. The average spectra and the
corresponding components of single peanut kernels were regarded as the
dependent variables X and Y, respectively. The X outliers of each
component group were determined by principal component analysis
(PCA) according to the Hotelling’s T2 (Yu et al., 2020) separately, whilst
the Y outliers were analysed by boxplot combined with violin analysis
(Dettori et al., 2018; Xu et al., 2019a). The boxplot analysis presented
box charts with the median as the middle, the 25th and 75th percentiles
as the edges, and the maximum and minimum value as the whiskers
(Quintelas et al., 2019), while violin plots showed the distributions of
data. The data outside the range of whiskers were considered the Y
outliers which were marked with black dots. PCA combined with
K-means clustering was used for exploring the relationship between
different peanut varieties and strains. After the outliers were eliminated,
samples of each component were first sorted by content in descending
order. Fifteen samples (ten samples for sucrose) were selected for vali
dation according to the sequence (e.g. select one from every six samples)
and the remaining for calibration. The range and standard deviation
(SD) of calibration and validation set of each component were
calculated.
The partial least square regression analysis (PLSR) prediction models
were established to quantify the composition of single peanut kernels
(Chen et al., 2017; Kutsanedzie et al., 2018). Before modelling, the
spectral data were pre-processed in order to eliminate the overlapping of
the original spectra (Leng et al., 2020), such as first derivative (1st der),
second derivative (2nd der), standard normalization variable (SNV),
detrending (DT), baseline (BL), multiple scattering correction (MSC),
and combined pre-treatments including 1st der + DT and 2nd
der + SNV, etc. After modelling, the performances of models were
validated through cross validation and external prediction. The cross
validation (leave-one-out) was used to avoid overfitting of the calibra
tion models. The number of factors was chosen based on the best results
of the cross validation. The evaluation index had the correlation coef
ficient in cross validation (RCV) and standard error in cross validation
(SECV). The external prediction, using the validation set, evaluated the
robustness of the calibration models which included the parameters
such as the correlation coefficient in calibration (RC) and prediction
(RV), and standard error in calibration (SEC) and prediction (SEP) as
given by Eq. (1), as well as bias and residual predictive deviation (RPD).
The RPD is equal to the SD of validation set divided by SEP. Different
RPD ranges have been reported in different sources (Fearn, 2002; Nic
olaï et al., 2007). In this study, according to Lima et al. (2020) and Ye
et al. (2016) research, if RPD values ≥ 2, models are considered excel
lent and RPD values < 1.5 are considered non-reliable, while the models
with RPD value in between are considered good. R 3.5.3 (R Foundation
for Statistical Computing, Austria) and Unscrambler 10.3 (CAMO Soft
ware AS, Norway) were used for data analysis.

Fig. 1. The distribution map of the different components of peanut kernels
after deleting spectral outliers. (Outliers marked with black spots) (Ala)
Alanine; (Arg) Arginine; (Asp) Aspartic acid; (His) Histidine; (Ile) Isoleucine;
(Glu) Glutamic acid; (Gly) Glycine; (Leu) Leucine; (Lys) Lysine; (Met) Methio
nine; (Phe) Phenylalanine; (Pro) Proline; (Ser) Serine; (Thr) Threonine; (Tyr)
Tyrosine; (Val) Valine.
3
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3.2. The internal structure of single peanuts and component distribution

(20− 26 g/100 g) (Gong et al., 2018) in peanuts. Sucrose varied from 1.6
to 6.7 g/100 g. Lower values (2.6–6.5 g/100 g) were observed by Bishi
(Bishi et al., 2015). The peanuts appeared rich in essential amino acids.
Especially, phenylalanine (Phe, 0.98− 1.83 g/100 g, four outliers),
leucine (Leu, 1.18− 2.27 g/100 g, two outliers), and valine (Val,
0.81− 1.31 g/100 g, two outliers) were main essential amino acids in the
peanuts, while the other essential amino acids such as lysine (Lys,
0.71− 1.23 g/100 g, one outlier), isoleucine (Ile, 0.68− 1.09 g/100 g, an
outlier), methionine (Met, 0.20− 0.37 g/100 g, one outlier), and threo
nine (Thr, 0.50− 0.88 g/100 g, an outlier) were relatively low. The
non-essential amino acids presenting the highest concentrations were
glutamic acid (Glu, 3.27− 7.86 g/100 g), aspartic acid (Asp,
2.05− 4.33 g/100 g, two outliers), arginine (Arg, 2.21− 4.29 g/100 g,
three outliers), and glycine (Gly, 1.11− 2.20 g/100 g), whereas alanine
(Ala,
0.65− 1.37 g/100 g,
two
outliers),
tyrosine
(Tyr,
0.50− 1.59 g/100 g), proline (Pro, 0.87− 1.34 g/100 g, three outliers),
serine (Ser, 0.89− 1.88 g/100 g), and histidine (His, 0.46− 0.75 g/100 g,
one outlier) displayed the lower concentrations. The amino acids con
tents were similar to those reported by Radhakrishnan et al. (2014) and
Klevorn et al. (2019).
The PCA method was used to explore the relationship between
different peanut samples (n = 70) containing with all components
analysed. The PCA biplot (PCA score plot combined with loading plot) is
shown in the Fig. 2. The total numbers of PC1 and PC2 is 70.3 %. Kmeans as an unsupervised method was used to cluster the peanuts based
on all components analysed. The blue points present that samples with a
higher fat content, while the yellow ones have higher sucrose contents.
Obviously, a negative correlation between fat and sucrose contents exist,
which is consistent with previous research (Bishi et al., 2015). It is also
found that fat and protein contents are negatively correlated because
they are located on opposite sides of the plot, which another study
confirmed as well (Sarvamangala et al., 2011). The amino acids have the
same direction, which means they are positively related with the fat
content. Among them, hydrophobic amino acids such as Leu, Met, Val,
and Phe have similar orientation to fat. It appears that peanut varieties
and strains with higher fat contents usually have higher hydrophobic
amino acids contents, lower sucrose contents, and lower protein
contents.

The distribution of the oil body (OB) and protein body (PB) which are
the source of NIRS information in the peanut cell was investigated by
CLSM. Fig. 3 shows that OB (red) and PB (green) were randomly and
evenly (no agglomeration) distributed at cell level, which is consistent
with previous results (Zaaboul et al., 2018). The amino acids, especially
the essential ones, are known to be located in the OB and PB. Therefore,
the collected spectral information would likely contain fat, protein and
amino acids information at the same time. This is one of the reasons why
spectral pre-processing are performed before modelling. There is a lot of
differences between different varieties and strains. For example, the
differences between Yuanza9807 (Fig. 3a) and Jihua13 (Fig. 3b) are
considerable since most PB in Yuanza9807 are larger but the number is
relatively lower because of the cell size and PB size. OB are very densely
distributed in cells of two varieties and it could be observed that OB in
Jihua13 are larger. The superposition of differences at cell level even
tually leads to differences in chemical composition between varieties
and strains.
3.3. Development of the single detection accessory
The range of distribution of the length and width of all peanuts (n =
110) was 11.32–24.25 mm and 7.49–12.25 mm, respectively. To meet
different sizes, two different apertures were designed considering the
peanut size range. One was sized 12.5 mm × 24.5 mm and the other one
9.7 mm × 17.5 mm (Fig. 4a). The bottom part of the accessory was made
of 1 mm quartz glass which has good permeability for light in the NIRS
region. The material used for the rest of the accessory was aluminium.
According to previous research (Fraser, 2001), wavelengths from 1400
to 1600 nm could penetrate up to 1 mm. Although the thickness of the
penetration would be increased as the wavelength goes down, it is still
very difficult to penetrate peanuts (widthmin = 7.49 mm). Therefore, the
reflectance measurements for peanut kernel detection were chosen. A
schematic diagram of the portable device with a single peanut accessory
and the spectral acquisition route are shown in the Fig. 4b.

Fig. 2. The principal component analysis (PCA) biplot of different peanut samples (n = 70, different coloured ovals indicate the different sample clusters and arrows
indicate the contributions of compositions). (Ala) Alanine; (Arg) Arginine; (Asp) Aspartic acid; (His) Histidine; (Ile) Isoleucine; (Glu) Glutamic acid; (Gly) Glycine;
(Leu) Leucine; (Lys) Lysine; (Met) Methionine; (Phe) Phenylalanine; (Pro) Proline; (Ser) Serine; (Thr) Threonine; (Tyr) Tyrosine; (Val) Valine.
4
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Fig. 3. The confocal images of single peanut kernels, (a) Yuanza9847, (b) Jihua13.

Fig. 4. The (a) single kernel near-infrared spectroscopy detection accessory (the numerals represent the aperture size, unit: mm), and (b) schematic of the portable
near-infrared spectroscopy measurement system.

3.4. Spectral data and various data pre-treatment procedures

with the C–H stretch overtone. More specifically, It is found that
1125 nm and 1181 nm come from the second C–H stretch overtone
(Fernandez-Novales et al., 2019) and the second C–H stretching of
– CH respectively. It is reported that 1212 nm is derived from the
HC–
second overtone C–H stretching of CH2− CH2 and 1243 nm is from the
band assignments of 3×C–H stretch (Workman and Weyer, 2012). The
first overtone region exhibits the major bonded O–H peak (1280 nm)
whereas the C–H combination of C–H3 is located at 1385 nm (Workman
and Weyer, 2012). The wavelength 1428 nm is usually identified as the
first stretching of N–H and the signal at 1658 nm is the C–H methyl of
carbonyl adjacent (Workman and Weyer, 2012).
The PCA results of the original spectra of peanut varieties (n = 110)
are indicated in Fig. 5c. The total variation explained by PC1 and PC2
was 99 %. It could be found that some dots are outside the line calcu
lated the Hotelling’s T2 with 0.5 % significance level. These dots are
regarded as the outliers and there were five outliers in total. These five
outliers also exist in the amino acids data set. After removing all
chemical and spectral outliers, descriptive statistics including the range
values and the SD of the chemical composition of the reference samples
were calculated (Table 1). The wide-range data and the SD of different
compositions of peanut kernels show the sample diversity in this study.

The original averaged spectral data of the single kernels of all peanut
varieties (n = 110) are presented in the Fig. 5a. Compared with previous
research (Wang et al., 2013; Yu et al., 2016), the curve of the spectral
line was the same. Specifically, the peak and valley of the original
spectra appeared in the same position. The peaks of the original spectra
are 1205 nm and 1460 nm, while 1106 nm and 1298 nm are the valleys,
which are caused by the frequency absorption harmony of
hydrogen-containing groups including C–H (generally from fat and su
crose), O–H (generally from water), and N–H (generally from protein
and amino acids) (Hourant et al., 2000). Hence, the peaks and valleys
are characteristic of the main chemical constituents of the peanuts.
Different pre-treatments of the raw spectra could help to attain more
useful information for the generation of models. For instance, de
rivatives could eliminate the baseline and the background effect and
improve the resolution and sensitivity of spectral information (Chu,
2011). Detrending is a method to erase the baseline drift of the spectral
data (Pérez-Rodríguez et al., 2018). The SNV or MSC pre-processing can
remove the unnecessary spectral information induced by seed size
(Agelet et al., 2012). After pre-treatment of the spectra, more signals of
molecular groups that may be related to fat, sucrose, protein, and amino
acids were exposed. Taking the 2nd derivate combined with detrending
as an example (Fig. 5b), 927 nm is 3rd C–H stretch overtone from
methylene (Workman and Weyer, 2012), while 952 nm is mainly
attributed to the second O–H stretch overtone (Williams and Norris,
1987). There are many signals between 1110 nm and 1250 nm linked

3.5. Prediction models for compositional characteristics
Various models were calculated to predict the compositional char
acteristics of the peanuts from the spectral data. The calibration, crossvalidation, and external prediction statistics arguments (PLSR factor, R,
5
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Fig. 5. The (a) raw spectra and (b) pre-processed spectra (2nd derivate combined with detrending) of single peanut kernels (n = 110), and the (c) principal
component analysis (PCA) scores plot (n = 110).

SEC/CV/P, RPD, and bias) of the optimization models for the assessment
of the major compounds and each amino acid combined with the
optimal pre-treatment are shown in Table 2. Generally, the number of
PLSR factors is a critical parameter to evaluate the capability of the
calibration models. If the number of PLSR factors used is too small,
useful information would be lost. In contrast, the use of an excessive
large number of factors would result in overfitting of the model. The best
number of factors to use is determined by the results of cross validation.
The factors of all components in single peanuts ranged from 7 to 11.

Compared with bulk sample analysis, the spectral data of single kernels
are easily affected by kernel size even if pre-treatment has been
considered to reduce that noise. Therefore, the more useful information
based on higher factors should be used. A similar number of factors were
needed as the previous studies, such as for single rice kernels (factor = 9)
(Xu et al., 2019b), single coffee beans (factor = 8–10) (Fox et al., 2013),
and single cocoa beans (factor = 8–15) (Caporaso et al., 2018) to ensure
robustness of the models.
The optimal calibration model for fat prediction was established with
6

H. Yu et al.

Industrial Crops & Products 158 (2020) 112956

of 2.36 (Rp = 0.91). The result was slighter better than the previously
reported models for protein measurements in single soybeans (RPDmax =
2.33) which were built by three different instruments except for the
Light Tube (RPD = 3.28) with high resolution (3 nm) (Agelet et al.,
2012). It also had good agreement with the RPD value of 2.9 obtained by
Fox (Fox et al., 2011) for single barley analysis.
In terms of amino acids, good performance calibration models were
established for Arg, Asp, Phe, Ile, Glu, and Ser. Although Arg is not the
predominant component among all amino acids of peanuts, it is a
characteristics amino acid of peanuts because its content is higher in
peanuts compared with those of other crops and grains. The optimal
model was built for the prediction of Arg with the highest calibration
and validation correlation coefficients (Rc = 0.90; Rcv = 0.87; Rp = 0.90)
by using 1st der combined with Baseline pre-treatment. The RPD value
of 1.98 was slightly lower than for bulk peanut samples (RPD = 2.88)
(Wang et al., 2013). Though the matrices were different, these correla
tion coefficients were higher than the ones studied by Carbas et al.
(2020) for common beans. There is no doubt that Asp is another char
acteristic amino acid of peanuts that can adjust the metabolism of the
human brain and nervous system. Good quality prediction models were
built with the current dataset, showing high correlation coefficients for
calibration (Rc = 0.90) and validation (Rp = 0.89). The RPD value of
2.15 was slightly lower than bulk peanut samples (RPD = 2.56) (Wang
et al., 2013) and the same as Juan reported (RPD = 2.22) (Fernandez-
Novales et al., 2019). It is known that Phe is the essential amino acid for
most people for the synthesis of important neurotransmitters and hor
mones. However, the content should be controlled for all phenylketon
uria because they cannot metabolise Phe. The model was first
established for the prediction of Phe in peanut kernels and had good
robustness (Rc = 0.89; Rp = 0.93; RPD = 2.65). These results were better
than the Phe prediction model for rice wine (Shen et al., 2010) and
common beans (Carbas et al., 2020). The model of Ile, which is one of
the essential amino acids, was also built for the first time. Table 2
showed that the model had the best performance (Rc = 0.84; Rp = 0.88;
RPD = 2.00) with the pre-treatment, 1st der combined with MSC. Glu
constitutes the highest content of amino acids in peanuts and Ser can
promote the metabolism of fats and fatty acids. More importantly, these
two amino acids had great contributions to the function of peanut pro
tein (Wang et al., 2013). The models generated for detecting Glu and Ser
in single peanut kernels had great results (RPDGlu = 1.99; RPDSer = 2.08)

Table 1
Compositional characteristics of sample sets used for the calibration and
external validation of the spectral models.
Calibration set

Component (g/100 g)
Fat
Protein
Sucrose
Arg
Asp
Phe
Ala
Gly
Lys
Tyr
Leu
Pro
Ile
Val
Met
Glu
Ser
Thr
His

Validation set

n

Range

SD

n

Range

SD

89
88
70
77
78
76
78
80
79
80
78
77
79
78
80
80
80
79
79

43.5− 57.6
18.4− 28.6
1.6− 6.7
2.21− 4.29
2.05− 4.33
0.98− 1.83
0.65− 1.37
1.11− 2.20
0.71− 1.23
0.50− 1.59
1.18− 2.27
0.87− 1.34
0.68− 1.09
0.81− 1.31
0.20− 0.37
3.27− 7.86
0.89− 1.88
0.50− 0.88
0.46− 0.75

3.1
2.2
1.0
0.45
0.47
0.17
0.15
0.24
0.10
0.24
0.25
0.11
0.09
0.11
0.04
1.03
0.22
0.08
0.06

15
15
10
15
15
15
15
15
15
15
15
15
15
15
15
15
15
15
15

45.9− 56.7
18.4− 26.8
2.4− 6.0
2.27− 4.40
2.58− 4.25
1.00− 1.72
0.74− 1.27
1.36− 2.05
0.90− 1.08
0.81− 1.40
1.47− 2.09
0.88− 1.29
0.68− 0.88
0.92− 1.21
0.20− 0.35
3.82− 6.81
1.06− 1.76
0.59− 0.76
0.46− 0.77

4.2
3.4
1.2
0.49
0.47
0.19
0.15
0.20
0.05
0.17
0.18
0.10
0.06
0.10
0.05
0.82
0.19
0.06
0.07

(Ala) Alanine; (Arg) Arginine; (Asp) Aspartic acid; (His) Histidine; (Ile) Isoleu
cine; (Glu) Glutamic acid; (Gly) Glycine; (Leu) Leucine; (Lys) Lysine; (Met)
Methionine; (N) Number of samples; (Phe) Phenylalanine; (Pro) Proline; (Ser)
Serine; (SD) Standard deviation between samples; (Thr) Threonine; (Tyr)
Tyrosine; (Val) Valine.

an RPD value of 2.39 (RP = 0.91). This value is higher than the RPD
value of 2.13 obtained by Tallada et al. (2009) for single maize kernel
samples. The model accuracy to predict the content of sucrose was also
high considering the RPD value of 2.02 (RP = 0.92). Very few studies
have focused on the prediction of sucrose content before. It was only
reported that the model for the prediction of sucrose in green soybeans,
using a transmission model, had a modest result with a Rcv value of 0.86
(Natsuga et al., 2007). Nevertheless, sucrose is the main contributor to
the sweetness of peanuts (Bishi et al., 2013). Therefore, a good sucrose
model as presented in this study is certainly relevant for peanuts. The
protein content of the single peanut kernels could be predicted best by
the model based on the baseline combined with MSC with an RPD value

Table 2
The calibration, cross validation and external validation results of peanut kernel major components and amino acids.
Components
Fat
Sucrose
Protein
Arg
Asp
Phe
Ala
Gly
Lys
Tyr
Leu
Pro
Ile
Val
Met
Glu
Ser
Thr
His

Pre-treatment
nd

2 der + MSC
2nd der + SNV
BL + MSC
1st der + BL
DT + SNV
2nd der + DT
2nd der + MSC
2nd der + BL
1st der + BL
2nd der + MSC
2nd der + SNV
2nd der + DT
1st der + MSC
1st der + DT
2nd der + BL
2nd der + BL
2nd der + DT
1st der
2nd der + SNV

Factor
11
10
11
9
10
8
10
9
9
7
10
10
8
8
11
9
10
8
10

Calibration

Cross validation

External validation

Rc

SEC

Rcv

SECV

Rv

SEP

Bias/Mean

Slope

RPD

0.90
0.94
0.90
0.92
0.90
0.89
0.90
0.88
0.89
0.87
0.91
0.88
0.84
0.88
0.92
0.88
0.91
0.82
0.88

1.38
0.39
1.25
0.19
0.22
0.09
0.07
0.12
0.05
0.12
0.11
0.06
0.05
0.06
0.02
0.48
0.09
0.05
0.03

0.78
0.83
0.80
0.87
0.82
0.81
0.77
0.77
0.73
0.76
0.78
0.72
0.75
0.81
0.76
0.76
0.80
0.71
0.74

2.09
0.62
1.76
0.24
0.29
0.11
0.11
0.16
0.07
0.16
0.17
0.09
0.06
0.07
0.03
0.65
0.13
0.06
0.05

0.91
0.92
0.91
0.90
0.89
0.93
0.83
0.85
0.82
0.87
0.83
0.80
0.88
0.78
0.83
0.88
0.93
0.83
0.78

1.76
0.57
1.42
0.25
0.22
0.07
0.09
0.12
0.03
0.10
0.12
0.06
0.03
0.06
0.03
0.41
0.09
0.04
0.05

0.011
0.011
0.016
− 0.009
− 0.002
0.006
− 0.033
− 0.019
− 0.001
− 0.093
0.050
0.019
0.017
0.007
0.054
0.020
− 0.005
0.010
0.002

0.917
1.164
0.831
1.097
0.697
0.797
0.885
0.990
0.973
1.053
0.910
0.741
0.942
0.278
0.744
0.645
1.150
0.835
0.802

2.39
2.02
2.36
1.98
2.15
2.65
1.67
1.63
1.52
1.72
1.51
1.54
2.00
1.58
1.60
1.99
2.08
1.50
1.40

(Ala) Alanine; (Arg) Arginine; (Asp) Aspartic acid; (BL) Baseline correction; (DT) Detrending; (His) Histidine; (Ile) Isoleucine; (Glu) Glutamic acid; (Gly) Glycine; (Leu)
Leucine; (Lys) Lysine; (Met) Methionine; (MSC) Multiple scattering correction; (Phe) Phenylalanine; (Pro) Proline; (R) Pearson correlation coefficient; (RPD) Residual
predictive deviation; (SEC) Standard error in calibration; (SECV) Standard error in cross validation; (SEP) Standard error in prediction; (Ser) Serine; (SNV) Standard
normalization variable; (Thr) Threonine; (Tyr) Tyrosine; (Val) Valine; (1st der) First derivative; (2nd der) Second derivative.
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which were better than those in similar research on intact grape berries
(RPDGlu = 1.90; RPDSer = 2.07) (Shen et al., 2010). The rest of the
essential amino acids included Lys, Thr, Leu, and Val. The models of
these essential amino acids also had relatively good performance (Rp =
0.78− 0.83; RPD = 1.50–1.58), which were better than the previous
studies. Among these, Val and Leu are hydrophobic amino acids, while
Lys and Thr are hydrophilic amino acids. Both affect the characteristics
of peanut proteins. The rest of the non-essential amino acids included
Ala, Gly, Tyr, Pro, and His. Except for His (RPD = 1.40), models for these
amino acids showed good performance (Rp = 0.8− 0.87; RPD =
1.54–1.72).
Bias in this kind of models is identified as the average differences
between the predictive content and the actual content of a compound. A
positive bias is regarded that the model overestimated the composition
of an individual compound, while a negative value means that it is
underestimated. A good model should have a low bias (Shao et al.,
2011). To eliminate the mean order of magnitude effect, bias/mean was
used instead of bias (Vallone et al., 2019). As shown in Table 2, most
established models were slightly over-estimating the content of the
amino acids and major components in single peanuts. All the models had
low bias/mean (< 0.002) except for Ala, Tyr, Leu, and Met. Meanwhile,
those four amino acids had relatively low RPD values. It was further
proven that models have more reliable performances leading to high
RPD and low bias/mean.
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