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Rapid volatile detection methods for seed vigour rely heavily on artificial ageing (AA), however the compara-
bility of volatile organic compounds (VOCs) to natural ageing (NA) and practicability of the detection models
were not well known. In this study, VOCs between AA and NA sweet corn seeds were compared and Partial Least
Squares Regression (PLS-R) models were constructed based on AA to predict the seed vigour of NA. A total of 33
VOCs were identified, among which aldehydes showed the highest consistency between NA and AA. Further-
more, a AS-PLS-R model with variable importance in projection (VIP > 1) and Pearson Correlation Coefficient (r
> 0.9) algorithms, which was built on 3 volatile markers: benzaldehyde monomer, n-nonanal, 1-butanol
monomer, achieved the best performance (R?p of 0.901 and RMSEP of 0.050). Therefore, coupling Gas Chro-
matography- Ion Mobility Spectrometry (GC-IMS) with chemometrics can be an effective way to monitor and
predict stored seeds vigour.

1. Introduction

Sweet corn (Zea mays, saccharata Sturt.) is one of the most popular
vegetables all over the globe owing to its good taste and high nutritional
value. It contains several phytochemicals, as well as dietary fibre, pro-
tein, fats, starch and vitamin C (Coskun, Yalcin, & Ozarslan, 2006).
Moreover, the seed-eating quality, i.e. nutritional value, have been
proven to be further enhanced by sprouting/ germination (Xiang et al.,
2017). However, during seed aging, fat, protein, starch and other sub-
stances are degraded. This will cause taste deterioration and reduction
of their value. Hence, a reliable future supply of sweet corn seeds with
high quality (vigour) is important for the global food industry.

Unlike field corns, sweet corn is naturally produced by recessive
mutations in one or several characteristic genes of the endosperm of
corn seed that control the conversion of sugar to starch (Singh, Langyan,
& Yadava, 2014). The high soluble sugar content and low starch content
in sweet corn seeds have a high economic value, however they are also
more susceptible to ageing, than field corn seeds during storage (Wang
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et al.,, 2020). During sweet corn seed storage, seed vigour is lost and
ultimately seed viability degrades over storage time (Walters, 1998).
Therefore, real-time monitoring and prediction of the longevity of sweet
corn seeds during storage is vitally important for food companies and
farmers.

Artificial ageing (AA) typically uses a combination of high ambient
temperature and high relative humidity conditions to simulate natural
ageing (NA). A few studies (Xu et al., 2015; Yan et al., 2018; Neto,
Custodio, & Takaki, 2001) investigated the physiological, biochemical
and structural alterations that occur in seeds during ageing, and the
insights gained from AA were then used for longevity prediction and
mechanistic investigations of NA. However, many researchers are
sceptical about the consistency of metabolic mechanisms of seeds during
these two different ageing processes (Neto, Custodio, & Takaki, 2001;
Priestley & Leopold, 1983). It was found that the alterations of chemical
substances in soybean seeds induced by AA were not the same as those
induced by NA (Priestley & Leopold, 1983). Another study (Rajagopal &
Sen-Mandi, 1992) also observed that the acid phosphatase activity of AA
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rice seeds was higher than that of NA. Subsequently, Neto, Custodio, and
Takaki (2001) showed the degradation pattern of proteins in NA and AA
bean seeds and concluded that they are probably driven by different
physiological mechanisms.

The volatile organic compounds (VOCs) released by seeds during
ageing are proposed to be the major by-products of catabolism, such as
lipid peroxidation, Maillard reactions and alcoholic fermentation (Col-
ville et al., 2012). Zhang et al. (1993) were the first to discover 11 VOCs
released from carrot seeds, including propylene, methanol, acetalde-
hyde, butene, ethanol, acetone, isopropanol, isobutanal, acetic acid and
ethyl acetate. A correlation between volatile emission and the vigour of
seeds during NA and AA has been widely investigated. Specifically,
Zhang et al. (1993) and Colville et al. (2012) observed that the abun-
dance of the VOCs generated from seeds increased with the time of NA
(23 °C) and AA (50 °C). Hailstones and Smith (1989) heated soybean
seeds to 130 °C for 2 h and reported that the amounts of thermally-
derived aldehydes in soybeans increased with the decrease of seed
vigour. Secondary products of lipid peroxidation and sugar hydrolysis
can participate in Amadori and Maillard reactions, which will promote
seed deterioration by non-enzymatic modification of proteins and en-
zymes (Narayana & Sun, 2000). Sun and Leopold (1995) also demon-
strated that the Maillard reaction was driven in soybean seeds during NA
and AA. Many VOCs emitted by seeds are reactive and may be toxic to
seeds, perpetuating reactions will accelerate seed deterioration, this has
been shown for both acetaldehyde and ethanol (Mira et al., 2016; Zhang
etal., 1995). Therefore, the VOCs that can indicate the types of chemical
reactions occurring in seeds are potentially the causes and effects of seed
vigour loss. The analysis of volatile molecules provides a feasible
approach for evaluating the chemical reactions that occur in seeds and
developing biochemical or molecular markers for seed quality loss.
However, only a few niche studies have investigated in this area, and the
similarities and differences of volatile metabolites released by sweet
corn seeds during NA and AA still have yet been fully explained.

Gas chromatography—ion mobility spectrometry (GC-IMS) and elec-
tronic nose (E-nose) techniques have been widely utilised for volatile
analysis as rapid profiling tools, due to their fast detection speed,
convenient operation and portability. These two techniques were used
to understand the loss in seed/ kernel quality by detecting and charac-
terising the broad range of complex VOCs (Ghasemi-Varnamkhasti et al.,
2018; Gu & Wang, 2019; Ying, Liu, Hui, & Fu, 2015; Zhang et al.,
2020b). However, most studies have used accelerated ageing protocols
to build generic predictions and have not fully considered the limitations
of these approaches.

In summary, the similarities and differences of volatile metabolites
released by sweet corn seeds during NA and AA still have yet to be fully
explained and there is no effective model that can be used to fully pre-
dict the natural ageing process. Therefore, this study aimed to: i) eval-
uate the similarities and differences between the volatile metabolites of
naturally and artificially aged seeds; ii) compare two rapid volatile
profiling techniques (E-nose and GC-IMS) and evaluate their ability to
predict the vigour of naturally aged seeds; iii) investigate the perfor-
mance of PLS-R models based on AA data sets for predicting the vigour
of seeds during NA; iv) identify key marker compounds using variable
importance in projection (VIP) and Pearson correlation coefficient (PCC)
from the optimum prediction models.

2. Materials and methods
2.1. Seed samples

Sweet corn seeds (37.5 kg), Lvsechaoren, were purchased from the
Hezhiyuan Seed Company (Weifang, Shandong, China) and their mois-
ture content and raw germination percentage (GP) was evaluated to
ensure seed stability and viability, both moisture content (11.0% wet
weight basis) and GP (85.5%) were within specification limits and were
deemed suitable for the study. Seeds were divided into three batches.
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e Control samples (1.5 kg) were immediately sealed in a polyethylene
bag and stored at —20 °C.

e Natural ageing (NA) samples (18 kg) were sub-divided into 12 sub-
samples. Each sub-sample weighed 1.5 kg and was stored in cotton
bags at ambient room temperature, which was regulated between 17
~ 28 °C and 30 ~ 60% RH.

o Artificial ageing (AA) samples (18 kg) were sub-divided into 12 sub-
samples. Each sub-sample weighed 1.5 kg and was stored in nylon
mesh bags. Samples were then placed in an electric oven (45 °C) and
suspended over distilled water inside sealed glass containers (100 %
RH) (Muasya, Simiyu, Muui, Rao, Dulloo, & Gohole, 2009; Zhang
et al., 2017).

For NA, every month, one sub-sample was taken and GP evaluated.
This was continued until the GP of the seed batch reduced to 75% and
then samples were taken every half month once the GP was below 75%.
For AA, every 16 h, one sub-sample was taken and GP evaluated. This
was continued until the GP of the seed batch reduced to 75% and then
samples were taken every 8 h once the GP was below 75%. The isolated
sub-samples were dried in an incubator at 23 + 1 °C until the moisture
content returned to the original value of 11.0% using a PM-8188-A grain
moisture analyser (KETT Corp., Japan). Physically damaged seeds were
manually removed and 200 seeds were then randomly selected from
every sub-sample for germination assessment, any remaining seeds were
immediately sealed in a polyethylene bag and stored at —20 °C. When
the GP of the naturally and artificially aged seeds reduced to 75% and
65%, the corresponding sub-samples were retained for further
experiments.

2.2. Germination assessment

Germination assessment was conducted according to the standard
germination test (Ilbi, Kavak, & Eser, 2009) using four replicates of 50
sweet corn seeds (about 7.1 g/ replicate). Briefly, seeds were first surface
sterilized by immersing them into 0.5% sodium hypochlorite for 5 min
and rinsed with distilled water for 1 min. Then the seeds were placed
between two moist germination papers (Anchor Corp., America, 25 x
38 cm). Papers were rolled and kept at 25 + 1 °C with continuous light
germination cabinets for seven days. Seeds exceeding 2 mm in both
plumule and radicle were evaluated as germinated seeds (seedlings).
Seedlings with spiral formed hypocotyls, stunted primary root and
without radicle protrusion were considered as abnormal seedlings and
eliminated. The rest of the seedlings were normally germinated seed-
lings (Zhang et al., 2020a). GP was calculated as follows:

number of normally germinated seedlings

GP (%) = x 100%

total number of seeds

2.3. Electronic nose (E-nose) analysis

Volatiles were detected by an E-nose device (PEN3; AIRSENSE
Company, Germany), which consists of ten metal oxide sensors: 1) W1C
(very sensitive to aromatic compounds; Toluene, 10 ppm); 2) W5S
(broad range of sensitivity, reacts with nitrogen oxides; NOg, 1 ppm); 3)
W3C (Sensitive to ammonia; Benzene, 10 ppm); 4) W6S (Selective
sensitivity to mainly hydrogen; Hy, 100 ppb); 5) W5C (Sensitive to al-
kanes, aromatic compounds, less polar compounds; Propane, 1 ppm); 6)
W1S (Sensitive to methane. Broad range; CH4, 100 ppm); 7) W1W
(Detects inorganic sulfur compounds and sensitive to many terpenes and
sulfur-containing organic compounds; H,S, 1 ppm); 8) W2S (Detects
alcohols and partially aromatic compounds; CO, 100 ppm); 9) W2W
(Detects aromatic compounds, inorganic sulfur and organic compounds;
HsS, 1 ppm); 10) W3S (Reacts with methane at high concentrations;
CH4, 10 CHy, 100 ppm). Before detection, volatiles were collected by
putting a 15 g seed sample into a 50 mL sealed vial at 25 °C for 30 min.
The AA data set was used as the calibration set and contained 90
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artificially aged seed samples, with 30 samples in each vigour groups
(85%, 75%, 65%). The NA data set was used as a prediction set and
contained 45 naturally aged seed samples with 15 samples in each
vigour group. The detection procedure was based on previously reported
methods (Gu & Wang, 2019; Wang et al., 2019) and adjusted slightly.
The detection parameters were as follows: 400 mL/min gas flow rate
(bring volatiles to the sensors), 101 s acquisition time, 200 s flush time
(exhaust volatiles left by the previous sample).

Representative E-nose response signals of a seed sample (NA 65%)
are shown in Fig. S1. Each curve represents the change in the reported
conductivity of each sensor over the acquisition period. The response
data of the sensors is represented as a G / GO ratio (G = conductance of
ten sensors for the sample gas, and GO = conductance of ten sensors for
clean air).

2.4. GC-IMS analysis

The GC-IMS Flavourspec® instrument (G.A.S. Dortmund Company,
Germany) was equipped with an auto-sampler unit, a syringe, a heated
splitless injector and a radioactive ionization source for headspace (HS)
analysis. The detection processes of HS-GC-IMS were conducted as
described by Zhang et al. (2020b) and adjusted slightly according to
sweet corn seeds characteristics. 3 g seeds were put into a 20 mL
headspace vial and then incubated at 40 °C for 15 min. Subsequently,
500 pL of headspace was injected into the injector at a temperature of
85 °C. After injection, the sample was driven into a FS-SE-54-CB capil-
lary column (15 m x 0.53 mm) at 60 °C by nitrogen (99.99% purity) at
flow program as follows: 2 mL/min for 2 min, 10 mL/min for 8 min, 100
mL/min for 10 min, 150 mL/min for 5 min. The analytes were ionized
using the 3H ionization source of 300 MBq activity with a positive ion
mode in the ionization chamber and then driven to a 9.8 cm drift tube
with a constant voltage (5 kV) at 45 °C.

Each spectrum was an average of 12 scans. Each vigour group were
determined with five repetitions (about 20 seeds/ repetition). The
retention index (RI) of volatile metabolites was calculated using C4-C9
N-ketones (Sinopharm Chemical Reagent Beijing Co., Ltd, China) as
external references. Metabolites were identified by comparing RI and
drift time (Dt, the time required for ions to reach the collector through
the drift tube, milliseconds) of standard in the GC-IMS library (G.A.S.,
Dortmund, Germany). The GC-IMS fingerprint analysis was conducted
by comparing GC retention time and IMS drift time. Due to the high
concentration of ethanol and its serious tailing in the chromatogram, it
was not selected for analysis.

2.5. Statistical analysis

Initially, principal component analysis (PCA) and hierarchical clus-
ter analysis (HCA) as unsupervised multivariate methods were used i) to
reduce the dimensionality of GC-IMS data; ii) to identify differences
between seed sub-samples; iii) to investigate the possible clustering of
volatile molecules and obtain a general overview of the volatile
metabolites.

In order to improve signal-to-noise ratio, principal pre-treatments,
autoscaling (AS) and standard normal variate (SNV), were then used
to pre-process the data collected from E-nose and GC-IMS.

Afterwards, partial least squares regression (PLS-R) as a supervised
multivariate regression analysis was used to explore the relationship
between multiple dependent predictors X-matrix (E-nose signal data or
GC-MS volatile data) and a response Y-variable (seed vigour). Specif-
ically, the raw and pre-processed AA sub-samples data (E-nose or
GC-MS) were assigned to calibration sets to establish PLS-R models for
seed vigour prediction. Leave-one-out cross validation was utilized to
internally verify the performance of these models. The models built
based on the AA dataset in this study were referred to as AA-based
models for simplicity. The performance of each AA-based model was
evaluated by the coefficient of determination (Rz) of calibration dataset
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(ch), cross-validation dataset (R%cv) and the root mean square error
(RMSE) of calibration (RMSEC) and cross validation (RMSECV). The R?
and RMSE were related to accuracy and precision, respectively. Good
accuracy and precision indicate that the R? value is close to 1 and the
RMSE is close to 0 (Gan et al., 2016; Zaragoza et al., 2013).

Consequently, the optimal AA-based models were selected based on
higher R?, lower RMSE, and smaller differences among R%c and RZ%cv.
After screening and obtaining the optimal AA-based models, the data of
the NA sub-samples were divided into prediction sets to external vali-
date the practicality/ robustness of these ideal AA-based models. The
criteria for this testing practicality of these AA-based models were based
on the coefficient of determination of the prediction dataset (R%p) and
the root mean square error of prediction (RMSEP). Therefore, the strong
practicability/ robustness models with the potential for further indus-
trial application, should have higher R? (R%c, R%cv and R?p) and lower
RMSE (RMSEC, RMSECV and RMSEP).

In addition, Pearson correlation coefficient (PCC) analysis was used
to evaluate the correlation of volatile metabolites between NA and AA.
Variable importance in projection (VIP) was used to evaluate the
importance of each volatile based on the PLS-R analysis results to
explore the potential key metabolites. Considering the particularity of
data sets (calibration sets from AA sub-samples and prediction sets from
NA sub-samples), potential maker compounds was identified by VIP and
VIP combined with PCC, respectively. The schematic flow from data
collection to final predictions was presented in Fig. S2.

The volatile metabolites were assessed by one-way analysis of vari-
ance (ANOVA) with Duncan’s test on SPSS 22.0 (IBM, New York, USA)
(Liu et al., 2019). The values were presented as mean =+ standard de-
viation of five independent determinations (Table S1). PCA was imple-
mented using Excel XLSTAT software (2018 version, Addinsoft) (Liu
et al., 2019). The processes of data pre-processing and PLS-R modelling
were developed using MATLAB R2014a (The MathWorks, Natick, MA,
USA) (Gu & Wang, 2019).

3. Results and discussion
3.1. Impact of natural and artificial ageing on seed vigour

Seeds continue to age under storage or high temperature and high
relative humidity conditions, and the corresponding seed vigour de-
creases gradually. Generally, a notable characteristic change in seed
vigour during ageing (NA and AA) is the reverse S-shaped survival curve
(Mira et al., 2016). This curve includes a three-stage process: i) Phase I
starts with a plateau phase (also called an initial asymptomatic stage); ii)
Phase II follows by a rapid decreasing phase; iii) a slow decrease phase
completes Phase III (Yin et al., 2017). The loss of seed vigour can be
observed in both AA and NA samples over time, this is presented in
Fig. 1. Germination percentage (GP) of seeds in NA and AA both fluc-
tuate strongly between 85% and 75% (NA: 74.5%, AA: 76.0%) during
Phase L. During phase II, seed vigour for both NA and AA drops rapidly
from 74.5% to 54.0% and 76.0% to 55.5%, respectively. Seed vigour
(GP) in Phase III was less than 50%, which has no practical significance
to be predicted therefore for study we focused on the first and second
phases of seed ageing.

Simple linear regression (SLR) analysis was conducted based on each
phase to calculate the relationship between ageing time (x) and GP of
seeds (y) under NA and AA, respectively. As shown in Fig. 1, GP for
Phase I was defined by an SLR equation for NA (y = —0.019x + 83.263,
R* = 0.231) and for AA (y = -3.098x + 84.481, R* = 0.448). The
intercept in NA (83.263) was close to that in AA (84.481), but the slope
difference between NA (-0.019) and AA (-3.098) suggested that loss of
GP might occur 160 x faster in AA conditions during Phase I. Accord-
ingly, the storage life of seeds with the same GP (>80.0%) can be easily
predicted through multiplying the time of artificially aged seeds by the
value by about 100. However, the SLR equation for Phase II obtained
from NA data had different intercepts and slopes from these by AA, and
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Fig. 1. Germination percentage of sweet corn seeds over time, treated by natural ageing (A) and artificial ageing (B). Linear regression for each phase (Phase I, GP >
75% and Phase II, GP < 75%) are shown in blue and red respectively. GP: germination percentage. (For interpretation of the references to colour in this figure legend,

the reader is referred to the web version of this article.)

no clear correlation between NA and AA can be established during Phase
II.

The transformation from the plateau Phase I to the rapid decreasing
Phase II is known as the critical node, which is important for seed
conservation and highly concerned in the research of seed physiology
and biochemistry (Yin et al., 2017). In this study, the critical node was
approximately 75% for both NA and AA (Fig. 1), but it was about 225
d for the NA samples and about 2.3 d (56 h) under AA conditions (Fig. 1).
Samples with GP of approximately 75% (NA: 74.5%, AA: 76.0%) were,
therefore, selected as key samples for further analysis in addition to the
raw samples (85%) in Phase I and samples in Phase II with a GP of
approximately 65%. Samples in the same vigour group were statistically
identical and samples in different vigour groups, which were chosen to
represent different phases of loss of seed vigour were significantly
different (p-value < 0.05), and therefore could be used for further
analysis.

3.2. Evaluation of natural and artificial ageing by E-nose

The selected samples that represent the different vigour groups were
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firstly evaluated by a broad spectrum, low cost, easy to use E-nose.
Partial least squares regression (PLS-R) models combined with standard
normalized variate (SNV), and autoscaling (AS) were then built to pre-
dict NA based on AA (Table 2A). The SNV-PLS-R model was obtained
from the calibration set (R2C = 0.686, RMSEC = 0.045) with cross-
validation (R%,, = 0.615, RMSECV = 0.050). However, the perfor-
mance of the model was low (R2p = 0.082, RMSEP = 0.081) when
applied to the prediction set. Therefore, the model developed using the
E-nose technology might not be able to predict vigour changes in sweet
corn seeds during storage.

3.3. Evaluation of natural and artificial ageing by GC-IMS

3.3.1. Comprehensive flavour characterization of sweet corn seeds

A total of 33 VOCs, including 5 alcohols, 8 ketones, 10 esters, 7 al-
dehydes, 2 terpenes and 1 sulphur compounds, were identified in the
ageing and control sweet corn seeds (Table S1 and Fig. 2A). Among these
chemicals, 1-butanol is likely derived from lipid peroxidation and its
relative abundance was found to increase with the decrease of seed
vigour during NA and AA. Lee et al. (2000) also reported that the
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Fig. 2. Cluster heatmap analysis of VOC (A), PCA analysis of VOC (B), and monomeric and dimeric compounds (C) in sweet corn seeds with different vigour groups.
Raw 85%: raw seed samples with 85% germination percentage; NA 75% and NA 65%: naturally aged seed samples with 75% and 65% germination percentage; AA
75% and AA 65%: artificially aged seed samples with 75% and 65% germination percentage. M: monomer; D: dimer. Different letters above the bar chart represented
the same molecule indicate significant differences between groups of samples (p < 0.05).
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amount of butanol in aged seeds was higher than non-aged soybeans and
snap beans. On the contrary, 3-hydroxy-2-butanone was present in the
highest relative abundance in the raw seeds and then decreased during
both NA and AA. Additionally, 3-hydroxy-2-butanone was the most
abundant followed by ethyl acetate in NA seeds; whereas ethyl acetate
was predominant followed by 3-hydroxy-2-butanone in AA seeds. These
results indicated that the changes of volatile metabolites in NA and AA
seeds were not consistent. Due to the high proton affinity or signal of the
analytes, the ions (monomers) may form dimers or trimers when they
transferred into the drift tube (Li et al., 2020), and these are further
analysed later (Section 3.3.3).

To explore the similarities and differences of the VOCs in NA and AA,
volatile metabolites in seed samples were visualised and analysed by
hierarchically clustered heatmap (Fig. 2A). The compounds were clus-
tered into different groups, and the relative abundance of the compound
in group 1 (3-hydroxy-2-butanone) reduced with ageing, while group 2
(diallyl disulfide) showed no significant difference before and after
ageing (p > 0.05). Thirty-one of 33 compounds were clustered into three
groups (group 3, 4 and 5), and the VOC content released from 65% GP of
NA and AA increased by 42.1% and 57.8% respectively when compared
to raw seeds. The increase in concentration of most volatiles in the seeds
during ageing is consistent with the previously reported results (Colville
et al., 2012; Zhang et al., 1993). However, it should be noted that the
changes in VOC for group 3 and 4 compounds was different for the two
sample groups (NA and AA). Hence, the VOCs in group 3 and 4 would
not suitable as AA predictive markers of NA. This result may explain why
the E-nose technology model was not able to predict natural ageing, as
the E-nose technology detects mixed volatile compounds instead of the
specific volatile molecules that relevant for natural ageing.

Intriguingly, sixteen of the nineteen compounds in group 5 that
present similar variation between NA and AA belong to the chemical
classes of aldehydes, alcohols and esters. This indicates that aldehydes
(6/7), alcohols (3/5) and esters (7/10) have higher consistency between
NA and AA than ketones (2/6), terpenes (0/2) and sulphur compounds
(0/1). Whether these compounds are suitable for the construction of
seed vigour prediction models and even highly important for the optimal
model (biomarkers) still needs further data mining and analysis.

3.3.2. Principle component analysis

PCA was performed to reduce the GC-IMS data dimension, discrim-
inate the VOC characteristics between the vigour groups and display the
structure of the data. As shown in Fig. 2B, the first two principal com-
ponents (PCs) of the PCA scatter plot explained 72.76% of the total
variance, including 59.11% by PC1 and 13.65% by PC2, which sug-
gested that the two PCs contain most of the information about the VOCs.
Different vigour groups were clearly divided into distinct areas, sug-
gesting that differences of volatile metabolites existed among different
vigour groups. The variation of volatile metabolites in AA from 85% to
75% was greater than that from 75% to 65%, but the variation of the
VOCs in NA was relatively smaller. During both ageing systems (NA and
AA), more VOCs especially esters (such as butyrolactone, butyl acetate
and pentyl butanoate) and aldehydes (such as benzaldehyde, hexanal
and n-nonanal), were produced (marked by the quadrilateral in Fig. 2).
Some molecules were found to be located in specific regions, such as 3-
hydroxy-2-butanone and diallyl disulfide in NA, ethyl acrylate and 2, 3-
butanedione in AA, indicating that critical VOCs of different ageing
methods may differ. Moreover, molecules located in the region between
NA and AA (such as butyrolactone M, Fig. 2B) had different variation
trends in NA and AA (Fig. 2A). These may further indicate that many
molecules are not suitable for predicting the vigour of seeds during NA
based on AA data. Therefore, filtering interference information and
selecting effective information for modelling NA from AA is essential.

3.3.3. Monomeric and dimeric compounds
Some monomers (M) and dimers (D) of the same molecules were
divided into different groups (isopentyl alcohol, Fig. 2A) or presented in

Food Chemistry 367 (2022) 130760

different quadrants (butyrolactone, Fig. 2B), and this indicated that the
trends between monomer and dimer of the same molecule may be
different even under the same ageing method. For example, compared
with dimers, the trends of some monomers, like 1-butanol M and butyl
acetate M, presented similar trend between 65% and 75% GP for both
NA and AA (Fig. 2C). These may indicate that the monomers and dimers
could lead to different performances in seed vigour prediction. There-
fore, the data collected from GC-IMS technology were divided into three
data sets: All (including all compounds), M (without dimeric com-
pounds) and D (without monomeric compounds).

3.3.4. Calibration and optimisation of models with artificial ageing data

Two separate PLS-R models were established based on the VOCs of
data sets from NA and AA, respectively (Table 1A). The NA-PLS-R and
AA-PLS-R models both presented good performance with high R? values
(R2 > 0.9) and low RMSE values (RMSE < 0.03), demonstrating that
strong quantitative relationships were existed between volatile mole-
cules of sweet corn seeds and their vigour in the same ageing method.
Then, two variables selection strategies based on a one-way univariate
analysis (ANOVA), were used to screen effective variables from the
models (bold) with the best performance in each dataset (Fig. 3A-H).
Generally, volatile metabolites with higher values of variable impor-
tance in projection (VIP) indicated the discriminatory potential bio-
markers among different seed vigour groups. One-way ANOVA was
utilized to further verify the significance of the discriminatory molecules
(Cuevas, Moreno-Rojas, Arroyo, Daza, & Ruiz-Moreno, 2016). There-
fore, the first strategy was to select metabolites with VIP > 1 and p <
0.05 (Fig. 3A-F) for building simpler VIP-PLS-R models (Table 1B).
Compared with the models built based on all compounds, these simpler
models using fewer variables also performed well. The automatic scaling
(AS) pre-treatment performed best in the simpler models, but not in the
full-compound models. This may indicate that the AS is an effective pre-
processing method to well equalize the magnitude among the volatile
metabolites when the number of volatile metabolites is reduced. Three
substances with the highest VIP values in the optimal models were then
selected as input data to establish the simplest VIP-PLS-R models for
verifying their discrimination ability in NA and AA, respectively
(Table 1C). VIP-AS-PLS-R model based on D data set (R%c = 0.973,
RMSEC = 0.013; R%cv = 0.961, RMSECV = 0.016) and VIP-AS-PLS-R
model based on M data set (R%c = 0.963, RMSEC = 0.016; R%cv =
0.952, RMSECV = 0.018) presented the best performance in AA and NA,
respectively.

3.3.5. External validation of optimal models with natural ageing data

In order to simulate the routine laboratory operations of seed pro-
duction plants, PLS-R models were constructed using data collected from
artificially aged seeds to predict the vigour of seeds during storage.
Moreover, for the sake of the prediction accuracy of PLS-R models, the
potential marker compounds in the same data set (M and D) of NA and
AA were merged. The merged compounds from AA were used as input
data to build PLS-R models. Accordingly, the merged compounds from
NA were used as prediction data to external validate the practical per-
formance of the established models (Table 2B). The data in these models
was pre-processed by AS method. Unfortunately, although the models
exhibited good performance on the artificial ageing data (calibration
and cross-validation sets), their performance on the natural ageing data
(prediction sets) were not ideal (R2 < 0.85). This result can be explained
by the fact that the above models were constructed independently by
data from each ageing method, which may lead to the neglect of the
substances that are strongly correlated between NA and AA but were not
critical in modelling when filtering the potential marker compounds.

Therefore, the second strategy was introduced, combining Pearson
correlation coefficient (PCC) and VIP, to explore the relationship of
VOCs between natural ageing and artificial ageing. 15 molecules with
the values of the correlation coefficient above 0.8 (r > 0.8) and p < 0.05
(one-way ANOVA) were selected (Fig. 4) to establish PCC-PLS-R models
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Table 1
Performances of the PLS-R models based on AA data and NA data, respectively, with A) All variables, variables selected by B) VIP > 1, C) top three VIP values and D) r
> 0.8 of PCC.
Ageing methods Data sets VOCs selection methods No. Pre-treatments LV Calibration Cross-Validation
R? RMSEC R? RMSECV
A) AA All None 33 None 3 0.935 0.021 0.903 0.026
AS 3 0.984 0.010 0.957 0.017
SNV 3 0.944 0.019 0.914 0.025
M 25 None 3 0.957 0.017 0.918 0.024
AS 3 0.978 0.012 0.936 0.021
SNV 3 0.954 0.017 0.912 0.025
D 25 None 7 0.999 0.002 0.914 0.025
AS 3 0.984 0.010 0.943 0.020
SNV 5 0.982 0.011 0.883 0.029
NA All 33 None 3 0.951 0.018 0.927 0.022
AS 5 0.999 0.003 0.938 0.021
SNV 3 0.965 0.015 0.942 0.020
M 25 None 4 0.970 0.014 0.944 0.019
AS 2 0.975 0.013 0.958 0.017
SNV 4 0.974 0.013 0.949 0.019
D 25 None 4 0.981 0.011 0.959 0.017
AS 1 0.953 0.018 0.937 0.020
SNV 4 0.982 0.011 0.953 0.018
B) AA All VIP 19 None 4 0.943 0.019 0.805 0.038
AS 2 0.984 0.010 0.965 0.015
SNV 3 0.895 0.027 0.704 0.045
M 14 None 4 0.955 0.017 0.872 0.029
AS 2 0.969 0.014 0.926 0.022
SNV 3 0.865 0.030 0.601 0.052
D 14 None 4 0.931 0.021 0.738 0.045
AS 2 0.987 0.009 0.962 0.016
SNV 3 0.843 0.032 0.631 0.051
NA All 5 None 4 0.960 0.016 0.944 0.019
AS 2 0.977 0.012 0.959 0.017
SNV 3 0.871 0.029 0.786 0.038
M 15 None 2 0.955 0.017 0.942 0.020
AS 2 0.978 0.012 0.961 0.016
SNV 3 0.952 0.018 0.933 0.021
D 4 None 2 0.719 0.043 0.652 0.048
AS 3 0.950 0.018 0.892 0.027
SNV 2 0.732 0.042 0.673 0.047
C) AA All Top three VIP 3(3) AS 2 0.956 0.017 0.942 0.020
M 3 (i) AS 1 0.960 0.016 0.947 0.019
D 3 (iii) AS 2 0.973 0.013 0.961 0.016
NA All 3 (iv) AS 1 0.960 0.016 0.940 0.020
M 3 AS 1 0.963 0.016 0.952 0.018
D 3 (vi) AS 1 0.929 0.022 0.898 0.026
D) AA All PCC 15 AS 4 0.988 0.009 0.948 0.019
NA AS 2 0.973 0.013 0.953 0.018

(i) Benzaldehyde D, 1-butanol D, 1-butanol M.

(ii) Benzaldehyde M, Butyl acetate M, 1-butanol M.

(iii) n-nonanal, Benzaldehyde D, 1-butanol D.

(iv) 3-hydroxy-2-butanone, Benzaldehyde M, Ethyl acetate.

(v) Hexanal M, Benzaldehyde M, 1_butanol M.

(vi) 3-hydroxy-2-butanone, Ethyl acetate, hexanal D.

The models shown in bold indicate the best performance among the groups.

Abbreviations: Natural ageing (NA); Artificial ageing (AA); Number of variables (No.); Latent variable (LV); Partial least squares regression (PLS-R); Root mean square
error of calibration (RMSEC); Root mean square error of cross-validation (RMSECV); Root mean square error of prediction (RMSEP); Standard normal variate (SNV);
Autoscaling (AS); Variable importance in projection (VIP); Pearson correlation coefficient (PCC); Monomer (M); Dimer (D).

(Table 1D). Models based on the data of NA and AA both performed
well. Subsequently, two approaches were used to further screen the
potential marker compounds (Fig. 3 G-H). One approach was to select all
molecules with VIP > 1 and r > 0.9. The other approach was to select the
molecules that both exist in NA and AA, with VIP > 1 and r > 0.9. The
AA data of selected compounds was used as the input data to build PLS-R
models (Table 2C). The corresponding NA data as the prediction set was
applied to external validate the practicality of the models. These models,
based on the compounds considering the correlation coefficient and VIP
values, both presented better performance for NA prediction (R2p >
0.85) compared to the optimal VIP-PLS-R models using the merged -
molecules (Table 2B, R2p = 0.807). Among them, the model using 4
compounds (Benzaldehyde M, Benzaldehyde D, n-Nonanal, 1-butanol

M) achieved the best performance in NA data prediction with R%p of
0.893 and RMSEP of 0.041. Nevertheless, the model using only three
molecules (Benzaldehyde M, Benzaldehyde D, 1-butanol M) also pre-
dicted well (Rzp = 0.871, RMSEP = 0.054) and was cost-effective.
Therefore, benzaldehyde M, benzaldehyde D, 1_butanol M were
initially identified as the potential marker compounds.

Furthermore, considering that many traditional laboratories only
have GC-MS equipment, that is, dimeric compounds cannot be detected.
Meanwhile, we found that the n-nonanal presented the highest corre-
lation coefficient value in the molecules of VIP > 1. The benzaldehyde D
was then replaced by n-nonanal and a new simplest regression model
was reconstructed (Table 2D). In all cases, the PCC-VIP-PLS-R model in
Table 2D performed best in NA prediction, with R2p value of 0.901 and
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Fig. 3. VIP plots of the NA-ALL-SNV (A), NA-M—AS (B), NA-p-None (C), AA-ALL-AS (D); AA-M—AS (E); AA-D-AS (F), AA-PCC-AS (G) and NA-PCC-AS (H) PLS
regression models. VIP: variable importance in projection; PCC: Pearson correlation coefficient; SNV: standard normal variate; AS: autoscaling; PLS: partial least
squares regression; NA: natural ageing; AA: artificial ageing; M: monomer; D: dimer. The abscissas of the plots in the same column are consistent. The compound
names in plots A-F were linked with the number of variables in (A) models (bold) of table 1. Correspondingly, plots G-H were linked with (D) models of table 1.

Table 2

Performances of the PLS-R models for vigour prediction in naturally aged seeds by A) E-nose data and GC-IMS data with B) VIP, C) and D) PCC-VIP selection methods.

Techniques VOC selection methods No. Pre-treatments Lv Calibration (AA) Cross -Validation Prediction (NA)
R? RMSEC R? RMSE CV R? RMSEP

A) E-nose None Ten sensors None 4 0.577 0.053 0.533 0.055 0.102 0.094
AS 3 0.597 0.051 0.549 0.054 0.061 0.077

SNV 5 0.686 0.045 0.615 0.050 0.082 0.081

B) GC-IMS VIP 4 (i) AS 3 0.963 0.016 0.927 0.022 0.807 0.075
6 (ii) AS 1 0.907 0.025 0.881 0.028 0.496 0.055

C) GC-IMS PCC-VIP 4 (iii) AS 2 0.955 0.017 0.919 0.023 0.893 0.041
3 (31v) AS 2 0.954 0.018 0.922 0.023 0.871 0.054

D) GC-IMS PCC-VIP 3) AS 2 0.947 0.019 0.906 0.025 0.901 0.050

(i) Hexanal M, Benzaldehyde M, 1_butanol M, Butyl acetate M.

(ii) 3-hydroxy-2-butanone, Ethyl acetate, hexanal D, n-nonanal, Benzaldehyde D, 1-butanol D.

(iii) Benzaldehyde M, Benzaldehyde D, n-nonanal, 1-butanol M.

(iv) Benzaldehyde M, Benzaldehyde D, 1-butanol M.

(v) Benzaldehyde M, n-nonanal, 1-butanol M.

The models shown in bold indicate the best performance among the groups.

Abbreviations: Natural ageing (NA); Artificial ageing (AA); Number of variables (No.); Latent variable (LV); Partial least squares regression (PLS-R); Root mean square
error of calibration (RMSEC); Root mean square error of cross validation (RMSECV); Root mean square error of prediction (RMSEP); Standard normal variate (SNV);
Autoscaling (AS); Variable importance in projection (VIP); Pearson correlation coefficient (PCC); Monomer (M); Dimer (D).

RMSEP of 0.050. Therefore, benzaldehyde M, n-nonanal and 1_butanol
M were eventually identified as potential key VOC markers, which were
able to predict the vigour of sweet corn seeds during storage based on
the data collected from artificial ageing method. Moreover, these key
markers also existed in the five group of the heatmap (Fig. 2A), where
compounds changed consistently in NA and AA, demonstrating the
reliability of the results from PCC-VIP-PLS-R model.

The previous literature of the VOCs mainly based on the rich-oil
seeds, such as soybean and cotton. The study on seeds with high solu-
ble sugar content has not been reported. Hence, it is the first time to
explore the relationship between the VOCs in naturally and artificially
aged sweet corn seeds, and the VOC markers for stored seed vigour
prediction.

Nonanal as a saturated fatty aldehyde is generated owing to the lipid
peroxidation and has also been detected in many seeds (Adhikary,
Mukherjee, & Barik, 2015; Widjaja, Craske, & Wootton, 1996). Lipid
peroxidation could occur through auto-oxidation in the seeds with low
moisture content. Sweet corn seeds contain high levels of free fatty acid,
such as linoleic acid and linolenic acid (Ratcliff et al., 1993), which can
be oxidized into hydroperoxides and further degraded into ketones, al-
dehydes and alcohols (Sun & Leopold, 1995). In our study, a wide range

of aldehydes were detected by GC-IMS (Table S1 and Fig. 2A). Among
these, hexanal has been widely studied and considered to be a potential
marker molecule of lipid peroxidation in seeds during storage (Colville
et al, 2012; Mira et al., 2016). Besides, nonanal and hexanal had been
proved to inhibit the seed germinability of pigweed, green foxtail and
soybean (French & Leather, 1979; Gardner, Dornbos Jr, & Desjardins,
1990). N-nonanal and hexanal identified in our experiment were firstly
clustered into the same group (Fig. 2A), indicating that the variation
trends of their content are roughly the same; this is, the amount of n-
nonanal and hexanal increased in seeds during NA and AA, which were
consistent with the results of many studies (Hailstones & Smith, 1989;
Mira et al., 2016). However, we found interesting phenomena, which
have not been reported before. Compared with hexanal, the correlation
of n-nonanal in seeds between NA and AA was higher (Fig. 4). Moreover,
n-nonanal presented a higher variable importance value than hexanal in
AA-based model for seed vigour prediction (Fig. 3C). These eventually
led to n-nonanal being selected as a key molecule for predicting the
vigour of seeds during NA based on the optimal AA-based model.

Sun and Leopold (1995) investigated the Maillard reaction in soy-
bean seeds during NA and AA and demonstrated that although the
content of reducing sugars in soybean seeds was only trace amounts, the
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Fig. 4. Pearson correlation coefficient analysis between NA and AA of volatile compounds from sweet corn seeds. NA: natural ageing; AA: artificial ageing; M:

monomer; D: dimer.

sugar degradation or hydrolysis in seeds during ageing would increase
the formation of reducing sugar and drive the Maillard reaction. Sweet
corn seed contains a high level of carbohydrates, such as sucrose,
glucose and fructose (Reyes, Varseveld, & Kuhn, 1982). Therefore, in
our study, many Maillard products were identified (Table S1). Some of
them, such as benzaldehyde and 2-heptanone, were clustered into the
same group and presented similar changes between NA and AA
(Fig. 2A). Like n-nonanal, benzaldehyde was finally chosen as one of the
biomarkers to predict the vigour of seeds during storage.

Notably, among the identified VOCs, aldehydes, alcohols and esters
exhibited higher consistency between NA and AA than that of ketones,
terpenes and sulphur compounds (Table S1 and Fig. 2A). Meanwhile,
among the seven aldehydes, six compounds exhibited high correlation
coefficient between NA and AA (r > 0.8, Fig. 4). Furthermore, two of the
three biomarkers also belong to aldehydes (Table 2D). Hence, we sug-
gest that aldehydes might be an ideal starting point for seeds with high
sugar content, like sweet corn seeds, to study the consistency of meta-
bolic mechanisms and longevity prediction during different ageing
processes.

In addition, our results showed that the GC-IMS fingerprint is supe-
rior to E-nose in monitoring the vigour of sweet corn seeds (Table 2).
This is mainly due to the fact that the E-nose, which consists of an array
of metal oxide semiconductor sensors, will evaluate all of the volatile
components within a sample. However, according to the VOCs presented
by cluster heatmap in Fig. 2A, different compounds in the same family,
such as 3-hydroxy-2-butanone and 2-heptanone, released from naturally
and artificially aged seeds may change differently during natural ageing
when compared to artificial ageing. These substances will therefore
adversely affect the ability of an AA-based PLS-R model to predict the
quality of seeds during NA. Unlike E-nose, GC-IMS combines high sep-
aration capacity (GC) and fast detection with high molecular specificity
(IMS), and low detection threshold at ppbv or pptv levels (Wang, Chen,
& Sun, 2020). These features of the GC-IMS directly improved the

practical ability of the AA-based models to predict seed vigour during
natural ageing, this will have significant practical applications in the
food industry. The VOCs with the same changing trends in NA and AA
were mainly alcohols, esters and aldehydes. Hence, in further work,
electronic chemical sensors should be developed with high molecular
specificity to these compounds, this would therefore offer a portable,
fast, cheap and precise detection tool that would specifically monitor
predicted quality of stored sweet corn seeds.

Whilst, we have achieved encouraging results for the samples tested,
a wider range of seed storage environments, varieties and production
methods should also be considered for future applications. These dif-
ferences may impact the volatile compounds associated with the raw
seeds and also impact the development of the volatile profile during
ageing.

4. Conclusions

In this study, the VOCs characterisation of naturally and artificially
aged seeds was investigated by E-nose and GC-IMS. The combination of
VOC fingerprint obtained with GC-IMS, and intelligent data mining
approaches were demonstrated to be the strongest approach to monitor
and predict the quality of stored sweet corn seeds from data of AA seeds.

Particularly, nineteen of thirty-three identified VOC profiling pre-
sented a certain level of consistency in the variation trends between NA
and AA based on the hierarchically clustered heatmap. Meanwhile, al-
dehydes showed the highest consistency between NA and AA. After
analysing molecular information by PCA and one-way ANOVA, PLS-R
models based on full variables of NA and AA for seed vigour predic-
tion were developed, respectively. To obtained the optimal PLS-R
models, effective variables were screened by Strategy 1 (VIP > 1 & p
< 0.05) and Strategy 2 (VIP > 1 & r > 0.9 & p < 0.05), respectively.
Ultimately, three compounds (benzaldehyde monomer, n-nonanal and
1-butanol monomer) selected by Strategy 2 were identified as primary
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markers of sweet corn seed ageing and were used as key variables in a
methodology of AA-based model (GC-IMS-PCC-VIP-PLS-R) with
autoscaling algorithm, which approach was shown to offer the best
prediction of loss of seed vigour during NA. E-nose was also evaluated,
as an alternative rapid detection technology, but due to its low level of
molecular specificity, it was unable to effectively predict the vigour
changes of seeds during NA. GC-IMS seems to be a good tool to provide
specific fingerprints of volatile changes in seeds during ageing. More-
over, this quick and portable technique can be easily adapted for routine
analysis in production facilities and will offer a faster prediction of seed
vigour when compared to the traditional germination tests. The appli-
cation of these findings will, therefore, reduce the sale of low-vigour
seeds, which ultimately will enhance food quality for the consumers.
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