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As the end products of cellular regulatory processes, metabolites provide the link
between genotypes and phenotypes. Althoughmetabolites have been widely applied for
functional gene detection and phenotype prediction in maize, there is little research
focusing on the genetic information of metabolites per se. Here, we performed genetic
analyses for the kernel metabolites of 11 parental inbred lines of six representative
maize varieties, including Zhongdan 2, Danyu 13, Yedan 13, Zhengdan 958, Xianyu 355,
and Suyu 16, as well as their 26 reciprocal hybrids. We identified a total of 208
metabolites in maize kernels using untargeted metabolite profiling technology. Both
cluster analysis and principal component analysis indicated that kernel metabolites
could distinguish hybrids from their parents. Analysis of variance further revealed that
163 metabolites exhibited significant differences between parents and hybrids, and 40
metabolites showed significant differences between reciprocal crosses. We also
investigated the genetic effects and heterosis for each metabolite. By taking all hybrids
into consideration, about two-thirds of all metabolites displayed overdominant with
36.8% and 31% of them displaying positive overdominant and negative overdominant,
respectively. Besides, 27.5% and 20.4% of all hybrid combinations showed significant
mid-parent heterosis and over-parent heterosis, respectively. Our findings revealed that
kernel metabolites exhibited the diversity of relationship between maize hybrids and
their parental lines. Additionally, we identified 25 significant metabolic markers related
to 11 agronomic traits using the LASSO method. Seven metabolic markers were
associated with more than one trait simultaneously. These results provide a genetic
basis for further utilization of metabolites in the genetic improvement of maize.
© 2020 Crop Science Society of China and Institute of Crop Science, CAAS. Publishing services by
Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open access article under the
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1. Introduction
Maize is the world’s most important crop for food, feed and
industrial materials. Hybrid breeding is favorable for increas-
ing maize yield by taking advantage of heterosis, which
results in about 35% increase in yield. Since the 1950s, maize
varieties in China have been renewed six times. Breeders have
selected and bred a large number of superior inbred lines,
such as Zi330, Ye478, Dan340, Chang7-2, and Mo17, and then
used these inbred lines to successively produce several elite
varieties, including Zhongdan 2, Danyu 13, Yedan 13,
Zhengdan 958, and so on. These maize varieties greatly
contributed to maize production and global food security.

In recent years, the rapid development of next generation
sequencing techniques coupled with quantitative trait loci
(QTL) mapping or genome-wide association study (GWAS)
enable dissection of the genetic architecture underlying
complex quantitative traits in maize, such as oil biosynthesis
and leaf architecture [1–5]. Despite the progress of genetic
mapping of quantitative traits at the genomic level, the gene
sequence is limited in capturing effects of gene interactions
and downstream regulation [6]. As the final products in the
cellular regulatory processes, the metabolome might be
expected to integrate all previous genetic processes and gene
interactions as well as reflect the physiological status [7].
Analyzing metabolome is thus of fundamental importance for
a deeper understanding of the genetic regulatory mechanism
of phenotypic traits.

There are more than 200,000 metabolites in the plant
kingdom, including the necessary primary metabolites for the
maintenance of plant life activities as well as growth and
development, and secondary metabolites for protecting
plants against pathogens and herbivores as well as abiotic
stresses [8,9]. The rapid development of high-throughput
metabolite profiling technologies enables accurate quantifi-
cation of a fraction of metabolites [10,11]. Previous studies
suggested that metabolites are heritable and controlled by
multiple loci and can thus be regarded as quantitative traits to
detect novel genes [12]. Recently, metabolome genome-wide
association study (mGWAS) has received increasing attention.
In plants, mGWAS is conducted frommodel specie Arabidopsis
to many major crops, such as rice and maize [13–15]. Several
studies indicate that mGWAS is a powerful complementary
tool to traditional GWAS, and even able to directly identify the
corresponding functional genes [16,17]. Wen et al. [18]
identified 1459 SNPs significantly associated with 983 metab-
olites in maize kernel using mGWAS and validated two genes
by mutant and transgenic analysis. Chen et al. [12] detected a
total of 2947 lead SNPs for 840 metabolites in rice leaves via
mGWAS and functionally annotated five candidate genes.

Metabolites can not only be treated as quantitative traits
but also as biomarkers to predict crop phenotypes [6]. Meyer
et al. [19] first used 181 metabolites to predict biomass in
Arabidopsis based on a recombinant inbred line (RIL) popula-
tion and found that the correlation coefficient between the
predicted and real biomass reached 0.58. Gärtner et al. [20]
proposed that combining genetic markers and metabolites
could increase the prediction accuracy of biomass heterosis.
Riedelsheimer et al. [21] crossed 285 inbred lines with two
testers and predicted combining abilities for seven biomass
traits, and demonstrated that prediction accuracies ranged
from 0.60 to 0.80 by using 130 metabolites. Xu et al. [22,23]
predicted the yield of 21,945 potential hybrids derived from
210 RILs using 1000metabolites and proposed that selection of
top ten crosses might bring about an approximately 30%
increase in yield. Dan et al. [24] reported high prediction
accuracies of metabolomic prediction for three agronomic
traits in rice using a complete diallel cross population derived
from 18 inbred lines.

Given the above, numerous studies of metabolites have
been carried out for gene detection or phenotype prediction.
However, there remain limited studies focusing on the
genetic information of metabolites per se. In this study, we
identified 208 kernel metabolites from 11 parental inbred
lines of six representative maize varieties (Zhongdan 2,
Danyu 13, Yedan 13, Zhengdan 958, Xianyu 355, and Suyu
16) and their 26 reciprocal crosses. The objectives of this
study were to (1) test whether metabolite levels display
significant differences between parents and hybrids as well
as between reciprocal crosses, (2) evaluate the genetic effect
of each metabolite in each hybrid, (3) calculate the mid-
parent heterosis and over-parent heterosis for each metab-
olite, and (4) identify metabolic markers associated with
agronomic traits.
2. Materials and methods

2.1. Plant materials and field trials

In this study, the parents of six popular maize varieties
(Zhongdan 2, Danyu 13, Yedan 13, Zhengdan 958, Xianyu 355,
and Suyu 16) were selected as parental inbred lines, which are
E28 (P1), Zheng58 (P2), Chang7-2 (P3), Mo17 (P4), Zi330 (P5),
PH6CW (P6), PH4CV (P7), Ye478 (P8), Dan340 (P9), JB (P10) and
Y53 (P11).

According to the mating design of P1 × P2, P1 × P3, P4 × P1
(Danyu 13), P1 × P5, P2 × P3 (Zhengdan 958), P2 × P4, P2 × P5,
P3 × P4, P3 × P5, P4 × P5 (Zhongdan 2), P6 × P7 (Xianyu 335),
P8 × P9 (Yedan 3), and P10 × P11 (Suyu 16), 11 parental lines
were crossed to produce 13 F1 hybrid seeds and 13 reciprocal
seeds in Sanya, Hainan province, China, in 2016. The 26
hybrids include six popular maize varieties and their recipro-
cal hybrids as well as hybrids derived from the complete
diallel cross among five foundation parents including E28,
Chang7-2, Zheng58, Mo17, and Zi330. All 37 maize materials
including 11 parents and 26 hybrids were planted with a
randomized block design of four repetitions in the experi-
mental field of Yangzhou University, Jiangsu province, China,
in 2017. For each line of each replication, 13 plants were grown
in a row of 3.0 m, with 0.5 m space between rows.

For each line, ears from six randomly selected plants were
harvested at the consistent maturity for phenotypic data
acquisition. The 11 agronomic traits including ear weight
(EW), ear length (EL), ear diameter (ED), ear row number (ERN),
kernel number per row (KNR), cob weight (CW), cob diameter
(CD), kernel length (KL), kernel width (KW), kernel thickness
(KT), and 100-kernel weight (HKW) were measured. The
average phenotypic values were used for data analysis.
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2.2. Sample preparation and metabolite profiling

Kernel samples of maize material were collected 30 days after
pollination (DAP). For each replication, about 20 well growth
kernelswere randomly selected from five plants of eachmaterial.
After collection, the samples were rapidly frozen in liquid
nitrogen and placed in an ultra-low temperature refrigerator at
−80 °C. Then, about 50 mg of samples were applied to extraction
procedure, and extracted with 800 μL of methanol (with internal
standard 2.8 mg mL−1, DL-o-Chlorophenylalanine). Afterwards,
the sampleswere ground to fine powder using GrindingMill at 65
HZ for 120 s, and were ultra sonicated at 40 kHz on ice bath for
30min, and then centrifuged at 12,000 rmin−1 and 4 °C for 15min.
Finally, 200 μL of supernatant was transferred to vial for liquid
chromatography-mass spectrometry analysis (LC-MS) analysis
using an ACQUITY UPLC system. The raw metabolite data from
the LC-MS analysis was transformed to CDF files byMasslynx 4.1
software and input into XCMS software for peak picking, peak
alignment, peak filtering and peak filling. The data include
retention time, observations, peak area and mass-to-charge
ratio, etc. Then, the peak areas of metabolites were normalized
via dividing them by the sum of all peak areas in the
corresponding sample for metabolite data analysis.

2.3. Statistical analysis

We performed principal component analysis (PCA), hierarchi-
cal cluster analysis, analysis of variance (ANOVA) for metab-
olite data. The metabolite data were further standardized to
zeromean and unit variance for PCA and cluster analysis. PCA
was performed using R function prcomp, hierarchical cluster
analysis was performed using the R function hclust, and
ANOVA was implemented using our own R program. The
heatmap was plotted using R package called R/pheatmap.

2.4. Heterosis analysis and genetic effect of each metabolite

Mid-parent heterosis (%) was calculated as (F1 − MP)/MP × 100,
positive over-parent heterosis (%) was calculated as (F1 − HP)/
HP × 100, and negative over-parent heterosis (%) was calculated
as (F1 − LP)/LP × 100, where F1 represents the level of each
metabolite in each hybrid, MP represents themid-parent value in
metabolite level of corresponding parental lines, HP represents
the high-parent value of the corresponding parent, and LP
represents the low-parent value of the corresponding parent.
The t-test was applied to test the significance of heterosis.

According to d/a ratio, we classified metabolic effects into
seven categories including negative overdominance (d/a ≤ −1.2),
negative dominance (−1.2 < d/a ≤ −0.8), negative partially
dominance (−0.8 < d/a ≤ −0.2), additive (−0.2 < d/a < 0.2), positive
partially dominance (0.2 ≤ d/a < 0.8), positive dominance (0.8 ≤ d/
a < 1.2), and positive overdominance (d/a ≥ 1.2). Here, a is defined
as 1/2(HP − LP), and d is defined as F1 −MP.

2.5. Detection of metabolic markers

We combined least absolute shrinkage and selection operator
(LASSO) and linear regression method to identify metabolic
markers significantly associated with 11 agronomic traits.
LASSO is a popular method in variable selection, but it does
not have a default strategy to calculate the P-values for
markers [25]. After variable selection, the number of the non-
zero effects is always smaller than the sample size. Thus, the
ordinary least squares can be used to calculate standard
errors for estimated effects. In this study, we used R package
called R/glmnet to implement LASSO for variable selection,
and then used R function called lm to calculate the P-values of
selected metabolic markers. The significant metabolic
markers were determined by the P-values less than 0.05.
3. Results

3.1. Annotation of metabolites

Using untargeted LC-MS metabolite profiling technology,
a total of 208 metabolites were identified and annotated
from maize kernels of all lines (Table S1). The 208 metabo-
lites contained primary metabolites and secondary metabo-
lites, which could be classified into ten categories, including
amino acids, lipids, hormones, and so on (Fig. 1). Among
these metabolites, the amino acids were the most, account-
ing for 28.4%, followed by the lipids with 17.3% and the
phytohormones with 11.5%, and the terpenoids were the
least.

3.2. Hierarchical cluster analysis and PCA

We performed hierarchical cluster analysis and PCA for 208
metabolites. As shown in Fig. 2, most metabolite levels
exhibited variations in different materials. The 37 maize
lines were classified into two clusters, which separated the
hybrids from their parental lines except the cross P1 × P5,
suggesting that there exist large differences between parents
and corresponding hybrids. Also, 208 metabolites were
classified into three clusters, and ten categories ofmetabolites
were all observed in each cluster. The first cluster presented
obvious variation for hybrids, while the second and the third
clusters presented diversity for parental lines. Additionally,
the enrichment of some metabolites appeared to be line
specific. For example, β-carotene (m74) was only abundant in
P11, histamine (m30) was only abundant in P4, and gibberellin
A3 (m160) was only abundant in P6 × P7. Most metabolites of
the third cluster displayed high levels in P11.

The PCA result indicated that PC1 could sufficiently
distinguish parents from hybrids, which was consistent with
the result of cluster analysis (Fig. 3). We further selected ten
metabolites with the greatest contribution to PC1 and found
that eight metabolites of them belonged to amino acids, all of
which fell into the first cluster from the cluster analysis.

3.3. Analysis of variance for metabolite data

To further understand the genetic characteristics of kernel
metabolites, we performed analysis of variance for each metab-
olite from 37 maize materials and the results are presented in
Table S2. Totally, 163 metabolites showed significant differences
between parents and hybrids, 144 metabolites displayed signif-
icant differences among parents, and 109 metabolites displayed
significant differences among hybrids. Between reciprocal



Fig. 1 – Ten categories of metabolites identified from maize kernels. The identified 208 metabolites were divided into ten
categories, which are amino acids and their derivatives, lipids, plant hormones, phenols, vitamins, carbohydrates, nitrogen-
containing organic compounds, nucleotides, terpenes, and else.
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crosses, 40 metabolites showed significant differences (P < 0.05),
and 16 metabolites had highly significant differences (P < 0.01).
Five of the 16 metabolites belonged to amino acids, and four of
themwere hormones. To test the differences between reciprocal
crosses for each combination, the degree freedom between
reciprocal crosseswere further decomposed into 13 single degree
(Table 1). In the 16metabolites, ninemetabolites exhibited highly
significant differences between reciprocal cross combinations of
P1 × P5 and P5 × P1; five metabolites displayed significant
differences between Zhengdan 958 (P2 × P3) and its reciprocal
Fig. 2 – Cluster analysis of 208 metabolites from all 37 maize line
represents a maize line. The 208 metabolites were clustered into
clusters. The red color indicates high metabolite levels and blue
hybrid, including l-histidinol (m10), D-ribose (m85),
pentadecanoic acid (m126), gibberellin A53 (m162), and p-
coumaroylquinic acid (m197); four metabolites showed signifi-
cant differences between Xianyu 355 (P6 × P7) and its reciprocal
cross, which were l-histidinol (m10), L-glutamine (m110), gibber-
ellin A12 (m152), and gibberellin A3 (m160), respectively.
Pentadecanoic acid (m126) and p-coumaroylquinic acid (m197)
showed significant differences in five reciprocal combinations,
followed by and L-Glutamine (m110) and gibberellin A53 (m162),
displaying significant differences in four reciprocal combinations.
s. Each column represents a metabolite, and each row
three clusters, and the 37 maize lines were divided into two
color indicates low metabolite levels.

Image of Fig. 2
Image of Fig. 1


Fig. 3 – Principal component analysis (PCA) of the metabolites from all maize lines. The blue block represents hybrids, and the
red block represents parents.

185T H E C R O P J O U R N A L 9 ( 2 0 2 1 ) 1 8 1 – 1 9 1
3.4. Relationship between parents and hybrids in metabolite
levels

In order to know the relationship between parents and their
hybrids in metabolite levels, we further investigated the
genetic effects of each metabolite (Table S3). Seven types of
genetic effects for all metabolites, including negative overdom-
inance (1), negative dominance (2), negative partially domi-
nance (3), additive (4), positive partially dominance (5), positive
dominance (6), and positive overdominance (7) are illustrated
in Fig. 4. Cluster analysis of genetic effects of metabolites
showed that most metabolites of the first type presented
Fig. 4 – Genetic effects for metabolites in each hybrid. Each colum
Each color represents a kind of effect, and 1–7 represent negative
dominance, additive, positive partially dominance, positive dom
positive overdominance, while the third type of metabolites
mostly presented negative overdominance. By considering all
hybrids, about two-thirds of all metabolites (67.8%) displayed
overdominance with 36.8% exhibiting positive overdominance
and 31.0% exhibiting negative overdominance. All seven
metabolic effects were observed, and the positive dominance
only accounted for 3.6%. Genetic effects of certain metabolites
seemed to be lines specific. For example, ethanol (m33),
homovanillic acid (m46), and syringic acid (m54) exhibited
positive overdominance in all 26 hybrids, while apigenin (m66),
malvidin (m69), and phytol (m90) exhibited negative overdom-
inance in all 26 hybrids. The metabolites a-L-rhamnose (m80)
n represents a metabolite, and each row represents a hybrid.
overdominance, negative dominance, negative partially

inance, and positive overdominance, respectively.

Image of Fig. 3
Image of Fig. 4


186 T H E C R O P J O U R N A L 9 ( 2 0 2 1 ) 1 8 1 – 1 9 1
and pyruvate (m200) exhibited negative overdominance in
P1 × P5, while positive overdominance in all other hybrids. For
individual hybrid, large differences in genetic effects could be
observed in different metabolites. Taking Zhengdan 958
(P2 × P3) as an example, 90 and 64 metabolites presented
positive and negative overdominance, and only six metabolites
displayed positive dominance. Overall, the genetic effects of
different metabolites displayed large diversity in the same
hybrid, while the genetic effects of the same metabolite varied
little over different hybrids.

3.5. Heterosis analysis

We calculated mid-parent heterosis and over-parent
heterosis of each metabolite in 26 hybrids (Tables S4–S6).
The mid-parent heterosis and the significance test for 208
metabolites are illustrated in Fig. 5. For all hybrids, mid-parent
heterosis ranged from −73.46% (oleic acid) to 599.88%
Fig. 5 – Significant mid-parent heterosis of 208 metabolites. Each
in the corresponding hybrid. The red and blue blocks represent
respectively.
(physostigmine), indicating considerable variation among
metabolites in mid-parent heterosis (Table S4). Out of all
5408 combinations, 810 combinations exhibited significant
negative mid-parent heterosis and 676 exhibited significant
positive mid-parent heterosis, which accounted for 15% and
12.5%, respectively. Several metabolites displayed mid-parent
heterosis in most hybrid combinations. For example, l-
threonine (m19), sucrose (m87), and chlorogenic acid (m182)
showed significant positive mid-parent heterosis in 21 hybrid
combinations with the mean values of 114.64%, 53.21%, and
46%, respectively. Phytol (m90), skimmianine (m204), and
vitamin D (m104) exhibited significant positive mid-parent
heterosis in 24, 23, and 22 combinations with the mean values
of −67.95%, −62.41%, and −50.82%, respectively.

The over-parent heterosis and the significance test for 208
metabolites are illustrated in Fig. 6A–B. Out of all combinations,
544 combinations exhibited significant positive over-parent
heterosis and 558 combinations exhibited significant negative
block represents the mid-parent heterosis of each metabolite
positive and negative significance mid-parent heterosis,

Image of Fig. 5


Fig. 6 – Significant positive over-parent heterosis and negative over-parent heterosis of 208 metabolites. A) Significant positive
over-parent heterosis of 208 metabolites. B) Significant negative over-parent heterosis of 208 metabolites.
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over-parent heterosis, accounting for 10.1% and 10.3%, respec-
tively. The positive over-parent heterosis in l-Histidine (m9),
pyridoxine (m98), physostigmine (m198), and quinic acid (m202)
were relatively high with mean values of 200.43%, 364.11%,
408.25%, and 254.9% over all hybrids, respectively (Fig. 6A, Table
S5). Propionic acid (m129) and sucrose (m87) exhibited significant
positive over-parent heterosis in 18 and 17 combinations,
respectively, while phytol (m90), vitamin D3 (m104), and α-
tocotrienol (m105) exhibited significant negative over-parent
heterosis in 23, 22, and 19 combinations, respectively (Fig. 6B).

3.6. Significant metabolic markers associated with agronomic
traits

A total of 25 significant metabolic markers were detected
for 11 agronomic traits (Table 2). Thirteen metabolites were
associated with 100-kernel weight (HKW), indicating that
the HKW might be related with multiple metabolic path-
ways. Seven metabolites were simultaneously related with
two traits, wherein abscisic acid (m146) and gibberellin A3
(m160) simultaneously influenced EW and CW, l-arginine
(m3) influenced ED and CD simultaneously, and stigmas-
terol (m72) affected ED and KL simultaneously. Based on
the correlation analysis among agronomic traits, we found
that the correlations between EW and CW, ED and CD as
well as between ED and KL were significant (Fig. 7). Among
these markers, gibberellin A3 (m160) associated with EW
and CW could explain 23.59% of the phenotypic variation.
Malvidin (m69) was significantly related with ERN, and
gentisic acid (m45) was significantly related with HKW,
which accounted for 19.33% and 18.90% of phenotypic
variations, respectively.
4. Discussion

Understanding the genetic characteristics of metabolites per
se will facilitate the application of metabolites for crop genetic
improvement. In this study, we performed quantitative
genetic analyses for 208 metabolites detected from 11
parental inbred lines of six representative maize varieties
and their 26 reciprocal hybrids crosses. We found that
metabolite levels varied a lot across different lines and
different metabolites. However, these metabolites could
separate parental lines from their corresponding hybrids
based on cluster analysis and PCA. The conclusion is
consistent with Lisec et al. [26] who revealed metabolic
profiles of maize root could separate six parental inbred
lines and their 14 hybrids. Among the quantified 208
metabolites, 59 metabolites are amino acids. The PCA result
indicates that they play significant roles in distinguishing
parents from hybrids, and 46 of 59 amino acids exhibit
significant differences between parents and hybrids. Amino
acids are not only the basic unit to proteins, but also form an
important raw material for energy metabolism and material
metabolism. Great processes have been achieved with regard

Image of Fig. 6


Table 2 – Significant metabolites identified for agronomic
traits using the LASSO method.

Trait Metabolite Number Effect R2 (%) P-value

EW (+)-Abscisic acid m146 38.0290 6.58 0.0438
EW Gibberellin A3 m160 50.8681 11.77 0.0165
EL L-Tyrosine m22 −7.1012 9.52 0.0161
ED L-Arginine m3 1.4308 7.18 0.0309
ED Stigmasterol m72 −1.5632 8.57 0.0200
ERN p-cresol m48 0.6085 7.25 0.0270
ERN Malvidin m69 −0.9936 19.33 0.0029
ERN Kynurenic acid m192 −0.5271 5.44 0.0311
KNR Sulfuric acid m108 −1.5072 6.04 0.0477
CW Spermidine m31 −4.6262 6.26 0.0122
CW (+)-Abscisic acid m146 5.2630 8.11 0.0084
CW Gibberellin A3 m160 8.9774 23.59 0.0009
CD L-Arginine m3 1.0510 11.75 0.0458
CD (+)-α-Tocopherol m92 −1.2085 15.53 0.0131
KL Stigmasterol m72 −0.2309 7.37 0.0274
KW p-Cresol m48 −0.2155 13.25 0.0035
KW Sulfuric acid m108 −0.1777 9.02 0.0132
KW Kynurenic acid m192 0.1595 7.26 0.0165
KT Pantoic acid m77 −0.1094 12.23 0.0210
HKW L-Tryptophan m20 0.6532 3.02 0.0002
HKW Gentisic acid m45 −1.6337 18.90 1.53E-07
HKW Sphagnum acid m51 −0.5148 1.88 0.0059
HKW β-Carotene m74 −1.1230 8.93 0.0009
HKW β-Sitosterol m91 0.8933 5.65 0.0004
HKW Folic acid m93 −0.6820 3.29 0.0407
HKW Pyridoxal phosphate m96 0.4132 1.21 0.0150
HKW Docosanoic acid m117 −0.2898 0.59 0.0119
HKW Gibberellin A12 m153 −0.3700 0.97 0.0095
HKW (−)-Caaverine m168 −0.5503 2.14 0.0220
HKW Allantoic acid m177 −1.0285 7.49 0.0001
HKW Pyruvate m200 0.6903 3.37 0.0077
HKW Vanillin m206 0.2927 0.61 0.0170

R2 indicates proportion of the total phenotypic variation explained
by the metabolite. EW, ear weight; EL, ear length; ED, ear diameter;
ERN, ear row number; KNR, kernel number per row; CW, cob
weight; CD, cob diameter; KL, kernel length; KW, kernel width; KT,
kernel thickness; HKW, 100-kernel weight.
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to amino acidmetabolism in plants, including themetabolism
and the regulation of histidine [27], lysine [28], and aromatic
amino acids [29].

As the end products of cellular regulatory processes,
metabolites could capture complex upstream interactions,
which are closer to phenotypes than gene sequences.
Metabolome-wide association study (MWAS) has emerged as
a powerful tool for identifying metabolic markers related to
phenotypes, which provide a novel idea to uncover agronomic
traits of crops. Nam et al. [30] used the PLS-DA method to
detect five metabolic markers associated with salt tolerance
in 38 rice root materials. Wen et al. [18] reported that 26
metabolic markers significantly associated with 100-kernel
weight of maize explained 72.6% of the phenotypic variance.
Wei et al. [31] compared the power of the four MWAS
methods, including simple linear regression, linear mixed
model, Bayes B and LASSO, and indicated that the LASSO
method is optimal in terms of detection power and false
positive rate. In this study, we identified a total of 25
metabolic markers related to 11 agronomic traits using the
LASSO method. Of these metabolites, 13 metabolic markers
were associated with HKW, explaining 58.05% of the pheno-
typic variance, and three metabolic markers were correlated
with CW, accounting for 37.96% of the phenotypic variance.
We also found that some metabolic markers were simulta-
neously associated with two traits, among which gibberellin
A3 (m160) and abscisic acid (m146) simultaneously affected
EW and CW, and greatly contributed to phenotypic variation.
Additionally, gibberellin A3 showed extremely significant
differences between Xianyu 335 (P6 × P7) and its reciprocal
cross. Plant hormones play a crucial role in controlling how
plants grow and develop. As a kind of important plant
hormones, gibberellins promote seed germination, stem
elongation, and fruit growth in various important plants [32].
Gibberellin and abscisic acid form a pair of classic plant
hormones, and the antagonism of them regulates several
types of plant developmental processes, including seed
dormancy and germination, primary root growth, and
flowering-time [33].

The metabolic markers can be used to monitor or predict
phenotypes. Untargeted metabolite profiling is too costly for
analyzing a large number of samples, while targeted metab-
olite profiling focusing on these metabolic markers enables
screening of large populations at low cost [34]. Compared with
SNPmarkers, metabolicmarkers are expected to capturemore
genetic information, such as gene-gene interactions and
genotype by environment interactions [20]. Riedelsheimer et
al. [21] predicted complex traits in hybrid maize and demon-
strated that the prediction accuracy of 130 metabolic markers
was almost as high as that of 56,110 SNP markers. Despite
metabolic markers hold great promise for crop breeding, there
still exist some obstacles. Metabolite profiling represents a
snapshot of the physiological status of an organism at a
specific moment [7]. When using metabolic markers, several
factors including sampling time, tissue and environmental
conditions need to be carefully considered [16]. In this study,
we focused on metabolites measured in kernels at 30 DAP.
Sampling at the late developmental stage enhances the
possibility of environmentally-induced modifications, which
may be beneficial to find metabolite-phenotype associations
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[35]. We will further take multiple tissues and sampling time
into account in the following studies.

The results of ANOVA indicate that metabolites exhibit
significant differences among parents, hybrids, as well as
parents and hybrids. A small number of metabolites exhibit
significant differences between reciprocal crosses, suggesting
that nuclear inheritance is dominant. However, 16 metabo-
lites exhibit significant differences (P < 0.01) between recipro-
cal crosses, indicating the existence of cytoplasm effects for
these metabolites. Cytoplasm effects have also been found for
agronomic traits and quality traits in maize and other crops.
Tang et al. [36] revealed that the cytoplasm contributed to
about 8.75% and 39.91% of the phenotypic variance for plant
height and ear height in maize. It is well known that genotype
is identical between reciprocal crosses, which may limit the
application of genomic data for hybrid prediction. Xu et al. [23]
found that when using parental metabolites to predict the
yield of hybrids, the predictability is much higher than
genomic prediction. However, metabolite data tend not to be



Fig. 7 – The pairwise correlation analysis among 11 agronomic traits. The lower left shows a bivariate scatter plot with a fitted
line, and the upper right shows the correlation coefficient and significance level. *, **, and *** indicate significant difference at
the 0.05, 0.01, and 0.001 probability levels, respectively. EW, ear weight; EL, ear length; ED, ear diameter; ERN, ear row number;
KNR, kernel number per row; CW, cob weight; CD, cob diameter; KL, kernel length; KW, kernel width; KT, kernel thickness;
HKW, 100-kernel weight.
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collected from hybrids but indirectly inferred from their
parents. The relationship between metabolite levels of hy-
brids and those of their parents is unclear, which affects the
predictability of hybrid prediction based on parental metab-
olites. Dan et al. [24] used sums, differences, ratios of the
parental metabolite levels to construct predictive variables of
hybrids. Xu et al. [23] proposed to use the additive-dominance
model for metabolite levels to predict hybrids. Here, we find
that there are no uniform inheritance patterns for all
metabolites. Seven categories of genetic effects were all
observed for the 208 metabolites. Taking all combinations
into account, most metabolites followed an overdominance
inheritance pattern, accounting for 67.8%. The result is
consistent with the previous study inmaize root metabolome,
which also demonstrated that two-thirds of all metabolites
displayed an overdominance inheritance pattern [26]. We also
observed large differences in inheritance patterns of different
metabolites. Therefore, it seems inappropriate to construct a
uniform model for all metabolites when using parental
metabolite data to predict the performance of hybrids. The
optimal model for hybrid prediction based on parental
metabolite data need to be further validated.

Supplementary data for this article can be found online at
https://doi.org/10.1016/j.cj.2020.05.009.
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