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Abstract Heterosis is the superior performance of

hybrids over their inbred parents. Despite its importance,

little is known about the genetic and molecular basis of this

phenomenon. Heterosis has been extensively exploited in

plant breeding, particularly in maize (Zea mays, L.), and is

well documented in the B73 and Mo17 maize inbred lines

and their F1 hybrids. In this study, we determined the dry

matter, the levels of starch and protein components and a

total of 24 low-molecular weight metabolites including

sugars, sugar-phosphates, and free amino acids, in devel-

oping maize kernels between 8 and 30 days post-pollina-

tion (DPP) of the hybrid B73 9 Mo17 and its parental

lines. The tissue specificity of amino acid and protein

content was investigated between 16 and 30 DPP. Key

observations include: (1) most of the significant differences

in the investigated tissue types occurred between Mo17 and

the other two genotypes; (2) heterosis of dry matter and

metabolite content was detectable from the early phase of

kernel development onwards; (3) the majority of metabo-

lites exhibited an additive pattern. Nearly 10% of the

metabolites exhibited nonadditive effects such as over-

dominance, underdominance, and high-parent and low-

parent dominance; (4) The metabolite composition was

remarkably dependent on kernel age, and this large

developmental effect could possibly mask genotypic dif-

ferences; (5) the metabolite profiles and the heterotic pat-

terns are specific for endosperm and embryo. Our findings

illustrate the power of metabolomics to characterize

heterotic maize lines and suggest that the metabolite

composition is a potential marker in the context of heter-

osis research.
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Introduction

Heterosis results in the phenotypic superiority of a hybrid

over its parents with respect to traits such as growth rate,

reproductive success, and yield. Despite its importance, the

genetic and the molecular basis of heterosis remains

unsolved. Heterosis does not affect individuals as a whole,

but, as a rule, the expression of heterosis is character

specific. A hybrid may be superior to, equal to, or inferior

to its parents (Brieger 1950) for a specific heterotic char-

acter under different conditions and for different inbred

crosses. Heterotic patterns for the same character vary

among different species. For example, heterosis has much

stronger and more ubiquitous effects in maize than in

Arabidopsis (Zanoni and Dudley 1989; Meyer et al. 2004;

Springer and Stupar 2007).

Hybrid vigor was first studied systematically by Josef

Gottlieb Kölreuter in the 1760s (1766) and has been rec-

ognized in many plant species during the last centuries.

Darwin (1876) established two basic techniques for the

development of the hybrid corn program: cross-pollination

and controlled self-pollination. The rediscovery of Men-

del’s laws around 1900 and the cumulative effect of many

experiments demonstrating the positive effects of cross-

breeding, led to the heterosis concept in the early twentieth

century. Heterosis was first recognized and its theory was

formulated in the work with hybrid corn in 1908 and 1911

(Shull 1908, 1911, 1952). Shull’s concept of heterosis

states that different alleles when combined in heterozy-

gotes exert a complementary physiological action, resulting

in increased size, yield and vigor. The term heterosis,

coined by Shull (1914, 1952), was enlarged by evolution-

ists to include heterosis in survival, i.e., adaptive, selective

and reproductive advantage (Dobzhansky 1950; Tsaftaris

1995).

The basic principles of heterosis were already estab-

lished in the first decades of the twentieth century, but the

possible explanations of the genetic base of heterosis are

still controversial. The overdominance and epistasis

hypotheses suggest that no specific genes or alleles are

responsible for hybrid vigor, whereas the dominance and

pseudo-overdominance hypotheses suggest that individual

genes having specific phenotypic effects are involved. It is

important to bear in mind that these terms are not con-

nected with molecular principles, as they were coined

before molecular genetic concepts were formulated.

Although many investigators favored one hypothesis over

the other, the dominance, pseudo-overdominance, over-

dominance, and epistasis hypotheses are not mutually

exclusive and heterosis could result from all four kinds of

gene action (Lippman and Zamir 2007).

Furthermore, the genetic, physiological or metabolic

basis of heterosis has been debated for nearly a hundred

years without an emerging consensus. The difficulty in

formulating the genetic basis of heterosis has at least two

major causes: first, in most cases multiple genes contribute

to the response of the F1 hybrid, and second, the multiple

genes interact in ways that mask the action of each other.

Additionally, the phenotypic performance depends on both

genetic and non-genetic influences on plant development.

Many quantitative traits in maize, including grain yield, are

highly integrative and show significant variation attributable

to genotype–environmental interactions (Griffing and Zsiros

1971; Moll et al. 1965; Rhodes et al. 1992; Stuber 1994).

Recent studies on recombinant inbred lines (RIL) and

introgression lines (IL) of a cross between the Arabidopsis

thaliana accessions Col-0 and C24 analyzed the metabolic

signature to elucidate this biological phenomenon at the

metabolic level and its impact to predict biomass produc-

tion. Lisec et al. (2009) reasoned that metabolite heterosis

may be important for biomass accumulation given that a

linear combination of metabolite levels significantly cor-

related with biomass heterosis. They showed that the

metabolite profiles of parents contain significant informa-

tion about biomass heterosis displayed by the cross. Par-

ticularly, the combination of genetic markers with

metabolite markers can lead to the improvement of heter-

osis prediction and can help to complete our understanding

of the molecular basis of heterosis (Gärtner et al. 2009;

Steinfath et al. 2010).

Currently, very little is known about the metabolite

patterns in hybrids of agronomically important plants.

Maize provides an excellent system for the study of het-

erosis. Lorenz (1972, 1975) demonstrated that the con-

centrations of certain amino acids in maize leaves correlate

with hybrid yield. He found that relatively high yielding

double-cross and three-way cross hybrids were predomi-

nantly obtained when single-cross hybrids and inbred lines

with markedly different amino acid compositions were

used as parents.

In the present study, we analyzed the metabolite patterns

in developing maize kernels for a model hybrid

B73 9 Mo17 and its parental lines (B73, Mo17). Limited

information is available regarding the heterotic patterns in

maize kernels, especially in maize endosperm. The double

fertilization process of flowering plants results in the dip-

loid embryo and triploid endosperm. Because of this

unique genetic composition in the endosperm, the gene

dosage effect can play a major role and thus contribute to

hybrid vigor (Guo et al. 2003; Birchler et al. 2007).

A genome-wide mRNA profiling of maize hybrids and

their inbred parents (among others B73 and Mo17 lines)

demonstrated that the overall level of gene expression in

the maize endosperm was dosage dependent, e.g., the gene

expression was predominantly proportional to the parental

gene contribution of 2n maternal and 1n paternal, but also
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dominant and overdominant expression patterns were

revealed (Guo et al. 2003). Similarly, in the hybrid

embryos the expression patterns were predominantly

additive but also dominant and overdominant expression

patterns have been found (Stupar and Springer 2006;

Meyer et al. 2007b). As shown by Singletary et al. (1997),

dosage effects were associated with metabolite patterns,

especially with carbohydrate and starch biosynthesis in

endosperm of starch-deficient mutants of maize. Genes

related to metabolism appear to be associated with different

heterotic patterns in the maize embryo, endosperm and

during grain filling (Meyer et al. 2007b; Meng et al. 2005;

Wang et al. 2007; Jahnke et al. 2010).

In our previous work, we quantified the relative flux

contributions of the major pathways of central carbohy-

drate metabolism in the maize kernel to starch synthesis

(Spielbauer et al. 2006). The carbohydrate flux pattern of

maize kernels turned out to be very robust to genetic per-

turbation and was not associated with heterosis. Thus,

relative carbohydrate fluxes have little value as markers for

heterosis in the maize kernel. Therefore, in this study, we

focused on metabolite pool sizes as potential markers for

heterosis with the intention to answer the following

questions:

1. Do the B73, Mo17, and B73 9 Mo17 genotypes differ

in their metabolite pattern?

2. Which heterotic patterns are detectable at the level of

individual metabolites?

3. Is the metabolite pattern dependent on the develop-

mental stage?

4. What is the difference between the metabolite patterns

in embryo and endosperm tissues?

To this end, we surveyed the levels of starch and protein

components and 24 metabolites such as carbohydrates and

amino acids that are key intermediates for starch and pro-

tein kernel storage products in the B73 and Mo17 inbred

lines and in the B73 9 Mo17 hybrid. Metabolites were

monitored throughout grain filling at 8–30 DPP, the most

crucial period of plant development in terms of seed yield.

Materials and methods

Plant material

Maize plants of the inbred lines B73 and Mo17 were grown

in the greenhouse in summer 2006. One ear per plant was

hand pollinated to obtain B73, Mo17, and B73 9 Mo17

genotypes. Ears were harvested consecutively at 8, 12, 16,

20, 25, and 30 DPP. The kernels from individual cobs were

pooled, lyophilized, and stored at -70�C. Dry matter

content and specific metabolites were quantified based on

2–5 biological replicates for each genotype, time point, and

tissue type. Kernels older than 12 DPP were dissected into

endosperm, embryo, and pericarp, which were analyzed

separately. For kernels up to 12 DPP this dissection was

not possible.

Dry matter and chemical analysis

Dry matter content was determined by weighing a subset of

10–30 kernels (8–30 DPP) before and after lyophilization.

Dry weights of endosperm and embryo (16–30 DPP) were

determined by weighing dissected samples from 10 kernels

after lyophilization.

Starch content was determined from maize kernels

according to the total starch assay procedure (Megazyme).

Carbohydrates were extracted from maize kernels with

75% methanol at 4�C. An ICS-3000 system (Dionex)

equipped with a CarboPac PA1 column (250 9 2 mm,

Dionex) and a PA1 guard column (50 9 2 mm, Dionex)

was used to separate the compounds at a flow rate of

0.25 ml/min at room temperature. For separation of glu-

cose, fructose, and sucrose isocratic elution was carried out

with 100 mM NaOH. Phosphorylated compounds were

eluted using a linear NaOH/Na-acetate gradient in an iso-

cratic background of 18 mM NaOH. The Na-acetate con-

centration was kept at 0 mM from 0 to 5 min, increased

linearly from 0 to 500 mM between 5 and 45 min, then at

500 mM for an additional 10 min, and was then returned to

the initial condition from 55 to 65 min. The detection was

carried out by a pulsed amperometry cell equipped with a

working gold electrode and a combined pH-Ag/AgCl

reference electrode. The detector was used in the integrated

amperometry mode with the preset standard quad potential-

time sequence for carbohydrate detection. Quantification of

glucose, sucrose, fructose, glucose 6-phosphate, fructose

1-phosphate, and fructose 6-phosphate was achieved by

recording calibration curves from original metabolite

standards.

Total protein extraction was performed through a

modified two-step protein extraction protocol according to

Cho et al. (2006). Finely ground samples from whole

kernels (100 mg, 8–12 DPP), endosperms (100 mg, 16–

30 DPP), or embryos (20 mg, 16–30 DPP) were pre-

extracted three times with 2 ml of cold acetone at 4�C,

followed by centrifugation at 3,000 rpm for 10 min at 4�C.

After removal of acetone the pellets were air-dried. For

solubilization of proteins the pellets were mixed with 2 ml

of a buffer containing 9 M urea, 18 mM Tris–HCl pH 8.0,

and 50 mM DTT. This mixture was incubated for 5 min at

room temperature. The suspension was centrifuged at

3,000 rpm for 10 min and the supernatant was collected.

This procedure was repeated four times and the superna-

tants were pooled. The combined supernatant was used for
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protein quantification with a kit (Bio-Rad Laboratories

Inc., USA).

Amino acids were extracted from dried plant material. A

total of 50 mg of cornmeal derived from whole kernel (8–

12 DPP) or from endosperm (16–30 DPP) or 20 mg of

powdered embryo (16–30 DPP), respectively, were

extracted twice with 1 ml of 25% acetonitrile. The sample

preparation procedure was carried out according the

EZ:faast kit for free (physiological) amino acid analysis

(Phenomenex). The amino acids were analyzed on a

Thermo Finnigan Trace DSQ mass spectrometer coupled to

a 0.25 lm SLB5MS (SUPELCO) fused silica capillary

column with a 30 m 9 0.25 mm inner diameter. Helium

(1.1 ml min-1) was used as a carrier gas. The injector

temperature was 220�C, set for split injection, with a split

ratio of 1:10. The temperature program was 110�C for

3 min, 110–140�C at a rate of 5�C min-1, 140�C for

18 min, and 140–320�C at 10�C min-1. The ion source

temperature was 250�C. Mass range was recorded from m/z

50–650 and spectra were evaluated with the Xcalibur

software version 1.4 supplied with the device.

Statistical methods

Estimating of LS means, pairwise contrast,

and heterosis pattern

Starch is the most abundant metabolite in the maize ker-

nels. To transform the measured values such that they are

independent of the starch content, we used following cor-

rection for an originally measured metabolite value xoriginal:

xcorrected ¼
xoriginal

ð100�%StarchÞ=100

This type of correction was chosen because the starch

content was originally measured as percentage of starch for

the total kernel dry matter weight (DW), measured in mg

ðStarch)=100mg (DW): Starch is mainly stored within the

endosperm of the maize kernel. Thus, this correction was

carried out only for the complete kernel and for the

endosperm measurements, but not for the embryo.

Before obtaining genotypic estimates and heterosis

estimates, we looked at the residuals obtained from fitting

a linear mixed model. Any outlying observations that

influenced the resulting quantile–quantile (QQ) plot or

residual plot of standardized residuals were removed. To

further assess normality of residuals, we simulated data

sets using the variance components as estimated for a

specific metabolite, fitted the model again for each set of

simulated data, obtained those residuals for the simulated

data and plotted them. This allowed comparing QQ plots

of the original data with or without outlying observations

to what one would expect considering the underlying

correlation structure of the residuals. Using several simu-

lated data sets allows plotting an envelope around the

observed residuals. This makes it easier to assess normality

of these residuals.

To assess mid-parent heterosis for a given metabolite,

we fitted a linear mixed model with SAS software version

9.2 separately for each metabolite. This facilitated

computing three linear pairwise contrasts, one mid-parent

heterosis contrast, and the least squares means (LS means)

of each genotype-date combination in one step. We used a

logarithmic transformation for all metabolites because the

majority of metabolites exhibited some kind of variance

heterogeneity, which was obvious in the plots of predicted

values versus standardized residuals. To make statistical

inference consistent for all metabolites we transformed

each variable.

The linear mixed model we used was:

yijklm ¼ logðxijklmÞ ¼ ai þ bj þ cij þ aik þ eijklm

ai Fixed effect of the ith genotype, with i 2 1; 2; 3f g,
bj Fixed effect of the jth date, with j 2 1; 2; 3; 4; 5; 6f g;
cij Crossed effect of ith genotype and jth date,

aik Random effect of the kth plant of the ith genotype,

with aik �i:i:d:Nð0; r2
pÞ;

eijklm Residual of measurement m, genotype i, date j,

plant k, and sample l, with eijklm �
i:i:d:

Nð0; r2
eÞ:

Because of the sampling strategy that was applied, this

design is unbalanced. We also considered fitting a random

sample effect, but due to the imbalance there were too few

degrees of freedom to reliably estimate the variance for this

effect. The residual degrees of freedom for Wald-type F

and t tests were approximated by the Kenward–Roger

method (Kenward and Roger 1997), which is available in

PROC MIXED of SAS 9.2 software.

To compute a mid-parent heterosis contrast of the

embryo values, we used the estimates of all three geno-

types and specified the null-hypothesis:

H0 : AB� A

2
� B

2
¼ 0

To compute the average of parents’ contrast of the

endosperm values, we used the estimates of all three

genotypes and specified the null-hypothesis:

H0 : AB� 2A

3
� B

3
¼ 0;

where AB represents the hybrid B73 9 Mo17, A the inbred

B73, and B the inbred Mo17. This contrast can be inter-

preted as the weighted mid-parent heterosis contrast with

respect to the allelic composition of the endosperm tissue

(Guo et al. 2003).
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If b is the vector of fixed effects, a linear contrast, which

tests the hypothesis of equality is defined as L0b ¼ 0: The

mid-parent heterosis and average of parents contrasts, as

well as pairwise linear contrasts, are tested using an

approximately t distribution for the test statistic:

t ¼ L0b̂
ffiffiffiffiffiffiffiffiffiffiffiffi

L0ĈbL
q

where the denominator degrees of freedom were approxi-

mated using the method of Kenward and Roger (1997). Ĉb

is the fixed-effects part of an estimate of the generalized

inverse of the coefficient matrix in the mixed model

equations (SAS-Doc PROC MIXED) and b̂ represents the

estimate of b.

We also applied all three pairwise linear contrasts

among genotypes at each time. The null hypotheses all

have the same form:

H0 : A� B ¼ 0;

where A and B differ such that each genotype was tested

with the two other genotypes at each time.

The mid-parent heterosis and average of parents con-

trasts as well as pairwise linear contrasts obtained from

fitting the mixed model for each genotype–time combina-

tion were used to classify the heterosis effects. Additivity

was assumed when the F1 genotype mean was not signif-

icantly different from the mean of the parents. Overdomi-

nance and underdominance were assumed when the F1

genotype mean was significantly larger or smaller than the

means/weighted means of both B73 and Mo17 genotypes.

High-parent or low-parent dominance was inferred when

the F1 genotype mean was not significantly different from

one parent and significantly larger or smaller than the other

parent. We identify further the dominance effects as

maternal or paternal effect.

Classification of metabolite patterns

Two different strategies were applied and both aim at

classifying and visualizing similarities as well as differ-

ences among genotype–time combinations. We used the LS

means of each metabolite computed for a specific date,

fitted with the mixed model shown above.

The first method that we applied was hierarchical bot-

tom-up clustering with complete linkage and Euclidean

distances (Murtagh 1985). The cluster agglomeration

method complete linkage computes cluster distances as the

distance between the most distant members of two clusters.

We used the Euclidean distance because it is widely

accepted and easy to interpret. To remove any bias

introduced by scale differences among these metabolite

measurements, we first standardized all values to zero

mean and unit variance for each metabolite.

A second method of visualizing similar information

inherent to the metabolite pattern of LS means estimates is

using PCA plots. At first, a singular value decomposition

(SVD) of the standardized data matrix Z was performed:

Z ¼ USV 0;

where U is an (n 9 p) orthonormal matrix, S is a diagonal

matrix of order p, and V 0 is the transpose of a (p 9 p)

orthogonal matrix V. S contains the singular values of the

decomposed matrix Z as diagonal elements, which are

arranged so that s1� s2� � � � � sp� 0:

V defines a rotation of the original axes to a new set of

axes within principal component (PC) space, which can be

obtained by post-multiplying matrix Z by V (Digby and

Kempton 1987; Gower and Hand 1996). This factorization

represents Euclidean distances of the objects (genotype–

time point combinations in our case) within the PC space.

Reconstruction of the original data

For developmental stages DPP16, DPP20, DPP25, and

DPP30 amino acids and DW were separately measured in

two different tissues of the maize. This allowed us to

reconstruct the values for the whole maize kernel because

the abundance of a specific amino acid was measured in

nmol/mg DW. Let xen;xmy be the dry matter weights of

endosperm and embryo, respectively.

If aendo
i ; aembryo

i represent the measurements of the ith

amino acid in both tissues, the value for the whole maize

kernel aker
i can be reconstructed using:

aker
i ¼

xendoaendo
i þ xembryoaembryo

i

xendo þ xembryo

To make it consistent with the starch correction, we

corrected the endosperm dry matter weight before applying

the reconstruction of the complete maize kernel. Each

original dry matter weight DWoriginal measured for the

endosperm was corrected as:

DWcorrected ¼ DWoriginal � ð100�% Starch)/100:

For making interpretations on the original scale, the

adjusted means and their corresponding standard errors

were back-transformed using:

y ¼ exp x

and

SEy ¼ exp x� SEx;

where x is a value on the original scale, y is the value after

log-transformation, and SE is the standard error (Piepho
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2009; Connolly and Wachendorf 2001; Taylor 2006).

Adjusted means can be interpreted as estimates of medians

and this property survives after back-transformation. The

back-transformed means can therefore be explicitly labeled

as estimates of medians on the original scale.

Results

High-parent heterosis in dry matter content of maize

kernels

Dry matter content increased in a nearly linear fashion for

the three genotypes. At all time points between 8 and

30 DPP the dry matter content of B73 9 Mo17 kernels

was higher than in either parental line (Fig. 1a). The dif-

ferences between Mo17 and the hybrid were significant

throughout the time interval studied, while the differences

between B73 and the hybrid were significant at four time

points. Thus, high-parent heterosis in the B73 9 Mo17

system is manifest in dry matter content throughout kernel

development.

Analysis of starch, sugar, protein, and free amino acid

content in maize kernels

Genotypic differences

The global trends of metabolite levels over time were

similar in the kernels of the three genotypes. Starch was

typically the most abundant storage compound of the maize

kernels. Among the metabolites analyzed, sucrose, glucose,

and fructose were the main sugar components, while ala-

nine, asparagine, aspartate, glutamine, glutamate, and

proline prevailed as the most abundant free amino acids.

Phosphorylated sugars and the remaining amino acids were

approximately two to three orders of magnitude less

abundant (Supplementary Fig. 1).

The content of the sugar and amino acid components,

expressed on a dry weight basis, is strongly affected by the

changes in starch levels. In order to avoid the ‘‘dilution

effect’’ of starch accumulation in endosperm on other

metabolites, their concentrations were calculated on a

starch-corrected dry weight basis.

Among all metabolite–time combinations, the highest

metabolite concentration determined in any genotype was

observed most frequently in Mo17 (57%) and much less

frequently in B73 (21%) or in B73 9 Mo17 (22%). For

instance, glucose and fructose are predominantly higher in

Mo17 than in B73 or B73 9 Mo17 during kernel devel-

opment (Fig. 1). Similarly, alanine, asparagine, lysine,

threonine, and tryptophan levels were constantly more

abundant in Mo17 than in the other genotypes. Contrary to

this bias, the highest abundance of starch was found in

B73 9 Mo17 kernels at nearly all time points. Other

notable exceptions were sucrose and methionine with

the highest concentration in B73 9 Mo17 (Fig. 1 and

Supplementary Fig. 1). Among the pairwise comparisons
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in B73, B73 9 Mo17 and Mo17 maize genotypes. The diagrams

illustrate the reconstructed original data as described in ‘‘Material and

methods’’. Glucose and sucrose contents are expressed on a starch-

corrected dry weight basis
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of genotypes (for a given metabolite and time) most of the

significant differences were found between Mo17 and

either B73 or B73 9 Mo17. The abundance of significant

differences between B73 and B73 9 Mo17 was remark-

ably lower and their metabolite compositions are rather

similar (data not shown).

The time-independent LS means characterize the level

of each metabolite over the time analyzed and clearly show

the overall genotypic differences (Fig. 2). Among the 26

compounds quantified, the highest time-independent con-

centration was frequently observed in Mo17 (16 metabo-

lites). Out of the remaining ten metabolites the highest

concentration of aspartate, glutamate, phenylalanine, pro-

line, serine, and tyrosine was observed in B73 while the

highest level of sucrose, starch, glucose-6-phosphate, and

methionine was characteristic for the B73 9 Mo17 geno-

type. The differences in the time-independent LS means

between Mo17 and the two other genotypes were abundant.

Significant differences were observed for 14 metabolites

between Mo17 and B73 and for 11 metabolites between

Mo17 and B73 9 Mo17. Sucrose and lysine were signifi-

cantly different among all three genotypes. Glucose, fruc-

tose, and starch as well as alanine, asparagine, and tyrosine

showed significant differences between Mo17 and the other

two genotypes. In contrast glucose-6-phosphate in B73 and

glutamine in B73 9 Mo17 had a significantly lower level

compared with the other two genotypes.

Analysis of heterotic patterns

An additive mode of gene action would predict the level of

a trait in the F1 hybrid to be equal to the average of the

parents. In triploid endosperm, the expected level would be

proportional to the parental contribution, i.e., the average

of parents: Ave = (2Pfemale ? 1Pmale)/3 (Guo et al. 2003).

We took advantage of this mode of calculation and adopted

it for metabolite levels in whole kernels, given that the

main kernel part is the endosperm (the embryo represents

only 3–10% of the kernel dry weight throughout the

development).

In order to analyze heterotic patterns of individual

metabolites, we calculated the average of parent values for

all metabolite traits across the developmental stages in

whole kernels. Approximately 10% of the individual

hybrid metabolite concentrations were significantly differ-

ent from the respective weighted parental means. The

concentrations of these nonadditive metabolites were fre-

quently smaller, than the calculated average of parent

value.

The calculation with time-independent LS means gave a

highly similar picture (Table 1). Among the seven metab-

olites with nonadditive pattern four amino acids: aspara-

gine, glutamine, serine, and threonine were below and

starch, sucrose, and glucose-6-phosphate were above the

weighted parental means. The heterotic patterns of these
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Fig. 2 Time-independent least square means of dry matter, starch

and protein as well as sugar and amino acid levels in B73,

B73 9 Mo17 and Mo17 maize genotypes. The bars represent the

data set in %DW for dry matter, starch and protein and in nmol/mg

DW for sugar and amino acid compounds after log-transformation.

The log-transformation provides the presentability of compounds with

different concentrations of several magnitudes on one diagram. The

original values were multiplied by 10 to avoid values below zero.

Significant differences between genotypes are indicated as follows:

stars among the three genotypes, triangle between Mo17 and B73 as

well as Mo17 and F1 hybrid, diamond between B73 and F1 as well as

B73 and Mo17, square between F1 and B73 as well as F1 and Mo17,

open circle between B73 and Mo17, inverted triangle between B73

and F1, cross between Mo17 and F1
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metabolites were further classified. Sucrose exhibited

overdominance, starch and glucose-6-phosphate exhibit

high-parent dominance. Asparagine, serine, and threonine

exhibited low-parent dominance and glutamine exhibited

clear underdominance. We identified three cases of

maternal dominance for starch, asparagine, and threonine

and two cases of paternal dominance for serine and glu-

cose-6-phosphate.

Time courses of carbohydrate and amino acid components

Starch deposition accelerated rapidly after 12 DPP and

leveled off at 20 DPP in all genotypes (Fig. 1b). We also

observed that both the total sugar concentration and the

total amino acid concentration reached a maximum at

12 DPP, i.e., at the onset of the rapid starch filling phase

and then declined continuously (data not shown). This

overall pattern fits the expectation that the synthesis of

starch and other storage compounds depletes the endo-

sperm of low-molecular weight precursors.

Three basic types of time courses for individual

metabolite concentrations could be distinguished. The

metabolites in the first group showed a maximum level at

the early stage and then declined continuously towards

maturity. This group includes glucose, fructose, isoleucine,

serine, and valine (Fig. 1c; Supplementary Fig. 1). The

levels of metabolites in the second group, like sucrose,

methionine, and lysine, showed an increasing trend with

age (Fig. 1d; Supplementary Fig. 1). Metabolites in the

third group passed through a maximum level between 12

and 16 DPP. This group includes sugar-phosphates, ala-

nine, leucine, glycine, histidine, threonine, and tryptophan

(Supplementary Fig. 1). The distribution of the significant

differences in metabolite content between genotypes or

heterotic patterns showed no clear trend over development.

Tissue specificity

In order to inspect the contribution of endosperm and

embryo in the metabolite pattern of the maize kernel, we

analyzed the amino acid and protein content in dissected

kernels. The concentrations of individual free amino acids

vary over three orders of magnitude across genotypes,

developmental stages, and tissues (Fig. 3). In both endo-

sperm and embryo tissues, glutamine, glutamate, alanine,

and aspartate were among the most abundant amino acids.

Conspicuously, proline was by far the most abundant

amino acid in embryo; its concentration was two orders of

magnitude higher in the embryo than in endosperm. Thus,

90% of proline in the maize kernels at 30 DPP is con-

centrated in embryo and only 10% in endosperm.

As was observed in whole kernels (see above), the Mo17

genotype is predominantly associated with the highest

amino acid levels in endosperm and in embryo

Table 1 Heterosis effects different from additivity

Sample

type

Trait Probt Difference from

parental maina (%)

Range of

genotypes

Pairwise comparison

B73 versus

B73 9 Mo17

Mo17 versus

B73 9 Mo17

B73 versus

Mo17

Dom.

pattern

Whole kernel Starch 0.0157 16.08 H [ M [ P M & H P \[ H M \[ P HP/MD

Whole kernel Sucrose \0.0001 27.67 H [ M [ P M \[ H P \[ H M \[ P O

Whole kernel Asparagine 0.0049 -62.42 P [ H [ M M & H P \[ H M \[ P LP/MD

Whole kernel Serine 0.0060 -30.60 M [ P [ H M \[ H P & H M & P LP/PD

Whole kernel Glutamine 0.0146 -41.09 P [ M [ H M \[ H P \[ H M \[ P U

Whole kernel Threonine 0.0347 -31.79 P [ M [ H M & H P \[ H M \[ P LP/MD

Whole kernel Glucose-6-P 0.0370 28.64 H [ P [ M M \[ H P & H M & P HP/PD

Endosperm Valine 0.0072 -52.03 P [ M [ H M & H P \[ H M \[ P LP/MD

Endosperm Serine 0.0049 -62.42 P [ M [ H M & H P \[ H M \[ P LP/MD

Endosperm Asparagine 0.0060 -30.60 P [ H [ M M & H P \[ H M & P LP/MD

Endosperm Leucine 0.0146 -41.09 P [ M [ H M & H P \[ H M \[ P LP/MD

Embryo Asparagine 0.0072 -52.03 H [ M [ P M & H P \[ H M \[ P LP/MD

Embryo Methionine 0.0049 -62.42 P [ H [ M M & H P \[ H M \[ P HP/MD

Probt P value of the significance test between the parental mean and the hybrid LS mean. Range of genotypes show the downward sequence of

the LS means in the three genotypes: H hybrid, M B73, P Mo17, O overdominance, U underdominance, HP high-parent dominance, LP low-

parent dominance, MD maternal dominance, PD paternal dominance, \[ significantly different metabolite concentration, & not significantly

different metabolite concentration
a average of parents for kernels and endosperm and mid-parent heterosis for embryo is calculated from the reconstructed original data as

described in ‘‘Material and methods’’
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(Supplementary Figs. 2, 3). In both tissues the most sig-

nificant differences occurred between Mo17 and B73 as

well as between Mo17 and B73 9 Mo17. With respect to

the genetic composition in the endosperm and in the

embryo the average of parents and mid-parent heterosis

were calculated, respectively. Table 1 shows that additivity

remained the most prevalent heterotic pattern in both of the

dissected kernel parts. In endosperm, we found four amino

acids representing low-parent dominance (valine, serine,

asparagine, and leucine). The embryo was characterized by

fewer nonadditive patterns, only one low-parent (aspara-

gine) and one high-parent (methionine) patterns have been

found. In both cases maternal dominance was the common

heterotic pattern.

In endosperm, the levels of most of the amino acids

followed a simple, declining time course with few excep-

tions like aspartate, methionine, glutamate, tyrosine, and

lysine (Supplementary Fig. 2). In embryo alanine, gluta-

mate, glycine, leucine, phenylalanine, and tyrosine showed

the declining pattern and the majority of the amino acid

time courses have a maximum at 20–25 DPP (Supple-

mentary Fig. 3).

Comparison of metabolite patterns

In addition to the description of metabolite time courses

and heterotic patterns of individual metabolites, we also

investigated whether genotype–time combinations can be

distinguished regarding different metabolite patterns. For

the purpose of visualizing the different effects of few

carbohydrate and many amino acid components on

metabolite patterns, hierarchical cluster analysis was

carried out separately for these two metabolite classes. In

each step those two clusters were joined that had the

smallest cluster distance.

The result of the hierarchical cluster analysis of sugar

components in whole kernel from 8 to 30 DPP is shown

in Fig. 4a. The dendrogram shows distinct groups

according to the developmental state of the kernel,

representing 8–12, 16–20, and 25–30 DPP. The distances

between the three genotypes were smaller than those

between developmental stages. The closest individual

branches connected either the hybrid or one of the

parental lines, preferably B73, in two close developmental

states. Similarly, hierarchical cluster analysis of amino

acids (Fig. 4b) resulted in two distinct groups according

to kernel age. Samples at 8–16 and 20–30 DPP repre-

sented the main clusters. Almost all of the closest sub-

clusters were constituted either from B73 and the F1

hybrid or from two Mo17 samples.

Hierarchical cluster analysis of amino acid patterns

across the main kernel parts in maize seeds from 16 to

30 DPP resulted in a more complex pattern. Two distinct

groups characterized the dendrogram in Fig. 5a. The upper

cluster is dominated by endosperm samples, while the

lower cluster is dominated by embryo samples, indicating

that the majority of the samples are clustered primarily by

tissue origin. The few samples that did not cluster by tissue

origin in the main cluster were the early endosperm sam-

ples in all three genotypes as well as some embryo samples

of Mo17 and B73 9 Mo17. Within the endosperm and
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Fig. 3 Comparison of free amino acid content in embryo and

endosperm of maize kernels in B73 (a), B73 9 Mo17 (b) and Mo17

(c) genotypes using the log-transformed time-independent LS means

as described in ‘‘Material and methods’’. The bars represent the data

set in nmol/mg DW for sugar and amino acid compounds after log-

transformation. The original values were multiplied by 10 to avoid

values below zero. The scale of the X-axis is mirrored for embryo

(grey label) and for endosperm (black label)
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in the embryo clusters, samples are separated by develop-

mental stages and Mo17 is separated from B73 and B73 9

Mo17 lines. The only exception was the B73 9 Mo17

embryo sample at 25 DPP. A complementary approach,

principal component analysis of the same data set, resulted

in a more consistent picture (Fig. 5b). The first principal

component resolved amino acid patterns according to

developmental stage and the second principal component

segregated embryo samples (Fig. 5b, top half) from endo-

sperm samples (Fig. 5b, bottom half). The amino acid

composition of Mo17 genotype in both tissue types is

distinct from B73 and B73 9 Mo17 with regard to the

second principal component. Most of the amino acids

aligned with the first principal component. Only five amino

acids, namely, proline, lysine, histidine, asparagine, and

tryptophan align well with the second principal component

(data not shown). The amounts of these amino acids

showed strong differences between endosperm and embryo

tissues as well as between Mo17 and the two other

genotypes.

Fig. 4 Hierarchical agglomerative clustering of carbohydrate (a) and

amino acid (b) patterns using complete-linkage agglomeration and

Euclidean distances

Fig. 5 a Hierarchical, agglomerative clustering using amino acid

patterns in endosperm and embryo, respectively, at 16–30 DPP.

b PCA analysis using amino acid patterns in endosperm and embryo,

respectively, at 16–30 DPP. The first principal component separates

developmental stages; the second principal component separates

embryo and endosperm
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Discussion

Several comparative genome-wide studies in tomato,

potato, and Arabidopsis (Schauer et al. 2006; Fiehn et al.

2000; Roessner et al. 2000, 2001) demonstrated that

metabolite analysis in plants allows the detection of

unexpected changes in metabolite levels between homo-

zygous lines and their progeny. We investigated the

potential of metabolite profiling to reveal metabolic phe-

notypes of heterosis in developing maize kernels of the

B73 9 Mo17 model system. To this end, the sugar and free

amino acid compositions as well as starch and protein

accumulation were determined in developing kernels

between 8 and 30 DPP. We also investigated whether

specific patterns of heterosis are observable on the level of

individual metabolites.

We found that the abundance of 26 compounds can

resolve genotypic differences between B73, Mo17, and

B73 9 Mo17 kernels. Interestingly, for the majority of the

analyzed sugar and amino acid compounds the highest

metabolite level was associated with the lowest dry matter

and starch content in the Mo17 genotype (Fig. 3). The

parental lines, B73 and Mo17, belong to two different

heterotic groups, i.e., Iowa stiff stalk synthetic and

Lancaster sure crop, respectively. It is therefore not

surprising that the frequency of significant differences

between B73 and Mo17 was higher than between either

parental line and the B73 9 Mo17 hybrid. The finding that

the metabolic patterns in B73 and hybrid endosperm were

more similar to each other than to Mo17 endosperm might

results from the two genetic doses of B73 in the triploid

endosperm of the hybrid. This hypothesis should be cor-

roborated by the reciprocal cross (Mo17 9 B73) that was

not part of this study.

For the determination of heterotic effects, the genetic

compositions of the investigated tissues were taken into

account. Among the metabolites analyzed here, additivity,

overdominance, high-parent dominance, low-parent domi-

nance, and underdominance were observed. However, 90%

of the metabolite patterns were not different from addi-

tivity, e.g., the LS mean determined for the F1 hybrid was

not significantly different from the parental average. The

majority of the nonadditive heterotic patterns showed low-

parent and maternal dominance. Our results are consistent

with a global gene expression study (Guo et al. 2003),

which indicated that the majority of genes in the triploid

endosperm are expressed in an allele-specific additive

manner. In this study approximately 8% of the profiled

cDNAs were differentially expressed between hybrids of

reciprocal crosses and did not fit allelic dosage expression

resembling either maternally or paternally expressed genes.

There were more genes with maternal-like expression than

with paternal-like expression. It could be argued that

metabolite concentrations, in contrast to gene expression,

are affected in a non-linear way by allelic dosage.

Contrary to the prevalent positive mid-parent heterosis

observed in leaves (Lorenz 1972, 1975), in the present

study the majority of amino acids as well as glucose and

fructose showed negative mid-parent heterosis. This dis-

agreement might be based on the different physiological

function and source–sink properties of leaves and kernels.

The high abundance of negative mid-parent heterosis as

well as the different starch accumulation performance of

the genotypes could be related to the study of Meyer et al.

(2007a, b), where biomass and the concentrations of most

metabolites displayed a negative correlation in A. thaliana.

It is tempting to speculate that the higher biosynthetic

activity of hybrid kernels with respect to the accumulation

of reserve compounds causes a more rapid depletion of the

carbohydrate precursor pools. Lorenz (1972, 1975) used

the differences of seven amino acid concentrations

(aspartate, glutamate, glutamine, glycine, alanine, serine,

and sarcosine) between parents as biomarkers for hybrid

yield in maize. Meyer et al. (2007a, b) reported a negative

correlation between biomass and the level of sucrose,

glucose, fructose-6-phosphate, glutamine, and phenylala-

nine. We found that sucrose, asparagine, glutamine, and

serine show strong heterotic patterns. These differences

with respect to possible marker metabolites among differ-

ent species and tissues might reflect the different metabolic

states of the samples. Therefore, the applicability of

metabolites as biomarkers for heterosis has to be validated

by inspecting a larger number of inbred–hybrid combina-

tions. However, the first GC–MS based comprehensive

study of the heterotic metabolite patterns in A. thaliana

suggests a complex correlation between heterosis of met-

abolic and highly integrative phenotypic traits (Lisec et al.

2009).

Our results showed clear changes in the carbohydrate

and amino acid patterns during kernel development. These

changes likely reflect distinct metabolic programs that

satisfy specific demands at major developmental stages of

the kernel. We found that heterosis of dry matter biomass

and metabolite pattern is already established in the early

phase of kernel development, and the relative differences

between parental lines and F1 hybrid did not increase

towards the middle and late phases of kernel development.

This observation is in agreement with an earlier study,

which indicated that sink capacity and final kernel weight

are established in the early stages of kernel development

(Borrás and Westgate 2006).

The amino acid compositions of endosperm and embryo

were highly different in each of the three genotypes

investigated in this study. This is not surprising given the

fundamentally different roles of these tissues in the kernel.

There was very little information on free proline levels in
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maize kernels prior to the studies of Harrigan et al. (2007a,

b), who found high proline concentrations in maize

hybrids. Our measurements revealed that the vast majority

of the osmoprotectant proline in the kernel is concentrated

in the embryo. The prevalence of negative mid-parent

heterosis and the frequency of the nonadditive heterotic

patterns are similar in both kernel parts, but the distribution

of the heterotic patterns is different. Interestingly, a clear

interrelationship was not detectable for amino acids

between either the time courses, the heterotic patterns, or

the tissue specificity and the biosynthetic origin.

In summary, our experiments show that inbred and

hybrid genotypes can be distinguished based on the quan-

tification of only a few metabolites. When we compared

individual metabolites across genotypes, we predominantly

detected higher metabolite concentrations in Mo17. We

found that the concentrations of most metabolites in the

hybrid were slightly lower than, but not significantly dif-

ferent from, the parental average. Among the nonadditive

heterotic patterns, we could detect over- and under-domi-

nance, high- and low-parent dominance as well as maternal

and paternal dominance. Most of the metabolites showed

low-parent and maternal dominance. The metabolite pro-

files and the heterotic patterns are specific for endosperm

and embryo. The differences in metabolite patterns across

the three genotypes occur already early in development.

The metabolite composition was a remarkably sensitive

indicator for kernel age, which could possibly mask

genotypic differences.

Our data show that metabolite profiling can reveal het-

erotic phenotypes and is complementary to other ‘‘omics’’

technologies, such as profiling of gene expression (Guo

et al. 2006), expression of alleles (Guo et al. 2008), and

protein expression (Hoecker et al. 2008). Applying

metabolite profiling to a series of inbred lines and hybrids

in combination with genetic markers is likely to contribute

towards understanding and an improved prediction of the

heterosis phenomenon in crops.
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