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Abstract

Key message Aside from the identification of 32 QTL
for N metabolism in the seedling leaves of a maize test-
cross population, alanine aminotransferase was found
to be a central enzyme in N assimilation.

Abstract Excessive application of nitrogen (N) fertilizer
to grow commercial crops like maize is a cause of concern
because of the runoff of excess N into streams and rivers.
Breeding maize with improved N use efficiency (NUE)
would reduce environmental pollution as well as input
costs for the farmers. An understanding of the genetics
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underlying N metabolism is key to breeding for NUE.
From a set of 176 testcrosses derived from the maize IBM-
synl0 population grown in hydroponics, we analyzed the
youngest fully expanded leaf at four-leaf stage for enzymes
and metabolites related to N metabolism. Three enzymes,
along with one metabolite explained 24% of the variation
in shoot dry mass. Alanine aminotransferase (AlaAT) stood
out as the key enzyme in maintaining the cellular level of
glutamate as it alone explained 58% of the variation in
this amino acid. Linkage mapping revealed 32 quantitative
trait loci (QTL), all trans to the genomic positions of the
structural genes for various enzymes of N assimilation. The
QTL models for different traits accounted for 7-31% of the
genetic variance, whereas epistasis was generally not sig-
nificant. Five coding regions underlying 1-LOD QTL con-
fidence intervals were identified for further validation stud-
ies. Our results provide evidence for the key role of AlaAT
in N assimilation likely through homeostatic control of glu-
tamate levels in the leaf cells. The two QTL identified for
this enzyme would help to select desirable recombinants
for improved N assimilation.

Introduction

Nitrogen (N) is the most important mineral nutrients for
plant growth and development. N deficiency reduces dry
matter accumulation and kernel number, and results in a
substantial reduction in grain yield (Uhart and Andrade
1995; DeBruin et al. 2013). Excessive application of N, on
the contrary, is detrimental to the environment, as being
highly soluble, it can leach into the water table or runoff
into the rivers and streams, eventually causing dead zones
in the ocean where the rivers drain.
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Improving N use efficiency (NUE) of maize would help
reduce N losses from the soil. NUE, ratio of grain yield to
soil N, can be subdivided into two components: N uptake
efficiency (total plant N/soil N) and N utilization efficiency
(total grain yield/total plant N) (Moll et al. 1982; Dhugga
and Waines 1989). Since N uptake efficiency is derived
from multiplying final biomass with N concentration, it
should, in fact, be referred to as N acquisition efficiency
because of the difficulty in separating the effects of feed-
back inhibition and a limitation at the cellular level in root
uptake. At normal soil N, total plant N is nearly completely
explained by biomass, suggesting that the ability of the tis-
sue N to produce dry matter rather than N concentration
should be the focus of NUE studies (Dhugga and Waines
1989).

Once absorbed by the roots, nitrate is mostly transported
to the leaves for reduction and incorporation into amino
acids and other molecules, followed by incorporation into
various macromolecules, including enzymes. A limita-
tion at any point in the N metabolism pathway can limit N
acquisition and utilization and, consequently, biomass pro-
duction. We set out to evaluate the enzymes involved in N
reduction and incorporation into organic molecules with the
goal of identifying the steps that affect N assimilation, and
to determine associated quantitative trait loci (QTL). QTL
identified henceforth would help in selecting recombinants
that combine desirable activities for improved NUE.

The pathway for N reduction and its incorporation into
organic molecules is well documented (Fig. 1) (Yemm and
Folkes 1958; Lea 1990a, b; Lea and Azevedo 2007; Lea
and Miflin 2010; Plett et al. 2016). Nitrate is reduced to
nitrite by nitrate reductase (NR) in the cytoplasm followed

Fig. 1 Enzymes and pro-
teins involved in N acquisi-
tion and assimilation in C4
plants (created with Adobe
Illustrator CS2). AlaAT ala-
nine aminotransferase, ASN
asparagine synthase, AspAT
aspartate aminotransferase,
GDH glutmate dehydrogenase,
GOGAT glutamate synthase,
GS glutamine synthetase, NR
nitrate reductase, NiR nitrite
reductase, PEPC phosphoenol
pyruvate carboxylase, PPDK
pyruvate orthophosphate diki- 5
nase (adapted from Plett et al. s
2016). The AlaAT portion of E
'—

the pathway is highlighted
Roots

Growth
medium
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by transport of the nitrite into the plastid and reduction by
nitrite reductase (NiR) to ammonium, which then becomes
the substrate along with glutamate for glutamine syn-
thetase (GS) to form the amino-acid glutamine, the entry
point of inorganic N into organic form. Another enzyme,
glutamine-2-oxoglutarate = aminotransferase (GOGAT),
which is also referred to as glutamate synthase, regenerates
glutamate from glutamine and o-ketoglutarate. Glutamate
further serves as an amino-group donor for other amino
acids, a reaction catalyzed by various amino transferases.
For instance, alanine aminotransferase (AlaAT) catalyzes
the reversible reaction between pyruvate and glutamate
on one side and a-ketoglutarate and alanine on the other
(Miyashita et al. 2007), while aspartate aminotransferase
(AspAT) reversibly forms o-ketoglutarate and aspartate
from glutamate and oxaloacetate. Asparagine synthase
(ASN) produces asparagine and glutamate from glutamine
and aspartate. Following N assimilation, asparagine, gluta-
mate, glutamine, and other amino acids are transported via
phloem to the growing organs. Alternatively, they can be
stored as vegetative storage proteins, which can aid plant
growth during periods of N deficiency (Anderson et al.
1989; Staswick et al. 1991; Tranbarger et al. 1991; Dhugga
et al. 2007; Plett et al. 2016).

Certain metabolites and enzymes perform key roles in
C metabolism and are regulated by the status of N in the
cell (Sugiharto et al. 1990). Oxaloacetate, one of the carbon
skeletons utilized in the synthesis of amino acids, is made
from the addition of bicarbonate to phosphoenol pyruvate
(PEP) by a reaction catalyzed by phosphoenol pyruvate
carboxylase (PEPC). Pyruvate orthophosphate dikinase
(PPDK) is responsible for catalyzing the regeneration of
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PEP. Ribulose-1,5-bisphosphate carboxylase/oxygenase
(Rubisco), considered the most abundant enzyme on Earth,
initiates primary carbon fixation by catalyzing the carboxy-
lation of ribulose-1,5-biphosphate (Farquharson 2012). The
information on the genetics underlying the regulation of
plant C and N metabolism is scarce.

Most of today’s commercial maize germplasm origi-
nated from seven progenitor lines, including B73 and
Mol7 (Mikel and Dudley 2006). Both these inbred lines
are known to differ in their response to soil N (Balko and
Russell 1980). They are also the parents of the IBM (inter-
mated B73 X MO17) mapping population (Lee et al. 2002).
After ten rounds of random mating, doubled haploid (DH)
lines were generated from the IBMSyn10 population (Hus-
sain et al. 2007), which represented a high-resolution map-
ping population that could be directly associated with the
physical map established for the B73 inbred line (http:/
www.maizesequence.org). This population, especially at
the testcross (TC) level, has direct relevance to commercial
maize production, because it is the hybrids that are grown
in the farmers’ fields.

Several QTL were previously identified for enzymes
related to N metabolism (Bertin and Gallais 2000). QTL for
yield and its components clustered mainly on chromosome
5. Interestingly, one of the genes encoding cytosolic GS
was also identified in the same genomic region. The same
research group suggested that NUE could be improved by
marker-assisted selection and genetic engineering (Mas-
claux et al. 2001). Another group identified two nitrate
transporters to be associated with the ability of the lines to
maintain biomass under reduced N in a hydroponic system
(Garnett et al. 2015). Amino-acid profiles of the root and
shoot tissues were relatively stable across the lifecycle of
Gaspe, a short-cycle maize, but transcript levels fluctuated
(Plett et al. 2016).

From a study of the inbred lines of the IBMSyn4 maize
population, 73 QTL associated with ten enzymes for C and
N metabolism and 8 QTL associated with biomass were
identified (Zhang et al. 2010). Most of the QTL for enzyme
activities were away from the known genomic locations of
the corresponding structural genes, but three cis-QTL were
identified for NR, glutamate dehydrogenase and shikimate
dehydrogenase. Recently, a QTL analysis was performed
for 12 metabolites related to C and N metabolism in the
inbred lines of a maize nested association mapping (NAM)
population where mapping revealed 101 candidate genes
(Zhang et al. 2015). QTL associated with enzymes of N
metabolism in hybrid seedlings based on a high-resolution
mapping population were not studied. We believe that the
identification of QTL in a hybrid background is important
in allaying the concern that the ones identified from an
inbred population may be masked when constituted into a
hybrid and may thus not be commercially relevant.

In this investigation, a mapping population of testcrosses
(TC) derived from the crosses of the IBMSynl0O-DH
lines with an elite inbred line was grown in hydroponics
and leaf samples were analyzed to identify QTL associ-
ated with enzyme activities and metabolites involved in N
assimilation.

Materials and methods
Plant material

A total of 176 TC genotypes derived from the cross
between each IBMSynl0-DH line and an elite inbred
were used. The IBMSyn10-DH population, developed by
Hussain et al. (2007), is a set of DH lines derived from a
population after ten generations of random mating from the
cross between inbred lines B73 X Mo17. Each DH line was
crossed by an elite inbred (PEI), property of DuPont Pio-
neer (closed pedigree), to generate the TC genotypes.

Experimental design

Kernels from each TC genotype were germinated in auto-
claved paper rolls and sterilized water and, subsequently
grown under hydroponic conditions. Ten tanks (i.e., sets)
containing appropriate growing media were planted with a
total of 264 seedlings in each set. In every set, 22 different
genotypes were grown, and each genotype was replicated
12 times, randomly distributed with the help of random
numbers generated beforehand. Two genotypes (B73 and
Mo17 each crossed to the PEI) served as controls, and were
included in every set and replication.

The growing media consisted of MgSO,-7H20
0.5 mM, KH,PO, 0.5 mM, Fe-EDTA 0.1 mM, FeED-
DHA 0.1 mM, Ca(NO;)2-4H,0 1.25 mM, KNO; 2.5 mM,
Na(OH) 0.1 mM, and 0.4 L of trace elements (25 mM
H;BO;, 2 mM MnSO,-H,0, 2 mM ZnSO,-7H,0, 0.5 mM
CuSO,-5H,0, 0.5 mM Na,Mo0O,-2H,0, and 50 mM KCl)
in a total of 400 L solution per hydroponic tank. Two weeks
after planting, the six most representative plants of each
genotype, based on both their root and shoot development,
were selected and transplanted into another hydroponic
tank with same media.

When plants reached V4 stage (Abendroth et al. 2011),
the youngest fully expanded leaf was harvested and stored
at —80°C, while the rest of the plant tissues were dried for
12 days at 48 °C.

Biochemical assays

Activities of eight enzymes related to N metabolism
were determined. These enzymes were: NR, NiR, GS,
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Fd-GOGAT, AlaAT, ASN, AspAT, and PEPC, and spe-
cific protocols are described in Plett et al. (2016). GS, Fd-
GOGAT, AspAT, and PEPC assay protocols were adapted
from Gibon et al. (2004), while NR from Lea et al. (1990a,
b), NiR from Bourne and Miflin (1973), ASN assay from
Joy and Ireland (1990), and AlaAT protocol were modi-
fied from Ashton et al. (1990). In addition, the metabolites
nitrate, nitrite, and glutamate were measured as byproducts
of enzyme reactions. All measurements were determined
by comparing absorbance of each specific biochemical
reaction with known standards using a spectrophotom-
eter (Spectramax Plus 384 Microplate Reader, Molecular
Devices).

Plant leaf tissues were dried and weighed (SW), and N
content was determined by total combustion as previously
described in detail (DeBruin et al. 2013).

Statistical analysis

All statistical analyses were implemented in R statistical
program (RCoreTeam 2014). The initial data analysis of
the raw data was based on the ggplot2 package (Wickham
2010) and GGally (Schloerke et al. 2014). As a first step,
a univariate analysis, where a single variable is fitted in a
model, followed by a multivariate approach, where multi-
ple variables are analyzed simultaneously, was performed
to comprehend the relationship among variables. The
determination of outliers present in the data set, based on
a jackknife resampling strategy, was applied. As described
in Trucillo Silva et al. (2016), a statistical model is fitted
n times, systematically omitting one observation from the
data set, followed by the prediction of random effects for
a subset of most consistent genotypes each of the n times.
The aim of the process is to target “real outliers” based on
the complete information gathered in the experiment and
fine-tune the statistical model, quantified by improvements
in log-likelihood, Akaike and Bayesian information crite-
rion values after discarding misleading observations, while
keeping informative and true observations for later analy-
sis. The mixed model was fitted with ASReml R package
(Butler et al. 2007) and correspondent mixed model equa-
tions were solved for prediction of random effects and esti-
mation of fixed effects.
The statistical model can be represented as follows:

y=Xb+ Zu+e

where y denotes a n X 1 vector of observed response val-
ues, b is a p X 1 vector of fixed effects, X is a n X p design
matrix, u is a g X 1 vector of random effects, Z is an X g
design matrix, and e being the error term.

The following assumptions were used: E (u)=0, E
(e)=0, Cov (u, ¢)=0, and Var (1)=G and, Var (¢)=R.
The G matrix had a compound symmetry structure on the
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genotype levels and R matrix is a diagonal matrix with dif-
ferent values for each set, allowing non-constant variance
across sets. The response variable was the activity of the
enzyme, metabolite concentration, final ELISA determina-
tion and N content, respectively. Set, the light replicate and
plate were included as fixed effects in the model (where
replicate and plate are nested in set), and check genotype
effect was included as a continuous covariate. Finally, a
random effect for the genotype was included in the linear
model. During the process described above, several geno-
types were discarded separately for each trait. Extreme
cases were traits as AlaAT with eight total genotypes dis-
carded, and nitrate with no genotypes removed from the
analysis and sample size totalized 176 genotypes.

Significance of genetic variance was calculated based
on log-likelihood ratio test by comparing models with
and without the TC random effect. Correlation was calcu-
lated, after Bonferroni correction for multiple comparisons,
among BLUP values for each pair of traits, and repeatabil-
ity was derived from the variance estimates from ASReml.
As variance components were estimated for each of the dif-
ferent sets, a different value of repeatability was estimated
for each set and then partial estimates were averaged cor-
respondingly. Multiple regression analyses were performed
using standard procedures.

Path coefficient analysis was performed by the method
of Wright (1921) as described in Li (1975).

Genotypic information, and genetic and physical maps

TC genotypes were analyzed with a total of 5306 single-
nucleotide polymorphism (SNP) markers generated at Bei-
jing Genomics Institute. Physical and genetic positions of
each SNP were determined, and genetic maps were created
using R/qtl (Broman et al. 2003). Based on the approach
used for the determination of real outliers described previ-
ously (Trucillo Silva et al. 2016), different genotypes were
omitted from the analysis of each trait. As a result, a differ-
ent genetic map was determined for each individual trait.
Recombination fractions were estimated and Kosambi map-
ping function was implemented to calculate genetic map
distances (Kosambi 1944). Furthermore, as the recombina-
tion between linked loci increases every generation, lead-
ing to an expansion of the genetic map, mapping distances
were adjusted with the purpose of comparison with previ-
ous investigations. The expansion factor was determined
based on the following equation: «x = ’5 + (2i — 1)/2i,
where j corresponds to the number of generations of inter-
mating including the two generations for generating the F),
and i is the number of inbred generations after intermating
(Teuscher et al. 2005).

A genetic map of 11,275 c¢cM length was produced. Fol-
lowing QTL mapping, real genetic map distances were
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reduced by a factor of 6.5 to estimate adjusted F, map dis-
tances (Supplementary Material A) with the goal of compar-
ing the results with the previous QTL studies. Final adjusted
map was 1734.65 cM in length (Supplementary Material B).
Average spacing between markers was 2.13 ¢cM (0.33 cM
adjusted distance), while the maximal spacing between mark-
ers was nearly 45 ¢cM (7 cM adjusted distance), located in
chromosome 6.

Regarding physical distance, the length of the total
genome was 2051.8 Mb, and on average, a marker was posi-
tioned every 400 Kb. The widest gaps between markers, 69.8
and 67.4 Mb, were in chromosomes 2 and 9, respectively.

QTL mapping and identification of candidate genes
within QTL regions

Associations between phenotypes and genotypes were deter-
mined using QTL Cartographer (Basten et al. 2002). Single-
marker analysis followed by linear regression analysis and
composite interval mapping (CIM) was performed. For CIM,
Zmap (model 6) was implemented, using the ten most sig-
nificant marker cofactors identified by forward and backward
regression. In addition, QTL were scanned at intervals of 1 cM
and at every marker, while cofactors located within a window
of 10 cM of the scanned position were excluded from the anal-
ysis. To determine LOD score thresholds of 5%, and to further
identify significant QTL, 1000 permutations were performed
for every trait. Two nearby QTL were considered as differ-
ent when LOD peaks were localized 20 cM or greater apart.
Furthermore, a multiple interval mapping (MIM) analysis
was performed by fitting all previously identified QTL from
CIM analysis, and parameters were re-estimated and positions
refined. In addition, all pairwise interactions between QTL in
every model were studied for each trait. The significance was
determined based on the information criterion: IC (k) = -2
(log (L) — kc (n)/2), where the penalty function corresponds
to: ¢ (n)=log (n) and a threshold of 0.0 was used (Basten et al.
2002). The proportion of the total phenotypic variance associ-
ated with each model was estimated.

In addition, physical genomic regions corresponding to
1-LOD QTL regions were examined, and putative genes
related to N metabolism were prioritized based on their
annotations at MaizeGDB (Lawrence et al. 2008) and NCBI
(http://www.ncbi.nlm.nih.gov), and proposed as targets for
further studies.

Results
Statistical analysis for N metabolism related traits

Genetic variance was highly significant for all the traits
studied (Table 1). In some TCs, mean values exceeded

two standard deviations compared to the parental (Mol7
and B73) performance in their respective TC version.
Repeatability, the proportion of total variance in multiple
measurements of a trait due to differences among indi-
viduals (Dohm 2002), ranged from 0.27 to 0.86. The low-
est repeatability was for ASN, while nitrate exhibited the
highest value (Table 1).

Relatedness of N metabolism traits

Pairwise correlation coefficients among all the traits
are presented in Figs. 2 and 3. From a total of 66 Pear-
son correlation coefficients, the percentage of pairs that
were significant at a p value of <0.001, <0.01, or <0.05
was, respectively, 23, 2, and 9. Significant correlations
between enzyme activity and metabolite concentrations
were all positive. Negative significant correlations were
found between shoot dry weight (SW) and activities of
ASN (-0.31), AspAT (—0.33), and GOGAT (-0.27).
Strong, positive correlations were observed between
AlaAT activity and glutamate (0.79), as well as between
AspAT and GS (0.56).

Three enzymes along with shoot N concentration
(N,) explained 24% of SW. Whereas AspAT explained
the most variation in shoot biomass, NiR, N, and ASN
sequentially explained additional, but smaller amounts
of variation as judged from the partial R? values derived
from path coefficient analysis.

Variation explained in each trait by the remaining traits
is presented in Fig. 4. Glutamate explained the bulk of
the variation in AlaAT and vice versa, GOGAT in ASN,
GS in AspAT and vice versa, ASN in GOGAT, N, in NiR,
AspAT in NR, AlaAT in nitrate, and AspAT in N,. The
maximal variation explained for any trait was 62% for
AlaAT and the least amount, 7%, was for NR. AspAT had
the largest number of variables, 5, explaining variation,
whereas GOGAT and NR had only one each, AspAT and
AlaAT, respectively.

Identification of quantitative trait loci: composite
interval mapping

A total of 32 QTL spread across all the chromosomes
were identified for all the traits. The largest number of
QTL, seven, was mapped to chromosomes 6 and the least
number, two, to chromosomes 8 and 9 each (Table 2;
Fig. 5).

The number of QTL detected per trait ranged from one
for NR to five for ASN (Table 2). Individual QTL explained
on average 8.8% of the variance with some explaining as
much as 16.2% or as low as 6.0% (both QTL for SW). More
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Fig.2 Correlation matrix-

heatmap of the N metabolism- ‘9\5 \"Qv.
related traits in the IBMSyn10-
DH TC population of maize AAT 027 04 026

(created with corrplot package,
R). Significant correlation (p
value <0.05) values are colored
in blue (positive correlation)
and red (negative correlation).
(Color figure online)

AlaAT
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Fig. 3 Graphical depiction of correlation coefficients among
enzymes and metabolites related to N metabolism in maize leaves
(created with Keynote from Apple)

than 80% of the QTL accounted for less than 10% of the
variance. Positive allele effects across traits, 18 for B73 and
14 for Mo17, were similarly derived from each parent.
Confidence intervals (CI 1-LOD) for QTL localization
ranged from 3 to 28 cM (0.46—4.26 cM adjusted distance)

ASN = 0.34 <0.01

AspAT  0.05
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in length, with an average of 8.81 cM. Those CI are equiva-
lent to 0.2—12 Mb in physical distance, with an average CI
length of 2.1 Mb.

A hotspot QTL region was localized on the short arm
of chromosome 6, comprising QTL associated with five
different phenotypes including enzyme activities (ASN,
GOGAT, and PEPC) and metabolites (glutamate and
nitrate). Furthermore, QTL for ASN and GOGAT (Chr. 10)
were co-localized on the genetic map.

Multiple interval mapping: epistasis

In most traits, epistatic interactions did not significantly
improve the fit of the models, and thus, epistatic effects
were excluded from genetic models. Epistatic effects were
retained for PEPC and nitrate, where they explained 5 and
2.5% variation, respectively. MIM models explained a sig-
nificant portion of the total variance in ASN and nitrate
(over 30%) and, just over 7% for other traits (AlaAT and
NR) (Table 3).

Candidate genes

Candidate genes were identified within 1-LOD QTL regions
across the maize genome. However, only a subset of the
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Table 2 (continued)

Add effect # Genes'

Adj (cM)® P Pos (Mb)* P interval (Mb)? LOD R* (%)

G interval (cM)¢

G Pos (cM)°

Marker”

Chr*

QTL name

1.46
1.31

7.74
6.58
16.17

522
4.48
10.47

10.05-10.25

10.15

41.05
16.16

265.2-269.13
99.94-112.77

266.85

85
57
51
311

Glutamate-1

278

11.80-23.60
7.95-8.45

13.95
8.35

160.65

105.01

Glutamate-2

SW-1

42

-2.42
1.59

155.61-166.82 25.23

599.58-607.5

163.97

14

5.98

422

160.55-160.90

92.78

603.06

SW-2

2Chromosome number

"Marker localized at LOD peak
“Genetic position of SNP in cM

41-LOD interval in cM

¢ Adjusted genetic position

Physical position in Mb

£1-LOD Physical interval

h Additive effect of respective QTL (a positive-signed effect represents an increasing allele from B73, while a negative-signed allele denotes an increasing allele from Mo17)

INumber of annotated genes localized at 1-LOD QTL regions

putative genes could be associated to N metabolism. Most
promising candidate genes ID are GRMZM2G008714,
GRMZM2G045171, GRMZM2G082780,
GRMZM2G088235, and GRMZM?2G180625 (Table 4).

All the QTL for enzyme activities and metabolites
identified in this study are in trans configuration from the
known genomic locations of their corresponding structural
genes. For example, QTL for GS were identified on chro-
mosomes 1, 5, 6, and 8 at physical positions 80.15, 83.95,
150.20, and 2.55 Mb, respectively. The structural genes
for GS are located on chromosomes 1 (between 27.07 and
27.40 Mb), 2, 4, 5 (between 203.21 and 203.62 Mb), 9,
and 10, based on the following nearest loci on the IBM2
2008 Neighbors map, respectively. Thus, the putative N
metabolism-related genes identified under the QTL regions
might be involved in regulating the activity of the respec-
tive enzymes through alteration of the metabolite pools via
regulatory enzymes.

Discussion

Four variables, AspAT, NiR, and ASN along with N,
explained approximately a quarter of the variation in shoot
biomass (Fig. 6). Only one of these variables, NiR, was
positively correlated and the remaining three were each
negatively correlated with the biomass (Fig. 2). Neverthe-
less, these variables could be focused on for further studies
for their ability to make shoot biomass.

Interrelationship among the enzymes and metabolites is
represented in Fig. 1. The strongest correlation was between
glutamate and AlaAT. Glutamate is a key amino acid in N
metabolism as it constitutes the substrate for the incorpora-
tion of inorganic N into glutamine and then cycles N from
glutamine into other amino acids. AlaAT has previously
been reported to improve NUE in plants by several labo-
ratories (Son et al. 1992; Good et al. 2007; Miyashita et al.
2007; Shrawat et al. 2008; Rocha et al. 2010). Although
originally identified as conferring upon plants the ability to
overcome hypoxia through conversion of pyruvate to ala-
nine pool and thus keeping the energy-producing part of
glycolysis functioning, its transgenic overexpression has
been shown to improve NUE in several crop plants (Good
et al. 2007). We have highlighted the relative importance
of various enzymes and glutamate based on their interre-
lationships in Fig. 1. Its high correlation with glutamate
points to the role AlaAT plays in maintaining metabolic
homeostasis in primary N assimilation: removal of gluta-
mate from the pool for continued N uptake and assimila-
tion and the conversion of alanine into glutamate for incor-
poration of N into other amino acids when N availability
drops below the threshold of limitation (Fig. 2). Likewise,
AspAT could contribute to C4 metabolism by maintaining

@ Springer
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Fig. 4 Prediction of each trait
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the concentrations of oxaloacetate and alpha-ketoglutarate
in the cells (Fig. 1).

In this investigation, 32 QTL associated with N metab-
olism were identified in a high-resolution maize TC map-
ping population. In addition, QTL models explaining even
greater than 30% of the genetic variance were identified for
certain phenotypes, such as ASN and nitrate.

Consistent with the previous studies, all significant
correlations among enzyme activities were positive, sug-
gesting that the enzymes were co-regulated to varying
extents (Zhang et al. 2010). Indeed, significant correlations
between enzyme activities and metabolites were positive as
well (Figs. 2, 3). With an increase in nitrate concentration,
an increase in the activities of NR, NiR GOGAT, and GS
would be expected. A positive correlation between nitrate
and glutamate further supports this viewpoint (Fig. 2).
In addition, a negative correlation was found between
enzyme activities and biomass (Zhang et al. 2010). Except
for NiR, biomass was negatively correlated with most of
the enzymes in our study (Fig. 2), which was most likely
because of dilution effect, that is, the fast-growing TCs had
diluter cell contents than the slow-growing ones as would
be expected.

QTL were associated with the activities of eight
enzymes, two metabolites, and N, phenotypes. In agree-
ment with a previous investigation (Zhang et al. 2010), the
same QTL were detected for NR, GS, and AspAT localized
on chromosomes 4, 5, and 9, respectively. Nevertheless,
most of the QTL reported in other maize studies (Agrama
et al. 1999; Hirel et al. 2001) did not co-localize with the
QTL identified in this analysis, whereas a single QTL asso-
ciated with NR was found on chromosome 4 in this investi-
gation and by Zhang et al. (2010).

@ Springer

A few QTL co-localized with QTL for different
agronomic traits in the previous studies. For instance,
GOGAT-1 QTL were exactly at the same location as a QTL
previously associated with the determination of ear-plant™!
under high soil N, and a QTL associated with number of
kernels per ear (Agrama et al. 1999). Hence, some genomic
regions seem to be affecting more than one trait, indicative
of the presence of pleiotropy.

Three genetic regions (1-LOD confidence interval
around the LOD peak) on chromosomes 1, 6, and 7 con-
taining QTL for several enzymes were identified by Zhang
et al. (2010); however, no QTL signal was detected under
those exact regions in our QTL analysis. The previous
investigation was based on the inbred lines of the IBM-
Syn4 population, which had fewer recombinants than our
population, and genotyped with 2200 DNA marker loci.
The co-location of some QTL could be attributed to a lack
of genetic resolution (Zhang et al. 2010). The TCs used in
our work would be less prone to this bias because of the
additional rounds of intermating as well as the use of a
higher marker density.

A lower number of QTL identified per trait our study as
compared to a preceding investigation could be attributed
to an increased recombination because of additional cycles
of recombination (Zhang et al. 2010).

Prior investigations found little evidence of common
QTL detection between inbred per se and TC progeny,
suggesting that marker-assisted selection strategies based
on QTL identified at the inbred level, which was the case
with the previous study, would not assure the selection of
hybrids with superior performance (Beavis et al. 1994;
Schon et al. 1994). Genetic studies on a TC mapping
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Fig. 5 a Genetic map and
distribution of QTL associated
with N metabolism-related traits
in the IBMSyn10-DH TC popu-
lation of maize (created with
Mapchart 2.2). b QTL positions
shown at left of chromosomes
(in ¢cM) and QTL lengths of
bars are determined by 2-LOD
confidence intervals. Only
selected markers are displayed
in the figure (right of chromo-
somes). QTL for enzyme activ-
ity are depicted in blue, QTL for
SW are in green, and QTL for
metabolites are in brown. Figure
created with MapChart 2.2
(Voorrips 2002). (Color figure
online)
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Table 3 Analysis of

multiple QTL model for N Phenotype ﬁl OQ(;I;Illin Model R? (%)° QTL interacting® R? epistasis (%)
metabolism-related traits in the
IBMSyn10-DH TC population AlaAT 2 7.25
of maize ASN 5 31.55
AspAT 2 10.49
GOGAT 4 27.09
GS 4 21.10
NiR 3 2242
NR 1 7.89
PEPC 4 24.47 PEPC-1:PEPC-3 5.00
Nitrate 3 31.43 Nitrate-2:Nitrate-3 2.50
Glutamate 2 18.13
SwW 2 12.77

“Number of significant QTL fitted in MIM model
"Total R? obtained by fitting significant QTL simultaneously in an MIM model

“Significant epistasis between QTL

dR? explained by epistasis solely

Table 4 Candidate genes Maize GDB ID Corresponding gene annotation ~ Chr®  Start® End® QTL name

related to N metabolism

underlying identified QTL GRMZM2G008714  Pyruvate kinase 10 147664124 147668582 PEPC-4

genoMIC regions GRMZM2G045171  Sucrose synthase 4 168773364 168776492 NR-1
GRMZM2G082780  PEPC 4 3 29056230 29064249  ASN-2
GRMZM2G088235  Urease protein 5 83898114 83902364 GS-2
GRMZM2G180625  Glyceraldehyde-3-phosphate 6 6901483 6906034  PEPC-3

dehydrogenase

4Chromosome

b<Start and end location in bp

025
ASN
IN]
g 02
(-4
v
=
- NIR
g 015
=
L
AspaT
01 : : r T )
0 1 2 3 a 5
Variable

Fig. 6 Variables predictive of shoot biomass in corn seedlings grown
in hydroponics (created with Excel graphics). AspAT explained the
most variation (11%) in the shoot biomass with NiR, N, and ASN
sequentially explaining incremental variation for a maximal of 24%

populations are thus preferable if the objective is to select
superior hybrids based on these QTL.

Several annotated protein-coding genes were identified
under QTL intervals determined in this study. One of the

@ Springer

maize genes, a cell wall invertase 3 (GRMZM2G123633)
located on chromosome 10 under the GOGAT-4 QTL in our
study, was also identified in a previous meta-QTL investiga-
tion aiming to discover candidate genes for NUE in maize
(Liu et al. 2012). In addition, five candidate genes revealed
important putative functions related to N metabolism
(Table 4). Three of them were also proposed as candidate
genes in a recent study from the maize NAM population
(Zhang et al. 2015). Those genes were GRMZM2G008714,
GRMZM2G045171, and GRMZM2G180625, coding,
respectively, for pyruvate kinase, sucrose synthase, and
glyceraldehyde-3-phosphate dehydrogenase. Of these three
enzymes, sucrose synthase assumes significance, because it
catalyzes the reversible reaction between sucrose and uri-
dine diphosphate glucose (UDPG) to mobilize sucrose into
multiple pathways that utilize activated sugars, for exam-
ple, cell wall formation, starch formation, sucrose syn-
thesis, and glycosylation of proteins and other molecules
(Subbaiah et al. 2007). Furthermore, sucrose synthase
uses the glycosidic bond energy of the sucrose molecule to
make UDPG using UDP as the other substrate, sparing a
mole of ATP for each mole of sucrose catalyzed by sucrose
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synthase (Barreiro and Dhugga 2007). The alternative
pathway requires phosphorylation of UDP to UTP, which
is then used by UDPG-pyrophosphorylase along with glu-
cose-1-phosphate to make UDPG. The additional energy
from the sucrose synthase-mediated pathway could favor
the formation of additional biomass.

Two other genes were associated with the QTL. One of
these, GRMZM2G082780, had been annotated as a PEPC
putative gene, involved in primary carbon fixation in C4
plants. In addition, GRMZM?2GO088235 is a urease acces-
sory protein, which is associated with the urease protein
to activate it for urea metabolism into carbon dioxide and
ammonium, where the latter is then utilized by the GS/
GOGAT cycle to incorporate into glutamine/glutamate
amino acids (Witte et al. 2005).

The five coding regions underlying QTL identified in
this study constitute promising candidates for validation
studies. Furthermore, the two QTL for AlaAT constitute
candidates for selection to improve NUE in maize.

Conclusions

One of the enzymes in N assimilation, AlaAT, stands out
among others in maintaining metabolic homeostasis of glu-
tamate, apparently for optimal N assimilation. QTL associ-
ated with the physiological traits related to N metabolism
provide tools to improve NUE in maize. Growing these
TCs in the field and assaying the enzymes at flowering time
when the canopy is fully developed would make it possi-
ble to determine whether and how much of the variation in
grain yield they explain. The field-grown TCs will also help
determine whether the QTL identified from the seedlings in
the growth chamber relate to the ultimate trait: grain yield.
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