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Abstract

This study was aimed to identify quantitative trait loci (QTL) for nitrogen use efficiency (NUE) and related traits
in a maize population derived from a cross between two lines with different genetic background (B100 and LP2).
Recombinant inbred lines (181) from this population were evaluated under field conditions during two growing
seasons, and significant (P < 0.01) phenotypic and genotypic variability was detected for most evaluated traits.
Two different mapping methods were applied for detecting QTLs. Firstly, a trait by trait approach was performed
on across environments, and 19 QTLs were identified. Secondly, a multi-trait multi-environment analysis detected
seven joint QTLs. Almost all joint QTLs had inconsistent additive effects from one environment to another, which
would reflect presence of QTL × Environment interaction. Most joint QTLs co-localized with QTLs detected by individual mapping. We detected consistent additive effects for grain yield per plant and NUE, as well as for biomass
and nitrogen harvest index in some joint QTLs, especially QTL-1 and QTL-6. These QTLs had positive and stable
effects across environments, and presence of some genes within these QTL intervals could be relevant for selecting
for both NUE and grain yield simultaneously. Up today, this is a first report on the co-localization of QTLs for enhanced allocation of biomass allocation to grains with NUE, and NUE candidate gene identification. Fine mapping of
these regions could allow to detect additional markers more closely linked to these QTLs that could be used for
marker assisted selection for NUE.
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Introduction
Maize (Zea mays L.) is one the most important cereals
in the world, with a production and consumption of
~1000 million tons (USDA, 2015). Currently, tight
balance between world offer and demand causes
concerns over long-term food security. Nitrogenous
fertilization has been a powerful tool to increase grain
yield in cereals. However, the overuse of nitrogen (N)
fertilizer implies higher environmental risks associated
with non-absorbed N leaching towards underground
water and nitrous oxide emissions into the atmosphere,
production cost increases, and waste of energy applied
to the industrial synthesis of fertilizers (Tilman et al,
2002). Therefore, besides the beneficial effects of
N fertilizers on maize yields, to increase N uptake
and utilization efficiencies of available soil N is also
important for diminishing crop production costs as well
as to avoid negative effects on the environment.
In this context, the development of genotypes with
improved performance in environments with low soil N
content has two purposes: to reduce the cost of crop
production and to allow a more sustainable agriculture
in areas characterized by N deficiencies. A maize crop
with improved N use efficiency (NUE, or grain biomass
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per unit of N absorbed) could also take advantage of
enhanced N supply via fertilizers, making greater grain
yield possible.
Several studies have demonstrated the existence of
genetic variability for maize grain yield when grown in
soils with different amounts of N available (Bänziger
et al, 1997). The efficiency in which cereals utilize N
content to produce grains depends on multiple
processes, including root N uptake, translocation of
reduced N to the leaves, and remobilization of N from
stalks and leaves to developing grains. Consequently,
genetic improvement could allow the increase in NUE
of cereal crops as a result of selection for grain yield
and for one or more of these processes (Agrama, 2006).
Numerous studies have been carried out to obtain a
better understanding about NUE regulation in cereals.
In maize, quantitative trait loci (QTLs) for grain yield
and its components (kernel number and individual
kernel weight) have been reported under different soil
N levels. Significant effects under both low and high
available N were found for the most of these QTLs;
however, some QTLs showed interaction with the
environment since they were expressed only under one
N condition (Agrama et al, 1999; Ribaut et al, 2007;
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Bertin and Gallais, 2001; Hirel et al, 2001). Likewise,
Coque et al (2008) demonstrated that QTLs for staygreen in leaves, deep and thin roots, and increased soil
N uptake were coincident with loci controlling grain
yield under low and high N levels. These associations
could be due to pleiotropy or genetic linkage between
loci controlling these phenotypic characteristics and
NUE. Similarly, the relationship between NUE and the
root architecture has been extensively studied. Liu et
al (2008) identified QTLs related to features of radical
system growing under different N levels, but they
were not coincident across environments. One QTL
for length of axial roots growing under low N soils
co-localized with QTLs previously reported for grain
yield and N uptake, highlighting the importance of the
root length on N use and overall crop performance.
Additionally, Li et al (2015) identified common QTL
clusters between NUE and traits related to root
architecture, most of them expressed under low as well
as high N environments. Similarly, QTLs for grain yield
and its components have been detected coincident
with QTLs mainly associated with N content in leaves
and activity of enzymes related to N metabolism, such
as glutamine synthetase (Hirel et al, 2001; Gallais and
Hirel, 2004).
In previous studies, inbred lines B100 and LP2 were
evaluated phenotypically under contrasting soil N
experimental sites, and significant differences were
found between them and N treatments for grain
yield, number of kernels per plant, NUE and N uptake
(D’Andrea et al, 2006, 2009). In addition, a panel of 102
inbred lines, included inbreds B100 and LP2 developed
by the temperate maize breeding program of INTA
were characterized with Simple Sequence Repeats
(SSR) markers and the genetic structure of this panel of
lines elucidated (Olmos et al, 2014, 2016). This analysis
classified lines B100 and LP2 into different clusters
across successive cycles of cluster simulations, giving
a molecular support to the phenotypic differences
between them previously observed in the field.
Moreover, harvest index and NUE of the B100×LP2
single cross were the highest among all tested
inbreds and their derived crosses included in a set of
complete and incomplete dialelic experiments (Munaro
et al, 2011). Accordingly, the B100×LP2 germplasm
combination would be appropriate to develop a
mapping population for the genetic study of NUE.
The objective of this study was to identify QTLs
associated with NUE and related traits in a mapping
population of recombinant inbred lines (RILs) of maize
derived from the cross of B100 (yellow dent, US genetic
background) × LP2 (orange flint, Caribbean×Argentine
genetic background), grown under contrasting
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conditions of soil N offer and climate. Identification of
candidate genes into QTLs regions would contribute
to a better understanding of the genetic basis of
NUE. The availability of the genome sequence of
inbred B73 (Schnable et al, 2009) and genetic maps
enable a precise location of chromosomal regions, and
ultimately of key genes implicated in such an important
agronomic trait. The discovery and/or validation of
genes that regulate the NUE and associated traits, as
well as the development of molecular markers more
closely linked to these genes, could contribute to
breed new genotypes with enhanced NUE through
marker assisted selection (MAS).
Materials and methods
Genetic material
The genetic material evaluated
consisted in a
population of 181 RILs derived from the single cross
B100×LP2. The F1 was grown in the field at the
Pergamino Experimental Station (33º 56´S, 60º 34´O)
of the National Institute of Agricultural Technology
(INTA), Argentina during the 2001-2002 season. Several
F1 plants were selfed to obtain the F2 (S0) generation.
Randomly chosen F2 plants were self-pollinated during
successive generations conducted ear to row through
single seed descent until the S5:6 derived RILs. .
Experimental design
Phenotypic evaluations of the RILs population, the
parental lines and a tester line (LP612) were conducted
at INTA Pergamino, over a silty clay loam soil (Typic
Argiudoll) during 2009-2010 (Exp. 1) and 2011-2012
(Exp. 2) growing seasons, under supplementary
irrigation and without N supply as fertilizer. The
contrast between these environments was imposed by
(i) high initial soil N level (72.6 kg N-NO3 ha-1), early
sowing date (21 October 2009) and ‘El Niño’ phase of
the ENSO (El Niño Southern Oscillation) phenomenon
for Exp. 1, and (ii) low initial soil N level (11.0 kg N-NO3
ha-1), late sowing date (between 14 and 23 November
2011) and ‘La Niña’ phase of the ENSO phenomenon
for Exp. 2. Soil organic matter was similar across
experimental sites (2.06-2.08 %), and phosphorous
level was considered high (> 30 ppm). More details
of growing conditions can be found in D’Andrea et al
(2016).
For both experiment, genotypes (RILs, parental lines
and tester line) were distributed in a randomized
complete block design with two replicates. Each plot
consisted of three rows of 5.5 m long and 0.7 m apart,
with a plant density of 7 plants m-2. Early sowing in Exp.
1 set the flowering period along January. For Exp. 2,
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sowing was delayed to avoid the negative effects of
probable above-optimum temperatures during January,
associated with ‘La Niña’ extreme phase of the ENSO
phenomenon. In this way, flowering of most inbred
lines in Exp. 2 was expected to occur by February when
solar radiation and temperature are already declining
(Otegui et al, 1996). In order to avoid large variations
in the photothermal-environment among genotypes
with contrasting phenology, inbreds were grouped in
three categories (early, intermediate and late) based
on the anthesis date recorded in Exp. 1. Inbred lines
sowing dates in Exp. 2 were 14 (late), 18 (intermediate)
and 23 November 2011 (early). This strategy helped
to synchronize the flowering event (Liu et al, 2011),
and thus minimize possible effects of differences in
climate conditions between early and late inbreds
associated with sowing dates (Otegui et al, 1996). Both
experiments were hand-planted at three seeds per
hill and thinned to the desired plant population at V3
(Ritchie et al, 1992).
Weather conditions were monitored daily at the
experimental sites (Campbell Scientific Inc., Logan,
UT), and records were obtained for mean (Tmean)
and maximum (Tmax) air temperatures (in ºC),
photosynthetically active radiation (in MJ day-1), rainfall
(in mm), and potential evapotranspiration (PET, in
mm). Accumulated thermal time (in ºC day with base
temperature of 8 ºC) was computed from daily Tmean
from sowing onwards (Ritchie and NeSmith, 1991).
Measurements
Nine traits related to grain yield and N metabolism were
evaluated. In each plot, phenotypic determinations
were done in a group of plants (five plants in Exp. 1 and
seven plants in Exp. 2) tagged at the V3 stage. These
traits were evaluated according to the methodology
described by D’Andrea et al (2006, 2009). The dates
of anthesis (i.e., at least one extruded anther visible)
and silking (i.e. at least one extruded silk visible) were
registered on all tagged plants. The anthesis-silking
interval (ASI) was calculated as the difference in days
between silking and anthesis dates of individual plants
(Uribelarrea et al, 2002) and averaged for each plot.
The ASI was expressed in days. Tagged plants were
harvested at physiological maturity in order to obtain
total aerial biomass (BIOMPM, in g) and plant grain yield
(PGY, in g). The harvested plants were dried in oven at
65 ºC until constant weight and weighed; distinguishing
between grain, ear and rest fractions. Ears of each
tagged plant were harvested and threshed separately
for computation of PGY. The biomass harvest index
(BHI) was calculated as the quotient between PGY and
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BIOMPM. Nitrogen content in vegetative tissues (stem,
leaves, husks and cobs) and in grains were estimated
for each plant harvested at physiological maturity;
in the first case by Micro Kjeldahl method, and in
the second by near-infrared transmittance method
(NIR; Infratec 1227, Tecator, Sweden) in order to
compute the percentage of grain protein (%Protein).
Nitrogen uptake at physiological maturity (PNUPTAKE)
was calculated as the sum of (i) the product between
N concentration in vegetative tissues and non-grain
biomass (difference between BIOMPM and PGY), and
(ii) the product between N concentration in grain and
PGY. Nitrogen use efficiency (NUE, in g of grain per g of
absorbed N) was determined as the quotient between
PGY and PNUPTAKE. Nitrogen harvest index (NHI) was
estimated as the quotient between N content in grains
and N content in BIOMPM. Nitrogen proportion in
plant at physiological maturity (N/BIOMPM, in %) was
estimated as the ratio between PNUPTAKE and BIOMPM.
Statistical analyzes
Descriptive statistics were estimated for the data. For
each trait, normality of the dataset distribution was
estimated using modified Shapiro-Wilks test. Traits that
were not normally distributed were transformed using
the appropriate function.
Variability for each trait was tested using a linear mixed
model (Eq. 1). The phenotypic observation of measured
trait on genotype in replicate and in environment was
modeled according to D’Andrea et al (2008). The two
growing seasons (Exp. 1 and Exp. 2) were considered
as environments.
Y𝑖𝑖𝑗𝑗𝑘𝑘=μ+G𝑖𝑖+E𝑗𝑗+𝑅𝑅𝐸𝐸𝑗𝑗𝑘𝑘+GE𝑖𝑖𝑗𝑗+ ε𝑖𝑖𝑗𝑗𝑘𝑘

[1]

where is the general mean, G is the effect of the
th genotype, E is the effect of the th environment,
R is the effect of the th replicate nested in the th
environment, GE is the Genotype × Environment
interaction effect (G×E) between the th genotype
and the th environment, and E is the residual error.
Genotype and G×E interaction effects were considered
as random, and E and R effects were treated as fixed.
The parental line means for all traits were compared
with Fisher’s least significant difference (LSD). The
GLM procedure of SAS V. 8.2 (SAS Institute, 1999) was
used. Heritability (h2) for each trait on a family-mean
basis (Holland et al, 2003) was estimated from the
components of variance according to Eq. 2 using SAS
script
(http://www4.ncsu.edu/~jholland/heritability/
MultiEnvironRCBDHeritability.sas).
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h2= σG2/ (σG2 + σGE/j2 + σe/jk2)		

4
[2]

where σG2 is the genetic variance, σGE2 is G×E
interaction variance, σe2 is the error variance, j is
the number of environments and k is the number of
replicates.
Likewise, genetic correlations between traits were
estimated from variance and covariance data estimated
using the MIXED procedure of SAS V. 8.2 (SAS Institute,
1999) according to Eq. 3:

rGiGj = σGiGj / √ σGi2 + σGj2 		

[3]

where σGiGj is covariance between the and traits, σGi2
is genetic variance of the trait and σGj2 is genetic
variance of the trait.
DNA extraction and molecular markers detection
DNA extraction of each RIL and both parental lines was
done from leaves of young maize plants. Samples of five
plants of each genotype were selected and bulked at
ca. V6. From each bulk, genomic DNA was extracted
according to Kleinhofs et al (1993) method. Genotypic
characterization was carried out using SSR and Single
Nucleotide Polymorphism (SNP) markers. For the former,
the parental lines B100 and LP2 were evaluated with
437 SSR equally distributed across 10 chromosomes.
These markers were selected from Maize Genetics and
Genomic Database (MaizeGDB; Lawrence et al, 2004).
Analyzes indicated that 196 SSR were polymorphic and
131 were finally selected to evaluate the RILs population.
The SSR markers were amplified by polymerase chain
reaction (PCR); PCR products were resolved in 6% (w/v)
denaturing polyacrylamide gel and visualized by silver
staining using the conditions described by Olmos et
al (2014). For SNP analysis, an Illumina microchip of 96
SNP was designed to be analyzed with the BeadXpress®
Reader. For the microchip design, a chip of 1536 SNP
described by Yan et al (2009) was used as reference, and
96 SNP were selected. The selected SNP were distributed
equally in all chromosomes of maize, giving priority to
SNP which were located within genes involved in N
metabolism and abiotic stress tolerance. The complete
RILs population genotyped with the microchip included
control DNA (both parental lines and the reference line
B73). Data generated with BeadXpress® Reader were
visualized using the GenomaStudio V. 2011.1 software
(Illumina, 2011). In order to evaluate SNP quality, three
different parameters were used: minor allele frequency
(MAF), gene train score (GTS) and cluster sep (CS).
Those markers with MAF ≥ 0.1, GTS ≥ 0.7 and CS ≥ 0.2
were considered as high quality SNP. Eight high quality
SNP were polymorphic and used to characterize the
population.
63 ~ M2

Genetic map construction and QTL detection
The molecular markers segregation was verified
using the false discovery rate (FDR) test (Benjamini
and Hochberg, 1995). Only markers which fitted the
expected Mendelian segregation (1:1) were used to
made linkage maps. Recombination frequencies were
transformed to map units using following Kosambi
(1944). The best order of markers in the map was
estimated by the maximum-likelihood method. The
segregation of markers and linkage maps construction
were carried out using GQMol V. 2008.6.1 software
(Cruz and Schuster, 2008), and the maps were charted
using MapChart 2.2 software (Voorrips, 2002). Linkage
map of the RILs population was constructed using 112
markers with 1:1 segregation (105 SSR and 7 SNP). The
maps consisted of 94 markers (18 non-linked) covering
a total distance of 1129.5 cM with an average interval
between markers of 11.8 cM.
Two mapping strategies were used to detect QTLs.
Firstly, QTL analysis was done for each individual trait
in each environment using the composite interval
mapping (CIM) method. Model 6 of the Zmapqtl
procedure of WinQTL Cartographer V. 2.5 software
(Wang et al, 2012) was utilized with a walk speed of 1
cM, a window size of 10 cM and five default markers
included as cofactors. Threshold LOD scores were
estimated using the 1000 permutation test (Churchill
and Doerge, 1994). Secondly, a multi-trait multienvironment (MTME) QTL analysis was done according
to Alvarez Prado et al (2013). The multiple trait analysis
is appropriate when traits are genetically correlated.
Causes of genetic correlation among different traits
could be pleiotropy or linkage disequilibrium. For
MTME QTL mapping, the phenotypic data were
analyzed considering correlations between traits and
variability between environments using the mixed
model approach followed by Malosetti et al (2008).
Only traits with genetic correlations ≥ 0.50 (with at least
one trait) were used for the analysis. The model MTME
consisted of I genotypes evaluated in J environments on
K traits repeated in L blocks (with I=181, J=2, K=9, L=2).
Defining an N×1 vector “y” with N=IJKL that contains
all the observations sorted by trait in each environment
for each genotype and in each block. Genotype effects
were assumed as random, while trait-environment
combinations (TE) and blocks nested within TE were
considered as fixed effects. Seven different variancecovariance models for both matrixes were tested in
order to select the most suitable for the analysis of data
sets. Tested models were: (i) variance component, (ii)
compound symmetry, (iii-v) factor analytic “0”, “1” and
“2”, (vi) heterogeneous compound symmetry, and (vii)
unstructured. The choice of the best model was based
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on a goodness of fit criterion such as the Bayesian
Information Criterion (BIC; Schwarz, 1978). A minor
value of BIC implies a better model. The best model of
variance-covariance structure for this data set was the
compound symmetry model.
Once chosen the variance-covariance structure,
the best linear unbiased predictor (BLUP) of each
genotype in each environment was estimated to
reduce uncontrolled trait variation for QTL mapping
(Borevitz et al, 2002; Zalapa et al, 2007). These analyzes
were performed using the MIXED procedure of SAS
V. 8.2 (SAS Institute, 1999). BLUPs estimated by the
mixed model were used for QTL mapping. However,
QTL analysis was done using a mixture model (Jiang
and Zeng, 1995) according to Alvarez Prado et al
(2013). Mixture model has greater precision than
mixed model to detect QTLs in unsaturated maps. For
this approach, a two main step procedure was used.
In the first step, joint QTLs were identified using the
JZmapqtl procedure of WinQTL Cartographer V. 2.5
software (Wang et al, 2012), which can analyze multiple
traits simultaneously. Composite interval mapping was
implemented using the forward regression method of
model 6 with a window size of 10 cM and five markers as
cofactors. A LOD threshold of 7.0 was used to declare a
joint QTL as significant. In the second step, a final multiQTL model was constructed to evaluate the effects and
significance of each QTL into a unique model. For that,
QTLs detected in the first step were used as candidate
QTLs to construct the initial multi-QTL model by
means of multi trait multi interval mapping procedure
(MT-MIM) of WinQTL Cartographer V. 2.5 (Wang et
al, 2012.). For this initial model, parameters were
estimated, positions of detected QTLs were optimized,
new QTLs and epistatic interaction were searched,
and the genetic variance explained by the model was
calculated (Basten et al, 2004). The Eq. 4 was used to
compare the significance of each optimized model with
initial model likelihood ratio test (LRT):

Identification of candidate genes
Potential candidate genes were identified within the
QTL intervals detected by MTME. Firstly, physical
coordinates (in bp) of flanking markers were established
using option Locus Lookup in the MaizeGDB database
(Andorf et al, 2010). Once physical position of intervals
were known, candidate genes in QTL regions were
identified based on B73 RefGen_v3 genome sequence,
using BioMart software in the Gramene database www.
gramene.org (last revision 14-07-2016). The function
of each gene was confirmed by their homology to
orthologous genes in Arabidopsis thaliana or Oryza
sativa. Identified genes were classified according to
their putative functions into six main categories based
on the criteria established by Munich Information
Center for Protein Sequences (MIPS; Ruepp et al, 2004).
RESULTS
Weather conditions
Weather conditions were different between years, and
consistent with the contrasting phases of the ENSO
phenomenon. While Tmean was similar between both
experiments (≈ 22.0 ºC), Tmax in Exp. 2 (29.8 ºC,
average of daily Tmax values) was higher than in Exp.
1 (28.2 ºC). Furthermore, Exp. 1 presented only one
day with Tmax ≥ 35 ºC, whereas for Exp. 2 there were
20 days above this threshold. However, this condition
occurred before flowering in Exp. 2. As expected from
the ENSO phenomenon, total rainfall in Exp. 1 (ca.
900 mm) was higher than in Exp. 2 (ca. 563mm), which
caused an opposite trend in PET, with daily values of 4.8
and 5.8 mm respectively. However, rainfall during the
flowering period was not markedly different between
experiments (ca. 240 mm). Delayed flowering in Exp.
2 exposed the crop to low levels of incident solar
radiation, and consequently to lower PET values (4.7
mm d-1) than those registered in Exp. 1 (5.7 mm d-1).

[4]

Descriptive statistics and mixed model analysis of
measured traits

where L1 and L0 were the likelihood under the refined
and the initial models, respectively. The difference
between log-likelihoods was multiplied by a factor 2, so
it distributes as the statistic. Then statistical significance
of LRT was assessed using standard significance levels.
The degrees of freedom for the test were equal to the
difference in the number of parameters between the
refined and the initial models.
For both mapping approaches, QTL positions were
assigned in the maximum LOD score (LODmax), and
confidence intervals were calculated subtracting one
unit of LOD to each side of the LODmax position.

Parental inbreds (B100 and LP2) were compared for
all measured traits (Table 1) and significant differences
were found between them for ASI, %Protein and NUE.
Parental line LP2 exhibited a larger ASI than B100 (P
< 0.05) in both experiments. Differences (P < 0.05)
between parental inbreds for NUE (LP2 > B100) and
%Protein (LP2 < B100) were observed only in Exp. 2.
The RILs population showed transgressive segregation
for all traits, at least on one side of the frequency
distribution. For most traits, there were recombinant
inbred lines with smaller records than those observed
for the inferior parental.

LRT= 2(logL1-logL0)

63 ~ M2
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Results revealed significant genetic variability among
lines (P < 0.01) for most evaluated traits (Table 1),
except PNUPTAKE. There were significant differences
between experimental environments for almost all
traits (Table 1) and a significant G×E interaction was
always observed (P < 0.001). In Exp. 2 RILs population
showed a significant (P < 0.05) reduction in PGY,
BIOMPM, BHI, PNUPTAKE and %Protein (24%, 21%, 5%,
36% and 14%, respectively), and an increase in NUE
(14%). Narrow sense heritabilities were estimated for
all traits and varied from 0.37 for BIOMPM to 0.74 for
ASI. The PNUPTAKE showed null heritability (Table 1).

QTL analysis
Nineteen QTLs were identified associated with PGY,
BHI, NUE, NHI, ASI, N/BIOMPM and %Protein across
the two experiments by CIM (Table 3). The QTLs were
mapped in the most of chromosomes, except 3, 6, 7,
and 10 (Figure 1). Percentage of phenotypic variance
explained (PVE) by QTLs ranged from 6.0 to 13.3 %.
Four QTLs were identified for BHI (BHI1a, BHI1b, BHI1c
and BHI2). The QTL BHI1a in Exp. 1 and BHI2 in Exp.
2 were both located on chromosome 1, on the same
markers interval (phi339017 and phi095), and showed
positive additive effects. Three QTLs were detected
for NHI, two of them located on chromosomes 8
(NHI1a) and 9 (NHI1b) in Exp. 1, and one located on
chromosome 1 (NHI2) in Exp. 2. The QTLs NHI1b and
NHI2 showed positive additive effects whereas the
NHI1a showed negative additive effects. Likewise,
three QTLs were identified for %Protein, two of them
in Exp. 1 (%Protein1a, %Protein1b) and one in Exp.
2 (%Protein2). Only %Protein1b on chromosome 5
showed positive additive effect. QTLs %Protein1a

PGY was positively correlated with NUE, NHI, PNUPTAKE,
BIOMPM and BHI, and negatively correlated with ASI,
%Protein and N/BIOMPM (Table 2). Traits that presented
high correlations with PGY were NUE, NHI and BHI.
Likewise, some traits had a strong correlation between
them. For instance, NUE was positively correlated
with NHI (0.90) and with BHI (0.85). By the contrary, %
Protein had high and negative correlation coefficients
with NUE (-0.73) and with BHI (-0.80).

Table 1 Descriptive statistics, variance components, year effect and heritability (h2) values of traits measured in 181 RILs and their parental lines (B100 and LP2)
measured in two contrasting environments (Exp. 1 and Exp. 2)

0.43

1.51

B100a

62.2

150

LP2

58.4

138

PNUPTAKE

NHI

N/BIOMPM
(%)

%Protein

ASI
(days)

38.7

0.64

10.8

10.3

-1.50†

40.2

0.62

10.8

9.67

3.50†

55.1

151

0.37

1.6

35.1

0.57

10.6

10.4

1.51

Rangeb

11.4-87.5

85.0-264

0.08-0.50

0.98-3.58

11.4-50.9

0.20-0.72

8.44-14.1

8.03-13.2

(-2.00)-7.00

CV (%)

25.9

18.5

20.6

22.5

22.9

18.6

9.67

9.41

110

P valuec

0.33

<0.001

<0.001

<0.001

<0.001

<0.001

0.07

0.48

0.006

49

135

0.35

1.23

38.5†

0.58

9.15

9.59†

-2.00†

53.7

130

0.41

1

56.0†

0.67

7.65

7.44†

3.00†

LP2
RILs

41.9

120

0.35

1.03

40.7

0.56

8.62

8.91

1.74

6.57-70.0

75.9-168

0.08-0.47

0.68-1.63

9.01-60.8

0.12-0.72

6.54-10.5

6.70-11.8

(-2.75)-10.5

CV (%)

30

15.5

24.3

16.5

27

21.4

9.49

12.1

124

P value

0.02

0.11

<0.001

0.43

<0.001

<0.001

0.32

0.01

<0.001

G

58.1 ± 15.1*

131 ± 46.3*

0.003 ± 0.0006*

0.007 ± 0.006

35.6 ± 7.90*

0.006 ± 0.001*

0.26 ± 0.07*

0.47 ± 0.09*

2.34 ± 0.34*

G×E

55.8 ± 14.6*

183 ± 51.3*

0.002 ± 0.0004*

0.034 ± 0.008*

33.1 ± 6.40*

0.003 ± 0.0008*

0.30 ± 0.07*

0.32 ± 0.07*

0.67 ± 0.17*

132 ± 10.1

473 ± 36.9

0.003 ± 0.0002

0.074 ± 0.006

43.3 ± 3.32

0.006 ± 0.0005

0.60 ± 0.05

0.53 ± 0.04

1.56 ± 0.12

<.001

<.001

<.001

<.001

<.001

0.09

<.001

<.001

0.05

0.46 ± 0.08

0.37 ± 0.10

0.63 ± 0.06

0.16 ± 0.12

0.56 ± 0.07

0.63 ± 0.07

0.44 ± 0.08

0.59 ± 0.06

0.74 ± 0.04

Range

Variance
Components
± s.e.

1.6

BHI

B100a

Exp. 2

0.42

BIOMPM
(g)

RILs

Exp. 1

(g)

NUE
(g grain g
N-1)

PGY (g)

Residual
Year effect
h ± s.e.
2

a Mean value of B100, LP2 and RILs; b minimum and maximum values of RILs population; c Shapiro-Wilk normality test: significantly different from normal P < 0.01; † indicates a significant difference (P < 0.05)
between B100 and LP2 (LSD Test); *Indicates significant difference (P < 0.01); ASI: anthesis-silking interval; BHI: biomass harvest index; BIOMPM: total plant biomass at physiological maturity; Exp. n: experiment n;
N/BIOMPM: N proportion in plant biomass at physiological maturity; NHI: N harvest index; NUE: N use efficiency for grain production; %Protein: percent grain protein; PGY: plant grain yield; PNUPTAKE: plant total N
uptake at physiological maturity, s.e.: standard error.
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7
three QTLs were identified, one on chromosome 8 (N/
BIOMPM1) in Exp. 1, and two in Exp. 2, one of them
located on chromosome 4 (N/BIOMPM2a) and the other
on chromosome 8 (N/BIOMPM2b). For PGY, only one
QTL was detected (PGY2), placed on chromosome 1
between phi339017 and phi095 markers in Exp.2.
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Figure 1 Chromosomal location of the QTLs detected by CIM. Bar lengths are proportional to confidence interval lengths (cM). ASI: anthesissilking interval; BHI: biomass harvest index; N/BIOMPM: N proportion in plant biomass at physiological maturity; NHI: N harvest index; NUE: N use
efficiency for grain production; %Protein: percent grain protein; PGY: plant grain yield
Table 2 Genetic correlation of measured traits

PGY (g)
BIOMPM (g)
BHI
PNUPTAKE (g)
NUE (g grain g N )
-1

NHI
N/BIOMPM (%)
%Protein
ASI (days)

PGY

BIOMPM

BHI

PNUPTAKE

NUE

NHI

N/BIOMPM

%Protein

ASI

1

0.45

0.79

0.25

0.91

0.87

-0.26

-0.51

-0.34

1

0.14

0.90

0.08

0.21

-0.30

-0.02

0.03

1

-0.15

0.85

0.95

-0.06

-0.80

-0.32

1

-0.26

-0.16

0.26

0.36

0.04

1

0.90

-0.47

-0.73

-0.30

1

-0.27

-0.45

-0.45

1

0.62

-0.001

1

0.06
1

ASI: antesis-silking interval; BHI: biomass harvest index; BIOMPM: plant biomass at physiological maturity; G: genotype; E: environment; N/BIOMPM: N proportion in plant biomass
at physiological maturity; NHI: N harvest index; NUE: N use efficiency for grain production; %Protein: percent grain protein; PGY: plant grain yield; PNUPTAKE: plant total N uptake at
physiological maturity.
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sharing at least part of intervals between markers.
For NUE, three QTLs were detected, two located on
chromosomes 1 (NUE1a) and 9 (NUE1b) in Exp. 1,
and one on chromosome 1 (NUE2) in Exp. 2. All QTLs
presented positive additive effects. For N/BIOMPM
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Figure 2 Chromosomal location of the QTLs detected by MTME. Bar lengths are proportional to confidence interval lengths (cM) BHI: biomass
harvest index; NUE: N use efficiency for grain production; NHI: N harvest index; N/BIOMPM: N proportion in plant biomass at physiological maturity;
%Protein: percent grain protein; PGY: plant grain yield. Additive effect corresponding to the LP2 parental allele

This QTL showed a PVE of 12.6 % and positive additive
effect. Finally two QTLs were identified for ASI, one
with effect in each experiment, both on chromosome 1,
but located on different marker intervals. These QTLs
showed negative additive effects.
On chromosome 1, 10 QTLs (NUE1a, NUE2,
%Protein1a, %Protein2, BHI1a, BHI2, ASI1, ASI2, PGY2
and NHI2) were identified between markers bnlg1429
and umc2238. Most of them shared at least part of
their confidence intervals. Whereas the QTLs for BHI,
NUE, NHI and PGY presented positive additive effects,
those for %Protein and ASI showed negative additive
effects. Thus, alleles from LP2 would increase mean
values of NUE, BHI, NHI and PGY, and would decrease
mean values of %Protein and ASI. Similarly, the NUE1b,
NHI1b and BHI1c located on chromosome 9, between
markers bnlg430 and bnlg1270, showed positive
additive effects, indicating that the alleles from LP2
would increase the mean values of mentioned traits.
Likewise, the QTLs N/BIOMPM1 and N/BIOMPM2b
were located on the same region on chromosome 8
(between markers bnlg1863 and PZA00865.2) and
showed negative additive effects.
Most of the detected QTLs were expressed in only one
of the two experiments. Only the QTLs for BHI (BHI1a
63 ~ M2

and BHI2) and %Protein (%Protein1a and %Protein2)
on chromosome 1, and the QTLs for N/BIOMPM (N/
BIOMPM1 and N/BIOMPM2b) on chromosome 8 were
mapped in both environments. The confidence
intervals of QTLs ranged from 2.8 to 14.0 cM, being
larger intervals corresponding to N/BIOMPM.
MTME mapping was carried out considering only the
traits with significant genetic variability (P < 0.05; Table
1) and with genetic correlation coefficients greater than
0.50 (Table 2). In the first step, seven joint QTLs were
identified on chromosomes 1, 5, 8, 9, and 10. For each
QTL, the interval between flanking markers in cM was
determined as LODmax ± 1 LOD unit, and the physical
intervals (in Mbp) were estimated from flanking
markers coordinates (Table 4). Physical intervals were
highly variable from 2.2 Mbp for QTL-1 to 81.0 Mbp for
QTL-6. All QTLs detected in this step were considered
candidate QTLs and incorporated in the initial model.
No candidate QTL was excluded, and any new QTL was
added to the final model. Epistatic interactions between
QTLs were not detected. Genetic map location for all
joint QTLs and additive effects corresponding to the
LP2 allele for each trait and in each environment are
showed in the Figure 2.
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All joint QTLs showed inconsistent additive effects
across environments at least for one trait, which would
be attributed to G×E interaction effects. The trait with
the highest inconsistency between environments was
N/BIOMPM. Likewise, the QTL-1, QTL-4, QTL-6 and
QTL-7 presented additive effects of the same sign for
NHI, BHI, NUE and PGY, and in most cases their effects
resulted consistent across environments. Additive

effects were positive for QTL-1, QTL-6, and QTL-7,
whereas these effects were negative for the QTL-4.
The PVE by the multi-QTL model ranged from 10.8
to 36.7% across traits and environments. On average,
traits with higher PVE were %Protein, BHI, NUE and
NHI (28.1, 23.9, 21.0 and 20.4%, respectively), whereas
N/BIOMPM had the lowest PVE (5.5%).

Table 3 Chromosomal location and effects of the QTLs detected by CIM
QTL

Expa

LODb

QTL POSITION
Chr

Bin

Interval (cM)

cM

c

LODmax
Marker Interval

Genetic effect
R2

A

1

1.03

34.5

33.7-37.5

phi339017-phi095

5.9

12.6

4.51

1

1.03

36.5

33.7-38.5

phi339017-phi095

4.9

10.4

0.02

BHI1b

2

2.06-2.08

118

114-123

umc1749-phi127

3.4

6.1

-0.02

BHI1c

9

9.03-9.04

61.5

56.5-65.0

bnlg127-bnlg1209

5.4

10.3

0.02

34.5

33.7-37.5

phi339017-phi095

6.2

13.3

0.03

BHI1a

Exp. 1

2.7

BHI2

Exp. 2

2.7

1

1.03

NUE1a

Exp. 1

3.0

1

1.03-1.04

37.5

34.5-39.5

phi095-bnlg2238

4.8

12.3

2.78

9

9.04

62.0

55.2-65.0

bnlg430-bnlg1209

4.7

10.3

2.54

1.03

34.5

30.9-37.5

umc1479-phi095

3.8

8.4

3.24

NUE1b
NUE2

Exp. 2

2.9

1

NHI1a

Exp. 1

2.7

8

8.03

39.8

34.8-43.8

bnlg1834-bnlg1863

3.0

6.6

-0.03

9

9.03-9.04

62.0

56.5-65.0

bnlg127-bnlg1209

6.0

12.5

0.04

1

1.03

34.5

33.7-36.5

phi339017-phi095

4.5

9.7

0.04

NHI1b
NHI2

Exp. 2

3.1

N/BIOMPM1

Exp. 1

2.8

8

8.03

51.8

46.8-59.8

bnlg1863-PZB00865.2

4.6

10.9

-0.37

N/BIOMPM2a

Exp. 2

2.9

4

4.06-4.07

49.5

45.2-56.5

bnlg1137-bnlg1189

3.2

6.9

-0.24

8

8.03

55.8

50.8-64.8

bnlg1863-PZB00865.2

3.5

12.7

-0.33

1

1.03-1.04

37.5

33.7-39.5

phi339017-bnlg2238

5.1

10.5

-0.32

5

5.06-5.07

61.6

58.6-62.4

phi085-umc2198

6.4

13.1

0.37

N/BIOMPM2b
%Protein1a

Exp. 1

2.8

%Protein1b
%Protein2

Exp. 2

3.6

1

1.03

33.7

31.9-37.5

umc1479-phi095

4.7

10.8

-0.35

ASI1

Exp. 1

2.9

1

1.02-1.03

20.7

17.0-27.7

bnlg1429-bnlg1484

2.9

6.0

-0.39

ASI2

Exp. 2

3.0

1

1.03

30.4

29.7-33.7

bnlg1484-phi339017

3.2

6.4

-0.52

a Only those with data; b LOD threshold obtain by permutation test; c QTL position in cM (corresponding to LODmax value); R2: total proportion of phenotypic variance explained
for each QTL; A: additive effect corresponding to the LP2 parental allele; ASI: anthesis-silking interval; BHI: biomass harvest index; Chr: chromosome; LODmax: maximum LOD value;
N/BIOMPM: N proportion in plant biomass at physiological maturity; NHI: N harvest index; NUE: N use efficiency for grain production; %Protein: percent grain protein; PGY: plant
grain yield.

Table 4 Chromosomal location of the QTLs detected by MTME analysis
QTL

POSITION

LODmax

Chr

Marker interval

Genetic interval (cM)

Physical interval (Mbp)

QTL-1

1

phi339017-phi095

32.7-38.5

45.9-48.1

9.0

QTL-2

1

bnlg2238-umc2025

45.5-56.0

55.1-91.3

8.6

QTL-3

5

phi085-umc2198

57.6-62.4

203-217

9.4

QTL-4

8

bnlg1834-bnlg1863

36.8-46.8

63.5-91.6

9.5

QTL-5

8

bnlg1863-PZB00865.2

50.8-63.8

91.6-125

9.3

QTL-6

9

bnlg127-bnlg1209

61.5-68.0

26.9-107

13.5

QTL-7

10

PZA03585.1-umc1506

56.8-69.8

105-133

7.8

Chr: chromosome; LODmax: maximum LOD value
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Identification of candidate genes
The analysis identified a total of 3961 genes within the
intervals corresponding to the seven detected joint
QTLs, which were classified according to their putative
function (S1_table). A complete list of genes is showed
in the S2_table. The 71.2% of identified genes (2819
genes) corresponded to uncharacterized protein,
whereas the remaining 28.8% (1142 genes) belonged
to proteins with putative functions.
Percentages assigned to each category were established
for the 1142 genes with predicted function. A 32.7%
corresponded to proteins involved in basal metabolism.
Proteins related to synthesis and degradation of
amino acids, nucleotides, carbohydrates, lipids and
other secondary metabolites fall in this category,
as well as those implicated in processes related to
energy production such as glycolysis, respiration,
fermentation, photosynthesis, oxidation of fatty acids,
etc. On the one hand, 43.5% of genes corresponded
to proteins involved in information pathways, such as
DNA processing (synthesis, replication, recombination,
repairing, etc.), cell cycle, transcription (synthesis,
processing and modification of rRNA, mRNA and tRNA),
protein synthesis (ribosomal proteins and proteins
involved in translation), protein fate (protein folding
and modification, assembly of protein complexes
and protein degradation). Genes encoding proteins
involved in the ubiquitin (Ub)-proteasome pathway
of protein degradation (ubiquitin-protein ligase,
ubiquitin fusion degradation UFD1 family protein,
proteasome maturation factor UMP1 family protein,
26S protease regulatory subunit 4, putative ubiquitinconjugating enzyme family, etc.) and genes encoding
Clp proteases were identified in all QTL intervals. On
the other hand, 6.0% of genes corresponded to protein
implicated in cellular transport. Among them, amino
acid transporters genes were identified on intervals of
the QTL-5, QTL-6 and QTL-7. A 13.4% of genes were
associated with perception and response to stimulus
such as cellular communication and signal transduction,
cellular defense to biotic and abiotic stress, cellular
detoxification and environmental interaction. Some QTL
intervals included genes that encode proteins involved
in cellular detoxification, as metallothionin, glutathioneS-transferase, superoxide dismutase and peroxidase.
Finally, 4.4% of genes were associated with processes
related to plant development such as biogenesis of
cellular components, cell type differentiation (organs,
tissues and cell), sexual determination and senescence.
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Discussion
Variability of the RILs population and their parental lines
(B100 and LP2) for NUE and related traits was evaluated
across two contrasting environments. The combined
effect of low initial soil N and warm conditions during
Exp. 2 determined unfavorable growth conditions,
causing reductions in N absorption (36%),biomass
production (21%) and PGY (24%). The population had a
broad genetic variation in PGY and all traits of interest,
except PNUPTAKE. A significant G×E interaction was also
detected for all traits, which highlighted a differential
performance among genotypes when exposed to
different environments as well as the importance
of phenotypic evaluation in different environments
(Crossa, 1990). Parental inbreds differed markedly for
NUE only when grown under low soil N level and higher
temperatures (Exp. 2). In this environment, LP2 had a
higher NUE than B100, indicating that LP2 would be
more efficient for using N when this nutrient is scarce
and/ or when growing under warmer environments.
Genotypic characterization of the RILs population was
mainly done using SSR markers. A high percentage of
the tested SSR (almost 50%) were polymorphic between
parental lines, which is in agree with the results obtained
by Olmos et al (2014). The high level of polymorphism
allows us to deduce that the RILs population derived from
B100 and LP2 lines was appropriate for QTL mapping.
Although the number of useful SNP was reduced, it
allowed an increase of 6% in total marker number.
Moreover, 19% of evaluated markers had distortive
segregation. Numerous studies have detected deviation
of marker segregation in maize (Gardiner et al, 1993;
Pereira and Lee, 1995; Sibov et al, 2003). Segregation
distortion can be attributed to chromosomal regions
called segregation-distortion loci (SDL). Markers close
to these loci can be affected by distortion (Vogl and
Xu, 2000). In current study, two distortive segments
were detected that coincide with regions previously
described as SDL by Lu et al (2002): one on chromosome
2 (bin 2.04), close to the gams1 (gametophytic male
sterile1) gene, and other on chromosome 5 (bin 5.025.04). Distortive segregation affects recombination
frequency, and hence precludes precise QTL mapping.
In this work, distortive markers were excluded from
genetic map construction and only those markers with
1:1 segregation were used. Linkage maps covered
1129.5 cM with an average marker interval of 11.8 cM.
However, some genomic regions presented marker
intervals up to 30 cM. For example, map corresponding
to chromosome 2 showed two extensive genomic
regions, whereas map corresponding to chromosome
6 presented one large region between umc2319 and
bnlg345. In some case, many of the tested SSR in these
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regions resulted monomorphic between the parental
lines, so were not used for mapping; moreover, markers
that were polymorphic showed distortive segregation.
Thereby, most chromosome maps presented low
coverage regions that coincided with larger bins.
Linkage map corresponding to chromosome 1 was the
most covered, whereas the less covered map was that
of chromosome 7.
When current genetic map is compared with genetic
maps in the MaizeGDB database, we observed that
most published maps derive from the B73×Mo17 cross
which are, in addition, more saturated. Inbreds of this
family are representative of dent temperate germplasm
which had been extensively studied (Gustafson and
de Leon, 2010), whereas the B100×LP2 (US yellow
dent × Caribbean-Argentine orange flint) population
combines a more complex genetic background than
the B73×Mo17 population, that has not been deeply
elucidated. For instance, LP2 is a flint inbred line from
the Argentine × Caribbean Derived Stocks (Olmos
et al, 2014, 2016) which shares high added value for
industry (Greco, 2014) whereas B100 is a semi-dent US
inbred line but with a distant genetic relationship with
B73 and Mo17 (Romay et al, 2013). This implies that
the cross B100 x LP2 and its derived RILs would serve
as novel sources of undiscovered alleles for genetic
studies and breeding purposes. Thus, in spite of the
low genetic map saturation, QTL detection for NUE
and related traits was achieved and many of these QTLs
were stable across evaluated environments. However,
some QTL could have not revealed due to low genome
representation.
Nineteen QTLs were identified associated with NUE
and related traits across two environments using CIM.
In many cases, intervals of a QTL detected for a trait
showed partial or complete overlap with intervals of
other QTL identified for other trait. Moreover, most of
detected the joint QTLs co-localized, at least in part,
with several QTLs identified by individual mapping.
The markers interval corresponding to the QTL-1
(phi339017 and phi095) showed total overlapping
with the interval of the QTLs BHI1a, BHI2, PGY2 and
NHI2, and partial overlapping with the QTLs NUE2,
%Protein1a and %Protein2. In addition, the interval
of the QTL-6 (bnlg127 and bnlg1209) presented total
overlapping with the QTLs NHI1b and BHI1c, and
partial overlapping with NUE1b. Likewise, overlapping
between intervals of QTL detected by both approaches
was evidenced for the QTL-3, QTL-4, and QTL-5 but
fewer traits were significant for both methods. Several
researchers have found that results from individual QTL
mapping cannot be compared across environments.
However, when MTME approach is used, a higher
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stability in QTL expression across environment is
observed (Malosetti et al, 2008; Messmer et al, 2009;
Liu et al, 2014). In general, the joint QTL confidence
intervals were narrower than QTL confidence intervals
detected by individual mapping. When an individual
trait is analyzed, the statistical power of the test is
reduced, and the variance of the estimation increases;
moreover, most of biological processes involve
multiple traits that can be genetically correlated due
to pleiotropy or close linkage (Jiang and Zeng, 1995).
Thus, MTME analysis is a more powerful and realistic
approach than QTL mapping for individual traits across
environments.
The genetic dissection of PGY into their determinants
BIOMPM and BHI, or PNUPTAKE and NUE, revealed that
variation in PGY was strongly associated with BHI and
NUE, and weakly associated with PNUPTAKE and BIOMPM.
Also, h2 values computed for BHI, NUE and most traits
of interest were larger than for PGY, except for PNUPTAKE
and BIOMPM. This result supports the claim that
dissection of complex trait as PGY might not always
result in improved genetic prediction (Lee et al, 2005;
Alvarez Prado et al, 2013; Mandolino et al, 2016). The
highly significant correlations among PGY, BHI, NUE
and NHI were consistent with additive effects detected
for all these traits in QTL-1, QTL-4, QTL-6 and QTL-7.
This result proposed a common genetic control (e.g.,
linkage or pleiotropic effects) among these attributes
for the current RILs population. As documented in
previous studies, a tight link exists between BHI and
NHI (Ciampitti and Vyn, 2012; Fageria, 2014), indicative
of an enhanced N partitioning from stover to grains
depending upon an enhanced allocation of plant
biomass to grains. As proposed by Ciampitti and Vyn
(2012), the challenge will be to optimize BHI, NHI and
NUE simultaneously. In this sense, it is necessary to
be cautious about the negative association between
remobilized N and postsilking N uptake (Coque and
Gallais, 2007; Gallais et al, 2007). Fortunately, the
consistent effects for BHI, NHI and NUE observed in
the QTL-1, QTL-4, QTL-6 and QTL-7 suggest that an
effective simultaneous selection of these traits could
be feasible. This is an important finding that has not
been reported previously. Moreover, the QTLs in
chromosomes 1 (QTL-1 and QTL-2), 8 (QTL-5) and 10
(QTL-7) with additive effect <0 for %Protein and additive
effect >0 for PGY, BHI or NUE are consistent with the
negative relationships detected for these traits. These
results support the existence of a trade-off between
PGY, NUE and %Protein among grain crops (Dudley
et al, 1977; Feil et al, 1990; Lemaire and Gastal, 2009;
Ciampitti and Vyn, 2013; Gastal et al, 2015), which has
affected breeding efforts for the simultaneous increase

Maydica electronic publication - 2018

Maize Nitrogen Use Efficiency

of grain yield and grain protein concentration. Finally,
a negative correlation was established between PGY
and ASI. This trend, related to the negative correlation
between ASI and kernel number, has been observed
in other studies (Gallais and Hirel, 2004; Lafitte and
Edmeades, 1995). In our study, however, only two
QTLs linked to the ASI were detected on chromosome
1 using CIM (ASI1 and ASI2); in addition, this trait was
not taken into account for MTME approach because of
low genetic correlation (<0.50) with NUE and related
attributes. Such apparent discrepancy with previous
reports may be linked to the proportionally larger
effect of water deficit than of N shortage on ASI values,
particularly among inbreds (Munaro et al, 2011).
Most of the QTLs detected in this study shared regions
with previously reported QTLs. There was a relevant
coincidence between the QTL-3 on chromosome 5
(associated with %Protein, NUE, N/BIOMPM and BHI)
and a QTL for nitrate content (NO3-), PGY, and activities
of nitrate reductase and glutamine synthetase (GS)
identified by Hirel et al (2001), as well as another
one for PGY detected by Bertin and Gallais (2001).
Such coincidences are consistent with the positive
correlation of GS activity with NUE (Hirel et al, 2001;
Masclaux et al, 2001) and grain yield (Masclaux et al,
2001; Gallais and Hirel, 2004). These co-localizations
support at molecular level the consensus that the
enzymatic activity in the leaf cytosol is one of the major
steps controlling biomass and N allocation from leaves
to grains (Hirel et al, 2001) and its manipulation could
potentially raise NUE through a more efficient internal
recycling of N from old to new leaves (Foulkes et al,
2009). Likewise, the QTL-1 on the chromosome 1
coincides with a QTL for grain protein concentration
(Wassom et al, 2008) and a QTL for longer axial root
detected by Liu et al (2008) under conditions of low
and high N availability. Similarly, the QTL-5 location on
chromosome 8 was consistent with QTLs previously
detected for grain protein concentration (Li et al,
2009), N remobilization (Coque et al, 2008) and plant
N content (Gallais and Hirel, 2004). Additionally, the
QTL-6 on chromosome 9 associated with NUE, NHI,
BHI, PGY and N/BIOMPM coincides with QTLs detected
for NUE (Bertin and Gallais, 2001), PGY under high N
condition (Liu et al, 2010) and N remobilization (Coque
et al, 2008). This fact confirms the importance of N
remobilization on NUE and PGY determination (Coque
and Gallais, 2007; Ciampitti and Vyn, 2013). Finally, the
QTL-7 on chromosome 10 coincides with a joint QTL
for protein and starch concentration (Li et al, 2009).
Some candidate genes were found to be of value for
control of the physiological process underlying NUE.
One of the most interesting genes identified was rth3
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gene on the QTL-1. This gene encodes a monocotspecific COBRA-like protein involved in cellular
expansion and wall cellular biosynthesis. Defects in the
rth3 gene have been found to affect hair root elongation
(Hochholdinger et al, 2008). Likewise, the product of
the rth3 gene has been highly associated with grain
yield under conditions of high N content, and with
seedling root traits under contrasting soil N (AbdelGhani et al, 2015). Extension of root hairs increase
surface of root so enhances water and nutrients (as
N) uptake. In current research, however, no genotypic
effect was detected for PNUPTAKE, and this trait had no
link with NUE. Consequently, no inference can be made
about genotypic differences in root development and
root architecture for the evaluated germplasm (Hirel et
al, 2007).
About the glutamine synthetase4 (gln4) and the
glutamate-oxaloacetate transaminase 2 (got2) genes
identified on the QTL-3, both are involved in N flow
between organic compounds. The gln4 gene plays a role
in ammonium assimilation from glutamate (glutamine
biosynthesis), whereas the got2 gene is involved in N
transfer from glutamate to aspartate. Finally, within
the QTL-6 interval the asparagine synthetase 1 (asn1)
gene and two possible amino acid transporters (amino
acid permease 1 and amino acid transporter-like
protein) were identified. The asn1 gene is involved
in asparagine synthesis from glutamine, it is essential
to N assimilation, distribution and remobilization in
plants through phloem pathway (Chevalier et al, 1996).
Amino acid transporters could play an important role in
distributions of organic N and therefore would regulate
the fate of this resource into the plant.
Conclusions
One the most important result of our study was the
consistent positive effects for BHI, NHI, PGY and
NUE observed in some joint QTLs, which could allow
an efficient simultaneous selection for these traits.
Therefore these QTLs seem to be the most interesting
for breeding purpose. Special focus should be given
to the QTL-1 and QTL-6 due to their positive additive
effects, the stability across the contrasting environments
explored, and because of there are genes that could be
relevant for NUE and yield within these QTL intervals.
The detection of significant associations between
traits related to NUE and molecular markers will allow
marker assisted selection for NUE. The advantage of
this approach is that presence of these markers can be
used as selection criterion in maize breeding in early
development stage, increasing parental control, and
consequently greater selection responses.
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Occasionally, evaluation and indirect selection of
genotypes based on their molecular profile could be
convenient when it is compared with evaluation and
direct selection for physiological traits. These are
often difficult to screen under field conditions when
dealing with a large number of genotypes. Simulation
studies showed that a distance of 5 cM between QTL
and marker would be appropriated to marker assisted
selection (Boopathi, 2013). However, considering that
intervals of the detected QTLs are still quite large, fine
mapping will be convenient to identify markers closely
linked to these QTLs with focus on the desired genes.
Likewise, increasing markers density in low coverage
regions would be allow to detect additional QTL
associated with NUE and related traits.
Candidate genes identification, despite extension of
intervals, was important because it allowed us to select
regions of interest within the intervals. Detection of
new markers within or closely to these genes associated
with NUE and related traits could be used for marker
assisted selection in breeding programs.

13
weight using the IBM (B73×Mo17) Syn4 population.
Field Crops Research 145: 33-43
Andorf CM, Lawrence CJ, Harper LC, Schaeffer ML,
Campbell DA, Sen TZ, 2010. The Locus Lookup tool
at MaizeGDB: identification of genomic regions in
maize by integrating sequence information with
physical and genetic maps. Bioinformatics 26: 434436
Bänziger M, Betrán FJ, Lafitte HR, 1997. Efficiency of
high-nitrogen selection environments for improving
maize for low-nitrogen target environments. Crop
Science 37: 1103-1109
Basten CJ, Weir BS, Zeng ZB, 2004. QTL Cartographer,
Version 1.17. Department of Statistics, North
Carolina State University, Raleigh, NC
Benjamini Y, Hochberg Y, 1995. Controlling the false
discovery rate: A practical and powerful approach
to multiple testing. Journal of the Royal Statistical
Society Series B 57: 289-300

Acknowledgements

Bertin P, Gallais A, 2001. Genetic variation for nitrogen
use efficiency in a set of recombinant inbred lines IIQTL detection and coincidences. Maydica 46: 53-68

This research was financed by the National Agency
for Science Promotion of Argentina (PICT 0239 and
1454), the University of Buenos Aires (UBACYTs 00454
and 00493) and National Institute of Agricultural
Technology (PNBIO-1131042 and PNCYO 1127043)
projects. Cecilia I Mandolino has a postdoctoral
scholarship from the National Council of Research
(CONICET). Karina E D’Andrea and María E Otegui are
members of CONICET.

Borevitz JO, Maloof JN, Lutes J, Dabi T, Redfern J,
Trainer GT, Werner JD, Asami T, Berry CC, Weigel
D, Chory J, 2002. Quantitative trait loci controlling
light and hormone response in two accessions of
Arabidopsis thaliana. Genetics 160: 683-696

References
Abdel-Ghani AH, Kumar B, Pace J, Jansen C, GonzalezPortilla PJ, Reyes-Matamoros J, San Martin JP,
Lee M, Lübberstedt T, 2015. Association analysis
of genes involved in maize (Zea mays L.) root
development with seedling and agronomic traits
under contrasting nitrogen levels. Plant Molecular
Biology 88: 133-147.
Agrama HA, 2006. Application of molecular markers in
breeding for nitrogen use efficiency. Journal of Crop
Improvement 15: 175-211
Agrama HA, Zakaria AG, Said FB, Tuinstra M, 1999.
Identification of quantitative trait loci for nitrogen
use efficiency in maize. Molecular Breeding 5: 187195
Alvarez Prado S, López CG, Gambín BL, Abertondo
VJ, Borrás L, 2013. Dissecting the genetic basis of
physiological processes determining maize kernel

63 ~ M2

Boopathi NM, 2013. Fine mapping, pp 165-172. In:
Genetic mapping and marker assisted selection:
Basics, practice and benefits. Boopathi NM ed.
Springer, India

Chevalier C, Bourgeois E, Just D, Raymond P, 1996.
Metabolic regulation of asparagine synthetase gene
expression in maize (Zea mays L.) root tips. The Plant
Journal 9: 1-11
Churchill GA, Doerge RW, 1994. Empirical threshold
values for quantitative trait mapping. Genetics 138:
963-971
Ciampitti IA, Vyn TJ, 2012. Physiological perspectives
of changes over time in maize yield dependency on
nitrogen uptake and associated nitrogen efficiencies:
A review. Field Crop Research 133: 48-67
Ciampitti IA, Vyn TJ, 2013. Grain nitrogen source
changes over time in maize: A Review. Crop Science
53: 366–377
Coque M, Gallais A, 2007. Genetic variation for nitrogen
remobilization and postsilking nitrogen uptake in
maize recombinant inbred lines: heritabilities and
correlations among traits. Crop Science 47: 17871796

Maydica electronic publication - 2018

Maize Nitrogen Use Efficiency

Coque M, Martin A, Veyrieras JB, Hirel B, Gallais A,
2008. Genetic variation for N-remobilization and
postsilking N-uptake in a set of maize recombinant
inbred lines. 3. QTL detection and coincidences.
Theoretical and Applied Genetics 117: 729–747
Crossa J, 1990. Statistical analysis of multilocation
trials. Advances in Agronomy 44: 55-85
Cruz CD, Schuster I, 2008. GQMol Version 2008 6.1.
Genética quantitative e molecular. universidade
federal de Viçosa. Laboratório de Bioinformática.
www.ufv.br/dbg/gmol.htm
D’Andrea KE, Otegui ME, Cirilo AG, 2008. Kernel
number determination differs among maize hybrids
in response to nitrogen. Field Crops Research 105:
228-239
D’Andrea KE, Otegui ME, Cirilo AG, Eyhérabide GH,
2006. Genotypic variability in morphological and
physiological traits among maize inbred linesNitrogen responses. Crop Science 46: 1266-1276
D’Andrea KE, Otegui ME, Cirilo AG, Eyhérabide GH,
2009. Ecophysiological traits in maize hybrids and
their parental inbred lines: phenotyping of responses
to contrasting nitrogen supply levels. Field Crops
Research 114: 147-158
D’Andrea KE, Piedra CV, Mandolino CI, Bender R,
Cerri AM, Cirilo AG, Otegui ME, 2016. Contribution
of reserves to kernel weight and grain yield
determination in maize: phenotypic and genotypic
variation. Crop Science 56: 697-706
Dudley JW, Lambert RJ, de la Roche IA, 1977. Genetic
analysis of crosses among corn strain divergently
selected for percent oil and protein. Crop Science
17: 111-117
Fageria NK, 2014. Nitrogen harvest index and its
association with crop yields. Journal of Plant
Nutrition 37: 795-810

14
of nitrogen use efficiency in maize. Journal of
Experimental Botany 55: 295-306
Gardiner JM, Coe EH, Melia-Hancock S, Hoisington
DA, Chao S, 1993. Development of a core RFLP
map in maize using an immortalized F2 population.
Genetics 134: 917-930
Gastal F, Lemaire G, Durand JL, Louarn G, 2015.
Quantifying crop responses to nitrogen and avenues
to improve nitrogen-use efficiency, pp 161–206.
In: Crop physiology—applications for genetic
improvement and agronomy. Sadras VO, Calderini
D eds. Elsevier, London, UK
Gramene: A comparative resource for plants www.
gramene.org
Greco I, 2014. Actualidad del maíz Plata en Argentina,
pp. 7-10. In: Manejo eficiente del nitrógeno en
maíces flint. Borrás L ed. Tecnigrafica, Rosario,
Argentina
Gustafson TJ, de Leon N, 2010. Genetic analysis of
maize (Zea mays L.) endosperm vitreousness and
related hardness traits in the intermated B73×Mo17
recombinant inbred line population. Crop Science
50: 2318–2327
Hirel B, Bertin P, Quilleré I, Bourdoncle W, Attagnant C,
Dellay C, Gouy A, Cadiou S, Retailliau C, Falque M,
Gallais A, 2001. Towards a better understanding of
the genetic and physiological basis for nitrogen use
efficiency in maize. Plant Physiology 125: 1258-1270
Hirel B, Le Gouis J, Ney B, Gallais A, 2007. The challenge
of improving nitrogen use efficiency in crop plants:
towards a more central role for genetic variability and
quantitative genetics within integrated approaches.
Journal of Experimental Botany 58: 2369-2387

Feil B, Thiraporn R, Geisler G, Stamp P, 1990. Genotype
variation in grain nutrient concentration in tropical
maize grown during a rainy and a dry seaon.
Agronomie, EDP Sciences10: 717-725

Hochholdinger F, Wen T, Zimmermann R, ChimotMarolle P, da Costa e Silva O, Bruce W, Lamkey
KR, Wienand U, Schnable PS, 2008. The maize (Zea
mays L.) roothairless3 gene encodes a putative GPIanchored, monocot-specific, COBRA-like protein
that significantly affects grain yield. The Plant
Journal 54: 888-898

Foulkes MJ, Hawkesford MJ, Barraclough PB,
Holdsworth MJ, Kerr S, Kightley S, Shewry PR, 2009.
Identifying traits to improve the nitrogen economy
of wheat: recent advances and future prospects.
Field Crops Research 114: 329–342

Holland JB, Nyquist WE, Cervantes-Martinez CT, 2003.
Estimating and interpreting heritability for plant
breeding: an update. Plant Breeding Reviews 22:
9-112
Illumina, 2011. GenomeStudio 2011 www.illumina.com

Gallais A, Coque M, Le Gouis J, Prioul JL, Hirel B,
Quilléré I, 2007. Estimating the proportion of
nitrogen remobilization and of postsilking nitrogen
uptake allocated to maize kernels by nitrogen-15
labeling. Crop Science 47: 685-691

Jiang C, Zeng ZB, 1995. Multiple trait analysis of
genetic mapping for quantitative trait loci. Genetics
140: 1111-1127

Gallais A, Hirel B, 2004. An approach to the genetics
63 ~ M2

Kleinhofs et al, 1993. A molecular, isozyme and
morphological map of the barley (Hordeum vulgare)
genome. Theoretical and Applied Genetics 86: 705-712
Maydica electronic publication - 2018

Maize Nitrogen Use Efficiency

Kosambi DD, 1944. The Estimation of map distances
from recombination values. The Annals of Human
Genetics. Annals of Eugenics 12: 172-175
Lafitte HR, Edmeades GO, 1995. Stress tolerance in
tropical maize is linked to constitutive changes in ear
growth characteristics. Crop Science 35: 820-826
Lawrence CJ, Dong Q, Polacco ML, Seigfried TE,
Brendel V, 2004. MaizeGDB, the community
database for maize genetics and genomics. Nucleic
Acids Research 32: 393-397
Lee EA, Ahmadzadeh A, Tollenaar M, 2005. Quantitative
genetic analysis of the physiological processes
underlying maize grain yield. Crop science 45: 981987
Lemaire G, Gastal F, 2009. Quantifying crop responses
to nitrogen deficiency and avenues to improve
nitrogen use efficiency, pp. 171–211. In: Crop
physiology: Applications for genetic improvement
and agronomy. Sadras VO and Calderini DF eds.
Elsevier, Burlington, Massachusetts
Li P, Chen F, Cai H, Liu J, Pan Q, Liu Z, Gu R, Mi G,
Zhang F, Yuan L, 2015. A genetic relationship
between nitrogen use efficiency and seedling root
traits in maize as revealed by QTL analysis. Journal
of Experimental Botany 66: 3175-3188
Li Y, Wang Y, Wei M, Li X, Fu J, 2009. QTL identification
of grain protein concentration and its genetic
correlation with starch concentration and grain
weight using two populations in maize (Zea mays L.)
Journal of Genetics 88: 61-67
Liu J, Li J, Chen F, Zhang F, Ren T, Zhuang Z, Mi G,
2008. Mapping QTLs for root traits under different
nitrate levels at the seedling stage in maize (Zea
mays L.). Plant and Soil 305: 253-265
Liu X-H, He S-L, Zheng Z-P, Huang Y-B, Tan Z-B, Li Z,
He C, Wu X, Pu Q-B, 2010. Identification of the
QTLs for grain yield using RIL population under
different nitrogen regimes in maize. African Journal
of Agricultural Research 5: 2002-2007
Liu Y, Wang L, Sun C, Zhang Z, Zheng Y, Qiu F, 2014.
Genetic analysis and major QTL detection for maize
kernel size and weight in multi-environments.
Theoretical and Applied Genetics 127: 1019–1037
Liu ZH, Ji HQ, Cui ZT, Wu X, Duan LJ, Feng XX, Tang
JH, 2011. QTL detected for grain-filling rate in maize
using a RIL population. Molecular Breeding 27: 2536
Lu H, Romero-Severo J, Bernardo R, 2002. Chromosomal
regions associated with segregation distortion in
maize. Theoretical and Applied Genetics 105: 622628
63 ~ M2

15
Malosetti M, Ribaut JM, Vargas M, Crossa J, Van
Eeuwijk FA, 2008. A multi-trait multi-environment
QTL mixed model with an application to drought
and nitrogen stress trials in maize (Zea mays L.).
Euphytica 161: 241-257
Mandolino CI, D’Andrea KE, Piedra CV, Alvarez Prado
S, Olmos SE, Cirilo AG, Otegui ME, 2016. Kernel
weight in maize: genetic control of its physiological
and compositional determinants in a dent x flintcaribbean RIL population. Maydica 61: 1-13
Masclaux C, Quilleré I, Gallais A, Hirel B, 2001. The
challenge of remobilisation in plant nitrogen
economy. A survey of physio-agronomic and
molecular approaches. Annals of Applied Biology
138: 69–81
Messmer R, Fracheboud Y, Bänziger M, Vargas M,
Stamp P, Ribaut JM, 2009. Drought stress and
tropical maize: QTL-by-environment interactions
and stability of QTLs across environments for yield
components and secondary traits. Theoretical and
Applied Genetics 119: 913–930
Munaro EM, D’Andrea KE, Otegui ME, Cirilo AG,
Eyhérabide GH, 2011. Heterotic response for grain
yield and ecophysiological related traits to nitrogen
availability in maize. Crop Science 51: 1172-1187
Olmos SE, Delucchi C, Ravera M, Negri ME, Mandolino
C, Eyhérabide GH, 2014. Genetic relatedness and
population structure within the public Argentinean
collection of maize inbred lines. Maydica 59: 16-31
Olmos SE, Lia VV, Eyhérabide GH, 2016. Genetic
diversity and linkage disequilibrium in the Argentine
public maize inbred line collection. Plant Genetic
Resources
Otegui ME, Ruiz RA, Petruzzi D, 1996. Modeling hybrid
and sowing date effects on potential grain yield of
maize in a humid temperate region. Field Crops
Research 47: 167-174
Pereira MG, Lee M, 1995. Identification of genomic
regions affecting plant height in sorghum and maize.
Theoretical and Applied Genetics 90: 380-388
Ribaut JM, Fracheboud Y, Monneveux P, Bänziger M,
Vargas M, Jiang C, 2007. Quantitative trait loci for
yield and correlated traits under high and low soil
nitrogen conditions in tropical maize. Molecular
Breeding 20: 15-29
Ritchie SW, Hanway JJ, Benson GO, 1992. How a plant
crop develops. Iowa State University of Science and
Technology, Coop. Ext. Serv., Ames, Iowa
Ritchie JT, NeSmith DS, 1991. Temperature and crop
development, pp. 5–29. In: Modelling Plant and Soil
Systems. Hanks J, Ritchie JT eds. American Society
Maydica electronic publication - 2018

Maize Nitrogen Use Efficiency

of Agriculture, Crop Science Society of America,
Soil Science Society of America. Agronomy Series
31, Madison, WI
Romay et al, 2013. Comprehensive genotyping of the
USA national maize inbred seed bank. Genome
Biology 14: R55
Ruepp A, Zollner A, Maier D, Albermann K, Hani J,
Mokrejs M, Tetko I, Güldener U, Mannhaupt G,
Münsterkötter M, Mewes W, 2004. The FunCat,
a functional annotation scheme for systematic
classification of proteins from whole genomes.
Nucleic Acids Research 32: 5539-5545

16
Yan J, Shah T, Warburton ML, Buckler ES, McMullen
MD, Crouch J, 2009. Genetic characterization and
linkage disequilibrium estimation of a global maize
collection using SNP markers. Plos One 4: 1-14
Zalapa JE, Staub JE, McCreight JD, Chung SM, Cuevas
H, 2007. Detection of QTL for yield-related traits
using recombinant inbred lines derived from exotic
and elite US western shipping melon germoplasm.
Theoretical and Applied Genetics 114: 1185-1201

SAS Institute, 1999. SAS/STAT user’s guide. Version
8.2. SAS Institute, Inc., Cary, NC
Schnable et al, 2009. The B73 maize genome:
Complexity, diversity, and dynamics. Science 326:
1112-1115
Schwarz G, 1978. Estimating the dimension of a model.
Annals of Statistics 6: 461-464
Sibov ST, Lopes de Souza Jr C, Garcia AAF, Garcia
AF, Silva AR, Mangolin CA, Benchimol LL, Pereira
de Souza, 2003. Molecular mapping in tropical
maize (Zea mays L.) using microsatellite markers. 1.
Map construction and localization of loci showing
distorted segregation. Hereditas 139: 96-106
Tilman D, Cassman KG, Matson PA, Naylor R, Polasky
S, 2002. Agricultural sustainability and intensive
production practices. Nature 418: 671-677
Uribelarrea M, Cárcova J, Otegui ME, Westgate ME,
2002. Pollen production, pollination dynamics, and
kernel set in maize. Crop Science 42: 1910-1918
USDA United States Departament of Agriculture www.
usda.gov
Vogl C, Xu S, 2000. Multipoint mapping of viability and
segregation distorting loci using molecular markers.
Genetics 155: 1439–1447
Voorrips R, 2002. MapChart: Software for the graphical
presentation of linkage maps and QTLs. The Journal
of Heredity 93: 77-78
Wang S, Basten CJ, Zeng ZB, 2012. Windows QTL
Cartographer Version 2.5. Department of statistics,
North Carolina State University, USA. http://statgen.
ncsu.edu/qtlcart/WQTLCart.htm
Wassom JJ, Wong JC, Martinez E, King JJ, DeBaene
J, Hotchkiss JR, Mikkelineni V, Bohn MO, Rocheford
TR, 2008. QTL Associated with maize kernel oil,
protein, and starch concentrations; kernel mass;
and grain yield in Illinois High Oil × B73 backcrossderived lines. Crop Science 48: 243-252

63 ~ M2

Maydica electronic publication - 2018

Maize Nitrogen Use Efficiency

63 ~ M2

17

Maydica electronic publication - 2018

