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Abstract

Development of nutrient efficient cultivars depends on effective identification and utilization of genetic variation. We char-
acterized a set of 276 pre-breeding lines (PBLs) for several traits at different levels of nitrogen application. These PBLs
originate from synthetic wheats and landraces. We witnessed significant variation in various traits among PBLs to different
nitrogen doses. There was ~4—18% variation range in different agronomic traits in response to nitrogen application, with the
highest variation for the biological yield (BY) and the harvest index. Among various agronomic traits measured, plant height,
tiller number, and BY showed a positive correlation with nitrogen applications. GWAS analysis detected 182 marker-trait
associations (MTAs) (at p-value < 0.001), out of which 8 MTAs on chromosomes 5D, 4A, 6A, 1B, and 5B explained more
than 10% phenotypic variance. Out of all, 40 MTAs observed for differential nitrogen application response were contributed
by the synthetic derivatives. Moreover, 20 PBLs exhibited significantly higher grain yield than checks and can be selected

as potential donors for improved plant nitrogen use efficiency (pNUE).
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Abbreviations

pNUE Plant Nitrogen Use Efficiency
MTA  Marker Trait Associations

PBLs  Pre-Breeding lines

GWAS Genome-wide association analysis
Introduction

Bread wheat is one of the most important cereal crops in
the world and accounts for 20% of the daily calories and
protein for more than 1/3™ of the world’s population [31].
Currently, wheat occupies around 220 million hectaresof
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area globally, with an annual harvest of 731 million tones
[31]. In India, wheat is cultivated on 14% of the global area
(29.7 million ha), leading to a harvest of 99.9 million tons
of grain with peak productivity of 3.37 t/ha, thus making
it the second-highestwheat-producing country after China
[27]. The agriculture production among major cereals was
doubled mainly because of semi-dwarf and inputs efficient
cultivars [25]. The use of nitrogen-based fertilizers has sig-
nificantly increased in both developing and developed world
countries over the years, leading to enhanced production.
However, for most crop plants, the nitrogen use efficiency
(NUE) is not more than 50% of applied nitrogen [24].
Improving the NUE of crop plants by developing designer
crops having high nutrient use efficiency along with high
yields is a major goal in both developing and developed
countries. Moreover, improving the nitrogen use efficiency
(NUE) in crop plants has both economic and environmental
benefits. Plant nitrogen use efficiency (pNUE) is a combi-
nation of both efficiencies of nitrogen (N) uptake and NUE
[23]. Different efforts in improving pNUE in wheat have
ranged from exploring variation among wheat genotypes
and genetic manipulation of N uptake, nitrate allocation, N
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metabolism, and its allocation [13, 15, 23, 36]. The potential
utility and impact of landraces and exotic material has been
exploited to address biotic and abiotic stress tolerance [12,
22]. However, a few explorations to identify natural varia-
tion in wheat for NUE have revealed presence of significant
variation in historical and current varieties [14]. The vari-
ation in distant wild relatives of wheat for improved NUE
with suitable agronomic traits such as better root architecture
has been identified [17, 21]. Thus, highlighting a potential
pathway for the transfer of pNUE from ancestral parents
and distant relatives to modern high-yielding semi-dwarf
varieties could be beneficial. N uptake variation in wheat
has been mainly observed by measuring the amount of N
applied and N harvested [5]. But the direct phenotyping of
N uptake is expensive, and the study of the N level treat-
ment on different agronomic traits has been performed from
the point of view of certain reference varieties that donot
give insights into the genetic variation observed by N treat-
ment. Besides, a significant emphasis of N uptake variation
in wheat focused on roots and root-associated traits that are
difficult to phenotype [28].

The explorations for exotic germplasm for the identifica-
tion of novel variation require a long-time commitment as
breeders have to segregate desirable alleles from the pool of
desirable and undesirable alleles. These efforts have yielded
success for biotic stress tolerance but little to no success for
complex traits like abiotic stress tolerance and NUE [9, 19,
32]. Even though underlying QTLs have been identified for
NUE in wheat, their effective use in different breeding pro-
gramsis limited due to the diverse nature of crosses. Seeds
for Discovery program at CIMMYT used a novel approach
for developing a set of advanced lines that carried exotic
alleles from landraces and wild relatives of wheat in the
background of elite germplasm [34]. The genotyping and
phenotyping analysis of the advanced material helped in
the elimination of undesirable agronomic traits from exotic
germplasm while capturing the maximum variation [34].

In the present study, we evaluated the variation in the
advanced wheat germplasm of effect of N supply on plant
height (PH), fertile tiller number (FTN), spikelet number
(SPKL), grain yield (GY), biological yield (BY), harvest
index (HI), and thousand kernel weight (TW)) under differ-
ent nitrogen applications, thus focusing on yield increase as
an indicator for pNUE efficiency. Genome-wide association
study (GWAS) was used to locate to identify marker-trait
associations with agronomic traits. Our study has high-
lighted the presence of significant variation in the PBLs
for N uptake efficiency. Also, the differential response of
the agronomic traits across genetically diverse PBLs high-
lighted their potential use as phenotypic markers for pNUE.
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Identification of genetic footprints from exotic germplasm
regulating N uptake can be helpful to develop breeder-
friendlymolecular markers for use in future wheat breeding
for improved nitrogen use.

Materials and Methods
Plant Material

The plant material is composed of 276 PBLs created through
link top cross (LTP) as reported by Singh et al. [34] at CIM-
MYT in the “Seeds of Discovery” Project [26]. Table S1
provides the pedigree, genotypic ID, and all other relevant
details of all 276 PBLs. Two high-yielding cultivars recom-
mended for cultivation in the region (PBW725 and HD3086)
were used as checks for comparison.

Experiment Location and Climatic Conditions

The study was accomplished at Wheat Section, Department
of Plant Breeding and Genetics, Punjab Agricultural Uni-
versity, Ludhiana, India (30° 54’ N latitude, 75" 48’ E longi-
tude, and 247 m above sea level), where the soil is classified
as the loamy sand having neutral pH ~6-8 (Table S2). The
conventionalrice-wheat rotation has beenfollowed on the-
field forthe last 15 years. The climate of the area is charac-
terized as subtropical and semi-arid with cold winters from
November to January and mild climate during February and
March., and very hot and dry during summer from April
to June, followed by hot and humid conditions from July
to September. The daily minimum temperature ranges from
0-4 °C in January, and the maximum temperature during
May ranges from 40 to 45 °C. The weather data (including
weekly temperature, rainfall, relative humidity, and saturated
vapor pressure) during experimental years 2017-18 (S1) and
2018-19 (S2) were recorded and provided in Fig (S1 and
S2).

Experimental Design and Phenotypic Data

The study was conducted in six environments (2 years X3 N
doses) in an alpha lattice design with two replications per
N dose. A total of two experiments were conducted in
2017-18 (S1) and 2018-19 (S2). The germplasm was sown
on the 20th of November and 17" of November in S1 and
S2, respectively. Seeds from 2016 to 17 multiplication were
sown on 20™ Nov. 2017 for the experiment in S1, while
seeds from the S1 experiment were sown on 15" Nov. 2018
for a subsequent experiment in S2 using 100 kg seed rate
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per hakeeping a row spacing of 20 cm. There were 280
plots per replication per treatment, with a gross plot size
of 2.5 mx2.4 m=6.0m?and a net plot after discarding the
border rows measured 2 m long and 2 m wide with an area
of 4 m?. Each experiment was planted under three nitrogen
(N) regimes viz. no N (NO), half N (N1) and full N (N2)
representing 0, 60, and 120 kg N ha~!, respectively. The
recommended phosphorus and potassium were applied at
the time of sowing. For treatments N1 and N2, half of the N
was applied at the time of sowing, while the other half was
applied in two equal splits, first at the crown root initiation
stage and the remaining at the maximum tillering stage. NO
was also treated as a control. Recommended fungicides and
insecticides were applied to control stripe rusts, brown rusts,
and aphids at jointing, booting, and 10 days after anthesis to
prevent diseases and pests. Weeds were controlled manually.

A total of seven traits were measured in all experiments
at all three doses: (a) PH was measured in cm using the
scale from the ground base of the plant to the end of the
spike of five random plants per genotype, (b) FTN (Fer-
tile tiller number) was measured using the quadrant as
the number of productive tillers arising from the ground
per meter square, (c) SPKLNwas measured by taking five
spikes randomly from each plot whose number of spikelets
were recorded manually and the average was calculated,
(d) TWin grams was recorded by counting 500 seeds and
then multiplying it by 2 per replicate, (¢) BY in grams was
calculated by weighing bundles of each genotype per plot
using the beam balance, (f) GY in grams was measured
on per plot basis by weighing the grains harvested from
respective bundles, and (g) HI was derived from the bio-
logical yield and grain yield with the following formulas.

Grainyield (tha'l)
Biological yield (tha_1 )

Harvest Index(HI) =

Molecular Markers Analysis

Marker analysis of all 276 genotypes was achieved by
extracting DNA from TC1F; plants using in-house modi-
fied cetyltrimethylammonium bromide (CTAB) method
from flag leaves sampled at booting stage and subsequently
preserved at —80 °C. Nano-Drop 8000 spectrophotome-
ter V 2.1.0 was employed to quantification the extracted
DNA. In the next step, high-quality DNA was genotypi-
cally characterized through DArTseq™ technology (http://
www.diversityarrays.com/dart-application-dartseq) at
Genetic Analysis Service for Agriculture (SAGA) service
unit at CIMMYT headquarters (Texcoco, Mexico), which
resulted in the generation of 58,378 high-quality SNP
markers. After carefully considering call rate (genotyping

quality) and reproducibility (marker consistency over rep-
licated assays), this number was trimmed to 9,427 best
SNPs. 100 K-marker DArT-seq consensus map available
at Diversity Arrays Technology Pty Ltd. (DArT) (http://
www.diversityarrays.com/sequence-maps) was used to
further assign chromosome numbers, orders, and genetic
distances to these SNPs.

Statistical Analysis

Phenotypic data analysis was performed using META-R
for an alpha lattice design [3],where individual raw values
were transformed into BLUPs for subsequence analyses.
Experiments were analyzed individually and in a combined
analysis using a linear mixed model. Visualization (circular
Manbhattan plots (through “CM plot” package)), phenotypic
box plots (through “ggplot2” package), correlation and gen-
otype—phenotype network plots (through “qgraph” package)
construction were carried out in R software version 4.0.2
software unless otherwise mentioned.

Genome-Wide Association Analysis (GWAS)

GWAS was accomplished using mean BLUP values (phe-
notypic data) of S1 and S2 for NO, N1, and N2 through
freely available software, TASSEL v5.2.43 [7]. TASSEL
is implemented with two models, namely the general lin-
ear model (GLM) and the mixed linear model (MLM) for
GWAS. We adopted the MLM option that requires either
population structure (Q-matrix), which can be calculated
from STRUCTURE, or principal component analysis (PCA)
matrix (which can be generated inTASSEL itself, and kin-
ship (K-matrix) matrix as covariates to avoid false positives.
Based on our last report [11], we kept PCA =5 for final anal-
ysis. For convenience, markers that gave a p-value <0.001
(—log10 value of 3) for a given trait were claimed as signifi-
cant associations.

Geno-pheno network for better understanding of the rela-
tionship between the measured traits and two most signifi-
cantly associated SNPs per trait was constructed employing
the “Spring” layout command [implemented in “qgraph”
package (Epskamp et al. 2012)] to construct the correla-
tion network. This command implements force-embedded
algorithms (Di Battista et al. 1994) of a correlation matrix
that iteratively computes the layout of a given graph in a
two-dimensional space. A slightly modified version of the
above-mentioned method (Fruchterman and Reingold 1991)
is implemented in the “qgraph.” This algorithm uses an
iterative process to compute a layout in which the length of
edges depends on the absolute weight of the edges. Further-
more, this algorithm calculates the minimum space required
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to create the graph of closely or distantly related traits to
facilitate the decision-making w.r.t closely related traits/
parameters.

Results
Phenotypic Variation

Significant differences were observed across PBLs for differ-
ent agronomic traits for all N treatments in both seasons. For
all the traits studied except for SPKL, the season had no sig-
nificant effect (Fig S3), thus highlighting that the differences
observed were strictly due to N application. Among the
seven recorded traits, PH and FTN increased at Nland N2
in comparison to NO (Figure S3, Table S3), where PBLs 249
and 197 showed an increase as compared to PBLs 27 and
79,which showed either no response or negative response
to N application for PH and FTN, respectively. Similarly,
70 PBLsshowed a positive response to N application in
SPKL, whereas 206 PBLsshowed no or negative response
to N application. Although GY increased significantly in
N2 treatment in comparison to NO, 165 PBLs exhibited a
decrease in GY from NO to N2.Effect of N application on
BY revealed a significant increase from NO to N1 treatment
in 193 PBLs, and from N1 to N2 treatment in 157 PBLs.
HI decreased in 181 PBLs from NO to N1 treatment and in
181 PBLs from N1 to N2 treatment. A direct comparison
of HI between NO and N2 treatment revealed a significant
decrease in 171 advanced lines. TW didn’t show any sig-
nificant change in 156 advanced lines from NO to N1 but
decreased at N2. All the traits exhibited high heritabilities
(> 0.8) in both seasons [except in S1 for SPKL at NO (0.54)
and N1 (0.52), for PH at N1 (0.62),and in S2 for SPKL at
N2 (0.77)] (Table S3).

Combined Correlations

Strong correlation (r>0.84***) was observed under
combined effect of season and nitrogen except for SPKL
at N1 (r=0.72***) and N2 (r=0.68***) and HI at NO
(r=0.70*%**) and N1 (r=0.68***) (Table S4-a). Correla-
tion analysis of mean data of the two seasons among various
traits across three treatments indicated that PH was in posi-
tive correlation at different N doses (r=0.26%*%*—(,52%%*%*)
whereas only FTN of NO and N2 were in strong positive
correlation (r=0.62**%) (Fig. 1, Table S4-b). SPKL was
not correlated at any dose of N. Strong positve correlation
between GY at N1 and N2 was detected (r=0.61%*%*), BY
at NO (r=0.23***) and at N1 and N2 (»=0.51***) was also
postively correlated. A positive correlation (r=0.28***) was
also evident for HI at N1 and N2, whereas, a meager positve
correlation (r=0.13%*) was detected for TW at NO and N1.
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Across traits, a positive correlation of GY with PH, BY
and HI at NO (r=0.12%, 0.55** and 0.55*%*, respectively),
N1 (r=0.30%*%*_0.62*** and 0.54***, respectively) and
N2 (r=0.23*%*, 0.71*** and 0.40%**) was evident (Fig. 1,
Table S2(b)). There was, however, slight but significant
negative correlation of BY with HI at NO (r=—0.34%%), N1
(r=-0.26**) and N2 (r=-0.27**). PH and BY were in
positive correlation at N1 (r=0.28%**) and N2 (r=0.16%%).
Slight positive correlation was also evident between PH and
SPKLN at NO (r=0.16*%*) and N1 (r=0.28***), but not at
N2.

Keeping in view the very strong correlations among
various traits across the seasons (Table S4 (a)), mean
data of the two seasons are used for further analysis
(Fig. 2). The mean trend for all traits was the same as
for individual seasons. Mean PH (cm) at NO was low-
est (76.7 £0.5) as compared to N1 (89.3 +£0.5) and N2
(89.4 £0.4), with H? being 0.95, 0.87, and 0.93, respec-
tively. Likewise, FTN (number of productive tillers aris-
ing from the ground per meter square)was 32.3 +£0.5
(H?>=0.95) at NO that increased to 36.7 +0.5 (H>=0.95)
and 36.2+0.6 (H>=0.97) at N1 and N2, respectively. On
the other hand, SPKL (average of spikelet ount of five ran-
dom spikes) decreased from 17.9+0.1 (H?=0.84) at NO
t0 16.5+0.1 (H*=0.79) and 17.2+0.11 (H*=0.76). An
increase in GY (grams) was witnessed from 1435.5 +34.0
(H?>=0.92) at NO to 1584.7 +39.9 (H?=0.93) at N1
and 1524.0+41.7 (H2=0.92). Similarly, BY increased
from 4919.2 +92.9 (H>=0.94) at NO to 6020.6 + 121.1
(H?>=0.99) and 6383.3 +0.96 (H*>=0.96) at N2. HI, how-
ever, witnessed a decreasing trend where it decreased from
0.3+0.0 (H*=0.82) at NO to 0.27 + 0.0 (H>=0.81) at N1
and 0.25+0.0 (H2 =0.94) at N2. TW(grams) remained
similar at NO and N1 (38.9 +0.3) but decreased at N2
(36.8 +0.3) where H*was 0.96, 0.94, and 0.93 at NO, N1,
and N2, respectively.

Association Mapping

To verify the existing population structure in the PBLs,
principal component analysis was carried out in TASSEL
with 9427 SNPs distributed across 21 wheat chromosomes
with minor allele frequency (MAF) of > 0.05 and the miss-
ing call rates < 0.2. The first four principal components were
the most informative, and after that, there was a slow decline
until the 10" PC component. Also,our experience with PBLs
has shown the existence of ~4 sub-populations [1] in the
germplasm when considering either three, four, or five sub-
populations in the germplasm. Hence, association analysis
was conducted using a mixed linear model (MLM) taken into
account PCA =5, which was computed in TASSEL where
mean data of S1 and S2 were used to detect marker-trait
associations (MTAs) between the phenotype and genotype.
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Fig. 1 Correlation network among plant height (PH), tiller number
(FTN), spikelet number per spike (SPKL), grain yield (GY), bio-
logical yield (BY), harvest index (HI) and thousand kernel weight
(TW) at NO (skyblue: O nitrogen), N1 (pink: 60 kg nitrogen) and

The quantil-quantile (Q-Q) plots (Fig S4 (a-g)) of the traits
measured provided a glimpse that the expected —log10(p)
value was close to the observed distribution that proved that
the GWAS through MLM (PC + K) was acceptable to search
for markers linked with traits of interest in our germplasm.

At p-value 0.001, a total of 182 marker-trait associa-
tions (MTA) were identified for all traits at all treatments,
which were distributed on all the 21 chromosomes of the
wheat genome (Fig. 3, Table S5). Among them, 24 MTAs
explained > 8% phenotypic variation (Table 1). Total 40
MTAs were specific to the exotic gene pool, whereas
142 MTAs could be from elite and exotics. In terms of

@é" A @
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N

N2 (green:120 kg nitrogen) of mean data of two seasons in the
germplasm. Blue and red indicate positive and negative correla-
tion, respectively, whereas thickness of the line is proportional to the
strenght of correlation

chromosomes, the highest number of MTAs were detected
on chromosome 2B (25 MTAs), followed by chromosome
2A (24 MTAs) and1B (19 MTAs). Chromosomes 1A and
3B carried 13 MTAs each. Chromosome 5A carried 10
MTAs, which was followed by chromosome 3A with 9
MTAs. Chromosomes 2D, 5B, and 6A carried 8 MTAs,
and 4A, 7A, and 7B carried 7 MTAs individually. Chromo-
somes 7D, 6B, and 4B carried 6, 5, and 4 MTAs, respec-
tively, and 5D carried 3 MTAs. Finally, 2 MTAs were
detected on chromosomes 1D and 4D, each, whereas 3D
and 6D carried single MTA each. Among groups, group
2 chromosomes 57 MTAs followed by group 1 with 34
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Variance components (%)

mGenetico2 mGxEo2 mResidual 02

Fig.2 Minimum (Min.), maximum (Max.), mean+standard error
(SE), heritability (H2) and variance component analysis of mean
phenotypic data. PH- plant height, FTN — number of tillers, SPKLN

MTAs followed by 3D with 23 MTAs. Group 5 chromo-
somes carried 21 MTAs, whereas group 7 chromosomes
carried 20 MTAs. Finally, group 6 chromosomes carried
14 MTAs, and group 4 carried the least number of 13
MTAs. In terms of the genome, the highest number of
MTAs were carried by B-genome (81 MTAs) followed by
A-genome (78 MTAs) and D-genome (23 MTAs). Trait
wise dissection of MTAs is provided below:

Plant Height (PH)

At p-value <0.001, a total of 19 MTAs were detected for
PH (Fig. 3a), where four associations were detected at
NO on chromosomes 3A (3 MTAs) and 5D (Table S5).
Out of these 19 MTAs, 4 were specific to the exotic gene
pool. A total of 10 MTAs were detected on chromosomes
2A (5 MTAs), 2B, 4B, 6A, 7B, and 7D at N1. The five
different chromosomes (1B, 3B, 4A, 5B, and 6B) carried
five MTAs at N2. Among all the MTAs observed, the PH,
MTA observed with SNP on chromosome 5D explained
the highest phenotypic variance. Similarly, for N1 and N2
treatment, the highest phenotypic variance was explained
by MTAs observed on chromosomes 2B and 3B, respec-
tively. For the MTAs from the exotic gene pool only, the
highest phenotypic variance was explained by chromo-
somes 3A, 2B, and 6B for NO, N1, and N2 treatment,
respectively.
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— number of spikelets per spike, GY — grain yield, BY — biological
yield, HI — harvest index, TW — thousand kernel weight, NO — no
nitrogen, N1 — nitrogen @ 60 kg/ha and N2 — nitrogen @ 120 kg/ha

FertileTiller Number (FTN)

For FTN, we detected 24 MTAs distributed on eight wheat
chromosomes where 7, 12,and 5 MTAs were detected at NO,
N1, and N2 treatments, respectively (Fig. 3b, (Table S5). Out
of these 24 MTAs, 2 were specific to the exotic gene pool.
At NO, the chromosomes involved were 2B, 3B (3 MTAs),
4A, and 5B (2 MTAs). Likewise, the chromosomes involved
at N1 were 2A (7 MTAs), 3B, 5B, 6A, and 7A. At N2, chro-
mosomes 2B, 6A, 7A, and 7B (2 MTAs) were involved. In
addition, one SNP (4,990,734IFI0-18:A > G-18:A > G) on
chromosome 2B at 67.73 cM was significant at both NO and
N2. Out of all the MTAs observed for FTN, MTAs from
5B explained the highest phenotypic variance for NO treat-
ment, whereas MTAs on chromosome 2A and 7B explained
the highest phenotypic variance observed for N1 and N2
treatment, respectively. For MTAs from the exotic gene pool
only, the highest phenotypic variance was explained by chro-
mosomes 5B and 2A for NO, and N1 treatment, respectively.

Spikelet Number (SPKL)

With regards to SPKL, taking into consideration all three
treatments, a total of 19 MTAs were detected on 11 different
chromosomes with 10, 3, and 6 MTAs detected at NO, N1,
and N2 treatments (Fig. 3c, Table S5). Out of the 19 SNPs
explaining the significant phenotypic variance, 3 belonged
to the exotic gene pool. The 10 MTAs detected at NO resided
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Fig.3 Genome-wide scan of a plant height (PH), b Fertile tiller
number (FTN), ¢ number of spikelets per spike (SPKL), d grain
yield (GY), e biological yield (BY), f harvest index (HI) and g thou-
sand kernel weight (TW) at O N application (NO: inner most circle),
60 kg N application (N1: middle circle) and 120 kg N application
(N2: third circle) in the form of circular Manhattan plots where the
chromosomes are plotted at the outermost circle where thin dotted

red line indicates significance level at p-value <0.001 (—logl0=3
or more) beyond which an association is counted as true associa-
tion (highlighted blue dots). Scale between chromosome 7D and 1A
indicates LOD threshold. Colored boxes outside on the top right side
indicate SNP density across the genome where green to aqua indi-
cates less dense to dense (for reference see Table S5)
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MTASs observed for SPKLN, MTA observed on chromo-

® 4 g Ry, . . . .

W m o some SA explained the highest phenotypic variance for NO

Y 2 e N 3 @@,} i; treatment. Similarly, for N1 and N2 treatment, MTAs from

& . ? ~ N >, 3 chromosome 2D and 1A explained the highest phenotypic

LY 4 o § ; g . e variance, respectively. For MTAs from the exotic gene pool

b 3 & : @ . & ) ¥ 8’ ééi only, the highest phenotypic variance was explained by chro-

e "'. i } e b o - B sl mosomes 7D and 2A for N0, and N1 treatment, respectively.
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i &4 -~ o £ o | Considering all three levels of N, twelve different chromo-

Y ﬂ ' A somes carried 24 GY MTAs where two MTAs were associ-

) 2, : @ $ ated at NO and eleven each was associated at N1 and N2

:,,%" é Mow = 2 & (Fig. 3d). The NO MTAs resided on chromosomes 1A and

N .&\\\:‘ 2B. The N1 MTAs resided on chromosomes 1A (2 MTAs),

* /af TR ¢ 2A (3 MTAs), 2B (2 MTAs), 3B (2 MTAs), 4A, and 6B. In

Fig.3 (continued)

on chromosomes 1B, 2B, 3A (2 MTAs), 4A, 4B, 5A, and
7D, and the three MTAs detected at N1 were located on
chromosomes 1A and 2D (2 MTAs), whereas the six MTAs
detected at N2 were distributed on five different chromo-
somes (1A, 2B (2 MTAs), 6A, 6B and 7A). Among the 19

addition, the MTAs at N2 were exhibited on chromosomes
1A (2 MTAs), 1B, 1D, 2A, 2B, 4A, 4D, 5A, 6D, and 7B
(Table S3). For the treatments NO, N1, and N2, the MTA
from chromosomes 1A, 3B, and 4A explained the highest
phenotypic variance.Similarly, out of the three MTAs spe-
cific to the exotic gene pool, 1D specific MTA explained the
highest phenotypic variance (~5.5%).

Table 1 Selected significant
marker-trait associations
explaining significant
phenotypic variance (> 8%)

for plant height (PH), Fertile
tiller number (FTN), grain
yield (GY), biological yield
(BY), harvest index (HI) and
thousand kernel weight (TW) at
0 N application (_NO), 60 kg N
application (_N1) and 120 kg N
application (_N2) detected
through linear model (MLM)
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Trait SNP Chr Pos F p-value R’
PH_NO 1,126,619\1F10-21:A>T-21:A>T 5D 69.42 13.29 3.87E-04 0.085
PH_NI 1,107,392|F10-15:G>A-15:G>A 2B 78.31 13.43 3.54E-04 0.088
FTN_NO 7,353,3801F10-68:A > G-68:A>G 4A 22.1 11.9 8.54E-04 0.141
FTN_NO 2,279,108|F10-12:T> C-12:T>C 5B 30.8 17.73 3.81E-05 0.0886
FTN_N2 1,049,818IF10-60:G > A-60:G > A 7B 94.01 14.39 2.12E-04 0.0845
GY_NI1 1,031,417\F10-24:G>A-24:G> A 4A 32.57 12.84 5.30E-04 0.105
GY_NI1 9,724,0501F10-29:G>A-29:G>A 3B 124.26 14.84 1.67E-04 0.083
GY_N2 1,031,417\FI0-24:G>A-24:G>A 4A 32.57 11.81 8.75E-04 0.102
BY_NO 1,107,071\F10-54:T> C-54:T> C 2B 78.31 11.39 9.49E-04 0.085
BY_N2 1,031,417\FI0-24:G>A-24:G>A 4A 32.57 14.22 2.81E-04 0.122
BY_N2 1,078,4261F10-29:A> C-29:A>C 2B 78.41 15.59 1.17E-04 0.087
BY_N2 1,215,338|F10-26:G>T-26:G>T 2B 78.57 18.01 3.26E-05 0.081
HI_NO 4,991,4611FI0-41:A>G-41:A>G 1B 157.86 14.3 2.32E-04 0.108
HI_N1 1,206,985|F10-7:A>G-7:A>G 6A 79.01 12.74 5.69E-04 0.119
HI_N1 5,412,0231F10-12:C>G-12:C>G 6A 36.15 15.52 1.20E-04 0.084
HI_N1 7,344,586|F10-20:C>T-20:C>T 6B 27.33 19.26 1.75E-05 0.081
HI_N2 2,250,9301F10-23:A>G-23:A>G 5D 144.84 28.75 3.38E-07 0.197
HI_N2 988,747|F10-7:A>G-7:A>G S5A 57.82 20.64 8.78E-06 0.083
HI_N2 4,911,150\1F10-25:C>T-25:C>T 2B 63.25 14.3 2.24E-04 0.082
TW_NO 1,078,6401F10-10:T> C-10:T>C 5B 31.96 15.2 1.52E-04 0.106
TW_NO 1,011,6201F10-63:C>A-63:C>A 1A 66.22 16.55 7.01E-05 0.085
TW_NI1 1,193,932|FI10-14:C>A-14:C>A 3B 39.13 12.66 5.33E-04 0.090
TW_N2 1,046,576|F10-14:A> G-14:A> G 3A 125.2 17.51 4.37E-05 0.088
TW_N2 1,046,522|F10—48:T> C-48:T>C 7D 101.77 12.43 5.73E-04 0.081
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Biological Yield (BY)

The 32 MTASs of BY resided on 13 different chromosomes,
where the most frequent was chromosome 3B,which carried
12 MTAs (Fig. 3e). Among the 32 MTAs, four MTAs were
detected at NO on chromosomes 1B (2 MTAs), 2B, and 4A.
The 13 MTAs at N1 were carried by chromosomes 1A (2
MTAs), 1B, 1D, 2A, 2B (3 MTAs), 3A, 7A, and 7D. The
chromosomes 2B (8 MTAs), 4A, 4D, 5A (2 MTAs), 5B,
and 7A (2 MTAs) harbored the 17 MTAs at N2 (Table S3).
Interestingly, SNP 1,078,426IFI0-29:A > C-29:A > C on
chromosome 2B at 78.41 cM was significant at both N1 and
N2. The MTAs on chromosomes 2B, 7D, and 4A explained
the highest phenotypic variance for treatments NO, N1, and
N2, respectively. Similarly, three MTAs specific to the exotic
gene pool, with MAT from the chromosome 5A, explained
the highest phenotypic variance (6.5%).

Harvest Index (HI)

The highest number of MTAs for an individual trait was
35, detected for HI that involved 10 chromosomes (Fig. 3
(f)). For NO, the eight associations were located on chromo-
somes 2A (4 MTAs), 2A (2 MTAs), 2B, and 2D. The seven
MTAs at N1 were located on chromosomes 2A, 2D, 6A (2
MTASs), 6B, and 7B (2 MTAs). The 19 MTAs at N2 treat-
ment resided on chromosomes 2A (3 MTAs), 2B (4 MTAs),
2D (2 MTAs), 4B (2 MTAs), 5A (6 MTAs), 5D, 6A and 6B
(Table S3). The MTAs on chromosomes 1B, 6A, and 5D
explained the highest phenotypic variance for treatment NO,
N1, and N2. Similarly, out of the 15 MTAs specific to the
exotic gene pool, MTA on chromosome 6A explained the
highest phenotypic variance (~ 11%).

Thousand Kernel Weight (TW)

The 29 TW MTAs were carried by 10 different chromo-
somes, where the most frequent was chromosome 3B with
6 MTAs (Fig. 3g). The 19 MTAs at NO were located on
chromosomes 1A (4 MTAs), 1B (7 MTAs), 3B (4 MTAs),
3D, and 5B (1B (3 MTAs). Six different chromosomes (3A,
3B, 5D, 6A, 7A, and 7B) carried the seven MTAs detected
at N1. Finally, chromosomes 3A (2 MTAs) and 7D were
involved at N2 with 3 MTAs (Table S3). The MTAs on chro-
mosomes 5B, 3B, and 3A explained the highest phenotypic
variance for treatment NO, N1, and N2, respectively. Also,
for the MTAs specific to the exotic gene pool, the highest
phenotypic variance was explained by chromosomes 3B and
3A for NO, N1, and N2 treatment, respectively.

Haplotype Analysis

Haplotype block analysis of the LTP revealed a total of 51
haplotype blocks (NO: 9, N1:20, N2:22) significantly associ-
ated with haplotype blocks. The most significant haplotype
blocks were identified for TW, SPKL, BY, FTN.

FTN under NO treatment and for GY, BY, HI, SPKL,
and PH under N1 and N2 treatments, both except SPKL
under N1 treatment only (Table S5). Among these, the
haplotype blocks HB2B-33 and HB2B-22 on chromosome
2B and HB5A-16 on chromosome5SA associated with TW,
SPKL, and BY, respectively, had shown significant associa-
tion across seasons under NO treatment (Table S4). Differ-
ent haplotypes reported to be significantly associated with
the same trait such as HB1A-9, HB1B-11, HB2B-28, and
HB6B-1 associated with BY under N1 treatment; HB2B-
23, HB2B-52, HB4A-9, HB7A-1 associated with HI and
HB2B-22, HB3B-3 associated with PH under N2 treatment
in both the seasons (Table S5). In contrast, the same hap-
lotype showed significant association with different traits
under different treatments across seasons. The haplotype
block HB2B-22 on chromosome 2B showed association
with SPKL under NO treatment and with BY, PH under N2
treatment; HB1A-9 on chromosome 1A with BY under N1
treatment (Table S5). The association of haplotype block
HB2B-28 on chromosome 2B was conserved across seasons
and treatments (Table S5).

Discussion

Crop improvement to increase global production by devel-
oping high-yielding varieties has inadvertently relied on
their ability to better N utilization efficiency. The advent
of semi-dwarf varieties resulted in the more efficient uti-
lization of N-based fertilizer compared to tall varieties, as
they were lodging resistant [25]. Over the past few dec-
ades, a volume of work has been performed to develop
more efficient crop plants that result in an equal or higher
yield per unit of the inputs supplied. The development of
input-efficient crop plants is dependent on the presence of
variation. But in crop plants such as wheat, the efforts are
constrained by the limited variation in cultivated germ-
plasm, whereas significant variation for various biotic,
abiotic, and other value-added traits has been reported
in landraces and wild germplasm of wheat. Thus, with
the objective for effective utilization of natural variation
in wheat improvement, a set of 2967 PBLs were initially
developed by the Seed for discovery program of CIMMYT
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that carried ~ 16—40% exotic alleles [34]. In this study, to
identify the PBLs with improved pNUE efficiency that is
explained by the combination of N uptake and NUE effi-
ciency [23], we focused on characterizing the phenotypic
variation present in a subset of initial PBLs for N uptake
by focusing on variation present in different agronomic
traits as markers. We performed a GWAS analysis to iden-
tify the underlying genetic regions that can be potentially
converted to breeder-friendly DNA-based markers.

Phenotypic Variation

Evaluation of 276 PBLs for two seasons at three N level
treatments highlighted that for most of the agronomic
traits except SPKLN, no significant differences were
observed across seasons. A significant positive effect of
N treatment was observed for agronomic traits such as
PH, FTN, BY, GY, HI, whereas a low positive correlation
or negative effect was observed for SPKLN and TW. The
negative effect observed for SPKLN due to N treatment
could be due to the relative availability differences of N
and phosphorus (P) as they are essential for vegetative
and reproductive growth, respectively [29]. The genotypic
differences were observed within PBLs for different agro-
nomic traits for N treatment. Within different PBLs, PH
and FTN can be effectively used as positive phenotypic
markers for pNUE. The effect of N treatment on GY indi-
cated that higher N treatment doesn’t invariably suggest a
higher yield, as previously reported [18, 30]. Although sta-
tistically significant higher GY treatment was observed for
N2 compared to NO, 165 PBLs showed a decrease in GY
at N2 compared to NO, suggesting that extra supplied N
doesn’t directly correlate with GY. Thus, extra N is either
unavailable to plant or is being lost due to denitrification,
leaching, and volatilization or is being used for other plant
developmental processes such as biomass. The contrast for
GY in PBLs could be due to the exotic alleles that could
be regulating partitioning of the nutrients from vegetative
tissues to grains, as BY showed a positive increase across
both N treatments [16].

Marker Trait Associations

The development of reliable markers for pNUE through
breeding and next-generation technologies is critical to
developing nutrient efficient cultivars as traditional pheno-
typic evaluation of segregating populations for NUE is an
expensive and time-consuming process. Mapping for NUE
using different approaches identified genetic loci on all chro-
mosomes of wheat contributing towards pNUE, highlight-
ing the complex nature of the trait [10, 20, 37]. A total of
13 chromosomes carried the 19 unique MTAs linked to PH
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at all three N applications where none was common at any
other trait that is not surprising because as many as 17 chro-
mosomes are known to carry PH QTLs [19], Zanke et al.,
2015). In a similar study, PH was associated with 30 regions,
including 14 SNP markers spread over 17 chromosomes [6],
where twenty of these coincided with the regions involved
in GY. Moreover, 54 MTAs on 15 of the 21 chromosomes
have been reported recently [1, 6, 23], which were mainly
concentrated on chromosomes 2B, 3D, and 7A. The MTA
explaining ~9% phenotypic variance is an effective target
that explained PH response to N application (PH_N1, 1,/
07,392IF10-15:G > A-15:G > A, 2B). In addition to PH, 24
MTAs s linked to FTN, 19 MTAs for SPKLN, 23 MTAs for
GY, 30 MTAs for BY, 35 MTAs for HI, and 29 MTAs for
TW were discovered. Studies on the effect of N addition
towards FTN do not exist, and we are reporting the identifi-
cation of genetic loci regulating FTN for N treatment. Out
of all MTAs observed for FTN.

FTN, chromosome 4A explained more than 14% of
observed phenotypic variation. The highest phenotypic
variance (~12.2% & ~ 10%) for N treatment for BY and GY
was explained by an MTA on chromosome 4A (Table 1).
Moreover, previous work has reported stable yield-related
QTLs on chromosome 4A [32], and thus these MTASs can be
converted to reliable breeder-friendly markers. The associa-
tion analysis of the same set of PBLs revealed >90% similar
results [11]. In addition, for HI for all three treatments, three
MTASs were observed that explained more than 10% phe-
notypic variance (Table 1). Three MTAs, explaining ~ 10%,
9%, and 8% phenotypic variance, for TW for NO, N1, and
N2 treatment, were observed at chromosome 5B, 3B, and
3A, respectively.

Geno-Pheno Network

We constructed a geno-pheno network for a better under-
standing of the relationship between the measured traits
and the two most significantly associated SNPs per trait.
Table 2The traits viz. GY, BY and HI was more closely
related as compared to other traits at NO. Hence, selection
for markers linked to either of the said traits will not influ-
ence other traits (Fig. 4a). At N1, however, except TW, all
traits viz. GY, BY, HI, SPKLN, FTN, and PH were tightly
knitted together (Fig. 4b). In fact, at N1, FTN was at the
center, indicating its pivotal role in GY, which is also evident
from correlation analysis [Table S4 (b)]. Table 3At N2, the
four traits closer to each other was GY, BY, HI, and PH, indi-
cating that at least some part of GY improvement is com-
ing from increased height alongside BY and PH (Fig. 4c¢).
Table 4We conclude that, like in Arabidopsis, where a com-
plex network of additive and epistatic QTLs control resist-
ance to Ralstoniasolanacearum under heat stress [4], final
GY and related traits are entangled in a complex network of
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Fig.4 Phenotype-genotype
network at 0 (NO, a), 60 kg (N1,
b) and 120 kg N (N2, ¢) appli-
cation with two most strongly
associated markers (based on
p-values) per trait at each N
application based on correla-
tion statistics implemented

in “qgraph”. Blue indicates
positive relation and orange
indicates negative relation

and thickness and closeness is
proportional to the strength of
the relation. < 10% relationships
between markers and pheno-
types are not shown

NO
Sr# [Trait [SNP Chr |Pos (cM)
ml [GY [1864355|F|0-68:C>G-68:C>G  [2B 1.26)
m2 |GY |1012827|F|0-63:C>G-63:C>G  |1A 135.38
m3 [BY [1161065]|F|0-56:A>C-56:A>C [1B 286.64
m4 [BY [994956 | F|0-44:G>A-44:G>A 1B 270.55
m5 [SPKL[101276566 | F|0-19:T>G-19:T>G|7D 14.6
m6 [SPKL[1094596 | F|0-45:C>G-45:C>G  [SA 60.39
m7 [TN [2279108|F|0-12:T>C-12:T>C  [5B 30.8|
m8 [N 4990734 |F|0-18:A>G-18:A>G |2B 67.73]
m9 [PH [4988938|F|0-8:6>C-8:G>C 3A 48.22]
m10 [PH [101422385|F|0-7:G>T-7:G>T _ |3A 43.6
mi11 [HI  |[4991461|F|0-41:A>G-41:A>G_|1B | 157.86)
m12 [HI  [3955235|F|0-7:T>A-7:T>A 2A | 122.68
m13 [TW [3026224|F|0-25:G>T-25:G>T _|1B | 140.75
m14 [TW [996888|F|0-37:T>G-37:T>G 3B 54.72

N1
Sr # [Trait [SNP IChr [Pos (cM)
m1 |GY [9724050|F|0-29:G>A-29:G>A [3B 124.26)
m2 |GY [1071231|F|0-65:A>G-65:A>G [2A 68.56)
m3 |BY [101351962|F|0-8:G>C-8:G>C [2B 81.25)
m4 [BY |1124944|F|0-25:G>A-25:G>A |2B 73.56]
m5 |SPKL [1002792|F|0-48:T>C-48:T>C  [2D 29.23|
m6 |SPKL [3022408|F|0-16:G>C-16:G>C  [1A 179.08|
m7 [TN_ [3570146| F|0-9:A>G-9:A>G 2A 72.16]
m8 [TN  [4909866 | F|0-29:A>T-29:A>T  2A 71.38)
m9 |PH [5582507|F|0-13:C>G-13:C>G 2A 114.17
m10|PH [100812054|F|0-23:T>C-23:T>C|4B 28.23)
m11|Hl [7344586|F|0-20:C>T-20:C>T  [6B 27.33]
m12 |HI  [5412023|F|0-12:C>G-12:C>G_ [6A 36.15)
m13 [TW [1070651|F|0-19:T>C-19:T>C  [7A 101.52
m14 [TW [1193932|F|0-14:C>A-14:C>A  [3B 39.13)

N2
Sr# [Trait [SNP IChr  |Pos (cM)
ml |GY [1667202|F|0-61:A>C-61:A>C |4D 66.81]
m2 |GY [101080470|F|0-7:G>A-7:G>A [|2B 70.73]
m3 |BY [1215338|F|0-26:G>T-26:G>T |2B 78.57
m4 |BY |1220092|F|0-6:G>A-6:G>A I5A 71.16)
m5 [SPKL[1206667 | F|0-9:C>T-9:C>T 6B 32.16]
m6 |SPKL[3028745|F|0-26:G>C-26:G>C |1B 99.94
m7 [TN [1128830]|F|0-35:C>A-35:C>A |7B 93.44
m8 [TN [1049818]|F|0-60:G>A-60:G>A [7B 94.01]
m9 |PH [101242119|F|0-9:C>A-9:C>A 3B 95.48|
m10|PH (101383024 |F|0-20:C>T-20:C>T 4A 130.68
m11[HI  [2250930] F|0-23:A>G-23:A>G_|5D 144.84
m12 [HI  |988747|F|0-7:A>G-7:A>G 5A 57.82]
m13|[TW [1046576|F|0-14:A>G-14:A>G [3A 125.2]
m14 [TW [1046522|F|0-48:T>C-48:T>C__|7D 101.77]
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Table2 Grain yield (GY—kg/ha) of best 20 PBLs at NO treatment
and two standard checks (PBW725 and HD3086)

Table 4 Grain yield (GY—kg/ha) of best 20 PBLs at 120 kg N appli-
cation (N2) and two standard checks (PBW725 and HD3086)

GID GY_NO GY_N1 GY_N2 GID GY_NO GY_N1 GY_N2
7,933,014 2427.7 1665.3 1629.6 7,933,008 1439 1423.2 2947.1
7,933,035 2307.5 1666.1 1695.9 7,933,091 971.7 1666 2509.4
7,933,094 2547.6 1418.7 936.6 7,933,105 1335.7 2077 2796.8
7,933,205 2742.8 4043 2378.9 7,933,318 1381.7 2659.4 3015.5
7,933,503 3253.1 1432.9 828.1 7,933,359 1439.0 3728 4161.5
7,933,799 2348.1 1994.7 1252.2 7,933,539 1869.8 3403.2 2752
7,933,829 2562.1 1265.6 807.7 7,933,683 1457.2 3148.5 3469.7
7,933,866 2672.3 430.9 622.9 7,933,744 1351.5 3164.4 2968.8
7,933,881 2389.4 2077.7 530.2 7,933,845 1821.3 2076.7 2818.2
7,933,975 2632.2 1756.9 2002.4 7,933,864 691.42 2986.1 2777.1
7,934,105 2621.3 1243.0 1289.2 7,933,894 1042.3 2478.4 4026.5
7,934,240 2490 1582.5 1695.8 7,933,910 11854 2829.4 3376.8
7,934,428 2683.1 1759.3 2066 7,933,939 632.48 1652.5 2568
7,934,479 2723.1 852.1 899.3 7,933,945 1417.1 3065.2 2677.1
7,934,483 2750.1 1250.4 1602.7 7,934,042 1256.6 1584.2 2761.6
7,934,531 2470.5 1254.5 924.4 7,934,229 880.37 1325.1 2634.2
7,934,841 2437.7 1262.6 1684.3 7,934,242 1810.8 1655.0 2826.1
7,934,904 2753.9 764.6 76.69 7,934,390 1387.5 3735.8 3935.5
7,935,072 2354.6 2007.2 836.81 7,934,683 758.20 24779 2538.4
7,935,102 2661.2 1655.2 1429.6 7,934,760 1669 1120.8 2581.5
Population mean 1435.5 1584.7 1524.0 Population mean 1435.5 1584.7 1524.0
Check 1 1054 3313.6 1677.3 Check 1 1054 3313.6 1677.3
Check 2 1547 2749 1542 Check 2 1547 2749 1542

Table 3 Grain yield (GY—Xkg/ha) of best PBLs at 60 kg N applica-
tion (N1) and two standard checks (PBW725 and HD3086)

GID GY_NO GY_NI1 GY_N2
7,933,135 1214.1 2901.2 2352.5
7,933,150 1701.3 3066.7 2307.1
7,933,202 1864.3 2903.4 1513.7
7,933,205 2742.8 4043 2378.9
7,933,239 1443.6 2804.6 2100.1
7,933,359 1439 3728 4161.5
7,933,539 1869 3403.2 2752.0
7,933,683 1457.2 3148.5 3469.8
7,933,744 1351.6 3164.4 2968.8
7,933,864 691.4 2986.1 2777.1
7,933,897 1092.9 3477.7 2208.1
7,933,910 1185.4 2829.4 3376.8
7,933,945 1417.1 3065.2 2677.1
7,934,390 1387.5 3735.8 3935.5
7,934,846 850.5 3149.0 1622.4
7,935,221 1665.4 2906.5 23779
Population mean 1435.5 1584.7 1524.0
Check 1 1054 3313.6 1677.3
Check 2 1547 2749 1542
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associations/QTLs at various N applications in wheat. Net-
work of QTLs colocalizations for 28 traits determining NUE
components [8] and spikelet sterility and yield-related traits
[2] in wheat have also been reported recently. Therefore,
each trait must be addressed in detail separately and in con-
nection with related traits to improve GY at limited N levels.

Donor Lines for pNUE

The availability of ready-to-use donor lines for regional
breeding programs is of critical importance. These PBLs
have already been screened for different agronomic traits and
biotic and abiotic stress tolerance [33—35] and thus have the
potential to be released for a targeted environment. Based
on their performance at NO, N1, and N2, we have selected
the top 20 lines that performed better than the check and
thus can be used as donors in different breeding programs
and can be further used for understanding the mechanisms
of improved N application response (Tables 2—4). In SE-
Asia, particularly in India and Pakistan, the N-based ferti-
lizer is the most frequently used fertilizer that costs every
farmer ~ $30/ha. Thus, the development and release of plant
varieties with improved pNUE can prevent environmental
damage due to excessive application of N-based fertilizer
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and can further reduce the operational cost for wheat
production.

Conclusion

The development of nutrient efficient cultivars is reliant on
the availability of the presence of natural genetic variation
and simpler phenotypic approaches compatible with breed-
ing pipelines. In this study, we have characterized the pres-
ence of genotypic variation in pre-breeding lines (PBLs) for
pNUE known to carry ~25% exotic alleles. The identifica-
tion of phenotypic traits for their responsiveness to the N
application and underlying genetic loci provides an alterna-
tive approach to developing NUE crop varieties.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s12033-022-00535-8.
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