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Abstract
Background: Hexaploid wheat (Triticum aestivum L.) is a leading cereal crop worldwide. Understanding
the mechanism of calcium (Ca) accumulation in wheat is important to reduce the risk of human
micronutrient de�ciencies. However, the mechanisms of Ca accumulation in wheat grain are only partly
understood.

Results: Here, we performed a genome-wide association study to identify the genetic basis of Ca
accumulation in wheat grain using an association population consisting of 207 varieties, with phenotypic
data from three locations and the combined locations. In total, 18 non-redundant quantitative trait loci
(QTLs) associated with Ca concentration were identi�ed that explained, on average, 9.61%–26.93% of the
phenotypic variation. Cultivars containing more superior alleles and fewer inferior alleles had increased
grain Ca concentrations. Notably, six non-redundant loci were identi�ed in at least two environments,
indicating their stability across different environments. Searches of public databases revealed six
putative candidate genes linked to Ca accumulation. Among them, two subunits of V-type Proton ATPase
(TraesCS4A01G428900 and TraesCS3B01G241000) are encoded by genes associated with stable genetic
loci on chromosomes 4A (AX-108912427) and 3B (AX-110922471), respectively, and they are typical
generators of a proton gradient that might be involved in Ca homeostasis in wheat grain.

Conclusion: This study could increases our understanding of the genetic architecture of grain Ca
accumulation in wheat, and we plan to develop the identi�ed superior alleles into molecular markers for
wheat Ca bioforti�cation pyramid breeding in the future.

Background
Hexaploid wheat (Triticum aestivum L.) is one of the world’s three major food crops, and its products are
main sources of human dietary nutrients [1]. In the past 50 years, with the continuous improvement of
breeding and cultivation technology, the yields of major food crops have increased greatly, helping to
solve the problem of food security [2]. However, past breeding targets have focused too much on
increasing yields and protein contents while ignoring the development of nutritional quality, including that
supplied by microelements [3]. However, with changes in consumers’ dietary structure and the continuous
improvement in living standards, the demand for nutritional high-quality wheat is growing.

Ca is the �fth most required microelement, and its total content forms approximately 2% of the body’s
weight. It plays important roles in maintaining the body’s normal physiological and biochemical
functions, making it an important nutrient for human health [4]. Some basic regulatory functions in the
human body involve Ca, including hormone secretion, blood clotting, enzyme reaction activation, vascular
diastolic, muscle function, nerve impulse delivery, cell proliferation and intracellular metabolism [5]. The
appropriate amount of Ca intake has protective effects on colorectal, ovarian, breast and other types of
cancer, and it can effectively reduce the risk of cardiovascular disease [6, 7]. Moreover, Ca is also
necessary for plant growth and development, playing important roles in plant cell structures and
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physiological functions. It is involved in maintaining the stability of cell walls, cell membranes and
membrane-binding proteins, and it participates in regulating intracellular homeostasis and plant
development [8, 9]. As a second messenger in plant cell signaling, Ca has a sensitive response to various
stimuli, such as environmental and endogenous hormone signals [9]. It participates in signal transduction
processes that rely on concentration gradient changes to transmit signals [10]. However, depending on
the downstream functional protein (such as protein kinases/protein kinase cascade) ampli�cation
signals, it also participates in biotic and abiotic stress responses, hormone regulation and other
physiological and biochemical functions in plants [11, 12]. Therefore, both plants and humans require
optimum intakes of Ca for their normal physiological and biochemical activities.

Quantitative trait loci (QTL) associated with Ca accumulation have been identi�ed in different plant
species and crops, such as wheat, rice, sorghum, barley, corn, pearl millet and beans [13–16]. Goel et al.
(2011) identi�ed 31 QTLs in rice that regulate Ca accumulation and 28 QTLs in sorghum that affect Ca
accumulation [17]. Five QTLs identi�ed in Arabidopsis thaliana account for 36.4% of the Ca content
variation [18]. However, QTL identi�cation strategies using bi-parental populations have low resolutions
and only relevant sites with residual variation at the parental level can be obtained. In contrast, a genome-
wide association analysis (GWAS) relies on more representative and diverse natural population genome
information to detect non-random associations between genotypes and phenotypes, greatly improving
the resolution of the QTL mapping [19]. This method has been widely used in the QTL mapping of
complex quantitative traits in multiple species. However, there are only a few studies in which GWAS has
been used to identify QTLs associated with grain Ca accumulation in wheat. Alomari et al. (2017) used a
natural population containing 353 wheat varieties to identify the major QTLs associated with the grain Ca
accumulation e�ciency on chromosomes 2A, 5B and 6A [20]. Bhatta et al. (2018) identi�ed QTLs
associated with Ca accumulation in grains in 14 different genomic regions on chromosomes 1B, 2B, 2D,
3A, 3B, 3D, 6A, 6B and 7A, which explained 2.7–21.5% of the phenotypic variation [21].

Previous studies have studied the accumulations of microelements in wheat grains using association
and linkage analyses. However, there are limited reports on Ca accumulation in wheat grains;
consequently, the genetic basis of Ca accumulation in wheat grains remains unclear. In this study, a
natural population was employed to identify QTLs for wheat grain Ca accumulation using a GWAS. This
study aimed to 1) dissect the genetic architecture of wheat grain Ca accumulation; 2) identify potential
candidate genes associated with Ca accumulation; 3) evaluate the genetic effects of stable non-
redundant QTLs; and 4) explore molecular markers that can be used to guide Ca bioforti�cation breeding.
This study provides useful information for further elucidating the molecular and genetic mechanisms of
Ca accumulation in common wheat.

Results

Genetic diversity analysis
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Before the GWAS, the wheat 660K SNP assay was used to perform genotyping of the natural population,
which included 207 lines. After �ltering using the criteria of minor allele frequency > 0.05 and missing
data < 10%, 244,508 single-nucleotide polymorphism (SNP) markers were retained for further analyses
(Figure S1). The population structure results were integrated using Admixture software
(www.genetics.ucla.edu/software/admixture). As shown in Figure 1, at K = 8, the cross-validation error
(CV) was the lowest, indicating that this was the optimal K value; this demonstrated that the natural
population has a rich genetic background and could be divided into eight sub-populations. Thus, this
population was suitable for a further GWAS of wheat grain Ca accumulations.

Phenotypic variations in Ca concentrations
The Ca levels were investigated for the whole natural wheat population across �eld studies in Yuanyang
(YY), Shangqiu (SQ) and Kaifeng (KF) in 2017 (Table S1). In each environment, the Ca concentration
showed a broad range of variation (Figure 2). The highest mean Ca concentration (376.02 mg/kg) was
recorded in SQ, where values ranged from 139.18 to 676.04 mg/kg. The second highest mean Ca
concentration was 319.05 mg/kg recorded in KF, where values ranged from 121.71 to 552.19 mg/kg. A
lower mean Ca concentration value of 297.37 mg/kg was recorded in YY, where the values ranged from
139.18 to 676.04 mg/kg. The resulting of the best linear unbiased predictors (BLUPs) for grain Ca
concentrations across all environments ranged from 320.96 to 348.08 mg/kg, with a mean of 330.81
mg/kg (Table 1). Additionally, the frequencies of the Ca concentrations in individual and combined
environments exhibited an approximately normal distribution (Figure S2). Thus, this is an ideal
population for the association mapping of wheat grain Ca concentrations.

GWAS of wheat grain Ca concentrations
Three models, general linear models (GLM), mixed linear models (MLM) and �xed and random model
Circulating Probability Uni�cation (FarmCPU), were used to perform the GWAS for the Ca concentration of
wheat grains at the three locations and a combination of the three locations. By comparing the results of
the quantile–quantile (QQ) plots of different analysis models, it was determined that the GLM model
controlled the population structure with a high risk of type I error (false positive). The FarmCPU model’s
screening criteria were too strict for signi�cant association sites and resulted in a higher type II error
(false negative). The MLM model not only controlled the population structure, but also controlled the
relative kinship in the analysis process. The QQ plot indicated that the MLM model was more reliable
than the others, reducing the probabilities of type I and II errors (Figure S3). We determined it to be an
ideal model for the GWAS analysis of wheat grain Ca concentrations.

Using the MLM model, 111 signi�cant SNPs at the suggested p < 1.0 × 10−4 for wheat grain Ca
concentrations were identi�ed in the surveyed environments (including a combination of the three
locations) (Table S2). On the basis of the de�nition of the QTLs, combined with the physical locations of
these signi�cant SNPs, the SNPs were categorized into 18 non-redundant QTLs. Brie�y, in YY, 14 non-
redundant QTLs involving 37 signi�cant SNPs associated with Ca concentration in wheat grains were

http://www.genetics.ucla.edu/software/admixture
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identi�ed. They are mainly distributed on chromosomes 1D, 2A, 2B, 3A, 3B, 3D, 4A, 5A, 5B, 6A, 7A and 7B,
and each locus could explain phenotypic variation (PVE) ranging from 13.75–26.93%, with a mean of
16.34%. In SQ, 6 non-redundant QTLs involving 10 signi�cant SNPs associated with wheat grain Ca
concentrations were identi�ed. They were located on chromosomes 3A, 3D, 4A, 4B and 5B, and the PVE of
each locus ranged from 9.33–12.89%, with a mean of 10.29%. Similarly, in KF, two non-redundant QTLs
(26 signi�cant SNPs) were identi�ed on chromosomes 2A and 4A, each explaining PVE from 7.32–
16.55%, with a mean of 14.36%. Moreover, 5 non-redundant QTLs involving 46 signi�cant SNPs were
identi�ed in the combination of the three individual locations. They were mainly distributed on
chromosomes 3A, 3B, 3D and 4A, and the PVE ranged from 16.50–19.55%, with a mean of 17.04%
(Figure 3, Table 2).

The repeatable SNPs involved in the co-localization of non-redundant QTLs identi�ed across different
locations are summarized in Table 2. Overall, 6 non-redundant QTLs involving 6 peak SNPs were detected
in at least two environments (including the combined location, BLUP) (Table 2), and they might be stable
across different environments. Additionally, the SNP AX-108912427 was identi�ed simultaneously in all
three locations and the combination of the three locations. It is located on chromosome 4A and exhibited
the highest PVE in each environment, ranging from 12.89–26.93% (Table 2). Furthermore, a QTL hot spot
exists at the end of chromosome 4A. This QTL interval could be a key factor in regulating wheat grain Ca
accumulation. Detailed analyses of the candidate genes underlying these six non-redundant QTLs will
provide useful information concerning Ca accumulation.

Putative candidate gene predictions for QTLs controlling Ca
accumulation
On the basis of the GWAS, six stable non-redundant QTLs associated with the regulation of Ca
accumulation in wheat grain were identi�ed in this study. Prior to the candidate gene prediction, we
compared the QTLs with correlated research on Ca accumulation in wheat and found that these loci co-
localize (Table 3). Using the wheat reference genome annotation information from IWGSC RefSeq v2.0,
six promising genes were located within these loci, and they were considered as candidate genes related
to Ca accumulation in wheat grain. A bioinformatics analysis detected the most signi�cant SNP, AX-
108912427, simultaneously in all environments. It is located on chromosome 4A, which harbors the gene
TraesCS4A01G428900 that encodes a V-type proton ATPase subunit e, which is relevant to Ca
homeostasis and transporters. The SNP AX-94729264, located on the 3D chromosome, was detected in
three different locations, and it is associated with the predicted gene TraesCS3D01G079600 that encodes
an ubiquitin family protein, which might be involved in Ca homeostasis. On chromosome 3B, the
signi�cant SNP AX-110013515 was signi�cantly associated with Ca accumulations in two environments.
The gene underlying this marker encodes a transmembrane protein that has ion channel activity and is
likely involved in Ca transport, whereas the second signi�cant locus linked with SNP AX-110922471 on
the same chromosome carries the gene TraesCS3B01G241000 that encodes V-type proton ATPase
subunit d, which may be related to Ca accumulation. Additionally, two SNPs, AX-110634514 and AX-
109541359, located on chromosomes 2A and 3A, respectively, were linked with the predicted genes
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TraesCS2A01G098100 and TraesCS3A01G424700, respectively. The �rst gene encodes a calmodulin, and
the second gene encodes a cytochrome P450, which may be relevant to Ca regulation in grain. Detailed
information on the most likely candidate genes are list in Table 3.

Relationship between Ca accumulation and the number of
superior alleles
All these SNPs were associated with grain Ca concentrations in at least two environments, and they may
be considered as stable loci for controlling Ca accumulations in wheat grains. The repeatable SNP
polymorphic effects were investigated using the ANOVA method based on the phenotypic values of the
natural population. For each of the six SNPs, cultivars with the superior alleles showed higher Ca
concentration in grains than cultivars with the inferior alleles (Figure 4). Statistical analyses showed that
the grain Ca concentration differences, accessions with superior alleles compared with the accessions
with inferior alleles, have reached signi�cant or highly signi�cant levels in all or some environments
(Table 4).

To further understand the pyramiding effects of alleles on the grain Ca concentration, we investigated the
numbers of superior and inferior alleles in each cultivar. The number of superior alleles ranged from 0 to
13, compared with 3 to 17 inferior alleles. The Ca concentration-related BLUP value of the natural
population was used to examine the relationship between Ca accumulation and the numbers of superior
and inferior alleles by linear regression. A linear relationship between grain Ca concentration and the
number of superior alleles per genotype was observed. The regression coe�cients between the Ca
concentration and numbers of superior alleles and inferior alleles were 0.2242, and 0.2444, respectively,
implying that cultivars with more superior alleles and fewer inferior alleles contributed to increasing grain
Ca concentrations (Figure 5). Thus, pyramiding more superior alleles and fewer inferior alleles should
enhance the wheat grain Ca concentration, and this strategy can be used in crop genetic bioforti�cation
breeding programs.

Discussion
Genetic bioforti�cation is an effective method for enhancing crop microelement contents. A large number
of genetic loci controlling microelement accumulation in wheat, rice and other crops have been identi�ed
in previous research [22–25]. However, there are relatively few studies on the genetic mechanisms of Ca
ion accumulation in wheat grain; consequently, limited information is available on wheat grain genetic
control and molecular physiological mechanisms. GWAS is a powerful tool for dissecting the genetics of
complex traits and identifying the chromosomal regions harboring genes suitable for use in breeding
programs. In this study, a GWAS was used to dissect the genetic basis of Ca accumulation in wheat grain
using a natural population.

When using a GWAS, the probability of detecting the causal variant and associated loci for a target trait
depends on the marker density, population size and statistical methods [26]. Owing to the rapid
development and application of molecular marker assays, Wheat 35K, 90K, 660K and 820K SNP
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genotyping arrays have been designed and utilized for GWAS and linkage analyses in common wheat
[27–29]. Comparative analyses revealed that the Wheat 660K SNP array is reliable and cost-effective,
making it the ideal choice for genotyping a population of individuals [30]. In the present study, a credible
number of markers (244,508 SNPs) was identi�ed using the Wheat 660K SNP array, and the population
met the requirements of a GWAS for Ca accumulation in wheat grains. Population size is another factor
limiting the detection e�ciency of a GWAS. The effect of increasing the population size on QTL detection
e�ciency is greater than that of the marker density [31], and increasing the population size may lead to
the identi�cation of more smaller-effect QTLs [32]. Previously, population sizes ranging from 100 to 500
have been used for wheat association analyses [33–35]. In this study, although the natural population of
207 diverse accessions was not su�ciently large, the dramatic phenotypic variations in grain Ca
concentration was very large, ranging from 121.71 mg/kg to 685.17 mg/kg, and it showed a normal
distribution, which is conducive to GWAS. Dramatic phenotype variation may be associated with high
genetic diversity [36]. In this study, a population structure analysis based on the genotype data of the
natural population interpreted the diversity from another perspective. Our population could be divided into
eight subpopulations (Figure 1), which indicated high genetic diversity and suitability for GWAS. The lack
of proper modi�cations to population structure may lead to spurious associations [37, 38]. To eliminate
such associations, the population structure, as shown in the Q matrix, was considered as a �xed-effect
factor in the GWAS. Additionally, complex traits are sensitive to different statistical models, which vary in
their abilities to control type I or type II errors. Thus, a suitable statistical model can effectively increase
the con�dence of the associated sites. For example, Chen et al. (2017) analyzed 13 agronomic traits of
wheat and found that the MLM model effectively controls false positive and false negative errors, making
it the best model for a GWAS [39]. In a maize GWAS for arsenic accumulation, the GLM model (only
controls the in�uence on the population structure) was better than the MLM model [40], although it could
not completely control the population structure in�uence. In the present study, the QQ plots indicated that
the in�uence of type I and type II errors was controlled in the GWAS for wheat grain Ca accumulation by
MLM [simultaneously controls the in�uence of �xed-effect factors (Q matrix) and random-effect factors
(K matrix)] better than the GLM and FarmCUP statistical models. These results were in accordance with
previous GWAS studies for Ca accumulation in wheat grain, in which the MLM model was used for the
GWAS [20].

The manifestations of complex quantitative traits (such as microelement accumulation in wheat grain)
are often controlled by multiple genetic loci [21, 41, 42]. Several genetic loci affecting Ca accumulation in
wheat grain were identi�ed previously by GWAS and linkage analyses [13, 20, 21], which allowed for a
comparison among loci identi�ed in known QTLs and those identi�ed in the present study. Here, 18 non-
redundant loci for Ca accumulation were distributed on chromosomes 1D, 2A, 2B, 3A, 3B, 3D, 4A, 4B, 5A,
5B, 6A, 7A and 7B, which suggested the involvement of loci on these chromosomes in the natural
population regulating Ca concentration variation. QTLs for Ca accumulation are scattered on
chromosomes 4A, 4B, 5B, 6A and 7B [13] in a durum wheat × wild emmer RIL population, which
overlapped with loci identi�ed in the current study, indicating that the linkage mapping results were
complementary to those of the GWAS for wheat grain Ca accumulation. Bhatta et al. (2018) identi�ed 15
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signi�cant marker-trait associations for wheat grain Ca accumulation distributed in 14 different genomic
regions on chromosomes 1B, 2B, 2D, 3A, 3B, 3D, 6A, 6B and 7A that explained 2.7–21.5% phenotypic
variation using the Hard Winter Wheat Association Mapping Panel (including 299 varieties) and the
GWAS method [21]. We only identi�ed eight loci on chromosomes 2B, 3A (2 loci), 3B (2 loci), 3D, 6A and
7A, and not all of the QTLs detected previously were identi�ed in this study. This may be because of (a)
the different origins of the populations, or (b) the use of different genotypic identi�cation platforms. This
can make it di�cult to align the complete genomes of the population’s individuals. It is worth noting that,
like other complex quantitative traits, the accumulation of Ca in wheat grain is controlled by multiple
genetic sites and is susceptible to environmental in�uences [43]. Therefore, the ideal target genetic loci
should be stably identi�ed under multi-environmental conditions. In this study, we found that all six loci
were detected in at least two environments with relatively higher PVE values (9.66–26.93%), which
suggests that these were stable QTLs signi�cantly associated with wheat grain Ca accumulation that
were critical for target trait phenotypic variation. The peak SNP AX-110634514 has been mapped closely
to Kukri_c40035_258 on chromosome 2A [20], and AX-109541359 is co-located in the vicinity of regions
harboring S3A_593702925 and CFA2262-wPt_3816 on chromosome 3A [21, 44]. On chromosome 3B, the
SNPs AX-110013515 and AX-110922471 were mapped to genomic regions near gwm389-wPt-8093(C)
and QGCaUE-3B, respectively. The former QTL has been identi�ed in a natural wheat population [44], and
the latter QTL has been detected in a double-haploid wheat population [42]. The peak SNP AX-94729264
was simultaneously identi�ed in SQ, YY, and BLUP, which indicated it co-localizes with S3D_45073985
[21]. These �ndings validate the results of the GWAS and increase the con�dence in some loci identi�ed
in the present study. The hotspot at the end of chromosome 4A linked with SNP AX-108912427 (identi�ed
in all the environments with the highest PVE values, ranging from 12.89–26.93%) was simultaneously
mapped in the vicinities of three QTLs, gwm165a-wmc420, wmc106-gwm165a and gwm610 [13, 44],
which implies that this hotspot is a key factor that harbors a major gene for regulating Ca accumulation
in wheat grain.

In this study, six peak SNPs, together with corresponding non-redundant QTLs that are associated Ca
accumulation, were identi�ed by the GWAS in at least two environments. Combined with the gene’s
physical positions and functional annotation information, six genes were identi�ed as the most credible
candidate genes for Ca accumulation. Two SNP markers, AX-108912427 on chromosome 4A and AX-
110922471 on chromosome 3B, were associated with genes encoding V-type proton ATPase subunit e
(TraesCS4A01G428900) and V-type proton ATPase subunit d (TraesCS3B01G241000), respectively. Both
subunits are important components of the V-type proton ATPase that is the typical generator of a proton
gradient involved in Ca ion sequestration in plant cells, and it may in�uence Ca ion homeostasis in wheat
grains [45, 46]. The hot spot QTL linked with 39 signi�cant SNPs at the end of the 4A chromosome. The
peak SNP, AX-108912427, has the highest average PVE at 21% for Ca concentration and was identi�ed in
all the environments, which implies that V-type proton ATPase is a key factor affecting Ca accumulation
in wheat grain. Another marker on chromosome 3B, AX-110013515, corresponds to a transmembrane
protein (TraesCS3B01G018800). This is a novel resident protein on the endoplasmic reticulum (ER) and
has an ER luminal domain containing rich acidic residues [47]. This amino-terminal luminal domain has a
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high capacity, and moderate a�nity, for binding Ca ions, and it plays an essential role in ER Ca ion
handling [47], which may be closely associated with Ca accumulation in wheat grain. The SNP marker
AX-109541359 on chromosome 3A was associated with the gene TraesCS3A01G424700, which encodes
cytochrome P450. The sequential actions of cytochrome P450 may result in the synthesis of a pleiotropic
hormone that regulates several genes that have actions associated with Ca homeostasis as well as
cellular growth [48]. The remaining SNPs, AX-110634514 on chromosome 2A and AX-94729264 on
chromosome 3D, were associated with candidate genes TraesCS2A01G098100 and
TraesCS3D01G079600, respectively. The former encodes calmodulin, the predominant Ca receptor with a
�exible conformation that regulates both �uxes of transient Ca-ion in�ux through Ca-ion channels and
Ca-ion e�ux by Ca transporters [49]; calmodulin also has the capacity to regulate Ca-ion pumps in
multiple subcellular locations [50, 51]. The latter encodes a ubiquitin family protein involved in the
process of ubiquitin conjugation. Mutating ubiquitin proteins may alter cell coupling and the resulting Ca
elevation [52], which implies that ubiquitin family proteins may participate in altering Ca homeostasis in
wheat. These results reveal the complex nature of Ca accumulation in wheat grain and imply that various
mechanisms are involved in controlling Ca accumulation.

Organismal Ca requirements must be met through dietary uptake. The Ca intake in the adult population
of Asia has been reported to be less than 500 mg/day, and in Africa and South America the Ca intake of
the adult population is between 400 and 700 mg/day [15]. These values are far below the recommended
standards of the Food and Agriculture Organization, which are 1,300 mg/day for children over 9 years of
age and 800–1,300 mg/day for adults. Bioforti�cation is an effective strategy to increase the
microelement content of wheat and improve the human intake of Ca. However, early breeding pro-grams
mainly focused on yield and ignored the microelement levels. Because of the so-called " dilution effect "
in which high yields are negatively correlated with micro-element levels [3], it is di�cult to select wheat
varieties with high Ca contents at high yield levels using traditional breeding methods. Identifying
superior allele loci and developing corresponding molecular markers have been bene�cial to pyramid
breeding, and this strategy could signi�cantly enhance the microelement, including Ca, levels in wheat
grain [53–55]. In this study, 6 of 18 loci were identi�ed as harboring superior alleles and exhibited
signi�cantly higher Ca accumulations in two or more environments. By comparing the abilities of lines
with both superior and inferior alleles for Ca accumulation in wheat grain at the six loci, we found that
phenotypic differences reached signi�cant levels between individuals with either superior or inferior
alleles (Figure 4, Table 4). Additionally, a linear regression showed that with an increase in the number of
favorable alleles, the Ca concentrations of accessions gradually increased, revealing a signi�cant
additive effect, which provides guidance for pyramid breeding (Figure 5). Markers identi�ed by the GWAS
that were signi�cantly linked to these loci and associated with wheat grain Ca concentration may be
converted into competitive allele-speci�c PCR markers for molecular marker-assisted selection-based
breeding programs [56]. Using marker-assisted selection, the superior alleles for Ca accumulation could
be integrated for multi-loci pyramid breeding, which will provide guidance for bioforti�cation breeding. In
the future, our studies will focus on validating the effects of these QTLs and developing molecular
markers for wheat Ca bioforti�cation pyramid breeding.
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Conclusion
In the present study, 18 non-redundant QTLs associated with Ca concentration were identi�ed in the
surveyed environments and 6 non-redundant QTLs were stability across different environments. Among
them, a QTL hot spot exists at the end of chromosome 4A and exhibited the highest PVE in each
environment, ranging from 12.89–26.93%. It is imply that this locus may be embraced a key factor in
regulating wheat grain Ca accumulation. Haplotype analysis results showed that cultivars containing
more superior alleles and fewer inferior alleles had increased grain Ca concentrations, which was
bene�cial to marker-assisted selection for varieties with high Ca concentrations in wheat grain at the
early developmental stages without needing to phenotype mature plants. This study not only increases
our understanding of the genetic architecture of grain Ca accumulation in wheat, but also provide a
guidance for wheat Ca bioforti�cation pyramid breeding in the future.

Materials And Methods

Plant material
A natural wheat population, consisting of 207 representative varieties that collected from the Henan
Province Crop Germplasm Bank and The International Maize and Wheat Improvement Center (CIMMYT),
was used in the GWAS for Ca accumulation in wheat grain and the name of individual varieties were
listed in Table S1. The natural population was grown under three environments at Yuanyang (YY;
E113°97′, N35°5′), Kaifeng (KF; E114°30′, N34°80′) and Shangqiu (SQ; E115°65′, N34°45′) in northern
China during the 2016–2017 cropping season (October 2016 to June 2017). The average annual
temperatures were 14.3°C, 15.0°C and 14.2°C, and the average annual rainfalls were 556, 656 and 623
mm, in YY, KF and SQ, respectively. The natural population was separately sown in different plots of 1.0
m × 1.5 m containing four rows, with 10-cm spaces between individuals and 23cm spaces between rows.
The natural population at each location was subjected to standard agronomic practices.

Phenotypic analysis of wheat grains with different Ca
concentrations
The whole natural population, including 207 cultivars, was harvested after reaching physiological
maturity (8–10% moisture content) at the three different locations. Grain samples (approximately
50g/cultivar) were threshed by hand and carefully cleaned, and broken grains and sundries were
removed. The samples were stored in paper sacks for the micronutrient analysis. The samples were
milled using a Retch mill (MM301, Germany) and were dried overnight at 40°C. Then, 0.5 g dried powder
samples from each cultivar were digested with 5 mL nitric acid (HNO3, 69%, analytical reagent grade,
Merck, Darmstadt, Germany) using a microwave reactor (UltraCLAVE, Milestone, Germany). After cooling,
digested samples were adjusted to 25 mL with de-ionized distilled water (Milli-Q Reference System,
Merck, Germany). The Ca concentration was measured using inductively coupled plasma–mass
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spectrometry (Agilent 7800, Agilent Technologies Inc., USA). Each sample was tested three times to
generate technical replicates, and the average values were used for further analyses (Table S1).

Genotyping and quality control
For each accession, total genomic DNA was extracted from young leaf tissue using the CTAB
(cetyltrimethylammonium bromide) procedure [57]. The 207 accessions were genotyped using the Wheat
Breeders 660 K Axiom® array with the Axiom 2.0 Assay Manual Work�ow protocol [28]. The accuracy of
SNPs was determined using Plink version 1.9 software (http://www.cog-genomics.org/plink2/) with the
criteria of minor allele frequency > 0.05 and missing genotype data < 10%. In total, 244,508 SNPs were
considered as creditable markers for further analyses (Figure S1).

GWAS mapping
Before performing the GWAS, the population structure (Q) and kinship (K) matrices were analyzed using
ADMIXTURE version 1.3.0 (www.genetics.ucla.edu/software/admixture) and the GAPIT package [58] in R
software (R Core Team, 2020), respectively. An admixture model with 10 replicates for each genetic group
(K = 1–10) was implemented. A burn-in of 1,000 iterations followed by 1,000 Markov chain Monte Carlo
replicates was used to estimate the number of subpopulations. After the operation, the different CV
values were produced, and the optimal K was considered as having the minimal CV value. The natural
population K matrix was calculated using the VanRaden method to determine relative kinship among the
sampled individuals [59]. The values for BLUPs of Ca concentration, according to variety and location
(YY, KF and SQ), were calculated using the mixed linear model in R package “lem4”, and they were
computed using the following formula: Y = (1|Line) + (1|Loc) + (1|Rep%in%Line: Loc) + (1|Line: Loc).

The GWAS analysis for wheat grain Ca accumulations was performed using the R package GAPIT [58].
To select the optimal statistical model, three models, GLM (only accounts for population structure), MLM
(accounts for population structure and relative kinship) and FarmCPU (accounts for �xed and random
effects and improves calculation speed and accuracy), were used to analyze the association between
phenotypic and genotypic datasets. The suggested p-value for signi�cance was 1.0 × 10−4 to control the
genetic false positive error rate for this population [60].

Putative candidate gene predictions
Based on the reported common wheat variety Chinese Spring’s reference genome sequence “IWGSC
RefSeq v2.0”, a high con�dence gene list was downloaded from IWGSC (http://www.wheatgenome.org/)
and used to identify putative candidate genes in each QTL. Candidate genes were annotated using
Ensemble Plants (http://plants.ensembl.org/Triticum_aestivum/Info/Index). The physical position of
each SNP from the 660K arrays was obtained from the IWGSC website
(http://www.wheatgenome.org/Tools-and-Resources/IWGSC-RefSeq-v2.0). For each locus without
appropriate candidates, the gene nearest to the peak SNP was assigned.

Abbreviations
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BLUPs
Best linear unbiased predictors
Ca
Calcium
CV
Cross-validation error
CTAB
Cetyltrimethylammonium bromide
FarmCPU
Fixed and random model Circulating Probability Uni�cation
GLM
General linear models
GWAS
Genome-wide association analysis
KF
Kaifeng
MLM
mixed linear models
PVE
Phenotypic variation explain
QQ
quantile–quantile
QTL
quantitative trait locus
SQ
Shangqiu
SNP
Single-nucleotide polymorphism
YY
Yuanyang
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Figure 1

Population structure and kinship estimations in 207 wheat cultivars. (A) Plot of cross-validation errors.
(B) Population structure of wheat cultivar panel from K = 3 to K = 8. (C) Kinship matrix, showing pairwise
genetic relatedness among individuals.
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Figure 2

Distribution of the wheat grain calcium concentrations measured in the natural population. (A) Boxplot
showing the calcium concentrations among different locations. Data from three locations, Yuanyang
(YY), Kaifeng (KF) and Shangqiu (SQ), are shown. (B) Distribution of the calcium con-centrations in the
association populations from YY, KF and SQ.
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Figure 3

Manhattan and quantile-quantile plots for calcium concentrations using the mixed linear model for wheat
grains across different environments (including the combined location, BLUP). The dashed horizontal line
represents the signi�cant threshold of −log10(P) = 4.0. The SNPs above the red dotted line are
signi�cantly associated with calcium variation.
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Figure 4

The phenotype values of accessions with superior alleles (blue bar) and inferior alleles (orange bar) of
repetitive signi�cant SNPs for wheat grain calcium concentration.

Figure 5

Linear regression between the number of (A) superior alleles and (B) inferior alleles.
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