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Furthermore, 64 single nucleotide polymorphisms (SNPs) 
were found to be significantly associated with the eight ear 
and grain morphological traits (−log10(P) > 4) in an asso-
ciation panel of 240 maize inbred lines. Combining the two 
mapping populations, a total of 17 pleiotropic QTL/SNPs 
(pQTL/SNPs) were associated with various traits across 
multiple environments. PKS2, a stable locus influencing 
kernel shape identified on chromosome 2 in a genome-
wide association study (GWAS), was within the QTL con-
fidence interval defined by the RILs. The candidate region 
harbored a short 13-Kb LD block encompassing four SNPs 
(SYN11386, PHM14783.16, SYN11392, and SYN11378). 
In the association panel, 13 lines derived from the hybrid 
PI78599 possessed the same allele as Qi319 at the 
PHM14783.16 (GG) locus, with an average value of 0.21 
for KS, significantly lower than that of the 34 lines derived 
from Ye478 that carried a different allele (0.25, P < 0.05). 
Therefore, further fine mapping of PKS2 will provide valu-
able information for understanding the genetic components 

Abstract 
Key message Using combined linkage and associa‑
tion mapping, 26 stable QTL and six stable SNPs were 
detected across multiple environments for eight ear 
and grain morphological traits in maize. One QTL, 
PKS2, might play an important role in maize yield 
improvement.
Abstract In the present study, one bi-parental population 
and an association panel were used to identify quantita-
tive trait loci (QTL) for eight ear and grain morphologi-
cal traits. A total of 108 QTL related to these traits were 
detected across four environments using an ultra-high den-
sity bin map constructed using recombinant inbred lines 
(RILs) derived from a cross between Ye478 and Qi319, and 
26 QTL were identified in more than two environments. 
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of grain yield and improving molecular marker-assisted 
selection (MAS) in maize.

Abbreviations
KL  Kernel length
KW  Kernel width
KT  Kernel thickness
KV  Kernel volume (KL × KW × KT)
KS  Kernel shape (KL:KW:KT)
HKW  Hundred-kernel weight
KRN  Kernel row number
KNPR  Kernel number per row
CIM  Composite interval mapping
QTL  Quantitative trait loci
SNP  Single nucleotide polymorphisms
MAS  Marker-assisted selection
GWAS  Genome-wide association studies
LD  Linkage disequilibrium

Introduction

Maize (Zea mays L.) is one of the most widely cultivated 
cereals in the world in terms of harvested area and produc-
tion. Improving maize yield is of primary concern for food 
security (Prado et  al. 2014). Grain yield (GY) is a quan-
titative trait with a complex genetic basis (Messmer et al. 
2009). Maize yield is determined by several yield compo-
nents, including effective ear number, kernel number per 
ear and kernel weight. Kernel size, a key factor determining 
kernel weight, is usually evaluated by kernel length (KL), 
kernel width (KW), kernel thickness (KT), kernel shape 
(KS), and kernel volume (KV) (Li et  al. 2013; Liu et  al. 
2014, 2016a, b; Peng et al. 2011). Grain yield has proven 
to be highly positively correlated with kernel size param-
eters, especially KL (Li et al. 2013; Peng et al. 2011). Ker-
nel number per ear can be further subdivided into two com-
ponents: kernel row number (KRN) and kernel number per 
row (KNPR). These traits exhibit higher heritability and 
better stability across environments compared with grain 
yield (Li et  al. 2013; Messmer et  al. 2009; Raihan et  al. 
2016). Therefore, dissection of QTL for yield components 
will facilitate a better understanding of the genetic architec-
ture of yield.

Dissection of the genetic architecture of complex quan-
titative traits primarily depends on the isolation of genes 
underlying QTL or association loci with the aid of molec-
ular genetic markers. For instance, in rice, approximately 
400 QTL associated with kernel traits distributed across the 
entire genome (http://archive.gramene.org/qtl/) have been 
identified. Numerous genes controlling rice kernel traits, 
such as GW2 (Song et al. 2007), GS3 (Fan et al. 2006; Mao 
et al. 2010), qSW5/GW5 (Shomura et al. 2008; Weng et al. 

2008), GS5 (Li et al. 2011a, b), GL7 (Wang et al. 2015b), 
GW7 (Wang et al. 2015a), GLW7 (Si et al. 2016), and GW8 
(Wang et  al. 2012) have been isolated and functionally 
characterized using map-based cloning and GWAS strate-
gies. These genes have been verified to control kernel traits 
through activation of the cell cycle machinery to promote 
cell division and cell expansion (Si et  al. 2016). Func-
tional characterization of these genes has enriched knowl-
edge of the molecular mechanisms underlying grain yield 
in rice. In maize, several mutant genes are involved in key 
pathways associated with ear architecture traits, especially 
KRN, including td1 (Bommert et al. 2005), fea2 and fea3 
(Bommert et al. 2013b; Je et al. 2016), ct2 (Bommert et al. 
2013a), the ramosa genes (ra1, ra2, and ra3) (McSteen 
2006), Cg1 (Chuck et al. 2007), tsh4 (Chuck et al. 2010), 
ZFL1 and ZFL2 (Bomblies and Doebley 2006), ub2 and 
ub3 (Chuck et al. 2014), and KRN4 (Liu et al. 2015b). How-
ever, the cloning of maize genes that control kernel size 
and weight has lagged behind such progress in rice. How-
ever, several genes involved in kernel development, such as 
o2 (Zhou et al. 2016a), rgf1 (Maitz et al. 2000), dek1 (Lid 
et al. 2002), sh1 and sh2 (Thevenot et al. 2005), and gln1-4 
(Martin et al. 2006) have so far been isolated using maize 
mutants. In addition, ZmGW2 and ZmGS3, which influence 
maize kernel weight and size and are orthologous to the 
rice genes GW2 and GS3, respectively, were isolated using 
homology-based cloning (Li et  al. 2010a, b). Although 
numerous QTL that control yield-related traits have been 
identified in maize, our understanding of the genetic archi-
tecture of and the molecular mechanisms underlying quan-
titative variation in grain yield remains rudimentary.

QTL identification in plants generally depends on bi-
parental population-based linkage analysis or associa-
tion panel-based linkage disequilibrium (LD) analysis (Lu 
et  al. 2010; Qin et  al. 2016). Classical linkage analysis is 
an effective method for identifying QTL with large effects 
on yield-related traits in maize (Chen et al. 2016; Liu et al. 
2014; Peng et al. 2011; Prado et al. 2014; Qin et al. 2016). 
Recently, using an immortalized  F2 population, three major 
QTL, qKL3, qKWI6, and qKW10b were identified for KL, 
KW, and kernel weight in maize, respectively (Zhang et al. 
2014). However, with low-density genetic maps based on 
bi-parental populations, map resolution is relatively low 
and identifying QTL with small effects is more challenging 
(Holland 2007). Next-generation sequencing technologies 
have significant advantages for genotyping large popula-
tions and constructing high-density genetic maps to eluci-
date the genetic basis of complex agronomic traits (Chen 
et al. 2014; Xiao et al. 2015; Zhou et al. 2016b). In addi-
tion, the development of high-throughput sequencing tech-
nologies and associated statistical methods has enabled 
GWAS based on LD analysis. GWAS has been performed 
to examine natural variation and identify novel genes 
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controlling complex quantitative traits in many species, 
such as Arabidopsis thaliana (Atwell et  al. 2010; Horton 
et al. 2012), rice (Si et al. 2016; Zhao et al. 2011), sorghum 
(Morris et  al. 2013), soybean (Hwang et  al. 2014; Zhao 
et al. 2015), and maize (Hu et al. 2016; Yang et al. 2014). 
Unlike mapping with bi-parental populations, GWAS 
offers the ability to detect nearly all recombination events 
in the evolutionary history of a population, and allows for 
increased mapping resolution to simultaneously evaluate 
the varying effects of many alleles (Li et al. 2010c; Rafal-
ski 2010). However, the key limiting factors for GWAS 
are population substructure and low-frequency functional 
alleles that severely limit the power of detecting their phe-
notypic effects (Lu et al. 2010; Si et al. 2016). Joint link-
age and GWAS effectively overcome some of the inherent 
limitations of both linkage and LD methods. For example, 
Lu et al. (2010) detected four genomic loci associated with 
anthesis-silking interval (ASI) in an association panel com-
posed of 305 inbred lines, in addition to nine common ASI 
QTL in three linkage populations and 12 unique QTL by 
combined linkage and GWAS mapping. Wu et  al. (2016) 
identified 125 QTL and 965 significant SNPs for male 
inflorescence size in maize using a nested association map-
ping (NAM) population by combined linkage and GWAS. 
Their studies provided extensive information for dissecting 
the genetic architecture of complicated agronomic traits, 
which will be helpful for maize yield improvement.

In the present study, phenotypic and genotypic data for 
365 maize RILs derived from Ye478 × Qi319 and a set of 
240 maize inbred lines were used to (1) identify stable QTL 
for ear and grain morphological traits in multiple environ-
ments with an ultra-high density bin map; (2) detect novel 
SNPs and loci associated with ear and grain morphologi-
cal traits by GWAS; and (3) determine consistent QTL and 
markers flanking favorable alleles by combined linkage and 
GWAS methods. The present study aims to improve our 
understanding of the intricate genetic architecture of grain 
yield and contribute to the development of efficient meth-
ods for maize breeding.

Materials and methods

Materials and the phenotypic evaluation

A total of 365 RILs were derived from a cross between two 
maize elite inbred lines, Ye478 and Qi319, by single-seed 
descent. There were highly significant differences between 
these two parents for eight ear and grain morphological 
traits evaluated in the previous years. These included ker-
nel length (KL), kernel width (KW), kernel thickness (KT), 
kernel volume (KV), kernel shape (KS), hundred-kernel 
weight (HKW), kernel row number (KRN), and kernel 

number per row (KNPR). Ye478, a dent corn, had an aver-
age KS of 25.87  g per 100 kernels across multiple envi-
ronments, with average KL of 10.21 mm, average KW of 
8.40 mm, and average KT of 5.74 mm. In contrast, Qi319, a 
flint corn, had wide, plump kernels weighing an average of 
30.00 g per 100 kernels, with correspondingly larger trait 
averages of 9.05 and 6.27 mm for KW and KT, respectively. 
For ear architecture traits, Ye478 had more kernel rows 
than Qi319 (13.13 compared with 12.18), whereas Qi319 
had more kernels per row than Ye478 (26.30 compared 
with 28.33). The RILs and their parents were evaluated 
in four environments (location/years) in China, including 
Beijing (N40°13′, E116°34′) and Gongzhuling (N43°52′, 
E124°82′) in 2013 and 2014. There was an average daily 
temperature of 16.3 °C and an average annual rainfall of 
592.0 mm in Beijing, and 12.3 °C and 594.8 mm in Gong-
zhuling (http://data.cma.cn). Both these experimental sites 
are located in the spring maize-growing region of China. 
These location/year combinations were designated as E1 
(Beijing, 2013), E2 (Gongzhuling, 2013), E3 (Beijing, 
2014), and E4 (Gongzhuling, 2014).

The association panel consisted of 240 maize inbred 
lines that belong to the five heterotic groups Lan (Lancaster 
Sure Crop), LRC (Lvda Red Cob), PB (Partner B), Reid, 
and SPT (Sipingtou) (Liu et  al. 2015a), and included the 
parental inbred lines of the bi-parental population. These 
elite inbred lines typically grown in the northeast, south-
west, and the Yellow and Huai River valley maize-grow-
ing regions in China and had been previously evaluated to 
exhibit a wide range of phenotypic variation in yield com-
ponents and tolerance to biotic stress (Liu et  al. 2015a). 
This association panel was evaluated in three environ-
ments, including Beijing in 2011 and 2012, and Gongzhul-
ing in 2012, which were designated as E1′, E2′, and E3′, 
respectively.

All the populations were arranged in the fields in a ran-
domized incomplete block design with two replications per 
location. Approximately 17 plants were planted in 4 m row 
plots with 0.6 m row spacing and a final density of 60,000 
plants/ha. Field management was performed according to 
the standard agronomic practices for maize in each loca-
tion. Each family from the two populations was grown in a 
single row, allowed to open pollinate and at least 10 well-
pollinated ears were harvested per line per replicate. Five 
well-pollinated ears from each line were then chosen for 
phenotypic measurements using the standard procedures 
after air-drying. Three kernel size-related traits, including 
kernel length (KL, mm), kernel width (KW, mm), and ker-
nel thickness (KT, mm), were examined for each individual 
by randomly selecting ten kernels from the center of each 
cob. These traits were measured using an electronic digi-
tal caliper with a precision of 0.1 mm. Kernel volume (KV, 
KL × KW × KT,  mm3) and kernel shape (KS, KL:KW:KT) 
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were measured after measuring the three kernel-size-
related traits and calculating their averages. Hundred-ker-
nel weight (HKW), which is one of the yield components, 
was measured as the average weight from three repeated 
measurements of 100 mixed kernels from five ears weighed 
in grams using an electronic balance. Kernel row number 
(KRN) and kernel number per row (KNPR) were deter-
mined from five randomly selected ears. The average meas-
ured value of each trait across replications in each environ-
ment was calculated to represent the trait performance for 
each family.

Phenotypic data analysis

Broad-sense heritability (H2) for each trait was estimated 
as described by Knapp (Knapp et  al. 1985) as: H2 = δ2

g/
(δ2

g + δ2
ge/n + δ2/nr), where δ2

g, δ2
ge, and δ2 are estimates 

of genetic, G × E and error variances; and n and r are the 
number of environments and replications per environment, 
respectively. A combined ANOVA over multiple environ-
ments was performed to estimate variance components 
using the Mixed Linear Model procedure (PROC MLM) in 
the Statistical Analysis System (SAS) software version 9.2 
(SAS Institute, Cary NC, 2009). Pearson correlation coef-
ficients (r) between different traits and environments were 
calculated using the IBM SPSS Statistics version 21.0 soft-
ware (IBM, Armonk, NY, 2012).

Linkage mapping

The RIL population was characterized using genotyping-
by-sequencing (GBS) technology on an Illumina 2500 plat-
form using methods described in a previous study (Zhou 
et al. 2016b). A total of 86,257 SNPs were identified, and 
an ultra-high density linkage map was constructed with 
4602 bin markers. The total genetic distance of the resulting 
map was 1533.72 cM with an average distance of 0.33 cM 
between markers. QTL controlling the ear and grain in four 
environments (E1, E2, E3, and E4) were detected using a 
composition-interval mapping (CIM) method in the R/qtl 
package (Broman et al. 2003). The threshold of logarithm 
of the odds (LOD) scores for evaluating the QTL effects 
at an experimentwise significance level of P = 0.05 were 
determined using 1000 permutations (Doerge and Church-
ill 1996). QTL with LOD values larger than the threshold 
value (threshold = 3.5 after 1000 permutations) were con-
sidered further. The proportion of phenotypic variation 
explained by the identified QTL was determined with the 
fitqtl function in the R/qtl package. QTL detected for more 
than two different traits with an overlapping confidence 
interval of 1.5 LOD were defined as pleiotropic QTL.

Genome‑wide association mapping

The association panel was genotyped using the Illumina 
Maize SNP50 BeadChip (Liu et  al. 2015a; Weng et  al. 
2011). In total, 40,757 SNPs with a minor allele frequency 
(MAF) of >0.05 in the population were used for asso-
ciation analysis with a compressed mixed linear model 
(CMLM) in GAPIT (Lipka et  al. 2012) with previously 
defined population parameters (P3D) running in the Rstu-
dio environment (https://www.rstudio.com/). The first three 
principle components were used as covariants. Because a 
Bonferroni correction (1/40757 = 2.44E−05) was too con-
servative, a less stringent threshold of –log10(P) > 4 was 
used to detect significant association signals. LD analy-
sis within the peak SNP region was performed using the 
Haploview software (Barrett et  al. 2004). A total of 4282 
SNPs on maize chromosome 2 were used to estimate π and 
Tajima’s D in the TASSEL 3.0 software (Weng et al. 2013). 
Sliding-window analysis of nucleotide diversity was per-
formed with a sliding window size of 500 SNPs and step 
intervals of ten SNPs. Candidate gene prediction was per-
formed at MaizeGDB (http://www.maizegdb.org) based on 
the physical positions of significant SNPs.

Results

Phenotypic characteristics of ear and grain 
morphological traits in RILs and the association panel

Descriptive statistics for ear and grain morphological traits 
in the two mapping populations are presented in Tables 1 
and 2. Substantial variation in all of the traits was observed 
in each population. For example, HKW ranged from 14.06 
to 36.92 g with a mean of 27.82 g in the RIL population in 
Beijing in 2014, but ranged from 13.23 to 44.20 g with a 
mean of 29.40 g in the association panel in Beijing in 2012. 
KNPR had the highest CV among these traits in the RIL 
population, whereas in the association panel, KS had the 
highest CV. The broad-sense heritability (H2) of the eight 
ear and grain morphological traits ranged from 0.583 for 
KT to 0.750 for KV in the RIL population, and from 0.663 
(KT) and 0.729 (KNPR) in the association panel (Tables 1, 
2). Between these two populations, most traits were con-
tinuously and normally distributed, and showed quantita-
tive inheritance. Notably, the phenotypic data of all eight 
traits exhibited obvious bi-directional transgressive segre-
gation across all environments, indicating their polygenic 
control (Tables  1, 2). ANOVA revealed highly significant 
differences (P < 0.001) among genotypes and environments 
for all traits in the two populations, and the genotype-by-
environment interaction was only non-significant for KT in 
the association panel (Fig. 1a, b). Meanwhile, the genotypic 

https://www.rstudio.com/
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variance was greater than half of the total variance for these 
traits, except for KRN in the RIL population.

Of the eight ear and grain morphological traits sur-
veyed here, a number of significant pairwise correlations 
were observed between kernel size and other traits (i.e., 
HKW, KRN, and KNPR) in the two populations (Table 3, 
Table S1). For example, across four environments (E1, E2, 
E3, and E4) in the RIL population, KNPR was consist-
ently significantly positively correlated with KL (r = 0.31, 
P < 0.01) and KS (r = 0.49, P < 0.01), and significantly 

negatively correlated with KT (r = −0.51, P < 0.01) and 
KV (r = −0.27, P < 0.01), suggesting tradeoffs between 
KNPR and kernel size. Significant positive correlations 
were also observed between HKW and kernel size (r val-
ues were 0.29, 0.60, 0.29, and 0.73 for KL, KW, KT, and 
KV, respectively), which indicate an important role for 
kernel size in determining kernel weight. However, HKW 
was significantly negatively correlated with KRN (r = 
−0.12, P < 0.05), which suggested tradeoffs between HKW 
and KRN. In addition, environment correlation analysis 

Table 1  Phenotypes of the parental lines Ye478 and Qi319 and the Ye478 × Qi319 RIL population across four environments

a Trait refers to the names of each component of plant architecture: KL kernel length, KW kernel width, KT kernel thickness, KS kernel shape, KV 
kernel volume, HKW hundred-kernel weight, KRN kernel row number, KNPR kernel number per row
b Env., the specific environment: E1 is 2013 Beijing; E2 is 2013 Gongzhuling; E3 is 2014 Beijing and E4 is 2014 Gongzhuling
c SD standard deviation
d CV coefficient of variation

Traita Env.b Ye478 Qi319 RIL population

Range Mean ± SDc Skewness Kurtosis CVd (%) Heritability (%)

KL (mm) E1 10.38 9.23 7.47–10.98 9.22 ± 0.04 −0.20 0.15 6.49 67.75
E2 9.99 8.88 7.23–11.86 9.61 ± 0.05 −0.39 0.52 8.41
E3 10.34 9.46 7.37–11.77 9.87 ± 0.04 −0.12 0.15 6.90
E4 10.12 9.28 7.15–11.57 9.67 ± 0.04 −0.09 0.15 7.01

KW (mm) E1 8.89 9.12 7.5–10.53 8.99 ± 0.03 0.09 0.20 5.35 73.75
E2 7.98 8.97 7.25–10.04 8.72 ± 0.03 0.06 −0.27 5.74
E3 8.49 9.12 6.85–10.14 8.94 ± 0.03 −0.36 0.74 5.57
E4 8.23 8.98 6.61–10.04 8.73 ± 0.03 −0.35 0.70 5.74

KT (mm) E1 5.65 6.35 4.29–8.06 5.72 ± 0.03 0.54 0.61 9.96 58.25
E2 5.69 6.53 4.41–8.13 5.67 ± 0.03 0.76 1.31 10.17
E3 5.94 6.20 4.44–7.58 5.7 ± 0.03 0.41 0.32 8.28
E4 5.66 6.00 4.29–7.48 5.51 ± 0.03 0.44 0.44 8.54

KV  (mm3) E1 518.71 531.09 336.73–661.44 470.47 ± 3.08 0.36 0.27 10.97 75.00
E2 446.15 516.22 334.29–607.5 470.76 ± 3.16 0.04 −0.43 11.63
E3 515.52 532.76 286.29–724.24 501.09 ± 3.87 0.08 0.24 12.97
E4 465.46 498.36 262.07–664.02 463.36 ± 3.66 0.10 0.13 13.26

KS E1 0.21 0.18 0.11–0.27 0.19 ± 0.00 0.04 −0.11 13.65 65.00
E2 0.23 0.15 0.11–0.3 0.2 ± 0.00 −0.05 0.23 15.49
E3 0.21 0.17 0.14–0.28 0.2 ± 0.00 0.24 −0.23 12.08
E4 0.22 0.17 0.14–0.29 0.21 ± 0.00 0.29 −0.19 12.30

HKW (g) E1 26.45 28.97 21.12–36.15 27.4 ± 0.17 0.56 0.16 10.35 71.50
E2 23.29 29.62 17.6–36.36 25.97 ± 0.18 0.10 0.29 11.82
E3 26.81 30.73 14.06–36.92 27.82 ± 0.22 −0.24 0.11 13.15
E4 26.94 30.69 14.03–36.68 27.81 ± 0.22 −0.25 0.11 13.06

KRN E1 11.60 11.26 8.20–14.20 11.47 ± 0.06 −0.02 0.06 8.56 70.50
E2 13.33 13.07 10.00–16.80 12.82 ± 0.07 0.36 0.09 9.09
E3 14.00 12.27 10.00–15.60 12.25 ± 0.05 0.18 1.20 6.7
E4 13.60 12.12 10.00–15.60 12.84 ± 0.06 0.12 0.86 7.53

KNPR E1 26.80 28.78 15.20–36.10 26.22 ± 0.22 −0.07 0.06 14.42 72.50
E2 24.87 28.80 9.75–48.50 27.05 ± 0.32 −0.22 0.33 20.73
E3 26.80 27.53 16.30–35.40 26.03 ± 0.2 −0.28 −0.14 12.98
E4 26.72 28.20 11.80–37.60 26.02 ± 0.27 −0.36 −0.17 17.99



1016 Theor Appl Genet (2017) 130:1011–1029

1 3

indicated that the performance of each of these traits was 
highly significantly positively correlated across multiple 
environments, showing that environmental factors had little 
effect on these traits (Tables S2 and S3).

QTL mapping of ear and grain morphological traits 
in the RIL population

In a single-environment QTL analysis, 108 QTL distrib-
uted over all ten maize chromosomes were identified for 
these eight traits (Fig.  2; Table  4). The most QTL (18) 
were detected on chromosome 1 and the fewest on chro-
mosome 5 (3). The proportion of phenotypic variation 
explained by these individual QTL averaged ~6.15% and 
ranged from 2.72% (KNPR, qKNPR9-1) to 13.20% (KNPR, 
qKNPR10) for different traits (Table 4). Among these QTL, 
over 62.94% had a positive additive effect, indicating that 
alleles from the parent Qi319 contributed increased phe-
notypic values in different environments. In addition, the 

confidence intervals for these QTL spanned physical dis-
tances from 0.65 to 32.90 Mb, with an average of 7.17 Mb, 
compared to the B73 RefGen_v3 genome.

Stable or consistent QTL were those that could be 
detected under different environments. In the present study, 
26 QTL detected in at least two environments were des-
ignated as ‘consistent QTL’ (Table 4). Among these, over 
73.17% consistent QTL were detected for kernel size. For 
example, six consistent QTL for KW were found dispersed 
on chromosomes 1, 3, 4, 6, 7, and 8. These QTL explained 
between 4.49 and 8.87% of the phenotypic variation in KW, 
with qKW1-1 (flanked by MK104 and MK138) account-
ing for the highest percentage. Of the six QTL associated 
with KW, the positive additive effects of two QTL (qKW3 
and qKW4-1) on chromosomes 3 and 4 were consistently 
contributed by positive alleles from the parent with large 
kernel width, Qi319. The only consistent QTL detected for 
KT, qKT10, could explain 8.65% of the total phenotypic 
variation in KT. The Qi319 alleles had a negative effect on 

Table 2  Phenotypes of the 
240 inbred lines across three 
environments

a Trait refers to the names of each component of plant architecture: KL kernel length, KW kernel width, KT 
kernel thickness, KS kernel shape, KV kernel volume, HKW hundred-kernel weight, KRN kernel row num-
ber, KNPR kernel number per row
b Env., the specific environment: E1′ is 2011 Beijing; E2′ is 2012 Gongzhuling; E3′ is 2012 Beijing
c SD standard deviation
d CV coefficient of variation

Traita Env.b Range Mean ± SDc Skewness Kurtosis CVd (%) Heritability (%)

KL (mm) E1′ 7.32–12.62 9.84 ± 0.06 0.11 0.51 9.25 67.39
E2′ 6.59–12.79 9.45 ± 0.07 0.08 0.47 10.69
E3′ 7.14–12.53 9.57 ± 0.06 −0.01 0.44 9.93

KW (mm) E1′ 6.20–10.95 8.59 ± 0.05 0.14 0.66 8.03 66.81
E2′ 6.51–10.99 8.20 ± 0.05 0.11 0.42 8.90
E3′ 6.47–10.97 8.50 ± 0.05 0.18 0.33 8.24

KT (mm) E1′ 3.70–6.00 4.78 ± 0.03 0.21 −0.22 8.79 66.30
E2′ 3.68–6.94 4.97 ± 0.04 0.65 0.55 11.47
E3′ 3.73–7.15 5.27 ± 0.04 0.37 0.23 11.57

KV  (mm3) E1′ 195.56–679.64 406.15 ± 4.77 0.43 1.18 17.37 71.69
E2′ 211.89–587.50 385.04 ± 4.68 0.18 0.02 17.97
E3′ 217.69–633.70 428.36 ± 4.69 0.24 0.19 16.49

KS E1′ 0.14–0.42 0.24 ± 0.00 0.79 1.82 16.67 66.68
E2′ 0.13–0.45 0.24 ± 0.00 1.01 2.28 20.83
E3′ 0.12–0.44 0.22 ± 0.00 0.98 3.10 18.18

HKW (g) E1′ 12.70–44.85 26.48 ± 0.34 0.28 0.51 18.92 68.20
E2′ 12.99–45.39 25.80 ± 0.34 0.20 0.62 19.69
E3′ 13.23–44.20 29.40 ± 0.32 −0.01 0.42 16.33

KRN E1′ 9.00–22.00 14.23 ± 0.15 0.66 0.83 15.74 67.30
E2′ 8.33–20.67 13.69 ± 0.15 0.51 0.18 16.58
E3′ 8.00–23.50 14.28 ± 0.17 0.64 0.72 17.79

KNPR E1′ 14.50–41.03 27.10 ± 0.35 0.38 0.08 18.82 72.94
E2′ 14.00–41.08 28.16 ± 0.34 0.11 −0.34 18.15
E3′ 14.00–43.25 30.03 ± 0.34 −0.01 0.22 16.72
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KT. Three consistent QTL influencing HKW were detected 
on chromosomes 1, 7, and 9. Notably, qHKW7 explained 
the greatest proportion of phenotypic variation for HKW 
and co-localized with QTL for most of the kernel size-
related traits, such as qKL7, qKW7-2, and qKV7. This result 
also indicated a close genetic correlation between kernel 

size and kernel weight, which might result from pleiotropy. 
Moreover, two consistent QTL for KRN and KNPR were 
identified. A major QTL, qKNPR10 located on chromo-
some 10 from position 85.2 to 97.7  Mb, had the highest 
LOD score (9.64) and explained 13.20% of the total phe-
notypic variance for KNPR. In this region, qKT10, which 
influences kernel thickness, shared many of the same flank-
ing markers with qKNPR10. The Qi319 alleles had a posi-
tive effect on KNPR, increasing the mean for this trait by 
3.22 kernels.

GWAS of ear and grain morphological traits

The GWAS using 40,757 SNPs generated from the 240 
accession maize panel permitted the elucidation of the 
genetic architecture of ear and grain. A total of 64 SNPs 
highly significantly associated with these traits across 
three environments were identified, including 13, 6, 
13, 5, 6, 3, 4, 4, and 10 SNPs on nine maize chromo-
somes, including 1, 2, 3, 4, 5, 6, 8, 9, and 10, respec-
tively (Fig. 3). In six cases, multiple SNPs from the same 
genomic region were in complete LD and were linked to 
the same trait at a comparable level of significance. These 
included seven SNPs on chromosome 1 for KL, KT, and 
KS; seven SNPs on chromosome 3 for KW, HKW, and 
KNPR; four SNPs on chromosome 4 for KT and KS; three 
SNPs on chromosome 5 for KRN; two SNPs on chromo-
some 8 for KNPR; and three SNPs on chromosome 10 
for KV and HKW. The lengths of the associated genomic 
regions ranged from 1.48 to 474.22 Kb. The proportion 

Fig. 1  Variation in eight ear and grain morphological traits attrib-
uted to genetic and environmental factors. a Variation in ear and grain 
morphological traits across the RIL population. b Variation in ear and 
grain morphological traits across the association panel. The different 
shades of grey in the stacked bar diagram indicate the various fac-
tors that explain phenotypic variation. KL kernel length, KW kernel 
width, KT kernel thickness, KS kernel volume, KV kernel volume, 
HKW hundred-kernel weight, KRN kernel row number, KNPR kernel 
number per row

Table 3  Phenotypic correlation 
coefficients between ear and 
grain morphological traits 
across four environments in the 
Ye478 × Qi319 RIL population

Correlation coefficients for 2013 are below the diagonal, while those for 2014 are above the diagonal
* and ** indicate significant levels at P < 0.05 and P < 0.01, respectively
a LOC, the specific location: BJ is Beijing; GL is Gongzhuling

LOCa Trait KL KW KT KV KS HKW KRN KNPR

BJ KL 0.52** −0.24** 0.60** 0.49** 0.52** 0.11 0.31**
KW 0.41** 0.14* 0.78** −0.27** 0.67** −0.25** 0.12*
KT −0.56** −0.05 0.56** −0.87** 0.30** −0.18** −0.45**
KV 0.30** 0.69** 0.53** −0.40** 0.74** −0.16** −0.07
KS 0.67** −0.16** −0.91** −0.49** −0.22** 0.30** 0.42**
HKW 0.29** 0.60** 0.29** 0.73** −0.29** −0.22** 0.10
KRN 0.16** −0.31** −0.11 −0.15** 0.28** −0.12* 0.12*
KNPR 0.31** 0.02 −0.51** −0.27** 0.49** −0.07 0.10

GL KL 0.51** −0.25** 0.59** 0.49** 0.52** 0.13* 0.29**
KW 0.49** 0.14* 0.78** −0.27** 0.67** −0.33** 0.10
KT −0.62** −0.06 0.56** −0.87** 0.31** −0.17** −0.49**
KV 0.45** 0.79** 0.34** −0.41** 0.75** −0.18** −0.12*
KS 0.72** −0.08 −0.92** −0.28** −0.23** 0.36** 0.44**
HKW 0.46** 0.63** 0.03 0.66** −0.004 −0.29** 0.05
KRN 0.18** −0.34** −0.28** −0.27** 0.40** −0.15** 0.07
KNPR 0.49** 0.16** −0.64** −0.09 0.59** 0.14* 0.23**
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of phenotypic variation explained by peak SNPs at the 
identified loci averaged ~25.9% and ranged from 18.8 to 
34.4% for different traits (Table  5). Three of the traits, 
KL, KRN, and KNPR, had one or two strong association 
peaks with relatively large effects. Two traits with high 
genetic correlations, KV and HKW, were both associated 
with three SNPs (PZE-110078281, PZE-110084114, and 
SYN17906) over the less stringent significance threshold 
that overlapped on chromosome 10 in a single environ-
ment (Fig.  3). In addition, six stable SNPs for KT, KS, 
KV, and HKW could be detected in more than two envi-
ronments. For example, PZE-101024700 (P = 4.33E−6), 
located on chromosome 1 at position 14,757,692  bp on 
the B73 reference genome (B73 RefGen_v3), was signifi-
cantly associated with KT in all three environments and 
explained 21.0% of the phenotypic variation in this trait.

Gene linkage or pleiotropy

Between the two populations, a total of 17 pQTL/SNPs 
showed clear linkage or pleiotropy with eight ear and 
grain morphological traits across multiple environments 
(Table 6). Seven of the ten pQTL from the RIL population 
that co-localized with more than four traits were distributed 
on chromosomes 1, 2, 4, 7, 8, 9, and 10, while three other 
pQTL on chromosomes 3, 4, and 6 encompassed QTL for 
KW and KV (Fig. 2). pQTL2, which is located on chromo-
some 2 between positions 1.65 and 16.15 Mb, was strongly 
linked to six of the eight ear and grain morphological traits, 
except for KW and KNPR. The QTL for HKW was usu-
ally detected together with QTL for kernel size-related 
traits, especially KV. These results were also supported 
by Pearson correlations between phenotypes measured in 

Fig. 2  Integrated QTL on ten chromosomes for ear and grain mor-
phological traits across four environments. 1 Distribution of bin 
markers on ten chromosomes of maize; 2–9 QTL mapping for 
KL (grey), KW (red), KT (cyan), KS (blue), KV (purple), HKW 
(orange), KRN (yellow), and KNPR (green). The threshold of LOD 

scores is 3.5. For each trait, different colors represent different envi-
ronments: red, 2013 Beijing; blue, 2013 Gongzhuling; green, 2014 
Beijing; and yellow, 2014 Gongzhuling. The shaded areas cover the 
corresponding feature values for each pleiotropic QTL. (Color figure 
online)
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Table 4  QTL identified for eight ear and grain morphological traits across four environments using a high-density bin map

Trait  Namea Nameb Effectc Chr.d Flanking  markerse Intervalf (Mb) Physical 
 lengthg (Mb)

LODh PVEi ADDj

KL qKL1 E3/E4 1 mk589–mk603 240.85–246.25 5.40 4.26 4.46 0.29
qKL2 E1 2 mk833–mk914 1.65–16.15 14.50 3.51 3.38 −0.22
qKL3 E1/E2 3 mk1609–mk1657 206.30–214.35 8.05 3.77 4.72 0.31
qKL4-1 E1 4 mk1964–mk1974 163.40–169.95 6.55 4.08 5.09 0.27
qKL4-2 E2 4 mk1858–mk1862 41.55–47.60 6.05 6.44 7.36 0.44
qKL7 E1–E4 7 mk3397–mk3460 137.05–153.75 16.70 6.01 7.08 0.36
qKL8 E3 8 mk3837–mk3959 156.35–175.15 18.80 3.69 2.82 −0.23
qKL9 E2–E4 9 mk4143–mk4161 97.25–103.20 5.95 8.13 8.71 0.43
qKL10 E2 10 mk4456–mk4462 91.25–97.70 6.45 4.90 5.51 0.38

KW qKW1-1 E1/E2 1 mk104–mk138 19.65–26.65 7.00 7.55 8.87 −0.31
qKW1-2 E3/E4 1 mk274–mk293 81.25–89.05 7.80 4.07 4.91 −0.23
qKW3 E1/E2 3 mk1449–mk1476 156.45–165.65 9.20 5.25 6.71 0.26
qKW4-1 E1/E2 4 mk2049–mk2083 190.80–200.95 10.15 6.30 7.51 0.27
qKW4-2 E3 4 mk1857–mk1862 39.90–47.60 7.70 4.27 6.70 0.26
qKW6-1 E2 6 mk2822–mk2828 51.95–62.90 10.95 4.57 5.00 −0.23
qKW6-2 E3/E4 6 mk2864–mk2876 86.65–92.70 6.05 5.40 4.49 −0.51
qKW7-1 E1 7 mk3409–mk3431 140.50–146.40 5.90 4.17 4.67 0.21
qKW7-2 E4 7 mk3368–mk3385 125.45–131.10 5.65 4.14 5.83 0.24
qKW8 E1/E2/E4 8 mk3867–mk3933 163.00–171.35 8.35 6.59 8.32 −0.28

KT qKT1 E1 1 mk125–mk138 24.60–26.65 2.05 3.52 3.25 −0.21
qKT2 E4 2 mk867–mk878 6.60–9.10 2.50 5.90 7.84 −0.26
qKT3 E2 4 mk1476–mk1496 165.65–170.35 4.70 4.08 3.95 0.23
qKT4 E2 4 mk1846–mk1857 34.15–39.90 5.75 5.61 7.68 −0.32
qKT10 E1–E4 10 mk4451–mk4464 86.95–100.40 13.45 7.04 8.65 −0.31

KS qKS1 E1/E3/E4 1 mk654–mk673 258.95–265.60 6.65 3.71 6.87 0.013
qKS2 E2–E4 2 mk837–mk885 2.05–10.25 8.20 5.10 5.32 0.012
qKS3-1 E2 3 mk1478–mk1498 166.00–170.85 4.85 4.56 4.26 0.01
qKS3-2 E2 3 mk1627–mk1652 209.25–213.55 4.30 5.05 4.26 0.01
qKS4 E2 4 mk1858–mk1862 41.55–47.60 6.05 5.98 5.91 0.015
qKS9 E2 9 mk4157–mk4176 102.30–107.30 5.00 3.95 4.46 0.013
qKS10 E1–E4 10 mk4456–mk4481 91.25–116.80 25.55 6.44 7.96 0.015

KV qKV1 E1–E4 1 mk121–mk160 23.65–31.90 8.25 5.53 6.04 −29.65
qKV2 E1 2 mk882–mk907 9.65–13.95 4.30 4.43 4.83 −22.77
qKV3-1 E1 3 mk1450–mk1465 156.60–161.00 4.40 7.07 7.62 29.36
qKV3-2 E2 3 mk1512–mk1527 175.40–181.70 6.30 7.79 8.01 31.12
qKV3-3 E3/E4 3 mk1455–mk1471 157.85–163.35 5.50 7.24 10.13 41.74
qKV4 E1/E2 4 mk2046–mk2066 188.90–194.95 6.05 4.56 5.36 24.95
qKV6 E2–E4 6 mk2822–mk2834 51.95–62.90 10.95 4.71 5.68 −29.51
qKV7 E1–E4 7 mk3332–mk3413 109.35–142.25 32.90 5.04 5.83 28.23
qKV8 E1 8 mk3867–mk3907 163.00–167.95 4.95 3.75 3.53 −19.36
qKV10 E1 10 mk4478–mk4487 113.75–118.75 5.00 5.60 5.91 −25.27

HKW qHKW1-1 E1 1 mk107–mk121 20.10–23.65 3.55 6.53 6.83 −1.56
qHKW1-2 E2–E4 1 mk680–mk692 267.50–272.95 5.45 4.44 5.19 −1.58
qHKW2 E1 2 mk889–mk907 10.75–13.95 3.20 6.44 8.86 −1.70
qHKW7 E3/E4 7 mk3390–mk3403 133.60–139.15 5.55 6.17 7.13 1.96
qHKW8 E1 8 mk3897–mk3926 166.70–170.60 3.90 3.59 5.31 −1.31
qHKW9 E2–E4 9 mk4144–mk4164 98.10–104.15 6.05 5.09 5.25 1.54
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all four environments (Table  3). In the association panel, 
six pSNPs were associated with multiple traits. For exam-
ple, three pSNPs (PZE-110078281, PZE-110084114, and 
SYN17906) on chromosome 10 were closely associated 
with both KV and HKW, and SNPs associated with both 
KT and KS were identified at 14.7 and 154.3 Mb on chro-
mosomes 1 and 4, respectively. The set of pQTL/SNPs 
observed in the present study indicated that underlying 
genetic correlations and pleiotropy might play an important 
role in influencing ear and grain in maize.

Co‑localization of QTL for ear and grain morphological 
traits by joint linkage mapping and GWAS

GWAS results for the eight ear and grain morphologi-
cal traits were compared to QTL identified using linkage 
mapping in segregating populations. Loci identified by the 
GWAS that overlap with QTL mapped in bi-parental pop-
ulations are shown in Fig. 4. Only one locus identified in 

the GWAS, PKS2 on chromosome 2, which influences ker-
nel shape, was within the QTL confidence interval defined 
by RILs for the compared traits (Fig. 4a, b). Interestingly, 
this locus was simultaneously associated with a suite of 
QTL identified for other traits in the bi-parental popula-
tion, such as KL, KT, KV, HKW, and KRN (Fig.  4b). 
The peak SNP (PHM14783.16, P = 9.06E−6) in this locus 
explained 23.3% of the total observed variation in kernel 
shape. The most significant SNP was located within a short 
13-Kb LD block, including PKS2 using pairwise LD cor-
relations (D’ ≥ 0.8). The candidate region was estimated to 
reside within the region from 9.93 to 9.95 Mb on chromo-
some 2 encompassed by four SNP markers (Fig. 4a, right). 
Three annotated candidate genes, GRMZM2G007713, 
GRMZM2G007453, and GRMZM2G007256, were located 
in genomic regions linked to the peak SNP (Fig.  4b). In 
addition, 13 lines directly selected from hybrid PH78599 
possess the same Qi319 allele (GG) at the PHM14783.16 
locus, and had an average value of 0.21 for KS, which is 

a Trait refers to the name of each component of plant architecture: KL kernel length, KW kernel width, KT kernel thickness, KS kernel shape, KV 
kernel volume, HKW hundred-kernel weight, KRN kernel row number, KNPR kernel number per row
b The name of each QTL is a composite of the influenced trait: KL, KW, KT, KS, KV, HKW, KRN, or KNPR
c The effect of each QTL in a specific environment: E1 is 2013 Beijing; E2 is 2013 Gongzhuling; E3 is 2014 Beijing; and E4 is 2014 Gongzhul-
ing
d Chr., chromosome
e Flanking markers, the markers to each side of the QTL
f Interval, confidence interval between two bin markers
g Physical length, the interval between the two markers on the B73 reference genome
h LOD, the logarithm of odds score
i PVE, the phenotypic variance explained by individual QTL
j ADD, the additive effect value. LOD scores, PVE values, and ADD values are shown as mean values for QTL with multiple effects

Table 4  (continued)

Trait  Namea Nameb Effectc Chr.d Flanking  markerse Intervalf (Mb) Physical 
 lengthg (Mb)

LODh PVEi ADDj

KRN qKRN2-1 E3 2 mk847–mk861 3.20–5.65 2.45 4.64 5.59 0.401
qKRN2-2 E4 2 mk876–mk879 8.65–9.30 0.65 5.88 5.59 0.46
qKRN3 E3 3 mk1421–mk1433 147.05–152.70 5.65 5.46 6.01 −0.58
qKRN4 E4 4 mk1766–mk1781 6.45–10.10 3.65 4.91 5.39 0.53
qKRN5-1 E2 5 mk2556–mk2577 166.75–172.10 5.35 5.48 6.03 0.57
qKRN5-2 E3/E4 5 mk2518–mk2532 146.00–154.80 8.80 5.65 7.79 0.51
qKRN6 E2 6 mk3035–mk3053 143.50–149.65 6.15 4.57 5.90 0.55
qKRN8 E1 8 mk3622–mk3642 10.25–16.65 6.40 4.09 5.85 0.49
qKRN9 E1/E4 9 mk4029–mk4057 14.05–19.35 5.30 4.27 5.63 0.46
qKRN10 E1 10 mk4397–mk4402 18.10–23.60 5.50 3.78 6.42 −0.50

KNPR qKNPR2-1 E2 2 mk1074–mk1086 211.15–213.50 2.35 8.82 9.13 −3.43
qKNPR2-2 E3 2 mk1004–mk1020 187.65–192.20 4.55 4.03 3.94 −1.37
qKNPR4 E2 4 mk1925–mk1935 146.00–152.00 6.00 4.45 5.08 2.54
qKNPR9-1 E1 9 mk4239–mk4244 128.3–130.15 1.85 4.09 2.72 1.26
qKNPR9-2 E2/E3 9 mk4154–mk4170 100.95–106.3 5.35 6.33 6.40 2.14
qKNPR9-3 E4 9 mk4157–mk4170 102.3–106.3 4.00 7.99 8.68 2.01
qKNPR10 E1–E4 10 mk4447–mk4462 85.2–97.7 12.5 9.64 13.20 3.22
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significantly lower than that of the 34 lines that harbor the 
Ye478 allele (0.25, P < 0.05) (Fig. 4c). The estimated val-
ues of π and Tajima’s D in the PKS2 window were lower 
than the means of those parameters for most maize lines 
in the RIL population (Fig.  4d). These results presum-
ably indicate that artificial selection had occurred in this 
genomic region during maize breeding.

Discussion

Elucidation of genetic architectures of ear and grain 
morphological traits by joint linkage and association 
mapping in maize

Although numerous QTL for yield-related traits have 
been identified in diverse maize populations, relatively 
few favorable alleles have been identified (Weng et  al. 

2013). The usefulness of RIL populations for QTL map-
ping has been corroborated in rice, wheat, maize, and 
soybean (Poland et  al. 2012; Li et  al. 2014; Zhou et  al. 
2012), and the value of high-density bin maps has also 
been well documented (Pan et al. 2012; Chen et al. 2014; 
Zhou et al. 2016b). Compared to other kinds of segregat-
ing populations, such as early generation populations, all 
the homozygous lines of permanent RIL populations can 
be evaluated in various locations in multiple years, which 
could increase the accuracy of QTL detection and reduce 
experimental error. Guo et  al. (2014) developed a high-
density integrated genetic linkage map for maize consist-
ing of 3148 bin markers with a mean physical distance 
between adjacent bin markers of 0.64  Mb. Herein, we 
constructed a high-density bin map with 4602 bin mark-
ers with an average distance of 0.45 Mb between adjacent 
bin markers.

Fig. 3  Genome-wide association scan for ear and grain morphologi-
cal traits. Manhattan plots of the compressed MLM for eight ear and 
grain morphological traits across three environments. Provisional line 

indicates the genome-wide significance threshold at −log10(P) = 4. 
E1′ is 2011 Beijing; E2′ is 2012 Gongzhuling; E3′ is 2012 Beijing



1022 Theor Appl Genet (2017) 130:1011–1029

1 3

Table 5  Significant genome-
wide association signals for ear 
and grain morphological traits 
using a compressed Mixed 
Linear Model (MLM)

Traita SNPb Env.c Pos. d (Mb) P value MAFe R2

KL PZE-101045444 E1′ 1:31,429,285 4.40E−05 0.197 0.302
PZE-101045,481 E1′ 1:31,534,837 8.68E−05 0.197 0.297
PZE-101,045,505 E1′ 1:31,551,115 8.68E−05 0.197 0.297
PZE-106,063,093 E2′ 6:114,591,116 1.18E−05 0.161 0.353

KW SYN26586 E2′ 1:225,663,244 6.75E−06 0.250 0.270
PZE-103075534 E1′ 3:121,399,342 2.77E−05 0.388 0.256
PZE-103075536 E1′ 3:121,410,749 2.77E−05 0.388 0.256
SYN20433 E3′ 9:19,067,487 5.01E−05 0.485 0.239
SYN17906 E1′ 10:138,758,070 8.75E−05 0.241 0.247

KT PZE-101024700 E1′–E3′ 1:14,757,692 4.33E−06 0.225 0.210
PZE-101024733 E2′ 1:14,787,076 2.69E−05 0.392 0.150
SYN29228 E3′ 1:62,591,528 7.63E−05 0.265 0.198
PZE-104077825 E2′ 4:151,357,845 6.32E−05 0.438 0.142
SYN4393 E3′ 4:154,351,816 1.54E−05 0.108 0.211
SYN4392 E3′ 4:154,347,776 1.88E−05 0.106 0.209
SYN30907 E1′ 8:89,533,071 7.47E−05 0.319 0.185
PZE-110018303 E3′ 10:21,857,658 6.86E−05 0.257 0.199

KS PZE-101024700 E2′/E3′ 1:14,757,692 1.00E−05 0.229 0.230
PHM14783.16 E1′–E3′ 2:9,939,631 9.06E−06 0.140 0.233
SYN4392 E3′ 4:154,347,776 7.28E−06 0.106 0.215
SYN4393 E3′ 4:154,351,816 9.87E−06 0.108 0.213
SYN7967 E1′ 5:207,249,586 3.59E−05 0.443 0.222
PZE-108023516 E2′ 8:22,536,836 5.90E−06 0.147 0.235

KV PZE-101165664 E1′ 1:208,202,015 7.23E−05 0.399 0.246
PZA03663.2 E3′ 1:14,463,522 4.90E−05 0.173 0.233
PZE-106042795 E1′ 6:91,282,601 5.26E−05 0.133 0.248
PZE-106080884 E2′ 6:138,000,731 6.67E−05 0.417 0.177
SYN20433 E1′/E3′ 9:19,067,487 1.58E−05 0.491 0.258
PZE-110084114 E1′ 10:135,955,069 2.93E−05 0.369 0.253
PZE-110078281 E1′ 10:132,947,179 4.62E−05 0.202 0.249
SYN17906 E1′ 10:138,758,070 6.16E−05 0.241 0.247

HKW PZE-102017883 E1′ 2:7,911,198 2.07E−05 0.392 0.223
SYN1293 E1′ 3:215,412,145 1.43E−05 0.401 0.226
PZE-103075996 E1′/E3′ 3:122,326,935 3.87E−05 0.303 0.218
PZE-103075978 E1′/E3′ 3:122,279,513 4.63E−05 0.312 0.216
PZE-103099492 E1′ 3:158,545,767 8.46E−05 0.117 0.211
SYN17906 E1′ 10:138,758,070 1.90E−05 0.241 0.224
PZE-110078281 E1′ 10:132,947,179 4.35E−05 0.202 0.217
PZE-110084114 E1′ 10:135,955,069 7.24E−05 0.369 0.213
PZE-110084609 E1′ 10:136,345,469 8.07E−05 0.259 0.212

KRN SYN21847 E1′ 5:209,066,383 8.81E−05 0.403 0.322
PZE-105050695 E2′ 5:42,985,249 5.60E−05 0.262 0.357
PZE-105050711 E2′ 5:42,986,734 6.43E−05 0.173 0.356
PZE-105050696 E2′ 5:42,985,795 8.36E−05 0.253 0.354
PZE-109055660 E3′ 9:93,254,019 0.0001 0.354 0.341
PZE-110091103 E1′ 10:139,865,747 1.16E−05 0.277 0.337
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A number of QTL for yield-related traits have been 
detected in the previous studies. Liu et  al. (2016b) 
detected 26 QTL for KL, KW, KL/KW, and HKW, with 
a minimum genetic distance of 2.6 cM and an average of 
7.08 cM between map positions 90 and 92.6 cM on chro-
mosome 3. Yang et al. (2016) detected 13 QTL for KL, 

KW, KT, and HKW, with a minimum physical distance 
of 0.66 Mb and an average of 7.38 Mb between umc1075 
and chr8-8098 on chromosome 8. Liu et  al. (2014) 
detected 83 QTL for KL, KW, and HKW, in a minimum 
physical interval of 1.37 Mb and an average of 17.30 Mb 
between umc1165 and umc1265 on chromosome 2. 

a Trait refers to the name of each component of plant architecture: KL kernel length, KW kernel width, KT 
kernel thickness, KS kernel shape, KV kernel volume, HKW hundred-kernel weight, KRN kernel row num-
ber, KNPR kernel number per row
b The name of each SNP is a composite of the influenced trait: KL, KW, KT, KS, KV, HKW, KRN or 
KNPR
c Env., the specific environment: E1′ is 2011 Beijing; E2′ is 2012 Gongzhuling; E3′ is 2012 Beijing
d Pos, position indicates the physical position on the B73 reference genome
e MAF, minor allele frequency

Table 5  (continued) Traita SNPb Env.c Pos. d (Mb) P value MAFe R2

KNPR ZM010067-0315 E1′ 2:6,468,634 3.27E−05 0.420 0.260
SYN10378 E2′ 2:5,380,932 2.39E−05 0.384 0.251
PZE-103017768 E3′ 3:10,227,371 7.79E−06 0.140 0.367
SYN12130 E3′ 3:119,330,344 5.88E−05 0.163 0.353
SYN12129 E3′ 3:119,330,496 5.88E−05 0.163 0.353
SYN12131 E3′ 3:119,332,740 5.88E−05 0.163 0.353
PZE-103070590 E3′ 3:111,172,304 6.33E−05 0.190 0.352
PZE-105025237 E2′ 5:12,594,569 7.78E−05 0.127 0.242
PZE-108039704 E3′ 8:62,708,493 6.13E−05 0.468 0.353
PZE-108039715 E3′ 8:62,711,908 6.13E−05 0.468 0.353

Table 6  Pleiotropic QTL or 
SNP (pQTL/SNP) for eight ear 
and grain morphological traits 
across multiple environments

a The name of each pleiotropic QTL/SNP
b Chr., chromosome
c Flanking markers, the markers to the each side of the QTL
d Pos, position indicates the physical position on the B73 reference genome

pQTL/SNPa Chr.b Flanking  markerc Pos.d (Mb) No. of 
QTL/SNPs

Traits

pQTL1 1 mk104–mk160 19.65–31.90 8 KW|KT|KV|HKW
pQTL2 2 mk833–mk914 1.65–16.15 9 KL|KT|KV|KS|HKW|KRN
pQTL3-1 3 mk1449–mk1476 156.45–165.65 5 KW|KV
pQTL3-2 3 mk1609–mk1657 206.30–214.35 3 KL|KS
pQTL4-1 4 mk1846–mk1862 34.15–47.60 4 KL|KW|KT|KS
pQTL4-2 4 mk2046–mk2083 188.90–200.95 4 KW|KV
pQTL6 6 mk2822–mk2834 51.95–62.90 4 KW|KV
pQTL7 7 mk3385–mk3460 131.10–153.75 12 KL|KW|KV|HKW
pQTL8 8 mk3837–mk3959 156.35–175.15 6 KL|KW|KV|HKW
pQTL9 9 mk4143–mk4176 97.25–107.30 10 KL|KS|HKW|KNPR
pQTL10 10 mk4447–mk4487 85.20–118.75 14 KL|KT|KV|KS|KNPR
pSNP1 1 PZE-101024700 14.757692 2 KT|KS
pSNP4-1 4 SYN4392 154.347776 2 KT|KS
pSNP9 9 SYN20433 19.067487 2 KW|KV
pSNP10-1 10 PZE-110078281 132.947179 2 KV|HKW
pSNP10-2 10 PZE-110084114 135.955069 2 KV|HKW
pSNP10-3 10 SYN17906 138.75807 3 KW|KV|HKW
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In our study, combining the GBS approach with RIL 
populations across four environments, 108 QTL were 
detected for different traits in the RIL population, 26 
QTL were identified in more than two environments, 
and 13 were found in at least three environments. For 
all QTL identified here, qKRN2-2 was mapped in a 
minimum physical interval of 0.65  Mb and an average 
of 7.17 Mb between mk876 and mk879 (Table 4), sug-
gesting that this approach identified QTL with high effi-
ciency. In addition, the previous studies have identified 

some QTL in the same regions as those identified here, 
such as those for HKW and KNPR in bin 2.03 (Sa et al. 
2015; Yang et al. 2015), KW in bin 4.07–4.08 (Li et al. 
2013), HKW in bin 7.02–7.03 (Li et  al. 2011a, b), KL 
in bin 9.02–9.03 (Liu et al. 2014), and HKW in bin 9.04 
(Liu et  al. 2014). In our study, we identified not only 
these QTL, but also some additional stable QTL, such 
as qKV1, qKV7, and qKT10. These stable QTL might be 
further used for fine mapping and gene cloning.

Fig. 4  Co-localization of association peak SNPs, QTL, and well-
annotated candidate genes. a Significant association signals on 
chromosome 2 for kernel shape. Dashed line represents the signifi-
cance threshold at −log10(P) = 4. Arrowhead indicates the LD heat-
map (right) surrounding the peak on chromosome 2. b Major kernel 
shape QTL covering the significant association signals was mapped 
between 2.05 and 10.5 Mb on chromosome 2 in Ye478 × Qi319 RILs. 
Dashed lines indicate the candidate region for the peak SNP. c Box-

plot of kernel shape distribution at the peak SNP for the lines repre-
senting the sub-groups PB and Reid within the 240-line panel derived 
from Qi319 and Ye478. Differences between the genotypes were ana-
lyzed using Student’s t test. d Sliding-window analyses of nucleotide 
diversity in the association panel on chromosome 2. Black dots, π; 
Red dots, Tajima’s D. Black dashes represent mean π value, while red 
dashes represent mean Tajima’s D. (Color figure online)
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Association analysis is a powerful approach for 
exploring the molecular basis of phenotypic variation in 
plants. It has been widely used in many kinds of plants, 
since it was introduced for use in plant populations in 
2001 (Thornsberry et  al. 2001; Andersen et  al. 2005; 
Casa et al. 2008; Krill et al. 2010). However, there have 
been relatively few GWAS of these yield-related traits 
in maize. In rice, several genes associated with grain 
length and grain width have been reported. For exam-
ple, Si et  al. (2016) integrated a GWAS approach with 
analyses of gene expression patterns, genetic variants 
and T-DNA-derived mutants to functionally characterize 
a grain shape-related QTL, GLW7. The candidate gene 
in QTL, GLW7 encodes the plant-specific transcription 
factor OsSPL13, which regulates cell size in the grain 
hull, resulting in enhanced rice grain length and yield. 
In the present study, a total of 64 SNPs were highly 
significantly associated with eight ear and grain mor-
phological traits across three environments. The length 
of the associated genomic regions ranged from 1.48 to 
474.22 Kb. Six SNPs could be consistently detected in 
more than two environments. The GWAS results were 
used to mutually validate the results of linkage mapping 
in RIL populations and as an effective method for gene 
mapping.

Recently, genetic improvement of grain yield was 
mostly focused on increasing stress tolerance of hybrids, 
which was selected for yield stability across target envi-
ronments. However, QTL-by-environment interaction 
(QEI) often results in change of magnitude of significant 
QTL effect under different environments and affected 
the application of MAS. Peng et al. (2011) and Li et al. 
(2014) reported that QTL for kernel-related traits were 
more stable across environments than QTL of grain 
yield influenced by QEI. Therefore, it is often difficult 
to detect QTL for grain yield per plant and kernel num-
ber per plant stably expressed in different environments, 
especially in stress environments. Yield component traits 
especially kernel weight displayed more advantages for 
yield improvement. In the present study, stable and con-
sistent QTL/SNP might be hot spots for the loci that are 
important for the associated traits. Therefore, a reliable 
and feasible strategy for QTL/SNP cloning is the fine 
mapping of these QTL/SNP and the validation of the 
potential candidate genes.

Gene linkage or pleiotropy associated with multiple ear 
and grain morphological traits in maize

Many previous studies have indicated that yield-related 
traits are controlled by a set of QTL, some of which are 
QTL clusters. The distribution of these QTL clusters can be 
explained by a pleiotropic QTL or multiple tightly linked 

QTL. Associated traits are prone to share regions with sig-
nificant QTL (Li et al. 2007). Domestication has increased 
the size of maize kernels compared to its progenitor teo-
sinte. In rice, QTL for domestication-related traits tend to 
occur in clusters that coincide with the regions harboring 
favorable genes (Cai and Morishima 2002). Among the 108 
QTL and 64 SNPs identified here on all ten maize chromo-
somes (Tables 4, 5), the 17 pQTL/SNPs (Table 6) are each 
associated with two or more traits. In particular, pQTL2, 
pQTL4-1 (bin 4.05), and pQTL10 (bin 10.03), which con-
trol six traits (KL, KT, KV, KS, HKW, and KRN), four 
traits (KL, KW, KT, and KS), and five traits (KL, KT, KV, 
KS, and KNPR), respectively, correspond to physical dis-
tances of about 14.5, 13.45, and 33.55  Mb, respectively. 
Previous reports have shown that bin 4.05 and bin 10.03 are 
important genomic regions controlling maize yield-related 
traits, such as KRN, KW, and KL (Veldboom et al. 1994; 
Doebley et al. 1994; Peng et al. 2011) or KNPR, KW, and 
KT (Peng et  al. 2011), respectively. These reports indi-
cated that these regions might also be required for kernel 
development. These clustered QTL/SNPs might be closely 
associated, functionally co-adapted, or related through 
unknown factors with pleiotropic effects, suggesting that it 
is possible for QTL/SNPs that control maize yield-related 
traits to be closely distributed and linked to other loci con-
trolling related characteristics. Therefore, the fine mapping 
of these QTL/SNPs and validation of the potential candi-
date genes could be a reliable and feasible strategy for the 
cloning of QTL/SNP, which might be even more valuable 
in maize breeding. Our results provide important infor-
mation for further fine mapping to find genes controlling 
quantitative traits and may help reveal the molecular mech-
anisms responsible for these yield-related traits.

Combined linkage and association mapping 
is a powerful method for QTL detection

Linkage and association analysis are two complementary 
approaches commonly used to map causal genes and dis-
sect the genetic bases of traits of interest (Lu et  al. 2010; 
Tian et  al. 2011; Tao et  al. 2013). Association mapping 
offers higher resolution than traditional QTL mapping 
and is suitable for mapping multiple traits at once (Yu and 
Buckler 2006; Yan et al. 2011). In the present study, both 
GWAS and linkage mapping methods were used to iden-
tify loci associated with eight maize ear and grain, includ-
ing PKS2, a gene on chromosome 2 that influences kernel 
shape. Using linkage mapping in a bi-parental population, 
this locus was simultaneously associated with several QTL 
for other traits, including KL, KT, KV, and HKW. Fur-
thermore, a major QTL for KRN was mapped using RILs 
to a 14.5 Mb region between 1.65 and 16.15 Mb on chro-
mosome 2, which contains the most significant SNP for 



1026 Theor Appl Genet (2017) 130:1011–1029

1 3

PKS2 between 9.93 and 9.95 Mb. According to the maize 
gene annotation database accessible at MaizeGDB (http://
www.maizegdb.org), three annotated candidate genes were 
located in genomic regions linked to the peak SNP, but 
only GRMZM2G007713 and GRMZM2G007453 code 
the definite protein.GRMZM2G007713, a heavy metal 
transport/detoxification superfamily protein, involved in 
the metal ion transport in maize endosperm (Sekhon et al. 
2011). GRMZM2G007453, accumulation of photosystem 
(APO) putative expressed encodes a chloroplast localized 
RNA binding protein that is involved in RNA splicing. It 
was shown that Arabidopsis apo1 mutants fail to splice the 
second intron in the ycf3 pre-mRNA and lead to the thy-
lakoid protein deficiencies (Watkins et al. 2011). The con-
sistency between the association loci from the GWAS and 
the QTL from linkage mapping cross-validates the results 
of mapping loci for these traits by these two approaches. 
The combination of these approaches not only reduces 
false positives, but also increases the efficiency of QTL and 
candidate gene detection severalfold. These QTL could be 
important candidate genes related to maize yield, and their 
further functional verification will improve our understand-
ing of their underlying genetic and molecular mechanisms.

Application of the identified loci in marker‑assisted 
selection in maize breeding

Release of new maize cultivars developed using tradi-
tional breeding methods can take 10 or more years (Gasic 
et  al. 2014). However, if the genetic basis of a quantita-
tive trait is greatly clear, genetic improvement of traits by 
MAS of favorable alleles will greatly accelerate (Dekkers 
and Hospital 2002; Papst et  al. 2004; Ordas et  al. 2009). 
MAS has been successfully used for breeding and selection 
of many traits, especially yield (Xu et  al. 2009), in many 
crops, such as maize (Widstrom et  al. 2003) and wheat 
(Adhikari et al. 2004) and rice (Wang et al. 2012). In the 
previous studies, MAS has been used for QTL validation, 
fine mapping, and gene cloning using backcross popula-
tions in maize. In backcross populations, the target QTL 
becomes the major source of genetic variation in a trait, 
and the undesired genetic background is then gradually 
eliminated by continued backcrossing and MAS (Liu et al. 
2016a). The subsequent fine mapping of more recombina-
tion events within this region can then allow cloning of the 
candidate gene. In our study, we could consistently detect 
many QTL/SNPs, including qKL7, qKT10, qKS10, qKV1, 
qKV7, qKN10, PZE-101024700, and PHM14783.16 in 
all the test environments, and could also detect 17 pQTL/
pSNPs. In future experiments, backcross populations could 
be developed from particular RIL families and their parents 

for QTL validation. These stable consistent QTL could also 
be considered priority candidates for use in MAS. The fine 
mapping of these QTL and validation of the potential can-
didate genes could be a reliable and feasible strategy for 
QTL cloning to isolate loci that could be even more valua-
ble for maize breeding. Our results provide important infor-
mation for such further fine mapping to find genes control-
ling quantitative traits and may help reveal the molecular 
mechanisms responsible for maize yield-related traits. Fur-
ther analysis of the important genomic regions controlling 
maize yield-related traits could enable cloning of key genes 
and reveal the mechanisms of control of these traits, but 
also provide the basis for MAS, elite inbred line develop-
ment, and hybrid breeding.

Conclusions

In the present study, a bi-parental population and an asso-
ciation panel were used to identify QTL for eight ear and 
grain morphological traits (KL, KW, KT, KV, KS, HKW, 
KRN, and KNPR). A total of 26 stable QTL and six sta-
ble SNPs were detected across multiple environments by 
QTL mapping and GWAS, respectively. Furthermore, 17 
QTL/SNPs (pQTL/SNPs) were associated with various 
traits. Among these, PKS2, a stable locus identified by this 
combined approach between 9.93 and 9.95 Mb on chromo-
some 2 might play an important role in the control of grain 
yield. These results could improve our understanding of the 
genetic basis of the ear and grain in maize.
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