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Abstract Association mapping based on the linkage
disequilibrium provides a promising tool to identify genes
responsible for quantitative variations underlying complex
traits. Presented here is a maize association mapping panel
consisting of 155 inbred lines with mainly temperate
germplasm, which was phenotyped for 34 traits and
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genotyped using 82 SSRs and 1,536 SNPs. Abundant
phenotypic and genetic diversities were observed within
the panel based on the phenotypic and genotypic analysis.
A model-based analysis using 82 SSRs assigned all inbred
lines to two groups with eight subgroups. The relative
kinship matrix was calculated using 884 SNPs with minor
allele frequency C20% indicating that no or weak relationships were identified for most individual pairs. Three
traits (total tocopherol content in maize kernel, plant height
and kernel length) and 1,414 SNPs with missing data
\20% were used to evaluate the performance of four
models for association mapping analysis. For all traits, the
model controlling relative kinship (K) performed better
than the model controlling population structure (Q), and
similarly to the model controlling both population structure
and relative kinship (Q ? K) in this panel. Our results
suggest this maize panel can be used for association
mapping analysis targeting multiple agronomic and quality
traits with optimal association model.

Introduction
Association mapping based on linkage disequilibrium (LD),
both for genome-wide and candidate-gene approaches,
provides a powerful tool for dissecting quantitative traits in
plants (Yu and Buckler 2006; Buckler and Gore 2007; Zhu
et al. 2008). When compared with linkage analysis, association mapping has a number of advantages that include
shorter research time, higher mapping resolutions and
investigation of a greater number of alleles (Yu and Buckler
2006). Several association panels in maize, wheat and sorghum have been constructed for performing association
mapping studies (Flint-Garcia et al. 2005; Maccaferri et al.
2006; Casa et al. 2008). As an outbred species, maize
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encompasses a high level of phenotypic and molecular
diversity. When considering nucleotide diversity, any two
random maize lines differ from one another in 1.4% of total
DNA, similar to the divergence observed between humans
and chimpanzees (Buckler and Stevens 2005). LD decays
very rapidly in maize landraces (within 1 kb) and diverse
maize inbred lines (within 1–5 kb) (Tenaillon et al. 2001;
Remington et al. 2001; Yan et al. 2009). The abundant
diversity and rapid LD decay make maize as an ideal crop for
association mapping. The maize panel of 302 inbred lines
assembled for association mapping by Flint-Garcia et al.
(2005) consisted of both current breeding lines and historically important lines from temperate and tropical regions,
representing a large fraction of the global genetic diversity in
maize breeding. The genetic diversity and population
structure were evaluated using 94 SSRs (Liu et al. 2003), and
the panel or part of the panel has been used for association
analysis for flowering time (Remington et al. 2001;
Thornsberry et al. 2001; Pressoir et al. 2009), kernel compositions and starch pasting properties (Wilson et al. 2004),
maysin synthesis (Szalma et al. 2005) and carotenoid content (Harjes et al. 2008; Yan et al. 2010b). Other association
panels representative of American and European diversity
have also been used in maize association analysis (Andersen
et al. 2005, 2008; Camus-Kulandaivelu et al. 2006; Salvi
et al. 2007; Belo et al. 2008), and a large-scale maize QTL/
association mapping population (nested association mapping, or NAM), comprised 5,000 recombinant inbred lines
derived from the common parent, B73, crossed to each of 25
diverse founder lines, was constructed to dissect the genetic
basis of quantitative traits with great power (Yu et al. 2008;
McMullen et al. 2009; Buckler et al. 2009).
The resources mentioned above are very useful for the
maize community. The choice of germplasm for association mapping, collected from elite inbred lines, diverse
inbred lines or landraces, is a key issue for the success of
association analysis (Flint-Garcia et al. 2003; Breseghello
and Sorrells 2006; Yu and Buckler. 2006; Zhu et al. 2008).
An ideal association panel should harbor as much genetic
diversity as possible, which is often used to resolve complex trait variation to a single gene or nucleotide. However,
the genetic diversity should be balanced with genetic
homogeneity of phenotypic traits, to ensure equal adaptation of all lines in multiple environments for phenotypic
data collection. Because most of the maize in China is
planted in temperate region, it is difficult to observe all
interesting traits in the association panels representing of
American and European diversity (Flint-Garcia et al. 2005;
Salvi et al. 2007), as they consist of numerous landrace and
tropical lines unadapted to growing conditions in these
regions. Therefore, it was necessary to construct an
appropriate association panel adapted to local environments in China.
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The presence of population structure within an association mapping population can be an obstacle to the application of association mapping as it often generates spurious
genotype–phenotype associations (Yu and Buckler 2006;
Zhu et al. 2008; Myles et al. 2009). The non-reproducibility
of associations between polymorphisms in the dwarf8 gene
and flowering time variation in three association panels
validated the importance of population structure estimation
prior to association analyses (Thornsberry et al. 2001;
Andersen et al. 2005; Camus-Kulandaivelu et al. 2006). To
account for population structure in association analysis, two
major statistical methods, genome control (Devlin and
Roeder 1999; Zheng et al. 2005) and structure association
(SA) (Pritchard et al. 2000b), were applied in early studies,
both of which used random makers spaced throughout the
genome, but incorporated them into statistical analysis in
different approaches. Recently, Yu et al. (2006) developed a
mixed-linear model (MLM) approach to perform association analysis. The MLM approach, accounting for both
population structure (Q) and relative kinship (K), can be
performed with the TASSEL software package (Bradbury
et al. 2007). It is one of the most common methods of
association analysis in plants, and has been successfully
applied in maize (Yu et al. 2006), wheat (Breseghello and
Sorrells 2006), sorghum (Murray et al. 2009), Arabidopsis
(Zhao et al. 2007) and potato (Malosetti et al. 2007).
A thorough understanding of genetic diversity, population structure and familial relatedness in a given panel is
necessary for successful association studies. Currently,
SSRs and SNPs are two main types of molecular markers
used to evaluate genetic diversity, population structure and
familial kinship of association panels. SSR markers have
played a predominant role in the estimation of genetic
diversity and population structure in numerous plant species because of the properties of multiple alleles, reproducibility, cost-effectiveness and selective neutrality
(Smith et al. 1997). As SNP markers are less informative
than SSRs due to their biallelic nature (Rosenberg et al.
2003; Liu et al. 2005), the number of SNPs must be
increased to obtain the same information (Hamblin et al.
2007). This is easily possible due to the wide genomic
distribution, cost-effective and high-throughput detection
systems of SNP markers; these properties have made SNPs
a popular choice in linkage analysis and association
mapping.
In the current study, a maize association mapping panel
developed for studies to unravel the genetic basis of
quantitative traits useful to Chinese and similar temperate
growing environments is presented. This mapping panel
has been characterized with a total of 82 SSR markers,
1,536 SNP markers, and 34 phenotypic traits, to: (1)
investigate the genetic and phenotypic diversity; (2) estimate the levels of population structure and assess familial
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Materials and methods

lutein, zeaxanthin, b-cryptoxanthin, a-carotene, b-carotene,
total carotenoids, and provitamin A; and tocopherol-related
traits: delta-tocopherol, gamma-tocopherol, alpha-tocopherol
and total tocopherol. Methods of scoring the oil, carotenoid
and tocopherol-related traits were described in previous
studies (Yang et al. 2010; Chander et al. 2008a, b).

The association panel

SSR and SNP genotyping

A set of 155 diverse lines, mostly selected from temperate
germplasm, was assembled to construct an association
mapping panel in maize. The panel contained 91 inbred
parents of the commercial hybrids most used widely in
China (Teng et al. 2004), 35 high-oil lines developed from
the major high-oil breeding populations in the world (Song
and Chen 2004), 25 inbred lines derived from Chinese
landraces, and four high provitamin A lines introduced
from the University of Illinois in the United States. Pedigree details are summarized in Supplementary Table 1.

DNA was extracted by a modified CTAB procedure from
bulked leaves from at least six individuals for each line
according to Murry and Thompson (1980). A set of 82
SSRs evenly distributed throughout the maize genome was
used (Supplementary Table 2). SSRs were amplified via
PCR with fluorescently labeled primers in a 20 ll reaction
volume containing 40 ng genomic DNA, 109 PCR reaction buffer, 1.5 mM MgCl2, 0.2 mM of each dNTP,
0.2 lM of each 50 -labeled forward and unlabeled reverse
primer, and 0.5 unit of Taq polymerase (Tiangen, China).
Thermal cycling conditions were 95°C for 5 min; 35 cycles
of 95°C for 45 s, optimal annealing temperature for 45 s,
and 72°C for 1 min; followed by a final extension of
10 min at 72°C. PCR products were size separated on a
3730XL DNA Sequencer equipped with GENESCAN
software (ABI, US). Fragment size was recorded by the
software GeneMarker V1.6 (SoftGenetics, State College,
PA) and manually re-checked.
The details of SNP genotyping were described in a
previous study (Yan et al. 2010a). Briefly, a GoldenGate
assay (Illumina, San Diego, CA) containing 1,536 SNPs
was applied to genotype 155 lines. The SNP genotyping
was performed on Illumina BeadStation 500 G (Illumina,
San Diego, CA) at Cornell University Life Sciences Core
Laboratories Center following the protocols described by
Fan et al. (2006). The specifications of the 1,536 SNPs can
be found in the studies by Yan et al. (2010a). One thousand
four hundred and fourteen SNPs with missing data \20%
were used in the subsequent analysis, among which 884
SNPs with minor allelic frequencies greater than 20% were
used to evaluate the kinship of this panel.

relatedness; (3) evaluate the effect of population structure
on phenotype; and (4) evaluate this panel for association
analysis.

Phenotypic data collection
The association panel was planted in a randomized complete block design with two replications in the following
six environments: Changping Agronomy Farm, China
Agricultural University, Beijing, in 2005, 2007 and
2008; Shangzhuang Agronomy Farm, China Agricultural
University, Beijing, in 2006 and 2008; and Winter Nursery,
Sanya Agronomy Farm, China Agricultural University,
Hainan Island, in 2007. Each line was grown in a single
3 m row, and rows were 0.67 m apart, with a planting
density of 45,000 plants/ha. More than six plants in each
row were self-pollinated in all environments except
Changping Agronomy Farm in 2008, in which environment
all lines were open-pollinated. Pollinated ears were harvested at maturity and allowed to air dry to reach about
13% seed moisture content.
A total of 34 traits were measured in different environments ranging from one to four environments per trait
(Table 4). Only nine plants in the middle of each row were
used to score plant traits. Traits measured included flowering traits: days to pollen (days from planting to male
flowering for 50% of the plants in each row) and days to silk
(days from planting to silk emergence for 50% of the plants
in each row); plant architecture traits: number of tassel
branches, number of plant nodes, number of leaves above
the ear, and number of nodes above the ear; ear traits: ear
length, ear diameter, cob diameter, number of rows per ear,
and cob mass; kernel traits (for which equal amounts of
grain from each harvested ear were bulked): 100-kernel
weight, kernel length, kernel width, and kernel thickness;
oil-related traits: palmitic, stearic, oleic, linoleic, linolenic
acid concentration and oil content; carotenoid-related traits:

Genotypic data analyses
Powermarker version 3.25 (Liu and Muse 2005) was used to
calculate allele number, gene diversity, group-specific
alleles, line-specific alleles, polymorphic information content (PIC) and Nei’s genetic distance (Nei 1972). Considering the effects of sample size on estimating genetic
diversity, allelic richness was further estimated by a rarefaction method implemented in HP-RARE software
(Kalinowski 2005). The significance of different statistics
including gene diversity, PIC and allelic richness
was assessed using Wilcoxon’s paired test across loci.
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To investigate population differentiation, an analysis of
molecular variance (AMOVA) (Excoffier et al. 1992) was
performed and pairwise F statistics (Fst) among populations
was calculated using Arlequin V3.11 (Excoffier et al. 2005).
These analyses mentioned above were performed using 82
SSRs.
The model-based program STRUCTURE 2.2 (Pritchard
et al. 2000a; Falush et al. 2003) was used to infer population
structure using 82 SSRs. Five independent runs were performed setting the number of populations (k) from 1 to 10,
burn in time and MCMC (Markov Chain Monte Carlo)
replication number both to 500,000, and a model for
admixture and correlated allele frequencies. The k value
was determined by LnP(D) in STRUCTURE output and an
ad hoc statistic Dk based on the rate of change in LnP(D)
between successive k (Evanno et al. 2005). The results of
replicate runs from STRUCTURE were integrated by
CLUMPP software (Jakobsson and Rosenberg 2007). Lines
with membership probabilities C0.75 were assigned to
corresponding clusters; lines with membership probabilities
\0.75 were assigned to a mixed group. Structure results of
individual assignments to corresponding groups were
graphically displayed using the DISTRUCT software
package (Rosenberg 2004). Groups were further subdivided
into subgroups using a similar methodology. The runs most
consistent with breeder’s knowledge about pedigree were
used to assign lines into clusters. Finally, 884 SNPs with
minor allele frequencies over 20% were used to calculate
the kinship matrix (K) using the SPAGeDi software package (Hardy and Vekemans 2002). All negative values
between individuals were set to 0 (Yu et al. 2006).
Statistical analyses of phenotypic data
All statistical analyses of the phenotypic data were carried
out using SAS 8.02 (SAS Institute 1999). The trait means
across environments and the effects of genotype 9 environment (G 9 E) on traits measured in greater than one
environment were evaluated by PROC GLM using the
LSMEANS option. Variance components of genotype,
environment, and pooled error containing G 9 E with
residual effect were estimated using PROC MIXED. These
variance components were then used to estimate the broadsense heritability on a family mean base (Holland et al.
2003). The effects of population structure on all traits were
tested based on the means across environments for each
trait using PROC GLM. The model statement included one
of the two components of the k = 2 Q matrix from
STRUCTURE analysis.
To further evaluate the phenotypic diversity in this panel,
the means of all lines across environments were used to
calculate Shannon–Weaver index for each trait. The index
was defined by Poole (1974) as
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H0 ¼

n
X

pi lnpi

i¼1

where n is the number of phenotypic class, and pi is the
frequency of the phenotypic classes. The means (M) and
standard deviation (SD) in this maize panel were used to
subdivide the phenotypic values (xi) into ten classes ranging from class 1 (xi \ M - 2SD) to class 10 (xi [ M ?
2SD), the class interval being 0.5SD (Pecetti et al. 1992).
Power simulations and model comparisons
To assess the power of association mapping achieved by
this panel, the genetic power calculator (GPC, Purcell et al.
2003) was performed to simulate power for various population size (N = 50, 100, 150, 155, 200) and genetic
effect (effect = 0.01, 0.05, 0.10, 0.15, 0.20). Three traits
including total tocopherol content, plant height and kernel
length, affected by Q and K at different levels, were
selected to perform marker-trait associations. Four models
were used to evaluate the effects of population structure
(Q) and relative kinship (K) on three selected traits for
marker-trait associations: the GLM model, similar to simple ANOVA analysis without considering Q and K; the Q
model, considering Q; the K model, considering K; the
Q ? K model, considering both Q and K. The GLM model
and the Q model were performed using general linear
model (GLM) in TASSEL V2.1; the K model and the
K ? Q model were performed using MLM in TASSEL
V2.1 (Yu et al. 2006; Bradbury et al. 2007). The quantile–
quantile plots of estimated -log10 (p) were displayed
using the observed p values from SNP-trait associations
and the expected P values assuming that no associations
happened between markers and any trait.

Results
The 82 SSRs used to measure genetic diversity were
polymorphic across all 155 individuals in this maize panel,
and a total of 675 alleles were detected with an average of
8.23 alleles per locus (Table 1). Of this total, 203 alleles
(30.07%) were restricted to one of the two groups and 142
alleles (21.04%) occurred in a single inbred. Gene diversity, PIC and allelic richness over the whole panel were
0.65, 0.61 and 6.93, respectively (Table 1).
Population structure and relative kinship
The population structure in the panel containing 155 maize
inbred lines was calculated using 82 SSRs and a modelbased approach of STRUCTURE. Fifty datasets were
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Table 1 Diversity related summary statistics for all inbred lines, groups and subgroups, which were classified using STRUCTURE analysis

Tem-tropic I

Landrace

32
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RySy

Reid

ByGy

Tang SPT

Zi330

Tem-tropic I

Lancaster

Landrace

Fig. 1 Model-based cluster membership for 155 lines in two groups
and eight subgroups

obtained by setting the number of possible clusters (k) from
1 to 10 with five replications each. The LnP(D) value for
each given k increased with the increase of k and the most
significant change was observed when k was increased
from 1 to 2 (Supplementary Fig. 1a). In addition, there was
a sharp peak of Dk at k = 2 (Supplementary Fig. 1b). Both
parameters suggested the number of clusters was set to 2
(Fig. 1; Table 2, Supplementary Table 3). The first group,
called P1, included 79 lines, most of which were high-oil
lines and commercial inbred lines with non-flint grain
texture. The second group, called P2, contained 44 lines,
most of which were related to Chinese landraces with flint
grain texture. The remaining 32 lines had membership
probabilities lower than 0.75 in any given group and were
thus classified into a mixed group.
The two main groups were further subdivided into eight
subgroups as suggested by the STRUCTURE analysis. The
LnP(D) and Dk values suggested k = 2 was the number of
subgroups for P1 and P2 groups (Supplementary Fig. 1c,
d), but the differentiations at k = 2 were not fully consistent with pedigree knowledge. Thus, the pedigree information was used to guide the subdivision of P1 and P2
groups combining with the cluster membership. The P1
group was classified into 5 subgroups and a mixed subgroups including 17 lines. Subgroups were named Reid,
containing 12 lines, which were representative of B73;
Lancaster, containing 9 lines, which were representative of
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Table 2 List of the 155 lines by their model-based groupings
Groups

Subgroups

Number

Inbreds

P1

Reid

12

B73, Ye478, U8112, Zheng32, Hu803, C8605, Tie7922, Ye8001, 832,
Ye488, 812, Xun971

Lancaster

Ji846, ZaC546, Mo17, Hai1134, Mo113, 4F1, HTH-17, Ji842, CY72

10

ByGy

12

RySy

19

Ry684, Ry713, Ry732, Sy1090, Sy998, Sy1052, Sy1128, Ry729, Gy1032,
Ry697, Sy999, Sy1032, Sy1035, Sy1077, Ye107, 7884-4Ht, K10, Chang3,
Nan21-3

P1-mixed

17

Gy923, Gy1007, By4839, Gy237, Gy246, Gy798, Ry737, Sy1039, Zheng58,
Dan340, J4112, Yu374, K14, chuan48-2, K22, 8902, Si434

Tang SPT

10

HZS, Si444, HYS, TYS, H21, Xi502, 5237, WH413, Lx9801, BS16

Tem-tropic I
Landrace

P2-mixed
Mixed

4
24

6
32

HuangC, Zi330, Zong3, Shen5003, Zheng653, Zong31, LK11, Si446, BEM,
A619
By804, By815, By843, By4944, Gy220, Gy386, By807, By809, By813,
By4960, By855, Gy462

Qi319, P178, Shen137, Dan599,
Tian77, Hai014, SW1611, 5311, S37, Jiao51, TX5, WMR, MN, BNBG,
NMJT, QTHHSBTS, 04K5702, NBG, YSBN, BGY, 04K5672, BXZLN,
BR2, DSB, D047, B11, SW92E114-15-1, SC55
Chang7-2, Ji853, 3H-2, 04K5686, HSBN, 303WX
Sy3073, Ye515, Yan414, Ji53, K12, Dong237, Ji63, Yu87-1, S22, Ye52106,
Zheng22, Dong46, BT1, DH02, Dan9046, Hai268, Wu109, Lv28, P138,
Qi205, Q1261, 81162, Dan598, Cheng698, E28, H8123, 647, BZN, Hua832, HB, CI7, DE3

Mo17; Zi330, containing 10 lines, most of which were
related to inbred line Zi330; ByGy, containing 12 lines,
which were derived from BHO (Beijing high-oil population)
or AIHO (an population developed from IHO C80 9
Alexho C23); RySy, containing 19 lines, most of which were
derived from RYD or Syn.D.O, both populations introduced
from the University of Illinois. The P2 group was classified
into three subgroups with a mixed subgroup of six lines;
groups included Tang SPT, containing 10 lines, most of
which were related to inbred line HZS; Tem-tropic I, containing 4 lines, which were derived from American hybrids;
and Landrace, containing 23 local inbred lines derived from
Chinese landraces and one high provitamin A line SC55
(Fig. 1; Table 2; Supplementary Table 4).
Relative kinship estimates based on the SNP data
showed that 61.9% of the pairwise kinship estimates were
equal to 0, and the remaining estimates ranged from 0.05 to
0.5, with a continuously decreasing number of pairs falling
in higher estimate categories (Fig. 2). The kinship analysis
indicated most lines had no or weak relationship with the
other lines in this maize panel, which agreed with various
sources of the collected lines.
Population differences
Comparing P1 and P2, AMOVA results indicated that only
6.1% (P \ 0.001) of the total genetic variation was partitioned among groups, 92.6% (P \ 0.001) within groups
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Relative kinship
Fig. 2 Distribution of pairwise relative kinship estimates between
155 maize inbred lines. Values are from SPAGeDi estimates using
884 SNPs. For simplicity, only percentages of relative kinship
estimates ranging from 0 to 0.50 are shown

and 1.3% (P \ 0.001) within lines. Analyses with subgroups revealed that 17.4% (P \ 0.001) of the variation
occurred among subgroups and 76.3% (P \ 0.001) within
subgroups. Pairwise Fst showed low levels of differentiation between P1 and P2 (Fst = 0.10, P \ 0.001), but high
levels of differentiation between subgroups with Fst ranging from 0.13 (RySy with Landrace, P \ 0.001) to 0.51
(Tang SPT with Tem-tropic I, P \ 0.001) (Table 3).
Among subgroups in the P1 group, the differentiation
between Reid and ByGy was the highest (Fst = 0.37,
P \ 0.001) while the differentiation between RySy and
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Table 3 Genetic distances as measured by Nei’s minimum distance (top diagonal) and pairwise Fst comparisons (bottom diagonal) between
maize inbred groups
Groups

Subgroups

P1
Reid

P1

P2

Reid

P2
Lancaster

Zi330

ByGy

RySy

TangSPT

Tem-tropic I

Landrace

0.24

0.23

0.26

0.18

0.31

0.36

0.24

0.22

0.22

0.17

0.31

0.34

0.18

0.21

0.16
0.16

0.25
0.29

0.33
0.36

0.17
0.19

0.22

0.28

0.10

0.38

0.17

Lancaster

0.34**

Zi330
ByGy

0.34**
0.37**

0.31**
0.31**

0.31**

RySy

0.24**

0.22**

0.21**

0.21**

TangSPT

0.44**

0.42**

0.38**

0.41**

0.29**

Tem-tropic I

0.47**

0.42**

0.43**

0.43**

0.30**

0.51**

Landrace

0.29**

0.22**

0.21**

0.23**

0.13**

0.23**

0.23
0.25**

** Significant at P \ 0.01

Zi330 or ByGy was the lowest (Fst = 0.21, P \ 0.001).
Among subgroups in the P2 group, the differentiation
between Tang SPT and Tem-tropic I was the highest
(Fst = 0.51, P \ 0.001) while the difference between
Landrace and TangSPT was the lowest (Fst = 0.23,
P \ 0.001). A similar pattern of differentiation among
subgroups was observed using Nei’s minimum distance,
which averaged 0.24 and ranged from 0.10 to 0.38
(Table 3).
Allelic diversity within groups and subgroups
Total diversity within each group was similar, but varied
widely within each subgroup (Table 1). The total number
of alleles in P1 was 491, with an average of 5.99 alleles per
locus. Within this group, subgroups RySy and Reid contained the highest (average of 4.16) and lowest (average of
2.38) number of alleles per locus, respectively. When
compared with P1, P2 had fewer lines and slightly lower
allelic richness (z = -2.36, P = 0.0182), but encompassed a similar level of gene diversity (z = -1.87,
P = 0.0615) and PIC (z = -0.52, P = 0.6041). In total,
495 alleles were detected within P2, and the number of
alleles in each P2 subgroup ranged from 142 (Tem-tropic I,
1.73 alleles per locus) to 423 (Landrace, 5.16 alleles per
locus). Group-specific alleles, line-specific alleles, gene
diversity, PIC and allelic richness showed a similar trend in
subgroups (Table 1).

traits, oil-related traits, ear traits, plant traits and kernel traits,
in that order. Total tocopherol content, total carotenoid
content and oil content varied from 11.81 to 174.63, 2.38 to
21.14 and 3.15 to 12.61 lg g-1, with an average of 55.93
(±32.09), 10.32 (±4.07) and 5.92 (±2.56) lg g-1, respectively. Alpha-tocopherol content displayed the most striking
phenotypic diversity with 145.2 fold maximum change that
varied from 0.44 to 63.87 lg g-1 with an average of 12.45
(±11.75) lg g-1, while days to silk was the least diverse
trait with only a 1.4-fold maximum change that ranged from
69 to 96 days with an average of 77.2 (±4.50) days. The
Shannon–Weaver index (H0 ) across all traits averaged 1.80
(±0.20) with a range from 1.44 (alpha-carotene) to 2.06
(plant height). The plant traits had the highest H0 values with
an average of 2.03 (±0.07). The H0 values were similar for
oil-related traits (1.67 ± 0.19), carotenoid-related traits
(1.67 ± 0.12) and tocopherol-related traits (1.66 ± 0.18),
which were slightly lower than that of ear traits
(1.88 ± 0.06) and kernel traits (1.83 ± 0.04).
Twenty-seven of 34 traits were measured in multiple
environments and replicates, on which G 9 E effects can
be tested. The analysis of variance (ANOVA) revealed that
G 9 E interactions was significant for all 27 traits
(P \ 0.01) except number of plant nodes, linolenic acid
concentration, and the content of tocopherol components
(Table 4). The broad-sense heritability of all measured
traits based on a family mean was relatively high, ranging
from 65.3% for 100-kernel weight to 97.8% for linoleic
acid concentration (Table 4).

Phenotypic diversity
Effect of population structure on phenotype
A total of 86 data sets related to 34 traits were collected for
lines in this association panel; each trait was measured in one
to four environments, and a broad range of variation was
observed for each trait measured (Table 4). As seen by the
maximum change fold, tocopherol-related traits had the
richest phenotypic diversity, followed by carotenoid-related

As illustrated in Table 4, only a small part of the phenotypic variation for any trait was due to the presence of
groups within the panel, with an average of 6.4% across all
traits. For 26 of the measured traits, the percentage of
phenotypic variation explained by population structure did

123

424

Theor Appl Genet (2010) 121:417–431

Table 4 Descriptive statistics, Shannon–Weaver index, family mean-basis heritability and percentage of phenotypic variation explained by
population structure for 34 traits scored in up to six environments each
Traits

Min

Max

Mean ± SD

Ha

Env no.b

G9E

H2c
m

R2d

Plant traits
Days to pollen (days)

41.0

77.0

69.1 ± 4.3

1.91

3

**

69.3

1.8

Days to silk (days)

69.0

96.0

77.2 ± 4.5

1.94

1

ND

89.7

0.6

127.6

257.0

186.2 ± 26.6

2.06

4

**

93.7

5.9

20.7

106.6

70.1 ± 15.9

2.05

4

**

94.3

0.0

Number of tassel branch

2.9

23.0

10.1 ± 4.2

2.03

2

**

91.7

0.1

Number of plant node
Number of leaves above ear

9.5
4.7

16.9
8.4

12.9 ± 1.2
6.3 ± 0.7

2.05
2.14

2
1

ns
ND

90.5
85.2

0.7
3.3

Number of nodes above ear

5.1

8.1

6.4 ± 0.6

2.08

2

**

87.4

5.1

6.9

14.2

10.4 ± 1.5

1.90

1

ND

82.7

0.1

Plant height (cm)
Ear height (cm)

Ear traits
Ear length (cm)
Ear diameter (cm)

3.1

4.9

3.9 ± 0.3

1.97

1

ND

91.5

5.2

Cob diameter (cm)

2.1

3.6

2.7 ± 0.3

1.87

1

ND

93.3

18.9

10.0

23.0

13.9 ± 2.1

1.87

1

ND

93.2

0.0

4.6

20.4

9.3 ± 3.0

1.79

1

ND

88.2

3.6

13.4

35.4

21.8 ± 3.9

1.78

2

**

65.3

0.5
13.3

Number of kernel rows
Cob mass (g)
Kernel traits
100-kernel weight (g)
Kernel length (mm)

7.3

11.1

9.1 ± 0.7

1.88

2

**

72.1

Kernel width (mm)

6.2

10.2

8.1 ± 0.8

1.82

2

**

89.1

7.1

Kernel thickness (mm)

3.6

5.8

4.8 ± 0.5

1.82

2

**

80.6

2.3

0.44
0.05

1.63
0.36

0.88 ± 0.27
0.14 ± 0.07

1.74
1.64

3
3

**
**

96.6
94.5

8.7
9.1

Oil-related traits
Palmitic acid (lg g-1)
-1

Stearic acid (lg g )
Oleic acid (lg g-1)

0.60

4.77

1.85 ± 1.13

1.54

3

**

97.6

11.0

Linoleic acid (lg g-1)

1.57

5.86

2.94 ± 1.13

1.58

3

**

97.8

23.0

Linolenic acid (lg g-1)

0.03

0.10

0.06 ± 0.01

2.01

3

ns

73

19.5

Oil content (lg g-1)

3.15

12.61

5.92 ± 2.56

1.48

3

**

97.7

16.3

Lutein (lg g-1)

0.76

15.68

5.39 ± 2.73

1.75

4

**

92.9

2.8

Zeaxanthin (lg g-1)

0.88

8.43

3.41 ± 2.03

1.72

4

**

94.8

2.5

Beta-cryptoxanthin (lg g-1)

0.09

2.87

0.73 ± 0.57

1.60

4

**

88.4

9.9

Carotenoid-related traits

Alfa-carotene (lg g-1)

0.01

0.43

0.11 ± 0.10

1.44

4

**

72.6

0.7

Beta-carotene (lg g-1)

0.13

1.98

0.68 ± 0.37

1.68

4

**

75.2

1.6

Total carotenoid (lg g-1)

2.38

21.14

10.32 ± 4.07

1.81

4

**

91.2

0.0

Pro-vitamin A (lg g-1)

0.22

3.43

1.10 ± 0.60

1.69

4

**

79.8

4.7

Tocopherol-related traits
Delta-tocopherol (lg g-1)

1.74

7.61

2.39 ± 0.81

1.46

2

ns

94.4

5.9

Gamma-tocopherol (lg g-1)
Alfa-tocopherol (lg g-1)

7.33
0.44

122.51
63.87

41.18 ± 24.92
12.45 ± 11.75

1.84
1.57

2
2

ns
ns

95.2
77.8

14.9
5.1

11.81

174.63

55.93 ± 32.09

1.78

2

ns

92.3

14.8

Total tocopherol (lg g-1)

ns nonsignificant at P \ 0.05, ND not determined (these traits were not scored in enough environments to test genotype 9 environment effects)
a

Shannon–Weaver index

b

The number of environments in which each trait was measured

c

Broad-sense heritability on family mean basis

d

Percentage of phenotypic variation explained by population structure

** Significant at P \ 0.01
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Effect=0.05

Effect=0.01

Fig. 3 Power simulations of association panels with various population size for the genetic factors with different explained phenotypic
variation

not exceed 10%. For ear height, number of kernel rows and
beta-carotene, almost no effect due to population structure
was observed. Population structure accounted for the
highest percentage (23%) of phenotypic variation for linoleic acid concentration. The greatest influence of population structure was observed for oil-related traits, with a
range of explained phenotypic variation from 8.7 to 23.0%,
while plant traits were least affected with a range from 0 to
5.9%.
Evaluation of association panel
Figure 3 shows the power of association panels with various numbers of individuals for the genetic factors
accounting for different phenotypic variations. Greater
power to detect marker-trait associations was observed as
the population size increased and as the genetic factor
explained more of the phenotypic variations. When the
genetic factors accounted for \10% of phenotypic variations, the power to detect an association was relatively low
and increased sharply with the increase in population size
in an association panel with B200 individuals. In contrast,
the power was quite high when the population size reached
over 150. For this panel with 155 individuals, over 87.6%
of the genetic factors explaining C10% of phenotypic
variations were captured, 59.2% for 5%, and 16.5% for 1%.
Combined with 1,414 SNPs over the whole genome and
three typical traits, total tocopherol content in maize
kernel, plant height and kernel length, associations were
performed to evaluate the effects of Q and K for controlling
false associations. For any trait, the P value from the GLM
model greatly deviated from the expected P value, followed by the Q model, while the P values from the K

model and the K ? Q model were close to the expected P
value (Fig. 4). However, the degree of the effects of Q and
K was different for different traits. At P \ 0.01, the Q
model performed well for plant height and kernel length
with significant SNPs reducing 4.89 and 4.90%, respectively; the correction of false positive was well conducted
by the K model for all three traits, especially for total
tocopherol content with significant SNPs reducing 19.28%
(Table 5). Using the K ? Q model, 1.15,1.15, 1.66% SNPs
were significantly associated with total tocopherol content
in maize kernel, plant height and kernel length at P \ 0.01,
and 0.29, 0.29, 0.43% at P \ 0.001, respectively.

Discussion
Genetic diversity in the maize panel
A suitable association mapping panel should encompass as
much phenotypic and molecular diversity as can be reliably
measured in a common environment (Flint-Garcia et al.
2005). An average of 8.23 alleles per locus over 82 SSRs
was observed in this association panel containing 155
inbred lines. The value was significantly lower than that of
21.7 over 94 SSR loci in 260 US inbreds (Liu et al. 2003),
slightly lower than 9.4 over 145 SSR loci in a mini core set
with 95 temperate inbreds mostly developed in China
(Wang et al. 2008), but exceeded most reported values in
other diversity studies of maize inbred lines (Supplementary Table 5; Taramino and Tingey 1996; Senior et al.
1998; Lu and Bernardo 2001; Matsuoka et al. 2002; Labate
et al. 2003; Clerc et al. 2005; Xia et al. 2005; Reif et al.
2005, 2006; Yu et al. 2007; Xie et al. 2008). The difference
in SSR allelic richness can be explained by the number
of maize lines analyzed and the choice of maize germplasm, the number of SSR loci and the SSR repeat type
(Vigouroux et al. 2002; Liu et al. 2003). A higher number
of lines in the sample leads to a more diverse range of
germplasm simply by sampling, and a larger number of
loci (and in particular, the use of dinucleotide repeat SSRs
rather than tri- or higher) will lead to a higher number of
alleles and thus a higher apparent level of genetic diversity.
The genetic diversity across all lines in this association
panel was 0.65, which was higher or equal to all reported
values except those of Taramino and Tingey (1996), and
Liu et al. (2003) (Supplementary Table 5).
One excellent association mapping panel is reported by
Flint-Garcia et al. (2005), and has been used for association
studies of several traits in maize to date (Remington et al.
2001; Thornsberry et al. 2001; Wilson et al. 2004; Szalma
et al. 2005; Harjes et al. 2008; Pressoir et al. 2009; Yan
et al. 2010b). This panel has been shown to possess
abundant genetic diversity (Liu et al. 2003) and will be
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-log 10 (pobserved )

a

total tocopherol

14
12
10
8
6
4
2
0

b

plant height

14
12
10
8
6
4
2
0

c
14
12
10
8
6
4
2
0

kernel length

0.0 0.4 0.8 1.2 1.6 2.0 2.4 2.8 3.2

0.0 0.4 0.8 1.2 1.6 2.0 2.4 2.8 3.2

0.0 0.4 0.8 1.2 1.6 2.0 2.4 2.8 3.2

-log10(pexpected )

-log10(pexpected )

-log10(pexpected )

Predicted

GLM

Q

K

Q+K

Fig. 4 Quantile–quantile plots of estimated -log10 (p) from association analysis using four methods in three traits: a total tocopherol,
b plant height, c kernel length. The black line is the expected line
under the null distribution. Red line represents the observed P values

using GLM; green line represents the observed P values using GLM
with Q; pink line represents the observed P values using MLM model
with K; blue line represents the observed P values using MLM model
with Q and K

Table 5 The percentage of significant SNPs associated with three
traits using four statistic models

line-specific alleles were detected in PCAU, which is more
than were seen in the temperate subset of PUS (43). This
indicates variation contained in Chinese maize germplasm
that is not presented in the diverse PUS and may be due to
the origins of the Chinese germplasm, sampling effects
when creating both panels, or due to the effect of artificial
selection or genetic drift. These line-specific alleles offer a
source of genetic variation for further crop improvement
and for dissecting the genetic basis of quantitative traits in
maize.

Traits

GLM

Q

K

Q?K

Total tocopherol
content
Plant height

20.29/9.64

19.21/8.42

1.01/0.29

1.15/0.29

10.49/3.45

5.6/1.44

1.22/0.14

1.15/0.29

8.07/2.02

3.17/0.65

2.24/0.29

1.66/0.43

Kernel length

The value before the slash shows the percentage of significant SNPs
at P \ 0.01 and the value after the slash shows the percentage of
significant SNPs at P \ 0.001

referred to as PUS here. To compare the genetic diversity
between PUS and our panel (referred to as PCAU in this
study), 47 SSR loci scored in both panels were reanalyzed
jointly, using six inbreds common to both panels (B73,
Mo17, SC55, A619, DE3 and CI7) as controls. A total of
805 alleles were detected with an average of 17.1 alleles
per locus over the 47 loci across all 415 inbred lines. The
allelic richness in PCAU was lower than that in PUS (z =
-5.36, P \ 0.001), but similar to that in the temperate
lines from the PUS panel analyzed separately from the
tropical (z = -0.03, P = 0.9747) (Supplementary
Table 6). Of 716 alleles detected in the PUS panel and 544
alleles in the temperate subset of the PUS panel, the PCAU
panel captured 428 (59.8%) and 376 (69.1%) alleles,
respectively. Thus, PCAU contained about 60% of the
genetic diversity of present in PUS, which was created to
capture a large proportion of the alleles in all cultivated
maize (Flint-Garcia et al. 2005). As most lines from PCAU
were popular inbred lines for hybrid production in China
(Teng et al. 2004), the results mentioned above indicate
that the genetic diversity of maize breeding resources in
China is somewhat narrow and could be broadened by
introducing foreign germplasm, especially tropical germplasm, which contains many ‘unique’ alleles not present in
Chinese maize breeding resources. However, 50 unique
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Consequences of genetic relatedness in the maize panel
Detailed knowledge of genetic relatedness among individuals in an association panel is a key factor to avoid
spurious associations. Population structure (Q matrix),
estimated using STRUCTURE (Pritchard et al. 2000a;
Falush et al. 2003) and expressed as membership probabilities, is one way to correct spurious associations due to
genetic relatedness. It is often difficult to estimate the true
number of population (k). Generally, k is taken to be the
value with the highest estimated LnP(D) value returned by
STRUCTURE (Pritchard et al. 2000a). However, in real
situations, few data sets confirm precisely to the STRUCTURE model, and the LnP(D) value keeps increasing when
k reaches the true number. Evanno et al. (2005) suggested
an ad hoc method, Dk, the second-order rate of change of
the likelihood function with respect to k performed well in
indicating the real number. In this study, the Dk values
indicated splitting the maize panel into two groups was the
most biologically meaningful population structure because
of the rapid rate of change in LnP(D) values between
successive k. These two groups were consistent with
groups known to have diverged in the very distant past (the
flint and non-flint groups). However, the mode of Dk at the
true k was absent for further subdividing inbreds in each of
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the two groups, P1 and P2, into subgroups using
STRUCTURE. This may be due to the reduced sample size
and weak genetic differentiation within groups (Evanno
et al. 2005; Waples and Gaggiotti 2006). Therefore, the
pedigree information was used for subgroup subdivision.
The P1 group was subdivided into five subgroups: Reid,
Lancaster, Zi330, ByGy and RySy. Subgroups Reid,
Lancaster and Zi330 reflect known heterotic groups (Teng
et al. 2004) while subgroups ByGy and RySy split high-oil
lines, which agreed that most lines in ByGy were close to
Lancaster heterotic group and that most lines in RySy were
close to Reid heterotic group (Song Tongming, personal
communications). In P1, pairwise Fst values indicate that
RySy was genetically more similar to the other subgroups;
that Reid was strongly differentiated from subgroups
Lancaster, Zi330 and ByGy; and that subgroups Lancaster,
Zi330 and ByGy were more similar than other subgroups
(excluding RySy). Based on the SSR markers, lines from
P2 were organized into two known heterotic groups (Teng
et al. 2004), Tang SPT and Tem-tropic I, and one subgroup
consisting of landraces. Pairwise Fst values indicated that
Tang SPT and Tem-tropic I were highly unrelated, and that
the subgroup Landrace were equally diverged from both.
Six of the eight subgroups were well agreed with the previous studies on Chinese maize inbred lines that separated
Chinese lines into six groups (Xie et al. 2008) or four
groups (Wang et al. 2008). A few lines in some groups
were not consistent with pedigree information perfectly,
which may be due to the marker density, power, lines
purity and other unknown reasons.
The effect of population structure on interesting traits,
determined by the percentage of trait variation explained
by population structure, is one indication of the power of
an association mapping panel to detect the effects of
individual genes using structured association analysis.
Population structure based on the two groups in this
association panel accounted for an average of 6.4% of the
phenotypic variation across all 34 traits, indicating that
population structure is only a minor factor contributing to
phenotypic variation in this panel. However, the effects
varied depending on the trait, and there was a marked
influence on population structure affecting cob diameter,
linoleic acid, linolenic acid, oil content, gamma-tocopherol
and total tocopherol (R2 ranged from 14.9 to 23.0% for
these traits). On the other hand, virtually no or weak correlations were observed between population structure and
ear height, number of tassel branch, ear length, number of
kernel rows and total carotenoid. The significant responses
to population structure for measured traits may be
explained by a selection effect, especially for oil-related
traits and tocopherol-related traits, as high-oil maize is
developed by intense artificial selection and tocopherols
are highly correlated to oil content (Lambert 2001).
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As expected, some traits were differently affected by
population structure in different association panels. This
was one of the underlying motivations for the selection of a
suitable association panel and showed the necessity of
validating trait-associated genes in multiple panels. The
adaption trait, flowering time, was greatly affected by
population structure in American and European association
panels (R2 [ 32%) (Flint-Garcia et al. 2005; CamusKulandaivelu et al. 2006), but very weakly affected in this
association panel (R2 \ 2%). The extreme difference was
caused by the germplasm in each association panel, as the
American and European association panels contained both
temperate and tropical germplasm while the maize panel
reported here mainly contained temperate germplasm.
Therefore, this maize panel is more suitable for performing
association analysis between genotypes and flowering time.
On the other hand, because population structure in different
association panels accounted for a low percentage of phenotypic variation for cob mass, 100-kernel weight and
kernel thickness (Flint-Garcia et al. 2005; Table 4), these
traits are weakly correlated with population structure and
could be investigated equally well in different association
panels.
As mentioned above, population structure plays an
important role in association analysis. However, spurious
associations cannot be controlled completely by population
structure as the Q matrix only gives a rough dissection of
population differentiation. Therefore, Yu et al. (2006)
suggested incorporating the pairwise kinship (K matrix)
into a mixed model to correct for relatedness in association
mapping. The K matrix is generally superior to association
models using only Q matrix (Yu et al. 2006; Myles et al.
2009). In this panel, SNP-trait associations were performed
for three traits using simple variance analysis, the Q model,
the K model, and the Q ? K model. We found that the K
model performed better than the Q model, but similarly to
the K ? Q model. In addition, simulations performed by
Zhu and Yu (2009) indicated that nMDS (nonmetric multidimensional scaling) combining the K matrix were better
for correcting false associations than simple regression
analysis, especially for samples with complex genetic
relatedness.
Application and weakness of the maize panel
The maize panel presented here exhibits considerable
natural variation for most traits, especially for levels and
compositions of carotenoid, tocopherol and oil in the
kernels. All lines in the panel display good adaptation to
most growing conditions in China, which will allow field
experiments to be conducted for multiple phenotypic
traits by different research groups throughout China.
Unlike complex quantitative traits, such as yield, the
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heritability of kernel carotenoid, tocopherol and oil are
extremely high. A few major QTL for these traits were
identified to determine their genetic basis (Yang et al.
2010; Chander et al. 2008a, b). Furthermore, the metabolic pathways for these three traits are relatively simple
and most of the genes encoding key enzymes are well
known in Arabidopsis (Thelen and Ohlrogge 2002;
Beisson et al. 2003; DellaPenna and Pogson 2006;
DellaPenna and Last 2006; Matthews and Wurtzel 2007).
All these characteristics, together with the knowledge of
population structure and relative kinship presented here,
will allow this panel to be used in mining favorable
alleles of genes by pathway-driven association mapping.
For example, two major genes affecting provitamin A
content in maize kernel [lycopene epsilon cyclase (lcyE);
b-carotene hydroxylase 1 (crtRB1)] were also validated
by association mapping using this panel (Yan et al.
2010b). Currently, several candidate genes involved in
carotenoid, tocopherol and oil metabolism are being
characterized to mine favorable alleles related to corresponding traits. In addition, association mapping of some
complex quantitative traits, such as plant morphology
traits, ear traits and kernel traits, can be done in this
panel, where they were only weakly affected by population structure (Table 4). This has been confirmed in a
successful association study of ZmGS3 and several kernel
traits (Li et al. 2010). Although the LD decay of this
panel was not estimated at the genome-wide level, the
results from several candidate genes showed that the LD
decay is very fast in this panel ranging from a few
hundreds to thousands base pairs (Li et al. 2010; Zhiyuan
Fu et al. unpublished data).
However, there are two main disadvantages of this panel
used for association mapping. First, the sample size of this
panel was small and it had relatively low power of association mapping. Simulation studies by genetic power calculate
(Purcell et al. 2003) demonstrated that this panel consisting
of 155 diversity lines could only capture 59.2% of the
quantitative genes explaining 5% of phenotypic variation
and 87.6% for 10%. It shows that this panel is suitable for the
traits controlled by major QTL and needs to be extended for
further investigating the genetic basis of interesting traits
controlled by genes with moderate or even minor effects.
Secondly, structured association analysis using this panel
would increase false negatives and reduce the power for
traits strongly correlated with population structure, such as
oil-related traits and tocopherol-related traits. Therefore, we
considered combining association analysis with linkage
analysis to identify the true genetic variants for these traits as
the covariance between genotypes and phenotypes can be
broken up by generating controlled cross (Myles et al. 2009).
In addition, increasing the population size, combined careful
genotype selection for population structure estimate, may
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render this panel useful in identifying the genetic factors
associated with the traits, which is highly correlated with the
population structure.
The genetic architecture of complex quantitative traits is
generally studied with the final objective of improving crop
performance. Functional markers are developed and
applied in molecular breeding programs after favorable
alleles are identified by linkage analysis or association
mapping (Andersen and Lübberstedt 2003). Six functional markers derived from lcyE (Harjes et al. 2008) and
crtRB1 (Yan et al. 2010b) are being used to improve the
levels of provitamin A in maize breeding at several institutes including this laboratory with excellent results (data
not shown). All high pro-vitamin A lines selected via
marker-assisted selection in these programs are lines from,
or derived from, one of the association mapping panels
used to identify the favorable alleles. Breseghello and
Sorrells (2006) pointed out that including individuals in
association panels from current breeding programs offers
the advantage of easy incorporation into future breeding
programs. Many (91) of the lines in this maize panel are
derived from advanced breeding programs in China, and
will certainly prove useful in future breeding programs as
well, especially as more information on favorable alleles
contained in each line for a wide range of agronomic and
morphological traits are identified.
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