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RESUMO 

MUNDIM, Gabriel Borges, D. Sc., Universidade Federal de Viçosa, fevereiro de 2016. 
Eficiência do estudo de associação genômica ampla em populações de polinização 
aberta. Orientador: José Marcelo Soriano Viana. Coorientadores: Fabyano Fonseca e 
Silva e Rodrigo Oliveira de Lima. 
 
A maioria dos estudos de associação genômica ampla (GWAS) com espécies vegetais 

publicados até agora têm empregado painel de linhagens e quase nenhuma informação 

sobre os GWAS em populações de polinização aberta foi encontrada na literatura. 

Portanto, os objetivos deste trabalho foram: (i) apresentar aspectos teóricos, potencial e 

limitações dos GWAS em populações de polinização aberta; (ii) analisar a influência da 

herdabilidade do QTL e do tamanho populacional sobre os GWAS com populações de 

polinização aberta; e (iii) comparar a eficácia dos GWAS na detecção de QTL em 

populações de polinização aberta, painel de linhagens e linhagens endogâmicas 

recombinantes (RILs). Cinquenta amostras de populações com desequilíbrio de ligação 

(LD) foram simuladas, considerando os tamanhos populacionais de 400 e 200 indivíduos, 

e 10.000 SNPs, 10 QTL e 90 genes menores foram aleatoriamente distribuídos em 10 

cromossomos, com uma densidade média de 1 SNP a cada 0,1 cM. Os valores fenotípicos 

simulados referem-se à três características de milho-pipoca com diferentes graus de 

dominância, considerando herdabilidades em sentido amplo de 0,4 e 0,8. Os cenários 

foram comparados com base no poder de detecção de QTL, no número de associações 

falso-positivas, no viés na posição estimada do QTL e na amplitude do intervalo dos SNPs 

significativos para o mesmo QTL. Os resultados evidenciaram que, quando o LD entre 

um QTL e um ou alguns marcadores é restrito a SNPs muito próximos do QTL, os GWAS 

em populações de polinização aberta podem ser altamente eficientes (até 80% de poder 

de detecção, com reduzido número de associações espúrias), dependendo principalmente 

do tamanho populacional e da herdabilidade da característica. Para o painel de linhagens, 

corrigindo para a estrutura populacional, os GWAS alcançaram o maior poder de detecção 

de QTL (cerca de 96%), associado com o menor número de associações espúrias e viés. 

Na condição de baixa herdabilidade e tamanho populacional reduzido, os GWAS são 

ineficazes para as populações de polinização aberta, painel de linhagens e RILs. 
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ABSTRACT 

MUNDIM, Gabriel Borges, D. Sc., Universidade Federal de Viçosa, February, 2016. 
Efficiency of genome-wide association study in open-pollinated populations. Adviser: 
José Marcelo Soriano Viana. Co-advisers: Fabyano Fonseca e Silva and Rodrigo Oliveira 
de Lima. 
 
Most papers about genome-wide association studies (GWAS) with plant species 

published until now have employed inbred lines panel and almost no information on 

GWAS in open-pollinated populations was found in literature. Therefore, the objectives 

of this study were (i) to present theoretical aspects, potential and limitations of GWAS in 

open-pollinated populations; (ii) to analyze the influence of QTL heritability and 

population sample size on GWAS with open-pollinated populations; and (iii) to compare 

the efficacy of GWAS on QTL detection in open-pollinated populations, inbred lines 

panel and recombinant inbred lines (RILs). Fifty samples of populations with linkage 

disequilibrium (LD) were simulated, considering sample sizes of 400 and 200 individuals, 

and 10,000 SNPs, 10 QTL and 90 minor genes were randomly distributed in 10 

chromosomes, with an average SNP density of 0.1 cM. The phenotypic values simulated 

refer to three popcorn traits with different degrees of dominance, considering broad sense 

heritabilities of 0.4 and 0.8. The scenarios were compared based on power of QTL 

detection, number of false-positive associations, bias in the estimated QTL position and 

range of the significant SNPs for the same QTL. Results evidenced that when the LD 

between a QTL and one or few markers is restricted to SNPs very close or within the 

QTL, the GWAS in open-pollinated populations can be highly efficient (up to 80% power 

of QTL detection with reduced number of spurious associations), depending mainly on 

the population sample size and trait heritability. For inbred lines panel, correcting for 

population structure, the GWAS achieved the highest power of QTL detection (around 

96%), associated with the smallest number of spurious associations and bias. Under low 

heritability and reduced sample size, GWAS are ineffective for open-pollinated 

populations, inbred lines panel and RILs. 
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1. Introduction 

 

Association analysis, also known as linkage disequilibrium (LD) mapping or 

association mapping, is a relatively new population-based approach used to identify 

marker-trait associations based on LD. Linkage disequilibrium, also known as gametic 

phase disequilibrium, gametic disequilibrium or allelic association, can be simply stated 

as the “non-random association of alleles at different loci” or the correlation between 

polymorphisms that is caused by their shared history of mutation and recombination 

(Flint-Garcia et al., 2003). Association analysis have been successful in detecting genes 

associated with diseases in humans (Kerem et al., 1989; Hastbacka et al., 1992; Sladek et 

al., 2007; Weiss et al., 2009), animals (Barendse et al., 2007; Kijas et al., 2009; Bolormaa 

et al., 2011; Fan et al., 2011) and different quantitative traits in plants (Thornsberry et al., 

2001; Tian et al., 2011; Schaefer & Bernardo, 2013; Suwarno et al., 2015). There are two 

main association mapping strategies: the candidate gene approach, which focuses on 

polymorphisms in specific genes controlling traits of interest, and the genome-wide 

association studies (GWAS), which survey the entire genome for polymorphisms 

associated with complex traits (Risch & Merkangas, 1996). 

With the advent of dense genetic linkage maps, geneticists and breeders has 

exploited the GWAS to identify genes underlying quantitative trait variation. The 

conventional quantitative trait loci (QTL) mapping approach based on linkage analysis in 

a biparental population highly structured with known pedigrees (such as F2 and 

backcross’ populations) have exhibited some limitations, such as the limited number of 

recombination events resulting in poor resolution (in the range of 10 to 30 cM) for 

quantitative traits and only two alleles at any given locus can be studied simultaneously. 

As the GWAS are based on LD among individuals not closely related, all meiotic and 

recombination events between those individuals contribute to improve mapping 



 

2 

 

resolution (Stuber et al., 1999; Flint-Garcia et al., 2005). Other advantages of GWAS are 

the reduction in cost and time to develop a mapping population (Yu & Buckler, 2006) 

and the possibility of evaluating a large number of alleles in diverse populations (Krill et 

al., 2010). Although these advantages of LD mapping in comparison with the traditional 

linkage analysis mapping, a joint linkage and LD mapping strategy was proposed by Wu 

& Zeng (2001) in order to take the advantages of both methods. This strategy can 

simultaneously capture the information about linkage between marker and QTL and the 

LD degree created at a historic time, which implies in a greater reliability of fine QTL 

mapping and facilitates the development of functional markers to be used in marker-

assisted selection and map-based cloning genes (Gupta et al., 2005; Lu et al., 2010; Li et 

al., 2015). 

The first studies of association analysis were performed to dissect human diseases, 

most notably Alzheimer’s disease (Corder et al., 1994) and cystic fibrosis (Kerem et al., 

1989). Recently, several studies involving association analysis have also been published 

with plant species, initially with Arabidopsis (Nordborg et al., 2002; Horton et al., 2014), 

and further barley (Pasam et al., 2012), sorghum (Morris et al., 2013), rapeseed (Li et al., 

2014), wheat (Maccaferri et al., 2015), rice (Yang et al., 2015), sugarcane (Gouy et al., 

2015), soybean (Zhang et al., 2015) and maize. Especially with maize, Schaefer & 

Bernardo (2013) identified major QTL for flowering time (19 QTL), kernel composition 

(13 QTL), resistance to northern corn leaf blight (13 QTL) and Goss’s wilt and blight (9 

QTL) through GWAS involving a collection of 284 historical maize inbred lines and 

39,166 single nucleotide polymorphism (SNP) markers. Thirunavukkarasu et al. (2014) 

evaluated 240 elite inbred lines of subtropical maize under water stress and used a set of 

29,619 high-quality SNP markers to perform a GWAS which identified 50 SNP markers 

consistently associated with agronomic traits related to functional traits which could lead 
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to drought tolerance. Pace et al. (2015) carried out a GWAS with 384 inbred lines 

evaluated regarding 22 seedling root architecture traits and genotyped with 681,257 SNP 

markers, which resulted in 268 marker-trait associations identified. Some of these SNP 

markers were located within or near (<1 kb) to gene models which identify possible 

candidate genes involved in root development at the seedling stage. 

Most papers about GWAS with plant species published until now have employed 

inbred lines panel and almost no information on GWAS in open-pollinated populations 

was found in literature. Thus, the objectives of this study were (i) to present theoretical 

aspects, potential and limitations of GWAS in open-pollinated populations; (ii) to analyze 

the influence of QTL heritability and population sample size on GWAS with open-

pollinated populations; and (iii) to compare the efficacy of GWAS on QTL detection in 

open-pollinated populations, inbred lines panel and recombinant inbred lines (RILs). 
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2. Materials and Methods 

 

2.1. Quantitative genetics theory for GWAS in open-pollinated populations 

 

Consider a biallelic QTL (alleles B/b) and a SNP (alleles C/c) located in the same 

chromosome, and a population (generation 0) of an open-pollinated species. Assuming 

linkage disequilibrium (LD), the joint genotype probabilities in the population are (for 

simplicity, we omitted the superscript (0) - for generation 0 - in all parameters that depend 

on the LD measure of generation 1) 
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where ijf  is the probability of the individual with i and j copies of the allele B of the QTL 

and allele C of the SNP (i, j = 2, 1, or 0), p  is the frequency of the major allele  

(B or C), p1q   is the frequency of the minor allele (b or c), and 

)1(P)1(P)1(P)1(P
)1(

bc
 bCBcbcBC  is the measure of LD in the gametic pool of generation 

1 (Kempthorne, 1957). The indices g and n identify the double heterozygotes in coupling 

and repulsion phases. Notice that cqcpbqbp)1(
bcr)1(

bc
 , where )1(

bcr   is the 

correlation between the values of the alleles at the two loci (one for B and C, and zero for 

b and c) in the gametic pool of generation 1 (Hill and Robertson, 1968). 

The QTL genotypic values are babmG BB , bdbmG Bb , and 

babmG bb , where bm  is the mean of the genotypic values of the homozygotes, ba  

is the deviation between the genotypic value of the homozygote of higher expression and 

bm , and bd  is the dominance deviation (the deviation between the genotypic value of 

the heterozygote and bm ). The average genotypic values of individuals with the 

genotypes CC, Cc, and cc are  
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where   bdbqbp2babqbpbmM   is the population mean, 









 

cqcp

)1(
bc

bc , 

  bdbpbqbab   is the average effect of a gene substitution, bbccq C  and 

bbccp c  are the average effects of the SNP alleles, and A and D are the SNP 

additive and dominance values. The average effect of substituting the allele C for c is 

bbcSNP  cC . The dominance deviation for the SNP is bd2
bcSNPd  . 

The other SNP parameters are     SNPdcqcp21SNPcpcqMcm  , 

  SNPdcpcqSNPca  , and SNPdcd  . 

Notice that assuming no QTL in LD with the SNP, MGGG  ccCcCC . Thus, 

the identification of the QTL can be based on the test of the hypothesis that there is no 

difference between these genotypic means. Assuming thousands of SNPs, it is necessary 

to employ a Bonferroni-type procedure to control the type I error when there are multiple-

comparisons, as that proposed by Benjamini and Hochberg (1995). 

Alternatively, the QTL identification can be made by testing that there is no 

relationship between the genotypic values for the individuals CC, Cc, and cc with the 

number of copies of one SNP allele. The parameters of the additive-dominance model 

can be derived by fitting the model  22110 xxG , where x1 = 1, 0, or -1 if 

the individual is CC, Cc, or cc, and x2 = 0 or 1 if the individual is homozygous or 

heterozygous, respectively, and G is the QTL genotypic value. The model can be 

expressed as y (9 x 1) = X (9 x 3).β (3 x 1) + ε (9 x 1), where y is the vector of QTL genotypic 

values, conditional on the SNP genotype, X is the incidence matrix, β is the parameter 

vector and ε is the error vector. The matrix of genotype probabilities is P (9 x 9) = diagonal{

ijf }. Thus, for the complete model or a reduced model,    PyXPXX 1   . Fitting the 
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complete model, cm0  , ca1 , and SNPd2  . Assuming no QTL in LD with the 

SNP, 021   and M0  . Fitting the additive model,  xG 10  or 

 110 xG  (no dominance), SNP1  . 

The alternative additive-dominance model can be fitted based on the orthogonal 

contrasts derived by Cockerham (1954) and expressed as  2
210 xxG  (x = 

2, 1, or 0). In this case, the parameters for the complete model are 

SNPd2
cp2SNPcp2M0   

  SNPdcp21SNP1   

SNPd2   

If there are two QTL (alleles B/b and E/e) in LD with the SNP (alleles C/c), it can 

be demonstrated that 

ecebbcSNP   

ed2
cebd2

bcSNPd   

where 



 

cqcp

)1(
ce

ce . 

If there is population structure, this must be corrected in the GWAS to avoid 

spurious associations due to admixture LD. Consider, for simplicity, two subpopulations 

in Hardy-Weinberg equilibrium and one SNP (alleles C/c) and a QTL (alleles B/b) in 

linkage equilibrium in both subpopulations. Assuming that p and q are the allelic 

frequencies in one subpopulation and r and s are the allelic frequencies in the other 

subpopulation, the average genotypic value of individuals CC, Cc, and cc are 
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where 1u  and 2u  are the proportions of individuals from subpopulations 1 and 2 

(probabilities of an individual belongs to subpopulations 1 and 2). Only if there is not 

population structure (1u = 1 or 0), MGGG  ccCcCC  (and 021   and 

M0  ).  

 

2.2. Quantitative genetics theory for GWAS with inbred lines panel 

 

In general, the inbred lines in a panel represent the genetic variability for the traits 

under assessment. Therefore, an inbred lines panel includes inbreds from distinct 

populations or heterotic groups. Assume again a QTL (alleles B/b) and a SNP (alleles 

C/c) located in the same chromosome, and that they are in LD in a population (generation 

0). Assuming n (n∞) generations of selfing, the probabilities of the inbreds are (for 

simplicity, we omitted again the superscript (0) - for generation 0 - in all parameters that 

depend on the LD measure of generation 1) 
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where bcr  is the frequency of recombinant gametes. The haplotypes are 

)n(
bccpbp)n(P BC , )n(

bccqbp)n(P Bc , )n(
bccpbq)n(P bC , and 

)n(
bccqbq)n(P bc , where )1(

bc
bcr21

1)n(
bc






 . Thus, if there is crossing-over (0 < 

bcr  ≤ 0.5), the LD in this inbred population is lower than the LD in the generation 1. If 

the SNP and QTL are completely linked (bcr  = 0), the LD in the inbred population is the 

same LD in the generation 1. 

For the inbred lines derived from a population, we have 

    (n)AILM)n(
SNPcq2ILMbabm)n(

02fbabm)n(
22f

)n(
2.f

1(n)G CCCC    

    (n)AILM)n(
SNPcp2ILMbabm)n(

00fbabm)n(
20f

)n(
0.f

1(n)G cccc    

where   babqbpbmILM   is the inbred population mean, 

babc
bcr42

1)n(
SNP 





  is the SNP average effect of allele substitution in the inbred 



 

10 

 

population, and A is the SNP additive value for an inbred line. Assuming no QTL in LD 

with the SNP, ILM(n)G(n)G  ccCC . 

The haplotypes of an inbred lines panel including inbreds from N populations are 

)n(
bccpbp)n(P
BC , )n(

bccqbp)n(P
Bc , )n(

bccpbq)n(P
bC , and 

)n(
bccqbq)n(P
bc ,where 

cpbpcpbp)n(
bcicp

N

1i
iu

ibp
N

1i
iu

N

1i icp
ibp)n(

ibciu)n(
bc 



 



  


   and iu  

is the probability of an inbred line belongs to population i. Because this function is too 

complex to interpret, the analysis of the LD value in an inbred lines panel, relative to the 

LD in the inbreds from each population, will be presented further, using the simulated 

data. 

Due to population structure, spurious associations involving SNP and QTL in 

linkage equilibrium in the non-inbred populations can be declared. Assume, for 

simplicity, an inbred lines panel with inbreds from two populations where a SNP (alleles 

C/c) and a QTL (alleles B/b) are in linkage equilibrium. Let 1u  and 2u be the proportions 

of inbreds from these populations. Assuming that p and q are the allelic frequencies in 

one population, that r and s are the allelic frequencies in the other population, and that p 

≠ q or r ≠ s, 

     bacrbsbr2ucpbqbp1u
cr2ucp1u

1
bm(n)G 





CC  

     bacsbsbr2ucqbqbp1u
cs2ucq1u

1
bm(n)G 





cc  

If there is no population structure (1u = 1 or 0), ILM(n)G(n)G  ccCC . 
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2.3. Simulation 

 

We simulated 50 samples of populations with linkage disequilibrium using the 

software REALbreeding (Azevedo et al., 2015; Viana et al., 2013). This software has been 

developed using the program REALbasic 2009. Population 1, generation 10r, is the 

advanced generation of a composite of two populations in linkage equilibrium 

(population 1, generation 0), obtained after 10 generations of random crosses, assuming 

sample size of 400 individuals. Population 1, generations 10s and 10r10s, were obtained 

from Population 1, generation 0, assuming 10 generations of selfing and 10 generations 

of random crosses followed by 10 generations of selfing, respectively, also assuming 

sample size 400. Populations 2, 3, and 4, generations 10s, are also inbred populations (10 

generations of selfing) derived from composites of two populations, also assuming 

sample size 400. The parents of populations 2 and 3 were assumed be non-improved and 

improved populations, respectively. An improved population was defined as having 

frequencies of favorable genes greater than 0.5, while a non-improved population was 

defined as having frequencies lower than 0.5. A composite is a Hardy-Weinberg 

equilibrium population with LD only for linked markers and genes. In the case of a 

composite of two populations in linkage equilibrium, 

  


  2
cp1

cp2
bp1

bp
4

bcr21)1(
bc , where the indices 1 and 2 refer to the parental 

populations. 

Based on our input, the software REALbreeding randomly distributed 10,000 SNPs, 

10 QTL (of higher effect) and 90 minor genes (QTL of lower effect) in 10 chromosomes 

(1,000 SNPs and 10 genes by chromosome). The average SNP density was 0.1 cM. The 

genes were distributed in the regions covered by the SNPs. Four, three, two, and one QTL 
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were inserted in chromosomes 1, 5, 9, and 10, respectively. We also specified one SNP 

within each QTL and a minimum distance between linked QTL of 10 cM. To allow 

REALbreeding computing the phenotypic value for each genotyped individual, we 

informed minimum and maximum genotypic values for homozygotes, proportion 

between the parameter a for a QTL and the parameter a for a minor gene (aQTL/amg), 

degree of dominance ((d/a)i, i = 1, ..., 100), direction of dominance, and the broad sense 

heritability. The REALbreeding program saves two main files, one with the marker 

genotypes and the other with the additive, dominance, and phenotypic values (non-inbred 

populations) or the genotypic and phenotypic values (inbred populations). The true 

additive and dominance genetic values or genotypic values are computed from the 

population gene frequencies (random values), LD values, average effects of gene 

substitution or a deviations, and dominance deviations. The phenotypic values are 

computed from the true population mean, additive and dominance values or genotypic 

values, and from error effects sampled from a normal distribution. The error variance is 

computed from the broad sense heritability. 

We simulated three popcorn traits. The minimum and maximum genotypic values 

of homozygotes for grain yield, expansion volume, and days to maturity were 30 and 180 

g/plant, 15 and 65 mL/g, and 100 and 170 days, respectively. We defined positive 

dominance for grain yield (0 < (d/a)i  1.2), bidirectional dominance for expansion 

volume (1.2 ≤ (d/a)i  1.2), and no dominance for days to maturity ((d/a)i = 0). The broad 

sense heritabilities were 0.4 and 0.8. These values can be associated with individual and 

progeny assessment, respectively. Assuming aQTL/amg = 10, each QTL explained 

approximately 4 and 8% of the phenotypic variance for heritabilities of 0.4 and 0.8. The 

GWAS was performed in population 1, generations 10r and 10r10s, and in the inbred 

lines panel obtained from inbreds of the populations 1 to 4, generation 0. To allow the 
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assessment of the influence of the sample size on the GWAS efficacy, we considered 

sample sizes of 400 and 200. Thus, we used 100 or 50 inbreds from populations 1 to 4 to 

generate the inbred lines panel. To assess the influence of the QTL heritability on the 

GWAS efficacy, we converted four QTL (QTL 3, 7, 8, and 10 on chromosomes 1, 5, 9, 

and 10, respectively) to minor genes and assumed QTL heritability of 12% (for trait 

heritability of 0.7). Then, the GWAS was performed in population 1, generation 10r. 

 

2.4. Statistical analyses 

 

For the population structure analysis, we used the Structure software (Falush et al., 

2003) and compared the admixture model with correlated allelic frequencies to the no 

admixture model with independent allelic frequencies (Pritchard et al., 2000). The 

number of SNPs, sample size, burn-in period, and number of MCMC (Monte Carlo 

Markov chain) iterations were 100 (10 random SNPs by chromosome), 400 (simulation 

1), 10,000, and 40,000, respectively. The number of populations assumed (K) ranged 

from 1 to 7 and the most probable K value was determined based on the inferred plateau 

method (Viana et al., 2013). The following quadratic-plateau (QP) model was used: 
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 (Fuller and Gallant, 1974), 

where yi is the )Pr(log iKX provided by Ki = 1, 2, …, 7; a, b and c are the parameters of 

the quadratic function; K0 is the true K value; p is the plateau (stabilized value of 

)Pr(log iKX  after K0 and ei is the residual term, assumed as ),0(~ 2
ei Ne  . The QP model 

is nonlinear when K0 is treated as unknown. Thus, the NLIN procedure of SAS software 

(SAS Institute, 2007) was used to fit this model using an iterative least squares procedure 

based on Gauss-Newton algorithm. 
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The analyses of LD and association were performed with the software 

PowerMarker (Liu and Muse, 2005) and Tassel (Bradbury et al., 2007) for the inbred 

lines panel and RILs. For open-pollinated populations, we used a single-locus F-test with 

the software PowerMarker, where each marker is regarded as a factor in a one-way 

ANOVA, according to the model   Xy , where y is the vector of phenotypic values, 

X is the incidence matrix of the SNP genotypes,   is the vector of SNP additive and 

dominance effects and   is the residual vector. The F-test is then performed and reports 

a raw p-value for each marker (Liu and Muse, 2005). It is important to know that these p-

values are not adjusted for multiplicity. As there is no relationship between the inbred 

lines, the GWAS with the inbred lines panel was based on the general linear model (GLM) 

using the software Tassel and including the Q-matrix of population membership estimates 

as a covariate to correct for population structure (Bradbury et al., 2007). In both cases, 

we used a Benjamini-Hochberg false discovery rate (FDR) of 5 and 1% (Benjamini and 

Hochberg, 1995) to control the type I error.  

To classify each significant association as true or false, we used a program 

developed in REALbasic 2009. The classification criterion was based on the difference 

between the position of the SNP and the position of a true QTL (candidate gene). If the 

difference was less than or equal to 2.5 cM (Yu et al., 2008), the association was classified 

as true. The scenarios were compared based on power of QTL detection (probability of 

reject H0 when H0 is false; control of type II error), calculated as the ratio between the 

number of true SNP correctly identified and the total number of QTL simulated and then 

averaged over the 50 simulations; number of false-positives (control of type I error); bias 

in the estimated QTL position (precision of mapping), calculated as the difference 
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between the position of the SNP identified and the position of the true QTL simulated 

(candidate gene); and range of the significant SNPs for the same QTL. 



 

16 

 

3. Results 

 

The results for assessing the efficacy of GWAS in open-pollinated populations refer 

to population 1, generation 10r. In generation 0, the degree of linkage disequilibrium is 

so high that several significant associations are observed along the length of a 

chromosome with one or more QTL or in one or more large chromosome regions (Figure 

1). As will be discussed, these several significant associations are not false-positives (at 

least most of them). For sure, this is due to the degree of LD and presence of QTL. Even 

assuming a FDR of 1%, it is worthless for the identification of candidate genes to infer 

that there are one or more QTL in a chromosome region spanning 20 cM. When the 

linkage disequilibrium between a QTL and one or few markers is restricted to SNPs very 

close or within the QTL, the analysis can be highly efficient, depending mainly on the 

QTL effect, sample size, and trait heritability. Assuming heritability of 0.8 and sample 

size 400 (simulation 1), the significant associations for expansion volume observed in 

chromosome 1 evidenced five QTL with a FDR of 5% or four QTL with a FDR of 1% 

(Figure 1). This implies in a power of QTL detection of 100%. Three of the four true QTL 

(candidate genes) were identified by SNPs located within the QTL and one by five or four 

SNPs in a region spanning approximately 2.0 or 1.7 cM, depending on the FDR. The 

significant associations at a FDR of 5 or 1% for SNPs 223 (at position 21.7 cM), 243 (at 

position 23.3), 245 (at position 23.4 cM), and 252 (at position 23.7 cM) are mainly 

attributable to their linkage disequilibrium with QTL 2. The absolute LD values are 

0.1488, 0.1494, 0.1747, and 0.1416, respectively (P values highly significant by the chi-

square test). The significant association at a FDR of 5% for SNP 627 (at position 61.8 

cM) is not a false-positive association, since it is in LD with QTL 2 (|Δ| = 0.0366, P value 

of the chi-square test = 3.22E-6) and QTL 3 (|Δ| = 0.0302, P value of the chi-square test 

= 7.55E-5). Then, the result is interpreted as a fifth QTL. 
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Only for high heritability and greater sample size the results from GWAS were 

clearly different between days to maturity and the other two traits, except for the power 

of QTL detection (Table 1). The number of significant associations, the number of false-

positives, the bias in QTL position, and the average range of chromosome regions with 

one or more QTL were greater in the absence of dominance. With a FDR of 5%, the 

power of detection ranged from 88 to 93%, but associated with a high number of false-

positive associations. Further, on average, each true QTL was identified based on two to 

three (for days to maturity) SNPs, in chromosomes regions spanning 0.8 to 1.2 cM. The 

bias in QTL position ranged from 0.5 to 0.6 cM. Increasing the control of the type I error 

provided better results, greatly reducing the number of false-positive associations. The 

power of QTL detection ranged from 75 to 80% and each QTL was identified based on 

one to two SNPs, in chromosome regions spanning 0.4 to 0.6 cM. The bias in QTL 

position ranged from 0.3 to 0.4 cM. 

Assuming QTL of lower effect, heritability of 0.8 and sample size 200 or 

heritability of 0.4 and sample size 400, it is better to assume a FDR of 5% ensuring greater 

power of QTL detection and lower number of false-positive associations. However, 

especially due to lower QTL effect, the power of detection ranged from 33 to 39% (Table 

1). Under lower QTL effect, low heritability and reduced sample size, GWAS are 

ineffective, showing an average power of QTL detection less than or equal to 5%. This 

scenario does not improve increasing the FDR to 10% (data not shown). 

Increasing the QTL heritability from 4 and 8% to 12% determined an increase in 

the power of QTL detection, specially assuming sample size of 200 individuals (Table 2). 

The bias in the QTL position, the range of the regions with an identified QTL, the number 

of false-positives, and the number of significant associations in chromosomes with one 
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to two QTL also increased, mainly with greater sample size. Notice that assuming 200 

individuals, the power of QTL detection reached 70-75%, regardless of the trait. 

We also provided results for comparing GWAS in open-pollinated population and 

in inbred lines panel. An impressive result from GWAS with inbred lines panel is the 

efficacy of discarding spurious associations due to population structure (Figure 2). From 

the analysis of expansion volume, assuming a FDR of 1%, heritability of 0.8, and sample 

size 400 (simulation 1), the number of spurious associations in chromosome 3 (no QTL) 

were reduced from 477 to zero. Further, correcting for population structure decreased the 

number of significant associations in chromosome 1 (four QTL) from 464 to 9. This 

implies in a power of QTL detection of 100%, but three to five false-positive associations. 

The population structure analysis evidenced four subpopulations (Figure 3). In general, 

the efficacy of GWAS was greater with inbred lines panel (Table 3). The power of QTL 

detection was higher and the number of false-positive associations was lower. Further, in 

general only SNPs within the QTL showed significant associations. Notice also that no 

differences were observed between the traits and, similarly for open-pollinated 

populations, the analysis is ineffective assuming lower QTL effect and reduced 

heritability and sample size. 

The analysis of the parametric linkage disequilibrium in the populations and in the 

inbred lines panel, based on a random 10 cM segment of chromosome 1 (100 SNPs), 

evidenced: higher LD in population 1 (average of the absolute values equal to 0.0403; 

627 values greater than 0.1; generation 0) and lower LD in population 3 (average of the 

absolute values equal to 0.0203; 48 values greater than 0.1; generation 0), slight decrease 

in the LD with selfing (5-6%), and lowest LD in the inbred lines panel (average of the 

absolute values equal to 0.0249; 8 values greater than 0.1) (Figures 4 and 5). The LD 

decay due to recombination was approximately 25%, regardless of the population. In 
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population 1, for example, the number of absolute LD values greater than 0.1 decreased 

60%. 

The GWAS with RILs (recombinant inbred lines) from population 1, generation 

10r (lower parametric LD), evidenced a high number of significant associations at a FDR 

of 1% along the length of one or more chromosomes with one to four QTL, under high 

heritability and greater sample size (Table 4). As explained, this makes the GWAS 

ineffective, reducing the power of QTL detection. Assuming heritability of 0.4 and 400 

individuals and heritability of 0.8 and 200 individuals, the results are similar to those 

observed for population 1, generation 10r, but with a FDR of 1% and a greater number of 

significant associations in chromosomes with one to four QTL. Compared to GWAS in 

generation 10r, the lower efficacy of GWAS with RILs can be attributable to higher 

heritability, due to increase in the genotypic variance for the same error variance, and 

higher LD. Based on simulation 1, the estimated heritability with RILs was approximately 

0.9 for the three traits, assuming heritability of 0.8 and 400 individuals assessed in 

generation 10r10s (12.5% greater than the heritability at generation 10r). Due to sampling, 

the estimated LD was greater with RILs than with non-inbred plants in generation 10r 

(Figure 6). Based on simulation 1, the average estimated Δ and r2 values were, 

respectively, 0.0252 and 0.0241 for the RILs and 0.0235 and 0.0225 for generation 10r. 

Although these average values are equivalent, the Δ values with RILs were on average 

four times greater than the Δ values in generation 10r. Once again, the GWAS were 

ineffective assuming low heritability and reduced sample size. 
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4. Discussion 

 
4.1. GWAS in open-pollinated populations: theoretical aspects, potential and 

limitations 

 
One of the main contributions of this research is to show the quantitative genetics 

theory for GWAS in open-pollinated populations. The theoretical aspects of quantitative 

genetics showed that considering there is no QTL in LD with one given SNP allele, the 

QTL identification can be based on a F-test where the null hypothesis is there is no 

difference between the SNP genotypic means of the individuals with different SNP 

genotypes from the population, or by a regression analysis to check if there is no 

relationship between the genotypic values of the individuals from the population and the 

number of copies of one given SNP allele. In both cases, it is clear that the QTL 

identification depends on the presence and the degree of LD between the QTL and the 

SNP locus. 

When analyzing 10,000 SNPs across the simulated genome, the biggest challenge 

for QTL identification is to achieve a great detection power of true significant associations 

with a reduced number of false-positive associations. The degree of LD observed in 

population 1 – generation 0 was so high that several significant associations were 

identified in this scenario. Most of these associations are true, so that they are in a range 

of 5.0 cM of the QTL present in this chromosome region and were identified due to its 

linkage disequilibrium with these QTL. However, there still exist false-positive 

associations, even increasing the control of the type I error, which difficult the search for 

candidate genes based on significant SNP loci declared within an extent of around 20 cM 

(cases of QTL 3 and 4, for example). According to Larsson et al. (2013), false-positive 

associations can arise from other sources, which despite being rare, are typically 

unaccounted for in association studies, such as markers that are in long-range LD with 
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causative polymorphisms. Additionally, causative polymorphisms for one trait may not 

necessarily be causal for another highly correlated trait (and, hence a spurious 

association), but will be statistically associated with both traits. Both of these types of 

false-positive associations do not occur randomly across the genome and thus, they are 

very challenging to eliminate. 

The LD decay due to recombination after ten generations of random crosses was 

beneficial to QTL identification in population 1 – generation 10r. With around 25% 

decrease in LD, the GWAS was highly efficient, so the LD becomes restricted to the true 

QTL and one or few SNP loci very close or within the QTL. This situation implied in a 

good average power of QTL detection with lower false-positive associations and average 

bias in the QTL position than observed in population 1 – generation 0, disregarding the 

influence of population sample size, trait heritability and degree of dominance, and level 

of control of the type I error. These results are significantly comparable to those obtained 

by Yu et al. (2008) in a simulation study which investigated the genetic and statistical 

properties (average power of QTL detection, FDR and R2) of the nested association 

mapping (NAM) design currently being implemented in maize to dissect the genetic basis 

of complex quantitative traits. With 5,000 genotypes, these authors achieved 57% of 

average power of QTL detection (ranging from 30 to 85%), considering two trait 

heritabilities (0.4 and 0.7), two different numbers of QTL controlling the trait (20 and 50) 

and two different genotyping schemes (complete marker information and common-

parent-specific markers only). 

 
4.2. GWAS in open-pollinated populations: influence of QTL heritability and sample 

size 

 
The power of QTL detection in GWAS is determined by several factors including 

the population sample size as well as the genetic architecture and heritability of the trait 
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under evaluation (Yu et al. 2008). Importantly for genetic mapping applications, the 

heritability corresponds to the amount of phenotypic variation that can be attributed to 

genetic effects and thus to the cumulative effects of QTL (Buckler et al., 2009; Kump et 

al., 2011). High estimates of heritability depends on the quality of phenotypic data 

assessment, which results in genotypic values estimated with high accuracy and, 

consequently, should facilitate QTL detection with substantial power (Liu et al., 2011). 

The influence of QTL heritability on GWAS in open-pollinated populations was 

evidenced by the increase in power of QTL detection, associated with a little increase in 

the number of spurious associations and in the bias in QTL position. As in previous 

studies, a higher heritability always gave higher QTL detection power, particularly for 

QTL with moderate to small effect (Yu et al. 2008). Hung et al. (2012) assessed 19 

quantitative traits in maize and achieved heritabilities greater than 0.8 for traits related to 

flowering time and plant architecture, resulting in a good power to detect QTL for these 

traits. In contrast, traits which had lower heritabilities (up to 0.6) and were more strongly 

affected by environmental variation allow only a reasonable power of QTL detection. 

Similar results were obtained by Kump et al. (2011), which evaluated resistance to 

southern leaf blight (SLB) disease in maize and obtained a heritability of 87%, indicating 

the potential for accurate mapping of SLB-resistance genes. These authors identified 32 

QTL with predominantly small and additive effects on SLB resistance and many of the 

SNP within and outside of QTL intervals are also within or near to genes previously 

shown to be involved in plant disease resistance in other studies (Poland et al., 2009; 

Broglie et al., 2009). 

The success of GWAS depends a lot on population sample size also (Flint-Garcia 

et al., 2005) and results have demonstrated that GWAS are best carried out with a large 

sample size (Yu & Buckler, 2006). According to Flint-Garcia et al. (2005), increasing the 
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population size necessarily increases the number of individuals with rare alleles, thus 

improving the power to test the association between these rare alleles and the trait of 

interest. The influence of population sample size on GWAS in our study was 

demonstrated with the increase in power of QTL detection, increase in the number of 

spurious associations (mainly in chromosomes with one to four QTL), and in the bias in 

QTL position, disregarding the trait, heritability and FDR. The increase in number of 

false-positive associations due to increase in population sample size was much more 

pronounced with high heritabilities (0.08 and 0.12) of each QTL. Yu et al. (2008) showed 

that the gain in accuracy by increasing sample size was evidenced by increased power of 

QTL detection and smaller FDR, mainly with heritability of 0.7 in comparison with a 

heritability of 0.4. Long & Langley (1999) performed a simulation study which 

demonstrated that sufficient power to detect marker-trait associations for QTL that 

account for as little as 5% of the phenotypic variation occurs when approximately 500 

individuals are genotyped for approximately 20 SNP loci within the candidate gene 

region. These authors declared that more power is achieved by increasing the population 

size than by increasing the SNP density within the candidate gene. 

It is clearly remarkable that the efficiency of GWAS in open-pollinated populations 

is determined by the equilibrium of QTL heritability and sample size together. If the 

heritability per locus is proportional to the number of loci affecting the trait, consequently, 

the sample size needed to detect association of a marker to each locus will be proportional 

to the number of loci affecting the trait also (Weir, 2010). Increasing both the QTL 

heritability and population sample size implies in a greater power of QTL detection, 

however, increased the number of false-positive associations and bias in the QTL position 

also, given a same FDR. The increase in power of QTL detection associated with less 

increase in spurious association and bias in the QTL position can be achieved by 
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increasing the heritability of each QTL (from 0.04 to 0.12) for low population sample size 

(200 individuals) or by increasing the control of type I error (from 5 to 1%) with high 

QTL heritabilities (0.08 and 0.12) and population sample size (400 individuals). 

 
4.3. GWAS in open-pollinated populations, inbred lines panel and RILs 

 
Most papers about GWAS with maize published until now have employed inbred 

lines panel (Samayoa et al., 2015; Van Inghelandt et al., 2012; Yang et al., 2010) or nested 

association mapping (NAM) populations (Bian et al., 2014; Tian et al., 2011; Kump et 

al., 2011) and almost no information on GWAS in open-pollinated populations was found 

in literature. According to Flint-Garcia et al. (2005), the inbred lines panel exploits the 

rapid breakdown of LD in diverse maize lines, enabling very high resolution for QTL 

mapping via association analysis. One of the most important maize inbred panel was 

assembled by Flint-Garcia et al. (2005) for association mapping and consists of 302 

inbred lines from temperate and tropical regions, both current breeding lines and 

historically important lines, which represents a large fraction of the global genetic 

diversity in maize breeding (Yang et al., 2010). This population has been successfully 

used by the maize community to perform GWAS in economically important quantitative 

traits such as kernel composition (Cook et al., 2012) and Fusarium ear rot resistance (Zila 

et al., 2013). 

As a result of constructing an inbred lines panel using lines from various breeding 

programs, distinct origins, heterotic groups and genetic arrangement is the presence of 

confounding structure in these panels, which can cause false-positive marker-trait 

associations if the data was not corrected for population structure (Yan et al. 2009). 

Analyzing our results from GWAS with inbred lines panel, it is impressive the number of 

spurious association identified when ignoring population structure and the efficacy of 

discarding these false-positive associations when correcting for population structure. The 
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efficiency of GWAS with inbred lines panel was significant, since the power of QTL 

detection was much higher than with open-pollinated population and RILs, associated 

with a lower number of false-positive associations (close to zero) and bias in the QTL 

position, disregarding the trait, heritability, population sample size and FDR. The lowest 

parametric LD values for the inbred lines panel are comparable to other studies already 

published (Yan et al., 2009; Remington et al., 2001). Moreover, with the inbred lines 

panel, in general only SNP loci within the QTL showed significant association, which is 

a highlighted result from GWAS that can serve as basis for a fine mapping strategy to be 

used in marker-assisted selection and map-based cloning genes (Gupta et al., 2005). 

The most important example of a NAM population synthesized for GWAS is the 

set of 5,000 RILs derived from crosses between the reference maize inbred line B73 and 

25 other founder inbreds. This maize NAM panel captures a substantial proportion of the 

global genetic diversity of maize inbred lines and the high allele diversity and large 

sample size provide a great power of QTL detection (McMullen et al., 2009; Kump et al., 

2011). According to Yu et al. (2008), NAM populations have the advantages of lower 

sensitivity to genetic heterogeneity and higher power of QTL detection, as well as higher 

efficiency in using the genome sequence or dense markers while still maintaining high 

allele richness due to diverse founders. By choosing diverse founders, LD within 

chromosome segments resulting from historical/evolutionary recombination was mostly 

preserved in RILs due to the small probability of recombination within the short genetic 

distances between flanking common-parent-specific markers, which leads to a great 

power of QTL detection.  

When comparing these statements with our results from GWAS in open-pollinated 

populations versus RILs, it is possible to confirm the increase in QTL detection power 

when using RILs in the scenario of high QTL heritability, high population sample size 
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and high control of type I error. However, the number of spurious association increased 

proportionally much more, disregarding the trait, making the GWAS with RILs 

(generation 10r10s) less efficient than with non-inbred population (generation 10r). This 

excess of false-positive associations can be attributed to the higher LD estimates with 

RILs in comparison with non-inbred plants of an open-pollinated population. 
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5. Conclusion 

 

In short, the genome-wide association studies (GWAS) with open-pollinated 

populations demonstrated its higher potential in terms of power of QTL detection, 

associated with lower number of false-positive associations and bias in the estimated QTL 

position than the GWAS with recombinant inbred lines (RILs). The GWAS with inbred 

lines panel were more efficient than with open-pollinated populations and RILs, 

achieving the highest power of QTL detection, associated with the smallest number of 

spurious associations and bias. The GWAS with non-inbred populations were mainly 

affected by the population sample size and trait heritability. The degree of dominance 

almost no affected the GWAS. It is clearly remarkable that the efficiency of GWAS in 

open-pollinated populations is determined by the equilibrium of QTL heritability and 

sample size together. Under low heritability and reduced sample size, GWAS are 

ineffective for open-pollinated populations, inbred lines panel and RILs. 
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Table 1 Average number of significant associations with a FDR of 1 and 5%, power of QTL detection (%), number of false-positive associations in 

chromosomes with no QTL and one to four QTL, bias in the QTL position (cM), and average range for the regions with identified QTL, regarding 

population 1, generation 10r (random cross), three traits (expansion volume (EV; mL/g), grain yield (GY; g/plant), and days to maturity (DM)), two 

sample sizes, and two heritabilities1 

 
Population FDR Trait Sample h2 Sig. Assoc. Power False+0 False+1-4 Bias Av. range 
Open-pollinated 5% EV 400 0.8 32.1 (13; 73) 88.6 (60; 100) 3.3 (0; 17) 7.9 (1; 28) 0.52 (0.09; 0.83) 0.84 (0.11; 2.18) 
population    0.4 6.7 (0; 22) 37.2 (0; 80) 0.6 (0; 5) 0.9 (0; 8) 0.21 (0.00; 0.98) 0.28 (0.00; 2.45) 
   200 0.8 6.2 (0; 33) 37.0 (0; 70) 0.5 (0; 3) 1.1 (0; 12) 0.16 (0.00; 0.88) 0.17 (0.00; 1.42) 
    0.4 0.8 (0; 5) 5.2 (0; 40) 0.2 (0; 2) 0.3 (0; 1) 0.22 (0.00; 1.76) 0.14 (0.00; 1.31) 
  GY 400 0.8 31.3 (10; 82) 87.8 (70; 100) 3.3 (0; 12) 7.5 (0; 28) 0.51 (0.00; 0.97) 0.77 (0.00; 1.54) 
    0.4 5.7 (0; 25) 34.4 (0; 90) 0.4 (0; 2) 0.8 (0; 7) 0.20 (0.00; 0.85) 0.18 (0.00; 1.03) 
   200 0.8 5.9 (0; 18) 32.6 (10; 80) 0.8 (0; 8) 1.1 (0; 7) 0.16 (0.00; 0.97) 0.16 (0.00; 1.75) 
    0.4 0.8 (0; 16) 3.8 (0; 30) 0.6 (0; 4) 0.4 (0; 6) 0.15 (0.00; 1.39) 0.06 (0.00; 0.94) 
  DM 400 0.8 50.7 (12; 119) 92.8 (70; 100) 6.5 (0; 21) 14.9 (3; 48) 0.65 (0.06; 1.02) 1.22 (0.07; 2.82) 
    0.4 8.6 (0; 33) 39.0 (0; 100) 1.1 (0; 5) 1.4 (0; 9) 0.29 (0.00; 0.70) 0.38 (0.00; 1.64) 
   200 0.8 6.6 (0; 41) 34.0 (0; 70) 0.7 (0; 3) 1.2 (0; 12) 0.23 (0.00; 0.91) 0.27 (0.00; 2.00) 
    0.4 1.0 (0; 7) 5.0 (0; 30) 0.5 (0; 2) 0.5 (0; 3) 0.17 (0.00; 0.82) 0.15 (0.00; 2.45) 
 1% EV 400 0.8 15.0 (7; 39) 76.6 (50; 100) 0.4 (0; 3) 2.0 (0; 13) 0.32 (0.00; 0.75) 0.41 (0.00; 1.70) 
  GY 400 0.8 14.8 (6; 39) 75.4 (60; 100) 0.3 (0; 3) 2.1 (0; 10) 0.33 (0.00; 0.80) 0.43 (0.00; 1.32) 
  DM 400 0.8 20.6 (6; 51) 80.0 (40; 100) 0.6 (0; 3) 4.1 (0; 19) 0.44 (0.00; 0.93) 0.61 (0.00; 1.99) 
1the values between parentheses are the minimum and maximum. 
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Table 2 Average number of significant associations with a FDR of 1 and 5%, power of QTL detection (%), number of false-positive associations in 

chromosomes with no QTL and one to two QTL, bias in the QTL position (cM), and average range for the regions with identified QTL, regarding 

population 1, generation 10r (random cross), three traits (expansion volume (EV; mL/g), grain yield (GY; g/plant), and days to maturity (DM)), two 

sample sizes, and QTL heritability of 12%1 

 
Population FDR Trait Sample Sig. Assoc. Power False+0 False+1-2 Bias Av. range 
Open-pollinated 5% EV 400 26.8 (7; 63) 99.2 (60; 100) 2.9 (0; 11) 8.1 (0; 30) 0.59 (0.00; 0.92) 1.27 (0.00; 2.74) 
Population   200 6.0 (2; 20) 70.8 (20; 100) 0.5 (0; 4) 0.8 (0; 5) 0.18 (0.00; 0.87) 0.25 (0.00; 1.58) 
  GY 400 31.6 (8; 74) 99.6 (80; 100) 3.6 (0; 16) 9.8 (0; 43) 0.68 (0.14; 1.01) 1.39 (0.12; 2.60) 
   200 7.2 (3; 19) 74.8 (20; 100) 0.7 (0; 7) 1.2 (0; 6) 0.21 (0.00; 0.75) 0.30 (0.00; 1.49) 
  DM 400 50.2 (20; 110) 100.0 (100; 100) 6.5 (0; 23) 18.4 (3; 50) 0.77 (0.49; 1.05) 2.02 (0.76; 3.49) 
   200 8.8 (2; 31) 75.2 (40; 100) 1.0 (0; 9) 1.9 (0; 12) 0.26 (0.00; 0.96) 0.35 (0.00; 1.38) 
 1% EV 400 13.3 (4; 38) 98.4 (60; 100) 0.5 (0; 2) 2.7 (0; 16) 0.40 (0.00; 0.79) 0.65 (0.00; 1.92) 
  GY 400 15.6 (5; 43) 98.4 (80; 100) 0.6 (0; 7) 3.2 (0; 21) 0.53 (0.03; 0.81) 0.82 (0.03; 1.63) 
  DM 400 22.3 (8; 49) 100.0 (100; 100) 0.9 (0; 6) 6.5 (0; 21) 0.58 (0.02; 0.99) 1.14 (0.03; 2.98) 
1the values between parentheses are the minimum and maximum. 
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Table 3 Average number of significant associations with a FDR of 1 and 5%, power of QTL detection (%), number of false-positive associations in 

chromosomes with no QTL and one to four QTL, bias in the QTL position (cM), and average range for the regions with identified QTL, regarding an 

inbred lines panel, three traits (expansion volume (EV; mL/g), grain yield (GY; g/plant), and days to maturity (DM)), two sample sizes, and two 

heritabilities1 

 

Population FDR Trait Sample h2 Sig. Assoc. Power False+0 False+1-4 Bias Av. range 
Inbred Lines 5% EV 400 0.8 14.6 (9; 27) 96.0 (90; 100) 0.5 (0; 2) 3.1 (0; 13) 0.12 (0.00; 0.70) 0.14 (0.00; 0.58) 
panel    0.4 6.9 (2; 14) 58.0 (20; 100) 0.3 (0; 2) 0.6 (0; 4) 0.04 (0.00; 0.35) 0.04 (0.00; 0.42) 
   200 0.8 5.4 (0; 10) 45.2 (0; 80) 0.1 (0; 1) 0.6 (0; 4) 0.04 (0.00; 0.69) 0.05 (0.00; 1.04) 
    0.4 0.7 (0; 5) 5.4 (0; 40) 0.1 (0; 1) 0.4 (0; 1) 0.09 (0.00; 0.92) 0.06 (0.00; 1.12) 
  GY 400 0.8 13.9 (7; 23) 96.2 (70; 100) 0.3 (0; 2) 2.8 (0; 11) 0.11 (0.00; 0.41) 0.12 (0.00; 0.50) 
    0.4 7.9 (2; 17) 61.4 (20; 100) 0.4 (0; 3) 1.0 (0; 5) 0.05 (0.00; 0.28) 0.05 (0.00; 0.33) 
   200 0.8 5.1 (0; 13) 42.6 (0; 70) 0.2 (0; 2) 0.5 (0; 5) 0.05 (0.00; 0.72) 0.04 (0.00; 1.04) 
    0.4 1.0 (0; 5) 8.2 (0; 30) 0.2 (0; 2) 0.2 (0; 2) 0.00 (0.00; 0.00) 0.00 (0.00; 0.00) 
  DM 400 0.8 15.4 (8; 29) 96.0 (80; 100) 0.5 (0; 3) 3.7 (0; 17) 0.14 (0.00; 0.43) 0.17 (0.00; 0.57) 
    0.4 9.1 (4; 15) 70.8 (40; 90) 0.4 (0; 2) 1.2 (0; 5) 0.06 (0.00; 0.62) 0.05 (0.00; 0.52) 
   200 0.8 5.6 (0; 12) 46.8 (0; 80) 0.1 (0; 2) 0.6 (0; 4) 0.05 (0.00; 0.53) 0.04 (0.00; 0.54) 
    0.4 1.1 (0; 6) 9.6 (0; 40) 0.1 (0; 1) 0.1 (0; 1) 0.01 (0.00; 0.23) 0.00 (0.00; 0.05) 
 1% EV 400 0.8 10.8 (6; 21) 91.6 (60; 100) 0.1 (0; 1) 1.0 (0; 10) 0.05 (0.00; 0.63) 0.06 (0.00; 0.61) 
  GY 400 0.8 10.2 (7; 15) 91.2 (70; 100) 0.0 (0; 1) 0.7 (0; 6) 0.03 (0.00; 0.23) 0.03 (0.00; 0.26) 
  DM 400 0.8 10.7 (7; 16) 91.6 (70; 100) 0.0 (0; 1) 1.0 (0; 5) 0.07 (0.00; 0.39) 0.07 (0.00; 0.47) 
1the values between parentheses are the minimum and maximum. 
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Table 4 Average number of significant associations with a FDR of 1 and 5%, power of QTL detection (%), number of false-positive associations in 

chromosomes with no QTL and one to four QTL, bias in the QTL position (cM), and average range for the regions with identified QTL, regarding 

population 1, generation 10r10s (random cross and selfing), three traits (expansion volume (EV; mL/g), grain yield (GY; g/plant), and days to maturity 

(DM)), two sample sizes, and two heritabilities1 

 
Population FDR Trait Sample h2 Sig. Assoc. Power False+0 False+1-4 Bias Av. range 
RILs 1% EV 400 0.8 34.5 (4; 122) 87.0 (40; 100) 0.3 (0; 2) 12.7 (0; 68) 0.61 (0.00; 1.05) 0.90 (0.00; 2.43) 
    0.4 7.3 (1; 31) 39.0 (10; 70) 0.1 (0; 2) 1.7 (0; 12) 0.17 (0.00; 0.73) 0.25 (0.00; 1.25) 
   200 0.8 4.9 (0; 24) 27.0 (0; 70) 0.1 (0; 2) 1.1 (0; 9) 0.15 (0.00; 1.15) 0.20 (0.00; 1.42) 
  GY 400 0.8 34.1 (5; 123) 86.0 (50; 100) 0.2 (0; 2) 12.9 (0; 73) 0.60 (0.00; 1.05) 0.88 (0.00; 2.29) 
    0.4 9.5 (2; 42) 43.0 (10; 70) 0.1 (0; 1) 2.8 (0; 23) 0.30 (0.00; 1.09) 0.41 (0.00; 2.00) 
   200 0.8 6.3 (0; 27) 30.0 (0; 60) 0.1 (0; 4) 1.8 (0; 16) 0.22 (0.00; 1.29) 0.30 (0.00; 2.71) 
  DM 400 0.8 40.4 (11; 142) 89.0 (70; 100) 0.4 (0; 3) 15.8 (0; 81) 0.66 (0.12; 1.07) 1.01 (0.13; 2.62) 
    0.4 16.6 (4; 65) 61.0 (30; 100) 0.2 (0; 2) 5.2 (0; 44) 0.47 (0.00; 1.09) 0.62 (0.00; 1.94) 
   200 0.8 7.4 (0; 42) 32.0 (0; 80) 0.2 (0; 3) 2.1 (0; 15) 0.26 (0.00; 1.21) 0.36 (0.00; 2.11) 
 5% EV 200 0.4 1.8 (0; 34) 7.0 (0; 30) 0.2 (0; 1) 1.2 (0; 23) 0.19 (0.00; 1.12) 0.33 (0.00; 2.47) 
  GY 200 0.4 2.9 (0; 19) 11.0 (0; 30) 0.3 (0; 1) 1.5 (0; 9) 0.41 (0.00; 1.77) 0.67 (0.00; 3.59) 
  DM 200 0.4 4.6 (0; 33) 17.0 (0; 50) 0.3 (0; 2)  2.0 (0; 19) 0.32 (0.00; 1.26) 0.37 (0.00; 1.81) 
1the values between parentheses are the minimum and maximum. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 1 Significant associations at a FDR of 5 (a and b) and 1% (c and d) (F test; Y axe) in chromosome 1 (SNP position (cM); X axe), from the GWAS 
in population 1, generations 0 (a and c) and 10 (b and d), regarding expansion volume, heritability of 0.8, and sample size 400 (simulation 1) (Q = QTL). 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 2 Significant associations at a FDR of 1% (F test; Y axe) in chromosomes 1 and 3 (SNP position (cM); X axe) ignoring (a and b, respectively) 
and correcting for the population structure (c and d, respectively), from the GWAS in an inbred lines panel regarding expansion volume, heritability of 
0.8, and sample size 400 (simulation 1) (Q = QTL). 
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(a) 

 
(b) 

 
Figure 3 Results from the population structure analysis and the inferred plateau method, based on the admixture model with correlated allelic frequencies 
(a) and the no admixture model with independent allelic frequencies (b). 
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
Figure 4 Relationship between the parametric LD value (absolute value; Y axe) and distance (cM; X axe) in population 1, generations 0 (a), 10r (random 
cross) (b), 10s (selfing) (c), and 10r10s (d), assuming a segment of 10 cM of chromosome 1 (centered on QTL 3).
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(a) 

 
(b) 

 
(c) 

 
(d) 

 
Figure 5 Relationship between the parametric LD value (absolute value; Y axe) and distance (cM; X axe) in populations 2 (a), 3 (b), and 4 (c), generation 
10s (selfing), and in the inbred lines panel (d), assuming a segment of 10 cM of chromosome 1 (centered on QTL 3).
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(a) 

 
(b) 

 
Figure 6 Relationship between the estimated LD value (absolute value; Y axe) and distance (cM; X axe) in population 1, generations 10r (random cross) 
(a) and 10r10s (random cross and selfing) (b), simulation 1, assuming a segment of 10 cM of chromosome 1 (centered on QTL 3). 


