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SUMMARY
Population stratification (PS) and cryptic relationships have been the main sources of
excessive false-positives and false-negatives in population-based association studies. Many
methods have been developed to model these confounding factors and minimize their impact
on the results of the genome-wide association studies (GWAS). Often time one first
determines if there is a PS in the sample and then implements a method to properly account
for this effect. The objective of this study was to evaluate the impact of PS on the accuracy
and power of GWAS using Bayesian multiple regression methods. We conducted a GWA
study in a simulated admixed population. The genome was composed of six chromosomes,
each with 1000 equally spaced markers. Fifteen segregating QTL contributed to the genetic
variation of a quantitative trait with heritability of 0.30. The impact of kinship and breed
composition (BC) were evaluated using three methods: Single marker simple regression
(SMR), Single marker mixed linear model (MLM) and Bayesian multiple regression
(BMR). Each model was fitted with and without BC. Accuracy, power, false-positive rate
and the positive predictive value were calculated and used for model comparisons. SMR and
BMR, both without BC, were ranked as the worst and the best performing approaches,
respectively. Our results showed that, while explicit modeling of kinship and BC is a must
for SMR and MLM methods, BMR can disregard them and yet result in a higher power
without compromising its false-positive rate. This study showed that the BMR analysis is
robust to PS and to pedigree relationships among study subjects and it performs better than a
single marker MLM approach.
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Introduction
The ideal condition in a GWA study is that the correlation, i.e., linkage disequilibrium

(LD), between a polymorphism and the trait of interest to be high if and only if the
polymorphism itself is a causative mutation (QTL) or it is closely linked to a QTL (Platt et
al. 2010). This requires a panmictic population to be used for the study. Unfortunately,
except in population genetics theory, this type of populations probably does not exist (Tiwari
et al. 2008; Zhang et al. 2006). Widespread prevalence of non-random mating in livestock
and crop populations has resulted in complex patterns of PS and kinship in them ( Flint-

mailto:ali.toosi@cobb-vantress.com
mailto:ali.toosi@cobb-vantress.com
mailto:ali.toosi@cobb-vantress.com


2

Garcia et al. 2003; Nordborg et al. 2005). Without properly accounting for these factors,
GWAS in such populations could lead to spurious false-positives (FP) and false-negatives
(FN) (Aranzana et al. 2005; Lander and Schork 1994; Pritchard et al. 2000). Compared to
simple monogenic traits, complex polygenic phenotypes are more vulnerable to the elevated
FP rates in GWAS, where the magnitude of signals from multiple QTL may be comparable
to those resulting from PS (Teo et al. 2009). Plenty of approaches have been developed to
account for PS and relatedness in GWAS, including Genomic Control (GC) (Bacanu et al.
2000), Structured Associations (SA) (Pritchard and Rosenberg 1999), and Principal
Components Analysis (PCA) (Price et al. 2006). These approaches could eliminate the true
association signals whenever the strength of association due to PS is comparable to that of a
QTL. In such cases, simultaneously inferring PS and testing association has the advantage of
being able to separate the true and false signals from each other (Aranzana et al. 2005; Platt
et al. 2010). Methods like Mixed Linear Models (MLM) (Kennedy et al. 1992; Yu et al.
2006) that explicitly model population and pedigree structure in a unified way have been
shown to perform better than the above methods in controlling FP rates (Aranzana et al.
2005; Astle and Balding 2009; Atwell et al. 2010; Kang et al. 2008; Wang et al. 2012; Yu et
al. 2006). The MLM approach, however, is computationally expensive if applied to large
dataset (Zhang et al. 2010) and its success might depend on markers minor allele frequency
(MAF) (Bergelson and Roux 2010).

In principle, PS simply can be adjusted for by including in the model a set of ancestry-
informative or null markers as covariates. These markers or a function of them can
effectively serve as proxies for the underlying PS (Balding 2006; Setakis et al. 2006; Wang
et al. 2005; Zhu and Zhang 2010). Simulation studies of genomic selection (GS) in admixed
populations (Ibánez-Escriche et al. 2009; Toosi et al. 2008; Toosi et al. 2010) showed that
the estimated marker effects in such samples might accurately predict the BV of purebred
animals in a validation dataset, provided that marker density is sufficient to capture the
shared ancestral LD across breeds. These findings suggest that the performance of QTL
mapping in an admixed population, using a BMR approach with high-density markers, may
not be hampered by the spurious FP when BC and kinship have not been explicitly accounted
for. Therefore, the purpose of this study was to evaluate the performance of genome-wide
QTL mapping in a highly structured admixed population using the BMR and comparing that
with the performance of an MLM approach, which has been the method of choice for many
recent GWAS.

Methods

Populations, Genome and Phenotype

Four pure breeds, several crossbreds and an admixed population were simulated as in
Toosi et al. (2010). A genome of size 600 cM composed of six chromosomes with 1000
equally spaced segregating markers on each was also simulated. At generation 1053, fifteen
segregating markers (MAF > 0.02) at specific positions on chromosomes 1 to 3 (Table 1)
were chosen as QTL with an assigned effect. Markers that surrogate for QTL were removed
from the marker set before association analysis. Details of the simulation are explained in
Toosi et al. (2010). The simulation conducted for 20 different QTL minor allele frequencies.
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For each of these scenarios (which we refer to them as a dataset), we replicated the
simulation 20 times, allowing some variation in the QTL position and their surrounding
marker genotypes.

Association mapping methods

Single marker association analysis (SMA)

Simple regression analysis was used to examine association of each marker’s genotype with
individual’s phenotypic value. Markers were fitted one-at-a-time using the following linear
model:

[1]

where is the vector of phenotypic values of size n, is a vector of ones of length n, is the
population mean, is a vector of the genotypic values at a marker locus (0, 1 or 2; number of
copies of an arbitrary allele at the locus being tested), is the fixed marker genotype effect
and is the vector of random residual errors. Association analysis was done using the PLINK
software package with its assoc option (Purcell et al. 2007).

Single marker association analysis with breed composition (SMABC)

The second model explicitly considered BC in the admixed population.

[2]

where X is the n×q incidence matrix relating observations to breed composition, and  is the
fixed vector of breed composition. ASReml (Gilmour et al. 2009) was used for association
analysis. The Wald test as implemented in the software was used for significance tests of the
maker-trait association and breed composition effects.

Single marker mixed linear model (MLM)

Conventional mixed model analysis was applied as below:

[3]

where Z is the incidence matrix relating observations to the corresponding random effect and
u is the vector of random additive genetic effects or BVs. It was assumed that
and u , where and . Here is the matrix of additive relationships, where is twice the

coefficient of coancestry between individuals i and j, and is the additive genetic variance.
ASReml was used for the analysis and testing of marker effect was based on the Wald test
implemented in the software.

Single marker mixed linear model with breed composition (MLMBC)

The following mixed linear model was used for association analysis while accounting for BC



4

[4]

It was assumed that .

Bayesian multiple regression (BMR)

We used the BayesC method of Habier et al. (2011).

[5]

where is a column vector of marker genotypes at locus k and is a latent 0/1 variable
showing absence or presence of marker k in the model. Here is the random substitution
effect of marker k. A Gibbs sampler was used to generate a MCMC chain of 100,000
samples with a burn-in period of length 10,000. Convergence of the chain was examined
using the R software package CODA (Plummer et al. 2006) and visual inspection of the
chain plots. The posterior inclusion probability (PIP) of a marker, , was calculated as the
average of all post burn-in values of .

Bayesian multiple-regression with breed composition (BMRBC)

This model was similar to model [5] except that BC was also included as a fixed effect.

Estimation of thresholds

To estimate the thresholds required for hypothesis testing each of the null chromosomes
was divided to non-overlapping bins of 40 markers. For each bin, the minimum P-values for
the non-Bayesian approaches (or the maximum PIP values for the Bayesian approaches)
were recorded. For each dataset, the set of these values for all bins on the null chromosomes
were combined and then were used to determine the 5% (or the 95% for the Bayesian
approaches) quantile of their distribution using the quantile function in R (R Development
Core Team 2011). We refer to this approach that is based on the empirical distribution of P-
or PIP-values on the null chromosomes, as NCHR method of finding threshold. This method
might not be applicable to real datasets, but used here to make comparison between the non-
Bayesian and the Bayesian approaches feasible (Sahana et al. 2010). Therefore, for the non-
Bayesian approaches an alternative method for finding thresholds was also used. Han et al.
(2009) developed a method called SLIDE as an alternative to permutation testing. The
method first estimates the effective number of tests () using a sliding window Monte-Carlo
approach. The Bonferroni threshold then can be calculated by dividing the nominal p-values
by the . We ran SLIDE program with a window of size 40 markers and applied 100k cycles
of MCMC chain. The estimated then was used as the actual number of markers for
calculating the Bonferroni adjusted P-values.
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QTL detection and power calculation

For each dataset, a QTL was declared detected if any of the markers within an interval of

2 cM of it (40 markers) had a P-value smaller than the 5% threshold P-value (for the non-
Bayesian analysis), or a PIP value larger than the 95% threshold PIP value (for the Bayesian
analysis). Power was defined as the proportion of times that a QTL was detected out of 20
replicates in that dataset.

Type I error rates (FPR), Accuracy and positive prediction values (PPV)

Excluding the 2 cM intervals harboring the QTL, the remaining parts of the
chromosomes 1 to 3 were divided into segments of length 4 cM as intervals where the null
hypothesis was correct. In any of these regions if a marker was declared significant it was
regarded a FP. FPR was the proportion of FP across the genome and then averaged over all
replicates of a single dataset. Comparing power of methods that have different FPR could be
misleading because positive results might be due to PS as well. Therefore, two other
measurements, Accuracy and PPV were also calculated for evaluating the performance of
different models (Zhang et al. 2008). Positive and negative results falling in the H1 regions
(interval where H0 has to be rejected) were counted as true-positive (TP) and FN,
respectively. The same way, positive and negative results in H0 regions were regarded as FP
and true-negatives (TN). Then accuracy and PPV were defined as below.

All performance measures, i.e., accuracy, power, FPR and PPV, were calculated per each
QTL and dataset separately and then averaged across all QTL and datasets was calculated.

Results

PCA of the marker data for the purebred and admixed populations revealed that there are
distinct clusters of animals within the admixed population as opposed to the purebred one. In
addition, the effect of BC was highly significant (P<0.0001) in all of our non-Bayesian
analyses where this term was in the model (data not shown).

Results of SMA and MLM analysis of the admixed population are
shown in Tables 2 and 3. As it was expected, the SMA model had the lowest accuracy

and PPV and the highest FPR among the four tested models. With the NCHR method of
finding thresholds (Table 2), modeling of BC increased power of QTL detection and PPV by
60% and 20-30%, respectively, at the cost of inflation of FPR by nearly 20%. Whereas, the
accuracy of QTL detection did not change regardless of the method used for the analysis. On
the other hand, modeling BC dramatically improved accuracy, FPR and PPV when the
SLIDE method was used (Table 3). The accuracies of models with BC were 30-60% higher
than those without it. Also, modeling of BC improved PPV by 300%. However, fitting BC
resulted in loss of power by more than 50% when SLIDE method was used.
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Table 4, shows the results of the Bayesian association analysis in the admixed population.
With density of 10 markers per cM fitting BC reduced both power and FPR by 11% and
13%, respectively. However, accuracy and PPV of QTL detection remained nearly
unchanged.

Discussion
For the PB dataset, the MLM approach controlled FPR at the nominal level on the null

chromosomes, but it failed to do so for the admixed dataset when BC was not in the model.
The changes in the performance of SMA models when fitting and not fitting BC were most
evident with the SLIDE method (Tables 2 and 3). While modeling of BC with the NCHR
method improved the power of QTL detection, this was not the case when SLIDE method
was applied. On the other hand, the SMABC model reduced FPR dramatically compared to
the SMA model. This result agrees with that of Iwata et al. (2007) who made a similar
comparison. Care should be taken when comparing the power of two methods that have
different FPR. Positive results could be due to both true QTL signals and PS (Zhang et al.
2008). This is evidenced by the high FPR of models not fitting BC (compared to those fitting
it), when SLIDE method was used. Further, modeling of BC sharply improved both the
accuracy and the PPV of QTL detection. The SMABC model performed similar to the
MLMBC, nevertheless it did not fully account for the kinship in the sample. It might be
possible that adjustment of the BC indirectly corrected for relatedness among individuals in
the sample and hence less spurious associations are expected (Malosetti et al. 2007).

There was a noticeable difference between the SMA and MLM or the SMA and the
SMABC when the SLIDE method was used to find significance thresholds. As an example for
the SMA and SMABCmethods, consider their accuracy (0.58 and 0.92, respectively), power
(0.72 and 0.30, respectively) and FPR (0.44 and 0.007, respectively). It is evident that many
of the significant results of the SMA had been FP. Also, the difference between their
accuracy implies that modeling of BC has dramatically increased the number of TN. Explicit
modeling of PS introduces some FN (Bergelson and Roux 2010; Brachi et al. 2010;
Ingvarsson and Street 2011). In addition, adjusting for PS may cancel out the effect of QTL
that contribute to phenotypic differences between breeds (Sneller et al. 2009). Anderson et
al. (2007) conducted a GWAS on 32 lines of European inbred maize with different line
origins. Comparing a model that adjusted for line origin versus the one that did not, they
showed that several true QTL remained undetected when the former model was used,
because these polymorphisms were confounded with the line origin. This confounding is
especially important for traits that have experienced adaptive selection and thus their
variation may coincide with PS (Brachi et al. 2010; Veyrieras et al. 2007).

Comparison of the performance of the BMR models with and without fitting BC (Table
4) indicates that in the multi-marker association (MMA) framework controlling the effects of
PS and kinship might be unnecessary. The BMR model performed much better than the
MLM and MLMBC. While modeling of BC in the MLM approach improved power of
association (Table 2), it resulted in loss of power when BMR was used.

As it was expected, the FPR of the MMA methods were less than that of the SMA. One
major concern with SMA is that it ignores the information contained in the joint distribution
of all markers (Balding 2006; Parker et al. 2007; Zhang et al. 2011). MMA models that
allow variable selection have the advantage of lowering FPR over a SMA model. Atwell et
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al. (2010) suggested the problem of confounding due to PS in GWAS of quantitative traits
might be better thought as a model misspecification. That is, modeling of a polygenic trait
using a SMA that ignores the multi-factorial background of the trait and implicitly assumes
that a single QTL is causing all the phenotypic variation.

Our results agree with Setakis et al. (2006), Iwata et al. (2007), Iwata et al. (2009),
Pikkuhookana and Sillanpaa (2009) and Valdar et al. (2009) who demonstrated that unlike
SMA models, the MMA models are able to self-correct for family structure. In a GWA study
of a highly structured population of barely cultivars, Wang et al. (2012) compared the
performance of a model fitting both PS and polygenic effects (based on a marker-based
kinship matrix, K) with the K only model, and also GC, SA and PCA models. The K only
model outperformed all the other rivals. In fact, the K matrix already contains all the
information on PS and hence the strict modeling of PS might not be necessary, given high-
density marker data (Astle and Balding 2009; Goddard and Meuwissen 2005). It seems that
when marker density is sufficient and all markers are fitted simultaneously, each marker
captures a part of the effects of kinship and PS such that the overall effects of variation of
kinship within and across populations are diluted. This agrees with Sillanpää (2011) who
argues that in MMA variable selection and the effects estimation are done concurrently and
thus, the large number of markers considered jointly might account for many types of
variations.

As we showed in this study and in agreement with studies of Gu et al. (2009) and Zhao et
al. (2007), explicit accounting for PS results in some FN. If the distribution of a QTL is
highly correlated with PS, the effect of the allele may be absorbed in the population effects
and the QTL will be obscured (Brachi et al. 2010; Iwata et al. 2009; Kang et al. 2010). In
contrast, the BMR method as shown here not only is capable of reducing FN due to explicit
modeling of PS but also it reduces FN resulted from the highly conservative multiple-test
correction methods like Bonferroni.

In conclusion, our results showed the superiority of MMA models over SMA models.
More specifically, our study confirms that MMA models are capable of automatically
suppressing the confounding effects of relationship and population structure in genome-wide
association studies without compromising their power of QTL detection.
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TABLES
Table 1- QTL positions (Morgam), Mean, Standard deviation, Minimum and Maximum of
h2QTL across 20 simulated datasets.
Chrom. QTL Position Mean (h2QTL) SD Min. Max.
1 1 0.150 0.06 0.011 0.030 0.08
1 2 0.600 0.01 0.002 0.010 0.02
1 3 0.610 0.01 0.003 0.004 0.02
1 4 0.750 0.03 0.005 0.020 0.04
1 5 0.950 0.01 0.003 0.010 0.02
2 6 1.200 0.03 0.008 0.010 0.04
2 7 1.210 0.01 0.003 0.003 0.02
2 8 1.550 0.01 0.003 0.004 0.02
2 9 1.600 0.01 0.002 0.010 0.02
2 10 1.800 0.03 0.007 0.010 0.04
3 11 2.050 0.01 0.003 0.003 0.02
3 12 2.150 0.01 0.003 0.003 0.02
3 13 2.250 0.01 0.002 0.010 0.02
3 14 2.400 0.01 0.002 0.010 0.02
3 15 2.700 0.03 0.006 0.010 0.04

Table 2- Accuracy, Power, Prob. Of Type I Error and Positive Predictive Value (PPV) for
SMA and MLM analysis with NCHR method of finding thresholds in the admixed
population.1

SMA SMABC MLM MLMBC

Accuracy 0.86 (0.003) 0.87 (0.005) 0.86 (0.005) 0.87 (0.004)

Power 0.40 (0.027) 0.63 (0.038) 0.40 (0.049) 0.64 (0.035)

Type I error rate 0.08 (0.003) 0.10 (0.007) 0.08 (0.006) 0.11 (0.006)

PPV 0.34 (0.016) 0.43 (0.014) 0.36 (0.031) 0.43 (0.012)

1. Numbers in brackets are SE of means.

Table 3- Accuracy, Power, Prob. Of Type I Error and Positive Predictive Value (PPV) for
SMA and MLM analysis with SLIDE method of finding thresholds in the ADMX
population.1

SMA SMABC MLM MLMBC

Accuracy 0.58 (0.047) 0.92 (0.003) 0.69 (0.078) 0.92 (0.002)
Power 0.72 (0.034) 0.30 (0.026) 0.63 (0.063) 0.27 (0.021)
Type I error rate 0.44 (0.056) 0.007 (0.001) 0.30 (0.096) 0.004 (0.001)
PPV 0.25 (0.030) 0.85 (0.018) 0.34 (0.057) 0.90 (0.017)
1. Numbers in brackets are SE of means.
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Table 4- Accuracy, Power, Prob. Of Type I Error (FPR) and Positive Predictive Value (PPV)
for BMR analysis in the ADMX population.1

BMR BMRBC

Accuracy 0.89 (0.002) 0.89 (0.002)
Power 0.65 (0.016) 0.58 (0.017)
Type I error rate 0.08 (0.001) 0.07 (0.001)
PPV 0.51 (0.007) 0.51 (0.008)
1. Numbers in brackets are SE of means.


