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Abstract:    This paper presents a quick, easy to implement and versatile way of using stochastic simulations to investigate the 
power and design of using single nucleotide polymorphism (SNP) arrays for genome-wide association studies in farm animals. It 
illustrates the methodology by discussing a small example where 6 experimental designs are considered to analyse the same 
resource consisting of 6 006 animals with pedigree and phenotypic records: (1) genotyping the 30 most widely used sires in the 
population and all of their progeny (515 animals in total), (2) genotyping the 100 most widely used sires in the population and all 
of their progeny (1 102 animals in total), genotyping respectively (3) 515 and (4) 1 102 animals selected randomly or genotyping 
respectively (5) 515 and (6) 1 102 animals from the tails of the phenotypic distribution. Given the resource at hand, designs where 
the extreme animals are genotyped perform the best, followed by designs selecting animals at random. Designs where sires and 
their progeny are genotyped perform the worst, as even genotyping the 100 most widely used sires and their progeny is not as 
powerful of genotyping 515 extreme animals. 
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INTRODUCTION 
 

Genome-wide single nucleotide polymorphism 
(SNP) array technologies offer opportunities for gene 
discovery in farm animals (Barendse et al., 2007). 
However, the use of such arrays requires careful 
planning due to technological or cost-related con-
straints or limitations inherent to association studies 
and other linkage disequilibrium (LD)-based methods 
(Lawrence et al., 2005; Clark et al., 2005). These 
limitations depend on many factors specific to each 
experiment. It is therefore very desirable to optimize 
the design of an experiment in order to maximize 
power given the resource at hand, before conducting 
any experiment using SNP arrays. 

Several studies have focused on computing 
power for association studies (Kang et al., 2004; 

Guedj et al., 2007), but these do not address the 
problem of potential confounding factors such as 
population relatedness. The use of stochastic simula-
tions is a simple, yet powerful and versatile way to 
handle this problem. Indeed, replicating in silico an 
experiment using varying assumptions about the data 
and different methods of analysis permits a reason-
able estimation of the power of the experiment given 
these factors and thus the identification of a suitable 
experimental design. 

As an example, this paper compares the power of 
six different designs for a genome-wide SNP asso-
ciation study. 
 
 
MATERIALS AND METHODS 
 
Description of the example 

A real animal resource composed of 6 006 ani-
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mals born between 1980 and 2005 has been chosen 
for this example. Polygenic breeding value estimates 
(EBV) for a trait of interest with a heritability of ~0.2 
are available for all animals. A genome-wide asso-
ciation study using a 60K SNP array is to be designed, 
and the 6 following designs are envisaged: (1) geno-
typing the 30 most widely used sires and all of their 
progeny, which represents 515 animals in total 
(“sires-515”), (2) genotyping the 100 most widely 
used sires in the population and all of their progeny, 
which represents 1 102 animals in total (“sires-1102”), 
(3) genotyping 515 animals randomly selected 
(“rand-515”), (4) genotyping 1 102 animals randomly 
selected (“rand-1102”), (5) genotyping 515 animals 
from the tails (i.e. the most extreme) of the pheno-
typic distribution (“extr-515”) or (6) genotyping 1 102 
animals from the tails of this distribution (“extr- 
1102”). 
 
Simulation procedure 

The methodology employed to simulate popula-
tions is as follows:  

1. Twenty ancestral chromosomal segments with 
41 evenly spaced SNP loci are created randomly, with 
all 41 loci being polymorphic (this amounts to en-
suring that all the SNP minor allele frequencies 
(MAFs) are ≥0.05 at the beginning of the simulation). 
These 20 segments are paired to create 10 ancestral 
animals. Chromosomal segments are chosen to be 2 
cM long so that SNPs are 0.05 cM apart (and 60 000 
SNPs cover a region 30 M long). The middle SNP 
(SNP 21) is chosen to be a quantitative trait locus 
(QTL). The 2 cM length has been determined as being 
sufficient to include most SNPs in LD with the QTL. 

2. The 10 ancestral animals are mated to create 
the next generation of 100 animals, which is in turn 
used to create the following generation of 100 animals 
and so on, with no generation overlapping. This 
process is carried out for 10 generations. A slight 
selection pressure for the QTL is applied during the 
whole process, in order to ensure that the QTL fre-
quency after the 10 generations is close to a target 
QTL frequency. 

3. The 100 animals simulated in the final gen-
eration of this process are used as founders (unknown 
parents) of the real pedigree, and gene-dropping 
(MacCluer et al., 1986) is used to simulate the geno-
types of the 6 006 animals that can potentially be 

genotyped. The phenotype of an animal i is simulated 
as:  

 

yi=xiq+ui+ei, 
 

where yi is the simulated phenotype, xi is the number 
of copies of allele 1 at the QTL, q is the QTL (allelic 
substitution) effect used in the simulation, ui is the 
EBV of animal i and ei is a random residual drawn 
from 2 2 2(0,(1 ) / ),uN h hσ−  with the additive genetic 

variance ( 2
uσ ) equal to 0.543 and the heritability (h2) 

equal to 0.2. 
 
Simulation implementation 

For each group, the following factors are made 
variable: 

1. The target QTL MAF is set to 0.1 and 0.4. 
2. The QTL effect is set to 0, 0.25 phenotypic 

standard deviations (σp) and 0.50σp. 
3. Different animals are “genotyped”, i.e., are 

actually used in the analysis of the simulated array, 
depending on the design chosen.  

Two hundred replicates of each combination of 
factors were carried out. Due to the stochastic nature 
of the simulation, the actual QTL MAF for each rep-
licate differs from the targeted MAF, and at some 
times the QTL may even be lost due to random drift 
(especially when targeting the low QTL MAF). 
 
Analysis of the simulated array and power esti-
mation 

For the animals genotyped and for each of the 40 
SNPs other than the QTL, the following mixed model 
is fitted: 

 

y=xb+Zu+e, 
with  

2
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where y is a vector of simulated phenotypes, b is the 
fixed regression coefficient of the phenotype on the 
number of copies of the first SNP allele, u is a vector 
of random genetic additive effects, e is a vector of 
random residuals, x is a vector of number of copies of 
the first SNP allele, Z is an identity incidence matrix, 
I is an identity matrix and A is the additive relation-
ship matrix computed from the pedigree. The statistic 
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bbW |b | /= C  is then calculated, where Cbb is the 
element relating to b in the inverse of the left hand 
side of the mixed model equations (Henderson, 1984) 
used to solve the model above.  

For each design, empirical “genome-wise” 5% α 
significance thresholds are computed as follows: 

1. Assuming that genomes consist of 1 500 in-
dependent chromosomal segments of 2 cM, each with 
40 SNPs, for a total of 30 M and 60 000 SNPs, a “ge-
nome-wise” Bonferroni corrected 5% α (αgenome-wise) is 
computed as (Shaffer, 1995): 

 
αgenome-wise=1−(1−5%)(1/1500)=3.42×10−5. 

 
2. The null distribution of the maximum W 

across the 40 SNPs is obtained by using each replicate 
of the design where a null QTL effect has been 
simulated, and the “genome-wise” threshold T is 
taken to be the 1−αgenome-wise quantile of that distribu-
tion. As only 400 replicates have been carried out at 
most, the threshold is interpolated, and numerically 
very close to the maximum W. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Then, for each design, the function loess from 
the base package of the R software (R Development 
Core Team, 2007) is used (with the default parame-
ters) to model the power by fitting locally second 
degree polynomials by least squares as:  
 

p=f(MAF,q), 
 
where p is a vector of indicators equal to 1 when W≥T 
and 0 otherwise, MAF is a vector of minor allele 
frequencies and q is a vector of QTL effects. 
 
 
RESULTS AND DISCUSSION 

 
The results can be observed from various angles. 

Fig.1 displays for each of the 6 experimental designs 
the power surfaces as a function of the QTL MAF and 
effect. Fig.2 shows for each design the power curves 
as a function of the QTL effect size, for 3 QTL MAF 
(0.1, 0.25 and 0.4), while Fig.3 presents the power 
curves as a function of the QTL MAF, for 3 QTL 
effect sizes (0.1σp, 0.25σp and 0.4σp). 
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Fig.1  Power surface as a function of the QTL MAF and effect for each of the 6 designs 
The rows represent the 3 sampling methods (“sires”, “rand” or “extr”) and the columns the number of animals genotyped (515 or 1 102). The 
colour black corresponds to power=0 and the colour white to power=1. Contour lines of equal power for power=0.5, 0.8 and 0.9 are plotted. 
The white arrows exemplify the difference between designs by highlighting respectively the QTL effect size needed to reach a statistical power 
of 0.5 when chasing a QTL with a MAF of 0.1 and the QTL MAF needed to reach a statistical power of 0.5 when chasing a QTL with an effect
of 0.2σp. The behaviour of the contour lines going back up for large MAF is an artefact of the power modelling procedure 
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Obviously, the power is lower when fewer ani-

mals are genotyped. Maybe not surprisingly as the 
increased power of selective genotyping designs has 
been largely documented [see for instance in (van 
Gestel et al., 2000)], the power is also lower for the 
designs genotyping the sires compared to those 
genotyping the extreme animals, even when com-
paring designs “sires-1102” and “extr-515”, with the 
first having more than twice the number of animals 
genotyped. This difference can be very large when the 
QTL MAF is small (<0.2). The power curves obtained 
for the two “extr” designs are very similar. 

The designs “rand” perform slightly better than 
the designs “sires”. The reasons for this are unclear. 
The reduction of power does not seem to be due to a 
difference between the phenotypic distributions of 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

both designs as these are very similar. The LD pat-
terns are also comparable between the 2 designs, with 
for instance the distribution of the r2 between adjacent 
SNPs having similar distributions with mean ~0.08 
and variance ~0.03 for both designs. Despite having 
similar LD, the 2 designs have very different average 
additive relationship between animals, much higher 
(~4 times higher when genotyping 1 102 and up to ~7 
times higher when genotyping 515) in the “sires” 
groups than in the “rand” groups. This could lead to 
more confounding between polygenic and QTL ef-
fects in the “sires”, thus causing a reduction of the 
power by decreasing the significance of the SNP 
effects. 

Overall, the power levels obtained with design 
“sires-515” are too low to be practically useful when 
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Fig.2  Power as a function of the QTL effect for 3 QTL MAF for each of the 6 designs. (a) MAF=0.1; (b) MAF=0.25; 
(c) MAF=0.4 
Power values >1 or decreasing as the QTL effect sizes increase (observed for large QTL effects and MAF) are artefacts of 
the power modelling procedure 
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Fig.3  Power as a function of the QTL MAF for 3 QTL effect sizes for each of the 6 designs. (a) Effect=0.1σp; (b)
Effect=0.25σp; (c) Effect=0.4σp 
Power values >1 or decreasing as the QTL MAF increases (observed for large QTL effects and MAF) as well as power
values <0 are artefacts of the power modelling procedure 
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the QTL MAF is small (≤0.2) or the QTL effect is 
small to moderate (≤0.25σp), while the power levels 
for design “sires-1102” are not acceptable when both 
QTL MAF and QTL effect are small to moderate. For 
a QTL effect of ~0.1σp or under, all 6 designs have 
low power. 

Given the results, it seems that the best strategy 
would be to concentrate all resources into genotyping 
the tails of the phenotypic distribution. It also seems 
that more than doubling the number of animals from 
515 to 1 102 is unnecessary if chasing QTL with ef-
fect sizes over 0.25σp. Nevertheless, power levels 
obtained for low QTL MAF (~0.1) and QTL effect 
size of 0.25σp or under are relatively low even for the 
design “extr-1102” and suggest that not many new 
small or rare QTL would be found using such an 
experimental design. 
 
 
CONCLUSION 
 

This example presents an easy and quick way to 
implement stochastic simulations to investigate the 
power and design of using SNP arrays for ge-
nome-wide association studies. 

A number of general conclusions can be derived 
from this small study. Firstly, genotyping the extreme 
animals is more powerful a design than selecting 
animals based on relative contribution in a pedigree or 
at random. However, the increase of power observed 
with selective genotyping is of course mitigated by 
the fact that genotypes can be used to map QTL for 
different traits, thus reducing the applicability of these 
designs, but also by the potential greater value (for an 
animal industry, for instance) of having the genotypes 
of more widely used animals, compared to rarely used 
ones or random animals. Secondly, besides the ob-
vious effects of the QTL effect size and the number of 
animals genotyped, the large effect that the QTL 
MAF has on the power has been clearly demonstrated. 
 

 
 
 
 
 
 
 

In conclusion, this study reaffirms the need for careful 
planning of genome-wide association studies using 
SNP arrays. 
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