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Abstract

Dissecting the genetic basis of phenotypic variation in natural populations is a long-
standing goal in evolutionary biology. One open question is whether quantitative
traits are determined only by large numbers of genes with small effects, or if variation
also exists in large-effect loci. We conducted genome-wide association analyses of
forehead patch size (a sexually selected trait) on 81 whole-genome-resequenced male
collared flycatchers with extreme phenotypes, and on 415 males sampled independent
of patch size and genotyped with a 50K SNP chip. No SNPs were genome-wide
statistically significantly associated with patch size. Simulation-based power analyses
suggest that the power to detect large-effect loci responsible for 10% of phenotypic
variance was <0.5 in the genome resequencing analysis, and <0.1 in the SNP chip
analysis. Reducing the recombination by two thirds relative to collared flycatchers
modestly increased power. Tripling sample size increased power to >0.8 for
resequencing of extreme phenotypes (N=243), but power remained <0.2 for the 50K
SNP chip analysis (N=1,245). At least 1 million SNPs were necessary to achieve
power >0.8 when analyzing 415 randomly sampled phenotypes. However, power of
the SOK SNP chip to detect large-effect loci was nearly 0.8 in simulations with a
small effective populations size of 1,500. These results suggest that reliably detecting
large-effect trait loci in large natural populations will often require thousands of
individuals and near complete sampling of the genome. Encouragingly, far fewer
individuals and loci will often be sufficient to reliably detect large-effect loci in small

populations with widespread strong linkage disequilibrium.
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Introduction

Understanding the genetic basis of traits that contribute to fitness differences among
individuals in natural populations is a long standing goal in evolutionary biology
(Ellegren & Sheldon 2008; Stinchcombe & Hoekstra 2007). Identifying genetic
variants associated with fitness traits, and the distribution of their effect sizes,
provides clues about the content of the standing genetic variation available for
selection to act on. Additionally, identifying associated genes or regulatory sequences
with known functions can help to pinpoint the developmental, biochemical, and
physiological pathways through which selection acting on phenotypes translates into
genomic changes over time (Schielzeth & Husby 2014).

The genetic basis of traits closely associated with reproductive performance
such as sexually selected traits is of particular interest because such traits may often
be influenced by a combination of genes directly involved in trait expression and
genes indirectly involved via their effects on condition. Theoretical predictions
suggest that variation in condition-dependent, sexually-selected traits is likely to be
highly polygenic, because of the large number of genes that could affect condition
(Rowe & Houle 1996). Empirical data suggest that many sexually selected traits are
indeed polygenic, but the distribution of effect sizes among contributing loci is not
well described and seems to be highly variable (Chenoweth & McGuigan 2010;
Santure et al. 2013). However, relatively few loci have explained a large proportion
of variation in some sexually selected traits including eye-stalk length in stalk-eyed
flies (Johns et al. 2005) and horn size in Soay sheep (Johnston et al. 2011). Thus, a
general understanding of the genetic architecture of sexually selected traits is lacking

in natural populations.
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Until recently, discovering variants contributing to phenotypic variation and
fitness (i.e., quantitative trait loci or ‘QTL’) in natural populations has been hindered
by the lack of large-scale genomic data on wild individuals. However, genome
sequences are accumulating rapidly for non-model species (Ellegren 2014), and
technologies such as single nucleotide polymorphism (SNP) genotyping arrays, and
genotyping by sequencing have made it possible to type many thousands of markers
in any species. Yet, attempts to detect QTL in natural populations — where controlled
crosses or breeding in captivity are usually not possible — have yielded mixed results,
with some studies identifying QTL via genome-wide association (GWA) analysis
(Comeault et al. 2014; Husby et al. 2015; Johnston et al. 2011, 2014; Parchman et al.
2012) or pedigree-based linkage mapping (Poissant, Johnston), and others failing to
detect candidate causal variants despite moderately high heritability (Santure et al.
2013). Small sample sizes and small QTL effects sizes are likely reasons for the
failure to detect QTL. An additional reason for the failure to detect QTL using
association mapping is likely to be that strong linkage disequilibrium (LD) often
extends only over short chromosome distances (Figure 1) (Slatkin 2008), which
means the chances of strong associations between marker and trait loci — and thus
between marker and phenotype — might be small even when large numbers of genetic
markers are used.

Whole genome resequencing has recently become a realistic and increasingly
used approach in population genomics (e.g., Ellegren 2014; Lamichhaney et al.
2015). Inspired by this progress, we reasoned that whole genome resequencing could
potentially offer a novel means for mapping trait loci in natural populations. It would
imply unprecedented genomic resolution in the search for loci contributing to

phenotypic variation in the wild because, in contrast to approaches based on
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genotyping of even very large sets of SNPs, the problem of low or no LD between the
typed markers and causal variants is essentially eliminated by typing nearly all
variable sites in the genome. Although large sample sizes may still be necessary to
detect candidate loci for traits with polygenic genetic architectures (e.g., Allen et al.
2010) this could potentially be alleviated by using the experimental design of
sequencing extreme phenotypes. Sampling extreme phenotypes can dramatically
reduce the number of individuals necessary to achieve high power relative to studies
that sample randomly from the phenotype distribution (Barnett ef al. 2013; Emond et
al. 2012; Gurwitz & McLeod 2013; Li et al. 2011; Perez-Gracia et al. 2002). For
example, Emond ef al. (2013) identified a modifier of chronic infection in cystic
fibrosis patients using the exome sequences of only 91 individuals with extreme
phenotypes. Basically, this approach entails sequencing two groups of individuals —
each representing the respective lower and upper tail from the phenotypic distribution,
thereby maximizing the phenotypic and genetic variance of the trait of interest among
the sampled individuals.

Conducting GWA analyses on whole genome resequencing data by no means
ensures that segregating large effect QTL will be detected (King & Nicolae 2014).
The mean minor allele frequency (MAF) is often considerably lower in resequencing
data compared to data from SNP chips where the mean MAF is often quite high
(Kawakami et al. 2014). The power to detect phenotypic effects is lower at loci with
low MAF (King & Nicolae 2014), so increasing the number of loci by adding large
numbers of loci with low MAF might not translate into substantially increased power.
Additionally, thresholds for statistical significance of course become more stringent
as the number of loci increases, regardless of the MAF of the additional loci. Lastly,

sample sizes tend to be limited in whole genome resequencing studies compared to
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studies using less expensive SNP arrays. Lower sample sizes for resequencing-based
GWAS means that the power to detect strong QTL effects may be low, even though
causal variants are likely to be directly screened for phenotypic effects.

Collared flycatchers (Ficedula albicollis) are a cavity-nesting, sexually
dichromatic species, which breeds in central and eastern Europe, and winters in
Southern Africa. They have a mating system where males defend territories and males
with higher quality territories tend to have higher reproductive success (Part 1994).
Males have a sexually-selected white forehead patch which is used as an honest signal
of quality in male-male competition for territories (Qvarnstrom 1997). Males with
large patches tend to be in better condition, win territorial disputes, and to produce
more offspring than males with smaller patches (Gustafsson ef al. 1995; Part &
Qvarnstrém 1997).

Our objective was to test whether sequencing of extreme phenotypes in
collared flycatchers could identify loci contributing to variation in forehead patch size
in this species. Specifically, we conducted a genome-wide association (GWA)
analysis of forehead patch size based on whole genome resequencing of 81 male
collared flycatchers sampled from the extreme ends of the phenotypic distribution.
We also tested whether we could detect loci associated with forehead patch size using
genotypes of 415 males from a custom 50K SNP chip for the collared flycatcher.

To our knowledge, this is the first study to use whole genome resequencing in
conjunction with extreme phenotype sampling to study the genetic basis of
phenotypic variation in a natural population. Having found no genome-wide
statistically significantly associated SNPs, we used coalescent simulated genomic data
to evaluate the power to detect loci with large phenotypic effects in this study. We

also evaluated statistical power of association analyses when using larger sample
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sizes, and in populations with either a lower recombination rate or smaller effective
population size (N.). Previous work has evaluated the power of pedigree-based QTL
linkage mapping methods (Slate 2013). Additionally, the power of GWA analysis for
study designs typical of human research has been assessed using simulations (Spencer
et al., 2009). Our simulations are motivated by the need to evaluate whether
association mapping is likely to detect large effect QTL given a range of sample sizes,

and genomic and demographic characteristics typical of studies in natural populations.

Materials and Methods

Sampled individuals and forehead patch size measurements

Individuals included in this study were part of a long term study (2002-2012) on the
Baltic island of Oland (57° 10" N, 16° 58" E), where the first breeding pair of collared
flycatchers was observed in the 1960s (Qvarnstrom ef al. 2009), although an earlier
colonization cannot be excluded. We sampled 81 individuals for GWA analysis based
on whole genome resequencing, and 415 separate individuals for GWA analysis using
a S0K SNP. To select individuals for sequencing, we first calculated the mean patch
size (patch height times patch width (mm)) among all yearly measurements on 819
adult males who were not involved in manipulative experiments that had the potential
to influence patch size (e.g., brood size manipulations). We then preferentially
selected males from the extreme upper and lower ends of the distribution of mean
patch size for sequencing in order to maximize the phenotypic and genetic variance
for patch size among the sequenced individuals. The distribution of patch size
measurements is shown for the resequencing and SNP chip typing data sets in Figure
S1. The mean number of yearly patch size observations per individual among the 81

resequenced males was 2.1 (min. = 1, max. = 5).



179 415 male collared flycatchers were selected independent of patch size and
180  genotyped with a custom-made [llumina 50K SNP chip (Kawakami ef al. 2014a). The
181  mean number of patch size observations across years among these 415 males was 2.2
182  (min=1, max =7).

183

184  Whole genome resequencing, variant calling and filtering

185  The 81 males selected with extreme phenotypes were subjected to 100 base pair

186  paired-end whole genome resequencing on an Illumina HiSeq instrument. Sequence
187  reads were aligned to the collared flycatcher reference genome assembly version
188  FicAlbl.5 (Kawakami ef al. 2014b) using the Burrows-Wheeler Aligner (BWA) (Li
189 & Durbin 2009). We used the Unified Genotyper in the Genome Analysis Toolkit
190 (GATK, McKenna ef al. 2010) to identify single nucleotide polymorphisms (SNPs)
191  among the whole genome resequenced individuals. We applied variant quality score
192  recalibration (VQSR) in GATK, with the top 20% scoring variants used as a training
193  set for quality score recalibration of the remaining variants. We applied a strict

194  tranche sensitivity threshold of 90% when filtering SNPs after VQSR. Filtering loci
195  based on the strict 90% tranche sensitivity threshold selectively removed low MAF
196  SNPs (see results below). Repeating the analyses while applying a less stringent

197  tranche sensitivity threshold of 99% did not substantively affect the results (data not
198  shown).

199 We used VCFtools (Danecek et al. 2011) for post variant calling SNP

200 filtering. First, we discarded all genotypes with a genotype quality score <20. We
201  then removed SNPs where the minor allele was observed only once, genotypes were
202  missing for > 4 individuals (i.e., missing in more than approximately 5% of

203  individuals), genotypes deviated significantly (o = 0.01, exact test) from Hardy
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Weinberg proportions, or where more than two alleles were present. Sampling
extreme phenotypes may enrich the data set for large effect loci being out of Hardy-
Weinberg proportions, where a large number of homozygotes for different alleles
could be found in the large- and small-patch samples of individuals. Repeating the
analyses without filtering SNPs based on conformation to Hardy-Weinberg
proportions did not qualitatively change the results (data not shown).

S0K SNP chip genotyping was conducted at the SNP & Seq Technology
Platform at Uppsala University
(http://www.molmed.medsci.uu.se/SNP+SEQ+Technology+Platform/) on an Illumina
1Scan instrument. We discarded 50K SNP chip loci with minor allele frequency
(MAF) <0.01, genotyping rate of < 95%, and loci failing a test for Hardy-Weinberg
proportions (o= 1.0x107). After these filtering steps, 37,803 out of 45,183 SNP loci

(84%) remained and were used in the GWA analysis.

GWA analyses

For GWA analyses, we used linear mixed effects models included as an add-on
(RepeatABEL; Husby et al. 2015) to the GenABEL package (Aulchenko et al. 2007)
for the program R (R Core Team 2015). The mixed effect models account for both
repeated measurements within individuals and relatedness among individuals.

Specifically, we fitted a linear mixed effects model of the form

Y~XB + XsnpBsvp + Zg + Wp + e

where X is the design matrix for non-genetic fixed effects (age and year of sampling)

and p are the corresponding fixed effects. Xgypis the design matrix for the SNP
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genotype predictor (coded 0, 1, or 2) and Ssyp are the corresponding SNP effects. g is
a random genetic effect, p is a permanent environmental effect for each individual,
and e is the error term. Patch size has been shown to increase with age (Part &
Qvarnstrom 1997), and age was thus included as a fixed effect in our GWA analyses.
Year of sampling was also included as a fixed effect to account for the effects of
temporal environmental fluctuations on patch size (Figure S2).

Simultaneously including SNPs with large phenotypic effects in the fixed
effects (i.e., to estimate the individual SNP effects) and in the random effects by
including them when estimating the genetic relatedness matrix can result in reduced
power to detect effects of individual SNPs (Yang et al. 2014). Therefore, we repeated
the GWA analyses and ran the analyses separately for each chromosome. For GWA
analysis of each chromosome, we estimated the genetic relatedness matrix using
SNPs on all of the chromosomes other than the chromosome included in the GWA
analysis. The analysis did not substantively affect the results (data not shown).

The P-values reported from GWA analyses are from Wald tests and are
corrected for relatedness among individuals, repeated measurements, and genomic

inflation (see below). We estimated the narrow sense heritability (4%) of patch size

from GWA analyses as
h* = _ Y
Vit Ve +V,

where ¥, is the additive genetic variance, V). 1s the permanent among-individual

variance due to environmental differences, and V. is residual error variance.
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Correcting for multiple tests

Stringent thresholds of statistical significance are necessary in order to control the
probability of false positive genotype-phenotype associations. The simplest
approaches to correct for multiple tests such as Bonferroni correction and false
discovery rate techniques are overly conservative in GWA studies such as this one
where SNP density is high and many SNPs are in substantial LD. Genotype-
phenotype tests at closely linked SNPs are in such cases non-independent (Clarke et
al. 2011). Therefore, in order to determine if the chosen type of statistical correction
affected the results, we used both a Bonferroni correction and a permutation approach
that accounts for LD among closely linked loci (Clarke et al. 2011) and controls the
probability of a single false positive occurring. For the permutation approach, we
repeated the GWA analysis as described above 1,000 times, each time after randomly
reassigning patch size measurements among individuals. We saved the P-value from
each of the 2,039,641 genotype-phenotype association tests on each randomized data
set. This was done in order to derive the distribution of P-values expected when no
SNPs are truly related to patch size. We then identified the statistical significance
threshold for the empirical GWA analysis as the P-value below which a single false
positive was identified in 5% or fewer of the randomized data sets. The threshold of
statistical significance determined with permutation for the GWA analyses of the
whole genome resequenced individuals was P = 1.002x107.

Many of the S0K SNP chip loci were in substantial LD in our study population
(Kawakami et al. 2014a). Thus, we used the same permutation approach as described
above as well as a Bonferroni correction to control for multiple testing in the GWA
analysis of these data. Here, the threshold of statistical significance determined by

permutation was P = 2.18x107°

11
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Controlling for genomic inflation

We corrected P-values from GWA analyses for genomic inflation by dividing the test
statistic (y°) by the genomic inflation factor (1). A was estimated as the slope from a
regression of observed y” versus expected x” assuming that patch size was not affected
by variation at any loci. This approach is conservative because genomic inflation is
expected in GWA studies involving highly polygenic traits (Yang ef al. 2011), which
is very likely the case for sexually selected traits (Rowe & Houle 1996) such as patch
size in collared flycatchers. However, repeating the analyses without correcting for

genomic inflation did not qualitatively change the results (data not shown).

Simulations to evaluate power to detect QTL for patch size

We used coalescent simulations to evaluate the power to detect loci with large effects
on patch size. We simulated genomic data with fastsimcoal2 v. 2.5.1 (Excoffier ef al.
2013). We tested a range of values for the simulated N, and recombination and
mutation rates in order to identify a set of parameter values that resulted in a LD
pattern similar to the empirical data (Figure S3). We simulated populations with
constant diploid N, = 37,500. Recombination and mutation rates were set to 3.1x 10
(Kawakami ef al. 2014b), and 5.0x10” (Ellegren 2007) per base pair per generation,
respectively. For computational efficiency, we simulated only two single 200 kb
chromosomes in each population. Chromosomes of this size are sufficient because LD
is substantially greater than the genomic background level only for markers separated
by less than approximately 10-20 kb in our study population (Figure 1; Kawakami et

al. 2014a) and in the simulated data (Figure S3). We generated 1,500 diploid

12
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individuals from each simulation repetition by randomly pairing 3,000 simulated
haploid chromosomes.

We used RepeatABEL to simulate a normally distributed quantitative trait
associated with SNP variation among the 1,500 individuals sampled from each
simulated population. The number of simulated repeated measurements per individual
was selected randomly from the empirical distribution of measurements among the 81
whole genome resequenced individuals. The simulations assumed the variance
components estimated from the SNP chip-based GWA analysis (Table 1). We used
these variance components because RepeatABEL simulates a normally distributed
quantitative trait and the distribution of the phenotypes in the SNP chip-based
empirical analysis was approximately normal. For each simulated population, the
phenotype was associated with a single SNP having a MAF of at least 0.2 as close as
possible to the physical center of the first chromosome. Our simulations therefore
assume that QTL effects are due to common variants, which are more easily detected
than rare variants. We varied the genotypic effect of the simulated QTL (a = half the
expected phenotypic difference between homozygotes) so that the additive genetic
variance attributed to the QTL (Vqq) was equal to 5, 10, 15, and 20% of the total
phenotypic variance (¥}, which was set equal to the total phenotype variance from the
empirical SNP chip based GWA analysis described above), respectively. We
determined values of a by solving the expression V= 2pga’ (where p and ¢ are the
frequencies of the minor and major allele, respectively, Lynch & Walsh (1998)) for a,
after setting Vyy equal to 0.05, 0.1, 0.15, or 0.2 times V,. For each simulation, the
simulated polygenic additive genetic variance (V,*) was set to V,* =V, - Vgu, where
V, 1s the empirical estimate of the polygenic additive genetic variance, so that the total

and additive genetic components of variance in the simulated phenotype was

13
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representative of the empirical data, and held constant across all of the simulations.
We consider these simulated effect sizes to be large, as they account for
approximately 1/6 to 2/3 of the total heritability of the simulated phenotype.

To evaluate the power to detect QTL in the sample of individuals with
extreme phenotypes, we randomly sampled 81 individuals from the upper (46
individuals) and lower (35 individuals) 10% quantiles of mean simulated patch size.
We randomly sub-sampled SNPs on the first simulated chromosome (where the
simulated QTL was located) without including singletons, so that SNP density was
equal to the empirical whole genome resequencing data after filtering steps. The loci
were randomly selected using the sample function in R, with the probability of a SNP
being selected weighted by the squared MAF so that the least variable loci would be
selectively removed as in our analysis of the empirical resequencing data. We defined
power as the proportion of simulations where any SNP located on the first
chromosome was statistically significantly associated with phenotype after correcting
for multiple tests (see below).

We used the same simulated populations as above to evaluate the power to
detect QTL in the 415 males with 50K SNP chip genotypes. Here, we randomly
selected 415 simulated diploid individuals for analysis of each simulation. For the
GWA analyses of these simulated data, we randomly subsampled SNPs so that
marker density was as close as possible to the average density observed in the
empirical GWA analyses based on the SNP chip. The SNP chip loci had a relatively
high mean MAF of 0.28 (s.d. = 0.13). Therefore, we preferentially selected high MAF
loci from the simulated data to maximize the power of SNP chip GWA analysis of the
simulated data. We achieved this in the same way as above for the simulated analyses

of the resequencing data by using the sample function in R to randomly select SNPs

14
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after weighting the selection probabilities by the squared MAF. We repeated the
GWA analyses of simulations of the 415 males after subsampling SNPs as described
above so that the marker densities were equivalent to S0K, 100K, 250K, 500K, 1
million, and 2 million SNPs (nearly equivalent to SNP density in our whole genome
resequencing data set) in the flycatcher genome assembly to evaluate the effects of
marker density on power to detect QTL. We again defined power as the proportion of
simulations where one or more SNPs located on chromosome one were statistically
significantly associated with the simulated phenotype after correcting for multiple
tests.

We ran the GWA analyses on the simulated data for power analysis as
described above for the empirical data. However, there were a few necessary
exceptions. First, age and year of sampling were not simulated, and were therefore not
included as fixed effects in GWA analyses of simulated data for power analysis.
Additionally, initial testing showed that the power to detect simulated large effect
QTL was reduced when the QTL and linked SNPs were used to estimate the GRM
(consistent with the findings of Yang et al. (2014)). Therefore, in the analyses
presented below, we estimated the GRM using only the loci on the second
chromosome (i.e., only using SNPs that were not linked to the simulated QTL). We
used all of the simulated SNPs on the second chromosome (690 loci on average) to
estimate the GRM. This approximates the general scenario where a candidate QTL
region is excluded from estimation of the GRM, and a large number of loci unlinked
to the candidate region are used to estimate the GRM and thus to account for
polygenic effects and relatedness among the sampled individuals.

We evaluated statistical power using statistical significance thresholds ranging

from very conservative to very liberal. Using permutation on each simulated dataset
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was unreasonable due to the enormous computational requirements. We determined
‘conservative’ adjusted a values by applying the same Bonferroni-corrected statistical
significance thresholds as in the empirical analyses so that the power estimates would
reflect the probability of detecting large effect QTL in our empirical data. The
Bonferroni adjusted a values were determined by dividing 0.05 by 2,039,641 when
evaluating the power of the analysis of whole genome resequenced individuals with
extreme phenotypes. We divided 0.05 by each of the number of loci of interest
(37.8K, 50K, 100K, 250K, 500K, 1 million, and 2 million SNPs) when evaluating the
power of the SNP chip-based GWA analysis of patch size. To derive ‘moderate’, and
‘liberal’ adjusted statistical significance threshold values, we multiplied the
Bonferroni corrected statistical significance thresholds by 5 and 10, respectively. We
then estimated statistical power using the conservative, moderate, and liberal adjusted

statistical significance thresholds.

Effects of sample size, recombination rate, and effective population size on power of
GWA analyses
The power of GWA analyses is expected to be higher with increased sample size and
in populations where strong LD extends over longer chromosomal distances. To
extend inferences related to power beyond our empirical study, we evaluated power to
detect QTL with GWA analyses in simulated populations with a lower recombination
rate, and small N.. We also evaluated the effects on power of increasing the sample
size by 3 times compared to our empirical study.

The pattern of LD in collared flycatchers (Figure 1) is not representative of all
populations where GWA analyses will be done in the future. The relatively large N

and a high recombination rate (3.1 cM/Mb on average, (Kawakami et al. 2014b)) in
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the collared flycatcher act to reduce the chromosomal distance over which strong LD
extends compared to smaller populations, or populations with lower recombination
rates. Note, however, that LD is expected to extend even shorter distances in
populations with larger N, (e.g., as in some invertebrates). We conducted power
analyses using simulated populations with recombination rate of 1.03 cM/Mb (1/3
times the recombination rate in collared flycatchers, Kawakami et al. 2014b), which is
typical of the distribution of recombination rates among mammals (Dumont &
Payseur 2008). We also ran power analyses on simulated populations with diploid N.
= 1,500, assuming a higher mutation rate of x = 2x107 to ensure enough polymorphic
sites for the GWA analyses of these data to be comparable to the analyses of
simulated populations with larger N.. The physical size of the simulated chromosomes
was increased to 600 kb for simulations with low recombination rate and for
simulations with small N, in order to accommodate the increased extent of strong LD
in these scenarios (Figure S3). We held all other simulation parameters the same as
before. We ran the GWA and power analyses on the simulated populations with lower

recombination or smaller N, as described above.

Results

Whole genome resequencing

81 male collared flycatchers were resequenced to a mean genome-wide coverage of
18.4 X (range 9.6 - 27.0 X) and mapped to a repeat-masked version of the 1.1 Gb
reference assembly of the collared flycatcher genome. We applied highly stringent
filters for inclusion of sites in variant identification by requesting that a genotype had
been called for >95% of all individuals. After VQSR (with tranche sensitivity

threshold of 90%) and discarding singletons, 2,039,641 SNPs remained (1,928,286
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SNPs on autosomes and 111,373 SNPs on the Z chromosome) with mean MAF of
0.29 (s.d. = 0.13). Analysis of the resequencing data was repeated using a less
stringent tranche sensitivity threshold of 99% in the VQSR; this less stringent filtering
resulted in 4,376,065 SNPs remaining with mean MAF = 0.20 (s.d. = 0.13). We also
repeated the analysis of the resequencing data using SNPs called for >90% of all
individuals; this filtering resulted in 2,777,500 SNPs remaining after filtering. The
repeated analyses applying tranche sensitivity threshold of 99%, and retaining SNPs
called in >290% of all individuals did not substantively affect the results (data not
shown). The strict tranche sensitivity threshold of 90% preferentially removed low
MAF SNPs from the data set. The resulting high mean MAF means that the power to
detect QTL was maximized for the given number of SNPs distributed across the

genome.

GWA analysis of whole genome resequencing data

No SNP was genome-wide statistically significantly associated with patch size in the
analysis of whole genome resequenced males. The two SNPs with the lowest P-values
were located 14 base pairs apart within a large intergenic region located on
chromosome 2 (Figures 2 & S4). The closest annotated gene to these SNPs (CSMD3)
was located ~300 kb away. The GWA analysis indicated genomic inflation of the test
statistic (A = 1.11; Figure S5). The genomic estimate of patch size heritability in the

whole genome resequenced males was 4 = 0.48.

GWA analysis of 50K SNP chip data
There were also no SNPs genome-wide statistically significantly associated with

patch size in the analysis of SNP chip genotyped males (Figure 2). There was little
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genomic inflation in this analysis (A = 1.02; Figure S5). The genomic estimate of
heritability was 4”= 0.32. The values of 4> from analyses of whole genome
resequenced and SNP chip genotyped males are in the range of estimates based on
previous pedigree-based analyses (Qvarnstrom 1999). There were no SNPs that
simultaneously had exceptionally low P-values in the GWA analyses of whole
genome resequencing and SNP chip data sets (Figure S6). Further, the P-values from
the SNP chip- and resequencing-based GWA analyses were not even weakly
correlated (#* < 0.01). Variance component estimates with 95% confidence intervals

from each analysis are shown in Table 1.

Power analyses
Our simulations suggested that the power to detect QTL with large effects was
insufficient in both of the empirical analyses (Figures 3a, S7, and S8). The results
presented here in the main text are from analyses that used a medium statistical
significance threshold. The results from analyses that applied Bonferroni and liberal
statistical significance thresholds are presented in detail in Figures S7 and S8. Power
was high (> 0.8) only in the case of extreme phenotype sampling with whole genome
resequencing when Vya/V, was 20.15. The power to detect QTL with effect sizes of
Vqu/Ve = 0.05 and Vqu/V, = 0.10 in our whole genome resequencing analysis was then
0.06 and 0.44, respectively. The power to detect QTL with effect sizes of Vyu/V, =
0.05 and Vgu/V, = 0.2 in our analysis of the 415 SNP chip genotyped individuals
sampled independent of phenotype was 0.06 and 0.13, respectively.

The relationship between GWA analysis P-values and physical distance from
the simulated QTL with effect size of Vyu/V, = 0.05 is shown in Figure 4a. The great

majority of SNPs closely linked to the simulated QTL were not close to being
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statistically significantly associated with phenotype. For example, the median P-value
for SNPs located within 1 kb of the simulated QTL among 1,000 simulations of 81
whole genome resequenced individuals with extreme phenotypes was P = 0.15, which
is eight orders of magnitude larger than the Bonferroni corrected threshold of
statistical significance for the GWA analyses of resequenced individuals (2.5 x 10°%).
The median P-value for SNPs within 1 kb of the QTL in simulations of 415
individuals sampled independent of patch size was P = was 0.084, which is four
orders of magnitude larger than the Bonferroni corrected threshold of statistical

significance for the SNP chip-based GWA analysis (1.3 x 10°).

Effects of number of loci, sample size, recombination rate, and N, on power to detect
OTL
The number of loci used in the SNP chip scenario had a strong effect on statistical
power. However, using hundreds of thousands or millions of SNPs did not ensure that
power was high (Figure 3a). For example, power with 100K and 500K SNPs was less
than 0.3 and 0.75, respectively, for all simulated QTL effect sizes. Power to detect
QTL with effect size of Vqu/V, = 0.05 was <0.5 when using 2 million SNPs. At least 1
million SNPs were necessary to achieve power of 0.8 or higher for QTL with effect
sizes of Vqu/V, = 0.15 or 0.2 in this scenario (N = 415 individuals, Figure 3a).
Tripling the sample size (N = 243) substantially increased the power to detect
large effect QTL in the simulations of whole genome resequencing of extreme
phenotypes (Figure 3b). Specifically, power was > 0.8 for all simulated effect sizes,
and 100% of QTL with effect size of Vyu/V, > 0.1 were detected. Power was >0.9 for
all QTL effect sizes in the simulations of the SNP chip scenario when 1-2 million

SNPs were used and the sample sizes were tripled to N=1,245 (Figure 3b). However,
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power was quite low (<0.4) for all QTL effect sizes when 100 K or fewer SNPs were
used and the sample sizes were tripled.

Next we evaluated the effects on power of increased LD due to lower
recombination rate (1.03 cM/Mb instead of 3.1 cM/Mb) in the simulated populations.
The recombination rate did not strongly affect the power to detect QTL with whole
genome resequencing of extreme phenotypes or when 2 million SNPs were used in
the SNP chip typing of randomly sampled phenotypes scenario (Figure 3¢). However,
the lower recombination rate resulted in moderately higher power to detect QTL in
the SNP chip scenario when relatively few loci were used and the QTL effect size was
large. For example, the power to detect QTL with Vyy/V, = 0.2 with 100K SNPs was
0.48 in simulations with a low recombination rate, and 0.27 in simulations with a high
recombination rate. The general effect of a lower recombination rate in the SNP chip
scenario was that power was closer to that of the whole genome sequence for any
given number of SNPs used for GWA analysis (Figure 3c¢).

Reducing the N, of the simulated populations substantially increased power of
the GWA analyses for all numbers of loci considered (Figure 3d). Increased power
with smaller N, was limited to relatively small effect size QTL in the whole genome
resequencing or extreme phenotypes scenario, and in the SNP chip scenario when 2
million SNPs were used in the GWA analyses (Figure 3d). Power increased
dramatically with smaller N, in the SNP chip scenario for analyses based on relatively
few SNPs. For example, power to detect QTL with effect size of Vqu/V,= 0.1 using
37.8K SNPs was 0.08 in populations with large N., and 0.76 in populations with small
N, (Figure 3). Power was > 0.67 for all QTL effect sizes and numbers of loci in the

SNP chip scenario with small N. (Figure 3d).

21



527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

Discussion

Our analyses revealed no genome-wide significant loci for variation in male forehead
patch size, despite moderate narrow sense heritability and typing nearly all
polymorphic sites in the genome in 81 individuals with extreme phenotypes. This
finding suggests that the additive genetic component of the variance in patch size is
determined by a large number of loci with individually small effects (i.e., that patch
size is polygenic), and that large effect loci for patch size do not exist. This is
consistent with previous studies showing that patch size is condition-dependent
(Gustafsson ef al. 1995) and with previous suggestions that condition-dependent,
sexually selected traits are likely to be governed by a large number of loci with
individual small effects (Rowe & Houle 1996), largely due to the potentially huge
number of genes affecting condition. However, as discussed below, low power of the
GWA analyses of patch size means we cannot confidently conclude that large effect

loci for patch size were not present.

Patch size heritability

Our results suggest that patch size had moderately high heritability. We found higher
estimated narrow sense heritability of patch size in the analysis of whole genome
resequenced individuals with extreme phenotypes (4* = 0.48) than for SNP chip
genotyped individuals sampled independent of patch size (h* = 0.31). This difference
in 4 between analyses is likely due to an enrichment of the genetic variance in patch
size in the group of sampled individuals with extreme phenotypes. Thus, the strategy
of sampling extreme phenotypes appears to have been successful in maximizing the
additive genetic variance for the trait, and thus increased the power of this analysis

relative to analyses based on individuals sampled randomly with respect to patch size.
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However, this difference could be due to a lower number of whole genome
resequenced males (81) compared to SNP chip genotyped males (415). Indeed, the
number of samples has been found to have stronger effects than the number of typed
sites on the precision of /” estimates (Stanton-Geddes et al. 2013). Nevertheless, both

estimates of heritability suggest that patch size is considerably heritable.

Power to detect large effect QTL

The inference of the absence of large effect SNPs for patch size assumes that we
would have detected loci with large effects on patch size if they existed. We sampled
81 males from the ends of the distribution of patch size distribution to enrich for total
and additive genetic variance of patch size, thus maximizing power given the number
of individuals available for sequencing (Gurwitz & McLeod 2013). Whole genome
sequencing of these males means that essentially all SNPs in the genome were
screened, thereby nearly eliminating the problem of low or no LD between the typed
SNPs and causal loci. SNP chip typing a larger number of samples (415) as in the
analysis of males selected independent of patch size is expected to reduce the
sampling error of estimated SNP effects at the typed loci. However, as previously
noted, random sampling with respect to the phenotype reduces the phenotypic and
additive genetic variance for the trait compared to when samples are selected from the
phenotypic extremes. Additionally, using a low density SNP chip means that only a
very small fraction of the genome was effectively screened for phenotypic effects
because strong LD extended less than 10-20 kb in our study population (Figure 1).
Our power analyses suggest that the power to detect large effect QTL was low in all
cases, even when the causal loci were directly screened for genotype-phenotype

associations (Figures 3a and 4a). Thus, the power analyses suggest that our empirical
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data were not sufficient to confidently determine whether SNPs with large effects on
patch sized segregated in the study population.

The power analysis results presented here should be useful to future attempts
to dissect the genetic basis of complex traits in natural populations. First, the problem
of very low LD between typed markers and the great majority of functional positions
in the genomes is likely to be characteristic of many studies on natural populations in
the future. The distance over which strong LD persists is determined by N, (the
strength of genetic drift), historical fluctuations in population size, population
subdivision, population admixture, and the recombination rate (Slatkin 2008). Thus,
genomic patterns of LD vary considerably among species and populations. For
example, strong LD extends over large chromosomal distances in humans (Reich et
al. 2001), domesticated sheep and cattle (McKay et al. 2007; Meadows et al. 2008),
and three-spined sticklebacks (Hohenlohe et al. 2012). However, LD decays much
more rapidly in the collared flycatcher (Kawakami et al. 2014a) (Figure 1), and
invertebrates such as the nematode Caenorhabditis remanei (Cutter et al. 2006), the
fruitfly Drosophila melanogaster (Mackay et al. 2012) and the mosquito Anopheles
arabiensis (Marsden et al. 2014). Rapid decay of LD with increasing chromosomal
distance means that QTL are more difficult to detect via association analyses of linked
SNPs. However, the flipside of this problem is that causal variants are more difficult
to pinpoint within QTL regions in species with low recombination rates or small N,
where genotype-phenotype correlations may be due to causal variants located far
away from genotyped loci (Figure 4b).

Our results suggest that it will often be necessary to have many SNPs very
closely linked to a QTL with large effects to reliably detect its phenotypic effects

(Figures 3 and 4), particularly in populations where strong LD extends over only short
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distances. We suggest that extremely high marker density (approaching whole
genome sequence) and very large samples will often be necessary to reliably detect
QTLs in populations with weak LD (e.g., due to high recombination rates or large N.).
However, investing in whole genome resequencing will result in smaller increases in
power to detect QTL compared to very high density SNP genotyping approaches in
study systems with low recombination rate and/or small N, and thus strong LD
extending over larger chromosome segments (Figures 3 and 4).

A notable result of the simulation-based power analyses is that the power to
detect a large effect QTL (e.g., Vqu/V,= 0.1) can be low when the causal SNP itself is
directly screened for a genotype-phenotype association (Figure 4). Clearly, this is
caused by relatively small sample sizes and adjusting statistical significance
thresholds to correct for multiple testing. For example, P-values smaller than 2.5x10™
are necessary to identify candidate QTL when 2 million loci are used in a GWA
analysis and a standard Bonferroni correction is applied along with an a value of 0.05.
Thus, having every SNP in the genome genotyped means that the sample sizes may
often need to be very large for large effect QTLs to consistently surpass reasonable
statistical significance thresholds. However, as our simulations (Figure 3) and other
results from humans (Barnett et al. 2013; Emond et al. 2012; Gurwitz & McLeod
2013; Li et al. 2011; Perez-Gracia et al. 2002) demonstrate, sampling from the ends
of the distribution of phenotypes can dramatically decrease the number of individuals
necessary to achieve high power. Resequencing of samples from the ends of the
phenotype distribution is therefore a promising approach to identify the genetic basis
of phenotypic and fitness variation in natural populations where budgets and sample

sizes are often small.
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OTL mapping prospects in natural populations
Several affordable and relatively large-scale genotyping technologies including
genotyping by sequencing and SNP genotyping arrays have emerged in the last
several years, making it possible to genotype thousands to hundreds of thousands of
SNPs in any organism (Allendorf ef al. 2010; Davey ef al. 2011). There has been
much excitement about the potential for new genotyping or genotyping-by-
sequencing technologies to help elucidate the genetic basis of phenotypic and fitness
variation in natural populations (Slate et al. 2009; Stapley et al. 2010). However, the
simulations here along with previous results (Spencer et al. 2009) suggest that reliable
detection of QTL with large effect sizes will often require on the order of several
hundred thousand SNPs or whole genome sequence, along with very large sample
sizes to reliably detect large effect size QTL with GWA analyses. Thus it may be the
case that sub-genome scale genomic data will be insufficient to reliably detect large
effect QTLs in many other study systems where LD decays rapidly.

A notable result from our simulations is the dramatically higher power of
GWA analyses based on relatively few loci (e.g., SOK- 100K SNPs) in populations
with small N, (Figure 3d and 4b). This suggests that the prospects are good for
detecting large effect QTL in populations with small N. where LD is likely to extend
over very large distances (e.g., in long term studies of isolated populations on habitat
islands). Our simulations of small populations assumed N, = 1500 and a
recombination rate of 3.1 cM/Mb. Populations with smaller N, and/or lower
recombination rates are expected to have strong LD extending over longer distances
than in these simulations. Therefore power to detect large effect QTL with GWA
analyses based on tens of thousands of SNPs and sample sizes only in the hundreds

may be quite high in some study populations.
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The genomic pattern of LD has been described in detail in relatively few non-
model species. Given its importance for the development of efficient tools for the
detection of the genomic basis of phenotypic and fitness variation, describing LD in
detail in taxa where fitness and phenotypic data are accumulating will greatly aid in
the efforts to identify QTLs in these species. We suggest that future GWA studies
should report the genomic pattern of LD and estimates of power to detect large effect
QTL, and interpret results in light of whether power is likely to be high or low given
the observed pattern of LD and the sampling design.

Clearly, if LD is weak and few SNPs are used for GWA analyses only a small
fraction of the genome can be effectively scanned for QTL and therefore QTL with
even very large phenotypic effects will frequently be missed. Nevertheless, QTL have
been detected via GWA analysis in natural populations using small numbers of loci.
For example, a recent GWA analysis of parasite burden in red grouse (Lagopus
lagopus scotica) based on only 271 SNPs identified 5 genome-wide statistically
significant QTL (Wenzel et al. 2015). How can the low power of GWA association
analyses using sparse SNPs be reconciled with the successful identification of
candidate QTL in such studies? One possibility is of course that many of the QTL
reported in highly underpowered studies (e.g., where only hundreds to a few thousand
SNPs are typed in large genomes) represent false positives, because very low power
means that a large proportion of positive results are expected to be false (Christley
2010). Ideally, reported QTL should be replicated in an independent sample(s),
though this is not always possible in studies on natural populations. As a result of low
power in combination with a possible bias towards publication of positive results,
false positives could be overrepresented in the literature. Alternatively, underpowered

GWA analyses may frequently detect a small number of true QTL (usually
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overestimating their effect sizes, Goring et al. (2001)) due to the presence of a large
number of QTL with individually small effects if the trait is polygenic. In either case,
both of these scenarios will not substantially advance our understanding of the genetic
basis of quantitative traits in natural populations. Identifying a handful of QTL that
together explain a tiny fraction of trait heritability is of limited use because many
other undetected genes and biochemical pathways are involved but overlooked.
Indeed, focusing interpretation of results on the functions of a few small effect QTL
that happen to reach statistical significance is likely to provide a biased view of the
genetic and biochemical mechanisms underpinning trait variation.

Insufficient power to detect large effect QTL has other important implications
for investigations into the genetic basis of phenotypic and fitness variation in natural
populations. For example, one question of great interest in evolutionary biology is
whether quantitative traits are generally governed by a very large number of genes
with individually small effects or whether a substantial proportion of variation is due
to large effects of a small number of genes. As demonstrated here, caution is required
in interpreting the apparent absence of large effect loci as evidence for a polygenic
architecture of quantitative trait variation if power to detect QTL is low. Low power
to detect large effect QTL also makes it difficult to rigorously compare the genetic
architecture of different traits within natural populations. Describing architectural
differences in such traits is important for our understanding of how standing genetic
variation affects different traits and how these traits might respond to selection. Large
effect loci may be detected for some traits while QTL with similarly large effects are
not detected for other traits of interest. We emphasize that it should clearly be
acknowledged that apparent differences in the genetic architectures of different traits

may be caused by low power to detect large effect QTL, rather than differences in the
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distribution of effect sizes of QTL among different phenotypic characteristics or
fitness components.

Pedigree-based QTL linkage mapping studies might often have higher power
than GWA approaches to detect large effect QTL because LD will obviously extend
over longer chromosomal distances within families than in samples of unrelated
individuals typical of GWA studies (Schielzeth & Husby 2014). Indeed, candidate
QTL have been detected via linkage mapping (e.g., Poissant et al. 2012; Johnston et
al. 2010), with some studies involving controlled crosses (Laporte ef al. 2015) or
breeding in captivity (Knief et al. 2012; Schielzeth et al. 2012). However, previous
simulations suggest that the power to detect large effect QTL has been quite low (e.g.,
power was estimated at 0.33 for QTL explaining >10% of phenotypic variance) in
some of the most powerful linkage mapping studies carried out to date (Slate 2013).
Another limiting factor is that multiple generation pedigrees are only available in few
study systems, thus limiting the usefulness of pedigree-based QTL mapping to
relatively few species and phenotypic traits. Potentially increased power due to longer
range LD is balanced by decreased precision in pinpointing causal loci among those
linked to identified QTL. A more general understanding of the genetic basis of
phenotypic and fitness variation in natural populations will likely require application
of very large-scale genotyping or sequencing technologies in GWA studies of large
samples of individuals in many natural populations representing a broad diversity of
taxa and evolutionary histories. Fortunately, this goal is becoming within reach as the
repertoire of genomic resources available for non-model organisms expands rapidly

(Ellegren 2014).
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Table 1. Variance component estimates from GWA analyses. 95% confidence
intervals calculated in RepeatABEL are provided in parentheses.

Sample

Va

Ve

Ve

Whole Genome (N = 81)
50K SNP Chip (N =415)

251.67(161.4, 392.5)
69.82(55.8, 87.4)

171.91(102.1,289.5)
57.43(45.4,72.7)

101.82(75.6, 137.1)
88.45(79.2, 98.8)
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Figure 1. The relationship between the strength of linkage disequilibrium (+*) and
physical distance in 81 whole genome resequenced collared flycatcher males The data
shown are from 250,000 randomly selected SNPs from the 81 whole genome
resequenced collared flycatchers. * was calculated using the --r2 function in PLINK
(Purcell et al. 2007), and is shown for each pair of SNPs separated by 50 or fewer kb.
The solid line represents a loess function fitted to the rolling mean of #* calculated in
non-overlapping windows of 100 base pairs. The dashed lines represent loess
functions fitted to the rolling 5% and 95% quantiles of 7* in the same non-overlapping
100 base pair windows.
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Figure 2. Manhattan plots of -log;o(P-value) from GWA analyses of patch size based
on whole genome resequencing of 81 males (a) and S0K SNP chip genotypes from
415 males (b). Chromosome identity is shown on the x-axis, and the P-values are
arranged according to physical SNP positions on each chromosome (assuming 5 kb
gaps between adjacent scaffolds). Dashed lines are permutation-based statistical
significance thresholds, and the dotted lines are the Bonferroni statistical significance
thresholds of statistical significance. Only SNPs with —logo(P-value) > 2 are shown
for clarity in a.
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Figure 3. Influence of QTL effect size, sample size, recombination rate, and N, on
statistical power in GWA analyses. Results are shown from simulations with samples
sizes equal to the empirical GWA analyses (a), when the simulated sample sizes are
tripled (b), when the recombination rate was low (1.03 cM/Mb instead of 3.1 cM/Mb)
(¢), and when the simulated populations had N, = 1,500 instead of N. = 37,500 (d).
Left panels show results from GWA analyses of whole genome resequenced
individuals sampled with extreme phenotypes. Right panels show results from GWA
analyses of individuals sampled independent of phenotype and genotyped with a 50K
SNP chip. The results shown here are from analyses using the medium statistical
significance threshold as described in the methods. Results from analyses of the same
simulated data using conservative and liberal statistical significance thresholds are
shown in Figures S7 and S8, Supplementary Materials.
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Figure 4. Effects of physical distance from a QTL on P-values from GWA analyses
of simulated data. Results are shown from simulations where the effect size of the
QTL was Vqu/V, = 0.05 in populations with N, = 37,500 (a) and N = 1500 (b). The P-
values are from every SNP in 1000 simulations mimicking our GWA analyses of 81
whole genome resequenced individuals with extreme phenotypes (left panels) and
GWA analyses of 415 males sampled independent of patch size (right panels). The
solid lines represent the median P-value calculated in 1 kb windows across the
simulated chromosome. The broken lines represent the ‘medium’ statistical
significance thresholds as indicated in the legends. Blue points at position zero on the
X axis represent P-values from the simulated causal SNPs, and orange points represent
P-values from SNPs linked to the causal locus. Note the range of the x axis is
different in a and b.
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