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Abstract
Genetic association studies have been used to examine the genetic basis of
many diseases. They have found genomic markers which contribute to risk for a
number of diseases. However, genetic association studies have failed to explain
the large genetic contribution to complex traits such as height.
In this report, we examine the feasiblity of using artificial selection experiments on model organisms (specifically, Drosophila melanogaster ) to improve
the performance of genetic association methods and understand the nature of
genetic associations better. We use simulated artificial selection experiments
on Drosophila melanogaster to generate genotype data and perform association
using sparse regression methods. We demonstrate that this approach improves
the accuracy of association methods at recovering causal polymorphisms for a
range of allele frequencies and effect sizes.
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Introduction

Many diseases (and other traits) are inherited familially. Genetic association
studies involve finding the polymorphisms in whole-genome genetic data that
are responsible for specific phenotypic traits (often diseases) [Consortium, 2007].
Many candidate polymorphisms in the genome have been found to have effect
in diseases such as diabetes [Saxena et al., 2007, Sladek et al., 2007], Crohn’s
disease [Libioulle et al., 2007], prostate cancer [Thomas et al., 2008], breast cancer [Antoniou et al., 2008, Eeles et al., 2008]. These and many other genomewide association studies have helped improve our understanding of many diseases. However, they have been unable to explain the large fraction of genetic
contribution to phenotypic diversity of traits such as height.
In this report, we examine how artificial selection experiments on model organisms can be used to improve association studies. Section 2 examines the
the current status of association studies and the challenges they face. Section 3
describes the history of artificial selection experiments and summarizes existing
methods of genetic association. We explain the artificial selection approach in
more detail in Section 4. Section 5 contains the results of preliminary experiments on simulated data from Drosophila melanogaster and Section 6 discusses
future work in this direction.

2

Genetic association studies

As outlined earlier, association studies have vastly improved our understanding of many complex traits. Underlying these studies is the “common disease,
common variant” assumption, which hypothesizes that common diseases are
affected by common allelic variants present in more than 1-5 % of the population [Collins et al., 1997, Pritchard, 2001]. Current SNP chips capture millions
of such variants and thus provide a convenient way of setting up such studies.
To analyze the utility of association studies, it is helpful to analyze quantitative traits in terms of their heritability. The heritability of a trait is defined
as the fraction of the phenotypic variance of the trait that can be explained
by additive genetic factors [Hindorff et al., 2009]. Another important idea that
helps our understanding of association studies is the effect of a allele variant, or
the increase in the risk of having the disease due to the presence of the variant.
The aim of association studies is to find alleles that have some (large or small)
effect and account for as much of the heritability of the trait as possible.

2.1

Current status of genetic association studies

Genetic association studies are usually set up in one of three different ways:
Familial studies In familial studies, pedigrees with a known history of a
particular disease are genotyped. This avoids the problem of population stratification (an important problem occuring in association studies that will be
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explained in more detail in Section 2.2). However, the restriction on the individuals that can be included in the study limits the power of the method in
finding associations.
Case-control design Case-control studies involve a comparison between the
genotypes of two sets of individuals characterized by presence or absence of
the phenotype of interest. Cases are a group of individuals who exhibit the
phenotype of interest (a diease or a complex trait). Controls are individuals
who do not show prevalence of the phenotype. The underlying assumption is
that genotypic differences (in terms of the frequency of certain allelic variants)
between cases and controls are likely to be at markers which are causally related
to the phenotype being studied.
In most recent studies, association studies are set up using a case-control
design.
Population cohorts Rather than designate two different sets of individuals
as cases and controls, population cohorts follow a single set of individuals over
a longer period of time, collecting phenotypic information for multiple traits.
This limits the number of “cases” for a particular disease that might be present
in the cohort, but the resulting data includes a lot of longitudinal information
about multiple phenotypes that can be useful for other studies of diseases. In
particular, environmental and lifestyle information about the cohort can also
be used to study the effect of epigenetic factors on various traits [Wong et al.,
2004]. It also allows for the study of pleiotropy [Cordell and Clayton, 2005],
which is the phenomenon by which a single allelic variant of a gene can affect
multiple traits, which may or may not be known to be functionally related.
For certain diseases such as age-related macular degeneration, it has been
found that only a few common variants having large effects account for most of
the heritability of the trait. Scenarios such as these are conducive to analysis
by genome-wide association studies. In many other diseases, most common
variants only add small increments to the disease risk and explain only a small
percentage of heritability. An example of such a trait is human height, with an
estimated heritability of 80%. Genome-wide association studies have indicated
∼40 loci that might be associated with human height, but they explain only
5% of the phenotypic variance of human height. Similar problems have been
encountered when trying to explain the heritability of other complex traits using
association studies. Below we discuss some more of the challenges that are faced
when performing association studies.

2.2

Challenges in genetic association studies

Population stratification Case-control studies are based on the assumption
that genotype differences between cases and controls are likely to be causually

3

related to the phenotype. However, if there is unidentified population stratification between the cases and controls, this assumption does not hold true. If
the cases disproportionately represent a genetic population in comparison to
the controls, then any SNP with allele frequencies differing between the cases
and controls will (incorrectly) be found to be associated with the phenotype,
when it is only truly associated with distinguishing case or control status. A
variety of methods have been proposed to identify and correct for population
stratification in association studies [Price et al., 2006, Pritchard et al., 2000,
Puniyani et al., 2010, Roeder et al., 1998].
Insufficient sample size It has been suggested that the partial success of
genetic association studies could be a result of not sampling enough individuals.
Small sample sizes could result in rigorous tests of statistical significance failing
to identify variants of small or moderate effects as causal. Recent work by
Yang et al. [2010] suggests that increasing sample sizes identifies new SNPs
that allow us to explain up to 40% of the heritability of human height. While
this is a significant improvement, it still accounts for only half of the estimated
heritability of the trait.
Single locus association statistics Many traditional tests for association
are single-locus tests for statistical significance. Due to the large number of
statistical tests that have to be performed for all genotyped SNPs, a correction
factor must be applied to the test statistic to avoid false positives. A commonly
used correction is the Bonferroni correction, by which the test statistic is reduced
by a factor of the number of SNPs. This assumes that all the tests performed are
independent. However, due to linkage disequilibrium, SNPs are correlated and
therefore the tests are not independent of each other. The Bonferroni correction,
therefore, is too conservative and ignores weak associations.
Effect size distribution The early genome-wide association studies have
been able to identify candidate SNPs that have large effects. The undiscovered
causual variants are likely to have smaller effects. Therefore finding newer candidate loci in association studies is likely to be a harder problem [Park et al.,
2010].
Comon disease, rare variants Current SNP chips capture variation only
at loci where the minor allele frequency (MAF) is between 1-5%. However, low
frequency (MAF ≤ 1%) variants and rare variants (MAF ≤ 0.01 %) are not
captured. Since many traits are multifactorial, a relatively small number of rare
variants with moderate effect could account for a large percentage of the trait
heritability.
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Related work

Genetic association and artificial selection have both been widely studied. Below, we briefly describe some of the related work in both these areas.
Historically, breeding of plants and animals after domestication can be considered to be artificial selection. The first recorded artificial selection experiments were performed only after 1945 [Hill and Caballero, 1992]. They were used
to show that almost any quantitative trait could be altered, that the response
was due to change in gene frequencies and that many genes must be involved.
Artificial selection experiments have been used for understanding trait variation,
estimating genetic covariances, correlations among traits [Garland Jr, 2003, Hill
and Caballero, 1992].
Traditional methods for genetic analysis of diseases used techniques such
as linkage analysis of candidate markers or genes and quantitative trait locus (QTL) mapping using one marker and one phenotype at a time [Easton
et al., 1993], followed by a correction for multiple hypothesis testing [Benjamini
and Hochberg, 1995, Storey and Tibshirani, 2003]. Recently, methods have
been developed that enhance power by allowing analysis of multiple markers
at once [Balding, 2006]. Methods such as eigenanalysis [Price et al., 2006] and
regression [Cordell and Clayton, 2002] can perform simultaneous analysis of
multiple markers for associations. Mixed models such as EMMA [Kang et al.,
2008] extend the regression framework to model the association problem (with
confounding variables) as a linear mixed model.
Model organisms have been used to finding genetic associations in many
earlier studies, using various experimental methods such as developing transgenic animals or gene knock-out experiments. Artificial selection experiments
have also attempted to use allele frequency data to find markers associated with
traits. To our knowledge, this work represents the first attempt at using artificial selection experiments to perform genetic association using genotype data.
Potentially, this will allow us better control over the data, and avoid problems
such as low causal allele frequencies or population stratification.

4

Proposed approach

We propose an artificial selection setup for finding genetic associations. Artificial selection experiments belong to a class of experiments know as laboratory
selection [Hill and Caballero, 1992]. Laboratory selection experiments are a
useful tool for studying evolution. They can be used to answer questions about
adaptations, trait associations, etc [Garland Jr, 2003]. In artificial selection
experiments, individuals are chosen to propagate the next generation if they
express particular values of a desired phenotypic trait. These experiments allow
the experimenter more control over the selection experiment.
The artificial selection experiment setup involves two sets of individuals, a
selected group and a control group. The control group is a set of individuals
on which no selection is performed. The selected group undergoes selection
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according to a regime of selection strength and consistency as chosen by the
experimenter. As described earlier, individuals from the selected group are
chosen to reproduce to form the next generation if they express particular values
of a phenotypic trait. For most traits, selection can be performed to obtain
either high values of the trait or low values of the traits. Artificial selection
experiments therefore often have two selected sets of individuals, one group
selected for high values of the traits and the other selected for low values of the
trait. To ensure that the experiment results are due to selection and not due to
genetic drift, the experiment is often performed with more than one replicate.
The steps in an artificial selection experiment are:
1. Begin with an initial population of individuals as the current generation.
2. Measure the value of the phenotypic trait chosen for selection in all individuals in the current generation.
3. Individuals whose phenotype value matches a prespecified criterion for
the phenotype (for example, trait value larger than an absolute or relative
threshold) are chosen to be the parents for the individuals in the next
generation.
4. The chosen parents are allowed to mate to produce a new generation of
individuals. The number of individuals created is the same as that in the
original population.
5. Repeat steps 2-4 with the new population.
Steps 2-5 are performed for the number of generations chosen by the experimenter.
We propose to set up an artificial selection experiment by breeding Drosophila
melanogaster for a trait of interest. We can then genotype (some of) the generations of individuals created during the artificial selection experiment. The
sequenced genotypes and measured phenotypes can then be used for performing
association between genotype and phenotype.

4.1

Technical Approach

We will use sparse linear regression from the genotypes on to the phenotypes
to recover associations. As described in Section 3, sparse regression methods
have previously been successfully used in association studies. The association
problem is modeled as a regression problem, with the the genotypes at each
locus being the covariates and the phenotype as the dependent variable. The
regression coefficients then allow us to estimate the significance of the association
between the locus and the phenotype.
We used the lars package by Efron et al. [2004] to perform the sparse regression. For computational efficiency, lars was only run for 10 steps, thus recovering
the 10 loci that have maximum association with the phenotype.
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Preliminary results

For simulating the artificial selection experiment, we used the code provided
by Dr. Hudson (personal communication). In the setup, selection and recombination is assumed to occur on females only. We assume that there are no
dominance effects and that loci have only additive effects. The parameters to
the code are the recombination rate between the ends of the chromosome, the
number of ancestors, the number of segregating sites and the number of ancestors, the positions, frequencies and heredities of the QTLs. The recombination
probability (between the ends of the chromosome) is set to 0.25 across all experiments, and the number of ancestors is set to 100. Each generation has 400
individuals. From the simulation code, we can extract genotype and phenotype
data from any generation of the selection experiment.

5.1

Design of experiments

With the artificial selection experiment setup described above, there are many
questions that must be answered when analyzing the utility of the experiment
with respect to recovering genotype-phenotype associations. The primary questions we address are:
• What is the effect of using data from different generations on the recovery
of associations?
• What is the effect of varying the amount of total heredity of the phenotype?
• How much data do we need to recover associations correctly?
• What is the effect of per-locus heredity on the recovery?
• What is the effect of changing the total number of segregating sites on the
recovery?
We will design our experiments to address these questions. The question of
effects of heredity is crucial to all our analyses and therefore heredity will be a
parameter in all the experiments we design. To address the question of effect of
number of segregating sites on recovery, each experiment will be performed at
two different settings, with number of segregating sites set to 2,000 and 50,000
in the two cases. The number of QTLs affecting the phenotype is set to two,
with heredity shared equally, unless specified otherwise. At each experimental
setting, 20 independent selection runs are used to compute the score statistics.
To quantify how well associations are recovered, we define a measure of accuracy
below.

5.2

Evaluation measure

Association studies generally use p-values as a measure of evaluating how well
associations are recovered. P-values are usually computed using permutation
7

tests, with many (105 − 106 ) permutations. However, since we are performing
a very large number of simulations, this would be computationally prohibitive.
Instead, we define a new measure for evaluating recovery based on our knowledge
of the ground truth about the QTLs that affect the phenotype.
Since we use a sparse-regression based approach with only 10 steps, the
regression output is a list of 10 loci. The loci are ordered in non-increasing
order of their association with the phenotype. Therefore, we use the rank of the
known QTLs in this list as an accuracy measure. In particular, the evaluation
measure is given by the sum of the ranks of the known QTLs in the list of loci
output by the regression. Thus, in a case with two QTLs, the ideal regression
output would have the two QTLs ranked 1 and 2 in the output list, thus giving
an error measure of 3. Similarly, for a case with three QTLs, the error measure
would be at least 6. If a known QTL is not found the the regression output list,
a penalty of 10 is added to the score measure.

5.3

Effect of generations

First, we will analyze the effect of using data from various generations on the
recovery of associations. Two natural choices are:
• Use data only from the final generation of the artificial selection.
• Use data from the initial and final generation of the artificial selection.
This has the advantage of having double the number of individuals (compared to the previous option) and also having large variation in the phenotypes and genotypes of the two generations.
To examine the effect of using data from various generations on the recovery of
associations, we will use variations of the second scheme described above. We
will use data from generation X (X = 1/7/13/19) and the final generation to
do the regression. We will also compare the results to using data from only the
final generation.
Figures 1(a) and 1(b) show the results of using data from different generations on the recovery. For easy visual interpretation, we have shown only the
mean value of the score at each experimental setting.
From the figures, we can see that using data from two generations is almost
always better than using data from just the final generation. The only exception
is when data from the 19th and 20th generations is used for the regression. In
this case, the behavior is almost identical to that seen when using data only
from the final generation. Both these observations suggest that genotypic and
phenotypic diversity in the data is important for the regression to work well.
However, this could also be in part due to the larger number of individuals that
the regression involved. We will examine how the number of individuals chosen
has an effect on association recovery later.
Another interesting effect we observe is that the performance of the regression with only data from the final generation becomes worse as the total heredity
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Figure 1: Effect of changing the initial generation on the recovery of associations.
The solid line shows results when only data from the final generation is used for
regression. The dashed line shows results when data from an initial generation
and the final generation is used. The different colors indicate different choices
of initial generations 1,7,13,19.
of the phenotype increases. This could be because the increased correlation between genotype and phenotype results in reduced variance in the phenotype in
the data used for regression. We are still exploring this effect and more analysis
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is needed to explain this behavior satisfactorily.
We also observe that the results are not significantly affected even when the
number of sites is increased to 50000. There are minor effects on accuracy as
seen in the mean scores, but the overall behavior is nearly the same. This is an
encouraging sign since the real data will be quite large in size.

5.4

Effect of number of individuals

A possible reason for the good performance of using data from two different generations could be the increase in the number of individual samples. To examine
whether the number of individuals has an impact on accuracy, we replicated
the experiments using only half the number of individuals (200) from each generation. Figures 2(a) and 2(b) show the results of those experiments. In this
case, we show the boxplot of the score statistics for each experimental setting.
A small random jitter has been added to the scores for ease of visualization.
From the figures, we can see that accuracy is not affected even if the data
size is halved. This suggests that the improved performance earlier is not just
due to an increase in data size. Another thing to note is that accuracy is not
significantly affected even if the number of sites is increased to 50000, though
there are more errors than in the case with 2000 sites.

5.5

Effect of phenotype values

The previous experiment suggests that phenotypic/genotypic diversity, and not
the number of individuals, is the important factor in determining the accuracy of the regression. To understand this, we need to examine whether the
actual phenotypic values are important for accuracy or if it suffices to replace
the phenotype by a dummy variable indicating the generation it comes from.
In particular, we will replace the phenotype of individuals in the initial generation by a ‘0’ and the phenotype of individuals from the final generation by
a ‘1’, and perform the regression on the modified data. We also perform the
regression using half the data to examine the effect of the number of individuals
simultaneously.
Figures 3(a) and 3(b) show the results of the experiments. We can see
that the associations are still recovered correctly, even when using only half the
data from each generation. This suggests that the important factor affecting
accuracy is phenotypic diversity, rather than number of individuals. However,
the experiment suggests that just the presence of phenotypic diversity, rather
than the actual phenotype values, are important for accuracy. We should note,
though, that this could be due to our particular choice of a rank-based evaluation
measure, and that a more sensitive evaluation measure that actually measures
the strength of the association (through a regression coefficient) might show
that phenotypic values do have an effect on accuracy.
From the figures, we can also see that the accuracy is higher in the case with
2000 sites than in the case with 50000 sites, as suggested by the larger number
of high error values in Figure 3(b). Similarly, the higher error values in the red
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Figure 2: Effect of number of individuals on the recovery of associations. The
green boxplot shows results with full data - 400 individuals from the initial
generation and 400 from the final generation. The red boxplot shows results
with only half the number of individuals from each generation. The blue line
shows the ideal score.
boxplot (half data per generation) compared to the green boxplot (full data per
generation) suggests that the number of individuals does have a small effect on
the accuracy.
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Figure 3: Effect of replacing phenotype values by a dummy variable on the
recovery of associations. The green boxplot shows results with full data - 400
individuals from the initial generation and 400 from the final generation. The
red boxplot shows results with only half the number of individuals from each
generation. The blue line shows the ideal score.

5.6

Effect of total heredity and number of QTLs

All the previous experiments involved two QTLs determining the phenotype. In
this experiment, we shall examine the effect of changing the number of QTLs
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that contribute a fixed value of heredity. For this experiment, we shall vary
(total) heredity values from 0.1 to 0.5 in steps of 0.1. The number of QTLs
will vary from 2 to 7. For each (total heredity value,number of QTLs) pair,
the heredity will be shared equally among the QTLs. Figure 4 shows the ideal
score graph for the various experimental settings. In the ideal case, the score
measure will be constant for a particular number of QTLs regardless of the total
heredity.
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0.5

Total Heredity

Figure 4: The ideal score graph for varying the number of QTLs and total
heredity. The score increases as the number of QTLs increases regardless of the
total heredity.
For the two cases of 2000 and 50000 sites, we shall report the error as the
deviation of the mean score from the ideal score. The deviations will therefore
be non-negative, and a lower deviation would be desirable. Figures 5(a) and 5(b)
show the results of the experiment for the two cases.
From the figure, we can see the effect of changing the total heredity and
number of QTLs. In this experiment, we can clearly see the effect of the total
number of sites on the association recovery. In the absence of such an effect,
both effects would be identical, or at least similar, but we see a significant
difference between them, with accuracy being noticeably worse in the case with
more sites.
In both figures, we can see that the deviation increases (accuracy decreases)
as either the number of QTLs increases or the total heredity decreases. It is
also interesting to note that total heredity and the number of QTLs are both
important here, rather than just the heredity per QTL. This can be seen in
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Figure 5: Effect of changing total heredity and number of QTLs. The effect is
measured as a deviation from the ideal score, and a lower deviation is desirable.
Each color value indicates a particular numerical value of the deviation. Both
graphs are plotted with the same color scale for ease of comparison. Red colors
indicate low deviation and lighter colors indicate higher deviation.
Figure 5(b) by observing that the deviation is different for the cases of (total
heredity=0.4,number of QTLs=6) and (total heredity=0.2,number of QTLs=3).
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6

Discussion

The above experiments suggest that regression methods are effective in recovering associations for a considerable range of heredity values and number of
QTLs, though we must be careful when we believe that the total heredity is
low and the number of QTLs is high. Phenotypic diversity is the important
factor in recovering associations accurately, though the number of individuals
and the total number of sites also have an effect of the accuracy. The current set
of experiments suggest that we could use regression methods for quantitative
traits believed to have additive interactions between loci.
Below we list some of the questions we will try and address with experiments
on real and simulated data.
Identifying causative SNPs The goal is to develop a method for identifying causative SNPs contributing to a complex (fitness-related) trait. Artificial
selection experiments require more labor than conventional GWAS or QTL mapping studies. However, the benefit would be increased control over confounding
factors such as population structure, as well as higher resolution than can be
obtained in other settings.
Power across a range of initial allele frequencies In QTL mapping, only
those sites that actually differ between the two lines in the cross have the potential to be identified. In GWAS, low frequency alleles are nearly impossible to
identify - the bias is strongly towards intermediate frequency alleles. The ability
to identify these causative SNPs across a spectrum of initial allele frequencies
would therefore be an important one. We would need to evaluate, through more
simulations, how statistical power varies across a range of initial causative allele
frequencies.
The distribution of effects Yang et al. [2010] suggest that effect sizes vary
across a large spectrum. We would need to examine how well the method works
for different effect sizes of the causal SNPs.
Modeling epistasis Many studies have indicated that epistasis (interaction
between SNPs) might have an important effect on complex traits. Epistasis has
also been suggested as a possible cause for the modest success of GWAS in understanding complex traits [Balding, 2006, Manolio et al., 2009]. Extending the
method to allow for epistatic effects would therefore be an important technical
question.
We will address these questions through large-scale simulations at data sizes
comparable to that from genome-wide sequencing in Drosophila melanogaster .
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