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The more we learn the more we realize how little we know.

R. Buckminster Fuller
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RAPD

Random amplification of polymorphic DNA

RFLP

Restriction fragment length polymorphism

AFLP

Amplified fragment length polymorphism

SSR

Simple sequence repeat

SNP

Single nucleotide polymorphism

SV

Structural variant

G-P map

Genotype to phenotype map

QTL

Quantitative trait locus

GWAS

Genome-wide association study

LD

Linkage disequilibrium

GRM

Genome-wide relationship matrix

1. Background and aim

Just by looking around, we can find substantial variations among individuals.
For instance, people that are short or tall, healthy or sick, blonde or brunette.
If we look carefully, we could also notice some degree of resemblance within ethnic groups or inheritance of these features within families. Apart from
human beings, such diversities can also be found in microbes, plants and
animals. This makes us wonder what makes an individual different from
each other. A deep understanding of this question is not only of fundamental
importance to address the law of nature but also has abundant applications in
improving diagnostics, prevention and treatment of diseases in public
healthcare, improving the agronomic traits of animals and plants in agriculture and conservation of endangered species for a better world.
Throughout the history of mankind, we have probably always wondered
about these questions, and many pioneers have pursued these answers for
centuries. Centuries of explorations have taught us a lot: i) We learned how
discrete characteristics, such as shape of the pea and colour of the flower is
inherited through the work of Gregor Mendel in the1860s [1]. ii) We gained
many insights on the inheritance of continuous phenotype, for instance, human height, and developed several methods to study them out of the inspiration from Francis Galton [2] and Ronald Fisher [3]. iii) We have discovered
that DNA is the heritable molecule that is passed down from one generation
to another [4] and variations in DNA sequences make us different. With the
development of sequencing technology, we can now read this information in
a high-throughput and cost-efficient manner and associate variations in DNA
sequence to variations in phenotype. It is through these explorations, quantitative genetics, a field to study the principle of within species resemblance
and inheritance of complex traits, was founded and have developed rapidly
ever since. By now, application of the quantitative theories and methods has
lead to the successful detection of many genes underlying various traits in
human, animals, plants and microbes.
Despite all these achievements, our understanding of complex trait genetics
is still limited. While fully aware that many polymorphisms are involved in
the variation of complex traits, detecting these alleles is a challenging task.
Currently, we do not know how to account for confounding with population
structure without eliminating the effects of adaptive alleles. We have dis9

sected a few complex traits in detail using model species, such as yeast, Drosophila and mice et al. However, we do not know how often do the mechanisms identified in one species agree with another and why. We do not know
how often do QTL (Quantitative trait locus) interact with each other or environmental factors, and what are the total contributions of such interactions to
the phenotypic variation and long-term evolution. A more comprehensive
understanding of the genetic basis of complex traits is needed to address
these questions.
In an effort to push our understanding further, I have studied the genetic
basis of complex traits using two model systems: 8-week body weight in an
artificially selected chicken population and flowering time in natural Arabidopsis thaliana populations with a particular focus on i) how to identify
polymorphisms of small effects in natural and experimental populations that
are important for phenotypic variation; ii) what is the genetic architecture
underlying the ~16-fold body weight difference in the artificially selected
chicken lines and the ~5-fold difference in flowering time across plants sampled in different ecological conditions; iii) how does genetic architecture of
complex traits agree or disagree in these two different models and what can
we learn from this to improve our understanding of complex trait genetics in
general.
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2. Complex trait genetics

A deep understanding of the questions in the previous section requires mapping out the underlying polymorphisms and studying how they combine
their effects. As some of you might have a background outside biology, a
few terminologies need to be clarified before moving forward.

2.1. Theory
2.1.1. Terminologies mentioned in this thesis
Extensive diversity in morphology, behaviour or physiology is commonly
seen in almost every species. Each of these diversified features such as
height or body mass index (BMI) in humans, flowering time or disease susceptibility in plants, beak size in birds, spawning time in marine species or
even the expression of a gene can be referred as a phenotype or a trait in
genetics. Most of the variations in these phenotypes are, to some extent,
genetically determined by variations encoded in their DNA sequences. To
capture those genomic variants, many different types of genetic markers
have been used, such as RAPD (Random amplification of polymorphic
DNA), RFLP (Restriction fragment length polymorphism), AFLP (Amplified fragment length polymorphism), SSR (Simple sequence repeat), SNP
(Single nucleotide polymorphism), and SV (Structural variant). A genomic
location harbouring a genetic marker is named as a locus. If phenotypic diversity is to some extent genetically determined, we expect a link between
genotypic diversity captured by these genetic markers and observed phenotypic diversity. This relationship is called genotype to phenotype map, describing how variations in the genetic markers are transferred to phenotypic
diversity. The term “genetic architecture of a trait” used in this thesis is referring to the number of alleles underlying a trait and their way to combine
their effects.

2.1.2. Genetic theory for modelling genotype to phenotype map
The basic concept of genetic mapping dates back to Fisher’s phenotypic
value decomposition, wherein the phenotypic value is decomposed to contributions from genetic effects, environmental effects and their interactions. By
11

further decomposing genetic effects to the additive, dominance and epistatic
effect, the phenotypic value is formulated as the sum of additive effects,
dominance effects, environmental effects and interactions among them [3].
This decomposition offers a mathematical framework to statistically model
the relationship between genotype and phenotype. Based on this decomposition, several models evaluating the association between genotyped marker
and measure phenotype have been proposed. A few commonly applied models are listed below to give an overview of this mathematical framework.
𝑦 = 𝑢 + 𝑥! 𝛼 + 𝑒

(1)

𝑦 = 𝑢 + 𝑥! 𝛼 + 𝑎 + 𝑒

(2)

𝑦 = 𝑢 + 𝑥! 𝛼 + 𝑥! 𝑑 + 𝑒

(3)

𝑦 = 𝑢 + 𝑥! 𝛼 + 𝑥! 𝑑 + 𝑎 + 𝑒 (4)
Where y represents the measured phenotype for an individual; u is the population mean of the measured phenotype; 𝑥! is the genotype at the tested genetic marker for this individual, often coded as 0, 1, 2 for homozygous minor
allele, heterozygous and homozygous major allele, respectively; 𝛼 is the
allelic substitution effects; 𝑥! is the dummy genotype for dominance effect,
often coded as 0, 1 for homozygous minor/major allele and heterozygous; d
is the dominance effect at this locus; a is the sum of additive genetic effects
from all contributing loci (also known as the breeding value) of this individual; 𝑒 represents the residual random effect.
Model 1 evaluates the effect of a single locus without accounting for the
effects from other loci and population structure. Here, population structure is
the presence of allele frequencies difference across many loci between subpopulations due to different ancestry or non-selection forces. Model 2 incorporates a random effect to account for the population structure, which is the
most commonly applied model in Genome-wide association studies. Model
3 and 4 extend Model 1 and 2, respectively, by including the dominance
effect with the assumption that the heterozygous individual’s phenotype
deviate from the averaged allelic substitution effect.
Many statistical tests such as Wald test, likelihood ratio test and F test could
be applied to these models to evaluate the association of a particular locus to
the measured phenotypic variation. As you have probably noticed, all these
models are not intended for organisms with high-ploidy. Moreover, there are
loci with more than two alleles in diploid organisms. Modelling such multiallelic loci requires prior assumptions on their effect sizes and their way of
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combining the effects. In practice, multi-allelic loci are nearly always filtered out and only bi-allelic markers are included for simplicity.

2.1.3. Linear-mixed model based genome-wide association study
In the previous section, I have reviewed the mathematical framework to
model the genotype to phenotype map. Here, I will continue to introduce the
application of this framework in Genome-wide association analysis (GWAS).
Genome-wide association analysis is an association analysis between the
genotyped genetic polymorphisms and the measured phenotype in a population of unrelated individuals. Due to the historical recombinations accumulated since population divergence, the long ancestral haplotypes containing
the functional polymorphisms have been broken up into small linkage disequilibrium (LD) blocks, which could be tagged using densely genotyped
markers. The more recombination has accumulated in the mapping population, the higher resolution for association mapping. In natural population,
functional polymorphisms could be located with very high precision, sometimes to short segments containing only few genes for further experimental
validation.
A critical challenge in Genome-wide association analysis is the confounding
with population structure, which refers to the presence of allele frequency
differences at many loci among subpopulations created by non-selection
forces such as different ancestry or genetic drift. To account for the population structure, many extensions of Model 1 are proposed, such as including
principal components of the genome-wide relationship matrix (GRM), index
of subpopulation as fixed effects or a random effect with a covariance structure captured by GRM (model 2). Despite their variable performance in different populations, the underlying principle for accounting the population
structure is rather similar.
To better understand the challenges of detecting polymorphisms underlying
complex traits, I will review the linear mixed model based GWAS, which is
the most widely applied methods in reported studies. The mathematical
model in matrix notation is:
Y = Xβ + Zu + e (5)
Where Y is a vector of the measured phenotypes, X is the design matrix with
two columns (A vector of 1 representing the population mean and a vector of
indicator variables representing genotypes at the tested SNP) or sometimes
with a few more columns to include sex and age. The genotype for a particu13

lar individual is coded as 0, 1, 2 for minor-allele homozygous, heterozygous,
major-allele homozygous, respectively; β is a vector of effects sizes corresponding to the fixed effects fitted in X, and Z is the design matrix obtained
from a Cholesky decomposition or singular value decomposition of the G
(GRM) matrix estimated from the whole-genome SNP data using equation 6.
The Z matrix in equation 5 satisfies 𝐙𝐙 ! = 𝐆, thus, the random effect vector
u is normally distributed with variance σ!! , 𝐮 ~ N (0, σ!! ), and e is the normally distributed residual with variance σ!! , 𝐞 ~N(0 , σ!! ).
𝑓!" =

(𝑥!"
!
!!!

− 𝑝! )(𝑥!" − 𝑝! )

𝑛 ∗ 𝑝! (1 − 𝑝! ) (6)

Where fij is the kinship between individual i and individual j, xik and xjk are
the corresponding genotype at marker k, n is the total number of genetic
marker and p is the allele frequency of marker k.
In Model 5, the random effect is assigned with a covariance structure based
on genome-wide relationship matrix, which captures the relatedness in a
structured population. By accounting for population structure in this way, we
are making following assumptions: i) All markers contribute to the phenotypic variation; ii) In calculating the GRM, SNPs are usually weighted with a
prior assumption on their effects. In association mapping, especially human
genetics, it is more common to give low-frequency alleles more weight than
the common alleles (Equation 6), which to some degree make sense because
of selection and neutrality [5]. The consequences of these assumptions are: i)
If there is confounding between an adaptive allele and the population structure, which is the case if novel beneficial allele emerged and fixed in local
populations, these population specific adaptive alleles are less likely to be
detected; ii) Ideally, the markers in calculating the GRM should be these that
truly contribute to the trait variation and the weight should be applied based
on their genetic effect. However, we will never know which loci should be
included and the corresponding weights in calculating GRM, unless we have
dissected the genetic architecture. We will never obtain optimal kinship estimation regardless of how we weight or not weight these alleles.
In a typical GWA study, millions of markers are tested, which requires multiple testing correction when choosing the significance threshold. Ideally,
multiple testing should be adjusted based on the number of independent statistical tests performed in a genome-wide scan. However, various degrees of
linkage disequilibrium among tested markers exist in every population, and
there is no explicit way of estimating the number of independent tests. Currently, there are three commonly applied methods: i) Bonferroni correction.
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It assumes that every test is independent. Due to LD between SNPs, this is
obviously an over-correction that can lead to inflated false negatives. ii)
FDR. This method offers a significance threshold based on the observed pvalue distribution. Although less arbitrary than Bonferroni, it again assumes
independence for all performed tests. iii) Permutation test is the third option,
which could generate an empirical distribution for a particular marker or
genome-wide markers. Although the stringency of the significance threshold decreases from i to iii in most of the cases, the resulted thresholds are
still quite high, which means theoretically GWAS has very limited power to
detect polymorphisms with small effect.
By reviewing the mixed model framework and the associated assumptions, it
is clear that mapping the polymorphisms underlying complex traits is nontrivial and GWAS is not a universal pipeline that can be applied to any populations for any traits. With all the assumptions and the challenges of correcting for multiple testing and population structure, the current standard mixed
model based GWAS is not an optimal tool for dissecting the genetic architecture of polygenetic traits, particularly in a natural population. Indeed, due
to these limitations, application of GWAS requires a very large population
size to facilitate the statistical power to detect loci with minor effect.

2.2. Understanding the genetic architecture of complex
traits
2.2.1. Challenges in dissecting the genetic basis of complex traits
Studies on human height, where more than 600 loci were identified in the
analysis of ~0.25 million samples, provided a classic example of complex
trait genetics [6–8]. While the number of identified associations continues to
increase, a significant part of the genetic variation is still missing (GWAS
hits explain only a fraction of the predicted genetic variation) [6,9]. For almost a decade, many of the reported studies have focused on increasing the
number of samples to boost the statistical power, including more markers to
better tag the causal variants and including more rare variants to capture the
causal variants. Yet a large fraction of the heritability is still missing.
Dissecting the genetic basis of polygenic traits in natural populations can be
very challenging, where adaptive traits are polygenic and often show strong
confounding with population structure. A recent GWAS with a thousand
samples of the Arabidopsis thaliana 1001 genome project collection only
detected 5 loci contributing to the flowering time variation, while previous
studies in molecular biology have suggested that ~300 genes can affect
flowering time [10,11]. In previous sections, I have outlined several reasons
15

for why the mixed model based GWAS is far from perfect for dissecting
polygenic traits in the presence of population structure. This is not encouraging at all for these who are interested in the genetics of local adaptation because most of the fitness-related traits are complex [12] and natural populations are very often structured. Apart from increasing the sample size, it is
valuable to explore the alternative approaches to dissect the genetic basis of
complex traits.
Many different resources have been used to explore the genetic basis of
complex traits. Although each has its unique strengths, almost all of them
come with their own weaknesses. Therefore, it is of great importance to
combine resources and approaches to explore their full potential in dissecting the genetic basis of complex traits. In this thesis, I will explore these
opportunities using two model systems: i) 8-week body weight in artificially
selected chicken population and ii) flowering time in natural Arabidopsis
thaliana populations. Details of these two model systems are introduced in
the following section.

2.2.2. Background of two populations used in this thesis
2.2.2.1. A collection of Arabidopsis thaliana sampled from nature
Arabidopsis thaliana is a small flowering plant that has colonized a wide
range of ecological environments, and while adapting to these it has evolved
remarkable genotypic and phenotypic variations [13]. Recombinations have
accumulated over a long evolutionary history and resulted in overall high
linkage equilibrium across the genome. Therefore, GWA mapping in the
worldwide A.thaliana population can facilitate the discovery of associations
to genomic regions that only cover a few kb [14], spanning only a few genes
for experimental validation. As a result of the community-based effort, seeds
and genome-wide sequences, transcriptomes, methylomes and even seeds for
1135 worldwide accessions are publicly available [10,15]. Further data on
high-throughput phenotypes such as ionomics [16–18] and various types of
morphological and metabolomics phenotypes are gradually being released
[19,20]. As Arabidopsis thaliana is naturally inbred, once sequenced, multiple plants with identical genotype can be grown and phenotyped in many
environments, making it a very powerful model to study the genetic basis of
complex traits.
2.2.2.2. The bi-directional selected chicken body-weight lines
The Virginia chicken body-weight lines were initiated in 1957 from a founder population generated from crossing seven partially inbred White Plymouth Rock chicken lines. Founders for high and low body-weight were selected, whereafter, within-line selection has been applied using the birds
16

with the highest and lowest eight-week body weight, respectively, as parents
for the next generation, with some restrictions on inbreeding. After nearly 60
years of selection, this intense single-trait artificial selection experiment has
resulted in a ~16-fold difference in 8-week body weight between High
Weight Selected (HWS) and Low Weight Selected (LWS) body-weight line.
At generation 40, an intercross line was made using parents from the HWS
and LWS lines, and this advanced intercross line (AIL) has been maintained
by random-mating for 19 generations. All the birds in Virginia lines have
well-characterized phenotypes and complete records of pedigree, population
sizes and selection intensities[21–23]. It is, therefore, an excellent resource
for dissecting the genetics of long-term artificial selection and adaptation.
Previous studies on this population have provided many insights into the
genetic basis of complex traits. In the F2 generation, nine QTL were found
to have suggestive or significant individual effects on the 8-week body
weight [24,25], and several of these interacted epistatically [26]. Later, all
earlier detected QTL and interactions were replicated [27,28] using birds
from generations F2-F8 of the AIL. Further fine-mapping in F15 suggested
that at least one, or possibly several, of the QTL were multi-allelic [29].
Whole-genome selective-sweep analyses highlighted a highly polygenic
genetic architecture of the selected trait, possibly including more than 100
loci [30,31]. By testing for associations between polymorphisms in the implied selective-sweeps, 16 loci were found to be associated with the selected
trait in the advanced intercross population, and the associations were there
fine-mapped to ~2-4 Mb resolution [29].
2.2.2.3. Studying complex trait genetics using natural and artificial
populations
Studies on natural populations, with a high level of linkage equilibrium and
phenotypic diversity, are tempting as they offer unique opportunities to locate adaptive alleles at high resolution. Moreover, natural populations will
serve as the ultimate resource to test and explore, the validity of theories and
hypotheses about complex trait genetics that emerge from work on experimental populations. With the development of modern genomics, it is now
efficient to study populations to identify the genetic basis for traits with relatively simple genetic architectures. However, most adaptive traits are genetically complex [12,32], that are possibly to be controlled by many functional
alleles, often with minor effects, and likely to interact with each other or the
environmental factors [12,29,33,34]. Due to the decreased statistical power
resulting from correction for population stratification and potentially week
selection intensity on many simultaneously selected traits, most of the natural populations are not ideal for studying the genetic basis of complex traits.
Obtaining a more comprehensive understanding of the genetic basis of such
traits would require identifying all contributing alleles and study their dy17

namic changes under selection. In this perspective, experimental populations
offer unique advantages as artificial selection can be applied with a much
higher intensity to the desired trait under a controlled environment. In addition, crosses can be generated to produce optimal allele-frequencies for
mapping the causal variation and explorations of more intricate modes of
inheritance. It is therefore very valuable to combine work on natural and
experimental populations for obtaining a more in-depth understanding of the
genetic basis of complex traits.
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3. Summary of studies

This thesis consists of four studies, each with a slightly different focus on the
genetic basis of complex traits. Study I evaluates the genetic basis of transcriptome variation in a natural population. As one of the most basic phenotypes, the genetics of gene expression variation could provide an insight into
how natural selection has shaped the regulatory variants that are important
for the complex traits variation. Study II explores the genetic basis of 8-week
body weight in long-term artificially selected chicken lines. The wellcharacterized phenotypes, complete records of pedigree, large population
sizes and high selection intensities for a single trait in many generations provide unique features to dissect the genetics of a highly polygenetic trait in
long-term artificial selection. Guided by insights obtained from Study I and
II, Study III provides a novel approach to dissect the genetic architecture of
flowering time in natural Arabidopsis thaliana populations, and Study IV
investigates the polygenetic architecture of flowering time for Arabidopsis
thaliana sampled from different ecological conditions.

3.1. Study I – Genetic basis of transcriptome variation
in natural population
Gene expression values are highly variable within species, and natural variation in gene expression is a result of selection and drift over long-term adaptation to various ecological conditions. Studying the genetic basis of genome-wide gene expression variation in natural population could provide
insights on how natural selection has shaped the regulatory variants that are
important for the adaptation of A. thaliana to diverse living conditions.
In this study, we reanalysed two publicly available datasets with genomewide data on genetic and transcriptome variations in large collections of
natural A. thaliana. Despite the fact that only a single tissue (leaf) was used
in generating the expression data, almost all annotated genes were detected
in at least one natural accession and a large proportion of genes (61%; 24,
565) were detected in every accession (Figure 1A/C). Among transcripts
detected in part of the accession, thousands of them show accession-specific
expression, wherein many transcripts have high expression level in some
19

accessions but were not detected in the remaining accessions (Figure 1B/D).
The majority of these accession-specific transcripts were found at low levels
in only a few accessions, making it difficult to separate true accessionspecific expression from bias in the RNA sequencing. Nevertheless, transcripts from a number of genes are highly expressed in few accessions, but
completely absent in the remaining accessions (Figure 1B/D). We hypothesized that these genes are expressed, or lost, in an accession-specific manner,
and our hypothesis is supported by the significant correlation between the
transcriptome and genetic covariance (r = 0.035, p = 1.0 × 10-16).

Figure 1. (A) Distribution of the number of genes with transcripts in the leaf of 140
natural A. thaliana accessions [20] scored by RNA-seq (Normalized FPKM > 0). (B)
The relationship between the ranks of the average transcript levels for all genes with
transcripts detected in at least one accession (y-axis) and the number of accessions in
[20] where transcripts for the gene is found (x-axis). Each dot in the plot represents one
of the 33,265 genes with FPKM > 0 in at least one accession of [20]. The transcript-level
rank is based on average transcript levels in the accessions where transcripts for a particular gene are detected. Due to this, the ranks are less precise for transcripts present in
fewer accessions. (C) Distribution of the number of genes with detected transcripts in the
leaf of 107 Swedish natural A. thaliana accessions [35] scored by RNA-sequencing
(RPKM > 0).
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(D) The relationship between the ranks of the average transcript levels for all genes with
detected transcripts in at least one accession and the number of accessions in [35] where
the gene is expressed. Each dot in the plot represents one of the 25,382 genes with
RPKM > 0 in at least one accession [35].

To detect the genetic basis of these genes, we developed an approach to map
cis-eQTL (expression-QTL) affecting the presence or absence of transcripts.
In total, we found 646 cis-eQTL regulated accession specific expression
genes, and we further evaluated the contribution of large genome deletion by
testing the association between no transcripts and no reads in genome sequencing. Our result showed that deletions possibly lead to the lack of detectable RNA-transcripts for 159 of these genes. Among these, a wellstudied candidate HAC1 (HIGH ARSENIC CONTENT 1) with a wellknown role in Arsenic reduction [18,36] , was detected in the larger collection [20] and replicated in the small collection [35]. We show that detecting
eQTL affect genes with known phenotype effect using natural population
might be an efficient way to detect candidates for local adaptation. We also
detected 2,320 genes with eQTL (80% in cis and 20% in trans). Among them
175 genes have been experimentally shown with a known phenotypic effect.
Overall, this study provides new insights into the genetic regulation of global
gene-expression variation in natural A. thaliana population. Furthermore, it
also shows that strong cis-acting polymorphisms, many of which are likely
to be large genome deletion, are making important contributions to the transcriptional variation in the worldwide A. thaliana population.

3.2. Study II – Dissecting the polygenetic genetic
architecture underlying 16-fold response to long-term
bi-directional selection
Complex traits are controlled by many polymorphisms, involving multiple
tightly linked loci and interactions between contributing loci or environmental factors [12,37,38]. In natural populations, many of these polymorphisms
are confounded with their local environment, making them rather challenging to detect after correction for population structure and multiple testing. To
understand the genetic architecture of such complex traits, we evaluated the
genetic basis of 8-week body weight in an artificially selected chicken population. Unlike natural populations where weak selection has been acting on
many genes simultaneously, strong selection has been applied on the single
trait, 8-week body weight, resulting in a 16-fold difference in 8-week body
weight after 60 generation of selection, or 60 years. After 40 generations of
selection, a deep intercross population was founded to detect polymorphisms
underlying the drastic selection response between the High/Low weight selection lines. Empirical studies of data from generations F2 to F15 from this
21

population have demonstrated that many loci have made small contributions
to the long-term response [21,22,24,28–30].
Here, I analysed data from the advanced intercross line generation F15,
where the accumulation of recombination events could facilitate the fine
mapping of QTL to 1 Mb resolution. To maximise the statistical power in
detecting alleles with minor effects, a multi-locus association mapping approach with adaptive False Discovery Rate (FDR) [39,40] were implemented
as described previously [29,41,42]. Using this approach, 24 SNPs, located in
20 loci, were associated to the variation in 8-week body-weight in AIL F15
and altogether explain nearly two-thirds of the additive genetic variance in
this population (Figure 2). Despite the 16-fold body weight difference between the selected lines, none of the associated alleles individually contributed more than 27 grams to 8-week body weight (Figure 2). Seven loci were
fine-mapped in detail and most of them were found to rely on contributions
by multiple linked loci, multiple haplotypes (Figure3), and epistasis.

22

Figure 2. Genetic architecture of the identified loci contributing to the polygenic
adaptation in the Virginia body-weight chicken lines. In total, 20 independent loci
on nine chromosomes were associated with the selected trait in the Virginia bodyweight chicken lines (8-week body weight) in the backward elimination analysis
(radial bars) and in addition to this a pair with an epistatic interaction (circles connected by a yellow line). All loci had small individual additive effects on weight
(height of bar illustrate effect size; coloured bars in QTL and black in sweeps; negative estimates are transgressive). Seven QTL (G1 – G12; G: Growth, numbers as in
[24]) contained markers significant at a 20% FDR threshold. Four QTL fine-mapped
to multiple SNPs (green bars). Some SNPs were so closely linked that they more
likely represent base-generation haplotypes than independent associations (stars).
Two loci were found to be epistatic and for these, no marginal effects were reported
(Highlighted as golden diamonds). In total, the additive genetic variance contributed
by the 20 loci with marginal effects (VA20) contributed around 60% of the total
additive genetic variance with the rest contributed by polygenic effects (VAP). The
central circle diagram illustrates that the total additive genetic variance (VA =
VA20+VAP) amounts to nearly half the residual phenotypic variance in the F15
generation of the Advanced intercross line (VE = residual variance not explained by
additive genetic or fixed effects).
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Figure 3. Two haplotypes in the low weight selected (LWS) and one in the high
weight selected (HWS) lines at generation 40 have distinct effects on 8-week
body-weight. Schematic illustration of the haplotype-structure around markers
rs15321683 (33.6 Mb; galGal4) and rs14339371 (33.8 Mb; galGal4) on GGA3, and
how the founder-haplotypes that they tag contribute to 8-week body-weight in the
AIL F15 generation. (A) At this locus, the individuals segregate for three major
haplotypes that have distinct effects on 8-week body weight in the F15. The figure
illustrates the regressions obtained for individuals carrying different haplotypes in
the F15 generation (the error bars indicate the standard errors of the estimates). (B)
A schematic illustration of the major haplotypes segregating in the region from 32.934.6 Mb on GGA3 (a complete visualization of the haplotype structure based on all
SNPs genotyped on the 60K SNP chip is provided in Supplementary Figure S6 in
paper II). The HWS line is fixed for a weight-increasing haplotype AG, while the
LWS line segregates for two weight-decreasing haplotypes (GA, GG) at generation
40. The haplotype in the LWS lineage with the strongest body weight decreasing
effect tags a single haplotype that increases in frequency during selection from generation 40 to 53.
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Study II illustrates that the 16-fold in body weight between the Virginia
body weight lines relies on a highly polygenic and complex genetic architecture, with contributions from many genomic regions, containing multiple
linked loci, multiple haplotypes and epistatic loci. It is very likely that there
are still multi-allelic loci, loci with minor effect or epistatic interactions between these loci that contribute to the long-term selection responses. To fully, comprehensively dissect this trait, enhanced marker density and greater
population size is necessary. Overall, studies from the Virginia lines demonstrate that it is possible for a relatively small, closed population to have 16fold selection response due to a complex genetic architecture involving a
wide variety of genetic mechanisms.

3.3. Study III – Dissecting the genetic architecture of a
polygenic trait in nature
Challenged by the complex genetic architecture and confounding with population structure, dissecting the genetic basis of polygenetic traits in natural
population requires more powerful resource and analytical method. Here, we
described a multi-locus method to dissect the genetic basis of complex traits
in natural A. thaliana population. This method integrates prior knowledge
about genes affecting the adaptive trait from earlier functional molecular
studies and transcriptome data on a large collection of natural accessions
from the 1,001 genomes project [10,15] to facilitate mapping of alleles with
small contributions to the trait.
We illustrated this multi-locus method by exploring a well-studied adaptive
trait, flowering time, where 282 known flowering time regulating genes have
been reported [11], and the expression of 123 genes are controlled by polymorphisms segregating in nature. In this multi-locus analysis [29,39,41,42],
we simultaneously tested the effect of these eQTL and several QTL detected
from trait-SNP association analysis on flowering time variation. Eight largeeffect loci were detected in the trait-SNP association analysis analyses and
kept in the final multi-locus analysis. Altogether, they contributed to 40% of
the phenotypic variance for Flowering time at 10 degrees (FT10) in this
population (Figure 4). In addition, 25 eQTL were detected in the multi-locus
analysis, and they contribute another 15% to the phenotypic variance. Overall, the genetic architecture thus contains a relatively small number of loci
with large effects that explains most of the phenotypic variance, and a number of loci with minor contributions that could not be detected in a standard
genome-wide association analysis.
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Figure 4. An illustration of the polygenic architecture of flowering time at 10°C
in the greenhouse of the 1,001 genomes Arabidopsis thaliana collection. The five
chromosomes are illustrated as coloured green bars around the circle perimeter. The
green lines illustrate the additive effects of the 5 QTL associated with FT10 in [10] ,
the dark green lines the additive effects of the 3 additional QTL selected in our forward-selection GWA and the purple lines the additive effects of the 25 eQTL associated with FT10 in the multi-locus analysis. The pie chart in the middle shows the
proportion of phenotypic variance explained by the 8 loci with direct associations to
FT10 (VA8, Variance explained by 8 loci mapped in GWAS-FT10 analysis), the 25
eQTL (VA25, variance explained by 25 eQTL mapped in multi-locus analysis), the
additional polygenetic effect explained by the kinship matrix (VAp, Variance explained by polygenic background) and the residual environmental effects (VE, environmental variace).

Overall, Study III demonstrates the value of integrating multiple levels of
information on the dissecting the genetic basis of a polygenic trait in the
natural population. Using known flowering time regulating genes, and experimental data on gene expression, flowering time variation and genome-wide
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SNP variation, we revealed a highly polygenic basis for this trait in the 1,001
genomes collection.

3.4. Study IV – Polygenetic architecture and adaptation
in natural population
In Study III, we detected 33 loci associated with the flowering time at 10°C
by integrating prior molecular knowledge, the transcriptome and genomic
data on the recently released 1001 genome project collection. Given the 15%
false discovery rate, we expected around 28 loci to be true positives. Instead
of focusing on individual loci in this study, we focused on the overall contributions from these 33 loci to provide insights on the genetic basis of flowering time variation in different subpopulations.
At the majority of the associated loci, both reference and alternative alleles
were present in almost all subpopulations (referred to as global alleles), although at different frequencies (Figure 5B). Together with the polygenic
effects captured by kinship, these global alleles could capture the overall
pattern of early to late flowering variation among subpopulations (Figure
6A). This suggests polygenic adaptation via small allele frequency shifts
across many loci has contributed to the flowering time adaptation in A. thaliana.
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Figure 5. Flowering times, allele frequencies of flowering time associated loci
and similarities of these between the eight subpopulations of the A. thaliana
1,001-genomes collection. (A) The flowering times for the eight subpopulations are
modelled well by the additive effects of the 33 loci associated with flowering time.
(B) Distribution of allele frequencies for the 33 loci in the 8 major subpopulations in
this data defined by [10]. The intensity of green/red illustrates the frequency of major early/late-flowering alleles, respectively. The subpopulations are sorted from left
to right by increasing average flowering time (columns) and the associated loci from
top to bottom by large to small additive effect on flowering time (rows). X:
YYYYY-ZZZ represents a locus as chromosome: position: type, where the position
is in bp and “QTL”/locus-id are used to indicate loci detected by a direct association
to FT10 (GWAS) or the differential expression of the particular locus.

For a number of the associated loci, the reference or alternative alleles were
completely absent or present at a very low frequency (minor allele frequency, MAF < 0.1) in at least one subpopulation (referred to as local alleles;
Figure 5B). Several of these local alleles have stronger effects on flowering
time, and these local loci contribute to the extreme flowering time adaptations within the corresponding local environment (Figure 6A/B). This indi28

cates that local populations reach their fitness optimums via the effects of
local alleles. Overall, these results suggest that combinations of global and
local alleles facilitate adaptation within different local environments.

Figure 6. (A) Experimentally measured and modelled flowering times in the eight
genetically defined subpopulations of the A. thaliana 1,001-genomes collection of
accessions. The height of the bar represents the experimentally measured mean
flowering times at 10°C in the greenhouse for the population. Modelling of the kinship (purple) and effects of globally segregating alleles (grey) captures the overall
pattern of early to late flowering times between the subpopulations well. Modelling
also the local alleles (blue) captures more of the extreme adaptations in some subpopulations, in particular in Spain and Sweden. The unexplained differences in
flowering times (tomato) are small. (B) Illustration of the dependence of the variance contributed by the individual loci on the allele frequency and effect size. The yaxis gives the minor allele frequency and the x-axis the estimated effect on flowering time in days. The size of each dot is proportional to the amount of phenotypic
variance explained by the locus. The colour of the dot indicates whether the minor
allele has a global (tomato) or local (blue) distribution in the subpopulations.

Four of the associated loci displayed long-range linkage-disequilibrium (LD)
to several associated loci. These alleles were enriched geographically, suggesting that they have emerged and accumulated locally. The observed longrange LD might be the result of confounding with population structure or an
indication of co-evolution of alleles in the same or related pathway. As those
alleles were detected in a statistical multi-locus analysis accounting for pop29

ulation-structure, it is more likely to be the latter case where co-evolution of
alleles contributed to the local adaptation. In three of the four cases, this was
supported by the observation that these loci are regulating genes involved in
functional related pathways, suggesting LD could result from co-selection of
multiple functionally-connected loci. Further work is needed to confirm this
hypothesis that, in several cases, co-evolution of alleles at functionally related pathways is contributing to local adaptation.
In conclusion, Study IV demonstrates that variation in flowering times
among A. thaliana subpopulations is due to the combination of allele frequency shifts across several global alleles, i.e. polygenic adaptation, and
local adaptation due to a smaller number of local alleles that have relatively
large effects. The observation of long-range LD across genes in related biological pathway indicates that local adaptation might be driven by coevolution of multiple polymorphisms in related biological pathways. Overall, Study IV provides new insights into the genetic basis of polygenetic
adaptation to a wide range of ecological conditions.
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4. Concluding remarks and future perspectives

In this thesis, I have explored the genetic basis of complex traits by evaluating the genetic architecture of global expression variation in A.thaliana natural populations (Study I), the genetic basis of 8-week body weight in artificially selected chicken population (Study II) and the genetic basis of flowering time in A.thaliana natural populations (Study III, IV). The findings of
this thesis show that the genetic architecture of complex traits involves many
polymorphisms with variable effect sizes and have interactions with each
other at the same time. Detailed discussions on these findings and their implications are listed below.

4.1. Complexity of the genetic basis of complex traits
4.1.1. Polygenicity
4.1.1.1. Local and global scale for polygenicity
When empirical evidence suggests a trait to be polygenic, it means the mutational space of such a trait is very large, in other words, many genes/genetic
polymorphisms can contribute to the variation of the trait. As illustrated in
Study IV, many adaptive alleles emerged locally, and are restricted to their
native locations. The presence of population-specific adaptive alleles suggests that, even for a highly polygenetic trait, the number of polymorphisms
in one mapping populations is not as large as the number of possible variable
sites. Indeed, since most of the species display a certain degree of local adaptation, resulting in a confounding between adaptive alleles and the population structure. It is very likely that we will never be able to capture all polymorphisms in one mapping panel even if very large number of individuals is
collected. This global and local scale of polymorphisms indicates that increasing the sample size in the dissection of polygenetic traits will not be as
effective as initially thought. This is because, regardless of sample size, one
will always be underpowered in detecting these low frequency, local alleles
in the current statistical analysis framework. Therefore, it is worthwhile to
consider alternative approaches to better utilize the available resources, such
as developing methods accounting for the polygenetic in structured population, integrating multiple levels of information to boost power.
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4.1.1.2. Definition of a trait and polygenicity
In most association studies, the traits of interest are the morphological, physiological, behavioural or agronomic features of a studied species. By defining the phenotype in this way, we sometimes introduce complications that
will make the traits more polygenetic. For example, in Study II, 8-week body
weight was used as a model to understand the long-term selection response.
This phenotype is very straightforward to measure and of great economical
importance. Body weight, however, is a complex measurement in terms of
capturing one genetic process, because any weight-related sub-phenotypes,
such as feeding behaviour, metabolic rates or the weight of any body parts
(breast, shank, etc.) that does not necessarily share the same genetic determination mechanisms, can all have a significant impact on the defined phenotype. The feeding behaviour might even mask the effects of the other
players, which is not the type of biological interaction we are aiming to detect. Thus, when defining phenotypes in this way, they sometimes become
an abstract measurement that blends multiple biological processes. This issue is very general and applies to the trait studied in Study III/IV, in which
flowering time is defined as days to flowering, which naturally incorporate
days to germination, days to bolting, days to flowering since bolting etc.
Defining the trait of interests in genetic mapping is non-trivial and very often
it affects the statistical power to map the polymorphisms and our interpretation of the underlying genetic architecture. Another extreme example is a
threshold trait, for example, a disease, which are very often measured as yes
or no, while within group phenotypic variation cannot be properly quantified. We have to bear in mind that the definition of a trait itself could simplify or complicate the observed genetic architecture, and thus choose an appropriate definition according to the purpose of the research and practical
constraints.

4.1.2. Multi-allelic loci and bi-allelic SNP
Before discussing multi-allelic loci, I would like to revisit a few basic concepts in genetics. Loci, alleles, and haplotypes are terms frequently used in
genetic studies, but they are easier to be used than to be clearly defined. In
the case of a well-known flowering time regulating gene FRI, there are multiple polymorphisms located in the FRI region [43]: a 376 bp deletion coupled with a 31 bp insertion that removes the transcript start codon in ecotype
Ler; a 16 deletion terminates the ORF in ecotype Col; and a normal allele
without any indels in ecotype H51. Many of us might prefer to describe this
as three alleles/haplotypes in this locus, but using the alternative description
as three loci in the same region is not entirely wrong either. The way to describe this genetic architecture can sometimes get intricate when the region
spans more than one gene and the underlying molecular mechanisms are
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unclear [44]. In such scenarios, it would not be possible to clearly differentiate multi-allelic or closely linked loci (polygenicity) before the underlying
molecular mechanism is known.
In the fine mapping of polymorphisms underlying 8-week body weight in
Study II, we detected closely located bi-allelic SNP in three genomic regions, and one of these regions is confirmed as a multi-allelic locus with at
least two haplotypes have different effects and one haplotype have no-effect
segregating in the AIL population (Figure3). Together with several other
cases, such as the FRI [43] gene for flowering time in A.thaliana, molybdenum uptake in A.thaliana [44,45], these results indicated that multi-allelic
loci are likely to make non-neglectable contribution to the variation of complex traits. There is no available approach, however, that can efficiently
quantify multiple loci or haplotypes at genome-wide level, and statistically
modelling sites with more than two variants requires assumptions in how
they combine their effects. Therefore, current association studies usually
ignore the multi-allelic association and only focus on the bi-allelic SNPs. In
these bi-allelic association studies, samples are crudely binned into two
groups based on genotypes at the bi-allelic marker, assuming only two haplotypes are present in the population, and they can be tagged by the bi-allelic
markers. Depending on the linkage phase of the bi-allelic SNP and the multiple segregating haplotypes, there might not necessarily be any effect on the
mean of measured phenotype, and in some cases, this could be displayed as a
variance difference between two groups [44].
Overall, the contribution of multi-allelic genetic architecture to complex trait
genetics could has been overlooked, and it is currently not clear how prominent multi-allelic loci are and how important are they in complex trait genetics.

4.1.3. Additive model and Non-additivity
4.1.3.1. Additive model
So far in this thesis, I have been focused on additive model, which assumes
genes combine their effects additively. Such an assumption is obviously
unrealistic due to the existence of epistasis and genotype-by-environment
interaction. However, the additive effect is defined as the averaged genetic
effects across the diversified genetic background, with which it might or
might not interact. Regardless of the underlying genetic architecture, the
additive model naturally captures a fraction of the non-additive effects into
the additive effects. Thus, the phenotypic variation will be captured by the
additive genetic variance regardless of the underlying genetic architecture,
leading to various issues in association mapping [46], inferring the underly33

ing genetic architecture [44,47] and predicting long-term selection response
or individual phenotype [48].
4.1.3.2. Gene-by-gene interaction
When multiple alleles contribute to the variation of a single trait, it is not
surprising if some alleles do not act independently. This phenomenon is referred as epistasis, where the joint effect of alleles cannot be explained by
the addition of individual allele’s effect. Detecting epistasis is a very challenging task due to the high dimensionality of the problem. Detecting epistasis between two loci requires balanced allele frequencies on both loci and
very large sample size to facilitate sufficient number of individuals in every
genotype classes (four for haploid and nine for the diploids with two locus
genotype). Exhaustive two-dimensional scans between all possible combinations of genome-wide markers often result in a very stringent significance
threshold due to the large number of performed tests. Consequently, the two
populations used in this thesis are not optimal for studying the role of epistasis in complex trait genetics.
Epistasis could go beyond a pair of loci forming radial networks with one
locus in the central that epistatically interacts with several radial loci [48,49]
This type of epistasis might be very important in evolution, as an epistatic
network can hide or release genetic variation offering population greater
evolutionary potential [26,48,50]. Extensive epistasis has been reported in
the Virginia chicken lines [26,27]. These earlier studies have shown that
epistasis is likely to have a major impact on both the rate of selection response, as well as the ability to predict selection response from individual
loci or the level of additive variance at different time points in the selection
process [26,27]. An epistatic network detected and replicated in this population [26,27] resembles the epistatic network recently showed in a large experimental yeast cross[48]. Since robust detection of epistatic pairs requires
balanced allele frequencies at interacting loci, and a much larger samples
sizes to facilitate the statistical power, in Study II, we were only able to
show one epistatic interaction between Growth1 and Growth12 QTL. Due to
drift over the generations of breeding the AIL and the limited number of
animals in F15, further analysis with a larger sample size is required to evaluate the exact contribution of epistasis in this population.
4.1.3.3. Genotype-by-environment interaction
It has been reported in many plant breeding studies that genetically identical
clones have distinctive performance under different ecological conditions
[51,52]. While it is common to find genotype-by-environment interactions in
these cases, little is known about the genetic mechanisms or genes underlying this phenomenon. Nevertheless, genotype-by-environment interaction is
thought to be an important buffering system and can be connected to many
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phenomena in evolutionary genetics, such as genetic robustness, phenotypic
plasticity, and canalization [53,54].
In Study III and IV, two flowering time phenotypes, flowering time at 10 °C
and 16 °C, were analysed, and 33 (29) loci were identified for these two
traits, respectively. Despite the high phenotypic correlation (Pearson=0.88),
only 16 loci overlap between these detected for the individual trait. A fraction of these non-overlapping loci is possibly involved in genotype by environment interactions, and further analysis confirmed this by showing a few
QTL have very different effects on flowering time under these two conditions (results not shown here). In a typical GWAS design, samples are usually collected in the wild. Regardless of whether phenotype measurements are
made in the same environment or in their native environment, statistical
power to detect loci involved in genotype by environment interaction will be
reduced in standard GWA scan. This gives rise to several questions: i) Does
the loci we detected in GWAS truly contribute to the trait variation in nature;
ii) How many genotype-by-environment loci have we overlooked in traditional GWA scans. These are fundamental questions that need to be addressed to better understand the contribution of genotype–by-environment
interactions to adaptation.

4.2. Polygenetic architecture and selection response
4.2.1. Polygenetic response to artificial selection
Several long-term selection experiments have been performed both in plants
(the Illinois corn kernel oil and seed protein selection experiment [32]) and
animals (the Virginia chicken body-weight bi-directional selection experiment [21,22,55]; The Russian fox agreessive-tameness selection experiment
[56–58]; the aggressive-tameness rats selection experiment [59,60] and the
high-body weight mice selection experiment [61,62]) The common features
in these artificial selection experiments are: i) high selection pressure is constantly applied to single trait under controlled environment; ii) the selected
populations were founded from a small base population consisting of only a
few founders and maintained in a closed manner; iii) all the selection experiments result in a remarkable phenotypic difference goes far beyond what
can be speculated from base population (for example, 16-fold difference in
body-weight between the chicken lines and 5-fold difference in the protein
level in corn lines). Although the detection of the underlying genetic polymorphisms remains a challenge in all these experiments, these artificial selection experiments have proven that the majority of the selection response is
the result of simultaneous changes of allele frequencies across many standing genetic variants [24,25,29,30,61,63]. In Study II, we illustrated how the
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16-fold selection response to 60-year single trait selection on 8-week body
weight has been achieved through small-effect standing genetic variations.
We observed the fractionating of F2 QTL into separate QTL with even
smaller contributions by each associated locus than the original estimates.
These multiple linked loci within associated regions could have affected the
capacity of the population to respond to selection by slowing down the initial
selection response and providing a greater evolutionary potential for the
long-term response as linkages between loci with opposite effects were broken up. Earlier in-depth dissections of genetic architecture of quantitative
traits have reported complex loci that involve closely linked loci [44,64],
multiple alleles [33,44,65], and epistatic interactions [33,65,66]. In the Virginia lines, we observed that all these complex loci have contributed to the
selection response, highlighting the complexity of the genetic mechanisms in
polygenic response to artificial selection.
Unresolved here is the contribution from each type of these mechanisms to
the selection response. Quantification of their effects, however, requires a
much larger sample size and balanced allele frequencies to provide the desired accuracy. Further work is needed in a larger population to explore the
contributions from the different types of mechanisms to the selection response.

4.2.2. Polygenetic adaptation to natural selection
Although many insights have been gained into the genetics of adaptation to
artificial selection, little is known about the genetic architecture of polygenetic adaptation to natural selection. This is because natural selection is almost always acting on multiple traits, whereby identifying the traits/trait
under selection itself is a challenging task. Fully understanding the genetic
basis of a single trait is even more challenging. In many natural populations,
adaptive alleles are confounded with the population structure, which will
lead to an increased false positive rate if not accounted for. Current methods
accounting for population structure, however, will eliminate many of the
small-effect alleles even though it is known that such alleles make important
contributions to variations of polygenetic traits [24,25,29,30,63]. A secondary complication is correction for multiple testing in the single marker association analysis, which always favours the detection of large-effect alleles.
Therefore, standard single marker association analysis has an inherent weakness in dissecting the genetic basis of polygenetic traits in the natural populations.
In Study III, we developed a multi-locus association method that can integrate prior information and multiple datasets to simultaneously evaluate the
joint contribution of multiple polymorphisms to a polygenetic trait. Applica36

tion of this method to the flowering time measured at 10°C in A.thaliana
natural populations revealed 33 loci that can explain 66% of the additive
genetic variation. Further analysis on the distribution of these alleles, their
contribution to trait variation and long-range linkage showed that the variation in flowering times between the studied A. thaliana subpopulations was
due to a combination of allele frequency shifts across many global alleles,
implying a possible contribution by polygenic adaptation, and more extreme
local phenotypes resulting from a smaller number of loci of which some
have relatively large effects. The long range LD between QTL regulating the
expression of functional related genes indicates that the extreme local phenotypes might result from co-evolution of multiple polymorphisms in related
biological pathways.
It would be very valuable to evaluate the role of multi-allelic and nonadditive genetic architecture such as earlier reported FRI multi-allelic locus
[43], epistatic interactions, and the genotype-by-environment interaction in
polygenetic adaptation to natural selection. These are challenged by the polygenetic architecture, unbalanced frequencies, and limited sample sizes one
can get in a natural population. Further efforts with a more elaborated experimental design are required to gain a deeper insight into the genetic architecture of flowering time adaptation in nature.

4.2.3. Genetic architecture and evolvability
Evolvability is the ability of a population to adapt to a new environment,
which is critically affected by the genetic architecture of key traits under
selection. Both theoretical and empirical studies have shown that the polygenetic architecture can facilitate both rapid adaptation to changing environment and long-term selection response to artificial selection
[12,29,30,32,67,68].
For a very long time, genetic architecture has been assumed to be static, but
recent understandings of the effect of epistasis and genotype-by-environment
interactions on evolution suggest that the genetic architecture is likely to be
dynamic [69]. This means that a significant amount of genetic variations are
buffered in the current population via non-additive genetic mechanisms,
which could offer many possibilities for a population to respond to future
challenges. In Study II, we shown that linkage between loci with opposite
effects can store genetic variation preparing the population for long-term
selection response. An earlier study in the Virginia chicken lines has shown
that epistasis can contribute to the released genetic variation in long-term
selection response [26]. In Study III, approximately 40% of the loci do not
overlap between two flowering traits measured under different temperatures,
indicating that at least some of these alleles have different effects in the dif37

ferent environments. In nature, ecological condition varies drastically across
different subpopulations. It is rational to hypothesize that these alleles underlying local adaption could vary across different ecological condition. If this
hypothesis is true, it means that a population can possess much evolutionary
potential by having genotype-by-environment interactions. Further investigations evaluating the contribution of complex genetic architecture to the
evolvability of a population are needed to address these questions.

4.3. Future developments in complex trait genetics
Rapid developments in genotyping and high throughput phenotyping have
offered numerous opportunities to modern genetics and genomics. Although
we can cost-efficiently generate thousands of genomes, transcriptomes and
metabolomes to study the complex trait genetics, modelling these massive
datasets is a challenging task requiring the development of effective study
design, genetic theory, and analytical method.

4.3.1. Studied resources and approaches
In Study II, we demonstrated the strength of a novel method in an advanced
inter-cross line derived from a bi-directional long-term selection experiment,
which has boosted the power to map out loci accounting for 66% of the additive genetic variation. For the first time, this study shows that all the complex genetic architecture including multi-allelic loci, epistatic interactions
and polygenicity is present in one single trait. This design, however, is optimised to study the genetic architecture of polygenic trait and polygenic in
artificial selection. When it comes to generalizing results obtained in such an
experimental setup, many of the unique strengths of this population become
weaknesses. This is because natural selection on a polygenic trait is likely to
act at a much lower magnitude and the direction of selection can change in a
very short time, for instance, selection on the beak size of Darwin finch [70].
Therefore, no matter how elegant our study design is, there will always be
limitations when it comes to providing general conclusions. In Study III, we
have attempted to combine expression QTL data and prior molecular
knowledge to dissect the genetic basis of a complex trait. This presents an
important example whereby the study design has been improved to fully
utilize the available resources to gain further insights into the long-standing
challenging of dissecting polygenetic traits in natural population.
A straightforward strategy of boosting statistical power is to increase the
sample size. This is sensible from a statistical perspective, but it is well
known that genetic mapping using GWA approach relies on unrelated individuals. In nature, individuals are often cryptically related. As the sample
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size increases, these hidden relationships can give rise to population structure within the mapping panel, especially when additional samples are remotely related (from another cohort). Hence, while capturing more variants
can be done with a larger sample size, it does not necessarily lead to increased statistical power to detect more loci. In the case of multiple segregating haplotypes found in Study II, the power to detect such loci depended on
the linkage phase between the bi-allelic markers and these segregating haplotypes, and their corresponding effect sizes and direction. A homogeneous
population with smaller sample size might have higher power because a
subset of these haplotypes is likely to be better tagged by a bi-allelic marker.
Moreover, Study IV demonstrates that adaptive alleles can be population
specific. Such alleles are very challenging to detect when the population
structure of the mapping population increases with an increased sample size.
Overall, we have to bear in mind that there are no general study designs and
analysis methods that could be successfully applied to every study. We must
tailor our study design and analysis method according to the specific characteristics of the analysed population, trait, and aim of the research.

4.3.2. Novel developments of analytical methods
Compared to increasing sample size and generating more data, my personal
view is that we need more effective methods to fully extract the information
from available samples and datasets. A large proportion of current genetic
theories and analysis methods are formed in the absence of genomic data and
remain mostly unchanged since their foundation. For example, most of the
analytical methods and empirical applications are working with bi-allelic
markers and following Fisher’s additive framework, even though multiallelic loci and non-additivity is present. Analysing the fast-growing genomic data is a challenging task requiring the novel development of theories
and analytical methods rather than standardization of pipelines, which in
many cases ignores the unique features of each population and aims of the
individual studies. In contrast to traditional GWAS, Study II and III adopted
a multi-locus association approach, simultaneously evaluating the contribution of multiple candidate loci in one unified statistical framework. Integration of prior information and multiple datasets in these studies has facilitated
the successful identification of polymorphisms that could account for the
majority of the additive variance. Although this multi-locus method shows
great potential to gain insights into the polygenetic aspect of the complex
traits, it is not intended for detecting multi-allelic loci and loci involved in
epistasis or genotype-by-environment interaction. Future methodology developments that can go beyond the current paradigm and fully utilise the
information provided by omics data are urgently required to reveal the full
potential provided by available resources.
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4.4. From associations to biology
No matter how elegant our study designs and analytical methods are, further
experimental evaluations are always required to demonstrate the biological
relevance of the genetic and genomic findings. Currently, most of the loci
detected in genetic and genomic studies cover broad genomic regions and
inferred associations are very often located in intron/inter-genetic regions.
So far, very few studies have dissected the association signals all the way
down to the underlying molecular mechanisms.
From the perspective of genetic mapping, the successful fine mapping of
functional polymorphisms largely relies on the size of linkage block, which
requires many recombination events to facilitate single-gene resolution.
Without accumulating further recombination events, it is almost impossible
to fine map through linkage or association mapping. The current solution is
either generating more recombination through experimental crosses or integrating external datasets at expression or metabolomics level to prioritise
candidates. The latter option appears to be less time consuming and can shed
lights on the biological relevance. This is because no matter where the functional polymorphisms are located, expressions of their genetic effects are
likely to be manifested as the expression change of affected protein or secondary changes at metabolomics level. Thus, successful integration of ‘omics’ data could possibly contribute to the detection of functional polymorphisms.

4.5. In the end
Many challenges remain in the filed of complex trait genetics. We have a
long way to go before we can fully understand the complexity of complex
trait genetics and accurately predict either the individual phenotype or
evolvability of a population, which is critical for diagnostic and treatment of
diseases, breeding crops or livestock, and predict the impact of climate
change. The past decade has, however, witnessed the vast developments of
technologies, analysis methods that we could hardly have foreseen. We
should keep our mind open and embrace new technologies, ideas and
thoughts that will keep pushing our understanding further.

40

5. Acknowledgements

Now we are moving to the most popular part of a thesis, which should not be
so hard to write as I initially thought. Memories started flooding back and
keep reminding me of the pleasant journey with all the amazing people I met
at the Swedish University of Agricultural Science and Uppsala University,
where this thesis has been completed. I apologize in advance if I missed
some of the lovely people here.
Örjan, words came short when I am trying to express my gratitude to you. I
would like to start by saying “Thank you”, even if I feel this is not remotely
close to how I feel. You are the greatest Supervisor I can ever imagine, and I
am truly grateful to have your supervision over the past 4 years. It is through
the discussion and mentorship I learned how to approach a scientific question and developed my own understanding of science. You have always been
inspiring and helpful throughout these years. I could not imagine how to
develop the scientific skills and way of thinking outside of this group. Privately, you acted as a mentor and friend, you helped me opened my mind to
a new culture, and novel ways to look at many aspects of my life. In China,
we have an old saying goes “Once a teacher, always a mentor”, I sincerely
wish our connection continues in the rest of my life and we can work together for a longer time in the future.
Xia, you are the most brilliant and kind-hearted person I have ever met. You
are such a helpful person that whenever I need your mastermind, you are
always just one message away. Without you, it would not be possible for me
to come and settle down in Sweden. Many thanks for your help in getting me
started in Statistics and Programming and most importantly in this Ph.D.. I
really enjoyed discussing questions, doing side projects with you and I am
always inspired by your novel thoughts and sparking ideas. Thank you so
much for all your support, and hope our friendship will last forever.
Leif, you are the most outstanding scientist nearby me. Your enthusiastic
talks about science broadened my mind and many of the wonderful persons
from your group truly inspired me. Many thanks for all the help and all these
inspirations.

41

Simon, it is a great pleasure to be your officemate for more than three years.
Our after-work discussions on science and life offered me tremendous help
in this Ph.D. I learned not only technical details but also ways to question the
results and develop hypothesis from it. Without your help, this journey could
have been much more difficult. Thanks a lot and wish you all the best in
your future.
Lars, thank you for all the input in my projects and your course in statistic
modelling. It is through your lectures and the discussions with you I start to
understand what statistical modelling is truly about and how to frame genetic
questions in the statistical framework. I start to enjoy the wonder of statistics
due to your help. Thank you.
Zheya, you are definitely the most important one when it comes to adapting
to this group and life in Uppsala. I am very glad to have you as a colleague. I
will surely stall you all the way back to China and hopefully, we can build a
long-term collaboration in the future.
Mette, you have a very positive and enthusiastic personality that brings sunshine to us. Many thanks for all your input in my project, commenting on my
writing and bringing this positivity to me. Your mentorship about the future
plan and suggestions to various things helped me a lot in this Ph.D. Many
thanks!
Monika, you are the most well organised person I have ever worked with.
You helped me getting familiar with the Swedish Ph.D. education system,
and this Ph.D. could be much harder without your help. Thank you and I
wish you all the best in your work and future.
I would like to thank Fuping, Ying, and YunZhou, who brought me many
insights about academia in China and the gatherings for amazing Chinese
food over the weekend. I would like to thank all the teachers who have
taught me courses that underpinned my Ph.D.. Without the knowledge from
you all, this Ph.D. would be impossible. I would like to thank Ulla, Eva, Åsa
and Susanne for all the help they offered during my short lab experience. I
would like to thank Calle and Mats for all the input in my projects. Many
thanks to Matt, Chao, Fan, Xiaofang, Chungang, Junfeng, Chunheng,
Anna, Nima, Sharda, Jessika, Iris … all the IMBIMers in D11:3 corridor
for making me feel welcomed.
Here come the five most important persons in my life, my father, mother,
sisters and wife. Please allow me to express my deep gratitude in my native
language.

42

爸 、 妈 ： 三十个春夏秋冬，从汤饼之期到而立之年，岁月已然苍老了
你们的容颜，而你们的关爱和支持却一如既往。你们是我乡愁中最浓
的一笔，你们是我心中最伟大的人，谢谢你们。
大 姐 、 二 姐 ：在这个独生子女盛行的年代，很庆幸能和你们一起长
大，一起分享生活中的喜怒哀乐。感恩有你们的一生，谢谢你们。
籍 燕 ：不经意间已经一起走过六年有余，一起完成硕士学业、一起准
备出国、一起在这个陌生的地方开始新的生活…… 很庆幸能和你一起
经历这一切，谢谢你六年以来的支持和陪伴。

Here, I would like to thank all the friends and lovely people in Uppsala who
have made my past four years a pleasant journey.
In the end, I would like to acknowledge the relevant publishers. As requested,
guidelines for citing papers included in this thesis are listed below.
Please notice that paper II is a pre-copyedited, author-produced version of an
article accepted for publication in Molecular Biology and Evolution following peer review. The version of record [Zan Y, Sheng Z, Lillie M Rönnegård
L, Honaker CF, Siegel PB, Carlborg Ö. Artificial Selection Response due to
Polygenic Adaptation from a Multilocus, Multiallelic Genetic Architecture.
Molecular Biology and Evolution, 2017, 2, 7–10] is available online at doi:
10.1093/molbev/msx194
Please notice that paper III is a pre-copyedited, author-produced version of
an article accepted for publication in Molecular Ecology Resources following peer review. The version of record [Zan Y, Carlborg Ö. A multi-locus
association analysis method integrating phenotype and expression data reveals multiple novel associations to flowering time variation in wildcollected Arabidopsis thaliana. Molecular Ecology Resources] is available
online at doi: 10.1111/1755-0998.12757

43

6. References

1.
2.
3.
4.
5.

6.

7.
8.

9.
10.

11.

12.

13.

14.

44

Mendel G. Versuche über Plflanzenhybriden. Verhandlungen des
naturforschenden Vereines Brünn. 1866;IV: 3–47.
Galton F. Hereditary Genius: An Inquiry into its Laws and consequeunces.
Macmillan and Co. 1859. doi:10.1037/13474-000
Fisher RF. The genetical theory of natural selection. oxford University
Press. 1930.
Griffith F. The Significance of Pneumococcal Types. J Hyg (Lond).
1928;27: 113–159. doi:10.1017/S0022172400031879
Pritchard JK, Cox NJ. The allelic architecture of human disease genes:
common disease-common variant...or not? Hum Mol Genet. 2002;11: 2417–
2423. doi:10.1093/hmg/11.20.2417
Wood AR, Esko T, Yang J, Vedantam S, Pers TH, Gustafsson S, et al.
Defining the role of common variation in the genomic and biological
architecture of adult human height. Nat Genet. 2014;46: 1173–86.
doi:10.1038/ng.3097
Visscher PM. Sizing up human height variation. Nature Genetics. 2008. pp.
489–490. doi:10.1038/ng0508-489
Yang J, Benyamin B, McEvoy BP, Gordon S, Henders AK, Nyholt DR, et
al. Common SNPs explain a large proportion of heritability for human
height. Nat Genet. 2010;42: 565–569. doi:10.1038/ng.608.Common
Holmes D. Genetics: Unlocking the secrets of adult human height. Nature
Reviews Endocrinology. 2017. doi:10.1038/nrendo.2017.20
Alonso-Blanco C, Andrade J, Becker C, Bemm F, Bergelson J, Borgwardt
KMM, et al. 1,135 Genomes Reveal the Global Pattern of Polymorphism in
Arabidopsis thaliana. Cell. 2016;166: 481–491.
doi:10.1016/j.cell.2016.05.063
Brachi B, Faure N, Horton M, Flahauw E, Vazquez A, Nordborg M, et al.
Linkage and association mapping of Arabidopsis thaliana flowering time in
nature. PLoS Genet. 2010;6: 40. doi:10.1371/journal.pgen.1000940
Flint J, Mackay TFC. Genetic architecture of quantitative traits in mice,
flies, and humans. Genome Research. 2009. pp. 723–733.
doi:10.1101/gr.086660.108
Atwell S, Huang YS, Vilhjálmsson BJ, Willems G, Horton M, Li Y, et al.
Genome-wide association study of 107 phenotypes in Arabidopsis thaliana
inbred lines. Nature. 2010;465: 627–631. doi:10.1038/nature08800
Kim S, Plagnol V, Hu TT, Toomajian C, Clark RM, Ossowski S, et al.
Recombination and linkage disequilibrium in Arabidopsis thaliana. Nat
Genet. 2007;39: 1151–1155. doi:10.1038/ng2115

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Kawakatsu T, Huang S shan??Carol, Jupe F, Sasaki E, Schmitz RJ, Urich
MA, et al. Epigenomic Diversity in a Global Collection of Arabidopsis
thaliana Accessions. Cell. 2016;166: 492–506.
doi:10.1016/j.cell.2016.06.044
Baxter I, Brazelton JN, Yu D, Huang YS, Lahner B, Yakubova E, et al. A
coastal cline in sodium accumulation in Arabidopsis thaliana is driven by
natural variation of the sodium transporter AtHKT1;1. PLoS Genet. 2010;6.
doi:10.1371/journal.pgen.1001193
Cheng R, Lim JE, Samocha KE, Sokoloff G, Abney M, Skol AD, et al.
Genome-wide association studies and the problem of relatedness among
advanced intercross lines and other highly recombinant populations.
Genetics. 2010;185: 1033–1044. doi:10.1534/genetics.110.116863
Chao DY, Chen Y, Chen J, Shi S, Chen Z, Wang C, et al. Genome-wide
Association Mapping Identifies a New Arsenate Reductase Enzyme Critical
for Limiting Arsenic Accumulation in Plants. PLoS Biol. 2014;12.
doi:10.1371/journal.pbio.1002009
Rus A, Baxter I, Muthukumar B, Gustin J, Lahner B, Yakubova E, et al.
Natural variants of AtHKT1 enhance Na+ accumulation in two wild
populations of Arabidopsis. PLoS Genet. 2006;2: 1964–1973.
doi:10.1371/journal.pgen.0020210
Schmitz RJ, Schultz MD, Urich MA, Nery JR, Pelizzola M, Libiger O, et al.
Patterns of population epigenomic diversity. Nature. 2013;495: 193–8.
doi:10.1038/nature11968
Dunnington EA, Siegel PB. Long-term divergent selection for eight-week
body weight in white Plymouth rock chickens. Poult Sci. 1996;75: 1168–
1179. doi:10.3382/ps.0751168
Dunnington E a, Honaker CF, McGilliard ML, Siegel PB. Phenotypic
responses of chickens to long-term, bidirectional selection for juvenile body
weight--historical perspective. Poult Sci. 2013;92: 1724–1734.
doi:10.3382/ps.2013-03069
Marquez GC, Siegel PB, Lewis RM. Genetic diversity and population
structure in lines of chickens divergently selected for high and low 8-week
body weight. Poult Sci. 2010;89: 2580–2588. doi:10.3382/ps.2010-01034
Jacobsson L, Park H-BB, Wahlberg P, Fredriksson R, Perez-Enciso M,
Siegel PB, et al. Many QTLs with minor additive effects are associated with
a large difference in growth between two selection lines in chickens. Genet
Res. 2005;86: 115–25. doi:10.1017/S0016672305007767
Wahlberg P, Carlborg O, Foglio M, Tordoir X, Syvänen A-C, Lathrop M, et
al. Genetic analysis of an F(2) intercross between two chicken lines
divergently selected for body-weight. BMC Genomics. 2009;10: 248.
doi:10.1186/1471-2164-10-248
Carlborg O, Jacobsson L, Ahgren P, Siegel P, Andersson L. Epistasis and
the release of genetic variation during long-term selection. Nat Genet.
2006;38: 418–420. doi:10.1038/ng1761

45

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

46

Pettersson M, Besnier F, Siegel PB, Carlborg Ö. Replication and
explorations of High-Order epistasis using a large advanced intercross line
pedigree. PLoS Genet. 2011;7: e1002180.
doi:10.1371/journal.pgen.1002180
Besnier F, Wahlberg P, Rönnegård L, Ek W, Andersson L, Siegel PB, et al.
Fine mapping and replication of QTL in outbred chicken advanced
intercross lines. Genet Sel Evol. 2011;43: 3. doi:10.1186/1297-9686-43-3
Sheng Z, Pettersson ME, Honaker CF, Siegel PB, Carlborg Ö. Standing
genetic variation as a major contributor to adaptation in the Virginia chicken
lines selection experiment. Genome Biol. 2015;16: 219.
doi:10.1186/s13059-015-0785-z
Johansson AM, Pettersson ME, Siegel PB, Carlborg Ö. Genome-wide
effects of long-term divergent selection. PLoS Genet. 2010;6: e1001188.
doi:10.1371/journal.pgen.1001188
Pettersson ME, Johansson AM, Siegel PB, Carlborg O. Dynamics of
adaptive alleles in divergently selected body weight lines of chickens. G3
(Bethesda). 2013;3: 2305–12. doi:10.1534/g3.113.008375
Lucas CJ, Zhao H, Schneerman M, Moose SP. Genomic Changes in
Response to 110 Cycles of Selection for Seed Protein and Oil Concentration
in Maize. Seed Genomics. Oxford, UK: Wiley-Blackwell; 2013. pp. 217–
236. doi:10.1002/9781118525524.ch12
Li P, Filiault D, Box MS, Kerdaffrec E, van Oosterhout C, Wilczek AM, et
al. Multiple FLC haplotypes defined by independent cisregulatory variation
underpin life history diversity in Arabidopsis thaliana. Genes Dev. 2014;28:
1635–1640. doi:10.1101/gad.245993.114
Caicedo AL, Stinchcombe JR, Olsen KM, Schmitt J, Purugganan MD.
Epistatic interaction between Arabidopsis FRI and FLC flowering time
genes generates a latitudinal cline in a life history trait. Proc Natl Acad Sci.
2004;101: 15670–15675. doi:10.1073/pnas.0406232101
Dubin MJ, Zhang P, Meng D, Remigereau MS, Osborne EJ, Casale FP, et
al. DNA methylation in Arabidopsis has a genetic basis and shows evidence
of local adaptation. Elife. 2015;4. doi:10.7554/eLife.05255
Sánchez-Bermejo E, Castrillo G, Del Llano B, Navarro C, Zarco-Fernández
S, Martinez-Herrera DJ, et al. Natural variation in arsenate tolerance
identifies an arsenate reductase in Arabidopsis thaliana. Nat Commun.
2014;5. doi:10.1038/ncomms5617
Buckler ES, Holland JB, Bradbury PJ, Acharya CB, Brown PJ, Browne C, et
al. The genetic architecture of maize flowering time. Science. 2009;325:
714–718. doi:10.1126/science.1174276
Juenger TE, Sen S, Stowe KA, Simms EL. Epistasis and genotypeenvironment interaction for quantitative trait loci affecting flowering time in
Arabidopsis thaliana. Genetica. 2005. pp. 87–105. doi:10.1007/s10709-0032717-1
Abramovich F, Benjamini Y, Donoho DL, Johnstone IM. Adapting to
unknown sparsity by controlling the false discovery rate. Ann Stat. 2006;34:
584–653. doi:10.1214/009053606000000074

40.

41.

42.

43.

44.

45.

46.

47.
48.

49.

50.

51.

52.

Gavrilov Y, Benjamini Y, Sarkar SK. An adaptive step-down procedure
with proven FDR control under independence. Ann Stat. 2009;37: 619–629.
doi:10.1214/07-AOS586
Lillie M, Sheng Z, Honaker CF, Dorshorst BJ, Ashwell CM, Siegel PB, et
al. Genome-wide standing variation facilitates long-term response to
bidirectional selection for antibody response in chickens. BMC Genomics.
2017;18: 99. doi:10.1186/s12864-016-3414-7
Brandt M, Ahsan M, Honaker CF, Siegel PB. Imputation-based finemapping suggests that most QTL in an outbred chicken advanced intercross
body weight line are due to multiple , linked loci. G3 (Bethesda). 2017;7:
119–128. doi:10.1534/g3.116.036012
Johanson U. Molecular Analysis of FRIGIDA, a Major Determinant of
Natural Variation in Arabidopsis Flowering Time. Science. 2000;290: 344–
347. doi:10.1126/science.290.5490.344
Forsberg SKG, Andreatta ME, Huang XY, Danku J, Salt DE, Carlborg Ö.
The multi-allelic genetic architecture of a variance-heterogeneity locus for
molybdenum concentration in leaves acts as a source of unexplained
additive genetic variance. PLoS Genet. 2015;11: e1005648.
doi:10.1371/journal.pgen.1005648
Baxter I, Muthukumar B, Hyeong CP, Buchner P, Lahner B, Danku J, et al.
Variation in molybdenum content across broadly distributed populations of
Arabidopsis thaliana is controlled by a mitochondrial molybdenum
transporter (MOT1). PLoS Genet. 2008;4.
doi:10.1371/journal.pgen.1000004
Shen X, Pettersson M, Rönnegård L, Carlborg Ö. Inheritance Beyond Plain
Heritability: Variance-Controlling Genes in Arabidopsis thaliana. PLoS
Genet. 2012;8. doi:10.1371/journal.pgen.1002839
Forsberg SKG, Carlborg Ö. On the relationship between epistasis and
genetic variance heterogeneity. J Exp Bot. 2017; doi:10.1093/jxb/erx283
Forsberg SKG, Bloom JS, Sadhu MJ, Kruglyak L, Carlborg Ö. Accounting
for genetic interactions improves modeling of individual quantitative trait
phenotypes in yeast. Nat Genet. Nature Research; 2017;49: 497–503.
doi:10.1038/ng.3800
Phillips PC. Epistasis--the essential role of gene interactions in the structure
and evolution of genetic systems. Nat Rev Genet. 2008;9: 855–67.
doi:10.1038/nrg2452
Le Rouzic A, Siegel PB, Carlborg O. Phenotypic evolution from genetic
polymorphisms in a radial network architecture. BMC Biol. 2007;5: 50.
doi:10.1186/1741-7007-5-50
Mathey MM, Mookerjee S, Mahoney LL, Gündüz K, Rosyara U, Hancock
JF, et al. Genotype by environment interactions and combining ability for
strawberry families grown in diverse environments. Euphytica. 2017;213.
doi:10.1007/s10681-017-1892-6
Priyadarshan PM. Genotype-by-Environment Interactions. Biology of Hevea
Rubber. Cham: Springer International Publishing; 2017. pp. 163–170.
doi:10.1007/978-3-319-54506-6_10

47

53.

54.

55.

56.
57.
58.

59.

60.

61.

62.
63.

64.

65.

66.

67.
68.

48

Rutherford SL. From genotype to phenotype: Buffering mechanisms and the
storage of genetic information. BioEssays. 2000. pp. 1095–1105.
doi:10.1002/1521-1878
Hermisson J, Wagner GP. The population genetic theory of hidden variation
and genetic robustness. Genetics. 2004;168: 2271–2284.
doi:10.1534/genetics.104.029173
Márquez GC, Siegel PB, Lewis RM. Genetic diversity and population
structure in lines of chickens divergently selected for high and low 8-week
body weight. Poult Sci. 2010;89: 2580–2588. doi:10.3382/ps.2010-01034
Belyaev DK. Destabilizing selection as a factor in domestication. J Hered.
1979;70: 301–308. doi:10.1093/oxfordjournals.jhered.a109263
Trut L. Early Canid Domestication: The Farm-Fox Experiment. Am Sci.
1999;87: 160. doi:10.1511/1999.20.813
Trut L, Oskina I, Kharlamova A. Animal evolution during domestication:
The domesticated fox as a model. BioEssays. 2009. pp. 349–360.
doi:10.1002/bies.200800070
Blanchard RJ, Flannelly KJ, Blanchard DC. Defensive behavior of
laboratory and wild Rattus norvegicus. J Comp Psychol. 1986;100: 101–
107. doi:10.1037//0735-7036.100.2.101
Naumenko E V., Popova NK, Nikulina EM, Dygalo NN, Shishkina GT,
Borodin PM, et al. Behavior, adrenocortical activity, and brain monoamines
in Norway rats selected for reduced aggressiveness towards man. Pharmacol
Biochem Behav. 1989;33: 85–91. doi:10.1016/0091-3057(89)90434-6
Brockmann GA, Haley CS, Renne U, Knott SA, Schwerin M. Quantitative
trait loci affecting body weight and fatness from a mouse line selected for
extreme high growth. Genetics. 1998;150: 369–381.
Rhees BK, Atchley WR. Body weight and tail length divergence in mice
selected for rate of development. J Exp Zool. 2000;288: 151–164.
Laurie CC, Chasalow SD, LeDeaux JR, McCarroll R, Bush D, Hauge B, et
al. The genetic architecture of response to long-term artificial selection for
oil concentration in the maize kernel. Genetics. 2004;168: 2141–2155.
doi:10.1534/genetics.104.029686
Moose SP, Dudley JW, Rocheford TR. Maize selection passes the century
mark: A unique resource for 21st century genomics. Trends in Plant Science.
2004. pp. 358–364. doi:10.1016/j.tplants.2004.05.005
Kroymann J, Mitchell-Olds T. Epistasis and balanced polymorphism
influencing complex trait variation. Nature. Nature Publishing Group;
2005;435: 95–98. doi:10.1038/nature03480
Stylianou IM, Korstanje R, Li R, Sheehan S, Paigen B, Churchill GA.
Quantitative trait locus analysis for obesity reveals multiple networks of
interacting loci. Mamm Genome. 2006;17: 22–36. doi:10.1007/s00335-0050091-2
Jain K, Stephan W. Modes of rapid polygenic adaptation. Mol Biol Evol.
2017; doi:10.1093/molbev/msx240
Jain K, Stephan W. Rapid adaptation of a polygenic trait after a sudden
environmental shift. Genetics. 2017;206: 389–406.
doi:10.1534/genetics.116.196972

69.
70.

Hansen TF. The Evolution of Genetic Architecture. Annu Rev Ecol Evol
Syst. 2006;37: 123–157. doi:10.1146/annurev.ecolsys.37.091305.110224
Grant PR, Grant BR. Unpredictable evolution in a 30-year study of Darwin’s
finches. Science. 2002;296: 707–711. doi:10.1126/science.1070315

49

Acta Universitatis Upsaliensis
Digital Comprehensive Summaries of Uppsala Dissertations
from the Faculty of Medicine 1438
Editor: The Dean of the Faculty of Medicine
A doctoral dissertation from the Faculty of Medicine, Uppsala
University, is usually a summary of a number of papers. A few
copies of the complete dissertation are kept at major Swedish
research libraries, while the summary alone is distributed
internationally through the series Digital Comprehensive
Summaries of Uppsala Dissertations from the Faculty of
Medicine. (Prior to January, 2005, the series was published
under the title “Comprehensive Summaries of Uppsala
Dissertations from the Faculty of Medicine”.)

Distribution: publications.uu.se
urn:nbn:se:uu:diva-343174

ACTA
UNIVERSITATIS
UPSALIENSIS
UPPSALA
2018

