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Abstract

Genetic variation is needed for plants to respond and adapt to environmental
challenges. Understanding the genetic variation of adaptive traits and the
forces that shaped it is one of the main goals of evolutionary biology. This
is a difficult task, as most adaptive traits are quantitative traits, i.e. traits
that are controlled by many loci interacting with the environment. The aim
of this thesis was (i) to analyze the genetic variation of the timing of budset
of Norway spruce (Picea abies L.) within and among 15 populations cover-
ing the natural range of the species and (ii) to relate the variation among
population for timing of budset with the variation observed at both neutral
and candidate genes. The former was done through a classical ANOVA after
choosing the adequate model. The latter was achieved by estimating and
calculating confidence intervals for Wright’s fixation indices (a measure of
among-population differentiation) for budset, on the one hand, and neutral
or candidate genes, on the other hand. Estimating confidence intervals for
Wright’s fixation index for quantitative trait, such as timing of budset, has
been and can be done in many different ways. In some studies the delta
method has been used whereas in others nonparametric bootstrapping was
favored. In almost all studies, the choice of a certain method was not jus-
tified or discussed, nor, when bootstrap was retained, was the choice of a
particular bootstrap strategy or type warranted. We therefore simulated
several datasets and applied miscellaneous methods to find the most appro-
priate method. We concluded that either a semiparametric or a parametric
bootstrap gave the best results in the case of the spruce dataset. Using a
nonparametric bootstrap, sampling over populations and families would def-
initely be the most adequate way of obtaining a confidence interval. Finally,
Wright’s fixation index for budset was significantly larger than differentia-
tion at both candidate and neutral loci suggesting strong local adaptation.
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Chapter 1

Introduction

1.1 Biological Aspects

Norway spruce (Picea abies) is one of the most common tree species in
Europe. Picea abies is not only significant for the timber industry, it also
plays a fundamental ecological role. Its natural range extends from the
European Alps eastwards to the Urals where it merges with Siberian larch
(Picea obovata) and southwards to the Balkans.

During the last glacial period almost all of Scandinavia was covered by
ice. After the retreat of the ice the tree flora was species poor and started to
re-colonize the Scandinavian peninsula (mainly from the northeast). These
historical conditions provide an excellent opportunity to study the popu-
lation expansion and the dynamics of tree spread on timescale of 10,000
years.

The adaptive potential of a population and its ability to survive in a chang-
ing environment is largely due to its genetic variation. Populations of Nor-
way spruce across Europe are very little differentiated at neutral genes but
are strongly divergent for adaptive traits such as budset (e.g. Lagercrantz
and Ryman 1990, [11]; Dormling 1983, [4]). In the case of Scandinavia the
establishment of a strong clinal variation in budset seems somewhat para-
doxical because populations are very young and natural selection would have
had very little time to act on them.

The aim of the present study is to quantify the genetic divergence observed
at a quantitative trait, budset time, among Norway spruce populations and
compare it with the divergence observed at a set of neutral candidate genes
for that trait. To this end, we want to examine the effect of adaptation
directly at the gene level. Seeds of 15 populations from different latitudes,
from northern Finland down to Italy, were grown in a greenhouse in Finland
and the budset time was recorded. This is the particular date during the
summer when at the tip of the small tree plant some small leaves close
and start forming a bud. From this data two different quantitative genetic
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parameters can be estimated: One is the heritability of the trait, which tells
us how much of the phenotypic variance is genetic in origin and how much
is due to environmental effects. The other parameter is a measure of the
degree of differentiation among populations. The biological background for
these computations is provided in Chapter 2.

In addition, for six of the 15 populations the seeds could be genotyped.
One target of the present paper is to look closer at a possible correlation
between variation at the DNA level and the phenotypic character, timing of
budset. This means, that the nucleotide sequences of certain genes which
are probably related to the budset time are known. At the gene level a
similar measure of among-population differentiation can be calculated and
compared to the one estimated from the phenotypic data. This will give us
information about the neutrality of the trait.

1.2 Mathematical Aspects

The first thing to do is to look carefully (also by using graphical tools) at
the budset data the biologist provided us with. How is the data structured?
Which model is the most appropriate one? One aim afterwards is to perform
some classical quantitative genetic analysis, but still not using genotype
data. This is basically Analysis of Variance (ANOVA) methods using the
software package R for all the computations.

In Chapter 4 we will estimate the two above mentioned important quan-
titative genetic parameters. Since these two similar parameters of among-
population differentiation can be estimated and compared for the six se-
quenced populations, one goal is to get appropriate confidence intervals for
them. Many biological studies have recently done that with different meth-
ods (bootstrap, jackknife or delta method). But surprisingly enough, in
almost all studies the choice of a particular method was not justified (see
Chapter 5 for references and discussion). Important mathematical questions
which arise in Chapter 6 of this thesis are therefore: Which method should
be used for estimating a confidence interval for the among-population differ-
entiation? Does it depend on the dataset? What is the best way to perform
this particular method?

In order to answer these questions different datasets have been simulated
and various methods implemented.
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Chapter 2

Biological Background

As this thesis is mostly written for readers with no more than a basic biolog-
ical knowledge, this chapter will provide a short introduction to population
genetic concepts (without asserting claims to completeness). As a guideline,
Gillespie 1998 ([5]) was used.

2.1 Motivation

In order to test whether natural selection has shaped the variation at quan-
titative characters (complex characters such as size, fitness, or in our case:
budset time) one usually compares population genetic structure at quantita-
tive characters and presumably neutral marker loci. Briefly, the underlying
idea is that genetic drift affects variation at both quantitative traits and
marker loci to the same extent so that if genetic drift is the only force
acting on allele frequencies, the population genetic structure at the quan-
titative trait and at marker loci will not differ significantly. On the other
hand, if natural selection acts on the quantitative character but does not
affect the neutral genetic markers, population genetic structure will be more
pronounced for quantitative traits than for neutral loci.

2.2 Vocabulary

Let us first make a short digression into genetical vocabulary: A locus is
the place on a chromosome where an allele resides. An allele is just the
bit of DNA at that place (some authors use gene as a synonym for allele).
A locus is not a tangible thing; it rather describes where to find a tangi-
ble thing, an allele, on a chromosome. A locus is called neutral if natural
selection does not affect the variation at this locus. A diploid individual
- which is an individual with two sets of chromosomes - has two alleles at
a particular autosomal locus, one from its father and one from its mother.
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(An autosomal locus could be on any chromosome that is not a sex chro-
mosome.) Biologists are mostly interested in the case where alleles at the
same locus differ from each other. Such loci are said do be polymorphic.
Table 2.1 presents an example of a polymorphic locus, namely the alcohol
dehydrogenase locus of Drosophila melanogaster. This data was first pub-
lished by Kreitman in 1983 and was a milestone in evolutionary genetics.

Allele 39 226 387 393 441 513 519 531 540 578 606
Ref. T C C C C C T C C A C
Wa-S T T T C A A C C C A C
Af-S T C C C C C T C C A C
Ja-S G C C C C C T G T C T
Af-F G C C A C C T G T C T

Table 2.1: Example of a polymorphic locus: Four out of eleven alcohol
dehydrogenase alleles of Drosophila melanogaster. The numbers refer to the
position in the coding sequence where the variant nucleotides are found. The
first line indicates the reference sequence. The first two letters of the allele
name identify the place of origin. ”A” stands for the organic base Adenine,
”C” for Cytosine, ”G” for Guanine and ”T” for Thymine. Only 11 out of
14 nucleotide variants are shown.

If two alleles of a diploid individual at a certain locus are different by state
then the individual is said to be heterozygous. On the other hand it is
homozygous if the two alleles are identical by state.

2.3 Evolutionary Forces

What are the forces which generate, maintain or reduce genetic variation in
populations?
In Section 2.4 we will assume that the population size is infinite. However,
the population size of many species is not very large. In finite populations,
random changes in allele frequencies result from variation in the number
of offspring between individuals. These random changes are called genetic
drift and affect evolution in an important way: As a dispersive force that
removes genetic variation from populations. Over time there is a net loss
of heterozygosity and a net increase of homozygosity leading to fixation of
one allele over the other(s). The rate of removal is inversely proportional to
the population size, so genetic drift is a very weak dispersive force in most
natural populations.

If genetic drift decreases the variation of natural populations, why aren’t
all populations devoid of genetic variation? The answer is that the dispersive
aspect of genetic drift is countered by mutation, which puts variation back
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into populations. It is one of the most important statements of the so called
”neutral theory” that much of the molecular variation is due to this interac-
tion of drift and mutation. Neutral evolution has been called non-Darwinian
because it seems to be in conflict with Darwin’s claim that natural selection
(and not genetic drift) causes most of evolution. However it is not, it simply
states that most substitutions have no influence on the survival of genotypes.

The evolutionary force which is clearly most responsible for adaption to
the environment is the already above mentioned natural selection. It oc-
curs when an individual carrying one genotype leaves a different number of
offspring than another. Up to now, the actual strength of natural selection
is still hotly debated.

To summarize, evolutionary forces (such as mutation, migration and re-
combination) either introduce variation or (like random genetic drift, natural
selection, inbreeding and assortative mating) reduce variation. Our goal now
is to test whether variation in our quantitative character, the budset time,
has only been affected by a balance between genetic drift and mutation or
whether some natural selection also played a part.

2.4 Genotype Frequencies & Hardy-Weinberg Law

In order to describe a population and its genetic structure in a quantitative
way one uses relative frequencies of alleles and genotypes. Let us consider a
certain A locus which has two different alleles, called A1 and A2. Therefore
there will be three genotypes in the population: one heterozygous genotype
A1A2 and two homozygous genotypes A1A1 and A2A2. The frequencies of
the alleles A1 and A2 are called p and q respectively, whereas the relative
frequency of a genotype will be written as xij :

Genotype: A1A1 A1A2 A2A2

Relative frequency: x11 x12 x22

Obviously, we have
x11 + x12 + x22 = 1

and for the allele frequencies

p = x11 + 0.5x12

q = 1− p = x22 + 0.5x12

Observing a random mating population - this means that mates are cho-
sen with complete ignorance of their genotype, degree of relationship or
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geographic locality - one of the first important theoretical population ge-
netic conclusions was provided by George Hardy and Wilhelm Weinberg in
1908/1909. They discovered a simple relationship between allele frequencies
and genotype frequencies, nowadays called ”The Hardy-Weinberg Law”.
It describes the equilibrium state of a single locus in a randomly mating in-
finite (diploid) population assuming that neither mutation, migration nor
genetic drift occurs.

Example 2.1 Looking at a hermaphroditic species one can obtain a rela-
tive basic example of the Hardy-Weinberg law. A hermaphroditic species is
a species in which each individual is both female and male. After a single
generation of random mating an autosomal locus of this species has already
reached its Hardy-Weinberg equilibrium. If we still consider the case with
two different alleles A1 and A2 we get the following zygotes in the offspring
generation:

Genotype: A1A1 A1A2 A2A2

Hardy-Weinberg Frequency: p2 2pq q2

The probability that a zygote is A1A1 is the probability that the egg is A1,
p, times the probability that the sperm is A1, which is also p. For the two
other cases the computation of the Hardy-Weinberg Frequency is similar.

One important fact is that random mating can change genotype frequen-
cies but not allele frequencies. Therefore the Hardy-Weinberg genotype
frequencies in Example 2.1 will remain unchanged after the first generation.
Another consequence of the Hardy-Weinberg law concerns the genotypes
occupied by rare alleles. Suppose the A2 allele is rare; that is, q = 1 − p
is small. The ratio of the A2A2 homozygotes to the A1A2 heterozygotes is
then

2pq

q2
=

2p

q
≈ 2

q

If q = 0.01, an A2 allele is about 200 times more likely to be in a heterozygote
than in a homozygote. Thus, rare alleles mostly find themselves in heterozy-
gotes. Furthermore, if A2 is a recessive allele the phenotypic appearance of
A2 would be rather seldom although (according to the Hardy-Weinberg law)
its frequency still is the same.

2.5 Among-Population Differentiation for Quanti-
tative Traits and Neutral Loci

When populations do not mate at random one assumption of the Hardy-
Weinberg law is violated. In this case we introduce the inbreeding coeffi-
cient, F , which describes the deviation of the genotype frequencies from the
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Hardy-Weinberg frequencies:

Example 2.2 (Continuation of Example 2.1) The table of Example 2.1
is now slightly different:

Genotype: A1A1 A1A2 A2A2

Frequency: p2(1− F ) + pF 2pq(1− F ) q2(1− F ) + qF

For F = 0, we get the usual Hardy-Weinberg frequencies. When 0 < F ≤
1, more homozygotes (compared to the Hardy-Weinberg expectation) can be
found. When F < 0, there is an excess of heterozygotes.

In the present thesis we want to look closer at one departure from the
”random-mating assumption” which is due to population subdivisions. Many
species occupy such vast geographic areas or have such effective barriers to
migration that they cannot behave as a single, randomly mating popula-
tion. Obviously, there will be genetic differentiation between subpopula-
tions, which has an impact on the genotype frequencies. Even though each
subpopulation may be in Hardy-Weinberg equilibrium, the species as a whole
will not. The variable F in the case of subdivided populations is then called
Fst, the Wright’s index of fixation.

Example 2.3 (Continuation of Example 2.2) Consider pk as the fre-
quency of allele A1 in the kth subpopulation, ck with

∑
ck = 1 as the rel-

ative contribution of this subpopulation to the species and p as the average
frequency of the A1 allele across patches with p =

∑
ckpk and q = 1− p.

Genotype: A1A1 A1A2 A2A2

In kth patch: p2
k 2pkqk q2

k

In species:
∑

ckp
2
k

∑
ck2pkqk

∑
ckq

2
k

In species: p2(1− Fst) + pFst 2pq(1− Fst) q2(1− Fst) + qFst

Now, let us look at a more general case (the derivations below are adapted
from Wright (1951, 1969 pp. 446-447; [27], [28])): Assume that the effects
of loci and environment on a quantitatively varying character are additive.
Assume further that the effects of alleles within loci are additive. As men-
tioned before, the inbreeding coefficient F is a measure of departure from
random mating. One can easily show that under the assumptions listed
above the genetic variance is

σ2
F = (1 + F )σ2

0, (2.1)
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where σ2
0 is the variance in the absence of departure from random mating.

Now we have not been too specific on the type of departures we had in mind.
Let us now (as in Example 2.3) assume that the total population is divided
into a set of subpopulations. Then we can have departure from random
mating in the total population because individuals belonging to different
subpopulations do not mate randomly or because individuals within each
subpopulation do not mate randomly. Using Wright’s notations, Equation
(2.1) can be written as

σ2
it(F ) = (1 + Fit)σ2

it(0),

where Fit is the global departure from random mating (individual relative
to the total). It is of interest to ”split” this variance into the variance
among individuals within populations, σ2

is, with corresponding inbreeding
coefficient, Fis, and the variance of individuals among populations, σ2

st, with
corresponding inbreeding coefficient, Fst. If we assume that Fis = 0 then

σ2
it | Fis=0 = (1 + Fst)σ2

it(0),

and the mean variance within populations is

σ2
is | Fis=0 = (1− Fst)σ2

it(0)

from which we get, since the total variance is the sum of the components,

σ2
st = 2Fstσ

2
it(0).

Summing up:

Non random mating subpopulations Random mating subpopulations
Fit = Fis + Fst − FisFst Fis = 0, Fit = Fst

σ2
is (1 + Fit − 2Fst)σ2

it(0) (1− Fst)σ2
it(0)

σ2
st 2Fstσ

2
it(0) 2Fstσ

2
it(0)

σ2
it (1 + Fit)σ2

it(0) (1 + Fst)σ2
it(0)

From these equations one can derive

Fst =
σ2

st

2σ2
it(0)

=
σ2

st

σ2
st + 2σ2

is

.

This is often also written as (Spitze 1993, [22])

Qst =
σ2

b

σ2
b + 2σ2

w

(2.2)

with σ2
b the genetic variance between populations and σ2

w the genetic vari-
ance within populations. It measures the proportion of the total variance
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in a quantitative trait that is due to variance among populations. If the
subpopulations are fixed for different alleles the within-population variance
will be nil and Qst = 1. If, on the other hand, there is no variance among
populations, Qst = 0.

It was shown (Whitlock 1999, [26]) that the Qst calculated for a neutral
additive trait is expected to be the same as the Fst for a neutral locus in
the low mutation limit. From the table above one can easily see that

σ2
it(0) = σ2

is +
1
2
σ2

st,

and therefore Qst can be rewritten as

Qst =
σ2

it(0) − σ2
is

σ2
it(0)

. (2.3)

In a finite random mating population two genes will be identical by descent
if none of them has mutated since they coalesced into their most recent
common ancestor. So the total genetic variance will depend on the average
coalescent time of two randomly picked genes, tspecies, and the mutation
variance, σ2

m:
σ2

it(0) = tspeciesσ
2
m

By similar logic, within a subpopulation,

σ2
is = twithinσ2

m.

So, using (2.3), one gets

Qst =
tspecies − twithin

tspecies
.

Slatkin (1991, [21]) showed that in the limit of low mutation the same rela-
tion is obtained for Fst, measured for a neutral single locus,

Fst =
tspecies − twithin

tspecies
.

Therefore for neutral additive quantitative traits and neutral marker loci,
in the limit of low mutation rate, we have Qst = Fst.

As stated in Section 2.1, one main goal is to analyze whether natural se-
lection has acted on certain quantitative characters, budset time in our case.
For neutral traits, Fst and Qst should be equal. For traits under selection
pressure, Qst is expected to be greater or smaller than Fst at marker loci.
It will be greater if selection acts differentially on population and smaller if
the same selection prevents populations from diverging for the quantitative
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trait. Therefore we would like to compare Fst and Qst both for candidate
genes (which probably are related to the budset time) and for control genes.
Most studies have first estimated Wright’s index of fixation Fst for marker
loci and the analogous parameter Qst for quantitative traits and then pro-
ceeded to compare those two estimates by calculating confidence intervals.
Computing confidence intervals leads to some mathematical problems which
are raised in Chapter 5.

2.6 Heritability

Another important quantitative genetic parameter is the heritability of a
certain trait, h2. This can be computed for every particular population.
Naively, we can imagine the phenotype to be constructed from genetic and
environmental factors. The simplest model posits a single locus that con-
tributes additively to the phenotype and an environmental component (also
acting additively):

P = Xm + Xp + E

P is the value of the phenotype of an individual expressed as the deviation
of its value from the population mean. Xm and Xp refer to the additive
effect of the maternally or paternally derived allele to the phenotype. The
last component is the environmental contribution, E , which is expressed in
the same units as the genetic contribution.
In addition we want to assume that Xm, Xp and E are normally distributed
independent random variables with means

E[Xm] = E[Xp] = E[E ] = 0

and variances

V ar(Xm) = V ar(Xp) = VA/2 (2.4)
V ar(E) = VE . (2.5)

(VA is called the ”additive variance”, which refers to the fact, that the genetic
contribution is a simple sum of the contribution of each allele.)
The variance of the phenotype can be written as

VP = V ar(P )
= V ar(Xm) + V ar(Xp) + V ar(E)

(2.4),(2.5)
= VA + VE

Then, the fraction of the phenotypic variance due to additive effects is simply

10



h2 =
VA

VP
=

VA

VA + VE
(2.6)

and is called the heritability of the trait.
For example, if h2 = 1/2, then one-half of the variance in the phenotype is
genetic in origin and the other one-half is environmental.
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Chapter 3

The Data

3.1 Location

The participants of the forest tree project, TREESNIPS, are research groups
from all over Europe, namely from Finland, France, Italy, Scotland, Spain
and Sweden. The groups which are responsible for the ”budset” project of
Norway spruce mentioned above are the ones of Prof. Katri Kärkkäinen
from the Finnish Forest Research Institute (METLA), Prof. Martin Las-
coux from the Department of Evolution, Genomics and Systematics at the
Uppsala University in Sweden and Prof. Michele Morgante at the University
of Udine, Italy.

They started with 15 populations from different latitudes, which are lo-
cated as in Figure 3.1.

The Sverdlovsk population represents a different spruce species - Picea
obovata instead of Picea abies - but the genetical difference between the two
species is very limited (Krutovskii and Bergmann 1995, [10]).

3.2 Data Structure

From each of the 15 populations 20-30 different mother trees (families) with
25 seeds per family were taken and raised in a greenhouse in Finland (Haa-
pastensyrja Research Station, Vantaa). The greenhouse was arranged in
five blocks, since the location could have had an impact on the budset time.
Each family was represented by five individuals per block. These five in-
dividuals were grown together and therefore were not randomized over the
block.
Since the seeds from the Italian population were too old to germinate and
most of them died we excluded this population from our study.
Table 3.2 is an abridgement from the data we got.

The variable ”Block” is numbered from one to five, whereas 385 different
families take part. The number in the column budset indicates the time in
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Number Country Population Latitude

1 Finland Rovaniemi 66◦22′

2 Finland Punkaharju 61◦34′

3 Finland Tuusula 60◦21′

4 Sweden Northern Norrland 65◦

5 Sweden Sör-Amsberg 60◦28′

6 Sweden Saleby 58◦22′

7 Russia Petroskoi 63◦22′

8 Russia Sverdlovsk 56◦58′

9 Germany Ruhpolding 47◦05′

10 Lithuania Krosnà 54◦21′

11 Slovakia Slovakia 48◦30′

12 Switzerland Valais 46◦22′

13 Austria Austria 46◦55′

14 Romania Fânsel 46◦51′

15 Italy Val Tellina 46◦10′

Table 3.1: Latitude of all 15 different populations

weeks from sowing until the first bud appeared.

3.3 Plots

The following four plots should give a good overview over the whole data
set. In Figure 3.2 one can see the empirical cumulative distribution function
of time to budset for each of the 14 populations, whereas in Figure 3.3
these functions are smoothed by taking a normal distribution with mean
and standard deviation of the data. Worth mentioning here is the striking
difference between the two northern populations, Rovaniemi and Northern
Norrland, and the southern ones. In the North, the trees set bud much
earlier than in the South which is due to environmental adaption. The
short summertime forces northern spruce trees to set bud very early - for
them, it is even a matter of survival to develop themselves as much and as
soon as possible before the first frost in autumn appears.

This effect can also be seen in Figure 3.4. The boxplot shows the 14
populations with their variation. Remarkable here is that the two northern
populations (number one and four) have a low median but also a large
variation.

Finally in Figure 3.5 a histogram of the whole data set and the associated
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Indivdual Block Population Family Budset

1 1 Rovaniemi 1 30

2 1 Rovaniemi 1 33

3 1 Rovaniemi 1 33

4 1 Rovaniemi 1 33

5 1 Rovaniemi 1 26

6 2 Rovaniemi 1 33
...

...
...

...
...

2528 5 Saleby 139 34

2529 5 Saleby 139 33

2530 5 Saleby 139 35
...

...
...

...
...

8069 4 Romania 385 36

8070 5 Romania 385 34

8071 5 Romania 385 34

8072 5 Romania 385 37

8073 5 Romania 385 34

8074 5 Romania 385 34

Table 3.2: Data structure: ”Budset” indicates the time in
weeks from sowing until the first bud appeared

density function are plotted. (For the density estimation the Gaussian kernel
estimator was used.)

15
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Slovakia

Austria
Germany

Norrland Rovaniemi
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Lithuania

Sverdlovsk

Figure 3.1: Geographical location of the 15 populations
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Figure 3.2: Empirical cumulative distribution function of all 14 populations

Figure 3.3: Smoothed distribution function of all 14 populations
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Figure 3.4: Boxplot of all 14 populations (1 = Rovaniemi, 2 = Punkaharju, 3 = Tuusula,
4 = Northern Norrland, 5 = Sör-Amsberg, 6 = Saleby, 7 = Petroskoi, 8 = Sverdlovsk, 9 =
Germany, 10 = Lithuania, 11 = Slovakia, 12 = Switzerland, 13 = Austria, 14 = Romania)
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Figure 3.5: Histogram and density function of the whole data set
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Chapter 4

Analysis of the Data

4.1 Model

4.1.1 The Final Model

To achieve an appropriate model for our further studies, we first have to
consider several issues. Looking at the data we have three input variables or
predictors (”block”, ”population” and ”family”) and one response variable
(”budset time”). All predictors are factors with several levels: The variable
”block” has five, the variable ”population” has 14 and the variable ”family”
has 385 different levels.

Let us use the following terminology:

• The factor levels which are represented in the data are called sampled
levels.

• Let U1, . . . , Uk be the sets of the sampled levels of factors α1, . . . , αk

and let Wi be the set of all levels of the factor αi (i = 1,. . . ,k). Factor
αi is called fixed if Ui = Wi.

• The factor αi is called random if a random sample Ui ⊂ Wi is rep-
resented in the data and Wi is infinite.

Therefore we classify:

• ”block” is a fixed factor - no more than five blocks exist

• ”population” is a random factor - the 14 populations are an assortment
of all possible Norway spruce populations

• ”family” is a random factor and is nested in ”population” - the mother
trees (”families”) were randomly chosen in every population
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For every possible combination of these three factors we have five indi-
viduals, namely the five seeds from the same mother tree which had been
planted together in one block. Due to the fact that these five seeds were not
randomized over the block they are clearly not independent. Therefore we
may consider the five seeds grown together as one experimental unit.

We then use the model

Yijk = µ + Bi + Pj + F (P )k(j) + εijk, (4.1)

where Yijk = budset time of the kth family within the jth

population, grown in the ith block,
µ = grand mean (corresponds to the 5th block effect),
Bi = ith block effect (fixed), i = 1, . . . , 5

(with B5 = 0),
Pj = jth population effect (random), j = 1, . . . , 14,
F (P )k(j) = kth family effect within the jth population,

(random and nested in population), k = 1, . . . , k(j) ,
εijk = error.

The population effects Pj are assumed to be N (0, σ2
P )-distributed and the

family effects F (P )k(j) should be N (0, σ2
F )-distributed. Finally we assume

that E[εijk] = 0 and V ar(εijk) = σ2
ε .

Performing the computations we first take the mean of the above men-
tioned five seeds. With these data we then estimate the different parameters
of the model - for example P̂j for j = 1, . . . , 14. And from these estimations
the fitted values Ŷijk can be obtained.

4.1.2 Motivation

Why exactly do we use this model? Let us first analyze the residuals

rijk = Yijk − Ŷijk = ε̂ijk.

The Tukey-Anscombe plot is a graphical tool to check whether our
model is appropriate. The residuals rijk are plotted against the fitted values
Ŷijk and in the ideal case vary randomly around the horizontal line through
zero. If the plot shows a trend, there is some evidence that the assumed
model is not correct.

For checking the normality of the residuals we plot the empirical quantiles
of the residuals against the theoretical quantiles of a N (0, 1) distribution.
This method is called the normal QQ (quantile-quantile) plot and shows
a straight line with slope σ and intercept µ if the residuals are N (µ, σ2)-
distributed.
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Concerning our spruce data, we may use R to perform the computations
and analyze the residuals. R is a language and environment for statistical
computing and graphics and already provides a wide variety of statistical
techniques, such as linear modelling for example.

We first want to adjust the data to the linear mixed-effects model as set up
in (4.1). This can be carried out by using the generic function lme from the
R-package nlme. (For the R-code, see Appendix A.1.1). The result, the fitted
model, which consists of the estimated parameters and the fitted values Ŷijk

we want to call spruce.lme.(To get an impression how this looks like see
Section 4.2, > summary(spruce.lme).) For spruce.lme we now analyze the
residuals as described above. Figure 4.1 shows its normal QQ and Tukey-
Anscombe plot.

Figure 4.1: Normal QQ plot and Tukey-Anscombe plot of all 14 populations

The residuals are obviously not normally distributed. The distribution
seems to be long-tailed. In the Tukey-Anscombe plot we can easily recog-
nize two groups. This is not surprising, since indeed we have two different
categories: The northern populations - Rovaniemi and Northern Norrland -
and the southern ones. This could already have been seen in the figures of
the last chapter. If we look at these two groups separately (Figure 4.2 and
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Figure 4.3) we get much better results.

Figure 4.2: Normal QQ plot and Tukey-Anscombe plot of the northern
populations (Rovaniemi and Northern Norrland)

To return to our model, we must now take the non-normality of the
residuals into account. Therefore we want to weaken εijk ∼ N (0, σ2

ε ) into
E[εijk] = 0 and V ar(εijk) = σ2

ε . Concerning the Tukey-Anscombe plot the
variance difference of the two groups is not that significant, hence we do not
perform any transformations.

How about the different effects? Are block, population and family signif-
icant factors? Are there no interactions between block and population?

To answer these questions we first want to test the block effect by applying
a F-test and then proceed with checking the significance of the family effect
by using a likelihood ratio test. Afterwards we have to simplify our model
in order to show the non-significance of the interaction between block and
population. And last but not least we run a F-test for the population effect.

Thus, let us start with the block effect. To perform a F-test for the
fixed block effect we may apply the R-command anova(spruce.lme) (while
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Figure 4.3: Normal QQ plot and Tukey-Anscombe plot of the southern
populations

spruce.lme is the fitted linear mixed-effects model as described before-
hand). We then get the output

> anova(spruce.lme)

numDF denDF F-value p-value
(Intercept) 1 1445 2413.6020 <.0001
Block 4 1445 60.5764 <.0001

In the last column we have a P-value which is smaller than 0.0001. There-
fore the block effect is highly significant.

In order to test the random family effect we compare two different models
- our normal model spruce.lme which corresponds to model (4.1) and a
reduced model spruce1.lme. The reduced model spruce1.lme is exactly
the same model as spruce.lme but without any family effect. That means
we assume in spruce1.lme that belonging to a certain family has no impact
on the budset time. We then perform a likelihood ratio test to decide which
model is the most appropriate one. (The likelihood ratio test is a statistical
test of the goodness-of-fit between two models. A relatively more complex
model is compared to a simpler model to see if it fits the dataset significantly
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better.) This is achieved by applying the R-command anova(spruce.lme,
spruce1.lme). The output

> anova(spruce.lme,spruce1.lme)

Model df AIC BIC logLik Test L.Ratio p-value
spruce.lme 1 8 5138.5 5182.6 -2561.3
spruce1.lme 2 7 5352.2 5390.8 -2669.1 1 vs 2 215.6958 <.0001

shows on the last line with a P-value smaller than 0.0001 that the null
hypothesis - spruce1.lme fits the data better than spruce.lme - can be
rejected. Thus, the family variable has a variation component which is not
equal to zero.

The next step is now to check whether there is a significant interaction
between block and population. In our case with a nested design this is not
straightforward in R. Hence, we may consider population as a fixed effect
and omit the family effect. To get an accurate test for the interaction term
we need Type III Sum of Squares (this type of Sum of squares is obtained
by fitting each effect after all the other terms in the model and does not
depend upon the order in which effects are specified). Instead of using the
R-command anova which computes Type I Sum of Squares we therefore
apply drop1 which calculates Type III Sum of Squares by testing all the
specified single terms . The output

> model <- lm(budset~block*population,data=spruce)
> drop1(model, test = "F", scope = .~.)

Single term deletions

Model: budset ~ block * population
Df Sum of Sq RSS AIC F value Pr(F)

<none> 1793.4 113.2
block 4 167.3 1960.8 267.6 40.818 < 2e-16 ***
population 13 11087.2 12880.6 3675.5 832.207 < 2e-16 ***
block:population 52 80.0 1873.5 88.7 1.502 0.01248 *

---
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

shows that the interaction term effect is clearly smaller than the main effects.
The P-value of the interaction term is 0.01248 whereas block and population
have a P-value smaller than 2 × 10−16. We get the same impression if we
look at the interaction plots in Figure 4.4 and Figure 4.5:

We detect that the lines are not always parallel like it would have been
expected if there was completely no interaction between block and popula-
tion. But compared to the main effects the interaction term is negligible.
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Figure 4.4: Interaction plot for block and population

Therefore we want to adjust the simplest possible model and exclude the
interaction term in (4.1).

Finally, we want to test the population effect. We still use the same
simplified model (that means population is a fixed effect with no family
effect) but without the interaction term. We then apply the drop1-command
once again to get a F-test for population:

> model <- lm(budset~block+population,data=spruce)
> drop1(model, test = "F", scope = .~.)

Single term deletions

Model: budset ~ block + population
Df Sum of Sq RSS AIC F value Pr(F)

<none> 1873.5 88.7
block 4 178.5 2051.9 246.3 42.914 < 2.2e-16 ***
population 13 11138.0 13011.5 3589.9 824.088 < 2.2e-16 ***
---
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

The output shows on its last line that the population effect is highly
significant (with a P-value smaller than 2.2× 10−16).
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Figure 4.5: Interaction plot for population and block

4.2 Analysis

Since our model is now motivated we may proceed with looking at the fitted
values. A good overview over our linear mixed-effects model spruce.lme
(fitted with the Restricted Maximum Likelihood method) one may obtain
by executing the R-command summary.

> summary(spruce.lme)

Linear mixed-effects model fit by REML
Data: spruce

AIC BIC logLik
5141.75 5185.781 -2562.875

Random effects:
Formula: ~1 | population

(Intercept)
StdDev: 2.604619

Formula: ~1 | family %in% population
(Intercept) Residual
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StdDev: 0.5607496 0.8590643

Fixed effects: budset ~ block
Value Std.Error DF t-value p-value

(Intercept) 34.24490 0.6970512 1445 49.12824 0.0000
Block1 0.53853 0.0403301 1445 13.35305 0.0000
Block2 0.10781 0.0402530 1445 2.67825 0.0075
Block3 -0.05287 0.0402706 1445 -1.31277 0.1895
Block4 -0.37333 0.0402327 1445 -9.27920 0.0000

Correlation:
(Intr) Block1 Block2 Block3

Block1 0.000
Block2 0.000 -0.250
Block3 0.000 -0.249 -0.249
Block4 0.000 -0.249 -0.248 -0.249

Standardized Within-Group Residuals:
Min Q1 Med

-4.983868681 -0.488281560 0.004762592
Q3 Max

0.479405431 4.581519435

Number of Observations: 1820
Number of Groups:

population family %in% population
14 371

For us only the parts ”Random effects” and ”Fixed effects” of the
output are of interest. Here we get the variance estimations of population,
family and the error and estimations for the block effect which we will need
in the next section. For example

Random effects:
Formula: ~1 | population

(Intercept)
StdDev: 2.604619

is the variance estimation of the population effect and hence,

σ̂2
P = 2.60462 = 6.7840. (4.2)

Furthermore

29



Formula: ~1 | family %in% population
(Intercept) Residual

StdDev: 0.5607496 0.8590643

leads to the variance estimation of the family effect (within population)

σ̂2
F = 0.56072 = 0.3144 (4.3)

and the error

σ̂2
ε = 0.85912 = 0.7380.

As expected, the variation among populations is quite high. To get a slight
impression of the size of the 95%-confidence intervals for the parameters we
may use the R-command intervals():

> intervals(spruce.lme)

Approximate 95% confidence intervals

Fixed effects:
lower est. upper

(Intercept) 32.87755594 34.2448965 35.61223705
Block1 0.45941834 0.5385302 0.61764206
Block2 0.02884691 0.1078074 0.18676788
Block3 -0.13186118 -0.0528661 0.02612897
Block4 -0.45224807 -0.3733273 -0.29440661

Random Effects:
Level: population

lower est. upper
sd((Intercept)) 1.771412 2.604619 3.829737
Level: family

lower est. upper
sd((Intercept)) 0.5017514 0.5607496 0.6266852

Within-group standard error:
lower est. upper

0.8282841 0.8590643 0.8909883

4.3 Estimation of Quantitative Genetic Parame-
ters

One of the main goals of the present paper is to estimate two important
quantitative genetic parameters, namely the heritability h2 and Qst. In this
section only the computation for these two parameters is performed, for any
biological background and derivation of the formulas see Chapter 2.
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4.3.1 Among-Population Differentiation

Looking at our spruce data we first have to adjust formula (2.2) to the
special data structure.

Assuming that the seeds from a family have the same mother but different
fathers, the variance within population is σ2

w = 4σ2
F , with σ2

F the variance
within families. Hence, we get the following formula:

Qst =
σ2

b

σ2
b + 8σ2

F

Estimating σ2
b and σ2

F with σ̂2
P and σ̂2

F respectively, we finally have

Qst =
σ̂2

P

σ̂2
P + 8σ̂2

F

= 0.7295 (4.4)

for the whole data set with σ̂2
P and σ̂2

F from (4.2) and (4.3).
Since we only have genotypic data for six of the fourteen populations (for

Northern Norrland, Saleby, Petroskoi, Germany, Switzerland and Romania),
we need Qst for this six populations in order to compare it with Fst. The
value we obtain is

Qst, 6pop = 0.7647.

This value is quite high but not unusual for this kind of trait (Savolainen
et al. 2004, [19]).

4.3.2 Heritability

The heritability h2 is usually computed population wise. To this end, model
(4.1) simplifies to the model

Yij = µ + Bi + Fj + εij (4.5)

which is used within every population and
where Yij = budset time of the jth family grown in the ith block,

µ = grand mean (corresponds to the 5th block effect),
Bi = ith block effect (fixed), i = 1, . . . , 5, (whereas B5 = 0),
Fj = jth family effect (random), j = 1, . . . , 20− 30,
εij = error.

The family effects Fj are assumed to be N (0, σ2
F )-distributed and εij ∼

N (0, σ2
ε ). In order to motivate this model the normal QQ plot and the

Tukey-Anscombe plot of three selected populations are shown in Figures
4.6, 4.7 and 4.8.

Looking at our spruce data, we once more have to adjust the general
formula (2.6). Assuming that the seeds from a family have the same mother
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Figure 4.6: Normal QQ plot and Tukey-Anscombe plot of the Rovaniemi
population

but different fathers, the additive genetic variance is VA = 4σ2
F and the

environmental variance is VE = σ2
ε (with σ2

F and σ2
ε from the model (4.5)).

This leads to

h2 =
4σ̂2

F

4σ̂2
F + σ̂2

ε

(4.6)

VA = 4σ̂2
F

with σ̂2
F and σ̂2

ε the sample variances.

The values of h2 and VA which were obtained are shown in Table 4.1.
The heritability of almost all populations is quite high, but this again is

not abnormal for this kind of trait. It could also be interesting to compare
populations which have quite similar VA-values but different h2-values. For
example Sör-Amsberg and Saleby have

h2
Sör−Amsberg = 0.624; VA, Sör−Amsberg = 0.845

h2
Saleby = 0.563; VA, Saleby = 0.858

By using formula (2.6) one gets

VE, Sör−Amsberg = 0.509
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Figure 4.7: Normal QQ plot and Tukey-Anscombe plot of the Swiss popu-
lation

and
VE, Saleby = 0.666.

Although both populations have nearly the same genetic variance, the
environmental variance VE in the Sör-Amsberg population is smaller than
in Saleby. This leads to a larger heritability for Sör-Amsberg.
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Figure 4.8: Normal QQ plot and Tukey-Anscombe plot of the Austrian
population
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Population h2 VA

Rovaniemi 0.603 2.902

Punkaharju 0.760 0.708

Tuusula 0.687 0.912

Northern Norrland 0.637 4.531

Sör-Amsberg 0.624 0.845

Saleby 0.563 0.858

Petroskoi 0.631 0.486

Sverdlovsk 0.575 0.416

Germany 0.328 0.383

Lithuania 0.786 1.838

Slovakia 0.677 1.134

Switzerland 0.774 2.313

Austria 0.596 0.981

Romania 0.610 0.749

Table 4.1: Heritability h2 and the ad-
ditive variance VA for all populations
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Chapter 5

Methods for Estimating
Confidence Intervals

In order to compute confidence intervals for a certain parameter, one usually
needs its variance or even better, its distribution. In biological studies, two
methods have primarily been used to obtain the variance for Qst. Some au-
thors have applied the delta method (e.g. Podolsky and Holtsford 1995, [16];
Lascoux et al. 1996, [12]; Waldmann and Andersson 1998, [24]; Pfender et al.
2000, [15]), whereas others have used the nonparametric bootstrap (Prout
and Barker 1993, [17]; Spitze 1993, [22]; Bonnin et al. 1996, [1]; Yang et
al. 1996, [29]; Long and Singh 1995, [13]; Jaramillo-Correa et al. 2001,
[6]; Koskinen et al. 2002, [8]). To our knowledge, only one study favoured
jackknifing (Johansson 2004, [7]), none has been using parametric or semi-
parametric bootstrapping and only a few have recently applied a Bayesian
approach (Palo et al. 2004, [14]). The following two sections present the
theory of the delta method and the three different kinds of bootstrapping,
whereas in Section 6.3 several miscellaneous kinds of confidence intervals are
shown.

5.1 Delta Method

5.1.1 In General

Also known as the Taylor Series method, the Delta Method is a technique
for approximating expected values of functions of random variables when
direct evaluation of the expectation is not feasible.

For example, we might be able to measure X and determine its mean and
variance, but really be interested in Y = f(X), which is related to X in a
known way. We might wish to know V ar(Y ) at least approximately.

The Delta Method, in its essence, expands a function of a random variable
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(Y in our case) about its mean, usually with a one-step Taylor approximation

Y = f(X) ≈ f(µX) + (X − µX)f ′(µX)

and then takes the variance

V ar(Y ) ≈ V ar(X)[f ′(µX)]2

with µX = E[X] the mean of X.
Using this method, the variance of more than one variable,

Y = f(Xi)

is approximately

V ar(Y ) ≈
∑(

∂Y

∂Xi

)2

V ar(Xi) + 2
∑ ∑ ∂Y

∂Xi

∂Y

∂Xj
Cov(XiXj) (5.1)

(for further explanations see Rice 1995, [18]).

5.1.2 For Among-Population Differentiation

To obtain the variance for our quantitative genetic parameter of interest,
Qst, we have to adjust Formula (5.1). Since,

Qst = f(VB, VG) =
VB

VB + 2VG

with VB = σ̂2
P (the genetic variance between populations is equal to the

observational component of variance for populations) and VG = 4σ̂2
F (the

genetic variance is equal to four times the observational component of vari-
ance for families within populations), we get:

V ar(Qst) =
4

(2VG + VB)4
[V 2

BV ar(VG) + V 2
GV ar(VB)− 2VGVBCov(VGVB)]

(5.2)
The (co)variances of the variance components, VB and VG are then needed

to find the variance of Qst. These (co)variances can be obtained using the
mean squares from the analysis of variance.

The variance of any given mean squares is equal to

V ar(MS) =
2MS2

df + 2

and all mean squares are independent (Searle et al. 1992, [20]). Therefore,
the (co)variances of the variance components are as follows:

V ar(VG) = V ar(4σ̂2
F )

= 16V ar

(
MSF −MSε

n

)

=
32
n2

[
MS2

F

dfF + 2
+

MS2
ε

dfε + 2

]

38



Source of Variation Expected Mean Squares df

Population σ2
ε + nσ2

F + nbσ2
P a− 1

Family (within Population) σ2
ε + nσ2

F a(b− 1)
Residual σ2

ε ab(n− 1)

Source of Variation Observational Components

Population σ̂2
P = MSP−MSF

nb

Family (within Population) σ̂2
F = MSF−MSε

n

Residual σ̂2
ε = MSε

Table 5.1: Two-level nested ANOVA with equal sample size. (a = number
of populations, b = number of families within one population, n = number
of individuals per family)

V ar(VB) = V ar(σ̂2
P )

=
2

n2b2

[
MS2

P

dfP + 2
+

MS2
F

dfF + 2

]

Cov(VGVB) = Cov(4σ̂2
F σ̂2

P )
= 2(V ar(σ̂2

F + σ̂2
P )− V ar(σ̂2

F )− V ar(σ̂2
P ))

= − 8
n2b

MS2
F

dfF + 2

Combining these three equations with Formula (5.2) we get the requested
variance of Qst.

5.2 Bootstrap

Resampling methods are becoming increasingly popular as statistical tools,
as they are (generally) very robust and their simplicity is compelling. The
bootstrap, proposed by Efron (1979), is one of these resampling methods
and nowadays probably the best known. Bootstrap approaches attempt to
estimate the sampling distribution by generating new samples by drawing
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(with replacement) from the original data. Use the data to generate more
data seems analogous to a trick used by the fictional Baron Münchhausen,
who when he found himself in the mud got out by pulling himself up by his
bootstraps - therefore the name.

In principal one can distinguish two different kinds of bootstrapping, the
nonparametric and the parametric method.

5.2.1 Nonparametric Bootstrap

The idea behind the nonparametric bootstrap is very simple, namely that
(in the absence of any other information) the sample itself offers the best
guide of the sampling distribution. By resampling with replacement from
the original sample, we can create a bootstrap sample and use the empirical
distribution of our estimator in a large number of such bootstrapped samples
to construct confidence intervals.

To be more precise: Suppose, x1, x2, . . . , xn (our data) are i.i.d. (indepen-
dent and identically distributed) observations from an unknown distribution
F . Let θ̂n = g(x1, x2, . . . , xn) be our estimator which is a known function of
the data. The nonparametric bootstrap proceeds now as follows:

1. Use the empirical cumulative distribution function F̂n as an approxi-
mation for F .

2. Generate B bootstrap samples of size n from F̂n. This can be realized
by n uniform random drawings with replacement from the data set
x1, x2, . . . , xn.

3. Compute the bootstrapped estimator

θ̂∗n = g(x∗1, x
∗
2, . . . , x

∗
n)

for every bootstrap sample to obtain

θ̂∗n,1, . . . , θ̂
∗
n, B .

4. Estimate the bootstrap variance with

V ar∗(θ̂∗n) ≈
∑B

i=1(θ̂
∗
n, i − 1

B

∑B
j=1 θ̂∗n, j)

2

B − 1

and get an approximate distribution of the estimator via the histogram
of the θ̂∗n, i’s.

The advantage of the nonparametric bootstrap is, that we need very few
assumptions. The data should only be i.i.d. according to the distribution F .
We simulate from a very general nonparametric model requiring no formulas.
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The price of this generality is - compared to the parametric bootstrap - a
greater variance.

Concerning our spruce data there are different possibilities to obtain the
bootstrap samples:

• sampling with replacement at the population and family level

• sampling with replacement at the family level

• sampling with replacement at the individual level

Which method is the most appropriate one? In Chapter 6 this problem will
be raised.

5.2.2 Parametric Bootstrap

A second kind of bootstrapping is the so called parametric bootstrap. Con-
trary to the nonparametric bootstrap the parametric bootstrap is model-
based.

Suppose, x1, x2, . . . , xn are i.i.d. observations from a - up to a unknown
parameter vector λ - given distribution Fλ.

1. Obtain Fλ̂ by estimating the parameter vector λ̂ from the data.

2. In order to get B bootstrap samples of size n proceed by simulating
B-times x∗1, x

∗
2, . . . , x

∗
n i.i.d. according to Fλ̂.

3. Apply step three from the nonparametric bootstrap.

4. Apply step four from the nonparametric bootstrap. This finally leads
to the bootstrap variance and the approximate distribution of the es-
timator.

What are the advantages of the parametric bootstrap? If the paramet-
ric model is a very good description for the data, we get better variance
estimates than in the nonparametric case, since Fλ̂ is ”closer” to the true
data-generating F than the empirical cumulative distribution F̂n. But on
the other hand, the advantage of the nonparametric bootstrap is, that it is
less sensitive to model-misspecification (see Bühlmann 2004, [2]).

To perform a parametric bootstrap in case of our spruce data we want to
assume

Yijk = µ + Pi + F (P )j(i) + εijk

41



where Yijk = budset time of the kth progeny of the jth family
within the ith population,

µ = overall mean,
Pi = ith population effect,
F (P )j(i) = jth family effect within the ith population,
εijk = residual.

All effects are considered random and Pi ∼ N (0, σ2
P ), F (P )j(i) ∼ N (0, σ2

F )
and εijk ∼ N (0, σ2

ε ).
We first estimate µ, σ2

P , σ2
F and σ2

ε from our data, then proceed by simu-
lating new progenies according to the model above and finally compute Qst

for every resampled dataset in order to get its variance.

Semiparametric Bootstrap:

A slightly different method, which should also be mentioned here, is the
semiparametric bootstrap. In case of our spruce data it means that we
still make some parametric assumptions for the population and family effect
but not for the residuals. Therefore we sample with replacement, like in the
nonparametric case, over all residuals and add the population and family
effects according to Pi ∼ N (0, σ̂2

P ) and F (P )j(i) ∼ N (0, σ̂2
F ) (with σ̂2

P and
σ̂2

F estimated from our data), like in the parametric case.

5.3 Confidence Intervals

Once we have obtained the variance or the approximate distribution of our
estimator θ̂n - let us assume we have B = 999 bootstrap samples - we are
able to compute several different types of confidence intervals with coverage
1− α (see [2], [3] and [25]).

5.3.1 Normal Approximation

Standard bootstrap confidence limits are based on the assumption that the
estimator θ̂n is normally distributed with mean θ (i.e., θ̂n is an unbiased
estimator) and variance σ2. Assuming the sample variance V ar∗(θ̂∗n) of the
bootstrap samples provides a good estimate of σ2, then an approximate
100(1− α)% confidence interval is given by

[
θ̂n − z1−α/2

√
V ar∗(θ̂∗n), θ̂n + z1−α/2

√
V ar∗(θ̂∗n)

]
,

where zα is the α-quantile of the normal distribution. An improved interval
is given by using the bootstrap correction for bias,

[
θ̂n − bias− z1−α/2

√
V ar∗(θ̂∗n), θ̂n − bias + z1−α/2

√
V ar∗(θ̂∗n)

]
,
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with
bias = E∗[θ̂∗n]− θ̂n

and

E∗[θ̂∗n] =
1
B

B∑

i=1

θ̂∗n, i.

5.3.2 Percentile Interval

A more direct approach for constructing a 100(1− α)% confidence interval
is to use the upper and lower α/2-quantiles of the bootstrap distribution.
Such approaches are often referred to as percentile confidence limits. If q∗α
denotes the α-bootstrap quantile of θ̂∗n such that only a fraction of α of all
bootstrap estimates are less than this value, then a approximate confidence
interval is given by

[q∗α/2, q∗1−α/2].

This is Efron’s percentile confidence limit.

5.3.3 Basic Interval

As Efron’s percentile confidence limit is often not appropriate Hall (1992)
provides us with an alternative (often referred to as ”basic method”). The
two-sided bootstrap estimated confidence interval with coverage 1 − α is
defined as

[θ̂n − q̂1−α/2, θ̂n − q̂α/2],

q̂α = α-bootstrap quantile of θ̂∗n − θ̂n.

Due to invariance of the quantile,

q̂α = q∗α − θ̂n,

q∗α = α-bootstrap quantile of θ̂∗n,

the bootstrap confidence interval becomes

[2θ̂n − q∗1−α/2, 2θ̂n − q∗α/2].

5.3.4 Studentized Interval

This method - also called the bootstrap-t method - is the modification of
the normal approximation of confidence interval limits. Instead of using the
quantiles of the normal distribution we take the quantiles of the distribution
of (θ̂∗n − θ̂n)/ŝe∗. Then, the studentized confidence interval is

[
θ̂n − c∗1−α/2

√
V ar∗(θ̂∗n), θ̂n − c∗α/2

√
V ar∗(θ̂∗n)

]
,

c∗α = α-quantile of
θ̂∗n − θ̂n

ŝe∗
.
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One way of finding an estimate ŝe∗ is to use a second level bootstrap, this
is rather expensive computation-wise; as an intermediate solution one could
prefer a jackknife estimate.

Like the normal approximation, this confidence interval leads to interval
estimates that are symmetric about the original point estimator, which may
not be appropriate. It is best suited for bootstrapping a location statistic.

5.3.5 BCa Interval

The Bias-Corrected and accelerated interval combines the transformation
preserving property of the adjusted percentile method and the good cov-
erage properties of the studentized bootstrap confidence intervals. It is a
percentile method, where the quantiles to be obtained from the bootstrapped
distribution are a function of bias-correction and acceleration terms. For the
derivation of the exact formula and further details see Davison and Hinkley
2003 ([3]).
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Chapter 6

Simulations and Results

In order to get an appropriate confidence interval for the among-population
differentiation, Qst, in most biological studies either the delta method or
a nonparametric bootstrap have been used. But as said before, in almost
all studies, the choice of a particular method was not justified or discussed,
nor, when bootstrap was retained, was the choice of a particular bootstrap
strategy or type warranted. For instance, the variance components required
for the calculation of Qst were generally computed using a mixed model
with Block as a fixed effect and Population and Family considered as ran-
dom effects. It would therefore be natural to expect that resampling was
carried out at both population and family levels. Yet all studies choose to
only resample the latter or even resampled individuals within families (e.g.
Koskinen et al. 2002, [8]; Stenøien et al. 2004, [23]).

In this chapter we want to simulate different datasets and perform the
methods which were described in the last chapter to get a feeling for an
advisable method. This method should then be applied to our spruce data.

6.1 Simulated Data

We may simulate data according to the following model:

Yijk = µ + Pi + F (P )j(i) + εijk (6.1)

where Yijk = trait value of the kth progeny of the jth family
within the ith population,

µ = overall mean,
Pi = ith population effect,
F (P )j(i) = jth family effect within the ith population,
εijk = residual.

All effects are considered random with mean zero and variances σ2
P , σ2

F

and σ2
ε , respectively.
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Suppose we have NP = 10 populations, each with NF = 10 half-sibs families
of NI= 20 individuals. A quantitative trait is measured on these individuals.
Following the model above, datasets can be simulated as follows. Individual
phenotypes are constructed by adding the following random deviates Pi ∼
N (0, σ2

P ) (one value per population), F (P )j(i) ∼ N (0, σ2
F ) (one value per

half-sibs family) and εijk ∼ N (0, σ2
ε ) (one value per individual). While

looking at our spruce data one could also question the normal distribution
of the population effect. Hence, we also want to simulate datasets with a
more long-tailed-distributed population effect - we will use the t-distribution.

Combinations of variance terms are chosen in order to cover the Qst values.
First the among-family and residual variances will be chosen in order to
give low, say 0.1, medium, say 0.5, and high, say 0.8, heritabilities (see
Formula 4.6). Then for each heritability value, three different values of
among-population variance will be chosen to give low, medium and high Qst

values (see Formula 4.4). Table 6.1 shows all the variance terms.

Qst h2 σ2
P , σ2

F , σ2
ε

0.1 σ2
P = 1/18, σ2

F = 1/36, σ2
ε = 1

0.2 0.5 σ2
P = 2/9, σ2

F = 1/36, σ2
ε = 1

0.8 σ2
P = 8/9, σ2

F = 1/36, σ2
ε = 1

0.1 σ2
P = 1/2, σ2

F = 1/4, σ2
ε = 1

0.5 0.2 σ2
P = 2, σ2

F = 1/4, σ2
ε = 1

0.8 σ2
P = 8, σ2

F = 1/4, σ2
ε = 1

0.1 σ2
P = 2, σ2

F = 1, σ2
ε = 1

0.8 0.5 σ2
P = 8, σ2

F = 1, σ2
ε = 1

0.8 σ2
P = 32, σ2

F = 1, σ2
ε = 1

Table 6.1: Variance terms for all the dif-
ferent Qst and heritability values

Suppose we want to simulate a dataset with a t-distributed population
effect, we then calculate the degrees of freedom from

df = − 2σ2
P

1− σ2
P

(for σ2
P > 1).

For each dataset, the Qst value and its confidence intervals are calculated
by applying the different methods from the last chapter.
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6.2 Results and Discussion

Table 6.2, B.1 and B.2 (see Appendix) show the main results we got from
our simulations. Every bootstrap simulation (with 999 replicates each) was
repeated 100 times to get the coverage error and an average length for the
confidence intervals. The first column in Table 6.2 indicates one confidence
interval example, the second column the coverage error and the third column
the average length of all the 100 confidence intervals. For every bootstrap
method three different kinds of confidence intervals were computed: The
first order normal approximation, the basic interval and the percentile in-
terval (they correspond to the three rows per bootstrap method). Since the
studentized interval and the BCa interval were computation-wise too expen-
sive we excluded them from our study although they would have been more
accurate.

In Figures 6.1, B.1 and B.2 we can see the corresponding histograms and
QQ-plots for Qst ≈ 0.2, ≈ 0.5 and ≈ 0.8 and h2 ≈ 0.5 for the nonparamet-
ric, semiparametric and parametric bootstrap. As expected from the theory,
the variance is almost always biggest in the nonparametric case. Comparing
the average length of the different confidence intervals leads to the same re-
sult. Therefore one may prefer either the semiparametric or the parametric
bootstrap for this kind of data (the difference between these two methods
is negligible in this case). Looking at the delta method we also get similar
lengths for the confidence intervals, but since it uses the assumption that
Qst is normally distributed it does not seem to be the most appropriate
method.

But how well are these methods working if the data is simulated from a
t-distribution (to be precise: the population effect is simulated from a t-
distribution) instead of sampling from a normal distribution? That means,
we adjust a false model in the case of semiparametric and parametric boot-
strap. Table 6.3 shows the results for h2 ≈ 0.5 and two different Qst-values,
Figure 6.2 and Figure B.3 the corresponding histograms and QQ-plots. In
the case of Qst ≈ 0.8 a longer tailed distribution for the nonparametric
bootstrap is clearly visible. This phenomena can also be seen later on by
analyzing the spruce data. One possible explanation is, that some outlying
populations in the original dataset exist, which by chance are not any more
included in the bootstrap dataset. This would then lead to a smaller Qst-
value. It seems that the deviation from the normal distribution is still not
big enough to favor the nonparametric bootstrap.

Since in almost all biological studies a nonparametric bootstrap was ap-
plied but the sampling was done in many different ways, we want to have a
closer look at that. As described in Subsection 5.2.1 the resampling can be
done as follows:
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• sampling with replacement at the population and family level

• sampling with replacement at the family level

• sampling with replacement at the individual level

Concerning our model (6.1) it would be natural to resample at both popu-
lation and family levels, for the two other possibilities do not even take the
population structure into account. Yet all studies choose to only resample
over families or even resampled individuals within families (e.g. Koskinen
et al. 2002, [8]; Stenøien et al. 2004, [23]).

The results we get from our simulations supply sampling over population
and family level. In Figure 6.3 and Table 6.4 one can observe that by sam-
pling only on the family level the confidence intervals do not even cover the
original Qst-value. One obtains a distribution (see Figures 6.4, 6.5 and B.4-
B.7) which is concentrated around zero and which causes a huge bias. Why
do we get these Qst-values close to zero? Sampling over all families ”de-
stroys” the population structure in the sense that no big among-population
differentiation can develop. Therefore Qst tends to a very small value. By
sampling only on the individual level the results do not look much better.
Now at least the confidence intervals cover the original Qst-value but the
variance of the distribution is enormous and the distribution is definitively
not normal. The reason for this could be the great range of among-family
differentiation (while the among-population variance remains more or less
around the same value). Hence, the best way of performing a nonparametric
bootstrap seems to be sampling at both population and family levels.

6.3 Spruce Data

We now want to apply all the different methods to our whole spruce dataset
and to the six genotyped populations in order to obtain appropriate con-
fidence intervals for Qst. Table 6.5 and Figures 6.6, 6.7 show the results
we get by using the delta method and the different bootstraps. Similar to
the t-distribution case from the last section we can see in Figure 6.6 that
the Qst sampled with a nonparametric bootstrap are clearly not normally
distributed around the original Qst-value. There is a longer tail on the left
hand side. This could be explained with the two outlying northern popu-
lations. Since we first sample over populations, one or two of them could
by chance not be included in the new (bootstrap) dataset - this leads to a
lower Qst-value. Hence, for the final comparison of Qst with Fst (see next
section) we want to use a semiparametric (or parametric) bootstrap.

A phenomena already noticed in the last section, is also apparent when the
three different nonparametric bootstrap methods are compared (see Table
6.6 and Figures 6.8 and 6.9). Sampling over populations and families is
obviously the best way of performing a nonparametric bootstrap.
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6.4 Comparison Qst − Fst and Conclusion

The final step of the present thesis is to compare Qst, the among-population
differentiation for quantitative traits, with a similar measure at the gene
level, Fst. As described in Chapter 2, the main goal is to infer whether
natural selection has acted on certain quantitative traits, such as budset
time. Fst and Qst should be equal for neutral traits whereas for traits under
selection Qst is expected to be bigger or smaller than Fst at marker loci.

Concerning the budset time of Norway spruce, the biologists from the Evo-
lutionary Biology Center at Uppsala University have genotyped the megaga-
metophytes from seven individuals in six populations (Northern Norrland,
Saleby, Petroskoi, Germany, Switzerland and Romania) and are now looking
at three different candidate genes (which probably have an impact on budset
time) and eleven different control genes. Fst has already been calculated us-
ing the software package ”DNAsp” which analyzes nucleotide polymorphism
from aligned DNA sequence data. The confidence intervals were obtained
with ”FSTAT”, a program to estimate and test gene diversities and fixation
indices, by bootstrapping over loci. Table 6.7 shows all Fst values and con-
fidence intervals for both candidate and control genes.

We now compare the confidence intervals

CIFst, control genes, 95% = [0.146, 0.295],

CIFst, CO, 95% = [0.111, 0.174],

CIFst, V IP, 95% = [0.023, 0.636]

and
CIFst, EBS, 95% = [0.124, 0.248]

to the basic interval we got for Qst by using a semiparametric bootstrap (see
last section),

CIQst, 95% = [0.633, 1.180].

We notice that apart from VIP the Fst-values for the candidate and control
genes do not differ much. This suggests that selection is not acting on the
candidate genes.

Finally, Qst was in almost all cases significantly larger than differentiation
at both candidate and neutral loci indicating strong local adaptation.
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Qst = 0.1984

delta method: [0.0441, 0.3528] 0.3087

nonparametric [-0.0110, 0.3547] 1 0.3790
bootstrap: [-0.0418, 0.3213] 1 0.3790

[0.0756, 0.4387] 1 0.3790

semiparametric [0.0404, 0.3602] 1 0.3252
bootstrap: [0.0283, 0.3404] 1 0.3201

[0.0564, 0.3686] 1 0.3201

parametric [0.0365, 0.3631] 1 0.3249
bootstrap: [0.0181, 0.3386] 1 0.3202

[0.0582, 0.3787] 1 0.3202

Qst = 0.5067

delta method: [0.2754, 0.7379] 0.4625

nonparametric [0.2515, 0.8071] 1 0.5874
bootstrap: [0.3141, 0.8292] 1 0.5602

[0.1841, 0.6992] 1 0.5602

semiparametric [0.2777, 0.7713] 1 0.4952
bootstrap: [0.3051, 0.7902] 1 0.4865

[0.2232, 0.7082] 1 0.4865

parametric [0.2811, 0.7892] 1 0.4959
bootstrap: [0.3025, 0.8056] 1 0.4868

[0.2077, 0.7108] 1 0.4868

Qst = 0.7913

delta method: [0.6422, 0.9404] 0.2982

nonparametric [0.6748, 0.9208] 1 0.2631
bootstrap: [0.7037, 0.9483] 1 0.2609

[0.6343, 0.8790] 1 0.2609

semiparametric [0.6259, 1.0095] 1 0.3814
bootstrap: [0.6858, 1.0803] 1 0.3769

[0.5030, 0.8968] 1 0.3769

parametric [0.6269, 1.0099] 1 0.3818
bootstrap: [0.6831, 1.0615] 1 0.3791

[0.5211, 0.8996] 1 0.3791

Table 6.2: Results for h2 ≈ 0.5
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Figure 6.1: Histogram and QQ-plot of Qst ≈ 0.5, h2 ≈ 0.5 simulated with a
nonparametric, a semiparametric and a parametric bootstrap
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Qst = 0.4933

delta method: [0.2620, 0.7248] 0.4628

nonparametric [0.2979, 0.6870] 1 0.3907
bootstrap: [0.3064, 0.6868] 1 0.3909

[0.3000, 0.6804] 1 0.3909

semiparametric [0.2667, 0.7534] 1 0.4931
bootstrap: [0.2969, 0.7709] 1 0.4852

[0.2159, 0.6898] 1 0.4852

parametric [0.2636, 0.7602] 1 0.4953
bootstrap: [0.2814, 0.7755] 1 0.4876

[0.2113, 0.7054] 1 0.4876

Qst = 0.7981

delta method: [0.6522, 0.9440] 0.2918

nonparametric [0.4856, 1.2561] 1 0.7623
bootstrap: [0.6783, 1.3972] 1 0.7273

[0.1990, 0.9179] 1 0.7273

semiparametric [0.6367, 1.0121] 1 0.3748
bootstrap: [0.6964, 1.0705] 1 0.3699

[0.5257, 0.8998] 1 0.3699

parametric [0.6365, 1.0132] 1 0.3757
bootstrap: [0.6924, 1.0664] 1 0.3729

[0.5297, 0.9038] 1 0.3729

Table 6.3: Results for h2 ≈ 0.5, population effect t-distributed
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Figure 6.2: Histogram and QQ-plot of Qst ≈ 0.8, h2 ≈ 0.5 simulated with
a nonparametric, a semiparametric and a parametric bootstrap, population
effect t-distributed
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Figure 6.3: Confidence intervals for a nonparametric bootstrap. The first
three intervals are obtained by sampling over the population and family
level, the second three intervals by sampling over the family level and the
last three by sampling over the individual level

54



Qst = 0.2036

simulation [-0.1920, 0.4405]
over population [-0.5576, 0.3122]
and family: [0.0951, 0.9648]

simulation [0.3892, 0.4170]
over family: [0.3814, 0.4072]

[0.0000, 0.0257]

simulation [-0.5819, 0.7732]
over individual: [-0.5599, 0.4070]

[0.0002, 0.9672]

Qst = 0.4852

simulation [-0.0225, 0.8256]
over population [-0.0286, 0.7764]
and family: [0.1940, 0.9999]

simulation [0.9554, 0.9783]
over family: [0.9492, 0.9703]

[0.0000, 0.0211]

simulation [-0.0011, 1.3300]
over individual: [0.0001, 0.9701]

[0.0002, 0.9702]

Qst = 0.8009

simulation [0.5456, 1.0019]
over population [0.6019, 1.0400]
and family: [0.5618, 0.9998]

simulation [1.5896, 1.6079]
over family: [1.5857, 1.6017]

[0.0000, 0.0160]

simulation [0.6109, 1.9655]
over individual: [0.6448, 1.6016]

[0.0002, 0.9569]

Table 6.4: Results for h2 ≈ 0.1 and the nonparametric bootstrap
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Figure 6.4: Nonparametric bootstrap for h2 ≈ 0.1 and Qst ≈ 0.2 on popu-
lation and family level, only on family level and only on individual level
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Figure 6.5: Nonparametric bootstrap for h2 ≈ 0.5 and Qst ≈ 0.5 on popu-
lation and family level, only on family level and only on individual level

57



Qst, all = 0.7295

delta method: [0.5818, 0.8772]

nonparametric [0.5496, 0.9681]
bootstrap: [0.6309, 1.0494]

[0.4096, 0.8281]

semiparametric [0.5804, 0.9162]
bootstrap: [0.6183, 0.9454]

[0.5136, 0.8407]

parametric [0.5924, 0.9099]
bootstrap: [0.6227, 0.9420]

[0.5170, 0.8363]

Qst, 6pop = 0.7647

delta method: [0.5666, 0.9627]

nonparametric [0.4962, 1.2081]
bootstrap: [0.6400, 1.3176]

[0.2118, 0.8893]

semiparametric [0.5363, 1.0947]
bootstrap: [0.6328, 1.1799]

[0.3495, 0.8965]

parametric [0.5363, 1.0967]
bootstrap: [0.6265, 1.1894]

[0.3400, 0.9028]

Table 6.5: Nonparametric, semiparametric and parametric bootstrap for the
whole spruce dataset and for the six populations.
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Figure 6.6: Histogram and QQ-plot of Qst of the whole spruce dataset sim-
ulated with a nonparametric, a semiparametric and a parametric bootstrap
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Figure 6.7: Histogram and QQ-plot of Qst of the six spruce populations sim-
ulated with a nonparametric, a semiparametric and a parametric bootstrap
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Qst = 0.7295

simulation [0.5496, 0.9681]
over population [0.6309, 1.0494]
and family: [0.4096, 0.8281]

simulation [1.4556, 1.4607]
over family: [1.4545, 1.4590]

[0.0000, 0.0045]

simulation [0.0550, 0.9831]
over individual: [0.4590, 1.587]

[0.0004, 1.0000]

Qst = 0.7647

simulation [0.4962, 1.2081]
over population [0.6400, 1.3176]
and family: [0.2118, 0.8893]

simulation [1.5232, 1.5329]
over family: [1.5206, 1.5294]

[0.0000, 0.0088]

simulation [0.2372, 1.6793]
over individual: [0.5318, 1.5293]

[0.0000, 0.9976]

Table 6.6: Nonparametric bootstrap for the whole spruce dataset and the
six populations.
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Figure 6.8: Nonparametric bootstrap for the whole spruce dataset on pop-
ulation and family level, only on family level and only on individual level
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Figure 6.9: Nonparametric bootstrap for the six spruce populations on pop-
ulation and family level, only on family level and only on individual level
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Gene Fst 95%- CI

121 0.058
129 0.361
133 0.469
225 0.181
1100 0.174

control genes 1358 0.006
control loci

[0.146, 0.295]
1364 0.265

Fst = 0.221

1368 0.084
1390 0.114
1391 0.280
1420 0.012

CO 0.144 [0.111, 0.174]
candidate genes VIP 0.429 [0.023, 0.636]

EBS 0.204 [0.124, 0.248]

Table 6.7: Fst and its 95%-confidence intervals for both control
and candidate genes. CO = Constans, VIP = Vernalization inde-
pendence, EBS = Early Bolting in Short days

64



Appendix A

R Code

A.1 Data Analysis

A.1.1 Fit and Test the Model

##Compute the mean over the 5 seedlings together grown:

Budset<-read.table("C:/R/Budset.txt",header=T)
spruce<-matrix(nrow=5,ncol=385)

for (i in 1:5) {
for (j in 1:385) {
spruce[i,j]<- mean(Budset$budset[Budset$block==i & Budset$family==j])
}
}

##Put the new data frame together:

budset<-c(spruce[1,],spruce[2,],spruce[3,],spruce[4,],spruce[5,])
block<-rep(1:5,each=385)
population<-c(rep(1:3,each=30),rep(4,25),rep(5:6,each=20),

rep(7:9,each=30),rep(10,20),rep(11:14,each=30))
family<-c(rep(1:385,5))
spruce<-data.frame(block,family,population,budset)
spruce$block<-factor(spruce$block,labels=c("1","2","3","4","5"))
spruce$family<-factor(spruce$family)
spruce$population<-factor(spruce$population,
labels=c("1","2","3","4","5","6","7","8","9","10","11","12","13","14"))
attach(spruce)
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##Fit the model:

library(nlme)
spruce.lme<-lme(fixed=budset~block,data=spruce,random=~1|
population/family, na.action=na.omit)

##Test the block effect:

anova(spruce.lme)

##Test the family effect:

spruce1.lme<-lme(fixed=budset~block,data=spruce,random=~1|
population, na.action=na.omit)
anova(spruce.lme,spruce1.lme)

##Test the interaction between population and block:
#change first treatment-contrasts into sum-constrasts:
options(contrasts = c("contr.sum","contr.ploy"))

model <- lm(budset~block*population,data=spruce)
drop1(model, test= "F", scope = .~.)

##Test the population effect:

model <- lm(budset~block+population,data=spruce)
drop1(model, test= "F", scope = .~.)

A.1.2 Computation of Qst, h2 and VA

##Calculate Qst:

Qst<-as.numeric(VarCorr(spruce.lme)[2,1])/(8*as.numeric
(VarCorr(spruce.lme)[4,1])+ as.numeric(VarCorr(spruce.lme)[2,1]))

##Calculate h2 and VA for every population:
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h2<-0
VA<-0

for (i in 1:14){
blockp<-spruce$block[as.numeric(spruce$population)==i]
familyp<-spruce$family[as.numeric(spruce$population)==i]
budsetp<-spruce$budset[as.numeric(spruce$population)==i]
sprucep<-data.frame(blockp,familyp,budsetp)
var<-VarCorr(lme(fixed=budsetp~blockp,data=sprucep,random=~1|
familyp,na.action=na.omit))

h2[i]<- 4*as.numeric(var[1,1])/(4*as.numeric(var[1,1])+as.numeric(var[2,1]))
VA[i]<- 4*as.numeric(var[1,1])
}

A.2 Simulations

A.2.1 Data Simulations

##Generating a dataset with NP populations, NF families per
##population and NI individuals per family. All effects are
##normally distributed with mean zero and standarddeviation SdP,
##SdF and SdE respectively.

datasetnorm<-function(NP,NF,NI,SdP,SdF,SdE) { TOT<-NP*NF*NI
file<-matrix(,TOT,4)

for(i in 1:NP) {
popdev<-rnorm(1,0,SdP)

for(j in 1:NF){
famdev<-rnorm(1,0,SdF)

for(k in 1:NI){
inddev<-rnorm(1,0,SdE)
x<-popdev+famdev+inddev
l<-NF*NI*(i-1)+NI*(j-1)+k
file[l,1] <-i
file[l,2] <-NF*(i-1)+j
file[l,3] <-k
file[l,4] <-x

}
}

}
colnames(file)<-c("Pop","Fam","Ind","Trait")
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file<-as.data.frame(file) file$Pop<-factor(file$Pop)
file$Fam<-factor(file$Fam) file$Ind<-factor(file$Ind) return(file)
}

##Generating a dataset with NP populations, NF families per
##population and NI individuals per family. The family effect and
##the residuals are normally distributed with mean zero and
##standarddeviation SdF and SdE. The population effect is
##t-distributed.

datasett<-function(NP,NF,NI,SdP,SdF,SdE) {
TOT<-NP*NF*NI file<-NULL file<-matrix(,TOT,4) n<-2*SdP^2/(SdP^2-1)

for(i in 1:NP) {
popdev<-rt(1,n)

for(j in 1:NF){
famdev<-rnorm(1,0,SdF)

for(k in 1:NI){
inddev<-rnorm(1,0,SdE)
x<-popdev+famdev+inddev
l<-NF*NI*(i-1)+NI*(j-1)+k
file[l,1] <-i
file[l,2] <-NF*(i-1)+j
file[l,3] <-k
file[l,4] <-x
}

}
}
colnames(file)<-c("Pop","Fam","Ind","Trait")
file<-as.data.frame(file) file$Pop<-factor(file$Pop)
file$Fam<-factor(file$Fam) file$Ind<-factor(file$Ind) return(file)
}

A.2.2 Methods

##Deltamethod for NP populations, NF families per population and
##NI individuals per family. VarP, VarF and Vareps are the
##estimated variances from the simulated dataset, Qst.orig its
##Qst-value.

deltamethod<-function(NP,NF,NI,VarP,VarF,Vareps,Qst.orig){
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MSpop<-Vareps+NI*VarF+NI*NF*VarP
MSfam<-Vareps+NI*VarF
MSerr<-Vareps
VG<-4*VarF
VB<-VarP
dfP<-NP-1
dfF<-NP*(NF-1)
dferr<-NP*NF*(NI-1)

VarVG<-32/NI^2*(MSfam^2/(dfF+2) + (MSerr^2/(dferr+2)))
VarVB<-1/((NI*NF)^2)*(2*MSpop^2/(dfP+2) + 2*MSerr^2/(dferr+2) +
NI^2/4*VarVG)

CovVGVB<-8/(NI^2*NF)*((1-NF/NP)*(MSerr^2/(dferr+2))-(NF/NP*MSfam^2/(dfF+2)))

VarQst<- 4/((2*VG + VB)^4) * ((VB^2)*VarVG + (VG^2)*VarVB -
2*VG*VB*CovVGVB)

upp<-Qst.orig+qnorm(0.975)*sqrt(VarQst)
low<-Qst.orig-qnorm(0.975)*sqrt(VarQst)
CI<-c(low,upp)
return(CI)
}

##Nonparametric bootstrap, sampling over population and family
##level with boot.num = number of bootstrap samples, cov.num =
##number of iterations (to compute the coverage error) and
##Qst.orig = the Qst-value of the original dataset.

nonpbootb<-function(data,boot.num,cov.num,Qst.orig){

CInorm<-matrix(nrow=cov.num,ncol=4)
CIbasic<-matrix(nrow=cov.num,ncol=4)
CIperc<-matrix(nrow=cov.num,ncol=4)
covnorm<-NULL
lennorm<-NULL
covbasic<-NULL
lenbasic<-NULL
covperc<-NULL
lenperc<-NULL
results<-matrix(nrow=3,ncol=4)
IndpFam<-length(levels(data$Ind))
Fam.num<-length(levels(data$Fam))
Pop.num<-length(levels(data$Pop))
FampPop<-Fam.num/Pop.num
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IndpPop<-FampPop*IndpFam
PopBoot<-rep(1:Pop.num,each=IndpPop)
FamBoot<-rep(1:Fam.num,each=IndpFam)
IndBoot<-rep(1:IndpFam,Fam.num)
TraitBoot<-rep(1,IndpFam*Fam.num)
dataBoot<-data.frame(PopBoot,FamBoot,IndBoot,TraitBoot)
dataBoot$IndBoot<-factor(dataBoot$IndBoot)
dataBoot$FamBoot<-factor(dataBoot$FamBoot)
dataBoot$PopBoot<-factor(dataBoot$PopBoot)

Qst.fun<-function(data,indices) {
Qst<-1
data1<-sample(1:Pop.num,replace=T)
Boot<-matrix(ncol=IndpPop,nrow=Pop.num)
dataBoot$TraitBoot<-rep(1,IndpFam*Fam.num)

for (i in 1:Pop.num){
k<-data1[i]
m<-1+(k-1)*FampPop
data2<-sample(m:(m+FampPop-1),replace=T)

for (j in 1:FampPop){
u<-data2[j]
v<-1+(j-1)*IndpFam
Boot[i,v:(v+(IndpFam-1))]<-data$Trait[data$Fam==u]
}

w<-1+(i-1)*IndpPop
dataBoot$TraitBoot[w:(w+(IndpPop-1))]<-Boot[i,]
}

data.lme<-lme(fixed=TraitBoot~1,data=dataBoot,random=~1|PopBoot/
FamBoot,na.action=na.omit)

Qst<-as.numeric(VarCorr(data.lme)[2,1])/(8*as.numeric(
VarCorr(data.lme)[4,1])+as.numeric(VarCorr(data.lme)[2,1]))

Qst
}

for (p in 1:cov.num){
boot.out<-boot(data=data,statistic=Qst.fun,R=boot.num)
boot.out$t0<-Qst.orig
boot.CI<-boot.ci(boot.out,type=c("norm","basic","perc"))

CInorm[p,1:2]<-boot.CI$norm[2:3]
CInorm[p,3]<-CInorm[p,2]-CInorm[p,1]
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CIbasic[p,1:2]<-boot.CI$basic[4:5]
CIbasic[p,3]<-CIbasic[p,2]-CIbasic[p,1]
CIperc[p,1:2]<-boot.CI$perc[4:5]
CIperc[p,3]<-CIperc[p,2]-CIperc[p,1]
}

CInorm[,4]<-Qst.orig>=CInorm[,1]&Qst.orig<=CInorm[,2]
CIbasic[,4]<-Qst.orig>=CIbasic[,1]&Qst.orig<=CIbasic[,2]
CIperc[,4]<-Qst.orig>=CIperc[,1]&Qst.orig<=CIperc[,2]

covnorm<-mean(CInorm[,4])
lennorm<-mean(CInorm[,3])
covbasic<-mean(CIbasic[,4])
lenbasic<-mean(CIbasic[,3])
covperc<-mean(CIperc[,4])
lenperc<-mean(CIperc[,3])

results[,1]<-c(CInorm[1,1],CIbasic[1,1],CIperc[1,1])
results[,2]<-c(CInorm[1,2],CIbasic[1,2],CIperc[1,2])
results[,3]<-c(covnorm,covbasic,covperc)
results[,4]<-c(lennorm,lenbasic,lenperc)

return(results)
}

##Semiparametric bootstrap

semipbootb<-function(data,boot.num,cov.num,Qst.orig){

... #beginning analog to nonparametric bootstrap above
data.lme<-lme(fixed=Trait~1,data=data,random=~1|Pop/Fam,
na.action=na.omit)

grandmean<-as.numeric(data.lme$coefficients$fixed)
popsd<-as.numeric(VarCorr(data.lme)[2,2])
famsd<-as.numeric(VarCorr(data.lme)[4,2])
eps<-resid(data.lme)

Qst.fun<-function(data,indices){
Qst<-1
dataBoot$TraitBoot<-rep(grandmean,tot)
popran<-rnorm(Pop.num,0,popsd)
famran<-rnorm(Fam.num,0,famsd)
epsran<-sample(eps,tot,replace=T)
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for (i in 1:Pop.num){
u<-1+(i-1)*IndpPop
dataBoot$TraitBoot[u:(u+IndpPop-1)]<-dataBoot$TraitBoot
[u:(u+IndpPop-1)]+popran[i]

}

for (j in 1:Fam.num){
m<-1+(j-1)*IndpFam
dataBoot$TraitBoot[m:(m+IndpFam-1)]<-dataBoot$TraitBoot
[m:(m+IndpFam-1)]+famran[j]

}

for (k in 1:tot){
dataBoot$TraitBoot[k]<-dataBoot$TraitBoot[k]+epsran[k]
}

data.lme<-lme(fixed=TraitBoot~1,data=dataBoot,random=~1|
PopBoot/FamBoot, na.action=na.omit)

Qst<-as.numeric(VarCorr(data.lme)[2,1])/(8*as.numeric(
VarCorr(data.lme)[4,1])+as.numeric(VarCorr(data.lme)[2,1]))

Qst
}
}

... #end analog to nonparametric bootstrap above

##Parametric bootstrap

parabootb<-function(data,boot.num,cov.num,Qst.orig){

... #beginning analog to nonparametric bootstrap above
data.lme<-lme(fixed=Trait~1,data=data,random=~1|Pop/Fam,
na.action=na.omit)

grandmean<-as.numeric(data.lme$coefficients$fixed)
popsd<-as.numeric(VarCorr(data.lme)[2,2])
famsd<-as.numeric(VarCorr(data.lme)[4,2])
ressd<-as.numeric(VarCorr(data.lme)[5,2])

Qst.fun<-function(data,indices){
Qst<-1
dataBoot$TraitBoot<-rep(grandmean,tot)
popran<-rnorm(Pop.num,0,popsd)
famran<-rnorm(Fam.num,0,famsd)
resran<-rnorm(tot,0,ressd)
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for (i in 1:Pop.num){
u<-1+(i-1)*IndpPop
dataBoot$TraitBoot[u:(u+IndpPop-1)]<-dataBoot$TraitBoot
[u:(u+IndpPop-1)]+popran[i]

}

for (j in 1:Fam.num){
m<-1+(j-1)*IndpFam
dataBoot$TraitBoot[m:(m+IndpFam-1)]<-dataBoot$TraitBoot
[m:(m+IndpFam-1)]+famran[j]

}

for (k in 1:tot){
dataBoot$TraitBoot[k]<-dataBoot$TraitBoot[k]+resran[k]
}

data.lme<-lme(fixed=TraitBoot~1,data=dataBoot,random=~1|
PopBoot/FamBoot,na.action=na.omit)

Qst<-as.numeric(VarCorr(data.lme)[2,1])/(8*as.numeric(
VarCorr(data.lme)[4,1])+as.numeric(VarCorr(data.lme)[2,1]))

Qst
}
... #end analog nonparametric bootstrap above
}

##Nonparametric bootstrap, sampling over families

nonpbootfam<-function(data,boot.num,Qst.orig){

...#beginning analog to the nonparametric bootstrap above
Qst.fun<-function(data,indices) {
Qst<-1
data1<-sample(1:Fam.num,replace=T)
dataBoot$TraitBoot<-rep(1,IndpFam*Fam.num)

for (i in 1:Fam.num){
k<-data1[i]
u<-1+(i-1)*IndpFam
dataBoot$TraitBoot[u:(u+IndpFam-1)]<-data$Trait[data$Fam==k]
}

data.lme<-lme(fixed=TraitBoot~1,data=dataBoot,random=~1|
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PopBoot/FamBoot,na.action=na.omit)
Qst<-as.numeric(VarCorr(data.lme)[2,1])/(8*as.numeric(

VarCorr(data.lme)[4,1])+as.numeric(VarCorr(data.lme)[2,1]))
Qst
}
... #end analog to nonparametric bootstrap above

}

##Nonparametric bootstrap, sampling over individuals

nonpbootind<-function(data,boot.num,Qst.orig){

... #beginning analog nonparametric bootstrap above
Qst.fun<-function(data,indices) {
Qst<-1
dataBoot$TraitBoot<- sample(data$Trait,tot,replace=T)
data.lme<-lme(fixed=TraitBoot~1,data=dataBoot,random=~1|

PopBoot/FamBoot,na.action=na.omit)
Qst<-as.numeric(VarCorr(data.lme)[2,1])/(8*as.numeric(

VarCorr(data.lme)[4,1])+as.numeric(VarCorr(data.lme)[2,1]))
Qst
}
... #end analog nonparametric bootstrap above

}
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Appendix B

Results

75



Qst = 0.2036

delta method: [0.0172, 0.3900] 0.3728

nonparametric [-0.1920, 0.4405] 1 0.6393
bootstrap: [-0.5576, 0.3122] 1 0.7941

[0.0951, 0.9648] 1 0.7941

semiparametric [-0.0219, 0.4169] 1 0.4298
bootstrap: [-0.0505, 0.3511] 1 0.4142

[0.0561, 0.4577] 1 0.4142

parametric [0., 0.] 0 0.
bootstrap: [0., 0.] 0 0.

[0., 0.] 0 0.

Qst = 0.4851

delta method: [0.2001, 0.7701] 0.5700

nonparametric [-0.0225, 0.8256] 1 0.8648
bootstrap: [-0.0286, 0.7764] 1 0.7970

[0.1940, 0.9990] 1 0.7970

semiparametric [0.1777, 0.7888] 1 0.6106
bootstrap: [0.1767, 0.7890] 1 0.5987

[0.1813, 0.7936] 1 0.5987

parametric [0., 0.] 0 0.
bootstrap: [0., 0.] 0 0.

[0., 0.] 0 0.

Qst = 0.8009

delta method: [0.6214, 0.9803] 0.3589

nonparametric [0.5456, 1.0019] 1 0.4625
bootstrap: [0.6019, 1.0400] 1 0.4409

[0.5618, 0.9998] 1 0.4409

semiparametric [0.6058, 1.0423] 1 0.4340
bootstrap: [0.6636, 1.1131] 1 0.4328

[0.4886, 0.9382] 1 0.4328

parametric [0.6098, 1.0555] 1 0.4364
bootstrap: [0.6652, 1.1438] 1 0.4335

[0.4579, 0.9366] 1 0.4335

Table B.1: Results for h2 ≈ 0.1
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Qst = 0.2041

delta method: [0.0520, 0.3563] 0.3043

nonparametric [0.0224, 0.3801] 1 0.3642
bootstrap: [0.0165, 0.3621] 1 0.3422

[0.0462, 0.3918] 1 0.3422

semiparametric [0.0455, 0.3665] 1 0.3204
bootstrap: [0.0228, 0.3503] 1 0.3154

[0.0581, 0.3856] 1 0.3154

parametric [0.0422, 0.3680] 1 0.3211
bootstrap: [0.0203, 0.3494] 1 0.3157

[0.0589, 0.3880] 1 0.3157

Qst = 0.5037

delta method: [0.2785, 0.7288] 0.4503

nonparametric [0.2587, 0.7588] 1 0.5041
bootstrap: [0.3117, 0.7824] 1 0.5013

[0.2249, 0.6956] 1 0.5013

semiparametric [0.2828, 0.7645] 1 0.4848
bootstrap: [0.3141, 0.7929] 1 0.4771

[0.2144, 0.6932] 1 0.4771

parametric [0.2788, 0.7682] 1 0.4857
bootstrap: [0.3030, 0.7810] 1 0.4781

[0.2263, 0.7043] 1 0.4781

Qst = 0.8036

delta method: [0.6628, 0.9445] 0.2817

nonparametric [0.6142, 1.0508] 1 0.4209
bootstrap: [0.7034, 1.1512] 1 0.4317

[0.4560, 0.9038] 1 0.4317

semiparametric [0.6459, 1.0147] 1 0.3661
bootstrap: [0.7054, 1.0708] 1 0.3612

[0.5364, 0.9018] 1 0.3612

parametric [0.6457, 1.0149] 1 0.3661
bootstrap: [0.7018, 1.0661] 1 0.3641

[0.5411, 0.9054] 1 0.3641

Table B.2: Results for h2 ≈ 0.8
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Figure B.1: Histogram and QQ-plot of Qst ≈ 0.2, h2 ≈ 0.5 simulated with
a nonparametric, a semiparametric and a parametric bootstrap
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Figure B.2: Histogram and QQ-plot of Qst ≈ 0.8, h2 ≈ 0.5 simulated with
a nonparametric, a semiparametric and a parametric bootstrap

79



Histogram of t

t*

Den
sity

0.0 0.2 0.4 0.6 0.8

0
1

2
3

4

−3 −2 −1 0 1 2 3

0.2
0.4

0.6
0.8

Quantiles of Standard Normal

t*

Histogram of t

t*

Den
sity

0.0 0.2 0.4 0.6 0.8

0.0
0.5

1.0
1.5

2.0
2.5

3.0
3.5

−3 −2 −1 0 1 2 3

0.2
0.4

0.6
0.8

Quantiles of Standard Normal

t*

Histogram of t

t*

Den
sity

0.0 0.2 0.4 0.6 0.8

0.0
0.5

1.0
1.5

2.0
2.5

3.0

−3 −2 −1 0 1 2 3

0.0
0.2

0.4
0.6

0.8

Quantiles of Standard Normal

t*

Figure B.3: Histogram and QQ-plot of Qst ≈ 0.5, h2 ≈ 0.5 simulated with
a nonparametric, a semiparametric and a parametric bootstrap, population
effect t-distributed
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Qst = 0.1984

simulation [-0.0110, 0.3547]
over population [-0.0418, 0.3213]
and family: [0.0756, 0.4387]

simulation [1.0016, 1.0196]
over family: [0.9974, 1.0133]

[0.0000, 0.0159]

simulation [-0.5810, 0.7570]
over individual: [-0.6627, 0.3966]

[0.0002, 0.9596]

Qst = 0.5067

simulation [0.2515, 0.8071]
over population [0.3141, 0.8292]
and family: [0.1841, 0.6992]

simulation [1.0016, 1.0196]
over family: [0.9974, 1.0132]

[0.0000, 0.0159]

simulation [0.0594, 1.3690]
over individual: [0.0576, 1.0131]

[0.0002, 0.9557]

Qst = 0.7913

simulation [0.6748, 0.9208]
over population [0.7037, 0.9483]
and family: [0.6343, 0.8790]

simulation [1.5720, 1.5884]
over family: [1.5685, 1.5827]

[0.0000, 0.0142]

simulation [0.6081, 1.9606]
over individual: [0.6225, 1.5825]

[0.0002, 0.9602]

Table B.3: Results for h2 ≈ 0.5 and the nonparametric bootstrap
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Figure B.4: Nonparametric bootstrap for h2 ≈ 0.1 and Qst ≈ 0.5 on popu-
lation and family level, only on family level and only on individual level
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Figure B.5: Nonparametric bootstrap for h2 ≈ 0.1 and Qst ≈ 0.8 on popu-
lation and family level, only on family level and only on individual level
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Figure B.6: Nonparametric bootstrap for h2 ≈ 0.5 and Qst ≈ 0.2 on popu-
lation and family level, only on family level and only on individual level
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Figure B.7: Nonparametric bootstrap for h2 ≈ 0.5 and Qst ≈ 0.8 on popu-
lation and family level, only on family level and only on individual level

85



86



Bibliography

[1] Bonnin, I., J. M. Prosperi and I. Olivieri (1996). Genetic markers and
quantitative genetic variation in Medicago truncatula (Leguminosae): a
comparative analysis of population structure, Genetics 143:1795-1805.
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