
  

 

 

 

 

 

Genomic selection and genome-
wide association studies to dissect 

quantitative traits in forest trees 

Biyue Tan 

Department of Ecology and Environmental Science 

Umeå 2018 



ii 

This work is protected by the Swedish Copyright Legislation (Act 1960:729) 

Dissertation for PhD 

ISBN: 978-91-7601-849-1 

Cover picture: From Youxu Cheng and designed by the author 
Electronic version available at: http://umu.diva-portal.org/ 

Printed by: KBC printing service 

Umeå, Sweden 2018 



 

 

 

 

 

 

 

 

To my grandfather, deeply missed 

 





i 

Table of Contents 

Table of Contents ............................................................................... i 

List of papers ..................................................................................... i 

Abstract ............................................................................................ iii 

Enkel sammanfattning på svenska ................................................... iv 

Introduction ...................................................................................... 1 
Additive and non-additive genetic effects .................................................................... 1 
Methods of estimating genetic parameters .................................................................. 4 

Genome-wide association study ............................................................................ 5 
Genomic selection .................................................................................................. 7 

Study system .............................................................................................................. 12 
Research aims ............................................................................................................ 13 

Materials and Methods.....................................................................15 
Materials .................................................................................................................... 15 
Methods ..................................................................................................................... 15 

Quality control and imputation ........................................................................... 15 
Genomic prediction model ................................................................................... 16 
GWAS models........................................................................................................17 

Results and discussion .................................................................... 20 
Phenotypic traits and genetic background ................................................................. 20 

Traits summary ................................................................................................... 20 
Genomic data correct pedigree inconsistencies ................................................... 20 

Development of genomic prediction models .............................................................. 21 
Dominance effects contribute to growth traits ........................................................... 23 
GWAS account for additive and over-dominance effects ........................................... 24 

Conclusions and perspectives ......................................................... 26 

References ...................................................................................... 29 

Acknowledgement ........................................................................... 37 





 i 

List of papers 

This thesis is a summary of the following papers that are referred to in the text 

by their Roman numbers: 

I. Tan B., Grattapaglia D., Martins G.S., Ferreira K.Z., Sundberg B., 

Ingvarsson P.K. 2017. Evaluating the accuracy of genomic prediction of 

growth and wood traits in two Eucalyptus species and their F1 hybrids. 

BMC Plant Biology, 17:110. 

II. Tan B., Grattapaglia D., Wu H.X., Ingvarsson P.K. 2018. Genomic 

relationships reveal significant dominance effects for growth in hybrid 

Eucalyptus. Plant Science 267:84-93. 

III. Tan B., Ingvarsson P.K. Multivariate genome-wide association identify 

loci for complex growth traits by considering additive and over-

dominance effects in hybrid Eucalyptus. Manuscript 

IV. Wang J., Ding J., Tan B., Robinson K.M., Michelson I.H., Johansson 

A., Nystedt B., Scofield D.G., Nilsson O., Jansson S. et al: A major locus 

controls local adaptation and adaptive life history variation in a 

perennial plant. Submitted manuscript 

 

 

 

 

 

 

 

 

 

 

Paper II is reprinted with kind permission from Elsevier 



 ii 

Author contributions 

Authors are referred to by their initials. 

Paper I: BT, BS and PKI conceived and designed the experiment; GSM 

performed phenotyping; GSM and KZF collected samples for genotyping; DG 

was responsible for genotyping; BT analyzed the data under DG and PKI’s 

guidance; BT drafted the first version of the manuscript and BT, DG, BS and 

PKI critically contributed to the final version of the manuscript. All authors read 

and approved the final version of the manuscript. 

Paper II: BT and PKI conceived and designed the experiment; BT performed 

all data analysis with support from DG, HXW and PKI; BT drafted the first 

version of the manuscript and BT, DG, HXW and PKI critically contributed to 

the final version of the manuscript. All authors read and approved the final 

version of the manuscript. 

Paper III: BT and PKI conceived and designed the experiment; BT performed 

all data analysis and drafted the manuscript. BT and PKI contributed with 

comments on the manuscript. 

Paper IV: JW, ON, SJ, NS and PKI conceived of and designed the experiments. 

JW carried out most of population genetic analyses. BT performed imputation 

and GWAS analyses. JD performed greenhouse and RT-PCR experiments. KMR 

and IHM collected common garden data. JW and PKI wrote the paper. All 

authors commented on the manuscript. 



 iii 

Abstract 

The convergence of quantitative genetics of complex traits with genomic 

technologies is quickly becoming an innovative approach to explore 

fundamental genetic questions and also have practical consequences for 

implementations in tree breeding. In this thesis, I used genomic selection and 

genome-wide association studies (GWAS) to dissect the genetic basis of 

quantitative traits, i.e. growth, phenology and wood property traits. I also 

assessed the importance of dominance and epistatic effects in hybrid 

Eucalyptus. Both dominance and epistasis are important in hybrids, as they are 

the likely contributing to the genetic basis of heterosis. To successfully 

implement genomic selection models, several important factors have to be 

considered. I found that for a good model establishment, both the size and 

composition of the training population, as well as the number of SNPs to be 

important considered. Based on the optimal models, additive, dominance and 

epistasis genetic effects of growth and wood traits have been estimated to 

evaluate genetic parameters and how these influence the prediction accuracy, 

which can be used in selecting elite breeding individuals or clones. I also 

addressed the advantage of genotyping-based analyses by showing that we could 

accurately correct pedigree information errors. More importantly, genotyping-

based analyses capture both Mendelian segregation variation within full-sib 

families and cryptic genetic links through unknown common ancestors, which 

are not available from traditional pedigree data. GWAS were used to analyse 

growth and phenology related traits. Using a single-trait GWAS method, we 

identified a region strongly associated with the timing of bud set in Populus 

tremula, a trait with high heritability. For the growth related traits, we found 

that a multi-traits GWAS approach was more powerful than single-trait analyses 

as it identified more associated SNPs in hybrid Eucalyptus. Moreover, many 

more novel associated SNPs were identified from considering over-dominance 

effects in the GWAS analyses. After annotating the associated SNPs I show that 

these functional candidate genes were related to growth and responding to 

abiotic and biotic stress. In summary, the results of genomic selection and 

GWAS provided a deeper understanding of the genetic backgrounds of 

quantitative traits in forest trees. 
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Enkel sammanfattning på svenska 

Kvantitativa genetiska analyser av komplexa egenskaper i kombination med nya 

genomiska teknologier har öppnat upp för nya, innovativa tillvägagångssätt för 

att undersöka fundamentala genetiska frågeställningar och för att effektivisera 

det långsiktiga arbetet med trädförädling. I denna avhandling har jag använt 

genomisk prediktion och associationskartering (GWAS) för att dissekera ett 

antal kvantitativa egenskaper såsom tillväxt, fenologi och vedegenskaper. Jag 

har även uppskattat effekten av dominans och epistasi hos hybrider mellan olika 

arter av Eucalyptus. Båda dessa effekter är viktiga hos hybrider eftersom de 

anses bidra till den genetiska basen för heterosis, dvs. att hybridavkommor 

uppvisar bättre egenskaper än de båda föräldrarna. För att skapa en lyckad 

modell för genomisk prediktion måste flera viktiga faktorer tas i beaktande. Jag 

har visat att både storleken och sammansättningen av träningspopulationen, så 

väl som antalet markörer som undersökts är viktiga faktorer att beakta för att 

etablera en bra prediktionsmodell. Baserat på den mest optimala modellen jag 

sedan uppskattat addititiva, dominans och epistasieffekter på tillväxt och 

vedegenskaper och undersökt hur de påverkar noggrannheten i 

prediktionsmodellerna.  Detta kan hjälpa till i arbetet med att välja ut de bästa 

individerna för fortsatt förädling eller för att välja ut ett antal optimala kloner. 

Jag har även studerat hur genotyp-baserade analyser kan hjälpa till med att 

korrigera felaktig information i släktträd. De genotyp-baserade metoderna 

fångar upp både mendeliska segregationen inom helsyskon familjer så väl mer 

svåridentifierade släktskapsförhållanden som uppstår genom okända 

gemensamma förfäder i en förädlingpopulation. Inget av dessa saker är möjliga 

att uppskatta enbart från släktträd. Jag har använt associationskartering för att 

analysera tillväxt och fenologi-relaterade egenskaper. Genom att använda en 

metod som enbart analyserar en egenskap åt gången, kunde jag identifiera en 

region som var starkt associerad med tid för knoppsättning hos asp, vilket är en 

egenskap med hög ärftlighet. För tillväxtrelaterade egenskaper fungerade det 

bättre att analysera flera egenskaper samtidigt eftersom fler associationer då 

kunde upptäckas. Dessutom kunde många fler associerade genetiska markörer 

identifieras när associationskarteringen även tog hänsyn till så kallad över-

dominans. De markörer som visade sig vara associerade med tillväxt 

annoterades för att identifiera funktionella kandidatgener. Detta visade att de 

flesta generna kunde kategoriseras som i växters tillväxt och eller respons till 

abiotisk och biotisk stress. Tillsammans visar dessa resultat på betydelsen av 

heterosis i hybridpopulationer av Eucalyptus.   

 



 1 

Introduction 

Tree breeding involves several steps with the aim to increase the frequency of 

favorable alleles for targeted traits in the breeding population. These steps 

include mating, testing and selection in a cycle to develop genetically improved 

seeds or elite clonal stocks for new plantation. Both quantitative genetics theory 

and species biology are applied to maximize genetic gain per time unit at the 

lowest cost (White et al., 2007). Forest genetic improvement programs involve 

two main methodologies for increasing the productivity of commercial trees, 

which are pure species improvement or outcrossing improvement by crossing 

two or more species. The former selection mainly relies on additive and non-

additive genetic effects within the same species, whereas the latter not only 

based on additive and non-additive effects within the species but also takes into 

accounts non-additive effects between species. Hybrids are widely used in crops 

and trees to produce individuals with superior performance for characters of 

economic importance. Most of the superiority of hybrids over their parents can 

be attributable to heterosis, also known as hybrid vigor, which has been 

generally found to occur in tropical and subtropical eucalypts (Gominho et al., 

2001, Venkatesh and Sharma, 1980, Dungey et al., 2000, Volker et al., 2008), 

poplar (Ceulemans et al., 1987, Keim et al., 1989, Bradshaw et al., 2000), pine 

(EdwardsBurke et al., 1997, Lopez-Upton et al., 1999, Dungey, 2001, Wang et 

al., 2001), larch (Matyssek and Schulze, 1987, Arcade et al., 1996), spruce 

(Major et al., 2003, Bongarten and Hanover, 1982, Hamilton et al., 2013), and 

fruit species (Grosser et al., 2000, Volk et al., 2015, Wagner et al., 2014). 

Beyond heterosis, hybrid breeding is also done to achieve complementarity, that 

is, to combine desirable characteristics from different pure populations (Potts 

and Dungey, 2004).  

Additive and non-additive genetic effects  

Both additive and non-additive effects can all contribute to phenotypic variation 

in a quantitative trait. The additive effects of alleles within the same locus can be 

described using a diploid individual. Assuming there are two alleles (X1 and X2) 

that affect the quantitative trait, and if the effect of a genotype on a quantitative 

trait changes linearly with the copy number of allele, alleles only possess 

additive effect. Therefore, additive effect of a heterozygous allele at a locus is an 

average phenotype of the two homozygous genotypes (Figure 1a). Currently, 

most efforts to explain the relationship between genetic and phenotypic 

variation concentrate on additive effects at individual loci. In general, additive 

interactions are considered most important in breeding programs since only 

additive genetic effects are passed on to sexually-produced offspring (White et 

al., 2007). 
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If the genotype value for the quantitative trait changes non-linearly with the 

copy number of allele, then alleles exhibit non-additive effect at one or more loci. 

Non-additive effects are captured each generation in certain types of 

propagation populations, e.g. in full-sib family or clonal forestry, and higher 

genetic gains are expected from selection of operational clones and specific full-

sib families. However, these additional gains from non-additive genetic effects 

do not accumulate in the breeding population over subsequent generations. 

Non-additive effects, including dominance, over-dominance and epistasis, are 

mainly used to explain the phenomenon of heterosis at the genetic level.  

 
Figure 1. Illustration of genotypic effects. (a) The additive effect of locus X with two alleles. The 

heterozygous genotype is the average of those two homozygous genotypes. (b) Dominance effect. 

The genotype carrying the dominant allele (X2) is more vigorous than a genotype with only 

recessive alleles. (c) Over-dominance. The heterozygous genotype displays a superior phenotype 

compared to both homozygous genotypes. (d) Epistasis effects at two bi-allelic loci. The left panel 

shows additive effect at locus X and dominance at locus Y and no epistasis between X and Y. The 

middle panel shows epistasis in which the additive effect of locus Y is much greater in the X2X2 

genetic background than that in the X1X1. The right panel shows epistasis in which the additive 

effect of locus X are opposite in the Y1Y1 and Y2Y2 genetic backgrounds.  

Dominance effect assumes that vigor in plants is caused by dominant alleles 

and that recessive alleles are deleterious or neutral in effect. It follows that a 

genotype carrying more dominant alleles will be more vigorous than one with 

fewer ones (Jones, 1917). Consequently, heterozygous individuals may represent 

the more favorable dominant allele in hybrids (Figure 1b). From this theory, a 

parental individual containing homozygous dominant alleles for all possible loci 

would therefore exhibit higher fitness than the hybrids. Never the less, in maize 

hybrid breeding, initial selfing of individuals was conducted to generate pure 
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lines by purging recessive alleles and subsequent cross of pure lines had 

dramatic success in generating the heterotic response in hybrids, usually 

exceeds that of both of their parents (East, 1936). Such situation suggesting that 

the dominance theory is not the only explanation for heterosis. 

An alternative explanation for heterosis is over-dominance (Shull, 1908) 

that attributes heterosis to the superior fitness of heterozygous genotypes 

compared homozygous genotypes at a single locus (Figure 1c). The existence of 

over-dominance has been demonstrated in many plants, e.g. Arabidopsis 

thaliana (Moore and Lukens, 2011), maize (Lariepe et al., 2012), and hybrid 

tomato (Krieger et al., 2010). A possible mechanism for over-dominance is 

pleiotropy, where the gene has two alleles affecting different components of a 

trait in opposite directions. Thus, the phenotype of a heterozygous individual, 

which carries both variants (alleles) of the gene, would surpass either 

homozygote (Falconer and Mackay, 1996). 

Apart from the two-main dominance-based theories for heterosis, epistasis 

is also considered to be involved in explaining heterosis. Epistasis refers to a 

modification of the additive and/or dominance effects of interacting loci (Figure 

1a-c). For two diploid loci, it can be easily visualized by plotting the phenotypes 

of the six possible different genotypes (Figure 1d). Epistatic interactions for 

quantitative traits fall into two categories: a change in the magnitude of effects, 

in which the phenotype of one locus is either enhanced or suppressed by 

genotypes at the other locus; or a change of the direction of effects (Figure 1d). 

Based on statistical approaches, first-order epistatic interactions can be 

partitioned into three types: additive × additive, additive × dominance, and 

dominance × dominance. The type of epistasis that plays the most important 

role often varies between different traits and genetic backgrounds (Yu et al., 

1997, Hua et al., 2003).  

Genetic evaluations in forest tree breeding programs are generally based on 

calculating breeding values with additive genetic models. Total genetic values 

contain both additive and non-additive components (Falconer and Mackay, 

1996), and although non-additive genetic effects are not directly transmitted 

from parents to offspring, knowledge about these effects can be beneficial in 

breeding. For example, inclusion of dominance effects to predict genomic 

breeding values could increase prediction accuracy and decrease the bias of 

estimated breeding values (Technow et al., 2012). Breeders could continue to 

select for additive merit but can also improve non-additive merits by 

considering interactions in mating programs (White et al., 2007).  
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Methods of estimating genetic parameters 

The estimation of genetic parameters and genetic values of interesting and/or 

desired traits relies on the estimation of genetic variance components. Genetic 

effects are derived from the expected genetic relationships of the individuals 

sampled and their phenotypes (White et al., 2007). In quantitative genetics, the 

expected numerator relationship matrix is based on the supposedly correct 

pedigree. Nevertheless, especially for eucalypts, accurate pedigree information 

is not always available and particularly for open pollinated mating scheme 

containing a certain percentage of selfed offspring (Gonzaga et al., 2016) or 

pollen mixed half-sib families. Furthermore, even when full-sib mating scheme 

is implemented with strict pedigree control, there are possible errors from 

pollen contamination and labeling, as well as undetected ancestral genetic 

relatedness may exist among individual trees. Undetected ancestral relationship 

is particularly common in trees selected for the original provenance trials where 

little is often known about the actual structure of the introduced seed lots. 

Furthermore, it is challenging to accurately estimate non-additive variance 

components based on pedigree information as it is often partially or completely 

confounded with other effects such as species, common environment or 

provenance effects (Gallardo et al., 2010, Hill et al., 2008). In addition, there is 

often a lack of well recorded pedigree information, typically large full-sib 

families, which are needed for accurate estimates of dominance effects (Misztal 

et al., 1998, Lynch and Walsh, 1998).  

Recent advances in next generation sequencing technologies have expedited 

the discovery of single nucleotide polymorphism (SNP) markers, which are 

being developed across whole genome in a cost-effective manner. Thus, 

population-wide associations between SNP alleles and variation of quantitative 

trait have been implemented in many tree species. The successful of 

associations depend on the existence of linkage disequilibrium (LD) between 

causal and marker alleles. LD refers to SNP alleles and causal mutations that co-

occur on segments of a chromosome in individuals in the current population, 

and which trace back to a common ancestor with limited intervening 

recombination. Genome-wide SNP markers facilitate genome-wide association 

studies (GWAS) and genomic selection (GS), and are becoming important and 

effective tool for plant breeding (Meuwissen et al., 2001, Brachi et al., 2011). 

GWAS enable the detection of quantitative trait loci (QTLs) or causal genes 

from association between SNPs and phenotypes of interesting traits (Korte and 

Farlow, 2013); GS, on the other hand, enables the selection of superior 

genotypes based on genomic estimated breeding values (GEBV) or genetic 

values (GEGV) estimated from SNP information (Jannink et al., 2010). 
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Genome-wide association study 

Association mapping proceeds by testing each encountered marker for an 

association with a particular trait. The assumption behind association mapping 

is that significant associations arise because the marker is in LD with, as well as 

close to, a causal variant affecting the trait. According to the scale and focus of a 

particular study, association mapping generally falls into two broad categories, 1) 

candidate-gene association mapping, which relates markers in selected 

candidate genes that have purported roles in controlling phenotypic variation 

for specific traits; and 2) GWAS, which surveys genetic variation across the 

whole genome to find signals of associations for various complex traits (Zhu et 

al., 2008). With decreasing sequencing costs and improving data processing, 

more and more studies shift their scope from candidate-gene associations to 

GWAS. GWAS is especially useful in forest tree species due to the rapid decay of 

LD, which means that once a marker-trait association has been discovered and 

validated, it is likely that such a marker is located at a close physical distance to 

the functional variant or even is the functional variant itself (Neale and Kremer, 

2011).  

GWAS are powerful for identifying putative causal genes or genomic 

segments underlying phenotypic variation, particularly in traits with complex 

genetic architectures (Kruglyak, 2008, Ingvarsson and Street, 2011). A diverse 

set of traits, including growth, phenology and biotic and abiotic stresses, have 

been subject to GWAS in forest tree species. For instance, Porth et. al. (2013) 

and later McKown et. al. (2014) performed GWAS for wood, biomass, eco-

physiological and phenology traits in Populus trichocarpa using genotype data 

derived from a 34K SNP array. Similarly, a study of Salix viminalis identified 29 

SNPs that were associated with bud burst, leaf senescence, number of shoots or 

shoot diameter (Hallingback et al., 2016). The earliest GWAS of Eucalyptus 

identified 16 markers that were associated with growth and two that were 

associated with lignin traits (Cappa et al., 2013). More recently, regional 

heritability mapping methods have been utilized to identify 26 quantitative trait 

loci (QTLs) for productivity and disease resistance. These QTLs helped raise the 

amount of genomic heritability explained from 4-6% to 5-15% for these traits 

(Resende et al., 2017b). Despite the efforts to discover polymorphisms 

associated with economically relevant traits in tree species, there are still many 

problems to be addressed, as we will discuss these in the following sections.  

False positive errors in GWAS 

One of the most important confounding effects while analyzing the genetic 

architecture of complex traits in plants is population structure (Vilhjalmsson 

and Nordborg, 2013). Many factors may contribute to a structured population 

and cryptic relatedness, which in turn leads to an increase in the rate of false 
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positive marker-trait associations. These factors include, for instance, 1) 

adaptation to local conditions; 2) inbreeding, drift and subsequent population 

admixture, or 3) co-ancestry, especially in association populations derived from 

pedigreed families (Zhu et al., 2008). Many statistical tools have been proposed 

to account for population structure (Zhang et al., 2008). One of the first 

methods was genomic control that corrects for stratification by adjusting 

association statistics with an overall inflation factor obtained from a set of 

random markers that are hypothesized to not be associated with the 

phenotype(s) of interest (Devlin and Roeder, 1999). However, markers differ in 

their allele frequencies across ancestral population and the uniform adjustment 

may be insufficient for markers having strong differentiation across ancestral 

populations. Another solution is using STRUCTURE, a program that uses 

structured association to assign the subjects to discrete subpopulations and then 

aggregates evidence of association within each subpopulation (Falush et al., 

2003). This method is computationally intensive and the assignment of subjects 

is sensitive to the number of a priori selected clusters. An alternative for the 

correction of population stratification is SMARTPCA (Price et al., 2006), which 

computes principal components for SNPs across the genome and uses a small 

top rank of principal components to capture the main axes of genetic variation. 

In addition to these solutions, a mixed-linear model accounting for both 

population structure and cryptic relatedness makes the most explicit control of 

both false positive and false negative errors (Yu et al., 2006) and is now widely 

used in association studies (Lange et al., 2014).  

Multiple comparison problem in GWAS 

With regard to GWAS, in a typical study there are hundreds of thousands of 

significant tests simultaneously conducted. The cumulative likelihood of finding 

one or more false positives over the entire GWAS analysis is therefore high. To 

overcome this problem, a method to decide the significance level used as the 

threshold for the P-value after association estimation and significant test is 

needed. One of the most widely used method is Bonferroni correction where the 

threshold of P-values used is 0.05/N, where N is the number of markers and 

0.05 is the experiment-wise error rate (Balding, 2006). However, such 

correction is often too conservative to reduces the statistic power dramatically 

(Balding, 2006). A practical alternative of Bonferroni correction method is 

simpleM that count the number of non-independent SNPs due to LD. The 

number of “independent SNPs” is then used for Bonferroni correction (Gao et 

al., 2008) when calculating P-value thresholds. Permutation is another 

procedure that retains the genotype data but randomizes phenotype 

information over individuals to generate a dataset that satisfies the null 

hypothesis of non-association with phenotype. By analyzing many such datasets, 

the false-positive threshold can be achieved (Azevedo Costa et al., 2015). 
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Although the method seems conceptually simple it is computationally 

demanding, especially since it is specific to a particular dataset, and the whole 

procedure has to be repeated if the dataset is altered in any way (Balding, 2006). 

Finally, the false discovery rate (FDR) correction typically considers the actual 

distribution of P-values as a mixture of the outcome under the null (uniform 

distribution of P-value) and alternative (P-value distributed skewed towards 

zero) hypotheses (Ziegler et al., 2008). The FDR and simpleM method are thus 

more appropriate for multiple testing and they only differ in the definition of 

the P-value threshold where the former is specific to traits while the latter 

unifies it across traits within a population dataset. 

Missing heritability  

A big challenge in GWAS is the so-called ‘missing heritability’, which refers to 

the observation that only a small proportion of phenotypic variation can be 

accounted for by all associated SNPs. This concept has been thoroughly 

discussed in the context of human diseases by Manolio et. al (2009). Partial 

explanations for the missing heritability problem have been proposed. First, 

rare variants, i.e. major alleles that are unique to local families, can be detected 

only when sampling is adequate at the local level (Eichler et al., 2010, Manolio 

et al., 2009). Second, many loci have small effects on the traits of interest, 

especially when these traits are quantitative, and therefore hard to statistically 

identify due to low power (Brachi et al., 2011). Third, multiple functional alleles 

of the same gene could be associated with different phenotypes, which would be 

difficult to identify by using univariate models (Korte et al., 2012, Zhou and 

Stephens, 2014). Fourth, there are several interacting loci whose effects have 

not been discovered by additive-based GWAS (Seymour et al., 2016). Fifth, 

epistatic interactions between genes might also contribute to genetic variation 

(Wei et al., 2014). Finally, another potential source of the missing heritability is 

epigenetic variation, but this requires more sophisticated genotyping methods 

to be detected (Rakyan et al., 2011). Following the hypotheses described above, 

many studies focus on improving the methodological aspects of GWAS to 

provide more accurate associations. For example, multi-trait and multi-SNPs 

models have been designed to increase the power for detecting associations and 

to jointly analyze the polygenic gene-context interactions (Casale et al., 2017, 

Resende et al., 2017b). Other studies have focused on dominance and epistatic 

effects, especially in hybrid species (Li et al., 2016, Seymour et al., 2016). 

Genomic selection 

Genomic selection (GS), also known as genomic prediction, was initially 

proposed by Meuwissen et al. (2001), which uses all available markers 

simultaneously to develop a prediction model that use to predict 

breeding/genetic values for a breeding population. GS has following advantages 
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that increase the utility of the method in plant breeding. Firstly, GS can be 

effectively used for early selection without field-testing and screenings can be 

carried out at the seedling stage, thereby reducing the time required for 

successive plant breeding cycles and thus dramatically increasing genetic gain 

per unit time. Second, the estimated marker effects from GS are precise and 

unbiased since a previous step of marker selection is avoided (Grattapaglia and 

Resende, 2011, Nakaya and Isobe, 2012). Taken together, GS is particularly 

suitable for trees with long generation time, to evaluate quantitative traits that 

are controlled by many genes with small effects, and traits that are expensive to 

measure and/or displayed at late stages of the life cycle (reviewed in 

(Grattapaglia, 2014, Grattapaglia, 2017)).  

General stages of genomic selection 

The implementation of a genomic selection program for tree breeding 

encompasses essentially two stages (Figure 2). The first stage involves the 

definition of a “training population” of individuals that are genotyped and 

phenotyped to develop predictive models and that are usually tested with cross-

validation. A training population is usually sampled from an existing progeny 

trial derived from inter-mating a group of elite parents that were established as 

the breeding. Usually this group of elite parents has an effective population size 

(Ne) between 30-100 and usually contain 1000-2000 individuals (Grattapaglia, 

2017). The more individuals that are genotyped and phenotyped, the more 

precisely marker effects will be estimated resulting in a more robust predictive 

model (Hayes et al., 2009).  

 
Figure 2. General stages of genomic selection. The first stage is GS model development based on 
training population with both phenotypes and genotypes. The second stage is selected elite 
individuals from selection candidate with only genotypes and GS models. GEBVs: genome-
estimated breeding values; GEGVs: genome-estimated genotypic values. 

At the second stage, where GS is effectively employed selection candidates 

from a pool of genotyped individuals are generated (Figure 2). These selection 

candidates typically correspond to an array of full- or half-sib families derived 

from individuals selected in the progeny trial used as training population. The 

genomics-based breeding values (GEBVs) and/or genomics-based genotypic 

values (GEGVs) are estimated using the earlier developed predictive models. 
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The top ranked seedlings based on GEBVs are selected for the next generation 

of breeding, while the top ranked seedlings from GEGVs are clonally propagated 

and tested in clonal trials where elite clones are eventually selected for 

operational plantation. Additionally, a random subset of the already genotyped 

selection candidates can be planted in an experimental design trial and 

phenotyped at the target age to update the GS model, which ensures that the 

accuracy of GS predictions remain high over generations. 

Reports of GS in forest trees have been unique in that large training 

population sizes and numbers of markers have been used, compared to GS 

studies in crops. Recently published reports in eucalypts (Resende et al., 2012a, 

Muller et al., 2017, Resende et al., 2017a, Tan et al., 2017), spruce (El-Dien et al., 

2015, Ratcliffe et al., 2015, El-Dien et al., 2016, Lenz et al., 2017) and pines 

(Resende et al., 2012b, de Almeida et al., 2016) have provided promising results 

for the ability to predict complex traits in forest trees and confirmed the impact 

of genotype-environment interactions and age-age correlations. Simulation and 

empirical studies have outlined the promising prospects of GS to increase the 

efficiency of tree breeding programs (summary in (Grattapaglia, 2017)). In 

conifers, GS combined with somatic embryogenesis could considerably boost 

the efficiency of current clonal propagation protocols by allowing pre-selection 

of zygotic embryos based on GEBV and immediate expansion to elite SE lines 

for clonal trial establishment (Resende et al., 2012c). In eucalypts and poplars, 

GS can not only eliminate the progeny trial stage but can also reduce the time 

and costs of clonal testing trials by reducing the number of selected genotypes 

that are propagated as clones (Grattapaglia, 2017).  

Impact factors of genomic selection accuracy 

The success of GS is dependent on a number of factors including both the 

fundamental aspects of population and quantitative genetics theory and more 

practical and logistical aspects of resource allocation and cost-benefit analyses. 

In that sense, the accuracy of a genomic prediction model is the key factor that 

has the greatest impact on the success of GS. Four fundamental factors are 

known to affect the accuracy of genomic prediction: 1) the Ne of the training 

population and marker density that is determined by the extent of LD; 2) the 

size, composition and phenotyping accuracy of the training population; 3) the 

heritability and genetic architecture of the traits of interest, and 4) the data 

analysis approaches (Hayes et al., 2009, Daetwyler et al., 2012). Simulation 

studies have been carried out to evaluate most of these factors, providing some 

broadly useful guidelines for GS (Grattapaglia and Resende, 2011, Resende et al., 

2012c).  
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Extent of LD. The major determining factor for the prediction accuracy of 

GS is the extent of LD, which in turn depends on both the Ne of the training 

population and on marker density. For GS to be successful, marker density 

needs to scale with Ne of the training population so that larger populations 

usually need more markers. Consequently, the level of LD between markers and 

QTLs can be increased by reducing Ne (Grattapaglia, 2014). In order to maintain 

a conservative side in sustaining long-term gains, Ne=40-100 have typically 

been used which often corresponds to a census number around 200 individuals 

with some degree of relatedness (White et al., 2007). In Eucalyptus, 

populations with Ne=30-60 are typically used for each species in reciprocal 

recurrent selection or recurrent selection programs (Kerr et al., 2004, 

Grattapaglia and Resende, 2011). In line with this, a simulation study found that 

the accuracy of GS was sufficient with marker densities around 2-3 markers per 

centiMorgan (cM) as long as Ne was kept below 60. For an average genome of 

1,500-2,000 cM, ~5,000 SNPs would therefore be necessary. For larger Ne, 

however, densities of marker up to 20 markers/cM would be needed to reach 

adequate GS accuracy (Grattapaglia and Resende, 2011). Such marker densities 

require a genotyping platform that yields between 20,000 and 50,000 

informative markers depending on the size of the recombining genome. 

Training population size and composition. Assembling a large 

number of trees into a training population to accurately estimate SNP effects is 

generally not a limitation for the most forest trees. A simulation study showed 

that with up to N=1,000, the selection accuracy was rapidly increased, whereas 

when using N=2,000 there still have 6-10% increase in accuracy could achieved 

compared to N=1,000. Above 2,000 individuals, the prediction accuracy tends 

towards a plateau irrespective of the Ne and marker density (Grattapaglia and 

Resende, 2011). A higher marker density will also help preserve rare alleles in 

the breeding population and will thus allowing better long-term gains from 

selection (Perez-Enciso et al., 2015). The choice of training population largely 

depends on the breeding strategy adopted and the number and structure of 

populations involved. Training populations can generally be established by 

sampling trees from existing progeny trials derived from inter-mating (open or 

controlled pollinated) a few dozen elite parents. These parents represent the 

target genetic variation with an adequate Ne to provide sustained gains for at 

least few generations (Grattapaglia, 2014). Another issue related to the training 

population is the relatedness between training population and selection 

candidates. Increasing the genetic relationships between training and selection 

candidates has the same consequence as reducing the Ne such that the stronger 

the relationship, the higher the accuracy (Beaulieu et al., 2014a). Furthermore, 

it has been shown that it was better to increase the accuracy of prediction by 
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increasing relatedness, rather than by increasing the size of the training set 

(Daetwyler et al., 2013).  

Genetic architecture and trait heritability. Theory predicts that the 

number of QTLs underlying trait variation has an important impact on the 

accuracy of GS. Few loci controlling a large fraction of the phenotypic variance 

are more easily captured relative to a more complex genetic architecture 

involving larger number of loci with smaller effects (Grattapaglia, 2014). 

Simulation has shown that the reduction of GS accuracy with an increasing 

number of QTLs tends to be more pronounced at lower density markers or 

larger Ne (Grattapaglia and Resende, 2011). Heritability on the other hand was 

shown to have a relatively minor impact on accuracy when the training 

population size is large enough so that marker effects are adequately estimated. 

As showed by Grattapaglia and Resende (2011), based on the best linear 

unbiased prediction (BLUP) approach, the accuracy of GS remained much the 

same either when the heritability increased from 0.2 to 0.6 or when the number 

of QTLs were reduced from 200 to 10.  

Data analysis approaches. Current methods of GS generally differ with 

respect to the assumptions regarding the genetic architecture of the trait. Ridge 

regression best linear unbiased prediction (rrBLUP) is one of the most popular 

methods for GS and it assumes that the trait is controlled by many loci of small 

effect. The marker effects are treated as random effects that are normally 

distributed with a common variance (Endelman, 2011). Meanwhile, Bayesian 

methods assume that the trait is controlled by a small number of loci with larger 

effect (Yi and Xu, 2008). Empirical results obtained for growth and wood traits 

in forest trees showed no difference in performance between rrBLUP and 

Bayesian methods (Isik et al., 2016, Beaulieu et al., 2014a, Lima, 2014, Ratcliffe 

et al., 2015, Bartholome et al., 2016). Non-additive effects should also be 

considered in forest trees, such as eucalypts, where vegetative propagation of 

outstanding individuation is common. Estimation of dominance effects is 

straight forward, requiring only an extension of the algorithm to estimate effects 

per SNP (Hayes, 2007). In contrast, the estimation of epistatic effects within the 

framework of GS is more challenging, simply because of the occurrence of many 

possible marker-marker interactions. Xu and Jia (2007) extended the single 

marker Bayesian approach to account for epistatic effects and showed that 

epistatic effects can actually be estimated via this improved algorithm using 

simulated data. There is evidence pointing to the fact that including epistatic 

effects greatly increased the accuracy of GEBV prediction compared to a model 

that only considers additive effects (Hu et al., 2011, Muñoz et al., 2014).  
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Study system 

The study material in this thesis consists of Eucalyptus grandis, E.urophylla 

and their hybrids (Paper I-III), and Populus tremula (Paper IV). Eucalyptus is 

a genus of woody perennials that contain more than 700 species, most of which 

are native to Australia. Species of Eucalyptus are some of the most important 

plantation trees in the world due to their rapid growth, wide adaptability and 

excellent wood and fiber properties. E. grandis is found on coastal areas and 

sub-coastal ranges from Newcastle in New South Wales northwards to west of 

Daintree in Queensland, mainly on flat land and lower slopes, where it is the 

dominant tree of wet forests and on the margins of rain forests. Currently, it is 

believed to be one of the most economically important trees around the world 

owing to its high growth rate in tropical and subtropical regions and production 

of high quality timber, which is useful for the production of pulp and paper. E. 

urophylla, on the other hand, native to islands of the Indonesian Archipelago 

and Timor. The species displays high resistance against canker disease and also 

displays high drought tolerance (Goncalves et al., 2013). Interspecific crosses 

betwenn E.grandis and E.urophylla have been made, and today hybrids are 

used extensively in commercial plantations, mostly as clonal forestry, for 

instance in Brazil and China. The interspecific hybrid, so-called urograndis 

hybrid, in Brazil provides a significant share of the world’s eucalypt pulpwood 

supply, covering approximately 400,000 ha (Gominho et al., 2001). 

In order to achieve high productivity, Eucalyptus species have been 

extensively studied over the last decades. Silvicultural improvements and clonal 

plantations, in association with advanced breeding programs have been 

responsible for most of observed gains (Castro et al., 2016). However, there is 

still room for improvement and eucalypt breeding programs have thus far 

focused almost exclusively on growth traits and adaptation, including disease 

resistance, frost and drought tolerance (Grattapaglia and Kirst, 2008). Due to 

the versatile uses of eucalypt wood, wood properties have also been of interest 

tree breeders in recent years, and are now increasingly being included in 

selection protocols (Malan, 1995). Breeding cycles still take several years even in 

eucalypts and selection of an elite clone is seldom completed in less than 12 to 

18 years. Efforts have therefore been made to shorten these times by early 

selection (Resende et al., 2017a). In order to understand the genetics of 

Eucalyptus and improve tree breeding in the future, Novaes et al. (2008) 

developed 23,742 SNPs by sequencing transcriptome samples obtained from 

multiple tissues and genotypes using the 454 Roche technology. Furthermore, 

the draft genome sequence of the around 640 Mbp E. grandis (BRASUZ1) 

genome was publicly released in 2014 (Myburg et al.), providing excellent 

opportunities for further comparative studies. Recently, a high-density 

multispecies SNP-chip has been developed for eucalypts by re-sequencing a 
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large sample of 240 trees from 12 species. The SNP-chip, EuCHIP60K, includes 

~60,000 SNPs from the most widely planted and bred Eucalyptus species, 

providing a 96% genome-wide coverage and a density of one SNP every 12-20 

kb (Silva-Junior et al., 2015). Such genome-based technologies facilitate the 

understanding of the genetic basis of important traits and should help 

accelerate breeding programs. 

The genus Populus has been described as one of the model systems for 

studying multiple aspects of forest tree biology, mainly because of its wide 

geographic distribution, multiple economic uses in wood and energy products, 

and its relatively small genome size (480 Mb) (Jansson and Douglas, 2007). 

P.tremula, also known as European aspen, is an aspen species native to cool 

temperate regions of Europe and Asia. Aspen is a keystone species in many 

habitats due to its fundamental ecological importance for other organisms, e.g. 

herbivorous, saprophytic invertebrates, fungi, lichens, and birds (Kouki et al., 

2004, MacKenzie, 2010). Given that the wood of aspen is not dense, it has been 

manly used of veneer and pulp for paper production, but is also for good quality 

charcoal and chip-wood (Savill, 2013, C.A.B. International., 2013). The 

population used in the thesis collected from the multiple sizes throughout 

Sweden. It reported that the recolonization of Scandinavia aspen has taken 

place from two separate refugia, one located in the eastern part of Europe and 

the other located in wester/central Europe, which has resulted in a admixture 

zone in central Sweden (De Carvalho et al., 2010). The genome sequence and 

functional annotation of P.tremula, is available at PopGenIE (Sundell et al., 

2015) and have undergone continual improvement, providing a great 

opportunity for further analysis.  

Research aims 

The general aim of my thesis is to implement GS methods to understand the 

role of genetic parameters for growth, wood property, and phenology traits, as 

well as to look for associated genes for those traits by using GWAS. To reach this 

goal, we defined the following specific aims: 

1. In order to produce high quality genotyping data, I study on quality control 

methods and compare imputation methods. The GWAS methods are also 

practiced on timing of bud set, that aim to find out the associated genomic 

regions in P.tremula. (Paper IV) 

2. Build genomic selection models for growth and wood properties traits in 

hybrid Eucalyptus. I evaluate the corresponding statistical methods, the 

composition and size of training and validation sets, the number of SNPs and 
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genomic location of SNPs. The accuracy of predictive ability was used for 

evaluating these factors. (Paper I) 

3. Evaluate genomic selection models by accounting for effects of additive, 

dominance, and epistatic interactions on growth and wood properties traits for 

hybrid Eucalyptus. I estimate the genetic parameters for each trait by 

accounting of these genetic effects. I also compare the accuracy of predictive 

ability for systematic series of GS models. The GS models, based on SNP 

marker-derived relationship matrices, are compared with pedigree-based 

relationship matrix models in prediction of breeding values. (Paper II) 

4. Build single-trait and multi-trait GWAS models by accounting for additive 

and over-dominance effects, respectively, to evaluate genomic regions 

associated with growth traits in hybrid Eucalyptus. (Paper III) 
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Materials and Methods 

Materials 

The Eucalyptus materials used in Paper I-III consists of a breeding population 

selected from a big progeny trial. The plants of the progeny trial comprised 

16,660 individuals from 476 full-sib families with 35 individuals per family. It 

was planted in 2009, under a randomized complete block design with single-

tree plots and 35 replicates per family in Belmonte (Brazil, 39.19W, 16.06 S, 210 

m above the sea level) at Veracel Celulose S.A. (Eunápolis, BA, Brazil). In the 

GWAS and GS studies, 958 individuals were used that was selected from the 

progeny trial by avoiding low performing trees. The number of individuals in 

each full-sib family ranged from one to 13 with an average of 2.8 individuals per 

family. Additionally, the parent trees of the crosses, 78 E. urophylla and 90 E. 

grandis, have also been used in these studies. For the 958 progeny samples, 

height and circumference at breast height (CBH) were measured at age three 

and six years, respectively. Wood basic density and pulp yield were measure at 

age five years. For the 174 parental trees, the same traits had been measured at 

age seven and five years for E.grandis and E.urophylla, respectively. More 

details with regards to the measuring methods can be found in paper I. 

Genotyping of progenies and parents were undertaken by Illumina Infinium 

EuCHIP60K that contains probes for 60,904 SNPs (Silva-Junior et al., 2015).  

The P.tremula materials used in paper IV consists of 116 unrelated 

individuals that were collected from 12 different native forest areas spanning 

roughly six latitude and longitude degrees in Sweden. Leaf material was 

sampled from one clonal replicate of each individual growing at a common 

garden in Sävar, northern Sweden. Whole genome sequencing and bases calling 

were performed on the Illumina HiSeq 2000 platform with an average 

sequencing depth 30x per individual. After genotype calling and high-quality 

control, 4,432,934 SNPs with a minor allele frequency greater than 5% were 

identified. The timing of bud set for all genotypes with at least four replicates 

were measured from two common gardens, located in northern (Sävar) and 

southern (Ekebo) Sweden. Bud set was scored from 2005 to 2007 at both sites. 

Further details of measurements can be found in paper IV. 

Methods  

Quality control and imputation 

Before genotypes are used in GWAS and GS, quality control (QC) is usually 

carried out. QC generally considers both SNPs and samples evaluation and 
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filtration, respectively. QC for SNPs includes, for example, filtration based on 

call rates, minor allele frequency (MAF) and Hardy-Weinberg equilibrium tests, 

while QC for samples include over all call rate and inbreeding coefficients tests, 

etc.  

After quality control, missing genotypes of the remaining individuals can be 

filled by imputation. We evaluated the accuracy of imputation methods across a 

range of missing data by artificially removing certain percentage of data (2%, 

5%, 10%, 15%, 20% and 30%) in the Eucalyptus data set. Ten different 

imputation methods were tested in these comparisons (see details in paper I) 

and BEAGLE showed the best accuracy across all percentages of missing data, 

with accuracies exceeding 95% in all cases. We also evaluated a range of missing 

rates and minor allele frequencies in P.tremula using BEAGLE (see details in 

paper IV). Again, a high imputation accuracy was observed across a wide range 

of MAF and rates of missing genotypes, suggesting that imputation and phasing 

should not bias the accuracy of results based on the imputed data. BEAGLE-

imputed data sets were therefore used in all subsequent analyses in Papers I-IV. 

Genomic prediction model 

Baseline model 

The baseline genomic prediction models for GEBVs and/or GEGVs are the 

following mixed linear model: 

𝒚 = 𝟏𝜷 + 𝒁𝒂 + 𝒆             (1) 

where y is the vector of adjusted phenotypes of single trait, 𝜷 is the vector of 

overall means fitted as a fixed effect, a is the vector of random effects, and e is 

the vector of random residual effects. 1 and Z are the incident matrices of 𝜷 and 

a, respectively. Generally, the statistical methods of genomic prediction model 

can be separated into SNP effects based estimation and genomic relationship 

matrix based estimation. Bayesian methods and rrBLUP belong to the first 

category while GBLUP and ABLUP belong to the second type of methods.  

SNP effects based estimation 

In Equation (1), for SNP effects based estimations 𝒁 refers to a design matrix for 

SNP effects and a refers to random SNP effects that are assumed to follow 

𝒂 ~ 𝑁(𝟎, 𝐈𝜎𝑚
2 )  (rrBLUP) or 𝒂 ~ 𝑁(𝟎, 𝐓𝜎𝑚

2 )  (Bayesian LASSO). Here I is the 

identity matrix and T follows a hierarchical prior distribution. A prediction for 

the GEBV for each individual is then calculated as 𝑔𝑖̂ = 𝐙𝐢
𝐓𝐚̂, where 𝐙𝐢

𝐓 is the SNP 

vector for individual i and 𝐚̂ is the vector of estimated SNP effects (see details in 

paper I). 
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Genetic relationship matrix based estimation 

For ABLUP and GBLUP, the vector of random additive effect (a) in Equation (1) 

is assumed to following a normal distribution 𝒂 ~ 𝑁(𝟎, 𝑮𝜎𝑎
2), where G is the 

genetic relationship matrix estimated according to the genetic effects we are 

interested in. The G matrix estimated in ABLUP is based on pedigree 

information while for GBLUP, the G matrix estimated based on the genotype 

information. Table 1 summarize G matrix calculations for additive, dominance 

and epistatic effects by both the ABLUP and GBLUP models. More details on 

these parameters explanation can be found in papers I & II.  

Table 1. summary of A or G matrix formula based on pedigree and genotype 

information 

 Additive effects Dominance effects Epistasis effects 

A matrix 
𝐴𝑖𝑖 = 1 + 𝐴𝑔ℎ 2⁄  

𝐴𝑖𝑗 = (𝐴𝑗𝑔 + 𝐴𝑗ℎ ) 2⁄  

𝐷𝑖𝑖 = 1 

𝐷𝑖𝑗 =
𝐴𝑔𝑘𝐴ℎ𝑙 + 𝐴𝑔𝑙𝐴𝑘ℎ

4
 

𝑬𝑨𝑨 = 𝐀#𝐀* 
𝑬𝑨𝑫 = 𝑨#𝑫 
𝑬𝑫𝑫 = 𝑫#𝑫 

G matrix 
𝑮𝒂𝒅𝒅 =

𝒁𝒁′

2 ∑ 𝑝𝑖(1 − 𝑝𝑖)
𝑝
𝑖=1

 𝑮𝒅𝒐𝒎 =
𝑾𝑾′

∑ (2𝑝𝑖(1 − 𝑝𝑖))2𝑝
𝑖=1

 
𝑮𝑨𝑨 = 𝑮add#𝑮add 
𝑮𝑨𝑫 = 𝑮add#𝐆dom 
𝑮𝑫𝑫 = 𝑮dom#𝑮dom 

* ’#’ represent the Hadamard product 

Models evaluation 

The prediction ability was estimated for genomic prediction models and a 10-

fold cross-validation scheme with 100 replications was implemented to evaluate 

the accuracy for different models. For each replication, the dataset was 

randomly divided into 10 subsets, nine out of the ten partitions were used as the 

training population to fit a model by using both phenotypes and genotypes 

while the remaining partition was used as the validation set by removing 

phenotypic data and then using the estimated model in question to predict 

breeding values or total genetic values based on genotype information alone. 

The predictive ability of the model was then evaluated by estimating the 

correlation between observed phenotypes and breeding/genetic values, 

𝑟(𝐴̂𝑣𝑎𝑙𝑖 , 𝑌𝑣𝑎𝑙𝑖) or 𝑟(𝐺𝑣𝑎𝑙𝑖 , 𝑌𝑣𝑎𝑙𝑖 ). 

GWAS models 

Association analyses were carried out using univariate linear mixed model 

(ULMM) and multi-trait linear mixed models (MTMM) to evaluate additive and 

over-dominance effects on the traits of interest.  

ULMM GWAS models 

The ULMM model follows a mixed linear model that can be written as: 

𝒚 = 𝐗𝛃 + 𝐒𝐠 + 𝐅𝐪 + 𝒁𝒂 + 𝒆                 (2) 
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where 𝛃, 𝐠 and 𝐪 are the vector of fixed effects of site, SNP genotype effect and 

population structure, respectively; 𝒂 is the vector of random genetic effects that 

stems from marker-based individual kinship; and 𝒆 is the vector of the random 

residual effect. 𝐗 is the incident matrix of 𝛃. The design matrix 𝐒 constitutes the 

genotypes of a single analysed SNP as separate and independent factors. 𝐅 link 

the principle components that represents population structure and 𝒁 represent 

kinship across individuals. Multiple methods related to ULMM model have been 

tested, including GAPIT (Lipka et al., 2012), GCTA (Yang et al., 2011), GEMMA 

(Zhou and Stephens, 2012), BOLT (Loh et al., 2015) and TASSEL (Zhang et al., 

2010). After testing, we found that BOLT and TASSEL yielded some degree of 

positive inflation of p-values whereas GAPIT displayed obvious deflation. We 

therefore decided to perform all ULMM model evaluations using GEMMA that 

proved to be computationally very efficient (paper III & IV). Multiple testing 

corrections were applied for each trait using the simpleM method in paper III 

whereas the FDR was used in paper IV. The main reason for using FDR instead 

of the simpleM method in the P.tremula study was that the simpleM is not 

computationally efficient enough to be used for a large number of genotypes, 

such as the more than 4.4 million SNPs are used in paper IV. 

In order to address the possibility that correction for either population 

structure (𝐅𝐪) or kinship effects (𝒁𝒂) were superfluous, we evaluated models in 

paper III by a significant test that omitting the SNP effect. A Wald-F test 

indicated non-significant q for all traits suggesting that omitting 𝐅𝐪 from the 

models are preferable. In paper IV, we compared the tests with and without 

population structure (𝐅𝐪) and found a strong link between the adaptive trait 

(timing of bud set) and population structure that resulted in dramatically 

reduced statistical power when correcting for population structure. On the other 

hand, we did not observe any obvious inflation of P-values when population 

structure correction was omitted. Therefore, only the results involving no 

control for population structure in the ULMM analyses are included in Paper IV. 

MTMM GWAS models 

To account for repeated measurements of CBH and height at two different ages, 

we employed the following multivariate mixed linear model: 

[

𝒚𝟏

𝒚𝟐

𝒚𝟑

𝒚𝟒

] = [

𝑿 𝟎 𝟎 𝟎
𝟎 𝑿 𝟎 𝟎
𝟎 𝟎 𝑿 𝟎
𝟎 𝟎 𝟎 𝑿

] [

𝛃𝟏

𝛃𝟐

𝛃𝟑

𝛃𝟒

] + [

𝐒
𝐒
𝐒
𝐒

] g𝑐 + (𝐒 × 𝐭)g𝑡 + (𝐒 × 𝐲)g𝑦 + [

𝐮𝟏

𝐮𝟐

𝐮𝟑

𝐮𝟒

] + [

𝐞𝟏

𝐞𝟐

𝐞𝟑

𝐞𝟒

]              (4) 

where SNP genotype effects were hereafter separated into a common SNP effect 

(𝑔𝑐) across traits and years, while 𝑔𝑡 is the interaction SNP effect across traits 
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and gy is the interaction SNP effect across years. 𝐭 is a vector with 1 for all the 

values measured in the same trait, 𝐲 is a vector with 1 for all values measured in 

the same year. Significance testing of SNP associations was performed using a 

Wald F-test. More details are provided in paper III.  

GWAS for additive and over-dominance models 

We conducted both kinship matrix (K) and GWA analyses with either additive 

or over-dominant genotype encoding. For the additively encoded data, the 

genotype homozygous for the major allele was encoded as 0, the heterozygous 

genotype with 1 and the genotype homozygous for the minor allele with 2. For 

the over-dominance genotype encoding scheme, both homozygous genotypes 

were encoded with 0 whereas the heterozygous genotype was encoded as 1 

(Seymour et al., 2016). 
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Results and discussion 

Phenotypic traits and genetic background 

Traits summary 

We first summarized the trait variation and the correlation between phenotypes 

to get a general idea of the phenotypic data. Raw data were adjusted by using a 

spatial mixed linear model to minimize the impacts of environment. A summary 

of the adjusted phenotypic traits is shown in Table 2. These traits and the 

population were partially or fully used in papers I-III. Growth traits were 

moderately variable (CV between 13%~19%) at the different assessment ages 

(Table 2), except for Height3, which had a lower variance as the F1 population 

had undergone selection based on height right before genotyping. Additionally, 

the relative variation was greater in CBH than in Height, and it increased 

together with the age of the trees, even if fewer trees were observed at age six. 

On the other hand, wood traits shoed smaller variation than growth traits, with 

a CV less than 5%.  

Table 2. Statistical summary of the growth and wood property traits 
Trait Abbr. No. obs. Unit Mean CV(%) 

Circumference at breast height, age 3 CBH3 1123 cm 61.82 13.22 

Height, age 3 Height3 1094 m 22.43 9.81 

Circumference at breast height, age 6 CBH6 1104 cm 83.80 18.67 
Height, age 6 Height6 985 m 28.40 13.09 

Basic density Basic density 1119 kg/m3 532.78 4.83 

Pulp yield Pulp yield 1119 % 49.64 3.05 

CV: coefficient of variance 

Pairwise correlations between the adjusted traits were considered and 

growth traits were positively correlated with each other. Correlations within 

years between growth traits were higher (r2>0.65) than between the same 

growth traits assessed in different years (r2<0.5) (see Figure 1 of paper I and 

Figure 1 of paper III for details). There thus must exist strong age  age 

variances and we therefore decided to analyze grow traits at ages of three and 

six years separately in paper I and II. For wood property traits, basic density 

was weakly negatively correlated with pulp yield (r = -0.28). Growth traits were 

roughly independent from the two wood traits with correlation values between   

-0.1 and 0.1.  

Genomic data correct pedigree inconsistencies 

The main advantage of genotyping is testing the accuracy of controlled crosses, 

as well as identifying structure and relatedness among the putatively 

“independent” parents. After creating a realized relationship matrix using the 
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VanRaden method (VanRaden, 2008), we found that the average pairwise 

estimates of genetic relationship among individuals were substantially lower 

using the SNP data compared to expectations based on pedigree information. 

The average relatedness of full-sib and half-sib families we detected from SNP 

data is 0.309 and 0.131, respectively, whereas the theoretically expected value is 

0.5 and 0.25 (Table 1 of paper I).  

Similarly, there was strong evidence for substantial population structure 

effects in the population. The controlled crosses were thought to have been 

carried out between E.grandis and E.urophylla suggesting that the F1 progeny 

population should represent inter-specific crosses. However, population 

structure analyses showed that the population actually consists of three types of 

crosses, two intra- and one inter-specific, i.e. E. grandis  E. grandis, E. 

urophylla  E. grandis and E. urophylla  E. urophylla (Figure 2a of paper I). 

We further determined the proportions of each combination, with only ~60% 

accounting for inter-specific crosses and 40% of the progeny resulting from 

intra-specific crosses (Figure 1C of paper II and Figure 2C of paper III). 

We carried out a parentage assignment analysis to identify the most likely 

parents for each progeny individual. Following these analyses, 90% of the 

progenies were shown to have parents coming from the pool of candidate 

parents (all registered parents), while for the remaining individuals either one 

or none of the parents could be identified. From progenies where both parents 

could be assigned, 21.9% of the SNP-assigned parents matched with the 

registered parents from the pedigree data. 62.1% and 2.2% of the progenies 

where only the female or male parent matched had the same listed parent in the 

pedigree data. The remaining 13.8% individuals had no parent that matched the 

registered pedigree (Figure 1A of paper II). We can thus identify substantial 

crossing mistakes in the generation of the crossing population. Such mistakes 

occur either during labelling (pollen bottles, seed vials, nursery tubes and trays) 

or could arise from pollen contamination during crossings or at the time of 

bagging and/or debagging. Ultimately, we are able to create a more suitable 

pedigree using data from the parentage assignment test. 

Development of genomic prediction models  

In order to build the genomic prediction models for each trait and to evaluate 

the performance of the different models, we assessed the impact of several 

factors including the model specifications, composition and size of the 

population for model development and validation, as well as the number and 

genomic location of SNPs. The predictive ability (PA), correlation between 

phenotypes and GEBVs of the validation set, was used for evaluating model 

performance. Our results show that the size and compositions of the population 
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had the largest impact on the PA, irrespective of the analytical methods and 

traits that were considered. The average PA increased rapidly with training 

population size and did not show any plateau even when the population reached 

N=1,000 (Figure 4 of paper I). This result is in line with simulations of 

Eucalyptus breeding scenarios that have shown that the accuracy of GS should 

rapidly increase up to N=2,000 for traits with low heritability, that are 

controlled by a large number of QTLs and for large Ne (Grattapaglia and 

Resende, 2011).  

After evaluating relationships between training and validation population, 

we conclude that the closer the relationship between these populations the 

higher the PA (Figure 4 of paper I). Our results provide additional evidence that 

for successful implementation of GS, selection candidates should have a close 

genetic relationship with the training population (Scutari et al., 2016). This is 

probably due to the fact that as relatedness increase, the number of 

independently segregating chromosome segments are reduced, thereby 

increasing the probability that chromosome segments that are identical by 

descent (IBD) and which are sampled in the training population are also 

represented among the selection candidates. Additionally, our results show 

considerably lower PAs (reaching zero or negative values) when using only pure 

parental species to predict hybrid progeny phenotypes (Additional file 13 of 

paper I). This is stark contrast to results suggesting that training on pure-bred 

data provides better PAs for crossbred performance in bovine and pig breeding 

(Esfandyari et al., 2016, Ibánẽz-Escriche et al., 2009). The utility of purebred 

individuals to predict crossbred progeny mainly depends on the divergence 

between the populations (Esfandyari et al., 2015). The bovine breeds discussed 

above are much more closely related than the two Eucalyptus species used in 

our study (<300 KYA vs. 2-5 MYA) (Murray et al., 2010, Silva-Junior and 

Grattapaglia, 2015). For our data set it is clear that models have to be trained 

using hybrids if one aims at predicting phenotypes in hybrid selection 

candidates. 

We show that different methods provide similar results for the all the 

evaluated traits, which corroborates previous empirical reports from both crops 

(Crossa et al., 2014, Onogi et al., 2015) and forest trees (Resende et al., 2012b, 

Beaulieu et al., 2014b, Isik et al., 2016). This observation goes against 

simulation studies suggesting that Bayesian methods, like Bayesian LASSO, 

should outperform univariate methods such as rrBLUP and GBLUP. One 

possible reason for the apparent disagreement between simulations and 

empirical data sets could be that the true QTL effects for most of traits are 

relatively small and the distribution is less extreme than what has been 

employed for simulated data (Daetwyler et al., 2010). Our results thus support 
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the proposal that either rrBLUP or GBLUP are efficient methods that provide 

the best compromise between computational time and prediction efficiency. 

After evaluating the number of SNPs and their location, we find that the 

number of SNPs is more important than their genomic SNP location (Figure 5 of 

paper I). Across all traits, no major improvements in PAs are observed when 

more than 5,000 SNPs are used. The required number of SNPs for genomic 

prediction model depends on the extent of LD, which is strictly dependent on Ne 

(Zhang et al., 2011, Su et al., 2012). According to our results, we achieve 

equivalent PAs using either all or only 10-20% of the genotyped markers, 

suggesting that our study population represents a relatively modest Ne. SNP 

location also contributed to the predictive ability of genomic prediction model 

although the effects were rather modest. We observe that SNPs in intergenic 

regions produced slightly better PAs than SNPs in genic regions or all SNPs 

together (Figure 6 of paper I). Such results are in line with the relatively rapid 

decline of LD in genic and/or coding regions compared to intergenic regions 

where LD decays substantially slower (Silva-Junior and Grattapaglia, 2015). 

With slower decay of LD, SNPs in intergenic regions might better capture QTLs 

across greater genomic segments than SNPs in coding regions where LD decays 

more rapidly. These results help give a better understanding of how 

characteristics of the breeding population, traits and SNPs will facilitate the 

development of genomic prediction models that achieve higher PAs.  

Dominance effects contribute to growth traits 

We used a progeny population with 41,304 informative SNPs to estimate 

additive, dominance and first-order interaction epistatic effects for growth and 

wood property traits using the optimal GBLUP method identified in Paper I. We 

find that both additive and non-additive effects play important roles in 

controlling growth traits. The additive effect contributed 14%~22% to total 

phenotypic variance for growth. On the contrary, dominance effects contributed 

a further 4-15% and 0-30% of the phenotypic variance could be attributed to 

epistatic variances depending on the accessing ages (Figure 2 of paper II). Such 

observations corroborate earlier results in Eucalyptus estimated using pedigree 

information only (Bison et al., 2006, Volker et al., 2008, Bouvet et al., 2009, 

Araújo et al., 2011), and further dress the importance of taking non-additive 

effects into account when selecting Eucalyptus F1 hybrids for growth. On the 

other hand, only a slight dominance variance is observed for basic density and 

none for pulp yield and epistatic variance estimates are zero for both wood traits. 

Furthermore, our results show that the additive and non-additive variances are 

not independent from each other, as the estimated additive variances decreased 

when dominance or/and epistasis effects are included in the models. Such 
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phenomenon has been confirmed experimentally in other studies (Muñoz et al., 

2014, Bouvet et al., 2016).  

We only observe modest improvements, a roughly 10% increase in the PAs 

of growth traits when accounting for both additive and dominance effects 

compare to estimate additive effects only (Figure 3 of paper II). These results 

contrast with the large non-additive variance components we estimate for the 

same data. The reason for this seemingly contradictory result is likely due to the 

large standard errors observed f0r the dominance effects that cause a high level 

of confounding with additive effects and thus reduce the power of predicting 

genetic values (Vitezica et al., 2013). Such confounding effects possibly arise 

due to an imbalance of the number of individuals per family (range between 1-

11). Simulation results suggest that including non-additive effects should 

improve prediction ability in situations when the population size is large and 

families are equally represented (Denis and Bouvet, 2012). Moreover, our 

results clearly show that PAs can be substantially improved by using SNP-based 

models compared to pedigree-based ones, no matter which genetic effects that 

are involved in controlling the traits of interest. An important reason for this is 

that the genomic relationship matrix provides a marked advantage for capturing 

both the Mendelian segregation within full-sib families and the cryptic genetic 

links through unknown common ancestors, which are not available from 

pedigree data even in situations where this information is completely correct. 

This feature has been highlighted in previous genomic selection studies in forest 

trees (Bouvet et al., 2016, El-Dien et al., 2016). 

GWAS account for additive and over-dominance effects 

We use both ULMM (single-trait GWAS model) and MTMM (multi-trait GWAS 

model) to identify SNPs associated with growth traits. Our results demonstrate 

that ULMM works well for traits controlled by relatively few QTLs and with high 

heritabilities. In a natural P.tremula population, we identify around 1,000 SNPs, 

located within a 700kbp region, that are strongly associated with timing of bud 

set (Figure 2 of paper IV). However, for traits controlled by multiple QTLs 

and/or with low heritabilities, MTMM do increase the power to identify 

associated loci, which are not identified using the ULMM approach. Nine 

associated SNPs are identified from the MTMM analyses when accounting for 

additive genetic effects whereas only two of them were identified using ULMM 

for growth traits (Figure 3 of paper III). The strength of MTMM is that it can 

simultaneously account for dependencies between traits, providing a natural 

and appropriate correction for multiple testing while maximizing the power for 

detecting markers associated with growth-related traits (Korte et al., 2012). 

Another benefit of MTMM is that the method provides greater statistical power 

and thus higher probability to identify additional SNPs associated with a trait of 
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interest. These additional loci help to explain a greater proportion of genetic 

variation in traits, providing one possible solution to the “missing heritability” 

problem (reviewed in (Manolio et al., 2009)).  

Since we observe significant dominance effects for the growth traits in 

Paper II, it is not surprising that we are able to identify several SNPs associated 

to growth traits with over-dominant effects, using either the ULMM or MTMM 

methods (Table 2 and Table 3 of paper III). We detect 17 significant SNPs using 

MTMM, and 13 unique SNPs with ULMM among the four traits. Remarkably, 

only six common SNPs are identified by both models (Figure 4 of paper III). 

Our approach quantify the contribution of over-dominance inheritance to 

“missing heritability” in a Eucalyptus hybrid breeding population. We show that 

up to 55% of the genome-based heritability can be explained by associated SNPs 

that are identified from over-dominance models, a much greater proportion 

than the SNP-based heritability results from additive models (Table S3 of paper 

III). Moreover, we observe that the additive and over-dominance effects are not 

completely independent as four out of nine associated SNPs identified from 

additive effects model that are also identified in the over-dominance model.  

After annotation of associated SNP, we find that roughly one third of the 

significant SNPs are located within or close (less than 5kb away from gene) to 

candidate genes. These genes can be separated into two groups with one group 

containing genes whose functions are related to plant growth and development 

and the other group encompassed genes related to response to abiotic and biotic 

stress (Table 4 of paper III). It is not surprising that stress response genes are 

identified in our analyses of growth traits as the plantation area for this study is 

subject to a dry season from July to August, closely followed by a wet season 

from August to October that often leads to damage and diseases. More details 

regarding the functions of the genes associated with growth traits can be found 

in paper III.  
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Conclusions and perspectives 

In this thesis, I have explored GS (paper I & II) and GWAS (paper III & IV) 

methods for dissecting quantitative traits in forest trees. I have successfully 

implemented genomic prediction models by accounting for several important 

factors (paper I). Based on a selection of optimal factors, I have used genomic 

prediction models to estimate additive and non-additive genetic effects of 

growth and wood traits. I have evaluated genetic parameters and the prediction 

accuracy for these models to improve selection of elite parents or clones (paper 

II). I have also addressed the advantage of genome-based analysis for correcting 

pedigree information errors and, more importantly, for capturing both the 

Mendelian segregation within full-sib families and the cryptic genetic links 

through unknown common ancestors. 

Growth and phenology related traits can be analyzed using either single-

trait or multi-trait GWAS and I have used these methods to dissect the genetic 

architectures of these traits. I found that single-trait GWAS performs well for 

high heritability traits in natural populations with weak population structure 

(paper IV). However, for growth-related traits with lower heritabilities, I found 

that multi-traits GWAS are more powerful than single-trait analysis as it 

identified more associated SNPs. Moreover, novel associated SNPs were 

identified when also considering over-dominance effects in the GWAS analyses. 

These findings together provide strong support for the view that heterosis is 

important in hybrid Eucalyptus. Furthermore, the annotation of functional 

candidate genes in proximity to the significant markers showed that they are 

related to plant growth and response to abiotic and biotic stress (paper III). 

The knowledge generated through this thesis supports the application of GS 

and GWAS to forest tree breeding to accelerate breeding cycles and to allow an 

earlier selection of elite clones. Figure 3 illustrates a timeline comparison of 

genome-assisted breeding and conventional phenotypic selection as a recurrent 

selection strategy in Eucalyptus. With genome-assisted breeding, selection 

candidates are genotyped and GEBV/GEGV are estimated for all target traits, 

e.g. growth, form, wood properties, disease resistance etc. Afterwards, the top 

ranked seedlings, based on GEBVs, are immediately taken through to flower 

induction treatment for mating to create the improved population of next 

generation (blue and green boxes). Top ranked seedlings for GEGV are cloned 

directly and test sequentially tested in the field, with first stage of small scale 

and subsequent stage of large scale. At the end of cycle, the elite operational 

clones are selected for new plantation (orange boxes). Finally, a random subset 

of candidates is selected and planted in a field trial to provide additional 

phenotypic data, which together with the already collected genotypic 
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information is used to update the GS models as well as to identify novel 

potential associated SNPs. Under such design, a cycle of recurrent selection 

going from an original population to an improved population should only take 

five years, and within nine years, elite operational clones are developed. 

Comparing to conventional phenotypic breeding, a recurrent selection cycle 

takes 8 and 14 years, respectively for breeding and deployment purposes. 

Assuming with the same speeds and designs described above, a genome-assisted 

breeding strategy will achieve the 4th generation breeding population at the 

same time as the phenotypic breeding based strategy still is performing field 

tests of the 2nd generation, after 15 years breeding and selection.  

 

Figure 3. Comparison of the timelines between genome-assisted breeding and phenotypic selection 

as a recurrent selection strategy in Eucalyptus. (modified from Grattapaglia (2017)) 
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In spite of the large progress of NGS technologies and the corresponding 

statistical methods achieved during the past few decades, there is still a long 

way to go before we reach a thorough understanding of the functional features 

of tree genomes. The development and application of different omics 

approaches is continuously adding layers of information to plant genomes. 

Combining all such layers of genomic information in conjunction with advanced 

phenotyping technologies, I hope that GWAS will help to disentangle the 

functional aspects behind complex traits, and that genomic selection will assist 

breeders to efficiently deliver valuable varieties to the world in the near future.  
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