
ABSTRACT 

SHALIZI, MOHAMMAD NASIR. Genetic Parameter Estimates and Prediction of Genetic Merit 

in Clonal Populations of Pinus taeda L. using Expected and Realized Genomic Relationships. 

(Under the direction of Dr. Fikret Isik). 

 

Quantitative genetics play a key role in the success of loblolly pine (Pinus taeda L.) tree 

improvement. Breeding and selection decisions are based on the outcome of genetic analyses of 

phenotype and more recently with DNA marker data. In this dissertation, we present statistical 

modelling of phenotype and DNA marker data to estimate genetic parameters and predict genetic 

merit of loblolly pine clonal varieties for growth, stem quality, and disease traits.  

First, various variance-covariance structures were used to estimate genetic parameters and 

GxE interaction in a large multi-environment clonal population. Models with factor analytic 

additive genetic structures and spatially correlated residuals or polynomial fixed row and column 

effects efficiently captured heterogeneity in the data. The clone mean heritability estimate for stem 

volume was 0.41 for the simple compound symmetry additive genetic structure. The estimates 

were higher for more complex models, ranging from 0.56 to 0.61. Non-additive genetic variance 

for stem volume was a fraction of the additive genetic variance, suggesting that the trait is mainly 

controlled by large number of genes each with small effect. The results suggested that for forest 

trees genetic field tests with large number of genetic entries, breeders should consider incomplete 

row-column designs to model microsite heterogeneity in two directions.  

Second, the correspondence between breeding values of 65 loblolly pine genotypes from 

clonal genetic tests and half-sib seedling progeny tests was studied. Additive genetic variance 

estimates from clonal tests were larger compared with the estimates from the half-sib progeny 

tests, regardless of the covariance structure used in the statistical models. Based on the independent 

analysis, the correlation between the breeding values of the same genotypes from two propagule 



types was moderate (0.59) for tree height and stem volume. The combined analysis resulted in a 

strong genetic correlation (>0.93) between the breeding values of two propagule types. Herein 

large discrepancy is mainly the outcome of different data analytical approaches. Conclusively, 

selecting genotypes for deployment based on clonal testing may not be optimal, but forest tree 

breeders can use the results from clonal tests to make some informed decisions.  

Third, loblolly pine clonal varieties from five full-sib families were used to evaluate 

genomic selection for fusiform rust disease (caused by the fungus Cronartium quercuum f. sp. 

fusiforme) and stem forking defects. Ridge regression, Bayes B and Cπ models were implemented 

to study marker-trait associations and estimate predictive ability of SNP markers for selection. 

Three SNP loci had large effects on fusiform rust incidence, explaining 54% of variation in the 

trait. Cross-validation scenarios using a random set of 80% of the varieties for model building and 

20% for validation had high (0.71- 0.76) prediction accuracies for both traits, while within-family 

and single family cross-validation scenarios produced low or weak prediction accuracies. When a 

family was split into training and validation set, the prediction accuracies were moderate to high 

(0.32 to 0.62) showing the importance of genetic connectedness. Genomic selection for fusiform 

rust disease incidence could be effective in loblolly pine breeding.  

In the last chapter, genomic selection was investigated in a large loblolly pine clonal 

population using high density SNP markers. GBLUP, ridge regression, and Bayesian models were 

used to predict genomic estimated breeding values of clonal varieties within the same population 

or across test sites. Random sampling of individuals across population and within-families showed 

higher prediction accuracies compared with random sampling of families for model training and 

validation. The predictive ability of markers was moderate to high when data from tested varieties 

in seven sites were used to predict the same varieties a new environment. The predictive ability 



reduced when untested varieties were predicted across multiple environments. Genetic gain is 

expected to double with the application of genomic selection in loblolly pine breeding.    
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Chapter 1: From Traditional BLUP to Genomic Prediction in Tree 

Breeding 

 
In forest tree breeding, superior individuals are selected based on genetic analyses of 

progeny data tested across multiple environments. Usually, thousands of trees from full-sib and 

half-sib families are planted in experimental trials. That is important for the identification of best 

individuals and evaluation of variety stability within and across environments by assessing 

genotype-by-environment interactions (Eriksson et al. 2006). 

Quantitative genetics plays a vital role in the genetic analysis of progeny test data. Usually, 

such data are unbalanced and noisy (Ogut et al. 2014). As a result, complicated statistical modeling 

is required to accurately partition phenotypic variance into genetic and non-genetic effects. 

Depending on the mating design, the genetic variance can be further partitioned into additive and 

non-additive genetic (dominance and epistasis) effects. Non-genetic effects include experimental 

design factors such as replication, block, row, column, and residual variance. 

Linear mixed models are commonly used in genetic analysis of progeny test data. The 

general form of linear mixed model can be written as follows:  

𝑦 = 𝐗𝛽 + 𝐙𝑢 + 𝑒    Eq. 1.1 

where 𝑦 is the vector of observations, 𝛽 is the vector of fixed effects, 𝐗 is the incidence matrix 

associated with fixed effects, 𝑢 is the vector of random effects, 𝐙 is the incidence matrix associated 

with random effects, and 𝑒 is the vector of random errors. The expectations of 𝑦, 𝑢, and 𝑒 are 

𝑦~N(𝐗𝛽, 𝐕), 𝐮~N(0, 𝐆), and 𝑒~N(0, 𝐑), respectively. The joint distribution of the random effects 

and is assumed to follow a multivariate normal distribution: 

[
𝑢
𝑒
]~𝑁 ([

0
0
] , [

𝑮 0
0 𝑹

])   Eq. 1.2 
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where 𝐆 and 𝐑 are variance-covariance matrices for 𝑢 and 𝑒, respectively and are assumed 

independent. The variance of response variable 𝑦 is described as: 

𝐕(𝑦) = 𝐙𝐆𝐙′ + 𝐑     Eq. 1.3 

Henderson (1973) derived mixed model equations to calculate best linear unbiased 

estimates (BLUE) for the fixed effects and best linear unbiased predictions (BLUP) for the random 

effects. 

[𝐗
′𝐑−𝟏𝐗 𝐗′𝐑−𝟏𝐙

𝐙′𝐑−𝟏𝐗 𝐙′𝐑−𝟏𝐙 + 𝐆−𝟏] [𝛽̂
𝑢̂
] =  [

𝐗′𝐑−𝟏y

𝐙′𝐑−𝟏y
]                                                                 Eq. 1.4 

In the model, 𝐆 and 𝐑 are flexible and can be relaxed with complex variance-covariance 

structures (Gilmour et al. 2015). The simplest form of 𝐆 and 𝐑 is the identity structure (𝐆 = 𝐈σ𝑢
2  

and 𝐑 = 𝐈σ𝑒
2). The 𝐆 can be modeled with complex covariance structures such as diagonal, 

compound symmetry, heterogeneous, unstructured, factor analytic, and autoregressive. The 𝐑 can 

be modeled with structures such as block diagonal and autoregressive correlated residuals. 

Residual Maximum Likelihood (REML) is an efficient method used for the estimation of variance 

components in linear mixed models (Patterson and Thompson 1971).  

In forest tree breeding, linear mixed models are used to estimate variance components, 

BLUEs and BLUPs for general combining ability (GCA) and specific combining ability (SCA) 

models (Isik et al. 2017). GCA is the deviation of the average value of an individual’s progeny 

from the population mean (Falconer and Mackay 1996). SCA is the average performance of 

progeny of a cross that is below or above the expected performance of the cross based on the two 

parents’ average general combining ability (Falconer and Mackay 1996). The animal model, also 

known as ABLUP, is another form of linear mixed models commonly used in genetic data analysis. 

In the animal model, a numerator relationship matrix calculated from pedigree is incorporated with 

the additive genetic effects (Henderson 1976; Mrode 2014). This model provides BLUPs for all 
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phenotyped and non-phenotyped individuals (grandparents, parents, and progeny) in the pedigree. 

The BLUPs from these models are used to calculate breeding and genetic values for individuals. 

In the past two decades, DNA markers have been used to estimate genetic variance and 

predict breeding values. The availability of large number of single nucleotide polymorphism (SNP) 

markers introduced whole-genome regression models in the world of breeding (Meuwissen et al. 

2001). The method utilizes thousands of markers simultaneously to explain the genetic variance, 

estimate marker effects, and predict genomic estimated breeding values (Meuwissen et al. 2001). 

Different statistical methods such as genomic-BLUP, ridge regression BLUP, and Bayesian 

models have been developed for whole-genome regression analysis (Gianola et al. 2009; Habier 

et al. 2011; Meuwissen et al. 2001). 

Genomic selection (GS) is a commonly used term for whole-genome regression. Genomic 

selection has been changing the dynamics of breeding in plants and animals species. A significant 

difference between ABLUP and genomic selection is that the latter can predict breeding values of 

non-phenotyped individuals using marker data (Zapata-Valenzuela et al. 2013). In contrast, 

ABLUP is only limited to predict mid-parent values for non-phenotyped individuals.  

Genomic selection has considerable implications in forest tree breeding. Currently, a 

breeding cycle takes 10 to 20 years in conifer tree species (Isik 2014). GS is expected to reduce 

the length of the breeding cycle in half (Resende et al. 2012). A significant portion of the breeding 

cycle is spent in progeny testing, which at least takes about four years in loblolly pine. Progeny 

testing is also expensive because thousands of varieties are tested across multiple environments. 

With genomic selection, progeny testing can be skipped or reduced in tree breeding programs. As 

a result, GS will not only accelerate breeding but also increase genetic gain per unit time.  
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In this dissertation, we used quantitative genetic techniques to dissect the genetics of stem 

volume, height, stem straightness, forking defects, and fusiform rust disease incidence in loblolly 

pine (Pinus taeda L.) clonal populations. We implemented both ABLUP and whole-genome 

regression models to perform genetic analyses for the traits. The studies aimed to estimate genetic 

parameters and evaluate genotype-by-environment interactions in chapter two. Chapter three's 

goal was to assess the correspondence between the breeding values of half-sib and cloned progeny 

of the same individuals. The objectives of chapter four were to estimate marker-trait associations 

and evaluate within-family genomic selection. Chapter five presents the predictive ability of 

markers for clonal varieties using cross-validation scenarios. Details for each of the objectives are 

provided in the following chapters of this dissertation.  
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Chapter 2: Genetic Parameter Estimates and GxE Interaction in a 

Large Cloned Population of Pinus taeda L. 

Mohammad Nasir Shalizi and Fikret Isik 

(Tree Genetics and Genomes; doi: 10.1007/s11295-019-1352-7) 

 

2.1 Abstract 

Cloned progeny tests in forest tree breeding provide the ability to assess the same genotypes across 

multiple environments and partition observed phenotypic variance into additive and non-additive 

genetic effects. In this study, 2362 clones from 51 crosses of loblolly pine (Pinus taeda L.) were 

tested across eight locations in the Southern US. Alpha cyclic incomplete row-column design was 

used to accommodate a large number of clones in a replication. Tree stem volume (cubic 

decimeter) was assessed at age six using various variance-covariance structures of mixed models. 

Models with factor analytic additive genetic structures and spatially correlated residuals or 

polynomial fixed row and column effects efficiently captured heterogeneity in the data. The 

narrow-sense clone mean heritability estimate for stem volume was 0.41 for the simple compound 

symmetry additive genetic structure. The estimates were higher for more complex models, ranging 

from 0.56 to 0.61. Non-additive genetic variance for stem volume was about a fraction of the 

additive genetic variance, suggesting that the trait is mainly controlled by large number of genes 

each with small effect. The results suggested that for forest trees genetic field tests with large 

number of genetic entries, breeders should consider incomplete row-column designs to model 

microsite heterogeneity in two directions. These designs allow spatial modeling using row and 

column information, which can efficiently account for heterogeneity in the environment, resulting 

in higher heritability estimates and more reliable ranking of varieties for selection.   
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2.2 Introduction 

Advances in rooted cutting techniques and tissue culture have facilitated clonal progeny testing in 

forest trees in recent decades (Weng et al. 2010). Clonal progeny testing involves the planting of 

copies (ramets) of the same individual in multiple environments. A clonal testing strategy not only 

provides estimates of additive genetic variance, but also non-additive genetic effects (dominance 

and epistasis genetic variance) and broad-sense heritability (Foster and Shaw 1988; Frampton Jr 

and Foster 1993; Isik et al. 2003). Furthermore, clonal progeny testing is considered more efficient 

than seedling progeny testing in estimating non-additive effects and genotype-by-environment 

(GxE) interactions (Carson 1986; Eriksson et al. 2006; Farjat 2015; Libby and Rauter 1984). This 

can improve the accuracy of breeding values or genetic values prediction, which may result in 

greater genetic gains (Burdon and Shelbourne 1974; Isik et al. 2005). Selection efficiency is 

enhanced due to better control of environmental variation (Isik et al. 2003) and better modeling of 

GxE interaction (Carson, 1986; Libby and Rauter, 1984). Selection efficiency could be affected 

by “C” and “c” effects (Burdon and Shelbourne 1974); however, it may not be an issue after age 

four (McRae et al. 1993).  

GxE interaction is an important aspect of progeny testing in forest trees (Eriksson et al. 

2006). In clonal progeny tests, it is possible to replicate genotypes across multiple environments 

(spatial or temporal). The aim of multi-environmental trials (MET) analysis is not only to estimate 

genetic parameters and breeding values but also to assess the magnitude of GxE interaction and 

performance of genotypes across multiple environments. With GxE modeling, specific genotypes 

can be selected for deployment on specific environments, or a set of broadly adapted genotypes 

can be selected for deployment across many environments (Li et al. 2017).  
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MET data analysis can be challenging due to heterogeneity in data across many number of 

trials. The heterogeneity could be due to differences in scale of the response variable caused by 

age differences between trials or site quality among trials. In order to overcome challenges in MET 

data analysis, several methods have been reported. Patterson (1978) proposed a two-stage and one-

stage analysis of MET data. In the two-stage approach, genotype means and statistical weights 

(measure of uncertainty) are first estimated from individual trial analysis, and then all predictions 

are combined and analyzed in one weighted linear mixed model (Isik et al. 2017; Smith et al. 

2015). In one-stage analysis, all the data are analyzed simultaneously using various variance 

structures to account for heterogeneity (Isik et al. 2017).  

One of the benefits of cloned genetic tests is partitioning the observed variation into 

components explained by additive and non-additive genetic effects. The random component of 

linear mixed models for cloned progeny test data can be extended into genetic and non-genetic 

parts, where the genetic effects part can be further partitioned into additive and residual genetic 

effects, as described by Cullis et al. (2014). Random additive genetic effects may represent the 

breeding values of individual offspring or of clonally replicated lines. The additive genetic 

covariance among individuals can be modeled with the numerator relationship matrix derived from 

the pedigree, or from the realized relationship matrix derived from DNA markers (VanRaden 

2008). The residual genetic effects reflects the non-additive (dominance and epistasis) genetic 

component. The variance associated with residual genetic effects in clonal trials can be captured 

by fitting the identity matrix associated with copies of the genotypes (Cullis et al. 2014).   

The number of parameters to be estimated from MET analysis increases quadratically when 

GxE is modeled using unstructured (US) covariance structure, since genetic variance is estimated 

for each site, and a unique correlation is estimated for each pair of sites (Isik et al. 2017). Such 
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models often do not converge to a maximum likelihood estimate because of the large number of 

parameters estimated from the data (Isik et al. 2017; Smith et al. 2015). Factor analytic (FA) 

models can be an efficient tool in overcoming model convergence problems in MET analysis 

(Smith et al. 2001). These models are parsimonious mainly due to a fewer number of parameters 

(Cullis et al. 2010; Smith et al. 2015). The number of parameters (#p) in FA of order k is given by 

#𝑝 = 𝑠𝑘 + 𝑠 − 𝑘(𝑘 − 1)/2, where s is the number of test sites and k is the number of factors, 

which is considerably smaller than the number of parameters #𝑝 = 𝑠(𝑠 + 1)/2 estimated from US 

covariance formulation.  

When the number of sites is small, e.g., less than 10, the superiority of FA models may not 

be obvious. Gezan et al. (2017) reported that US structure was superior than FA structure for six 

environments of loblolly pine. Isik et al. (2017) and Gezan et al. (2017) recommended one-stage 

analysis with US or FA structure if MET data is not large (i.e., less than 10 trials), and a two-stage 

analysis with FA structure when the number of test sites is large and the data are highly unbalanced. 

Usually, FA models are fitted with higher order of k factors. In several recent publications on the 

subject, FA of higher order of k (> 1) factors gave better results than simpler models due to 

explaining greater genetic variance (Chen et al. 2017; Cullis et al. 2014; Smith et al. 2015).  

Using rotated site loadings and genotypic scores, a principle component representation can 

be used to present GxE (Cullis et al. 2014; Hardner et al. 2010; Ogut et al. 2014). The principle 

component indicates that the first factor accounts for highest GxE correlation followed by factor 

2, 3, and so on (Smith et al. 2001). Genotypes that have a score close to zero are considered stable 

across multiple environments. Biplots can be used to display GxE scores on a circular plot; 

however, with many genotypes, biplots can be difficult to interpret (Cullis et al. 2010; Gezan et al. 

2017). Environment-scaled uniplots can be more informative than biplots. In this plot, only site 
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loadings on correlation scale are plotted as vectors and genotypic scores are not displayed. The 

cosine of the angle between two vectors is the genetic correlation resulting from environmental 

factors (Cullis et al. 2010).  

In this study, a large number of clones (2362) derived from 51 loblolly pine (Pinus taeda 

L.) full-sib families were used to decompose observed variance into environmental and genetic 

effects. An alpha cyclic incomplete row-column design was implemented to account for large 

number of genetic entries (John and Williams 1995; Williams et al. 2006). Implementation of these 

computer-generated designs is relatively new in forest tree progeny tests. The design accounts for 

the environmental gradients at a site in two directions (rows and columns) to better control the 

environmental noise while maximizing concurrence of genotypes in the same experimental units 

(Williams et al. 2006). During data analysis, this design allows for fitting polynomial effects of 

blocking units, which may better capture environmental gradients that do not coincide with the 

linear orientation of rows and columns. This might be an efficient way to improve the models 

without applying spatial residual variance structures, which are computationally demanding for 

one-stage MET data analysis.  

The objectives of this study were (1) to partition the observed phenotypic variance for stem 

volume into causal components (additive, non-additive and environmental), (2) calculate linear 

combinations of variance components, such as clone-mean narrow-sense heritability and broad-

sense heritability, and (3) assess GxE interactions using different additive genetic variance 

structures.  
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2.3 Materials and methods  

2.3.1 Genetic material  

The Atlantic Coastal Elite (ACE) population was established by intercrossing 24 elite parents of 

loblolly pine (Pinus taeda L.) in the early 2000s to provide short-term genetic gain for the members 

of the North Carolina State University Cooperative Tree Improvement Program. Three 

disconnected eight-parent diallel mating design were used to produce 76 crosses. Parent trees were 

mostly genetically independent. About 120 seedlings from each of 76 crosses were challenged 

with fusiform rust (Cronartium quercuum f. sp. fusiforme) bulked inocula at the USDA Forest 

Service Resistance Screening Center in Asheville, NC in 2007. At six-month post inoculation, 25 

susceptible crosses were culled. For the remaining 51 crosses, about 46 seedling progeny per cross 

without rust galls were cloned via rooted cutting techniques. A total of 2362 cloned progeny were 

used for the experiment. 

2.3.2 Experimental design and data collection  

The field experimental design was a modified version of an incomplete block designs, known as 

the alpha cyclic incomplete row-column design (Williams et al. 2006). Field tests were established 

at eight sites, each test site comprising a single replication. Each clone had one copy (ramet) per 

replication, assigned to a row-column position to optimize concurrence of pairs of clones in the 

experimental units. We had limited number of ramets (eight) per clone. Putting multiple ramets of 

a clone in a replication would have increased the rep size further, which would have increased 

noise in the experimental unit. Also, the members establishing the tests did not have larger uniform 

tracks to put multiple reps per location. In addition, seedlings from seven open-pollinated families 

were used as checklots and assigned to rows and columns in each replication. The location of test 

sites in the southern US is presented in Figure 2.1. Details of test sites are given in Table 2.1. 
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Tree height (m), diameter at breast height (DBH, cm), stem straightness, the incidence of 

fusiform rust disease, stem forking, and the presence of ramicorns were assessed at age five or six 

in 2016. A ramicorn is a branch of substantially bigger diameter and substantially steeper than the 

branches around it. In total, approximately 14170 trees were measured. Using height and DBH, 

stem volume (cubic decimeter) was calculated using total stem volume equations (Sherrill et al. 

2011). In this study, we analyzed stem volume of trees as the response variable, because stem 

volume is considered the most important trait in loblolly pine tree breeding. The data from 

checklots were not included in the analysis.  

2.3.3 Statistical analysis   

2.3.3.1 Statistical models  

We observed large differences between environments (sites) for volume growth (Figure 2.2). In 

order to have model stability, age six volume data were standardized as 𝑥𝑠 = (𝑥𝑖 − 𝜇̂)/𝜎̂, where 

𝑥𝑠 is the standardized value, 𝑥𝑖 is the observed value of the trait, 𝜇̂ is the sample mean, and 𝜎̂ is 

the standard deviation of the sample at each site.  

Eight different individual tree models were used to partition the observed phenotypic 

variance into genetic (G) and environmental components. The genetic component was separated 

into additive (Ga) and non-additive (Gna) genetic effects. In all models, numerator relationship 

matrix A was used with the Ga structure to account for additive genetic relationships between 

individuals. The statistical model was  

𝑦𝑖𝑗𝑘𝑙𝑚 =  𝜇 + 𝐸𝑖 + 𝐸𝐶𝑖𝑗 + 𝑄𝑟 + 𝐸(𝑅𝑜𝑤)𝑖𝑘 + 𝐸(𝐶𝑜𝑙)𝑖𝑙 + 𝑒𝑖𝑗𝑘𝑙𝑚   Eq. 2.1 

where 𝑦𝑖𝑗𝑘𝑙𝑚 is the 𝑚𝑡ℎ observation in 𝑙𝑡ℎ column, 𝑘𝑡ℎ row, 𝑗𝑡ℎ clone at 𝑖𝑡ℎ site; 𝜇 is the overall 

mean; 𝐸𝑖 is the fixed effect of environment (site; i = 1, 2,…,8); 𝐸𝐶𝑖𝑗 is random compound term of 

additive and environment effects with expectations 𝐸𝐶𝑖𝑗~ NID (0, 𝐆𝑎 ⊗ 𝐀); 𝑄𝑟 is random residual 
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genetic effects (non-additive) with expectations 𝑄𝑟~NID(0, 𝐆𝑛𝑎); 𝐸(𝑅𝑜𝑤)𝑖𝑘 is random nested 

row effect within environment with expectations 𝐸(𝑅𝑜𝑤)𝑖𝑘~NID(0, 𝐑𝐨𝐰); 𝐸(𝐶𝑜𝑙)𝑖𝑙 is random 

nested column effect with expectations 𝐸(𝐶𝑜𝑙)𝑖𝑙~NID(0, 𝐂𝐨𝐥) and 𝑒𝑖𝑗𝑘𝑙𝑚 is random error term 

with expectations 𝑒~NID(0, 𝐑). The assumptions for Ga, R, Row, and Col were relaxed using 

different variance-covariance structures described below. The models were fitted in ASReml 4.0 

statistical software which estimates the parameters using Restricted Maximum Likelihood 

(REML) approach (Gilmour et al. 2015). ASReml codes for all models are provided in the 

Appendix C (Codes C1).   

2.3.3.2 Variance-covariance structures fit  

A summary of the models is given in Table 2.2. For all models the random error variance structure 

was block diagonal (BD) for sites with independent units at each site 𝐑 = ⊕𝑖=1
S 𝜎𝑖

2𝐈n𝑖
, where 𝐈n𝑖

 

is the identity matrix. For models 7 and 8, a spatial autoregressive order one (AR1) residual 

structure was fit at one site and independent units in the rest of the sites (BD†). We did not use AR 

structure for other sites primarily due to lack of correlation in row and column directions. For the 

site with spatial residual structure the covariance matrix had the form 𝜎𝑒
2𝚺𝜌𝑟 ⊗  𝚺𝜌𝑐 + 𝐈𝜎2, where 

𝜎𝑒
2 and 𝚺 are the spatially dependent variance and correlation matrix, 𝜌 denotes the auto 

correlations for row and column effects, 𝜎2 is the independent error variance and 𝐈 is the identity 

matrix.  

Random block diagonal row and column variance-covariance structure was fitted for 

models 1 to 5 and 7. The matrix form of block diagonal row and column variance-covariance 

structures is 𝐑𝐨𝐰 = ⊕𝑖=1
S 𝜎𝑖

2𝐈n𝑖
 and 𝐂𝐨𝐥 = ⊕𝑖=1

S 𝜎𝑖
2𝐈n𝑖

. Orthogonal 4th order polynomial trends 

(Poly) were used for row and column effects to account for micro-site heterogeneity at each site 

in models 6 and 8. They were fitted as fixed effects to model spatial trends using row and column 
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information from the experimental design. Polynomial row and column effects were not fitted in 

the rest of the models. 

Complex variance structures were not significant for the non-additive genetic effect. We 

fitted identity variance-covariance structure (𝐈𝜎𝑄𝑟

2 ) to non-additive genetic effects. For the additive 

Ga side of the matrix, the clone effect was nested within site (𝐸𝐶𝑖𝑗). This term allows relaxing 

regular mixed model assumptions, such as heterogeneous additive genetic effects for sites. We 

fitted four different covariance structures to additive genetic effects Ga. These structures were 

compound symmetry (CORUV), heterogeneous variances/uniform correlation (CORUH), 

unstructured (US), and extended factor analytic (XFA) structure with k = 2 factors (XFA1 and 

XFA2).  

Compound symmetry (CORUV) was the simplest genetic covariance structure fitted to 

estimate variance components and model GxE interaction. This structure estimates two 

parameters, one common additive genetic correlation between pairs of sites and a uniform variance 

across sites. Compound symmetry is modeled as 𝐮 =  𝐙𝑎𝐮𝑎 + 𝐮𝑎𝑒 where 𝐙𝑎 is the incidence 

matrix associated with additive genetic effects, 𝐮𝑎 is 𝑚 × 1 vector of genotypes main effects with 

the variance matrix 𝜎𝑎
2𝐈𝑚, and 𝐮𝑎𝑒 is 𝑚𝑡 × 1 vector of GxE interaction effects with the variance 

matrix σ𝑎𝑒
2 𝐈𝑚𝑡 (Smith et al. 2001; 2015). The matrix form of compound symmetry is 𝐆𝑎 = 𝜎𝑎

2𝐉𝑠 +

𝜎𝑎𝑒
2 𝐈𝑠 where 𝜎𝑎

2 is the additive genetic variance, 𝜎𝑎𝑒
2  is the GxE variance, 𝐈𝑠 is the s-dimensional 

identity matrix, and 𝐉𝑠 is a matrix of order 𝑠 𝑥𝑠  in which all elements are unity. 

The other structure used to fit Ga was heterogeneous (CORUH). This structure estimated 

nine parameters, one common additive genetic correlation between pairs of sites and a separate 

variance for each site. The matrix formulation of this structure is 𝚺 ⊗ 𝐀, where 𝚺 is the variance-

covariance matrix with additive genetic variance for each site in the diagonal and a common 
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covariance off-diagonal. The unstructured variance-covariance structure was used to allow 

separate additive genetic variance and pairwise covariances for the sites. The matrix form of 

unstructured structure is 𝚺(𝜎𝑖𝑗); 1 ≤ 𝑖, 𝑗 ≤ s where diagonal elements in 𝚺 are sites additive 

genetic variances and off-diagonal elements are pairwise genetic covariances.   

Multiplicative factor analytic structure was also fit to additive genetic effects Ga. Factor 

analytic models regress genotype and GxE effects on some unidentified environmental factors 

(Crossa et al. 2006). The general form of genotypic effect in factor analytic models (FAk) can be 

written as 

𝑢𝑖𝑗 = 𝜆1𝑖𝑓1𝑗 + 𝜆2𝑖𝑓2𝑗 + ⋯+ 𝜆𝑘𝑖𝑓𝑘𝑗 + 𝛿𝑖𝑗    Eq. 2.2 

where, 𝜆𝑟𝑖 is the loading for 𝑖𝑡ℎ site and rth factor, 𝑓𝑟𝑗 is the genetic value of the rth factor for 𝑗𝑡ℎ 

clone, and 𝛿 is the lack of fit of the regression (Smith et al. 2001). Additive genetic effects of 𝑚 

genotypes in 𝑠 environment is defined as 𝐮 = (𝚲 ⊗ 𝐈𝑚)𝒇 + 𝛅, where 𝚲 is the 𝑠 𝑥 𝑘 (s = site and 

k = number of factors) matrix of loadings, 𝐈𝑚 is the 𝑚 𝑥 𝑚 matrix of genotypes, 𝒇 is the 𝑚𝑘 𝑥 1 

vector of genotypic scores, and 𝛅 is the 𝑚𝑠 𝑥 1 vector of residual genetic effects. In the above 

model, vector of genotypic scores is var(𝒇) = 𝐀 ⊗ 𝐈𝑘 and the variance of residual genetic effects 

is var(𝛅) = 𝐀 ⊗ 𝛙, where 𝐈𝑘 is the 𝑘 𝑥 𝑘 identity matrix, 𝐀 is the numerator relationship matrix, 

and 𝛙 is the 𝑠 𝑥 𝑠 diagonal matrix of site specific genetic variances. 𝒇 and 𝛅 are assumed to be 

mutually and independently distributed as multivariate normal with mean zero. The general 

mathematical form of factor analytic covariance structure is Var(𝐮) = [𝚲𝚲T + 𝛙] ⊗ 𝐀. Matrix 

formulation of factor analytic variance-covariance structure with one factor is given below (Isik et 

al. 2017): 
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Var(𝐮) = 𝐆𝑎 = [𝚲𝚲T + 𝛙] ⊗ 𝐀 =

[
 
 
 
𝜆11

2 + 𝜓1 𝜆11𝜆12 … 𝜆11𝜆18

𝜆11𝜆12 𝜆12
2 + 𝜓2 … ⋮

⋮ … ⋱ …
𝜆11𝜆18 … … 𝜆18

2 + 𝜓8]
 
 
 
⊗ 𝐀   Eq. 2.3 

where 𝜆11
2  is the amount of variance explained by site loading of factor 1 at site 1 and 𝜓 is the site 

specific variance and off-diagonals are correlations. The percent variance explained by k factors 

at each site (𝑣𝑎𝑖
) and across sites (𝑣̅𝑎) was calculated using the equations given by Smith et al. 

(2015).  

𝑣𝑎𝑖
= 100

∑ 𝜆𝑟𝑖
2𝑘

𝑟=1

∑ 𝜆𝑟𝑖
2𝑘

𝑟=1 +𝜓𝑖
2    Eq. 2.4 

𝑣̅𝑎 = 100
𝑡𝑟𝑎𝑐𝑒(𝛬𝛬𝑇)

𝑡𝑟𝑎𝑐𝑒(𝛬𝛬𝑇+𝝍)
   Eq. 2.5 

Models 1 to 5 and 7 had the same fixed effects whereas models 6 and 8 had additional fixed 

polynomial row and column effects. Fit statistics restricted Log Likelihood (LogL) and Akaike 

Information Criterion (AIC) are not appropriate to compare models with different fixed effects. 

All the models were compared using standard error of difference between predictions averaged 

across all possible comparisons (Isik et al. 2017).   

2.3.3.3 Heritability of clone means  

Clone-mean narrow-sense and broad-sense heritability were estimated for all models. The 

heritability calculation gets complicated for models with advanced genetic and residual structures 

because the amount of GxE needs to be accounted in the numerator and in the phenotypic variance 

calculation. We followed Isik et al. (2017) to estimate clone-mean narrow-sense (Eq. 2.6) and 

broad-sense (Eq. 2.7) heritability.  

ℎ𝑐̅
2 =

𝑟̅𝐴𝜎̅𝑎
2

𝜎̅𝑎
2

𝑠
 + 

(𝑠−1)𝜎𝑛𝑎
2

𝑠
+

(𝑠−1)𝑟̅𝐴𝜎̅𝑎
2

𝑠
 + 

1

𝑠2
∑

𝜎𝑒
2

𝑛ℎ

𝑠
𝑖=1

   Eq. 2.6 
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𝐻𝑐̅
2 =

𝑟̅𝐴𝜎̅𝑎
2 + 𝜎𝑛𝑎

2

𝜎̅𝑎
2

𝑠
 + 

(𝑠−1)𝜎𝑛𝑎
2

𝑠
+

(𝑠−1)𝑟̅𝐴𝜎̅𝑎
2

𝑠
 + 

1

𝑠2
∑

𝜎𝑒
2

𝑛ℎ

𝑠
𝑖=1

   Eq. 2.7 

where 𝑟̅𝐴 is the average additive genetic correlation between sites, 𝜎𝑎
2 is the average additive 

genetic variance explained by the clone effect, 𝜎𝑛𝑎
2  is the non-additive genetic variance, s is the 

number of sites (s = 8), 𝜎𝑒
2 is the residual variance, and 𝑛ℎ is the harmonic mean number of ramets 

per clone per site (𝑛ℎ = 0.71). For complex Ga structures, the average of additive genetic 

correlations and additive genetic variances was used. Standard error of heritabilities was estimated 

using delta method (Lynch and Walsh 1998).  

2.3.3.4 GxE interaction  

In order to get a better understanding of the patterns of GxE interaction in the dataset, the additive 

genetic correlation matrix obtained from the XFA2 model was first converted into a distance 

matrix. Then the values were clustered using dissimilarity agglomerative hierarchical clustering 

analysis with the implementation of complete method. The cluster analysis was performed using 

the hclust function to create the dendrogram in R statistical software (R Core Team 2014). A 

heatmap with a dendrogram was created using the heatmap.2 function of the gplots package in R. 

The heatmap and dendrogram cluster similar environments compared to less similar pairs. Jointly 

clustered environments indicate high genetic correlation.   

A principal component representation was used to depict GxE in the form of a biplot and 

a uniplot. The biplot was created using genotypic scores and site loadings using ggplot2 package 

in R (Wickham 2016). The uniplot was created using rotated and normalized site loadings, which 

is based on singular value decomposition described by Cullis et al. (2010). The rotation of principal 

components indicates that the first vector explains the maximum amount of covariance between 

sites; the second vector is orthogonal to the first and explains the second highest amount of 



 

 

 

19 

covariance and so on. The cosine of the angle between two vectors indicates additive genetic 

correlation between two pairs of environments. Latent regression plots using clone breeding values 

as the response variable and site loadings as the explanatory variable of the top four clones were 

created to show patterns of GxE described by Cullis et al. (2014).  

2.4 Results  

2.4.1 Model fitting  

Residuals were not correlated in the row and column direction at sites, except at site 1. These sites 

showed small row and column effects, indicating lack of trends in rows and columns directions 

within these sites. Site 1 had high correlated residuals (row = 0.93, col = 0.83) in row and column 

directions.   

Because of different fixed effects between models, average standard error of pairwise 

comparisons of predictions was used (SED), as suggested by Isik et al. (2017). This statistic 

improved with complex models. This was especially true for model 7 with spatial residual variance 

structure at site 1, followed by model 8 with fixed polynomial row and column effects plus AR 

residuals at site 1. For XFA2 models, the SED was 12.94 for block diagonal residual structure and 

decreased to 11.90 for with heterogeneous residual structure XFA2-BD† (Table 2.2).  

The percent additive genetic variance explained increased with higher order FAk genetic 

variance structures (Table 2.3). However, higher order FAk models were overfit as most of the 

variance components and additive genetic correlations between pairs of sites were fixed at the 

boundary. On average, the XFA2-Poly-BD model explained the highest percent (88%) of additive 

genetic variance. For this model, four out of the eight sites explained 100% of additive genetic 

variance.  
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XFA2-BD† and XFA2-Poly-BD† were the best models in each group of fixed effects. They 

both explained about 79.6% of additive genetic variance, had lower SEDs, and showed smaller fit 

statistics in their groups. XFA2-Poly-BD† had larger SED than the XFA2-BD† model, but it was 

more parsimonious than model 7 and took less time to converge. Detailed analyses for GxE were 

presented for the XFA2-BD† (model 7) model only because of its lowest SED.  

2.4.2 Genetic parameter estimates 

Genetic parameter estimates from all models for age six volume are presented in Table 2.4. The 

amount of additive and non-additive genetic variances explained varied among the models. 

Additive genetic variance was substantially higher (3 to 21 fold) than non-additive variance. 

Complex models explained a larger amount of additive genetic variance than the simple uniform 

correlation and additive genetic variance model (CORUV). The residual variance component went 

down considerably when correlated (autoregressive order one) residual structure was fit at site 1 

for models XFA2-BD† and XFA2-Poly-BD†.  

The narrow-sense heritability estimate for stem volume was lower for the simple CORUV 

model (0.41); however, they were substantially higher for more complex models with a range 0.56 

to 0.61 (Table 2.4). Models with greater additive and smaller non-additive genetic variance had 

higher clone mean heritability estimates. Broad-sense heritability estimates were higher than 

narrow-sense heritability estimates, ranging between 0.60 and 0.69. Since the phenotypic variance 

is the same for both narrow-sense and broad-sense heritability estimates the difference (higher 

broad-sense heritability) comes from non-additive genetic variance added to the numerator. All 

the estimates were associated with small standard errors.  
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2.4.3 GxE interaction  

The additive genetic correlation estimates between pairs of sites are a measure of GxE interaction. 

Models differed for the average additive genetic correlation, ranging from 0.67 for the CORUV-

BD† model to 0.83 for the XFA1-BD model (Table 2.4). The correlations in models with factor 

analytic Ga were clearly higher than models with uniform Ga correlation structures. However, the 

difference disappeared when the AR order one residual structure was used at one of the sites 

(models 7 and 8), suggesting that AR1 residual structure and the polynomial effects were effective 

in capturing not only local trends but also global trends. 

The additive genetic correlation matrix for the best model (XFA2-BD†) was hierarchically 

clustered and is presented in the form of a heatmap in Figure 2.3. The pairwise additive genetic 

correlation for sites 2 to 8 ranged between 0.69 and 0.96, indicating low GxE among those pairs 

of sites. Site 1 had lower additive genetic correlations with other sites (ranged between 0.11 and 

0.26), indicating strong GxE. The dendrogram from the cluster analysis divided the sites into two 

major clusters based on dissimilarity. Sites that clustered together are more similar than other 

clusters. Site 1 (with light green colors) had low additive genetic correlations when paired with 

each of the other sites.  

The biplot and environmentally scaled uniplot of additive genetic effects from the XFA2-

BD† model is presented in Figure 2.4. In the biplot, the vectors are principal component 

representations of site loadings and the gray labels are genotypic scores of individual clones on 

the loadings (Figure 2.4a). The direction of vectors is a function of first and second factor loadings. 

Loadings for the first factor explained 75% of additive genetic variance, while the second factor 

explained 4.9% and is orthogonal to the first factor. The vectors point toward the direction where 

it has the highest correlation with the factor loadings. Vectors of sites 1, 4, and 7 were negative for 
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the first factor and positive for the second factor. Vectors of other sites were positive for both 

factors. The squared length of the vectors indicates the amount of additive genetic variance for the 

two factors (Cullis et al. 2010). The length of the vectors is also affected by the percent variance 

explained. The length of the vector for site 7 was longer because it had the highest additive genetic 

variance with 100% explained. Sites 1 and 8 had shorter vector lengths because one had a lower 

percent of the variance explained and the other had smaller additive genetic variance, respectively.    

The cosine of the angle between the vectors represents the magnitude of additive genetic 

correlation. The additive genetic correlation is positive if the angle between the two vectors is 

between 271º and 90º and negative if the angle is between 91º and 270º. Sites with a larger angle 

such as 1 versus 6 had greater GxE interaction (lower additive genetic correlation) compared to 

other pairs. Overall, the angles between the vectors are not large between most site pairs, indicating 

weak GxE interaction between the genotypes and environments (Figure 2.4a).   

Clones in the upper right quadrant of the biplot have positive genotypic scores for both 

factors. Clones in the lower right quadrant have positive genotypic scores for the first factor and 

negative scores for the second. Good performing clones in all sites can be seen in the upper right 

quadrant and the superior clones are at the far upper right of this quadrant (Figure 2.4a).  

The uniplot in Figure 2.4b depicts GxE in a slightly different format than the biplot. The 

vectors in this plot are rotated normalized site loadings on correlation scale ranging between -1 

and 1. The square root of the length of the vector is the amount of additive genetic variance 

accounted for by the loadings (Cullis et al. 2010). Genotypic scores are not presented in this plot. 

Similar to the biplot, the cosine of the angle represents the additive genetic correlation among pairs 

of environments. The loading vectors organization and angle sizes correspond to loading vectors 

from the biplot. Thus, the additive genetic correlations are similar as observed in the biplot. The 
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vectors are close to the edge of the circle indicating good approximation of additive genetic 

variance by the XFA2 genetic covariance structure.   

The latent regression plots in Figure 2.5 show the additive genetic response of the top four 

clones to the first and second factor site loadings. The slopes of the lines are estimated using the 

rotated genotypic scores (breeding values). Positive slopes are desirable when the site loadings are 

positive (Smith et al. 2015). The loadings ranged from negative to positive for the first factor. The 

top four clones had greater breeding values with negative site loadings for the first factor. The 

unknown environmental covariate(s) had negative effect on volume growth when the loadings 

changed from negative to positive for this factor. For the second factor, two top ranking clones 

had slightly positive slopes and the other two showed almost zero or negative response to the site 

loadings respectively. The points were more spread around the fit lines and slopes were smaller 

compared to latent regression plots of the first factor. The plots for the second factor indicating 

that covariate(s) related to factor two had smaller effect on the growth of top clones.  

2.5 Discussion  

2.5.1 Model fitting and selection  

This study is somewhat novel for two major reasons: First, a large number (2362) of cloned genetic 

entries were used to estimate genetic parameters. Second, alpha cyclic incomplete block row-

column design was implemented to accommodate a large number of genotypes in the field design. 

This design is superior because it allowed blocking the variation at a site in both row and column 

directions to control the micro site heterogeneity (John 1987; John and Eccleston 1986).  

As expected, implementation of complex additive and residual variance-covariance 

modeling gave better fit statistics in our cloned loblolly pine MET data. XFA2 structure was 

superior compared to simple covariance structures because it produced better model fit statistics 
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while accounting for heterogeneity in variances and modeling full GxE. Depending on R structure, 

the XFA2 model explained up to 88% of the additive genetic variance, indicating two important 

unknown environmental covariates affecting most of the additive genetic variance. Our results are 

in agreement with a growing body of literature on the superiority of FA models compared to 

simpler genetic covariance structures in large crop and forest tree MET studies (Beeck et al. 2010; 

Farjat 2015; Hardner et al. 2010; Ogut et al. 2014; Smith et al. 2015; Smith et al. 2001; Zapata-

Valenzuela 2012). However, when there are only a limited number of sites, the prediction 

accuracies from FA models may not differ significantly from unstructured models, as shown by 

Gezan et al. (2017) in a cloned loblolly pine trial.  

Spatial autoregressive (AR) residual variance/covariance matrices are commonly used to 

account for micro-site heterogeneity and local trends at test sites in MET data analysis. In 

published loblolly pine MET studies, AR spatial models improved fit statistics compared to scaled 

identity and heterogeneous residual variance structures (Farjat 2015; Zapata-Valenzuela 2012). 

Similarly, in the current study, AR1 structure implemented in one environment reduced the 

average SED statistics compared to block diagonal R structure with independent units. The SED 

statistic is recommended for ranking varieties in crop data analysis (Smith et al. 2015). However, 

fitting AR variance structures can be computationally intensive with large datasets. This model 

requires a large number of parameters to be estimated, which causes model convergence issues 

(Farjat 2015; Piepho and Williams 2010).  

As an alternative to AR1 residual structure, the incomplete row-column experimental 

design implemented in this study allowed us to fit orthogonal fourth order polynomial trends to 

account for environmental noise. Gezan et al. (2006) found row-column design superior to 

completely randomized, randomized complete block design and incomplete block designs with 
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less than 32 blocks per replication. In addition, they observed lower error variance for polynomial 

trends compared to the spatially correlated residuals implemented in row-column design. The 

improvement in fit statistics was apparent when fixed polynomial row-column effects were used 

(Table 2.2). The AR residual structure models the local trends at an environment, whereas 

polynomial row and column effects model global trends. The AR residual structure was more 

efficient in capturing heterogeneity at site 1 compared to a fixed polynomial model only (model 

6). However, fixed polynomial row-column effects reduced model convergence time significantly, 

from 15 hours in full AR1 model to 3 minutes.    

Using model fit statistics to choose the “best model” is not straightforward. Smith et al. 

(2015) suggested that AIC and log likelihood ratio tests (LRT) may select too complex, overfit 

models in model selection. They recommended using percent variance explained by k factors for 

each site and across sites as a measure of goodness. In this study, model comparison was even 

more challenging due to different sets of fixed effects. Based on SED statistic, FA structures with 

spatially correlated residuals at sites or with fixed orthogonal polynomial row and column effects 

would be efficient to capture heterogeneity in forest trees MET.  

2.5.2 Genetic parameter estimates  

Large numbers of genotypes, complex covariance structures and fitting spatial effects of 

experimental design factors, allowed us to better estimate additive genetic variances for sites and 

reduced environmental noise. As a result, the clone mean heritability estimates increased from 

0.41 based on simple uniform covariance structure to 0.61 for the FA models. Ogut et al. (2014) 

and Zapata-Valenzuela (2012) observed greater heritability estimates with the use of FA models 

in seedling and cloned loblolly pine studies, respectively. It is clear that the micro-site 
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heterogeneity at each site and GxE effects are better modeled by complex covariance structures 

for the random and residual effects.  

Analyzing age four data of the same cloned population, Farjat (2015) reported a clone mean 

heritability of 0.58 for tree height and 0.42 for stem volume. In the study, models were compared 

for within-family selection efficiency. The reason for the lower volume heritability estimates in 

the above study could be due to using a simpler covariance structure (IID) and also because of 

height measured at younger age. However, Farjat (2015) observed higher rank correlations within 

full-sib families when FA and spatial residual structures were used. He concluded that choosing 

simple (underfit) models may cause erroneous ranking within families and may reduce the genetic 

gain from within-family selection. Gezan et al. (2017) observed high clone mean heritabilities 

(0.66 - 0.81) from FA models for volume in a clonal loblolly pine data. The reason for higher 

heritability estimates in their study could be due to assessing higher number ramets per clone per 

site (~ 7). The clone mean heritability estimates were lower when they implemented a two-stage 

analysis approach, which often provides a biased (overestimated) compared to one-stage analysis. 

In a loblolly pine clonal genetic test with 450 genetic entries, volume heritability estimate from 

FA genetic covariance structure was lower (0.45) compared to this study (Zapata-Valenzuela 

2012). This could be due to analyzing the trait at a younger age (four) as observed by Farjat (2015). 

Non-additive genetic explained a fraction of additive variance for age six volume growth 

in this population which is in agreement with the results from previous published studies (Baltunis 

et al. 2006; Isik et al. 2003). This was particularly obvious for models with more complex variance 

structures. Ogut et al. (2014) observed lower additive to non-additive genetic variance ratio (0.54) 

compared to this study. They concluded that the reason for higher dominance variance in their 

study was due to mating between closely related trees. Broad-sense heritability estimates ranged 
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from 0.60 to 0.69 depending on the model and were higher than narrow-sense heritability estimates 

though in some cases, the difference between estimates was within 95% confidence intervals. The 

data indicates the importance of additive genetic effects for growth traits in a selection program 

but with cloning non-additive genetic variance could be captured for deployment decisions.   

2.5.3 GxE interpretation  

The extent of GxE interaction can be interpreted using genetic correlation estimates provided by 

statistical models. In this study, uniform correlation structures were not sufficient for capturing the 

degree of GxE interaction between pairs of environments. FA models provided more detailed 

information about among-site correlations and GxE interactions, allowing for a more nuanced 

interpretation of GxE interaction. GxE has been extensively studied for different traits of loblolly 

pine. In cloned loblolly pine genetic tests, low GxE has been reported for volume growth (Farjat 

2015; Gezan et al. 2017; Zapata-Valenzuela 2012). Similar to the previous published research, our 

study indicated low GxE interaction for most of the site pairs as visualized by the uniplot and 

biplot (Figure 2.4). Cullis et al. (2010) cautioned using uniplot and biplot for large MET data when 

FA model factors do not explain most of the genetic variance. In addition, biplots are difficult to 

interpret when the number of genotypes and or environments is large.  

The dendrogram can be useful for clustering sites based on the basis of additive genetic 

correlations. The correlations among other site pairs were generally high in this study as visualized 

by the dendrogram (Figure 2.3), again suggesting low GxE. Unexpectedly, site 1 had high GxE 

interaction with other sites. The spatial residual modeling showed significant variation across row 

and column directions, indicating high heterogeneity within this site. This may have resulted into 

a very low additive genetic correlation with other sites not captured by simpler random row and 

column effects in other models. The additive genetic variance at the site was only 11% of the total 
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variance compared to more than 65% in all other sites. This site had 47% less stem volume growth 

compared to other sites measured at the same age (age six). The slow growth could be due to 

drought effect after planting or tip moth damage in younger ages.  

In FA models, it is hard to identify the unknown environmental covariates. Minimum and 

maximum temperatures, solar radiation, precipitation, soil moisture, and frost are environmental 

factors that could affect GxE interaction in forest trees (Chen et al. 2017; Costa e Silva et al. 2006). 

Ukrainetz et al. (2018) assessed climatic drivers of GxE interaction in lodgepole pine using FA 

models. They found that combinations of temperature, humidity, precipitation, and frost were 

correlated with first, second, and third factor loadings. In our study annual precipitation, minimum 

temperature, site index, and/ or fusiform rust disease might be the unknown latent variables for the 

first and second factor loadings of XFA2 model. The two factors explained 75% and 4.9% of 

additive genetic variance, respectively. The first unknown environmental covariate had a large 

contribution to the site additive genetic variances. The latent regression plots (Figure 2.5) for the 

first factor indicated improvement in clone volume breeding value with negative site loadings. The 

average minimum temperature of the test sites corresponds with first factor loadings (see Table 

A1 in the Appendix). The first factor loading was negatively correlated (-0.68) with the average 

minimum temperature, indicating that sites with greater minimum temperatures tend to have higher 

volume breeding values. Test sites 1, 2, 4, 5, and 7 had lower average minimum temperatures 

compared to the other sites (3, 6, and 8) which were located farther. Annual precipitation was 

positively correlated (0.56) with the first factor loading. Annual precipitation and particularly 

minimum temperatures change along the geographical gradient (from the south to north and from 

the coast to inland) in the southeast US. The unknown environmental covariate for the second 

factor is even harder to identify due to difference in each clone’s response to the loadings. Annual 
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precipitation, fusiform rust disease, and/ or site quality could be possible unknown environmental 

covariates for the second factor loadings. There was no clear trend between second factor loadings 

and average annual precipitation and minimum temperature (data not shown).    

2.6 Conclusions  

Incomplete row-column experimental designs were efficient in testing large numbers of genetic 

entries in a loblolly pine breeding population. The combination of unique experimental design and 

large number of genetic entries allowed us to better model genetic and non-genetic variance-

covariance structures in this cloned loblolly pine MET data. Factor analytic genetic covariance 

structure efficiently modeled additive genetic effects compared to simpler models. The 

experimental design allowed modeling the global and local heterogeneity simultaneously in MET. 

Fixed orthogonal polynomial trends can be used as an alternative to computationally demanding 

spatial residual structures and to account for heterogeneity in the data.    
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2.8 Tables 
 

 

Table 2.1. Test sites information and number of trees planted at each site. All the sites were 

measured in 2016 when trees were at 5 or 6 years of age.  

Organization 
Test 

site 

Planting 

date 

Number 

of rows 

Number 

of cols 

Number of 

trees 

Plum Creek (PCL) 1 2010 40 62 2480 

CellFor (CEL) 2 2010 40 62 2480 

Westervelt (WES) 3 2010 40 62 2480 

GA Forestry Commission (GFC) 4 2010 40 62 2480 

Rayonier (RAY) 5 2010 48 52 2496 

Weyerhaeuser (WEY) 6 2010 146 17 2482 

ArborGen (ARB) 7 2011 80 23 1840 

NC Forest Service (NCF) 8 2011 84 20 1680 
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Table 2.2. Mathematical form of random additive genetic (Ga), random row, and column and residuals structures (R) used in linear 

mixed models. For Ga, compound symmetry (CORUV), heterogeneous (CORUH), unstructured (US), and extended factor analytic 

(XFA) structures were used. The residual (R) structure was block diagonal (BD) with independent units for all models, except 

autoregressive order one correlation structure was used at site 1 for models 7 and 8. Model fit statistics log likelihood (LogL), Akaike 

Information Criteria (AIC), average standard error of differences of predictions for clones (SED), and number of Ga parameters are 

provided for each model. Models 6 and 8 have the same fixed effects different from all other models.   

No Model Ga Row/Col LogL AIC SED 
Ga (total) 

parameters 

1 CORUV-BD 𝜎𝑔
2𝐉𝑠 + 𝜎𝑔𝑒

2 𝐈s ⊕𝑖=1
S 𝜎𝑖

2𝐈n𝑖
 -6939 113932 13.30 2 (27) 

2 CORUH-BD 𝚺 ⊗ 𝐀 ⊕𝑖=1
S 𝜎𝑖

2𝐈n𝑖
 -6905 113878 12.90 9 (34) 

3 US-BD 𝚺(𝜎𝑖𝑗); 1 ≤ 𝑖, 𝑗 ≤ s ⊕𝑖=1
S 𝜎𝑖

2𝐈n𝑖
 -6885 113893 12.98 36 (61) 

4 XFA1-BD (𝚲𝚲T + 𝛙) ⊗ 𝐀 ⊕𝑖=1
S 𝜎𝑖

2𝐈n𝑖
 -6896 113872 12.93 16 (40) 

5 XFA2-BD (𝚲𝚲T + 𝛙) ⊗ 𝐀 ⊕𝑖=1
S 𝜎𝑖

2𝐈n𝑖
 -6893 113873 12.94 24 (44) 

6 XFA2-Poly-BD (𝚲𝚲T + 𝛙) ⊗ 𝐀 Fixed Poly -6677 113408 13.21 24 (28) 

7 XFA2-BD† (𝚲𝚲T + 𝛙) ⊗ 𝐀 ⊕𝑖=1
S 𝜎𝑖

2𝐈n𝑖
 -6795 113678 11.90 24 (44) 

8 XFA2-Poly-BD† (𝚲𝚲T + 𝛙) ⊗ 𝐀 Fixed Poly -6589 113238 12.60 24 (30) 

†Autoregressive order one (AR1) residuals was fit at one site only. 
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Table 2.3. Percent additive genetic variance for volume explained by extended factor analytic 

models for each site and overall sites.   

Site 
Model 

XFA1-BD XFA2-BD XFA2-Poly-BD XFA2-BD† XFA2-Poly-BD† 

1 69.7 67.7 69.1 8.2 11.9 

2 90.4 89.5 89.5 88.5 88.6 

3 76.5 81.3 79.3 81.7 75.8 

4 91.0 92.1 100.0 93.2 96.3 

5 69.5 100.0 100.0 65.3 64.4 

6 71.9 71.1 68.4 100.0 100.0 

7 100.0 100.0 100.0 100.0 100.0 

8 96.5 100.0 100.0 100.0 100.0 

Average 83.2 87.7 88.3 79.6 79.6 
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Table 2.4. Additive variance (𝜎𝑎
2), non-additive variance (𝜎𝑛𝑎

2 ), ratio between two (𝑎/𝑛𝑎), residual variance (𝜎𝑒
2), clone mean heritability 

(ℎ𝑐̅
2), broad-sense heritability (𝐻𝑐̅

2), and average additive genetic correlations (range) between pairs of sites (𝑟𝐴) of stem volume from 

different models. The compound symmetry model (CORUV) was not as successful to account for heterogeneity in the data as reflected 

in lower clone mean heritability estimates compared to more complex models.   

Model* 𝝈𝑎
𝟐  𝝈𝑛𝑎

𝟐  𝒂/𝒏𝒂 𝝈𝑒
𝟐 𝒉𝑐̅

𝟐 (𝒔𝒆) 𝑯𝑐̅
𝟐 (𝒔𝒆) 𝒓𝐴 (range) 

CORUV-BD 239.0 73.8 3 989.2 0.41 (0.07) 0.60 (0.02) 0.67 

CORUH-BD 358.5 17.3 21 984.4 0.60 (0.06) 0.64 (0.02) 0.81 

US-BD 337.9 32.4 10 978.4 0.56 (0.06) 0.63 (0.02) 0.76 (0.57-0.93) 

XFA1-BD 334.0 25.9 13 990.6 0.58 (0.05) 0.63 (0.02) 0.83 (0.70-0.98) 

XFA2-BD 335.8 28.1 12 986.8 0.57 (0.03) 0.63 (0.02) 0.81 (0.61-0.97) 

XFA2-Poly-BD 359.3 18.0 20 1028.0 0.59 (0.03) 0.62 (0.02) 0.80 (0.57-0.99) 

XFA2-BD† 491.7 40.8 12 939.5 0.61 (0.04) 0.69 (0.02) 0.68 (0.11-0.96) 

XFA2-Poly-BD† 470.6 41.1 11 952.7 0.60 (0.04) 0.68 (0.02) 0.67 (0.08-0.98) 

*CORUV compound symmetry, CORUH heterogeneous, US unstructured, XFA extended factor analytic, Poly fixed 4th order 

orthogonal polynomial trends, BD block diagonal 
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2.9 Figures 

  

Figure 2.1. Geographic location of test sites in the southeastern United States. Alpha cyclic 

incomplete row-column experimental design was implemented in all field trials. Shading 

illustrates the natural range of loblolly pine.  
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Figure 2.2. Boxplot of stem volume (cubic decimeter) at each site (sites 7 and 8 measured at age 

five, the rest at age six). Horizontal blue line in the middle of the box is the median, and the black 

diamond inside each box is the site mean. The boxes are the interquartile range (50% of the data). 

The plot shows substantial site-to-site variation for tree stem volume.   
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Figure 2.3. Dendrogram and heatmap of agglomerative hierarchical clustering of additive genetic 

correlation (range between 0.11 and 0.96) of test sites from the XFA2-BD† model for volume. 

Darker green color indicates higher additive genetic correlation or lower GxE among pairs of sites. 

Sites clustered together are more similar.    
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Figure 2.4. Biplot (a) and environment-scaled uniplot (b) of the additive genetic effects of stem 

volume from the XFA2-BD† model. The cosine of the angle between two vectors represents 

additive genetic correlation between pairs of environments. The larger the angle between two 

vectors the greater GxE interaction between two sites. Gray labels in biplot 4a represent genotypic 

scores. Genotypes in the upper right quadrant have positive similar scores for both factors (FA1 

and FA2). The arrows represent individual site loadings. Half of the sites have positive loadings 

for both factors.   
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Figure 2.5. Latent additive genetic regression plots of the first (left) and second factor (right) 

estimated FA loadings versus volume breeding value of the top four clones from the XFA2-BD† 

model. Red points are clones not planted in the associated test site. Negative slope indicates clones 

had a negative response to site loadings. 
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Chapter 3: Correspondence Between Breeding Values of the Same 

Pinus taeda L. Genotypes from Clonal Trials and Half-Sib Seedling 

Progeny Trials 

Mohammad Nasir Shalizi, Salvador Alejandro Gezan, Steven E. McKeand,  

Joshua R. Sherrill, W. Patrick Cumbie, Ross W. Whetten, Fikret Isik 

(Forest Science; doi: 10.1093/forsci/fxaa016) 

 

3.1 Abstract 

The correspondence between breeding values of 65 loblolly pine (Pinus taeda L.) genotypes from 

clonal genetic tests and half-sib seedling progeny tests was studied in the southern United States. 

The two experiments were established separately, 10 years apart. Additive genetic variance 

estimates from clonal tests were larger compared with the estimates from the half-sib progeny 

tests, regardless of the covariance structure used in the statistical models and the traits. However, 

clone-mean and half-sib family-mean heritability estimates were comparable for all traits, ranging 

between 0.88 and 0.99. Based on the independent analysis, the correlation between the breeding 

values of the same genotypes from two propagule types was moderate (0.59) for tree height and 

stem volume. The combined analysis resulted in a strong genetic correlation (>0.93) between the 

breeding values of two propagule types. Herein large discrepancy is mainly the outcome of 

different data analytical approaches. Conclusively, selecting genotypes for deployment based on 

clonal testing may not be optimal, but forest tree breeders can use the results from clonal tests to 

make some informed decisions.  

 

https://doi.org/10.1093/forsci/fxaa016
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3.2 Introduction 

In forest tree improvement programs, selection of individual trees (progeny of crosses) from 

genetic tests for mass production is not preferred because of uncertainty in prediction and ranking 

(Kumar 2006). Unlike parental genetic merits, progeny genetic merit is estimated with low 

accuracy (one data point from a single plant) (Burdon and Shelbourne 1974). Cloning genotypes 

and planting the genetically identical copies in different environments is considered an efficient 

way to increase the accuracy of genetic merit of trees (Libby 1964; Burdon 1971). A natural 

question is; how the genetic merit estimated from genetically identical copies of a genotype 

correlate with the genetic merit estimated from its seedling progeny (Frampton and Foster 1993). 

In other words, the correspondence between two propagule types (clones versus seedling progeny) 

may have important implications in forest tree breeding programs.  

In conifers, genetic correlations between propagule types has been used to assess 

correspondence between cloned and seedling progeny performance (Borralho and Kanowski 

1995). Genetic correlation between two traits in the same population is a measure of co-inheritance 

(Lynch and Walsh 1998), while genetic correlations of a trait between individuals in the same 

population at different ages is a measure of shared alleles. Additive genetic correlation (correlation 

of breeding values) of two traits is caused mainly by the pleiotropic effects and by linkage 

disequilibrium between alleles on the same linkage groups (Isik et al. 2017). Genetic correlations 

could have important implications in a tree breeding program, such as correlated response (genetic 

gain) and breeding strategies for multiple trait selection.  

Frampton and Foster (1993) and Borralho and Kanowski (1995) identified three types of 

comparison between clonal propagule and seedling progeny. The first type is the correspondence 

between clonal propagule (clone-means from ramets) and zygotic seedlings from the same family 
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(Type 1). In this method, a subset of the progeny of a family are cloned and another subset is not 

(zygotic seedlings). Most published research has studied this category of correspondence in 

loblolly pine (Pinus taeda L.) (Foster et al. 1987; Baltunis et al. 2007; Cumbie et al. 2011; Quesada 

et al. 2017) and Eucalyptus globulus Labill. (Gaspar et al. 2005; Costa e Silva et al. 2013). 

Considering a full-sib family structure, this correlation is obtained as 𝑟𝑅𝑆̅̅̅̅ =
𝜎𝑎

2

𝜎𝑅̅𝜎𝑆̅

 , where 𝜎𝑅̅ is 

clone-mean phenotypic standard deviation, 𝜎𝑆̅ is seedling mean phenotypic standard deviation, 

and 𝜎𝑎
2 is additive genetic variance (Borralho and Kanowski 1995). Some studies used half-sib 

families to assess this type of correspondence between clones and seedlings (Foster et al. 1987; 

Gaspar et al. 2005; Costa e Silva et al. 2013). In this method, clonal-means are compared to half-

sib family means. The means are expected to be highly correlated in the absence of propagation 

effects and the use of large number of genetic entries (Frampton and Foster 1993). 

Correspondence between a zygotic individual seedling (ortet) performance and mean 

performance of its ramets (Type 2) is another way of assessing the correlation between propagule 

types. In this application, the genotypes have one value (prediction or breeding value). These 

predictions are then correlated with mean performance of their vegetative propagules (ramets). For 

a full-sib family, correspondence between a seedling phenotype and mean performance of its 

ramets is obtained as 𝑟𝑃𝑅̅ =
𝜎𝑔

2

𝜎𝑃𝜎𝑅̅
 where 𝜎𝑃 is the phenotypic standard deviation of genotypes 

before cloning, 𝜎𝑅̅ is phenotypic standard deviation of the mean from ramets, and 𝜎𝑔
2 is total 

genetic variance (Borralho and Kanowski 1995).   

Correspondence between a clonal propagule and seedling progeny from the same genotype 

(Type 3) is the third way of assessing correlations between propagule types. Considering a full-sib 

family, this type of correlation is obtained using clonal-mean (𝐶̅) and half-sib progeny mean (𝑆̅) 
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performance information. The correlation is calculated as 𝑟𝐶𝑆̅̅̅̅ = 𝑐𝑜𝑣(𝐶̅, 𝑆̅)/𝜎𝐶̅𝜎𝑆̅ where 𝑐𝑜𝑣(𝐶̅, 𝑆̅) 

is the covariance between ramets and seedling offspring and 𝜎𝐶̅ and 𝜎𝑆̅ are the phenotypic standard 

deviation of clones and seedlings, respectively. If we assume no epistasis or dominance genetic 

effects, the covariance in the numerator can be replaced by additive genetic variance (Borralho 

and Kanowski 1995). The above expression resembles a parent-offspring correlation where the 

genetic correlation between a parent (cloned individual) and its half-sib progeny is estimated using 

cloned and seedling progeny data. In forest tree breeding, this kind of relationship is preferred 

when breeders are interested in selecting trees based on their genetically identical copies without 

testing them in progeny trials.  

A large number of studies investigated Type 1 correspondence (Foster et al. 1987; Gaspar 

et al. 2005; Baltunis et al. 2007; Cumbie et al. 2011; Costa e Silva et al. 2013; Quesada et al. 2017). 

Kumar (2006) was the only known study that investigated Type 3 correspondence in forest tree 

breeding. To our knowledge, there is no study in forest trees on Type 2 correspondence.  

Independent general combining ability models have been used to estimate the genetic 

parameters for two propagule types (Baltunis et al. 2007; Cumbie et al. 2011; Quesada et al. 2017). 

Alternatively, separate animal models can be used to estimate the genetic parameters for propagule 

types and breeding values for genotypes. Genetic correlations can then be approximated using the 

Pearson product moment correlation between clone- and seedling-estimated breeding values 

assuming that breeding values are accurately estimated from a large sample size. However, this 

method is not free of bias, particularly given the shrinkage nature of the best linear unbiased 

estimates. In contrast, a combined animal model can be used to estimate genetic parameters for 

clones and seedlings (Costa e Silva et al. 2004; Costa e Silva et al. 2013). In such a model, a 
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likelihood approach is used to estimate the genetic correlation based on a multivariate normal 

distribution.  

To the best of our knowledge, the correspondence between genetic merit of genotypes 

based on ramets and half-sib progeny performance has not been studied in loblolly pine. Previous 

work cited above also fit simple cross-classified variance structures to partition observed variances 

into causal components. Use of complex variance-covariance structures in mixed models may 

provide better estimates of genetic parameters (variances, covariances and correlations) and 

understand the correspondence of breeding values better from two propagule types.  

The objectives of this study were to; 1) estimate genetic parameters from cloned genotypes 

and their half-sib seedling progeny, 2) assess correspondence between genetic merit of the same 

genotypes from cloned, open-pollinated half-sib progeny using complex variance-covariance 

structures in the linear mixed models framework and, 3) discuss the implications for loblolly pine 

breeding and deployment decisions.   

3.3 Materials and Methods 

3.3.1 Cloned genetic tests  

The CCLONES population from the University of Florida’s Forest Biology Research Cooperative 

was used for this study. A partial diallel mating design was used to create ~ 70 full-sib crosses in 

1999. The crosses were made from 32 first- and second-generation parents originating from the 

Atlantic Coastal Plain provenance of loblolly pine (Baltunis et al. 2007). About 32 full-sib 

seedlings from each of 61 full-sib crosses were hedged to produce rooted cuttings in 2001. The 

following year, in total, over 1200 clones (~ 16 per full-sib family) were planted at four test sites 

in the southern US, but not all the clones were planted at each test site. The experimental design 

was a resolvable alpha incomplete block design with eight replications at three sites and four 
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replications at one site (Figure 3.1, Table 3.1). On an average, about seven copies (ramets) of each 

clone were planted at each site. For the present study, data from only 105 clones (3 clones per 

cross) that represented a range in genetic values for age four height were considered. 

3.3.2 Half-sib family genetic tests 

For this study, three clones per cross with high, middle, and low genetic value for tree height at 

age four years were selected from 35 crosses from the CCLONES population and topgrafted in 

March 2010 at the North Carolina State University Cooperative Tree Improvement Program’s 

Arrowhead Breeding Center near Cochran, Georgia. Out of the 105 clones grafted, 77 survived, 

and 65 clones produced sufficient wind pollinated seed in 2012 to establish the seedling progeny 

trials. The number of surviving genotypes (clones) per cross with sufficient seed ranged between 

one and three with an average of two per cross. Half-sib seedlings (common mother tree) from 

each of 65 genotypes were planted at four different test sites in 2014 (Figure 3.1). The field design 

was an alpha cyclic incomplete row-column design with a spatial component. Trees were planted 

in row-column directions providing unique spatial ID for each tree within a replication. This design 

permits modeling row and column effects to account variation in both directions in an 

environment. There were 10 replications at each test site. For each half-sib family, one seedling 

was planted in each replication (Table 3.1). Overall, there were 2600 experimental seedlings (1 

seedling per family per replication x 65 half-sib families x 10 replications x 4 sites) established in 

the field for this study.   

3.3.3 Data collection 

The variables measured in the clonal trials were incidence of tree survival (yes or no), tree height 

(m), diameter at breast height (DBH, cm) and the incidence of fusiform rust disease, caused by 

Cronartium quercuum (Berk.) Miyabe ex Shirai f. sp. fusiforme. The disease incidence was 
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assessed as yes or no at age four years since planting. In the half-sib progeny trials, tree height, 

DBH, fusiform rust disease incidence, stem straightness score (1 - 6), where 1 indicating the 

straightest stem (Williams and Lambeth 1989), incidence of stem forking (yes or no), and 

incidence of ramicorn branching (yes or no) were assessed at age four years. Furthermore, outside 

bark tree stem volume (dm3) was calculated according to Sherrill et al. (2011). 

3.3.4 Statistical analysis  

For this study, tree height (m), stem volume (dm3), and incidence of fusiform rust disease were 

analyzed in both the clonal and seedling trials. First, a multi-environmental trial (MET) analysis 

was performed for seedling and clonal data separately using linear mixed models. Then, seedling 

and clonal data were combined and analyzed together using various linear mixed models. Models 

with the same fixed effects were compared using residual Log Likelihood (LogL), Akaike 

Information Criterion (AIC), and the average standard error of difference between predictions (Isik 

et al. 2017).  

3.3.4.1 Analysis of height and volume  

The following linear mixed model (model 1) was used to analyze cloned progeny data:  

𝑦𝑖𝑗𝑘𝑙𝑚𝑛 =  𝜇 + 𝑆𝑖 + 𝑅𝑗 + 𝐵(𝑅)𝑘(𝑗) + 𝑆(𝑅𝑜𝑤)𝑖𝑙 + 𝑆(𝐶𝑜𝑙)𝑖𝑚 + 𝑆𝑇𝑖𝑛 + 𝑒𝑖𝑗𝑘𝑙𝑚𝑛                      Eq. 3.1 

where 𝑦𝑖𝑗𝑘𝑙𝑚𝑛 is the observation of 𝑛𝑡ℎ tree (clone), 𝑚𝑡ℎ column, 𝑙𝑡ℎ row, 𝑘𝑡ℎ block, 𝑗𝑡ℎ rep and 

𝑖𝑡ℎ site; 𝜇 is the overall mean; 𝑆𝑖 is the fixed effect of site (i = 1,2,3,4); 𝑅𝑗 is the random effect of 

rep with expectations 𝑅𝑗~NID(0, 𝐈𝜎𝑅
2); 𝐵(𝑅)𝑘(𝑗) is the random effect of block nested within rep 

with 𝐵(𝑅)𝑘(𝑗)~NID(0, 𝐈𝜎𝐵(𝑅)
2 ); 𝑆(𝑅𝑜𝑤)𝑖𝑙 is the random row effect nested within site with 

𝑆(𝑅𝑜𝑤)𝑖𝑙~NID(0, 𝐑𝐨𝐰); 𝑆(𝐶𝑜𝑙)𝑖𝑚 is the random column effect nested within site with 

𝑆(𝐶𝑜𝑙)𝑖𝑚~NID(0, 𝐂𝐨𝐥); 𝑆𝑇𝑖𝑛 is the compound term of random tree effect nested within site effect 

with 𝑆𝑇𝑖𝑛~NID(0, 𝐆𝑎 ⊗ 𝐀); and 𝑒𝑖𝑗𝑘𝑙𝑚𝑛 is the random error term with 𝑒𝑖𝑗𝑘𝑙𝑚𝑛~NID(0, 𝐑). The 
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symbol ⊗ is the direct (Kronecker) product operator. 𝐈 is identity matrix, 𝐀 is the numerator 

relationship matrix derived from pedigree, and 𝐆𝑎 is the variance covariance matrix of the nested 

tree within site effect. The 𝐆𝑎 structure was relaxed to model heterogeneous additive genetic 

variance at each site and a uniform genetic covariance between sites.  

𝐆𝑎 ⊗ 𝐀 = 𝚺 ⊗ 𝐀 = 

[
 
 
 

𝜎1
2 𝑟𝜎1𝜎2

𝑟𝜎1𝜎2 𝜎2
2

⋯ 𝑟𝜎1𝜎8

⋯ ⋮

⋮ ⋯
𝑟𝜎1𝜎8 ⋯

⋱ 𝑟𝜎7𝜎8

𝑟𝜎7𝜎8 𝜎4
2 ]

 
 
 

⊗ 𝐀                Eq. 3.2 

where the diagonal elements are individual site additive genetic variance and off-diagonal 

elements represent covariance among sites. Non-additive genetic effect was not significant and 

was dropped from the final model due to small number (~ 2) of individuals per cross.    

The random 𝐑𝐨𝐰 and 𝐂𝐨𝐥 variance structures were block diagonal with independent units 

at each site (⊕𝑖=1
𝑆 𝜎𝑖

2𝐈𝑛𝑖
). Similarly, the residual covariance matrix 𝐑 was block diagonal with 

independent units at each site and a different residual variance per site.  

The following individual tree model (model 2) was used to analyze seedling progeny data:  

𝑦𝑖𝑗𝑘𝑙𝑚 =  𝜇 + 𝑆𝑖 + 𝑅𝑗 + 𝑆(𝑅𝑜𝑤)𝑖𝑘 + 𝑆(𝐶𝑜𝑙)𝑖𝑙 + 𝑆𝑇𝑖𝑚 + 𝑒𝑖𝑗𝑘𝑙𝑚                  Eq. 3.3 

where 𝑦𝑖𝑗𝑘𝑙𝑚 is the observation of 𝑚𝑡ℎ tree (seedling), 𝑙𝑡ℎ column, 𝑘𝑡ℎ row, 𝑗𝑡ℎ rep and 𝑖𝑡ℎ site. 

The model terms were explained before. Similar to model 1, the assumptions of variance-

covariance structure were relaxed in the model terms to fit heterogeneous structures for model 

improvement.  

The following linear mixed model (model 3) was used to analyze the combined clonal and 

seedling data:  

𝑦𝑖𝑗𝑘𝑙𝑚𝑛 =  𝜇 + 𝑆𝑖 + 𝑆𝑅𝑖𝑗 + 𝐵(𝑆𝑅)𝑘(𝑖𝑗) + 𝑆(𝑅𝑜𝑤)𝑖𝑙 + 𝑆(𝐶𝑜𝑙)𝑖𝑚 + 𝑆𝑇𝑖𝑛 + 𝑒𝑖𝑗𝑘𝑙𝑚𝑛               Eq. 3.4 
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where 𝑆𝑖 is the fixed effect of site (i = 1,2,…,8); 𝑆𝑅𝑖𝑗 is the random rep nested within site effect 

with 𝑆𝑅𝑖𝑗~NID(0, 𝐑𝐞𝐩) and 𝐵(𝑆𝑅)𝑘(𝑖𝑗) is the random effect of block nested within clonal sites 

by rep with 𝐵(𝑅)𝑘(𝑗)~NID(0, 𝐁), and other terms as previously defined. The variance structure 

for the rep and block effects were block diagonal with independent units at each site. The additive 

genetic effect (𝑆𝑇𝑖𝑛) is the compound term of random tree (clone and seedling) nested within site 

effect with the expectations explained above (Eq. 3.2). This structure provided separate additive 

genetic variance for each of the eight sites and a uniform correlation across the sites.  

The additive genetic term 𝑆𝑇𝑖𝑛 in model 4 was substituted with another consolidated term 

𝑆𝑇𝑃𝑖𝑛𝑜 to fit a three-way interaction; random 𝑛𝑡ℎ additive tree effect nested within 𝑖𝑡ℎ site, and 

𝑜𝑡ℎ propagule type (clone and seedling) effect with expectations that 𝑆𝑇𝑃𝑖𝑛𝑜~NID(0, 𝐆𝑎 ⊗ 𝐀). 

This structure provides unique additive genetic variance at each site, a uniform correlation among 

sites and a uniform correlation between propagule types (𝜌). The mathematical form of three-way 

interaction 𝐆𝑎 structure can be written as 𝐂 ⊗ (𝚺 ⊗ 𝐀) where 𝚺 is an 8 x 8 uniform heterogeneous 

variance-covariance matrix of site by genetic effects and 𝐂 is a 2 x 2 uniform correlation matrix of 

propagule type. The full matrix form of the three-way consolidated term can be represented as 

𝐆𝑎 ⊗ 𝐀 = 𝐂 ⊗ (𝚺 ⊗ 𝐀) = [
1 𝜌
𝜌 1

] ⊗

(

  

[
 
 
 

𝜎1
2 𝑟𝜎1𝜎2

𝑟𝜎1𝜎2 𝜎2
2

⋯ 𝑟𝜎1𝜎8

⋯ ⋮

⋮ ⋯
𝑟𝜎1𝜎8 ⋯

⋱ 𝑟𝜎7𝜎8

𝑟𝜎7𝜎8 𝜎8
2 ]

 
 
 

⊗ 𝐀

)

               Eq. 3.5 

In a separate model, an identical and independent structure (𝐈𝜎2) for propagule effect was used to 

test the significance of 𝜌 (correlation) parameter. In model 5, a multiplicative factor analytic of 

order k = 1 was used to fit the three-way 𝑆𝑇𝑃𝑖𝑛𝑜 consolidated term to model the random 𝐆𝑎 

covariance structure with 𝑆𝑇𝑃𝑖𝑛𝑜~NID(0, 𝐆𝑎 ⊗ 𝐀). A factor analytic structure regresses genetic 

and GxE effects on k unknown environmental covariates (Smith et al. 2001). This structure 
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provided unique additive genetic variance for each site, a unique additive genetic correlation 

between pairs of sites, and a genetic correlation between propagule types. The mathematical form 

of this structure can be written as 𝐂 ⊗ [(𝚲𝚲T + 𝛙) ⊗ 𝐀], where 𝚲 is the s by k (s = site, k = 

number of factors) matrix of site loadings and 𝛙 is the s by s matrix of site-specific variances. The 

matrix form of the factor analytic structure can be represented as (Isik et al. 2017)   

𝐆𝑎 ⊗ 𝐀 = 𝐂 ⊗ [(𝚲𝚲T + 𝛙) ⊗ 𝐀] 

               = [
1 𝜌
𝜌 1

] ⊗

(

  

[
 
 
 
𝜆11

2 + 𝜓1 𝜆11𝜆12 … 𝜆11𝜆18

𝜆11𝜆12 𝜆12
2 + 𝜓2 … ⋮

⋮ … ⋱ …
𝜆11𝜆18 … … 𝜆18

2 + 𝜓8]
 
 
 
⊗ 𝐀

)

               Eq. 3.6 

where 𝜆11
2  is the variance explained by site loading of factor 1 at site 1, 𝜓 is the site specific 

variance and off-diagonals are correlations. The variance-covariance structure was weighted by 

the additive genetic relationship matrix 𝐀. 

3.3.4.2 Fusiform rust incidence analysis 

Fusiform rust disease incidence was assessed as a binary trait (0 = no, 1 = yes). Similar to growth 

traits, fusiform rust disease incidence was first analyzed separately for half-sib and clonal data, 

and then both were analyzed together in a single model. The following generalized linear mixed 

model was used to analyze clone, seedling, and combined seedling and clonal data:     

𝜂𝑖𝑗𝑘𝑙𝑚 = 𝑙𝑜𝑔 (
𝜋

1−𝜋
) = 𝜇 + 𝑆𝑖 + 𝑅𝑗 + 𝑅𝑜𝑤𝑘 + 𝐶𝑜𝑙𝑙 + 𝑆𝑇𝑖𝑚 + 𝑒𝑖𝑗𝑘𝑙𝑚                 Eq. 3.7  

where 𝜂𝑖𝑗𝑘𝑙𝑚 is the link function 𝑔(𝜇) of the 𝑚𝑡ℎ observation (disease or no disease) in 𝑚𝑡ℎ tree, 

𝑙𝑡ℎ column, 𝑘𝑡ℎ row, 𝑗𝑡ℎ rep and 𝑖𝑡ℎ site; 𝜋 is the probability of fusiform rust disease; 

𝑙𝑜𝑔(𝜋/1 − 𝜋) is the log odds of fusiform rust disease incidence; 𝜇 is the conditional mean; 𝑆𝑖 is 

the fixed effect of site (i = 1,2,…,4/8); 𝑅𝑗 is the random rep effect with 𝑅𝑗~NID(0, 𝐈𝜎𝑅
2); (𝑅𝑜𝑤)𝑘 

is the random row effect with (𝑅𝑜𝑤)𝑘~NID(0, 𝐈𝜎𝑅𝑜𝑤
2 ); (𝐶𝑜𝑙)𝑙 is the random column effect with 
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(𝐶𝑜𝑙)𝑙~NID(0, 𝐈𝜎𝐶𝑜𝑙
2 ); 𝑆𝑇𝑖𝑚 is the compound term of random clone/seedling nested within site 

(additive) effect with 𝑆𝑇𝑖𝑚~NID(0, 𝐆𝑎 ⊗ 𝐀), and 𝑒𝑖𝑗𝑘𝑙𝑚 is the random error term with 

𝑒𝑖𝑗𝑘𝑙𝑚~NID(0, 𝐈𝜎𝑒
2). Fusiform rust disease is a binary trait and has no residual variance, thus a 

fixed dispersion parameter  𝜋2/3 = 3.29 was used as an alternative error variance in the 

phenotypic variance (Gilmour et al. 1985). To extend the above analyses with fusiform rust to 

equivalent models 4 and 5, in equation 3.7 the term 𝑆𝑇𝑖𝑛 was substituted with another consolidated 

term 𝑆𝑇𝑃𝑖𝑚𝑛 to fit effect of random additive tree nested within site and propagule type (clone and 

seedling) with 𝑆𝑇𝑃𝑖𝑚𝑛~NID(0, 𝐆𝑎 ⊗ 𝐀). The 𝐆𝑎 structure for 𝑆𝑇𝑖𝑚 and 𝑆𝑇𝑃𝑖𝑚𝑛 was modeled as 

uniform heterogeneous, uniform heterogeneous with separate uniform correlation between 

propagule types, and uniform correlation with factor analytic of k = 1 as described previously. 

Mathematical forms of variance-covariance structures used in all models are summarized in Table 

3.2. All the models were fit using ASReml 4.1 software (Gilmour et al. 2015). The ASReml codes 

for all models are provided in the Appendix C (Codes C2). 

3.3.4.3 Linear combinations of variance components and predictions 

Individual tree narrow-sense heritability and heritability of means (clone-mean and family-mean) 

were calculated using the following derivations from the models as described by Isik et al. (2017): 

ℎ𝑖
2 =

𝑟̅𝑎𝜎̅𝑎
2

𝜎̅𝑎
2+𝜎̅𝑒

2     Eq. 3.8 

ℎ𝑚
2 =

𝜎̅𝑎
2𝑟̅𝑎

𝜎̅𝑎
2

𝑠
+

(𝑠−1)𝜎̅𝑎
2𝑟̅𝑎

𝑠
+

1

𝑠2
∑

𝜎𝑒
2

𝑛ℎ

𝑠
𝑖=1

     Eq. 3.9 

where 𝜎𝑎
2 is the average additive genetic variance; 𝜎𝑒

2 and 𝜎𝑒
2 are residual and average residual 

variance, respectively; 𝑟̅𝑎 is the average additive genetic correlation between pairs of sites, 𝑠 is the 

number of sites, and 𝑛ℎ is the harmonic mean number of trees per genotype per site. Individual 
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tree narrow-sense heritability was not calculated for rust disease incidence because of its binary 

nature. The narrow-sense heritability from a binary trait could be inaccurate because the 

phenotypic response is either 0 or 1, and it is possible that a given gene substitution effect may fall 

close to 0.5 (Dempster and Lerner 1950). Also, environmental variance might be independent of 

the mean genotypic value (Dempster and Lerner 1950). Standard error of heritabilities were 

approximated using the delta method (Lynch and Walsh 1998).  

Predicted breeding values of 65 genotypes from clones and seedlings from all the models 

were correlated using product moment and rank correlation. Models 4 and 5 also directly provided 

uniform correlation (𝜌) between the two propagule types. Product moment and rank correlation 

standard errors were approximated using 𝑆𝐸𝑟 = √1 − 𝑅2/𝑛 − 2 (Garcia 2011), where 𝑅2 is the 

coefficient of determination, and 𝑛 is the sample size. Within-family genotype ranking of clones 

versus seedling breeding values were visualized using ggplot2 (Wickham 2016) package in R 

statistical software (Team RC 2018). Only nine families with all three surviving genotypes were 

used for assessing within-family rankings.     

3.4 Results  

Individual sites differed for height, volume, and incidence of fusiform rust disease (Figure 3.2). 

Three of the clonal sites (NAS6, OAK7, and PAL8) had very low or no fusiform rust disease 

incidence. Two propagule types (clones and their half-sib progeny) slightly differed for height and 

volume growth at age four. The difference between two propagule types was more pronounced for 

fusiform rust disease incidence. On average half-sib progeny exhibited 23 percent more rust 

disease incidence than the clones.  
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3.4.1 Model comparison  

Model fit statistics are presented in Table 3.3. Models 1 and 2 had different fixed effects than 

models 3, 4, and 5. In order to compare models 1 and 2 with the rest, we used a pooled fit statistic 

by fitting a diagonal Ga structure for combined clonal and seedling data. Among combined models 

(seedling + clone), model fit statistics and the average standard error of differences between pairs 

of breeding values (SED) were lowest when factor analytic structure (FA) was used (model 5). 

However, the AIC for the FA model was not different from the AIC of two other combined models 

3 and 4, due to the large number of additional parameters estimated in FA model. Fit statistics 

were worse when clone and seedling data were analyzed using pooled model [1(C) + 2(S)].  

Tree effect was a three-way consolidated term; nested within site and propagule type 

(Propagule.Site.Tree) in models 4 and 5. These two models had better fit statistics and SED 

compared to models with tree effect nested only within site. Although the FA model resulted in 

lower SED and LogL than other two combined models (3 and 4), the AIC of three models was not 

different. Moreover, many parameters for the FA model were fixed at the boundary suggesting 

over-fit. Among the combined models, given considerably lower SED statistic, the model with Ga 

(CORU⊗CORUH) was the best model (Table 3.3).  

A log likelihood test was used to compare the uniform correlation structure (CORU) with 

an IID structure in three-way consolidated term (results not shown in the table). The CORU with 

the three-way consolidated term significantly improved the model fit statistics compared to IID 

three-way consolidated term. In other words, the AIC improved significantly when the simple 

IID⊗CORUH three-way consolidated term was replaced by the CORU⊗CORUH structure 

(LogL ratio test p-value was 0.01).   
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3.4.2 Genetic parameter estimates  

The genetic parameter estimates from all models for height, volume, and fusiform rust incidence 

are presented in Table 3.4. The additive genetic variance estimates from independent analysis 

(models 1 and 2) were somewhat smaller than the estimates from the combined analysis (models 

3, 4, and 5) for all traits. Overall, the additive genetic variance for height, volume, and fusiform 

rust incidence did not differ when data from two propagule types were analyzed together. For 

height and volume, the additive genetic variance of clones was 2 to 2.5 times greater than their 

half-sib seedlings in all models. For the incidence of fusiform rust disease, the additive genetic 

variance from clonal trials was 4.7 to 6.8 times greater compared to the half-sib seedling trials. 

The residual variance did not differ much among models. Separate analysis of clonal and seedling 

data (models 1 and 2) showed slightly greater residual variance for height and volume compared 

to combined models.   

Individual-tree narrow-sense heritability was estimated for growth traits from half-sib 

seedling data only. The narrow-sense heritability estimates for height and volume were 0.25 for 

combined analysis, while it was 0.22 for independent analysis of seedling data (Table 3.4). Family-

mean and clone-mean heritability estimates were high in all models, ranging from 0.88 and 0.99 

for the traits. All heritability estimates were associated with small standard errors.    

The GxE interaction was negligible in all models for all traits. The average additive genetic 

correlations between sites were high, ranged between 0.84 and 0.99 for height, volume, and 

fusiform rust disease incidence. For the FA structure, average additive genetic correlations were 

calculated for clonal and seedling sites separately. Using height as the response variable, clonal 

sites showed slightly more GxE (0.85) compared to seedling sites (0.90), and the overall 

correlation was 0.88, indicating weak GxE interactions (Figure 3.3).  
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3.4.3 Correspondence between clonal and seedling tests  

Product moment and rank correlation estimates between clones and their half-sib seedlings for 

height, volume, and fusiform rust disease incidence are provided in Table 3.5. The correlations 

were calculated using the average breeding values estimates for each genotype, one from clonal 

and one from half-sib seedling data. Using the propagule effect, models 4 and 5 directly provided 

with an estimate of the additive genetic correlation (𝜌) between clones and their half-sib progeny.    

Moderate genetic correlations between breeding value of genotypes from independent 

analysis (models 1 and 2) were observed between two propagule types; being 0.59 for height and 

volume (Figure 3.4a) and 0.40 for fusiform rust incidence. As expected, combined data analysis 

approach (models 3 to 5) resulted in improved correlations between breeding values from clonal 

and half-sib seedling trials. The correlations ranged between 0.93 and 1.0 for all traits indicating 

similarity in performance between half-sib seedling progeny and their cloned parents (Figure 

3.4b). Phenotypic correlations of height, volume, and fusiform rust disease incidence were similar 

to the genetic correlations estimated from independent data analysis. However, when complex 

additive genetic covariance structures were used in combined analysis, the additive genetic 

correlations were substantially higher compared to the phenotypic correlations.  

The standard errors associated with the correlations from combined analysis were smaller 

compared to independent analysis. However, the standard errors of product moment and rank 

correlations were estimated differently than genetic correlation 𝜌.   

When the clonal and half-sib seedling data were analyzed independently, we observed 

different ranking of clones within some families (Figure 3.5). In five crosses out of nine, the 

ranking based on seedling progeny was the same with the ranking based on the clonal tests, while 

the rest had lower correspondence. When two data sets were analyzed in the same combined 
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model, the within-family rankings were highly consistent (Figure 3.6). Ranking of three selected 

genotypes within each full-sib family based on seedling progeny tests was similar to clonal tests 

for eight of the nine full-sib families.   

3.5 Discussion 

Two propagule types; seedlings (half-sib seedling progeny) and ramets of the same 65 genotypes 

were tested in different environments a decade apart. After four growing season the difference 

between the two propagule types was minor for height and stem volume. Several published studies 

on loblolly pine reported similar growth and wood density for clones and seedlings originated from 

same full-sib families (Foster et al. 1987; Isik et al. 2003; Gaspar et al. 2005; Cumbie et al. 2011). 

This is especially the case if the seedlings and clones are from similar genetic background (Gaspar 

et al. 2005). Quesada et al. (2017) observed contrasting results between clones and seedlings from 

loblolly pine field trials. Costa e Silva et al. (2013) reported lower growth rate for cuttings 

compared to seedlings in Eucalyptus globulus. They indicated that lower growth rates of rooted 

cuttings could be due to poor root development.  

The propagule types differed significantly for the incidence of fusiform rust disease. Two 

out of four clonal sites had almost no incidence of fusiform rust disease. Lower disease incidence 

in clonal trials is not surprising and this have been widely reported in the literature (Foster and 

Anderson 1989; Frampton et al. 2000; Isik et al. 2003). For example, Frampton et al. (2000) 

observed higher fusiform rust incidence for loblolly pine full-sib seedlings compared with rooted 

cuttings originating from the same families. They concluded that cuttings are less susceptible to 

fusiform rust disease compared with seedlings. They attributed it to presence of succulent tissues 

at the early growth stages of seedlings, age difference, and thicker cell walls in rooted cutting 

tissues.  
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3.5.1 Model selection 

Most published research analyzed clone and seedling progeny data independently and examined 

the performance of propagule types (Kumar 2006; Baltunis et al. 2007; Cumbie et al. 2011; 

Quesada et al. 2017). Previously published works also fit simple covariance structures to model 

genetic effects and genotype by environment interactions. In this study, we explored various 

covariance structures for the genotype by environment interactions for the independent and 

combined analysis. A uniform heterogeneous additive covariance structure was a better fit for 

independent clone and seedling data analysis compared to cross-classified models (results not 

shown).    

In the combined analysis, we implemented two-way consolidated terms to model additive 

genetic and genotype-by-environment covariance structures. We also fit three-way consolidated 

terms to model the propagule type x additive genetics x environment interactions. To our 

knowledge, this is a relatively novel approach and requires more complex variance structures. The 

three-way consolidated term provided unique additive genetic variance for each environment, a 

uniform correlation between pairs of environments, and a correlation (𝜌) between the two 

propagule types. As expected, the model fit statistics were better for this model compared to 

analyzing the clone and seedling data independently. More complex models are penalized for 

estimating large number of parameters as we observed higher AIC fit statistics. Analysts should 

be aware of overfitting models by examining the genetic parameters to see if variance components 

were fixed at the boundaries. In this study, we observed that a considerable number of parameters 

were fixed at the boundaries for factor analytic variance structures.   
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3.5.2 Genetic parameter estimates  

In this study, additive genetic variance estimates from the clonal genetic tests were at least two 

times higher than additive genetic variance estimates from the seedling progeny tests across all the 

traits (Table 3.4). With the use of ramets of the same clone, it is possible to better partition the 

clonal effect from the error/residual effect, and this likely improved the estimation of the additive 

effect and thus additive genetic variance. Non-additive genetic effects, which were not estimable 

in the models because of limited number of individuals per cross, may have also contributed to the 

higher additive genetic variance from clonal data. Numerous published research also reported 

higher additive genetic variance from cloned material than from seedling progeny tests originating 

from the same full-sib families for loblolly pine (Baltunis et al. 2007; Cumbie et al. 2011). Isik et 

al. (2004) observed higher genetic variance for clones compared with seedlings originating from 

the same full-sib families of loblolly pine for fusiform rust incidence and for stem volume. In a 

loblolly pine second year height growth, Baltunis et al. (2007) observed three-fold difference 

between clones’ and seedlings’ additive genetic variance.  

Despite large differences observed in additive genetic variances between two propagule 

types, the repeatability of genotype means (clone-mean and half-sib family-mean heritability) were 

similar for stem height and volume in this study (Table 3.4). This could be explained by higher 

unexplained variance (residual variance) from clonal trials. The difference in repeatability values 

for fusiform rust incidence was more pronounced (clone-mean repeatability estimates are higher) 

among propagule types. Cumbie et al. (2011) observed greater clone-mean heritability estimates 

than family-mean heritability for height, diameter, and wood density from loblolly pine clones and 

seedlings originating from the same full-sib families. In another study, Isik et al. (2004) reported 

large full-sib family-mean heritability for clones compared to seedlings for volume and fusiform 
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rust disease incidence. Unlike this study, the above two studies analyzed clones and seedlings from 

the same families (some of full-sib progeny were cloned and some were not), rather than seedlings 

that are progeny of the genotypes in question. This is an important difference and is directly related 

to the three different types of correlations mentioned earlier in this paper.   

The additive genetic correlation was high between pairs of sites suggesting negligible GxE 

interaction as has been found in other studies in loblolly pine (McKeand et al. 2006). Other 

published research comparing loblolly pine clones and seedlings from the same full-sib families 

tested across multiple environments also observed negligible GxE interaction (Baltunis et al. 2007; 

Cumbie et al. 2011; Quesada et al. 2017).        

3.5.3 Correspondence between genotypes from the clonal and seedling tests  

When cloned and seedling-based progeny are genetically closely related, the breeding values of 

both propagule types can be compared with each other (Costa e Silva et al. 2013). In such a case, 

clones can be confidently selected as future parents if the correlation is moderate to high. However, 

the correlation between genetically related clones and seedlings can be influenced by the 

magnitude of non-additive genetic and propagation effects (Burdon 1989; Borralho and Kanowski 

1995; Costa e Silva et al. 2013). Nevertheless, these correlation estimates can be improved with 

increased sample size per genotype and higher trait heritability (Borralho and Kanowski 1995; 

Kumar 2006; Costa e Silva et al. 2013). 

Non-additive genetic effects were not modeled in this study because of the low number (1 

to 3) of genotypes per family. Costa e Silva et al. (2013) pointed that a small number clones per 

family may result in insignificant and biased non-additive genetic variance estimates. Hence, in 

this study, breeding values of 65 genotypes (variation explained by the additive genetic effects) 
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were estimated to assess correspondence between clones and half-sib seedling progeny but non-

additive genetic effects not included in the models.  

When clonal and half-sib progeny data were analyzed independently, the correlations 

between estimated breeding values of 65 genotypes were moderate (0.59 for height and volume). 

Kumar (2006) reported similar moderate correlations between breeding values of two propagule 

types for stem diameter (0.64) and stem straightness (0.56) from radiata pine (Pinus radiata D. 

Don) trials. The study utilized a smaller number of ramets (10) but a large number of seedling 

progeny (60) per genotype across sites.  

Unlike this study, previous studies on loblolly pine used two propagule types originating 

from the same crosses (Type 1). The propagule types were tested in the same experimental designs. 

They reported moderate to high genetic correlations (0.56 - 1.0) between clones and seedlings for 

growth and dichotomous traits (Frampton et al. 2000; Baltunis et al. 2007; Cumbie et al. 2011). 

These studies concluded that when two propagule types come from the same cross, rankings of 

genotypes do not change whether either seedling or cloned progeny are used.  

Simulation studies suggested that the correlation between clone and half-sib progeny 

breeding values increases with increase in trait heritability and number of trees per genotype 

(Borralho and Kanowski 1995; Kumar 2006). For instance, with 20 ramets or seedlings per 

genotype and a heritability of 0.20, the correlation between clones and seedlings was about 0.65 

for radiata pine (Kumar 2006). In this study, the number of seedlings per clone (~ 40) and the 

number of ramets per clone (~ 28) were higher.   

The moderate correlation (0.59) observed between the breeding values estimated from 

independent analysis of the two propagule types could also be due to small sample size of 

genotypes within many families. At the time of study design, the three genotypes (high, average, 
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low ranking) were selected for each cross based on genetic values. Because of mortality after 

grafting, some of the families had only one genotype left which may have resulted in lower (or 

biased) correlations between breeding values in the independent analysis.  

Five out of nine families with all three surviving genotypes showed high within-family 

correspondence indicating no rank change. Within-family rankings improved when the data were 

analyzed together. Combined data analysis resulted in much higher breeding value correspondence 

(>0.93) between loblolly pine clones and open-pollinated progeny performance. This is somewhat 

interesting, as it seems the combined analyses ‘forces’ the predictions to be more consistent in 

terms of correlations due to the relationship assumptions in the numerator relationship matrix. 

These results indicate no rank change in cloned genotypes based on half-sib progeny performance 

across and within-families. However, the confidence intervals in the bar plots overlap indicating 

no important differences between the genotypes within families in clonal tests (Figures 3.5 and 

3.6).  

Assessing correspondence between cloned genotypes and seedlings is not straightforward. 

Usually, clonal and seedling data come from separate experiments and can be on different scales. 

The latter is true when we try to estimate genetic correlation between an individual and its offspring 

using its cloned progeny and seedling progeny data (Type 3). Both sources of breeding values are 

estimated with some level of measurement error, which reduces their correspondence. In practice, 

a combined analysis would be impractical to implement, because it is difficult to acquire clone and 

half-sib progeny data at the same time.  

One potential drawback of this study was that the clonal tests and half-sib seedling progeny 

tests of the same genotypes did not have the same experimental design and were established on 

different sites and a decade apart. The substantial improvement in correspondence between 
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breeding values of two propagule type from combined analysis may be due to accounting for GxE 

interaction between clonal and seedling trials which was ignored in independent analysis. Also, 

the numerator relationship matrix from combined analysis utilized the information from both 

propagule types to calculate breeding values for genotypes which improved the correlations. We 

also noticed improvement in the accuracies of breeding values in combined analysis compared to 

independent analysis (Figure B1, Appendix).  

An ideal way to assess the correspondence between clones and half-sib progeny could be 

planting both propagule types in the same environment and using the same experimental design. 

This would reduce the potential for GxE and reduce the residual variance by utilizing consistent 

experimental design. However, this approach would be logistically difficult to implement in most 

pine species due to maturation effects in rooted cuttings.  

3.6 Conclusions 

Selection of next-generation parents in loblolly pine breeding could be enhanced by clonal testing 

for growth traits; however, the results indicated that the ranking of genotypes from clonal testing 

and seedling progeny testing is far from perfect (rank correlation, r = 0.60). This outcome could 

be partially an artifact of the data and the experimental design as two propagule types were not 

tested in the same environment. For fusiform rust, clonal testing would not be informative because 

of low incidence observed in the clonal tests. Breeders may still benefit from using clonal data by 

culling the lower ranking genotypes and deploy a larger number of higher-ranking clones in their 

seed orchards to account for uncertainty. Once more data become available for the genotypes, they 

can rogue the seed orchards to increase the genetic gain. In the near future DNA markers will likely 

play an important role for within-family selection in forest trees. If proven successful, breeders 
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may forgo cloned genetic tests for conifers. Genomic selection studies are underway at major 

breeding centers.  
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3.8 Tables 
 

 

Table 3.1. Clonal and half-sib (HS) seedling progeny test information (the experimental design 

factors with number of trees planted at each site). Both half-sib and clonal trials were measured at 

age four years. iBlocks refer to incomplete blocks within replication in clonal trials.  

Site Propagule 
Location 

(County, St) 
Replication iBlocks Row Column 

# of  

trees  

RAY1 HS Seedling Nassau, FL 10 - 11 6 660 

RAY2 HS Seedling Long, GA 10 - 11 6 660 

ARB3 HS Seedling Tattnall, GA 10 - 17 4 650 

SCF4 HS Seedling Jasper, SC 10 - 8 8 639 

CUT5 Clonal Cuthbert, GA 4 110 55 20 248 

NAS6 Clonal Nassau, FL 8 80 56 20 519 

OAK7 Clonal Oakfield, GA 8 96 48 24 397 

PAL8 Clonal Palatka, FL 8 80 56 20 470 
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Table 3.2. Matrix form and number of parameters for variance-covariance structures used for 

replication (𝐑𝐞𝐩), block (𝐁), row (𝐑𝐨𝐰), column (𝐂𝐨𝐥), additive genetic (𝐆𝑎), and residuals (𝐑) 

effects in linear mixed models.    

Covariance Structure (abbreviation) Matrix form 

Number of  

parameters 

𝐑𝐞𝐩  Independent (IID) 𝜎2𝐈𝑛 1 

𝐑𝐞𝐩  Block diagonal (BD) ⊕𝑖=1
𝑠 𝜎𝑖

2𝐈𝑛𝑖
 8 

𝐑𝐞𝐩. 𝐁  Independent (IID) 𝜎2𝐈𝑛 1 

𝐑𝐞𝐩. 𝐁  Block diagonal (BD) ⊕𝑖=1
𝑠 𝜎𝑖

2𝐈𝑛𝑖
 4 

𝐑𝐨𝐰  Block diagonal (BD) ⊕𝑖=1
𝑠 𝜎𝑖

2𝐈𝑛𝑖
 8 

𝐂𝐨𝐥  Block diagonal (BD) ⊕𝑖=1
𝑠 𝜎𝑖

2𝐈𝑛𝑖
 8 

𝐆𝑎   Heterogeneous (CORUH) 𝚺 ⊗ 𝐀 9 

𝐆𝑎   Heterogeneous (CORU⊗CORUH) 𝐂 ⊗ (𝚺 ⊗ 𝐀) 10 

𝐆𝑎   Factor analytic (CORU⊗FA1) 𝐂 ⊗ [(𝚲𝚲T + 𝛙) ⊗ 𝐀] 17 

𝐑  Block diagonal (BD) ⊕𝑖=1
𝑠 𝜎𝑖

2𝐈𝑛𝑖
 8 

 

𝐈𝑛: n by n identity matrix  

𝚺: s by s matrix of 𝐆𝑎 variances (diagonal) with uniform covariance off-diagonals   

𝐂: p by p correlation matrix, p is propagule type (clone and seedling)  

𝚲: s by k (k=1) matrix of site loadings   

𝛙: s by s matrix of site-specific variances  

𝐀: Numerator relationship matrix  

𝑠: Number of sites  

⊕: Direct sum   

⊗: Kronecker product   
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Table 3.3. Model fit statistics (residual log likelihood [LogL], Akaike information criteria [AIC]) 

and average standard error of difference between predictions (SED) from separate and combined 

clone (C) and half-sib seedling (S) for height. The 𝐆𝑎 structure was heterogeneous (CORUH) in 

models 1 to 4 and factor analytic of order 1 (FA1) in model 5. The 𝐆𝑎 in models 1 to 3 was fit 

using a consolidated term (Site.Tree) where tree effect is nested within site. In models 4 and 5, tree 

effect was nested within site and propagule type (Propagule.Site.Tree). A diagonal 𝐆𝑎 structure 

was fit in combined data to obtain pooled fit statistics for models 1 (C) and 2 (S). The Rep and the 

Rep x Block effects had an independent, identically distributed structure (IID) for models 1 and 2. 

The same terms had block diagonal structures (BD) in other models.    

Model (Data) Ga LogL AIC SED 

1 (C) CORUH -642 1323 0.288 

2 (S) CORUH -486 1008 0.326 

1 (C) + 2 (S) CORUH -1225 2519 0.482 

3 (C+S) CORUH -881 1853 0.550 

4 (C+S) CORU⊗CORUH -881 1855 0.483 

5 (C+S)  CORU⊗FA1 -873 1853 0.475 
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Table 3.4. Variance components for height, volume, and fusiform rust disease incidence from 

independent analysis of cloned (C) and half-sib seedling (S) progeny data types (models 1 and 2), 

combined cloned and seedling progeny data analysis (model 3), and combined cloned and seedling 

progeny data analysis using three-way compound term (models 4 and 5), where 𝜎𝑎𝑠
2  and 𝜎𝑎𝑐

2  are 

additive genetic variance from seedling and clone data, respectively, ℎ𝑖
2(𝑠𝑒) is individual tree 

narrow-sense heritability, ℎ𝑓𝑚
2 (𝑠𝑒) is half-sib family-mean heritability, ℎ𝑐𝑚

2 (𝑠𝑒) is clone-mean 

heritability, and 𝑟𝐴 is additive genetic correlation between pairs of sites. Standard errors (𝑠𝑒) are 

given within parentheses.  

Model 𝝈𝑎𝑠
𝟐  𝝈𝑎𝑐

𝟐  𝝈𝑒
𝟐 𝒉𝑖

𝟐(𝒔𝒆) 𝒉𝑓𝑚
𝟐 (𝒔𝒆) 𝒉𝑐𝑚

𝟐 (𝒔𝒆) 𝒓𝐴(𝒔𝒆) 

Tree height       

1 (C) - 0.31 0.72 - - 0.88 (0.018) 0.91 (0.044) 

2 (S) 0.13 - 0.45 0.22 (0.060) 0.90 (0.031) - 0.99 (0.001) 

3 (C+S) 0.16 0.34 0.42 0.25 (0.055) 0.89 (0.021) 0.91 (0.011) 0.88 (0.040) 

4 (C+S) 0.16 0.34 0.42 0.25 (0.055) 0.89 (0.021) 0.91 (0.011) 0.88 (0.040) 

5 (C+S) 0.16 0.34 0.42 0.25 (0.020) 0.89 (0.007) 0.91 (0.008) 0.88 (0.109) 

Stem volume       

1 (C) - 18.55 34.33 - - 0.88 (0.016) 0.85 (0.059) 

2 (S) 7.36 - 27.57 0.21 (0.065) 0.90 (0.036) - 0.99 (0.001) 

3 (C+S) 9.90 20.82 22.84 0.25 (0.062) 0.88 (0.024) 0.91 (0.010) 0.84 (0.048) 

4 (C+S) 9.93 20.48 23.89 0.25 (0.063) 0.88 (0.024) 0.90 (0.010) 0.84 (0.048) 

5 (C+S) 10.03 19.85 23.89 0.26 (0.020) 0.89 (0.007) 0.91 (0.007) 0.87 (0.028) 

Fusiform rust       

1 (C) - 1.79 NA  - - 0.97 (0.013) 0.95 (0.279) 

2 (S) 0.38 - NA  - 0.94 (0.018) - 0.99 (0.001) 

3 (C+S) 0.43 2.94 NA  - 0.93 (0.014) 0.98 (0.002) 0.94 (0.120) 

4 (C+S) 0.43 2.94 NA  - 0.95 (0.014) 0.99 (0.002) 0.94 (0.121) 

5 (C+S) 0.43 2.86 NA  - 0.95 (0.011) 0.99 (0.002) 0.99 (0.001) 
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Table 3.5. Product moment (𝑟𝑝), rank (𝑟𝑟𝑎𝑛𝑘) correlation estimates (N = 65 genotypes) between 

breeding values from clonal (C) and half-sib seedling (S) tests for separate and combined data 

analysis. The genetic correlation for propagule type effect (𝜌) was obtained directly from the 

models 4 and 5. Standard errors are given within parentheses.  

Trait / Statistics  

Model 

1 (C), 2 (S) 3 (C+S) 4 (C+S) 5 (C+S) 

Tree height    
𝑟p 0.59 (0.102) 0.98 (0.022) 0.98 (0.022) 0.97 (0.031) 

𝑟rank 0.60 (0.101) 0.98 (0.025) 0.98 (0.025) 0.96 (0.036) 

𝜌 - - 0.99 (0.001) 0.99 (0.001) 

Stem volume    
𝑟p 0.59 (0.102) 0.97 (0.029) 0.97 (0.028) 0.94 (0.042) 

𝑟rank 0.58 (0.103) 0.97 (0.033) 0.97 (0.031) 0.93 (0.047) 

𝜌 - - 0.99 (0.001) 0.99 (0.001) 

Fusiform rust incidence    
𝑟p 0.40 (0.116) 0.98 (0.025) 1.00 (0.004) 0.99 (0.004) 

𝑟rank 0.46 (0.112) 0.99 (0.010) 1.00 (0.004) 1.00 (0.003) 

𝜌 - - 0.99 (0.001) 0.96 (0.010) 
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3.9 Figures 

 

Figure 3.1. Geographic locations of clonal (CCLONES, blue circles) and half-sib seedling (OP) 

trials (red triangles) in South Carolina, Georgia and Florida. Gray shaded area shows location of 

these states in the Southern United States.   
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Figure 3.2. Site means with standard errors for tree height (a), stem volume (b), and fusiform rust 

disease incidence (c). Colors represent propagule types. Clonal and seedling tests had similar 

growth, but they had large difference for fusiform rust incidence. 
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Figure 3.3. Site pairwise additive genetic correlation from factor analytic 𝐆𝑎 covariance structure 

(model 5) for tree height. Dark blue color indicates higher additive genetic correlation or less GxE 

interaction among pairs of sites.   
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Figure 3.4. Scatterplots and linear fit of stem volume breeding values of 65 genotypes from clonal 

and half-sib seedling progeny tests from independent (a) and combined data analysis (b). Clonal 

and half-sib seedling tests breeding values correspond strongly when the data were analyzed 

together.   
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Figure 3.5. Ranking of three genotypes within each of nine full-sib families for volume breeding 

values based on the independent analysis of clonal and half-sib seedling progeny tests. Three 

cloned genotypes (ranked high, average, and low) within each full-sib family were selected to 

progeny test using open-pollination seeds (half-sibs). Ranking of selected three genotypes within 

each full-sib family based on seedling progeny tests was similar to clonal tests for five of the nine 

full-sib families. 
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Figure 3.6. Ranking of three genotypes within each of nine full-sib families for volume breeding 

values based on the combined analysis of clonal and half-sib seedling progeny tests. Three cloned 

genotypes (ranked high, average, and low) within each full-sib family were selected to progeny 

test using open-pollination seeds (half-sibs). Ranking of selected three genotypes within each full-

sib family based on seedling progeny tests was similar to clonal tests for eight of the nine full-sib 

families.  
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Chapter 4: Genomic Prediction for Fusiform Rust Incidence and 

Stem Forking Defects in a Cloned Loblolly Pine Population  

 

4.1 Abstract 

In this study, 723 loblolly pine (Pinus taeda L.) clonal varieties from five full-sib families were 

used to evaluate genomic selection for two economically important threshold traits, fusiform rust 

disease caused by fungus Cronartium quercuum f. sp. fusiforme and stem forking defects. The 

clonal varieties were a subset of a larger population (1831 clonal varieties), field-tested across 26 

locations in the southeast US. Ridge regression, Bayes B and Cπ models were implemented to 

study marker-trait associations and estimate predictive ability of 16,920 SNP markers for selection. 

Three cross-validation scenarios were implemented. Cross-validation scenarios using a random set 

of 80% of the clones for model building and 20% for validation had high (0.71- 0.76) prediction 

accuracies for both traits, while within-family and single family cross-validation scenarios 

produced low or weak prediction accuracies, especially for stem forking. When a family was split 

into training and validation set, the prediction accuracies were moderate to high (0.32 to 0.62) for 

fusiform rust incidence, showing the importance of genetic connectedness. Three SNP loci had 

large effects on fusiform rust incidence, explaining 54% of the genetic variation in the trait. The 

odds of disease incidence for heterozygous AB genotypes were 10.7 and 12.1 times greater than 

the homozygous AA genotypes for SNP11965 and SNP6347 loci, respectively. No major QTLs 

were discovered for stem forking defects. Genomic selection for fusiform rust disease incidence 

could be effective in loblolly pine breeding.  
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4.2 Introduction  

Threshold traits (dichotomous or polychotomous characters) are discrete variables assessed in 

genetic studies (Lynch and Walsh 1998). Dichotomous traits have two levels of phenotypic 

classes; “affected (yes)” and “not-affected (no)”. Polychotomous traits can have more than two 

levels of discrete phenotypic classes. Some threshold traits behave like continuous phenotypic 

traits and are not inherited in a simple Mendelian manner (Falconer and Mackay 1996). These 

traits can be heritable and are affected by genetics and environment.  

Some threshold traits are controlled by a few major genes. For instance, in Atlantic salmon, 

one to two major genes control the resistance to infectious pancreatic necrosis (Gonen et al. 2015; 

Houston et al. 2008). Liu et al. (2016) detected five major genes associated with survival against 

viral nervous necrosis disease in Asian seabass. In apple, McClure et al. (2016) found two major 

quantitative trait loci (QTL) associated with fruit soft scald defects. Lebeau et al. (2013) found one 

major gene affecting the resistance to bacterial wilt disease in eggplant. The traits in these studies 

were assessed as binary (presence, absence) phenotypic response.  

For genetic analyses, threshold traits are sometimes transformed to continuous variables 

known as liability to estimate variance components (Falconer and Mackay 1996). Generalized 

linear models with various link functions have been used for analysis of discrete variables 

(Gilmour et al. 1985; McCulloch and Neuhaus 2005; Nelder and Wedderburn 1972). 

Fusiform rust disease, caused by Cronartium quercuum f. sp. fusiforme, is an important 

problem in loblolly pine (Pinus taeda L.) plantations in the southeastern US. The pathogen has co-

evolved with the host pine species in the region over millions of years (Kubisiak et al. 2005). The 

fungus causes damage in excess of 100 million US dollars annually in young pine plantations 
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(Cubbage et al. 2000). The disease suppresses growth, reduces wood quality, and increases 

mortality in pine plantations.  

Numerous studies suggested that fusiform rust disease in loblolly pine could be controlled 

by a few major quantitative trait loci (QTLs) (Fr genes). A resistant single dominant gene Fr1 was 

mapped by association of the phenotype with random amplified polymorphic DNA (RAPD) 

genetic markers in four specific families of loblolly pine (Wilcox et al. 1996). Using the same 

method, additional single genes were discovered in different loblolly pine families (Amerson et al. 

2005; Amerson et al. 2015; Isik et al. 2012; Jordan, 1997). Single nucleotide polymorphisms (SNP) 

markers-tagged putative QTL were reported for fusiform rust disease in a loblolly pine cloned 

population (Quesada et al. 2014). In the study, five SNP markers accounted for 30% of the 

variation in disease incidence. To our knowledge, the degree of oligogenic versus polygenic 

resistance to fusiform rust disease has not been determined for a large sample of loblolly pine 

families.   

In loblolly pine breeding in the southern USA, none of the QTLs have been employed 

because the marker-tagged QTLs were specific to individual pine families. They could be detected 

when the progeny of parents were challenged with specific spore isolates of the pathogen (Wilcox 

et al. 1996). In practical breeding of the species, the incidence is assessed in progeny tests as a 

binary outcome and is analyzed using generalized linear mixed models to estimate variance 

components and predict the probability of disease occurrence for parents and families. Moderate 

to high repeatability of genotype means (a range of 0.60 to 0.99) were reported for fusiform rust 

disease in the literature (Isik et al. 2008; Isik et al. 2004; McKeand et al. 1999).  

Forking is another important threshold trait in loblolly pine. A pine tree is considered 

forked when two or more stems of similar diameter separate the trunk (Xiong et al. 2013). 
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Ramicorn defects are steep-angled branches in loblolly pine and are substantially larger in diameter 

than normal branches in a whorl. Forking and ramicorn defects results in knots, irregular grain 

size, and stem irregularity leading to reduced wood quality and quantity (Jayawickrama 2001; 

Ladrach and Lambeth 1991; Xiong et al. 2013). In a clonally replicated loblolly pine full-sib family 

study, Xiong et al. (2016) found three major genes accounting for 82% of the total variation for 

stem forking. In another cloned loblolly pine population, within-family variation for forking 

defects was considerably larger than among families (Xiong et al. 2010; Xiong et al. 2013). The 

repeatability of genotype means for stem forking ranged between 0.55 and 0.86. These studies 

indicated that forking defect is partially controlled by additive genetic effects at the family and 

clonal level, although the heritability for individual trees tends to be low.   

Numerous studies suggested that selection at the family level is effective in loblolly pine 

for polygenic or dichotomous traits because of high repeatability of family means (Cumbie et al. 

2011; Isik et al. 2003, 2004). This is not the case for within-family selection because of low 

heritability estimates. Cloned progeny testing and selection have been proposed to increase within-

family selection efficiency for the species (Foster and Shaw 1988; McKeand et al. 2003; 2006; 

Isik et al. 2003, 2005). However, clonal progeny testing is time consuming and may take more 

than 10 years to complete in loblolly pine. Employment of large number of SNP markers for 

within-family selection may help to reduce the selection cycle drastically and replace clonal 

progeny testing in forest trees (Isik 2014).  

The prediction accuracy for within-family genomic selection is expected to be efficient, 

mainly due to better capturing of chromosome haplotypes segregating within family (Isik 2014). 

Use of large number of markers can also capture linkage disequilibrium (LD) (Solberg et al. 2008; 

Würschum et al. 2017). Trait heritability, training population size, and number of QTLs were 
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factors affecting accuracy and predictive ability within- and among-family prediction models in a 

simulated aquaculture population (Lillehammer et al. 2013). In wheat and triticale, the within-

family prediction accuracy was higher (0.34 to 0.80) for disease traits compared to among family 

predictions (-0.45 to 0.66) (Herter et al. 2019; Würschum et al. 2017). Both studies indicated lower 

prediction accuracy when one family was used to predict another. In a simulated bi-parental maize 

data, the prediction accuracy within full-sib families was higher (ranged between 0.41 and 0.97) 

compared to among-family prediction models for 50 different phenotypic traits (Schopp et al. 

2017). In two simulated aquaculture populations, Toro et al. (2017) and Lillehammer et al. (2013) 

reported higher prediction accuracies for within-family prediction models compared to across 

families. The prediction accuracy decreased after multiple generations in both within- and among-

families, however the rate of decline was lower for within-family prediction models (Toro et al. 

2017). 

In this study, we investigated the efficiency of within-family genomic selection for loblolly 

pine, one the most widely planted conifer tree species in the southern US (McKeand 2019). We 

focused on two dichotomous traits, a fungal disease and stem forking defects, using a large cloned 

progeny population (1831 clonal varieties, 723 were genotyped). We were particularly interested 

in knowing if there are QTLs with large effects controlling the traits and identifying the best 

strategy for within-family genomic selection. The results from this study may have large 

implications for conifer breeding.  

The main objectives of this study were to: 1) discover SNP markers with large effects on 

two threshold traits, and 2) study the within-family genomic selection accuracy for two threshold 

traits by running various cross-validation scenarios. 
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4.3 Materials and methods  

4.3.1 Genetic material and experimental design 

A total of 1831 clonal varieties from 37 full-sib families were cloned for within-family selection 

in a loblolly pine population in the southeastern US. The number of clonal varieties (genotype) per 

family ranged between 1 and 238 with an average of 49. Clonal varieties were produced via 

somatic embryogenesis (Becwar et al. 1990), in which developing embryos were harvested from 

immature cones and brought into culture to produce multiple copies of the same genotype. Plantlets 

were raised in a greenhouse for 8 to 12 weeks and subsequently grown outdoors for 6 months prior 

to field trial establishment.  

The study was established at 26 locations (sites) in the southeastern US. Each site consisted 

of six incomplete blocks with row-column configuration. Not all the trials were established in the 

same year because of logistics of producing plantlets. Trials were established in seven test series 

starting in 2006 and were completed in 2008. The number of tests established per series ranged 

between two and six. Test sites were strongly connected within a test series (69 to 396 genotypes 

in common), whereas the overlap between tests across series was weak. The harmonic mean 

number of trees (identical copies) per clonal variety was 17 trees across all the test series. The 

layout of the reps and number of crosses and clones differed among sites (Table A2, Appendix). 

4.3.2 Phenotyping and genotyping 

About 31,411 trees (1831 clonal varieties x 17 copies each) were assessed for incidence of fusiform 

rust disease (presence of galls or no galls) and incidence of stem forking (yes or no) at age six 

years. For this study, 723 cloned genotypes from five full-sib families were genotyped. Most of 

these families were related sharing a parent or a grandparent (Figure B2). The genotyped clones 

were distributed across all 26 trials. The number of clonal varieties per family ranged between 46 
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and 224. For genotyping, DNA was extracted from young needle tissues of trees. A proprietary 

17K custom SNP array was developed using the Applied BiosystemsTM AxiomTM array from 

ThermoFisher Scientific. SNPs loci were initially screened with a 192 sample set of diverse 

genotypes from across the natural range of loblolly pine. Candidate SNP sequences used in the 

screening were developed as a part of the PINEMAP project (Coordinated Agricultural Project 

funded by the USDA National Institute of Food and Agriculture, Award #2011-68002-

30185).  SNPs were selected for inclusion on the final array based on a call rate success and 

a minor allele frequency of 5%. Markers violating a non-zero minor allele frequency less than 0.02 

and a lower than expected proportion of heterozygotes were discarded. Missing genotypes were 

imputed with LinkImpute software (Money et al. 2015). The software uses the LD-kNNi algorithm 

developed and modified by Troyanskaya et al. (2001) and Schwender (2012). The method imputes 

missing genotypes using normalized distance and k nearest neighbors between genotypes. The 

final number of markers used in the study was 16920.    

4.3.3 Statistical analysis 

4.3.3.1 Genetic analysis of phenotype data 

The incidence of fusiform rust disease and stem forking defects of 1831 genotypes were analyzed 

using the following generalized linear mixed model.  

𝜂 = 𝑙𝑜𝑔 (
𝑝

1−𝑝
) = 𝟏𝜇 + 𝐗𝑠 + 𝐙1𝑏 + 𝐙2𝑐 + 𝐙3𝑟 + 𝐙4𝑎 + 𝐙4𝑛 + 𝑒  Eq. 4.1 

where 𝜂 is the link function 𝑔(𝜇) of the vector of response variable (incidence or no incidence); 𝑝 

is the probability of trait incidence; 𝑙𝑜𝑔(𝑝/1 − 𝑝) is the log of odds; 𝜇 is the conditional mean; 𝐗 

and 𝐙 are incidence matrices for the fixed and random effects respectively; 𝑠 is the vector of site 

fixed effect; 𝑏 is the vector for random replicate effect nested within site with 𝑏~NID(0, 𝐈𝜎𝑏
2); 𝑐 

is the vector of random column effect nested within rep with 𝑐~NID(0, 𝐈𝜎𝑐
2); 𝑟 is the vector of 
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random row effect nested within rep with 𝑟~NID(0, 𝐈𝜎𝑟
2); 𝑎 is the vector of random additive 

genetic effects with 𝑎~NID(0, 𝐆𝑎 ⊗ 𝐀); 𝑛 is the vector of random non-additive genetic effects 

with 𝑛~𝑁𝐼𝐷(0, 𝐈𝜎𝑛
2); and 𝑒 is the vector of random errors with 𝑒~NID(0, 𝐈𝜎𝑒

2). The symbol ⊗ is 

the direct (Kronecker) product operator, 𝐈 is an identity matrix, 𝐆𝑎 is the variance-covariance 

matrix of the genotype nested within environment effect, and 𝐀 is the numerator relationship 

matrix derived from pedigree.  

Various covariance structures were fit to the additive genetic effects (𝑎), such as compound 

symmetry, uniform covariance, factor analytics. Heterogeneous additive genetic variance structure 

for the sites and a uniform genetic correlation between all pairs of sites was the best fit. The 

mathematical form of heterogeneous 𝐆𝑎 covariance structure is  

𝐆𝑎 ⊗ 𝐀 =

(

 
 

𝜎𝑔𝑒1
2 𝜌

𝜌 𝜎𝑔𝑒2
2

⋯ 𝜌
⋯ ⋮

⋮ ⋯
𝜌 ⋯

⋱ 𝜌

𝜌 𝜎𝑔𝑒26
2

)

 
 

⊗ 𝐀    Eq. 4.2  

where, the diagonal elements are individual site additive genetic variances and off-diagonal 

elements are correlations between pairs of sites. A simple IID (independent and identically 

distributed) structure was fit for non-additive genetic effects in the model. This structure provides 

a single constant non-additive variance across all sites but no covariance between pairs of sites. 

Non-additive by environment interaction was not significant. Residual log-likelihood ratio test was 

used to assess the significance of additive and non-additive genetic variances. 

Using the observed variance components from the above model, clone-mean narrow-

sense and broad-sense heritability were estimated using the derivations according to Isik et al. 

(2017): 
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   Eq. 4.3  
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     Eq. 4.4 

where 𝜎𝑎
2 is the average square root of product of pairwise additive genetic variances within 

environments; 𝜎𝑛
2 is non-additive genetic variance; 𝜎𝑒

2 is the residual variance; 𝑟𝑎 is the additive 

genetic correlation between pairs of sites, 𝑠 is the number of sites (𝑠 = 26), and 𝑛ℎ is the harmonic 

mean number of trees per clonal variety per site (𝑛ℎ = 0.70). Fusiform rust disease incidence and 

stem forking incidence are binary traits and have no residual variance; therefore, the variance of 

standard logistic distribution  𝜋2/3 = 3.29 was used as an alternative to error variance for the 

heritability calculations (Gilmour et al. 1985). We assumed mean zero and scale parameter one for 

the standard logistic distribution. Standard errors of heritabilities were approximated using the 

delta method (Lynch and Walsh 1998). The models were run using ASReml software version 4.1 

(Gilmour et al. 2014).  

4.3.3.2 Pseudo-phenotypes for genomic selection 

The solutions from Equation 4.1 for the random effects are the best linear unbiased predictions 

(BLUP). These predictions may not be suitable as pseudo-phenotypes for genomic prediction 

models due to shrinkage of estimates towards the mean (Isik et al. 2016). Because of shrinkage, 

they have a smaller variance. Also, the use of pedigree incorporates parental effects to estimate 

breeding values of trees which needs to be removed (Garrick et al. 2009). We fit separate 

generalized linear mixed models to obtain best linear unbiased estimates (BLUE). In the model, 

the genotype effect was fixed, and the rest of the experimental design factors were fit as random. 

The BLUE of genotypes from the models were used as pseudo-phenotypes to estimate marker-
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trait associations. These estimates are adjusted for experimental design factors but are not shrunk 

towards the mean.  

4.3.3.3 Clustering of genotypes based on SNP markers genetic relationships 

The homozygous and heterozygous genotype frequencies were 0.813 (AA), 0.178 (AB), and 0.009 

(BB). Minor allele frequency ranged between 0 and 0.50 with a mean of 0.10. The marker matrix 

was used to identify clusters of genotypes into families. Spectral decomposition was performed on 

marker matrix using principal component analysis in R statistical software (R Core Team 2018). 

The additive genetic relationships were calculated using the pedigree. Realized genomic 

relationship matrix was calculated using the regression method as described by VanRaden (2008).  

𝐌𝐌′ = 𝑔0𝟏𝟏′ + 𝑔1𝐀 + 𝐄    Eq. 4.5 

where 𝐌 is 𝑛 𝑥 𝑚 matrix of SNP markers with elements -1, 0, and 1 for AA, AB, and BB 

genotypes, respectively; 𝑔0 is the intercept, 𝑔1 is the regression slope, 𝟏 is the matrix of ones, 𝐀 is 

the expected relationship matrix calculated from pedigree, and 𝐄 is the matrix of Mendelian 

sampling variation plus measurement error. In this method, the product of the 𝐌 matrix with its 

transpose (𝐌𝐌′) is regressed on 𝐀. The intercept (𝑔0) and the slope (𝑔1) were calculated by solving 

the following equation.  

|
𝑛2 𝛴𝑗𝛴𝑘𝐴𝑗𝑘

𝛴𝑗𝛴𝑘𝐴𝑗𝑘 𝛴𝑗𝛴𝑘𝐴𝑗𝑘
2 | |

𝑔0

𝑔1
| =  |

𝛴𝑗𝛴𝑘(𝑀𝑀′)𝑗𝑘

𝛴𝑗𝛴𝑘(𝑀𝑀′)𝑗𝑘𝐴𝑗𝑘
|    Eq. 4.6 

The intercept and the slope estimated from Eq. 4.6 were used to calculate the realized genetic 

relationship matrix as  

𝐆 =
𝐌𝐌′−𝑔0𝟏𝟏′

𝑔1
     Eq. 4.7 

The relationship matrices were calculated using the AGHmatrix package in R statistical 

software (Amadeu et al. 2016). Using the 𝐀 and 𝐆 matrices, average expected and realized 
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relationship coefficients were calculated for individual families and family pairs. Linkage 

disequilibrium for the top nine SNP markers was calculated as 𝑟2 = (ℎ𝐴𝐵ℎ𝑎𝑏 − ℎ𝐴𝑏ℎ𝑏𝐵)2/

𝑝𝐴𝑝𝑎𝑝𝐵𝑝𝑏, where ℎ𝐴𝐵 , ℎ𝑎𝑏 , ℎ𝐴𝑏 , ℎ𝑏𝐵 are probability of observing gamete frequencies and 𝑝 

indicates frequency for the two alleles at loci 𝐴 and 𝐵 (Isik et al. 2017). Heatmaps were generated 

in ggplot2 (Wickham 2016) to compare the additive relationships estimated from the two methods 

and LD among top nine loci.  

4.3.3.4 Estimation of marker effects 

We fit the following whole genome regression model to estimate genomic estimated breeding 

values (GEBV) and SNP marker effects.   

𝑦 = 𝟏𝜇 + 𝐖𝑚 + 𝑒                                       Eq. 4.8  

where, 𝑦 is the vector of best linear unbiased estimates (pseudo-phenotypes) obtained by solving 

mixed model equations explained above, 𝜇 is the overall mean, 𝑚 is the vector of random marker 

effects, 𝐖 is the incidence matrix of markers, 𝑒 is the vector of random residual effects with 

𝑒~NID(0, 𝐈𝜎𝑒
2), and 𝟏 is the vector of ones.  

To estimate the marker effects, we first fit ridge regression (Hoerl and Kennard 1970), 

which shrinks marker effects uniformly and assumes multivariate normal prior distribution with 

mean zero and common variance for marker effects, 𝑚~NID(0, 𝐈𝜎𝑚
2 ). This method estimates 

marker effects by minimizing residual sums of squares (Tibshirani 1996). 

𝛽̂𝑅𝑅 = 𝑎𝑟𝑔𝑚𝑖𝑛{|𝑦 − 𝐖𝛽|2 + 𝜆 ∑ 𝛽𝑖
2 

𝑝
𝑖=1 }   Eq. 4.9  

where, 𝛽̂𝑅𝑅 is the estimated marker effect, 𝑦 is the phenotype, 𝛽 is the vector of regression 

coefficients, and 𝜆 is the regularization parameter. Other terms were explained before.  

In the literature, there are some empirical data reporting large QTL effects on the fusiform 

rust disease incidence and forking defects in loblolly pine (Amerson et al. 1997; Isik et al. 2012, 
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Quesada et al. 2014; Xiong et al. 2016). In order to test this hypothesis, Bayes B model was fit, 

which assumes that each marker has a unique variance following a scaled inverse 𝜒2 prior with 

two hyperpriors, 𝑣𝑎 and 𝑆𝑎
2, where 𝑣𝑎 is the degrees of freedom and 𝑆𝑎

2 is the scale parameter  

(Gianola et al. 2009; Meuwissen et al. 2001). The effect of each marker is fit with probability (1 −

𝜋) which follows a mixture of multivariate t-distributions, 𝑡(0, 𝑣𝑎 , 𝑆𝑎
2) with degrees freedom 𝑣𝑎 =

4.2 and scale parameter 𝑆𝑎
2 = 𝜎̃𝑎

2(𝑣𝑎 − 2)/𝑣𝑎 (Gianola et al. 2009; Meuwissen et al. 2001), where 

𝜎̃𝑎
2 represents additive genetic variance explained by SNP markers and π represents the probability 

of markers having zero effect. The prior used for additive marker effect 𝑎𝑘 has a mixture of 

distribution given below (Gianola et al. 2009). 

𝑎𝑘|𝜋~ 𝐼𝐼𝐷 {
0 𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏 𝜋,

𝑡(0, 𝑣, 𝑆𝑎
2) 𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏 (1 − 𝜋)

} , 𝑘 = 1,2, … , 𝑝                                   Eq. 4.10     

Bayes B model treats π as known and specifies its value from the data (Gianola 2013). For 

this study, we were also interested in evaluating different π values to assess how the two threshold 

traits behave by controlling the level of markers having null effects, a method called Bayes Cπ. 

The model assumes common variance for SNP effects, following similar assumptions as Bayes B. 

In Bayes Cπ, the effect of each SNP comes from a mixture of multivariate t-distributions and the 

value of π is unknown (Habier et al. 2011). We fit eight different Bayes Cπ models each with 

different prior distributions for the percent of markers with null effect (π0 = 0.99, 0.95, 0.90, 0.80, 

0.70, 0.50, 0.30, and 0.10). The larger the value of π0, the greater number of SNP effects are shrunk 

towards zero due to the influence of the prior.  

The models were fit using the BGLR package (Pérez and de Los Campos 2014) in R 

statistical environment. Models were run with 120,000 iterations, a burn-in length of 20,000 

iterations, and a thinning length of 50 iterations. Model convergence was visually assessed with 
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trace plots created from samples of residual variance. No erratic behaviors were detected in trace 

plots of residuals indicated stable convergence of the models (Figures B3 & B4).   

4.3.3.5 Genome-wide association of significant loci 

Bayesian implementation of whole-genome regression models detected three SNP loci 

(SNP11965, SNP6347, and SNP1920) with large effects on the fusiform rust incidence.  Genome-

wide association (GWAS) analysis on all markers was performed to validate SNP markers with 

large effects detected in whole-genome regression analysis. A linear model was fit using the 

association.test function in GenABEL (Aulchenko et al. 2007) package in R statistical 

environment. A Bonferroni correction was used to correct for type 1 error (false positive) rate. 

Once the SNP loci with large effects were validated, we fit the following generalized linear model 

to estimate the odds ratios of SNP loci genotypes (AA, AB, BB) and the haplotypes constructed 

from multiple loci for fusiform rust disease outcome.  

𝜂 = 𝑙𝑜𝑔 (
𝑝

1−𝑝
) = 𝟏𝜇 + 𝐗𝑠 + 𝐐𝑗 + 𝑒                                      Eq. 4.11 

where, 𝑗 is the vector of fixed SNP genotype (AA, AB, BB) effects and 𝐐 is the incidence matrix 

associated with 𝑗 vector; other terms were defined previously in equation 4.1. The odds rations 

were also estimated for each full-sib family and parents with AA, AB, and BB genotypic classes. 

4.3.4 Cross-validation (CV)  

The following cross validation (CV) scenarios were implemented to test the predictive ability of 

SNP markers for the two threshold traits. A summary of the sampling is given in supplementary 

Table A3 in the Appendix.  

1. Random-CV: A 5-fold cross-validation scenario was performed by randomly selecting 

80% (578 clonal varieties) of the population as the training set and the remaining 20% (145 
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clonal varieties) as the validation set. The random sampling was repeated 30 times. In this 

cross-validation scenario, the family structure and the relatedness were ignored. 

2. Family-CV: Four full-sib families out of five were used as the training set, and the 

remaining one full-sib family was used as the validation set. The size of the training and 

validation sets differed for each family-CV scenario. The training set ranged between 503 

to 677 clonal varieties while the testing set ranged between 46 to 224 clonal varieties. The 

models were run 10 times.  

3. Within-family-CV: A 5-fold cross-validation scenario was implemented within each full-

sib family independently. Each family was randomly split into training (80%) and 

validation set (20%). The training set ranged between 37 to 179 clonal varieties, while 

validation sets had a range of 9 to 45 clonal varieties, depending on the family size. Within 

each family, the random sampling was repeated 30 times.   

In addition, we ran a sensitivity analysis for random-CV and within-family-CV scenarios to 

understand the effect of the training size on the predictive ability of models. In this 

implementation, genotypes were randomly selected for nine different training set sizes (10% to 

90%) across the population and within each family. The size of the training sets ranged between 5 

and 202 clonal varieties. 

The cross-validation scenarios were performed using ridge regression and Bayes B models. 

These two models provided better fit statistics (DIC and predictive ability) for fusiform rust disease 

and stem forking compared to Bayes Cπ models. The models were fit using the R package BGLR 

(Pérez and de Los Campos 2014), using 100,000 iterations, 20,000 burn-in, and thinning length of 

50 iterations. Predictive ability between the training and validation sets was estimated as 𝑟𝑝𝑎 =

𝑟(𝑦𝑣𝑠, 𝑔̂𝑣𝑠) (Isik et al. 2016), where 𝑦𝑣𝑠 denotes the best linear unbiased estimates (BLUE) and 𝑔̂𝑣𝑠 
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is genomic estimated breeding value (GEBV) from the validation set (𝑣𝑠). We also calculated the 

rank correlations 𝑟𝑟𝑎𝑛𝑘 = (𝑦𝑣𝑠, 𝑔̂𝑣𝑠) between GEBV and BLUE for each run. The mean estimates 

of the predictive ability and rank correlations were reported. Mean squared error (MSE) for each 

fold was calculated to assess the model fit as 

𝑀𝑆𝐸(𝑦𝑣𝑠, 𝑔̂𝑣𝑠) =  𝑛−1 ∑ (𝑦𝑣𝑠 − 𝑔̂𝑣𝑠)
2𝑛

𝑖=1                                      Eq. 4.12 

4.4 Results 

4.4.1 Genetic parameter estimates  

Fusiform rust disease incidence had an overall mean of about 10%, while forking incidence had 

an overall mean of about 19% (Table 4.1). The five genotyped crosses had a mean of 4 to 14% for 

fusiform rust disease incidence, while the range for stem forking mean was 10 to 49%. Family 

“GxE” showed the lowest mean fusiform rust disease and stem forking occurrence. The incidence 

of the two traits also varied for clonal varieties within the families, ranging between 0 and 100 

percent (Figure 4.1).   

For both traits, additive genetic variance estimates were significant based on log likelihood 

ratio tests, while non-additive genetic variance estimates were negligible. The clone-mean narrow-

sense and broad-sense heritability estimates for fusiform rust disease were 0.87 and 0.93, 

respectively. The narrow-sense clone mean heritability for stem forking was moderately high 

(0.74). Genotype by environment interaction was negligible, as shown by the high additive genetic 

correlation between pairs of sites (ra = 0.95) for fusiform rust disease. Stem forking also showed 

small genotype-by-environment interaction (ra = 0.86) (Table 4.1).  

4.4.2 Clustering and genetic relationships 

Principal component analysis of SNP marker data put 723 clonal varieties into five distinct 

clusters, each representing a full-sib family (Figure 4.2). Families CxD, FxC, and AxB genetically 
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formed a cluster, differentiating from the other two families. The clustering corresponded well 

with the expected genetic and realized genomic relationships (Figure 4.3a). The five families were 

clearly visible as sub blocks in the diagonal of the matrix. Overall, the realized genomic 

relationship agreed with the expected genetic relationships. Mean expected and realized genetic 

relationships for individual families and family pairs are presented in Figure 4.3b. The mean 

realized genetic relationship coefficients for the family pairs were slightly lower than expected 

genetic relationships derived from pedigree.  

4.4.3 SNP marker effects 

We detected three SNP loci (SNP6347, SNP11965, SNP1920) with large effects on fusiform rust 

disease incidence when Bayes B and Cπ models were fit (Figure 4.4). These three loci explained 

about 54% of genetic variation in fusiform rust incidence across the population. The three SNP 

loci were also significant in GWAS results, confirming the results of Bayesian models. These loci 

were weakly linked with each other with an LD of ≤0.20 (Figure B5, Appendix). SNP1920 was 

moderately (r2 = 0.31) linked with SNP15008, one of the top nine SNPs. No major loci were 

detected affecting the stem forking defects.  

The incidence of fusiform rust disease substantially increased with the dosage of the B 

minor allele (Figures 4.5, B6). Homozygous major genotypes AA showed significantly lower rust 

disease incidence (2%) compared to the heterozygous AB (~20%) genotype in loci SNP6347 and 

SNP11965. There were no homozygous minor allele genotypes present for SNP6347 and 

SNP11965 loci in the population. The odds of fusiform rust disease incidence for heterozygous 

(AB) individuals were 10.7 and 12.1 times greater than the homozygous (AA) individuals for the 

two SNP loci SNP6347 and SNP11965. We observed a similar trend in SNP1920 and the 

haplotypes of the three SNP loci. The odds of disease outcome for the haplotype with three B 
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dosage (AAABBB) was 16 times higher than the odds of outcome for the homozygous haplotype 

AAAAAA. This homozygous haplotype comprised 28% (203 individuals) of the population. More 

than half (114) of these individuals were in family GxE and the rest were in families CxE (66) and 

CxD (23). Parents G and E showed the lowest incidence of fusiform rust disease in the population 

(Figure B7). 

Effects of the three major SNPs were further explored for the crosses and parents having 

data for the three genotypic classes (Figures B8, B9). In SNP6347 and SNP11965, the incidence 

of fusiform rust disease was clearly lower (1 to 4%) for homozygous AA genotypes compared to 

the heterozygous genotypes AB/BA (8 to 34%) within the crosses and parents. In SNP1920, the 

incidence of fusiform rust disease did not differ significantly among genotypic classes within most 

crosses and parents.  

4.4.4 Predictive ability and accuracy from cross-validation scenarios 

Random-CV resulted in highest average predictive ability estimates for both traits, ranging between 

0.71 and 0.76 (Table 4.2). The predictive ability from family-CV scenarios were generally 

moderate for fusiform rust disease, while the estimates were weak, and sometimes negative for 

stem forking (Table 4.3). Family CxE showed the best predictive ability in family-CV scenario 

(Table 4.3). This was expected since parents C and E were also used in families CxD, FxC and 

GxE, establishing a high genetic relatedness with the training model (Figure 4.3b). The trend was 

similar for rank correlations. Random-CV scenarios resulted in lower mean squared error 

indicating better fit compared to family-CV scenarios. Overall, Bayes B and ridge regression 

models yielded similar results for random-CV and family-CV scenarios.    

Within-family-CV predictive ability estimates were considerably higher than family-CV 

when the same family was sampled for training and validation (Table 4.4). For each family, 80% 
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of individuals were randomly selected as the training set. Bayes B and ridge regression models 

produced similar mean predictive ability estimates for both traits. Within-family-CV predictive 

ability estimates for fusiform rust were higher than estimates for the stem forking defect, with a 

range of 0.32 to 0.62 versus -0.13 to 0.52. Rank correlations were similar to predictive ability 

estimates for the two traits. Similar to random-CV, within-family-CV gave better mean squared 

error statistics compared to family-CV scenario.    

We also examined the effects of training population size on the predictive ability of markers 

(Figure 4.6). As expected, the predictive ability of markers improved for both random-CV and 

within-family-CV as the training set size increased, except for one family in stem forking. For 

fusiform rust disease, the predictive ability improved substantially within families as training size 

increased. In both traits, random-CV resulted in the highest predictive ability estimates compared 

to within-family-CV for all training population sizes.   

4.5 Discussion  

In this study, Bayes B and Bayes Cπ identified three SNPs with large effects on fusiform rust 

disease. Two of the identified SNP loci were consist in both Bayes B and Cπ models. For threshold 

traits with oligogenic inheritance, these models tend to shrink markers with large effects less, while 

shrinking a majority of the markers with small effects to zero (Hayes and Goddard 2010; 

Meuwissen et al. 2001). For the analysis of fusiform rust incidence in southern pines, Bayesian 

models provided more information and revealed loci with large effects compared to models with 

uniform shrinkage, such as ridge regression. Bayes Cπ and Bayes B models produced similar 

outcome in this study, suggesting that one could be used for future routine analysis of the trait. 

Previous studies also showed that Bayesian models were effective in detecting markers with large 
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effects and predicting fusiform rust disease with high accuracy in loblolly pine (Quesada et al. 

2014; Resende et al. 2012).  

Further analyses of the three SNP loci showed that major allele homozygous genotypes 

(AA) had substantially low fusiform rust disease compared to genotypes with the alternative (B) 

allele (Figure 4.5). In another loblolly pine breeding population, Quesada et al. (2014) observed 

lower rust disease incidence for homozygous major allele genotype for one of the two identified 

SNPs in that study. They used a different set of SNP markers discovered via the Illumina Infinium 

platform. The effects of the three SNPs identified in this study was additive, indicating increased 

resistance to fusiform rust disease with increase in major allele (A) dosage (Figure B6, Appendix).  

The population of loblolly pine used in this study have been under selection for fusiform 

rust disease resistance by ArborGen Inc. Selection for resistant genotypes in multiple breeding 

cycles may have resulted in a higher frequency of QTLs controlling the disease outcome in the 

population.  

The three SNPs with large effects on the trait had weak linkage disequilibrium (r2) values 

(0.16, 0.20, 0.02). Unfortunately, we did not have data to identify the position of the two major 

SNP loci on loblolly pine reference genome v2.01 or sequence details of loci in both flanking 

regions. These SNP markers were called using the first draft of the Pinus taeda reference genome 

v1.0 (Neale et al. 2014), which was highly fragmented with ~ 15M scaffolds. These three markers 

need to be further validated in an independent study. Understanding their sequence variation and 

location in Pinus taeda genome are important steps to develop DNA assays for marker-aided 

selection in loblolly pine breeding.   

We did not detect any SNP locus with large effects for stem forking defects. Xiong et al. 

(2016) identified three QTLs associated with stem forking defects in a bi-parental cloned 
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population of loblolly pine. The authors used a large full-sib family for marker-trait associations, 

but the QTLs were never validated. Results from our work is generally in agreement with 

previously published studies (Xiong et al. 2010, 2013), suggesting that stem forking defect is likely 

controlled by polygenic effects at the family level. The environmental factors, such as wind and 

ice damage, pests, and diseases may have larger effects at individual tree level. However, the 

clone-mean repeatability estimate was high in this population. The response to selection at the 

means level can be considerable in a recurrent selection program. 

Genetic relatedness between the training and validation is a key for acceptable prediction 

accuracy (Misztal 2011; Solberg et al. 2008; Würschum et al. 2017). In this study, we found low 

predictive ability of markers when the genetic relatedness between the training and the validation 

sets were weak (Among-family CV). These results are in agreement with previously published 

studies, reporting that among-family prediction accuracies were low due to weak genetic 

relatedness between training and validation sets (Han et al. 2016; Toro et al. 2017; Wang et al. 

2014). Marker-trait phase might be different in an independent population and the linkages 

between the QTLs and maker loci may not hold (Isik 2014).  

Using the same family for training and validation produced higher predictions accuracies 

and more reliable ranking within families. Studies on fish, wheat, triticale, and forest tree species 

reported moderate to high (0.28 - 0.97) within-family prediction accuracies (Cros et al. 2019; 

Fuentes-Utrilla et al. 2017; Lillehammer et al. 2013; Schopp et al. 2017; Toro et al. 2017). In wheat 

and triticale, within-family prediction accuracies were high for Fusarium head blight disease 

incidence assessed as a binary trait (Herter et al. 2019; Würschum et al. 2017). This is not 

surprising since, with genomic selection, we are likely tracing chromosome haplotypes segregating 

in the pedigree and thus capturing genetic relationships rather than capturing the LD (Isik 2014; 
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Misztal 2011). Genomic selection can be performed for within-family selection in loblolly pine to 

capture Mendelian segregation effects if the training set for the model is genetically connected to 

the validation set.   

One of the drawbacks of this study was small sample size for some families, which 

hindered testing the predictive ability of markers within such families (small training sets). In 

contrast, the prediction accuracy from random-CV was higher mainly due to larger training 

population size. Low overall fusiform rust disease incidence (10%) was another caveat of the 

study. The mean of a binomial distribution is related to its variance and lower disease incidence 

would have smaller variance among genotypes, which could bias estimates downwards (King and 

Zeng 2001). Because the SNP markers were discovered based on highly-fragmented loblolly pine 

reference genome v1.0, we could not further study several loci with large effects on fusiform rust 

disease to explore for marker-aided selection.  

4.6 Conclusions  

We identified three SNP loci with large effect on fusiform rust disease outcome in a set of clonally 

replicated full-sib families. These markers should be further validated to be considered for marker-

assisted selection. Within-family genomic selection for fusiform rust incidence could be effective 

in loblolly pine breeding. Stem forking defects in this cloned population seems to be under 

polygenic inheritance at the family level. Within-family genomic selection scenarios were 

inconclusive for stem forking. The results supported previously published results on the 

importance of genetic relatedness between training and validation sets in genomic selection. 

Bayesian models could capture loci with large effects in fusiform rust disease in southern pines 

and should be preferred over the whole genome regression models with uniform distribution.  
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4.8 Tables  

 

Table 4.1. Genetic parameter estimates for fusiform rust disease incidence and stem forking 

estimated from linear mixed model with additive genetic relationship matrix. Standard errors (se) 

of the estimates are provided in parentheses. Fusiform rust disease appears to be under strong 

additive genetic control. 

Parameter Fusiform rust (se) Stem forking (se)  

Mean incidence % 9.70 (0.167) 18.96 (0.221) 

Additive genetic variance (σa
2) 2.49 (0.450) 0.64 (0.073) 

Non-additive genetic variance (σn
2) 0.16 (0.201) 0 (0) 

Clone-mean narrow-sense heritability (hc̅
2
) 0.87 (0.079) 0.74 (0.022) 

Clone-mean broad-sense heritability (Hc̅
2) 0.93 (0.006) 0.74 (0.022) 

Additive genetic correlation (ra) 0.95 (0.023) 0.86 (0.058) 
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Table 4.2. Random (random-CV) 5-fold cross-validation for fusiform rust disease and stem 

forking. The family structure was ignored in this scenario. The validation set size was 20% (145 

clonal varieties) of the population. The means and range of predictive ability 𝑟𝑝𝑎 = (𝑦𝑣𝑠, 𝑔̂𝑣𝑠), rank 

correlation 𝑟𝑟𝑎𝑛𝑘 = (𝑦𝑣𝑠, 𝑔̂𝑣𝑠), and mean squared error (MSE) from Bayes B and ridge regression 

models were given. 

Trait / Model Predictive ability  Rank correlation  MSE  

Fusiform rust incidence      

Bayes B 0.76 (0.66 – 0.84) 0.74 (0.63 – 0.83) 13.5 (10.3 – 16.9) 

Ridge regression 0.71 (0.67 – 0.76) 0.70 (0.64 – 0.74) 15.3 (13.7 – 17.8) 

Stem forking defects       

Bayes B 0.74 (0.69 – 0.78) 0.76 (0.69 – 0.81) 5.6 (4.1 – 6.9) 

Ridge regression 0.72 (0.65 – 0.80) 0.73 (0.67 – 0.78) 6.3 (3.5 – 8.9) 
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Table 4.3. Family (family-CV) cross-validation for fusiform rust disease and stem forking. Four 

full-sib families out of five were used as the training set, and the remaining one full-sib family was 

used as the validation set. The validation set size is provided within parenthesis. Mean (range) 

predictive ability (𝑟𝑝𝑎 = (𝑦𝑣𝑠, 𝑔̂𝑣𝑠), rank correlation (𝑟𝑟𝑎𝑛𝑘 = (𝑦𝑣𝑠, 𝑔̂𝑣𝑠), and mean squared error 

(MSE) from Bayes B and ridge regression models were given for comparisons.    

Trait / Model 

Test set (size) Predictive ability Rank correlation MSE 

Fusiform rust incidence 
      

B
a
ye

s 
B

 

AxB (46) 0.04 (0.02 – 0.06) 0.03 (-0.03 – 0.05) 23.1 (20.0 – 25.3) 

CxD (127) 0.10 (0.09 – 0.11) 0.05 (0.03 – 0.06) 22.0 (20.6 – 22.7) 

CxE (224) 0.56 (0.56 – 0.56) 0.52 (0.52 – 0.52) 34.3 (31.1 – 35.3) 

FxC (106) 0.29 (0.29 – 0.31) 0.27 (0.26 – 0.29) 36.6 (29.4 – 41.5) 

GxE (220) 0.48 (0.47 – 0.51) 0.50 (0.49 – 0.52) 41.3 (28.2 – 49.2) 

     

R
id

g
e 

re
g
re

ss
io

n
 AxB (46) 0.10 (0.09 – 0.12) 0.05 (0.03 – 0.08) 40.9 (39.7 – 42.6) 

CxD (127) 0.13 (0.12 – 0.14) 0.06 (0.05 – 0.07) 20.3 (20.2 – 20.4) 

CxE (224) 0.42 (0.42 – 0.43) 0.39 (0.39 – 0.40) 16.7 (16.6 – 16.9) 

FxC (106) 0.30 (0.29 – 0.31) 0.27 (0.26 – 0.27) 19.9 (19.7 – 20.0) 

GxE (220) 0.37 (0.36 – 0.37) 0.39 (0.39 – 0.40) 49.1 (46.7 – 52.8) 

Stem forking defects 
      

B
a
ye

s 
B

 

AxB (46) -0.03 (-0.06 – 0.04) -0.07 (-0.09 – 0.01) 7.2 (5.3 – 12.2) 

CxD (127) 0.26 (0.25 – 0.27) 0.32 (0.30 – 0.34) 6.9 (6.7 – 7.1) 

CxE (224) -0.02 (-0.03 – -0.02) 0.09 (0.08 – 0.09) 14.9 (14.6 – 15.1) 

FxC (106) -0.01 (-0.05 – 0.04) 0.02 (-0.03 – 0.04) 14.8 (12.5 – 18.8) 

GxE (220) -0.08 (-0.08 – -0.08) 0.08 (0.08 – 0.09) 9.1 (8.9 – 9.3) 

     

R
id

g
e 

re
g
re

ss
io

n
 AxB (46) -0.04 (-0.07 – 0.00) -0.09 (-0.10 – -0.09) 5.8 (5.7 – 5.8) 

CxD (127) 0.25 (0.24 – 0.26) 0.30 (0.28 – 0.32) 7.0 (6.8 – 7.2) 

CxE (224) -0.03 (-0.03 – -0.02) 0.09 (0.09 – 0.09) 15.2 (15.0 – 15.4) 

FxC (106) -0.08 (-0.09 – -0.076) -0.03 (-0.04 – -0.02) 13.6 (13.4 – 14.0) 

GxE (220) -0.08 (-0.08 – -0.07) 0.08 (0.07 – 0.09) 9.2 (9.0 – 9.3) 
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Table 4.4. Within-family (within-family-CV) five-fold cross-validation for fusiform rust disease 

and stem forking. Each family was split into training and validation sets independently. The 

validation set size (20%) for each family is given within parenthesis. Mean (range) predictive 

ability (𝑟𝑝𝑎 = (𝑦𝑣𝑠, 𝑔̂𝑣𝑠), rank correlation (𝑟𝑟𝑎𝑛𝑘 = (𝑦𝑣𝑠, 𝑔̂𝑣𝑠), and mean squared error (MSE) from 

Bayes B and ridge regression models were provided.   

Trait / Model 

Family (Test set size) Predictive ability  Rank correlation   MSE  

Fusiform rust incidence 
      

B
a
ye

s 
B

 AxB (9) 0.42 (0.07 – 0.76) 0.31 (-0.51 – 0.80) 10.2 (3.1 – 13.8) 

CxD (25) 0.62 (0.52 – 0.73) 0.59 (0.44 – 0.72) 12.7 (9.6 – 15.9) 

CxE (45) 0.58 (0.34 – 0.81) 0.49 (0.14 – 0.69) 13.5 (9.7 – 16.7) 

FxC (21) 0.35 (0.04 – 0.61) 0.37 (0.07 – 0.66) 20.3 (16.4 – 26.6) 

GxE (44) 0.39 (0.16 – 0.67) 0.40 (0.04 – 0.63) 17.0 (10.0 – 20.6) 

     

R
id

g
e 

re
g
re

ss
io

n
 AxB (9) 0.61 (0.04 – 0.85) 0.50 (0.09 – 0.88) 11.3 (5.1 – 17.6) 

CxD (25) 0.48 (0.21 – 0.80) 0.59 (0.21 – 0.76) 15.2 (11.7 – 18.9) 

CxE (45) 0.40 (0.20 – 0.60) 0.33 (0.11 – 0.47) 16.7 (12.4 – 19.7) 

FxC (21) 0.32 (0.05 – 0.55) 0.33 (0.15 – 0.56) 20.9 (15.6 – 26.9) 

GxE (44) 0.34 (0.19 – 0.53) 0.36 (0.19 – 0.56) 18.3 (14.8 – 26.1) 

Stem forking 
      

B
a
ye

s 
B

 AxB (9) 0.47 (0.06 – 0.76) 0.26 (0.01 – 0.61) 6.9 (0.8 – 23.6) 

CxD (25) 0.35 (0.08 – 0.53) 0.32 (0.04 – 0.52) 1.5 (0.6 – 4.4) 

CxE (45) 0.09 (-0.16 – 0.57) 0.20 (-0.14 – 0.63) 5.9 (2.0 – 12.7) 

FxC (21) 0.28 (0.00 – 0.53) 0.26 (-0.16 – 0.56) 5.7 (1.0 – 16.0) 

GxE (44) -0.04 (-0.25 – 0.42) -0.02 (-0.27 – 0.29) 9.1 (4.8 – 14.1) 

     

R
id

g
e 

re
g
re

ss
io

n
 AxB (9) 0.52 (0.03 – 0.80) 0.43 (0.00 – 0.80) 5.4 (0.4 – 13.4) 

CxD (25) 0.29 (0.08 – 0.43) 0.26 (0.01 – 0.52) 1.2 (0.7 – 4.4) 

CxE (45) 0.12 (-0.05 – 0.39) 0.21 (0.03 – 0.48) 6.7 (3.6 – 10.4) 

FxC (21) 0.31 (0.12 – 0.51) 0.34 (0.01 – 0.69) 5.8 (1.1 – 12.3) 

GxE (44) -0.13 (-0.29 – 0.16) -0.07 (-0.22 – 0.19) 9.8 (5.3 – 18.2) 
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4.9 Figures  

 

Figure 4.1. Boxplot showing incidence of fusiform rust disease and stem forking for each 

genotyped full-sib family. Horizontal line in the middle of the box is the median and black diamond 

inside each box represents the mean. The boxes are the interquartile range (50% of the data). Green 

circles denote individual clonal varieties.   
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Figure 4.2. Spectral decomposition of genomic relationship among clonal varieties based on SNP 

markers across five full-sib families. The principal component analysis of marker data clustered 

clonal varieties into five distinct groups corresponding with the genomic relationships (full-sib 

families). The points in a) are based on principal component scores. The arrows in b) are rotated 

normalized loadings. The shapes and arrows represent individual genotypes and colors represent 

full-sib families. Smaller angles between arrows in b) correspond to higher genetic relationships 

between families.   
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Figure 4.3. Heatmaps showing realized genomic (diagonal + upper diagonal) and expected additive 

genetic (lower diagonal) relationships calculated from SNP markers and pedigree, respectively. a) 

Genetic relationships between 723 clonal varieties. The five dark blue blocks in the diagonal of 

the matrix correspond to full-sibling families. b) Average relationships within families (orange 

blocks in the diagonal of the matrix) and between five full-sib families. The realized genomic 

relationships (above diagonal) were slightly lower for some of the families and family pairs 

compared to expected genetic relationships (below diagonal).  
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Figure 4.4. Marker effects in y-axis (absolute value) for fusiform rust disease from Bayes B and 

Bayes Cπ models. The π is the proportion of non-null effect markers with π = 0.01. Bayesian 

models revealed three SNP loci with large effects on fusiform rust disease.  
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Figure 4.5. Mean fusiform rust disease incidence (%) with standard errors of genotypic classes 

(AA, AB, BB) for the three loci detected by the Bayesian models. The odds ratio for the genotypic 

classes of the three SNPs are provided in the top left of the figures. The odds of fusiform rust 

disease were significantly higher in BB and AB genotypes compared to AA. Genotype frequencies 

are provided at the bottom of the bars.  
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Figure 4.6. Effects of training population size (x-axis as percentage of clonal varieties) on the 

predictive ability of the markers (y-axis) for two threshold traits. Blue line represents predictive 

ability from random cross-validation scenario. The rest of the lines represents the predictive ability 

of markers for each of within-family cross-validation. The size of the population (training + 

validation) is given in parentheses in the legend.  
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Chapter 5: Genomic Selection in a Cloned Population of Pinus taeda 

L. 

 

5.1 Abstract 

This study investigated genomic selection in a large clonal population of Pinus taeda L. using high 

density SNP markers. GBLUP, ridge regression, and Bayesian models were used to predict 

genomic estimated breeding values of varieties within the same population or across environments. 

Random sampling of individuals without any family structure and within-family sampling showed 

higher prediction accuracies compared with sampling of families for model training and validation. 

The latter showed unstable rankings (rank correlation, -0.50 to 0.71) of varieties within the families 

selected for the validation set. The prediction accuracy was higher for stem straightness (~0.58) 

and volume (~0.42) than for fusiform rust disease (~0.26). The predictive ability of markers was 

moderate when data from tested varieties in seven sites were used to predict the same varieties in 

a new environment. The predictive ability of markers dropped when untested varieties were 

predicted across multiple environments. The study indicated that genetic gain is expected to double 

with the application of genomic selection in loblolly pine breeding.    

5.2 Introduction 

Genomic selection (GS) has revolutionized animal and plant breeding since its introduction by 

Meuwissen et al. (2001). The method utilizes whole genome markers simultaneously to explain 

genetic variance and predict breeding values for the trait of interest. In genomic selection, a 

prediction model is developed in a reference population (training population) that is phenotyped 

and genotyped. The model is then used to predict genomic estimated breeding values (GEBV) of 
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selection candidates in another genetically related population using marker data only (Goddard 

and Hayes 2007; Hayes et al. 2009; Heffner et al. 2009; Meuwissen et al. 2001). GS assumes that 

at least one marker is in linkage disequilibrium (LD) with quantitative trait loci (QTL) controlling 

the trait (Hayes and Goddard 2010). LD plays an important role in GS, but its extent could be 

affected by the size of breeding population and marker density (Brito et al. 2011). Other factors 

such as training population size and heritability of the trait may also affect success of GS (Brito et 

al. 2011; Hayes et al. 2009).  

With the availability of large number of SNP markers, GS has been widely used in livestock 

and plant breeding (Hayes et al. 2009; Heffner et al. 2009; Jannink et al. 2010). The method is 

advantageous over traditional breeding because it reduces breeding cycle length and costs related 

to phenotyping. In animal breeding, GS is used to skip progeny testing which has shortened 

breeding cycles, increased genetic gain, improved selection efficiency, and enhanced on-farm 

production levels (Hickey et al. 2017). In annual crop species, GS is implemented to improve 

statistical modeling and reduce testing of thousands of varieties across multiple environments 

(Jarquin et al. 2020; Rutkoski et al. 2017).  

In traditional forest tree breeding, selection is based on phenotypic data obtained from 

expensive multi-environment cloned and seedling progeny testing. Usually, it takes about 10 to 20 

years to complete one breeding cycle in conifer species (Isik 2014; Mullin et al. 2011). The length 

of breeding cycle is expected to reduce by half with GS which will help increase genetic gain per 

unit time (Zapata-Valenzuela et al. 2013; Grattapaglia and Resende 2011; Resende Jr et al. 2012). 

GS application in forest trees is still in the phase of proof of concept for different commercial tree 

species such as Eucalyptus, Pinus, Picea, and Abies.  
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Studies in forest tree species have indicated the superiority of GS models over traditional 

BLUP methods for selecting non-phenotyped individuals (Muñoz et al. 2014; Zapata-Valenzuela 

et al. 2013). Numerous studies have evaluated prediction efficiency of GS models for growth, 

disease, and wood quality traits (Bartholomé et al, 2016; Beaulieu et al. 2014; Beaulieu et al. 2014; 

El-Dien et al. 2015, 2016; Isik et al. 2016; Lima 2014; Muñoz et al. 2014; Ratcliffe et al. 2015; 

Resende et al. 2012; Resende Jr et al. 2012; Resende et al. 2012; Zapata-Valenzuela et al. 2012, 

2013). Prediction accuracy from these studies averaged about 0.41 (ranged 0.14 to 0.83) for 

different phenotypic traits. For growth traits (height, diameter, and volume), prediction accuracy 

was about 0.42 (ranged 0.15 to 0.76). The studies used 149 to 1748 varieties and less than 10,000 

SNP markers to train the prediction models. 

Classical genetic evaluation (pedigree based animal models) predicts the mid-parent value 

for non-phenotyped individuals within crosses (Jannink et al. 2010; Zapata-Valenzuela et al. 

2013). The method cannot capture Mendelian sampling variation without phenotype which is 

caused by the probability of randomly sampled alleles from each parent at each locus during 

meiosis (Avendaño et al. 2005). GS utilizes DNA marker information to capture Mendelian 

sampling variation via estimation of realized genetic relationships (VanRaden 2008; Zapata-

Valenzuela et al. 2013). The realized relationship information is then used in the estimation of 

breeding values for phenotyped and non-phenotyped individuals (Crossa et al. 2017; Goddard and 

Hayes 2007; Zapata-Valenzuela et al. 2013). More importantly, non-phenotyped individuals 

within crosses will have unique GEBVs resulting in higher prediction accuracy than the 

conventional Best Linear Unbiased Prediction (BLUP) method (Hayes et al. 2009).  

Genomic BLUP (GBLUP), ridge regression (RR), and Bayesian models (BayesA, BayesB, 

BayesC, Lasso) are commonly used statistical methods in development of GS models and 
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prediction of genomic estimated breeding values (Gianola et al. 2009; Habier et al. 2011; 

Meuwissen et al. 2001; VanRaden 2008). These models assume different prior assumptions for 

the marker effects on the trait. In the past decade, studies in animal and plant species have used 

GS models to predict genotypes within-families, within-populations, across populations, and 

among generations (Bartholomé et al. 2016; Cros et al. 2019; Herter et al. 2019; Isik et al. 2016; 

Lillehammer et al. 2013; Toro et al. 2017; Ukrainetz and Mansfield 2020). Studies have also 

evaluated effects of training population size, breeding population size, marker density, and genetic 

relatedness on predictive ability of markers (Clark et al. 2012; Resende et al. 2012; Wang et al. 

2017; Zhang et al. 2017). With some exceptions, the Bayesian models did not improve the 

prediction accuracies, likely because of complex inheritance of some traits studied.  

Recent research in GS was focused on analyses of single and multi-traits using complex 

statistical modelling such as machine learning methods and non-linear kernels (Baker et al. 2020; 

Costa-Neto et al. 2020; Karaman et al. 2020; Lenz et al. 2020). Development of powerful statistical 

software packages and super computers have allowed to incorporate DNA marker-based dense 

additive, dominance, and epistasis relationship matrices for the dissection of genetic variance and 

breeding value estimation in linear mixed models (Bajgain et al. 2020; El-Dien et al. 2016; Hunt 

et al. 2020; Muñoz et al. 2014; Nazarian and Gezan 2016; Tan et al. 2018; Vitezica et al. 2017). 

This type of statistical modeling is called one-stage analysis where raw data are used as the 

response variable. The models have been made more complicated when genetic and genotype-by-

environment interaction (GxE) effects were modeled with complex covariance structures (Hunt et 

al. 2020; Tolhurst et al. 2019). Some studies in crop species have used environmental covariate 

matrix (matrix of climatic and edaphic data) to better capture GxE effects in one-stage analysis 

(Costa-Neto et al. 2020).   
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Among the recent advances in GS, prediction of non-phenotyped individuals within- and 

among-environments is of interest in plant species. In traditional plant breeding, thousands of 

genotypes are tested across multiple environments, which is time-consuming and costly. Studies 

in crops (maize, wheat, peanut, wheatgrass, sorghum) and forest tree (spruce) species implemented 

genomic selection with GxE modeling to assess predictive ability of markers within- and among-

environments (Bajgain et al. 2020; Costa-Neto et al. 2020; El-Dien et al. 2016; Hunt et al. 2020; 

Jarquin et al. 2020; Pandey et al. 2020; Tolhurst et al. 2019; Wang et al. 2020). The studies reported 

that non-phenotyped varieties could be predicted with GS models in a new environment or a 

previously tested environment. However, the studies indicated importance of genetic 

connectedness between the training and validation sets, corroborating the results from across 

population GS studies (no GxE modelling).  

Sparse testing, a method in which subsets of genotypes are tested in field trials, can be used 

to predict varieties in multi-environment trials (MET) (Jarquin et al. 2020; Pandey et al. 2020). 

The success of sparse testing could be affected by the level of genetic connectivity among test 

sites. For instance, in maize, 30 to 40 common genotypes among sites was recommended to obtain 

acceptable prediction accuracies from genomic prediction models (Jarquin et al. 2020). To the best 

of our knowledge, prediction of varieties among environments has not been investigated in Pinus 

taeda. If proven, testing of large number of genotypes could be avoided to reduce costs related to 

progeny testing.    

Studies in P. taeda report rapid decay in LD which is mainly due to outcrossing character 

of the species (Lu et al. 2016; Neale et al. 2014). As a result of recombination, the decay in LD is 

also expected across generations (Goddard et al. 2010). Previous research in P. taeda used 3000 

to 5000 SNP markers to train genomic prediction models for the same population (Muñoz et al. 
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2014; Resende et al., 2012a; Resende et al. 2012b; Zapata-Valenzuela et al. 2012, 2013). High 

density SNP markers may capture LD to a larger extent which could be efficient in more stable 

prediction of GEBVs and ultimately success of GS in P. taeda (Isik et al. 2016). 

The Atlantic Coastal Elite population of NC State University Cooperative Tree 

Improvement Program is a sizeable population with 2023 genotyped clonal varieties tested at eight 

environments. This is a unique dataset for the exploration of GS in P. taeda. The population was 

originated from 24 parents and has gone through two cycles of selection. Unlike previously 

published GS on forest trees, this study brings some novelty to the field. It is based on a well-

phenotyped, large cloned population which was tested across multiple environments. For the first 

time, the study also used more than 35K SNP markers from a SNP array Pita50K designed for P. 

taeda. The data provided an opportunity to evaluate GS in P. taeda and compare prediction 

accuracy with the earlier studies which were based on small populations with limited number of 

SNP markers (<5000).   

5.2.1 Objectives 

In this study, we were interested how prediction accuracies vary when within-family, family, and 

random sampling of population scenarios are implemented. The last scenario ignores the 

population structure. Another interesting aspect was prediction of clonal varieties not tested in 

some environments. In this population, clonal varieties were tested at multiple sites providing a 

unique opportunity to test predictive ability of markers for untested varieties at different sites. The 

objectives of this study were: 

1) Evaluate genetic parameters of volume growth, stem straightness, and fusiform rust disease 

(caused by Cronartium quercuum f.sp. fusiforme) incidence using realized genomic 

relationships in a large cloned P. taeda population tested across eight environments.  
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2) Develop genomic prediction models for volume (Gaussian trait), stem straightness 

(categorical), and fusiform rust disease (binary) and test the predictive ability of markers 

using cross-validation scenarios.  

3) Understand the effects of genetic relatedness on the prediction accuracy of models using 

sampling and sensitivity analysis.  

4) Predict genetic gain for a genomic selection scenario and compare with the traditional 

clonal field trials for the species.  

5.3 Materials and Methods  

5.3.1 Genetic material 

A three disconnected eight-parent diallel mating design was used to produce 76 full-sib families 

by intercrossing 24 parents of P. taeda. The population was originally developed as the elite 

population for short-term genetic gain in the North Carolina State University Cooperative Tree 

Improvement Program in the US. For each full-sib family, 120 full-sib seedlings were grown in a 

greenhouse for fusiform rust disease screening. The disease is endemic and caused by the endemic 

fungus Cronartium quercuum f.sp. fusiforme (Kubisiak et al. 2005). Seedlings were artificially 

inoculated using 50,000 spores/ml at the USDA Forest Service Resistance Screening Center in 

Asheville, North Carolina. Seven months post inoculation, all the seedlings with stem galls were 

discarded. Out of the 76 crosses, 15 crosses and three parents had high disease incidence and were 

removed from the study. The rest of full-sib progeny of 51 crosses were cloned using hedges and 

rooted cuttings in the greenhouse. The number of clonal varieties for full-sib families ranged 

between 14 and 53 with an average of ~ 39 clonal varieties per cross. In addition, seven half-sib 

families were cloned with clonal varieties ranging between 4 and 15 with an average of 9 clonal 
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varieties per half-sib family. About eight rooted cuttings per clonal variety were successfully 

grown for one year in the NC State University greenhouse facilities before field planting.  

5.3.2 Experimental design and data collection 

The clonal varieties were field tested at eight different sites across the southeastern US. The field 

experimental design was alpha cyclic incomplete row-column design with one replication per site. 

This design is efficient to accommodate large number of genetic entries and allows spatial 

modeling of residual variance to account for micro-site heterogeneity (John 1987; John and 

Eccleston 1986). One genetically identical copy (ramet) of each clonal variety was planted in a 

row-column position at each test site. In addition, seedlings from seven half-sib families were 

planted as checklots across the test sites.  

After six years, tree height (m), diameter at breast height (DBH, cm), stem straightness 

score, the incidence of fusiform rust disease, and the incidence of stem forking were measured. 

Volume (cubic decimeter) was calculated from height and DBH using total stem volume equations 

(Sherrill et al. 2011). Tree height, DBH, and stem volume are continuous traits with a Gaussian 

distribution. Stem straightness was assessed as a categorical trait and scored between 1 and 6, 

where 1 indicates the straightest stem. The incidence of fusiform rust disease and stem forking 

were assessed as binary response, “yes” or “no”. In total, about 14,000 trees were assessed in eight 

locations.  

5.3.3 Genotyping 

About 20 fresh needles (approximately 7 cm in length) from the newest growth were collected 

from all clonal varieties and their parents. Samples were stored in labeled coin envelopes and filled 

with silica desiccant in the field to keep them fresh. The samples were further dried with silica 

desiccant beads at the North Carolina State University Tree Improvement Program laboratory. 
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Once completely dried, about 10 mg tissue sample was collected from each clonal variety for DNA 

extraction. 

A total of 2491 clonal varieties and their pedigree were genotyped using the Pita50K 

Affymetrix SNP array developed for P. taeda using Applied BiosystemsTM AxiomTM Genotyping 

Services from ThermoFisher Scientific. About 84 percent (2083) of the samples passed quality 

control procedure. A total of 20 parents and their 2063 progeny were successfully genotyped. One 

parent failed to genotype. Of the 2063 genotyped varieties, 66 were from the half-sib families, the 

rest were from clones within the 51 full-sib crosses. In total, each clonal variety was genotyped for 

46,439 SNP markers of which 33,637 were kept after initial quality control, such as removing 

monomorphic loci. The markers were further filtered using minor allele frequency (MAF) of 0.01 

and missing rate of 10%. The final number of SNP markers retained after filtering was 30,500 with 

about 1.6% missing genotypes. The missing genotypes were imputed using the mean minor allele 

frequency for the loci using the Synbreed package (Pérez and de Los Campos 2014) in R statistical 

environment (R Core Team 2018).   

We detected some discrepancy between the realized genetic relationships and expected 

genetic relationships derived from the pedigree caused by mislabeling. Forty individuals were filler 

trees (non-treatment trees planted to replace dead treatment trees) mistakenly labeled as treatment 

trees in the experiment, and they were dropped from the further data analyses. The final cleaned 

data were comprised of 2043 individuals (2023 clonal varieties and 20 parents) and 30,500 SNP 

markers. The genotype data were allele pairs for each locus and individual combination. The 

genotype frequencies were 0.645, 0.294, and 0.061 for AA, AB, and BB genotypes, respectively. 

Where A and B correspond to major and minor allele, respectively. 
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5.3.4 Statistical Analysis 

5.3.4.1 Genetic relationships  

Expected and realized additive and dominance genetic relationship matrices were computed using 

the pedigree and SNP markers, respectively. The expected additive numerator relationship matrix 

(A) was calculated using recursive path coefficients method described by Henderson (1976) and 

Mrode (2014). The realized additive genomic relationship matrix was calculated using the 

observed allele frequencies as described by VanRaden (2008)  

G= 
(M-P)(M-P)'

2∑ pi(1-pi)
m
i=1

     Eq. 5.1  

where 𝐌 is 𝑛 𝑥 𝑚 matrix of individuals (𝑛) by markers (𝑚) with the elements 0, 1 and 2 for 

homozygous (major allele), heterozygous and homozygous (minor allele) genotypes and 𝐏 is 

𝑛 𝑥 𝑚 matrix of two times minor allele frequency at each locus. The numerator was scaled with 

the sum of the variances across all loci 2∑𝑝𝑖(1 − 𝑝𝑖) .  

The realized dominance genomic relationship matrix was calculated using the method 

described by Muñoz et al. (2014) 

𝐃 =
𝐖𝐖′

4∑ pi
2(1−pi)

2 m
i=1

     Eq. 5.2 

where, 𝐖 is 𝑛 𝑥 𝑚 marker matrix with the elements 0, and 1, where 0 is for homozygous 

genotypes. The product of 𝐖𝐖′ provided number of heterozygous genotypes for each individual 

(diagonal) and pairs of individuals (off-diagonal) in the population. The relationship matrices were 

calculated in AGHmatrix package (Amadeu et al. 2016) in R statistical software and visualized 

with heatmaps using the ggplot2 package in R environment (Wickham 2016). 
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5.3.4.2 Exploratory marker data analysis 

About 10,000 SNP markers were mapped on 12 linkage groups across the genome (Lauer and Isik 

2021, In review). Linkage disequilibrium was calculated across the genome and within each 

linkage group using the equation 𝑟2  =  (ℎ𝐴𝐵ℎ𝑎𝑏 − ℎ𝐴𝑏ℎ𝑏𝐵)2/𝑝𝐴𝑝𝑎𝑝𝐵𝑝𝑏, where 

ℎ𝐴𝐵 , ℎ𝑎𝑏 , ℎ𝐴𝑏 , ℎ𝑏𝐵 are probability of observing gamete frequencies and 𝑝 indicates frequency for 

the two alleles at loci A and B (Isik et al. 2017). Additionally, for each of 30,500 SNP loci, 

observed heterozygosity (HO), expected heterozygosity (HE), and polymorphism information 

content (PIC) was assessed. Observed heterozygosity was calculated as total number of 

heterozygotes divided by the sample size. Expected heterozygosity was calculated as 𝐻𝐸  =  2𝑝𝑞 

(Nei and Roychoudhury1974), where 𝑝 and 𝑞 are frequencies for A and B alleles, respectively. 

PIC was calculated according to Bostien et al. (1980):  

𝑃𝐼𝐶 =  1 − ∑ 𝑝𝑖
2𝑛

𝑖=1  −  2∑ ∑ 𝑝𝑖
2𝑝𝑗

2𝑛
𝑗=𝑖+1

𝑛−1
𝑖=1       Eq. 5.3 

where, 𝑝𝑖 and 𝑝𝑗 are frequencies for alleles A and B, respectively and n is the number of alleles 

(𝑛 = 2).  

5.3.4.3 Linear mixed models  

In linear mixed models (𝑦 = 𝐗𝑏 + 𝐙𝑢 + 𝑒), the random effects 𝑢 and 𝑒 are assumed to be mutually 

independent and jointly distributed multivariate normal with mean zero and covariance matrices 

𝐆 and 𝐑, respectively. The response variable 𝑦 follows multivariate normal distribution with mean 

E[𝑦] = 𝐗𝑏, and variance var(𝑦) = 𝐕 = 𝐙𝐆𝐙′ + 𝐑, where 𝑏 is the vector of fixed effects and 𝐗 

and 𝐙 are design matrices associated with the fixed and random effects, respectively. The following 

linear mixed model was used to estimate additive, dominance, and residual genetic effects for stem 

volume and stem straightness. 

𝑦 = 𝟏𝜇 + 𝐗𝑠 + 𝐙1𝑐 + 𝐙2𝑞 + 𝐙3𝑎 + 𝐙4𝑑 + 𝐙5𝑖 + 𝑒  Eq. 5.4 
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where 𝑦 is the vector of response variable; 𝜇 is the overall mean; 𝐗 and 𝐙 are incidence matrices 

for the fixed and random effects, respectively; 𝑠 is the vector of site fixed effect; 𝑐 is the vector of 

random column effect with 𝑐~𝑁𝐼𝐷(0, 𝐂); 𝑞 is the vector of random row effect with 𝑞~𝑁𝐼𝐷(0, 𝐐); 

𝑎 is the vector of random additive genetic effects with 𝑎~𝑁𝐼𝐷(0,  𝐆𝑎 ⊗ 𝐀); 𝑑 is the vector of 

random dominance genetic effects with 𝑑~𝑁𝐼𝐷(0, 𝜎𝑑
2 𝐃); 𝑖 is the vector of random residual 

genetic effects with 𝑖~𝑁𝐼𝐷(0, 𝐈𝜎𝑖
2); and 𝑒 is the vector of random error term with 𝑒~𝑁𝐼𝐷(0, 𝐑). 

The symbol ⊗ is the direct (Kronecker) product operator, 𝐈 is an identity matrix, 𝐆𝑎 is the 

variance-covariance matrix of the clonal variety nested within environment effect, 𝐀 is the additive 

genetic relationship matrix derived from pedigree and SNP markers. 𝐃 is the dominance 

relationship matrix derived from SNP markers. In the model, 𝑎, 𝑑, and 𝑖 vectors were associated 

with the clonal variety for the estimation of additive, dominance, and residual genetic effects.  

In order to model genotype-by-environment interactions, the 𝐆𝑎 covariance for the clonal 

variety effect was modeled with various variance-covariance structure for the best fit. The 

extended factor analytic (FA) of order one covariance structure was the best fit for the growth 

traits. Factor analytic structure regresses genetic and genotype-by-environment effects on k 

unknown environmental covariates (Smith et al. 2001). This structure provides unique additive 

genetic variance for each site and a unique additive genetic correlation between pairs of sites. The 

mathematical form of this structure can be written as 𝐆𝑎 = (𝚲𝚲T + 𝛙) ⊗ 𝐀 where 𝚲 is the 𝑠 𝑥 𝑓 

matrix of site loadings and 𝛙 is the 𝑠 𝑥 𝑠 diagonal matrix of site-specific variances. Where 𝑠 is the 

number of sites, and 𝑓 is the number of factors (Smith et al. 2001). The matrix form of the factor 

analytic structure with one factor can be represented as   

𝐆𝑎 = (𝚲𝚲T + 𝛙) ⊗ 𝐀 =

(

  

𝜆11
2 + 𝜓1 𝜆11𝜆12 … 𝜆11𝜆18

𝜆11𝜆12 𝜆12
2 + 𝜓2 … ⋮

⋮ … ⋱ …
𝜆11𝜆18 … … 𝜆18

2 + 𝜓8)

 ⊗  𝐀  Eq. 5.5 
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where 𝜆11
2  is the variance explained by site loading of factor 1 at site 1, 𝜓 is the site-specific 

variance and off-diagonals are correlations. This matrix is scaled by the additive genetic 

relationship 𝐀.  

Complex covariance structures were not significant for the dominance and residual genetic 

effects. The covariance structure for dominance and residual genetic effects was modeled as 

independent and identically distributed (IID) form assuming constant variance across all sites. The 

additive and dominance covariance structures were weighted by the expected and realized additive 

and dominance relationship matrices in linear mixed models. The residual genetic term was 

assumed to include all the low and higher order epistatic additive genetic effects. The random 𝐂, 

𝐐, and 𝐑 variance structures were block diagonal with independent units at each site and a different 

residual variance per site (⊕𝑖=1
𝑆 𝜎𝑖

2𝐈𝑛𝑖
).  

Fusiform rust incidence was assessed as binary response, where 𝑦𝑖 =  1 if the i-th tree had 

the disease incidence and 𝑦𝑖 =  0 otherwise. The 𝑦𝑖 can be a realization of the random variable 𝑌𝑖 

which will have a probability of 𝑝 for 1 and the probability of 1 − 𝑝 for 0 outcome. The random 

variable 𝑌𝑖 has a Bernoulli distribution with expectations of 𝐸(𝑌𝑖)  =  𝜇𝑖  =  𝑝𝑖 and 𝑉𝑎𝑟(𝑌𝑖)  =

 𝜎2  =  𝑝𝑖(1 −  𝑝𝑖) (Collett 2002). We modelled the odds of the disease outcome using the 

following generalized linear mixed model: 

𝜂 = 𝑙𝑜𝑔(
𝑝

1−𝑝
) = 𝟏𝜇 + 𝐗𝑠 + 𝐙1𝑐 + 𝐙2𝑞 + 𝐙3𝑎 + 𝐙4𝑎𝑒 + 𝐙5𝑑 + 𝐙6𝑖 + 𝑒  Eq. 5.6 

where 𝜂 is the link function 𝑔(𝜇) of the vector of response variable (incidence or no incidence); 𝑝 

is the probability of trait incidence; 𝑙𝑜𝑔(𝑝/1 − 𝑝) is the log of odds; 𝜇 is the conditional mean; 𝑐 

is the vector of random column effect with 𝑐~𝑁𝐼𝐷(0, 𝐈𝜎𝑐
2); 𝑞 is the vector of random row effect 

with 𝑞~𝑁𝐼𝐷(0, 𝐈𝜎𝑞
2); 𝑎 is the vector of random additive genetic effects with 𝑎~𝑁𝐼𝐷(0, 𝐀𝜎𝑎

2); 𝑎𝑒 

is the vector of random additive genetic by environment effects with 𝑎𝑒~𝑁𝐼𝐷(0, 𝐀𝜎𝑎𝑒
2 ); and 𝑒 is 
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the vector of random errors with 𝑒~𝑁𝐼𝐷(0, 𝐈𝜎𝑒
2). Other terms were the same explained in equation 

5.4. Simple IID variance-covariance structure was the best fit all the terms in the model.  

The above linear mixed models were fit using the additive genetic relationship matrix 

derived from the pedigree as the base model (ABLUP). The GBLUP models were fit with additive 

(A) dominance (D), and residual genetic (I) effects. Models were compared using fit statistics, 

Akaike’s Information Criterion (AIC) (Akaike 1974), residual log likelihood (LogL), log 

likelihood ratio tests (LRT), and standard error of difference between predictions averaged across 

all possible comparisons (SED). The models were fit in ASReml v4.2 statistical software which 

uses the Restricted Maximum Likelihood (REML) method to estimate the parameters (Gilmour et 

al. 2015). ASReml codes for linear mixed models are provided in the Appendix C (Codes C4).  

5.3.4.4 Heritability of clone means 

Narrow-sense (ℎ𝑐̅
2) and broad-sense heritability (𝐻𝑐̅

2) of clone-means for stem volume and 

straightness were estimated using the variance components from Eq. 5.4 and the derivations 

according to Isik et al. (2017): 

ℎ𝑐̅
2  =  

𝑟̅𝑎𝜎̅𝑎
2  

𝜎̅𝑎
2

𝑠
 + 

(𝑠 − 1)𝑟̅𝑎𝜎̅𝑎
2

𝑠
 + 

(𝑠 − 1)𝜎𝑑
2

𝑠
 + 

(𝑠 − 1)𝜎𝑖
2

𝑠
 + 

∑𝜎𝑒
2

𝑠2𝑛ℎ

  Eq. 5.7  

𝐻𝑐̅
2  =  

𝑟̅𝑎𝜎̅𝑎
2 + 𝜎𝑑

2 + 𝜎𝑖
2

𝜎̅𝑎
2

𝑠
 + 

(𝑠 − 1)𝑟̅𝑎𝜎̅𝑎
2

𝑠
 + 

(𝑠 − 1)𝜎𝑑
2

𝑠
 + 

(𝑠 − 1)𝜎𝑖
2

𝑠
 + 

∑𝜎𝑒
2

𝑠2𝑛ℎ

   Eq. 5.8  

Heritability of clone-means for fusiform rust disease incidence were estimated using the 

variance components from Eq. 5.6. 

ℎ𝑐̅
2  =  

𝜎𝑎
2 

𝜎𝑎
2 + 

𝜎𝑎𝑒
2

𝑠
 + 𝜎𝑑

2 + 𝜎𝑖
2 + 

𝜎𝑒
2

𝑠𝑛ℎ
 
    Eq. 5.9 
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𝐻𝑐̅
2  =  

𝜎𝑎
2 + 𝜎𝑑

2 + 𝜎𝑖
2 

𝜎𝑎
2 + 

𝜎𝑎𝑒
2

𝑠
 + 𝜎𝑑

2 + 𝜎𝑖
2 + 

𝜎𝑒
2

𝑠𝑛ℎ
 
                                 Eq. 5.10 

where 𝜎𝑎
2 is the average additive genetic variance; 𝜎𝑎

2 is the additive genetic variance; 𝜎𝑎𝑒
2  is the 

additive genetic by environment variance; 𝜎𝑑
2 is dominance genetic variance; 𝜎𝑖

2 is the residual 

genetic variance; 𝜎𝑒
2 is the error variance; 𝑟̅𝑎 is the average additive genetic correlation between 

pairs of sites, 𝑠 is the number of sites (𝑠 = 8), and 𝑛ℎ is the harmonic mean number of trees per 

clonal variety per site (𝑛ℎ = 0.70). For fusiform rust disease incidence, the variance of standard 

logistic distribution 𝜋2/3 = 3.29 was used as the error variance for the heritability calculations 

(Gilmour et al. 1985). Standard error of heritabilities were approximated using the delta method 

(Lynch and Walsh 1998).  

5.3.4.5 Estimation of pseudo phenotypes for genomic prediction 

Genomic prediction of clonal varieties was an important objective of the study. We implemented 

one- and two-stage genomic prediction analyses to obtain GEBVs across the population and among 

test sites. Two-stage genomic prediction models required pseudo phenotypes for the estimation of 

GEBVs and prediction accuracy of models. The solutions of the random effects are the best linear 

unbiased predictions (BLUP). These estimates are not suitable to study the marker-trait association 

because the estimates have a smaller variance due to shrinkage of estimates towards the mean (Isik 

et al. 2016). Additionally, use of pedigree incorporates parental effects to the breeding values of 

progeny which needs to be removed (Garrick et al. 2009). We obtained two estimates as pseudo 

phenotypes corrected for systematic experimental design effects and random micro-site 

heterogeneity by fitting two linear mixed models. These estimates were the best linear unbiased 

estimates (BLUE) and residuals as detailed below.  
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1. BLUE: Using the linear mixed model equations explained above, the clonal variety effect was 

fixed, and the rest of the experimental design factors were fit as random to obtain solutions for 

clonal varieties for all three traits. These estimates are adjusted for experimental design factors, 

but they are not shrunk towards the mean. Standard error of estimates was used as a weight 

factor in predictions. One BLUE was available for each clonal variety. BLUEs were used as 

pseudo phenotype in across-population CV scenarios.   

2. Residuals: In this method, linear mixed models were fit to obtain residuals for volume, 

straightness, and fusiform rust disease. The models included all the experimental designs 

factors, but they did not include genetic terms. For each observation (tree) one residual was 

estimated in each site. This allowed to obtain pseudo phenotype for each environment so 

genotype-by-environment interaction can be still modeled in cross-validation scenarios. 

Residuals were used as pseudo phenotype for prediction of clonal varieties among test sites.   

5.3.4.6 Whole-genome regression models for genomic prediction  

Stem volume, stem straightness, and fusiform rust disease incidence were assessed as continuous, 

categorical, and binary, respectively. These traits may have different inheritance patterns and could 

be affected by statistical modeling. Hence, four statistical models, GBLUP, ridge regression, 

BayesA, BayesB models were used to assess prediction accuracy for the traits. The models 

assumed different prior assumptions for SNP marker effects on the trait. GBLUP model was fit 

with realized relationship matrix calculated from SNP markers. The model assumed that all 

markers have the same effect on the trait with 𝑢~𝑁𝐼𝐷(0, 𝐀𝜎𝑢
2). GBLUP model was fit in one-

stage random CV using the raw data in linear mixed model equations described above. Details for 

ridge regression, BayesA and Bayes models are provided below.  
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The following ridge regression model was used to estimate GEBV of clonal varieties in 

across population and among sites cross-validation scenarios.   

𝑦 =  𝟏𝜇 +  𝐖𝑚 +  𝑒                                    Eq. 5.11  

where, 𝑦 is the vector of pseudo phenotypes (BLUEs or residuals; depending on CV scenario) 

obtained by solving mixed model equations explained above, 𝜇 is the overall mean, m is the vector 

of random marker effects, 𝐖 is the incidence matrix of markers, 𝑒 is the vector of random residual 

effects with 𝑒~𝑁𝐼𝐷(0, 𝐈𝜎𝑒
2), I is identity matrix, and 𝟏 is the vector of ones. Ridge regression 

(Hoerl and Kennard 1970) shrinks marker effects uniformly and assumes multivariate normal prior 

distribution with mean zero and common variance for marker effects, 𝑚~𝑁𝐼𝐷(0, 𝐈𝜎𝑚
2 ). The model 

estimates marker effects by minimizing residual sums of squares (Tibshirani 1996). 

𝛽̂𝑅𝑅 = 𝑎𝑟𝑔𝑚𝑖𝑛{|𝑦 − 𝐖𝛽|2 + 𝜆 ∑ 𝛽𝑖
2 𝑝

𝑖=1 }                                    Eq. 5.12  

where, 𝛽̂𝑅𝑅 is the estimated marker effect, 𝑦 is the vector of pseudo phenotype, 𝛽 is the vector of 

regression coefficients and 𝜆 is the regularization parameter. Ridge regression assumes that all 

markers have an effect and shrinkage is applied uniformly.  

BayesA model assumes unique variance with 𝑁𝐼𝐷(0, 𝜎𝑎𝑥
2 ) for the prior distribution of each 

marker (𝑎𝑥) (Meuwissen et al. 2001). The 𝜎𝑎𝑥
2  parameter further follows  𝜎𝑎𝑥

2 |𝑣,  𝑆2~𝑣𝑆2𝜒𝑣
−2 with 

a scaled inverse 𝜒2 and two hyperpriors, 𝑣 and 𝑆2, where 𝑣 is the degrees of freedom, and 𝑆2 is 

the scale parameter (Gianola et al. 2009; Meuwissen et al. 2001). Thus, the prior for each 𝑎𝑥 

follows a scaled t-distribution 𝑡(0, 𝑣, 𝑆2) with degrees freedom 𝑣 = 4.2 and scale parameter 𝑆2 =

𝜎̃𝑎
2(𝑣 − 2)/𝑣 (Gianola et al. 2009; Meuwissen et al. 2001), where 𝜎̃𝑎

2 represents additive genetic 

variance explained by SNP markers. BayesA assumes that a large number of markers have small 

effects and a small proportion of markers have moderate to large effects (Meuwissen et al. 2001). 
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BayesB model follows the assumptions explained for BayesA, except the effect of markers 

is fitted with probability (1 − 𝜋) (Meuwissen et al. 2001). The parameter 𝜋 represents the 

probability of markers having null effect. BayesB model treats 𝜋 as known and specifies its value 

from the data (Gianola 2013). The prior used for additive marker effect 𝑎𝑘 has a mixture of 

distribution given below (Gianola et al. 2009). 

𝑎𝑘|𝜋~ 𝐼𝐼𝐷 {
0 𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏 𝜋,

𝑡(0, 𝑣 , 𝑆2) 𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏 (1 − 𝜋)
} , 𝑘 = 1,2, … , 𝑝                                   Eq. 5.13     

BayesB assumes that a large proportion of markers have zero effects and a small number of 

markers have moderate to large effects. We used the BGLR software defaults (π0 = 0.5; P0 = 10) 

for BayesB prior information, where π0 is the probability of markers with non-null effects and P0 

is the degree of belief in the probability of inclusion.  

The models were fit using the BGLR package (Pérez and de Los Campos 2014) in R 

statistical environment. Models were run 30 times with 100,000 iterations, a burn-in length of 

20,000 iterations, and a thinning length of 20 iterations.  

5.3.5 Cross-validation (CV) scenarios  

5.3.5.1 Random - Raw data 

In this scenario, we wanted to understand predictive ability of markers on a subset of clonal 

varieties randomly sampled from the same population. This was a one-stage CV scenario, and the 

raw data were used as phenotype in GBLUP models explained in equations 5.4 and 5.6. The raw 

data were randomly split into training (80%) and validation (20%) sets. The training set was 

comprised of 1618 clonal varieties which included about 9000 trees. The validation set 

encompassed 405 clonal varieties and 2200 trees. Five-fold CV was used, and each fold was 

replicated five times.  
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In the following cross validation scenarios two-stage analyses were implemented. The 

BLUEs or residuals were estimated in linear mixed models were used as pseudo phenotypes in 

whole-genome regression models to estimate GEBVs.   

5.3.5.2 Random - BLUE 

Like the previous CV scenario, we wanted to understand predictive ability of markers on a subset 

of clonal varieties randomly sampled from the same population. This was a two-stage CV scenario 

where the BLUEs estimates were used as pseudo phenotypes to perform CV. The data were 

randomly split into training (80% or 1618 clonal varieties) and validation (20% or 405 clonal 

varieties) sets. Ridge regression, BayesA and BayesB models explained above were used to 

evaluate prediction accuracy.  

5.3.5.3 Family - BLUE 

In this implementation, we wanted to understand the effect of family structure on genomic 

prediction. The question was, can we use a subset of full-sib families to predict GEBVs of progeny 

in another subset of families? BLUE estimates were used as pseudo phenotypes. Full-sib families 

were randomly selected for training and validation sets. The families were sampled in a way to 

maintain 80% and 20% split for the training and validation sets. Ridge regression and Bayesian 

models were used to estimate prediction accuracy.  

5.3.5.4 Within-family - BLUE 

The objective of this CV scenario was to test the effect of relatedness and compare with the above 

three CV scenarios. The BLUE estimates were used as pseudo phenotypes. The data within each 

full-sib family were randomly split into 80% and 20% training and validation sets. Ridge 

regression and Bayesian models were used to evaluate prediction accuracy of the models. 



   

140 

 

5.3.5.5 Prediction for a new environment - Residuals 

In this scenario, we wanted to predict GEBVs of tested clonal varieties in a new environment. 

Residuals estimated from linear mixed models were used as pseudo phenotype to evaluate 

prediction accuracy of a model trained on several test sites. In each run, seven out of eight test 

sites were used as training and one test site was used as validation set. The validation and training 

set sizes differed for each run because sites had different number of trees. The training set size 

ranged between 10,466 and 9264, while the validation set size ranged between 697 and 1899 

number of observations. The models were based on one-time run and there was no random 

sampling of the training population. Thus, one estimate of prediction accuracy was obtained from 

each training model. Ridge regression and Bayesian models explained previously were used.  

5.3.5.6 Prediction of untested clonal varieties - Residuals 

The objective of this scenario was to evaluate prediction accuracy of SNP markers for clonal 

varieties not tested at any site. Residuals estimated linear mixed models were used as phenotypes 

to predict untested clonal varieties across sites. About 80% and 20% of clonal varieties were 

randomly selected for the training and validation sets across all sites. Models were fit in ridge 

regression, BayesA, and BayesB.  

5.3.6 Model fit statistics for CV scenarios 

In one-state Random - Raw data and two-stage Random, Family, and Within-family CV scenarios, 

BLUE pseudo phenotypes were used for model fit statistics calculation. Residuals pseudo 

phenotypes were used to calculate model fit statistics for Prediction for a new environment and 

Prediction of untested clonal varieties CV scenarios.  

The prediction accuracy between the training and validation sets was calculated as 𝑟𝑃𝐴 =

𝑟(𝑦𝑣𝑠, 𝑔̂𝑣𝑠) (Isik et al. 2016), where 𝑦𝑣𝑠 is the pseudo phenotype (EBV, BLUE, residuals) and ĝ
vs
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is GEBV in the validation set (𝑣𝑠). Rank correlations 𝑟𝑟𝑎𝑛𝑘 = (𝑦𝑣𝑠, 𝑔̂𝑣𝑠) and mean squared error 

𝑀𝑆𝐸(𝑦𝑣𝑠, 𝑔̂𝑣𝑠) = 𝑛−1 ∑ (𝑦̅𝑣𝑠 − 𝑔̂𝑣𝑠)
2𝑛

𝑖=1  for each run was calculated to assess the model fit. The 

mean estimates of the prediction accuracies, rank correlations, and MSE were reported.   

5.3.7 Genetic gain calculation 

Expected genetic gain from ABLUP and GBLUP models was compared for volume, straightness, 

and fusiform rust disease using the gain equation ∆𝐺 = 𝑖 𝑟 𝜎𝑎  / 𝐿, where 𝑖 is the selection intensity, 

𝑟 is the prediction accuracy (correlation between estimated and true breeding values), 𝜎𝑎 is the 

standard deviation of additive genetic variance, and 𝐿 is the length of breeding cycle. For the 

comparison purpose, we used only one selection intensity scenario (i = 50/2023). The values for 

𝑟 and 𝜎𝑎 were used from ABLUP and GBLUP analyses. For the length of breeding cycle, we used 

12 and 7 years reported for traditional selection and genomic selection methods in P. taeda (Isik 

et al. 2014; Resende et al. 2012).  

5.4 Results 

5.4.1 Genetic relationships  

In this study, the expected and realized additive and dominance genetic relationships were 

calculated using the pedigree and SNP marker data for 2023 clonal varieties (Figure 5.1). Overall, 

the realized additive genomic relationships corresponded well with the expected genetic 

relationships. However, the genomic relationship matrix was denser compared to the expected 

relationship matrix. The half-sib family relationship coefficients were slightly lower from the 

realized relationship matrix. Most of the unrelated clonal variety pairs had negative relationship 

coefficients in the genomic relationship matrix. The matrix detected errors in the pedigree as some 

of the unrelated pairs showed very high relationship coefficients. The errors occurred due to the 

mislabeling of filler trees as genetic entries in the field trials. We removed the mislabeled 
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individuals from data analyses. Realized dominance genetic relationships corresponded with the 

pedigree dominance relationships. The expected dominance relationship between clonal varieties 

from different families were zero, while it was negative from the SNP markers for most variety 

pairs (Figure 5.1).  

5.4.2 Population genetic parameters 

About 10,000 out of 30,500 SNP markers were mapped on the genetic map of P. taeda (Figure 

B11, Appendix). The pairwise LD averaged 0.012 among the mapped SNP marker loci across the 

12 linkage groups in the genome of this P. taeda population. Only about 0.6% of the SNP pairs 

had an r2 value of greater or equal than 0.10. The majority (60%) of the SNP pairs had an LD of 

less than 0.01. A tiny fraction of the SNP pairs (2943) had an LD ≥0.50 of which only 20 pairs 

were not in the same chromosome. The rest of high LD pairs were in the same chromosome with 

majority (96%) in proximity of each other. LD decayed rapidly within the first few centimorgans 

of the genetic distance (Figure 5.2). The pairwise LD was also calculated within each linkage 

group ranging between 0.015 and 0.017 (Table 5.1).  

Heterozygosity and PIC were calculated to evaluate polymorphism in this P. taeda 

population. Observed heterozygosity had a higher range (0.001 to 0.82) than the expected 

heterozygosity (ranged 0.03 and 0.50) (Figure 5.3). However, there was a slight difference in the 

means of the two parameters (0.294 vs. 0.289). The PIC was high and ranged between 0.029 and 

0.375 with an average of 0.235 indicating high polymorphism in the population.  

5.4.3 Genetic parameter estimates from ABLUP and GBLUP models 

Four GBLUP models were fit to test significance of dominance and residual genetic effects in 

volume, straightness, and fusiform rust disease. These models were also compared with a base 

ABLUP model for the estimation of additive genetic effects. GBLUP model fit with additive, 
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dominance, and residual genetic effects was a better fit for volume and straightness compared to 

the additive effects only GBLUP and ABLUP models (LRT, p-value <0.0001). For all traits, SED 

improved substantially in GBLUP compared with the ABLUP model.  

Results from best GBLUP fit and ABLUP model are provided in Table 5.2. Additive 

genetic variance estimated from ABLUP model was 1.2 to 1.4 times larger than the GBLUP model. 

Additive genetic variance explained a large proportion (80 to 100 %) of total genetic variation for 

volume, straightness, and fusiform rust disease in GBLUP models (Figure 5.4). Dominance and 

residual genetic variance estimates were small and explained a fraction of the genetic variance in 

volume and straightness. In fusiform rust disease, residual genetic variance explained about 20% 

of genetic variance (Table 5.2, Figure 5.4).  

Clone-mean narrow-sense heritability estimates ranged between 0.55 and 0.76 for the three 

traits (Table 5.2). Compared with the ABLUP, clone-mean narrow-sense heritability estimates 

were lower in GBLUP model mainly due to smaller additive genetic variance. Broad-sense 

heritabilities were only available from GBLUP models ranged between 0.61 and 0.74. All 

heritability estimates were associated with small standard errors.  

The additive genetic correlation was 0.99 for fusiform rust disease, indicating no GxE 

interaction among sites. The additive genetic correlation was high (0.88) in the ABLUP model for 

stem volume and straightness. The additive GxE correlations decreased to 0.80 and 0.85, 

respectively, when GBLUP model was fit for the two traits (Table 5.2). GBLUP model better 

explained additive GxE interactions among the site pairs than the ABLUP model. 

5.4.4 Prediction accuracy from across-population CV 

Four across-population CV scenarios were implemented to evaluate prediction accuracy of GS 

models for stem volume, straightness, and fusiform rust disease in this clonal population of P. 
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taeda. The prediction accuracy from GBLUP one-stage Random - Raw data CV scenario averaged 

0.42, 0.58, and 0.27 for the three traits, respectively (Table 5.3). In this CV scenario, we used 80% 

of randomly sampled raw data to fit the training models. The clonal varieties had more than one 

phenotype because multiple copies of the same clonal variety were tested at different sites. Thus, 

the BLUE estimates from liner mixed model was used to compare prediction accuracy in the 

validation sets.  

In the other three CV scenarios, a two-stage approach was implemented, where first pseudo 

phenotype BLUEs were calculated in linear mixed models, and then CV was performed using 

ridge regression, BayesA, and BayesB models. The three models provided similar results in each 

trait. The prediction accuracy from Random - BLUE and Within-family - BLUE scenarios were 

similar (Tables 5.4, 5.5). Prediction accuracy was high (~0.58) for stem straightness followed by 

volume (0.42) and was moderate for fusiform rust disease (~0.27). These results were comparable 

with the prediction accuracies obtained from one-stage Random - Raw data CV. Similar results 

were obtained for rank correlation and MSE from the three CV scenarios, except that the rank 

correlation for fusiform rust disease was lower than the prediction accuracy estimates. The three 

traits' prediction accuracy slightly decreased when the Family - BLUE CV scenario was 

implemented (Table 5.6). In this scenario, whole families were randomly sampled for the training 

and validation sets.  

Ranking of clonal varieties was assessed within families for the four across-population CV 

scenarios. Random - Raw data, Random - BLUE, and Within-family - BLUE CV scenarios showed 

similar within-family rank correlations (Figure 5.5). The correlations were high for straightness 

(averaged ~ 0.72) and volume (averaged ~ 0.65) and moderate for fusiform rust disease (averaged 

~ 0.44) in those CV scenarios. Rank correlations decreased substantially when a set of families 
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were selected for model validation in the Family - BLUE CV scenario. In this scenario, rank 

correlations averaged 0.24, 0.21, and 0.10 for straightness, volume, and fusiform rust disease, 

respectively (Figure 5.5). 

5.4.5 Prediction accuracy from among-site CV 

Two CV scenarios were implemented to assess predictive ability of SNP markers for clonal 

varieties within and across environments. First, tested clonal varieties from seven sites were used 

to predict the same varieties in a new environment. Second, 80% randomly sampled varieties were 

used to predict 20% untested clonal varieties across multiple environments. For these CV 

scenarios, results from ridge regression model is only provided because all models had the same 

outcome. Overall, the prediction accuracy of GS models was low to moderate when data from 

seven (training population) out of eight sites were used to predict tested clonal varieties in a new 

test site (Figure 5.6). In this scenario, the prediction accuracy for volume, straightness, and 

fusiform rust disease averaged about 0.32, 0.40, and 0.18, respectively. Prediction accuracy of GS 

models dropped to an average of 0.24 (volume), 0.36 (straightness), and 0.10 (fusiform rust) when 

20% of clonal varieties were missing at random from all test sites in Prediction of untested clonal 

varieties CV scenario. Prediction accuracy of the two CV scenarios was lower when contrasted 

with across-population genomic prediction models.    

5.4.6 Genetic gain from GS models 

Expected genetic gain was compared between ABLUP and GBLUP methods. The expected 

genetic gain per year from GBLUP method was 1.83 to 2 times greater than the ABLUP method 

for the three traits analyzed (Table 5.7). This indicated 83% to 100% increase in genetic gain when 

genomic selection method was used. The reduction in breeding cycle length played a major role 
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in the increase of genetic gain. Higher prediction accuracy from GBLUP method slightly improved 

the genetic gain.    

5.5 Discussion  

5.5.1 Variance components from GBLUP and ABLUP models 

The results demonstrated superiority of GBLUP models for the estimation of genetic parameters 

providing better fit statistics and smaller SED than the ABLUP model. However, the estimate of 

additive genetic variance was smaller in GBLUP models resulting in lower heritability estimates 

compared to the base ABLUP. Partially, this was due to dominance and residual genetic effects in 

GBLUP which were not included in the ABLUP model. The standard error of predictions was 

considerably lower in GBLUP model than the predictions from ABLUP. That is because GBLUP 

model utilized realized relationships to estimate additive genetic variance, which was more 

accurate. Previously published research also reports lowered additive genetic variance estimates 

from GBLUP models (El-Dien et al. 2016; Muñoz et al. 2014; Nazarian and Gezan 2016). 

Nonetheless, the studies confirmed superiority of GBLUP due to better fit statistics and lowered 

standard error of predictions.  

The use of complex covariance structures for dominance and residual genetic effects 

resulted in model non-convergence. Hence, we used a simple IID covariance structure for the two 

effects. Dominance and residual genetic effects were significant but explained a small fraction of 

genetic variance in GBLUP models. Previously published research also report modest non-additive 

genetic effects for growth traits in P. taeda (Isik et al. 2003; Muñoz et al. 2014; Shalizi and Isik 

2019).  

Orthogonality is an important assumption made in the analysis of additive and non-additive 

genetic effects (Cockerham 1954; Kempthorne 1954). If the effects are orthogonal, the additive 
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genetic variance estimate is not expected to change when dominance and epistasis genetic effects 

are added in the model (Vitezica et al. 2018). On the other hand, if orthogonality does not hold, 

additive genetic effects may be confounded with non-additive genetic effects (Muñoz et al. 2014; 

Vitezica et al. 2013, 2017). However, it is hard to have independent additive and non-additive 

genetic effects in breeding populations due to non-random mating, selection, and LD (Gianola and 

de Los Campos 2008; Hill and Mäki-Tanila 2015; Lynch and Walsh 1998). In this study, non-

orthogonality may exist because additive genetic variance estimates reduced slightly when non-

additive effects were added in GBLUP models (Figure 5.4) and the non-orthogonality could be 

due to a small number of founders (N = 21). However, non-orthogonality did not seem to affect 

variance components because of very low LD (averaged 0.012) in the population. LD could result 

in genetic covariances between additive, dominance, and epistasis effects complicating 

partitioning of genetic variance (Hill and Mäki-Tanila 2015). LD also causes correlations between 

additive effects and it could impact each of the variance components even when fit individually in 

models. As a result, the additive variance estimate is reduced if orthogonality does not hold 

(Garcia-Baccino et al. 2020; Vitezica et al. 2013). Nazarian and Gezan (2016) argue that non-

orthogonality arises because the same molecular information is used for additive and dominance 

matrices. They indicated that fitting an additive only model may confound non-additive variance 

estimates if the real dominance effect exists. That was especially true when the authors used the 

pedigree relationship matrix in linear mixed models. However, studies also indicated that even 

with non-orthogonality, a full GBLUP model (additive + dominance + epistasis effects) performed 

similarly in predicting breeding values compared with an additive only model (Xiang et al. 2018).  
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5.5.2 Prediction of clonal varieties across-population  

In this study, we used dense SNP markers in a large multi-environment clonal population to assess 

genomic selection models' efficiency in P. taeda. Three different phenotypic responses, volume 

(continuous), straightness (ordinal), and fusiform rust disease (threshold) were analyzed to assess 

prediction accuracy of SNP markers. The results indicated that within the same population, 

genomic prediction of stem volume and straightness was reasonable because the prediction 

accuracy was high for the two traits. Previously published research reported moderate to high 

(ranged 0.34 – 0.76) prediction accuracy estimates for growth traits (height, DBH, volume) in P. 

taeda (Muñoz et al. 2014; Resende et al. 2012; Zapata-Valenzuela et al. 2012, 2013). In this study, 

we did not analyze height and DBH; however, the prediction accuracy for volume averaged ~0.42, 

corroborating published research findings. The prediction accuracy of GS models has not been 

reported for stem straightness. The trait showed consistently high prediction accuracy estimates in 

all CV scenarios. Moderate prediction accuracy estimates (~0.26) for fusiform rust disease could 

be due to a very low incidence (5%) of the trait. More than half of the clonal varieties did not show 

fusiform rust disease incidence, resulting in sarcastic BLUEs pseudo phenotype estimates. The 

BLUEs were on logit scale and clonal varieties with no disease incidence had the same negative 

logit values. However, published research in a 951 clonally replicated P. taeda population reported 

similar prediction accuracy (averaged 0.29) for fusiform rust disease (Resende et al. 2012).  

Genomic prediction models trained on original data (one-stage) provided the same results 

compared with the two-stage approach where BLUEs were separately calculated in a linear mixed 

model and then used as pseudo phenotypes in GS models to predict GEBVs. One- and two-stage 

analysis have been implemented in crop species (Holland et al. 2020; Oakey et al. 2016; Schulz-

Streeck et al. 2013). Holland et al. (2020) found no difference in prediction accuracy when the two 
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approach were compared, even with an unbalanced data structure. Additionally, fitting of highly 

time-consuming one-stage models may not be necessary, especially when the data are balanced, a 

two-stage approach can be used to train the models.  

This study found no difference between random sampling (Random - Raw data, Random - 

BLUE) and within-family (Within-family - BLUE) sampling of clonal varieties selected for the 

training and validation sets. The two scenarios produced similar prediction accuracy estimates 

indicating either could be used for model training. Random CV scenarios provided slightly higher 

prediction accuracy than the sampling of whole families (Family - BLUE) for training and 

validation. Although the prediction accuracy was moderate to high, the selection of families 

(Family - BLUE) for model training and validation is not recommended because the ranking of 

genotypes was much lower in the families sampled for the validation set (Figure 5.5). There was 

a considerable variation for within-family rank correlations in Family CV scenario ranging 

between -0.50 and 0.70. In this implementation, information from a subset of families (training 

set) was used to predict GEBVs for clonal varieties in the rest of families (validation set). Thus, 

the genetic connectedness between the training and validation sets in each run was lower, resulting 

in poor within-family rankings. In the other three CV scenarios, genetic relationship between the 

training and validation was higher, resulting in better within-family rankings. 

5.5.3 Prediction of clonal varieties among test sites  

Among-site genomic prediction is unique in this study, and to our knowledge, has not been studied 

in P. taeda. Genomic prediction of clonal varieties among field trials have implications for progeny 

testing. In this study, among-site prediction of clonal varieties was affected by the genetic 

connectedness of the training and validation sets. Other studies in plant species also highlighted 

the importance of genetic relatedness in genomic prediction of varieties among field trials (Bajgain 
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et al. 2020; Costa-Neto et al. 2020; El-Dien et al. 2016; Hunt et al. 2020; Jarquin et al. 2020; 

Pandey et al. 2020; Tolhurst et al. 2019; Wang et al. 2020). In this study, prediction accuracy was 

moderate to high (ranged 0.23 – 0.47) when data from seven sites were used to predict clonal 

varieties in an entire site (Prediction for a new environment). The training and validation sets were 

strongly connected because the clonal varieties in the validation set were present in other sites. 

However, the prediction accuracies differed as the validation site changed. We are not sure about 

the reason behind this. One reason could be the individual site heritability which correlated with 

the prediction accuracies (Figure B12, Appendix). Sites with higher heritability showed improved 

prediction accuracy when used as validation set. Lower site heritability could have affected 

estimation of residual pseudo phenotypes.  

Previously published research in crops and forest tree species reported moderate to high 

(ranged 0.28 – 0.90) prediction accuracies for growth and yield traits when data from a group of 

sites were used to predict genotypes in other sites (Bajgain et al. 2020; El-Dien et al. 2015; Jarquin 

et al. 2020; Pandey et al. 2020; Ukrainetz and Mansfield, 2020; Wang et al. 2020). The studies 

observed a decline in prediction accuracy estimates when genetic connectedness was lower 

between the training and validation populations.  

In traditional P. taeda breeding, thousands of clonal varieties are planted across field trials, 

which is costly and time consuming to measure. Alternatively, subset(s) of clonal varieties could 

be planted in field trials. The phenotype from tested varieties could be used to predict GEBVs for 

untested material in one or all environments (Jarquin et al. 2020). To test this, a separate CV 

scenario (Prediction of untested clonal varieties) was implemented. The prediction accuracies 

dropped when genomic prediction models were used to predict untested clonal varieties across test 
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sites. In this scenario, the clonal varieties in the validation set (across sites) were connected by 

parental relationships (full-sibs, half-sibs, cousins), not identical copies.  

The prediction accuracy estimates from this CV scenario was still moderate for volume 

(0.24) and straightness (0.36). The results from this scenario indicate that untested varieties could 

be predicted for stem volume and straightness. However, this needs to be further validated because 

we used BLUEs, which were calculated from multiple observations in each variety. While in the 

case of seedling progeny testing, only one phenotype is available for each variety.  

The results from the two among-site CV scenarios were inconclusive for fusiform rust 

disease because of lower prediction accuracy estimates. Again, this could be an artifact of the low 

fusiform rust disease in the population with a range of 0.6% to 14.8% between sites.  

5.5.4 Importance of genetic relatedness on the prediction accuracy  

The degree of genetic relatedness between the training and validation sets play an important role 

in genomic prediction (Clark et al. 2012; Misztal 2011; Solberg et al. 2008; Würschum et al. 2017). 

In this study, the prediction accuracy decreased when genetic relatedness was weak between the 

training and validation sets. Use of half-sib and beyond relationships was not optimal for the 

prediction of varieties within families because the prediction models relied on weaker genetic 

relationships. This resulted in very unstable ranking of varieties within the families used for 

validation.  

5.5.5 Higher gain is expected from GS  

Increase in genetic gain per unit time is the major expectation from genomic selection (Meuwissen 

et al. 2001). Results from this study indicated that if successful, GS would almost double (83% - 

100%) the genetic gain compared with the traditional breeding methods in P. taeda. Other studies 

in forests trees report 50% to 200% increase in expected genetic gain from GS breeding 
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(Grattapaglia and Resende, 2011; Resende et al. 2012; Resende et al. 2012). The results from this 

study (~90% gain) are similar to the results reported in the literature. The major player in the gain 

equation will be the length of the breeding generation which will reduce to half once GS is 

incorporated in P. taeda breeding.  

5.6 Conclusions 

GBLUP was efficient to decompose observed variances into additive and non-additive genetic 

variances. Genomic selection can be efficient in P. taeda for prediction of genetic merit of 

genotypes within the population but also prediction for the new environments. The study indicated 

the importance of genetic connectedness between the training and validation data sets, which is 

the key for higher prediction accuracies. A twofold genetic gain was estimated between the 

traditional breeding versus genomic selection. Genomic prediction of fusiform rust disease was 

not efficient in this population mainly due to a very low incidence of the disease. The results from 

this study should be validated through another cycle of breeding to understand that if the marker-

QTL phase holds. Such research is currently underway.  



   

153 

 

5.7 References 

Akaike, H. (1974). A new look at the statistical model identification. IEEE Transactions on 

Automatic Control, 19(6), 716–723. 

Amadeu, R. R., Cellon, C., Olmstead, J. W., Garcia, A. A. F., Resende, M. F. R., & Muñoz, P. R. 

(2016). AGHmatrix: R Package to Construct Relationship Matrices for Autotetraploid 

and Diploid Species: A Blueberry Example. The Plant Genome, 9(3).  

Avendaño, S., Woolliams, J. A., & Villanueva, B. (2005). Prediction of accuracy of estimated 

Mendelian sampling terms. Journal of Animal Breeding and Genetics, 122(5), 302–308.  

Bajgain, P., Zhang, X., & Anderson, J. A. (2020). Dominance and G$\times$ E interaction effects 

improve genomic prediction and genetic gain in intermediate wheatgrass (Thinopyrum 

intermedium). The Plant Genome, e20012. 

Baker, L. A., Momen, M., Chan, K., Bollig, N., Lopes, F. B., Rosa, G. J., Todhunter, R. J., 

Binversie, E. E., Sample, S. J., & Muir, P. (2020). Bayesian and Machine Learning 

Models for Genomic Prediction of Anterior Cruciate Ligament Rupture in the Canine 

Model. G3: Genes, Genomes, Genetics, 10(8), 2619–2628. 

Bartholomé, J., Van Heerwaarden, J., Isik, F., Boury, C., Vidal, M., Plomion, C., & Bouffier, L. 

(2016). Performance of genomic prediction within and across generations in maritime 

pine. BMC Genomics, 17(1), 1–14. 

Beaulieu, J., Doerksen, T., Clément, S., MacKay, J., & Bousquet, J. (2014). Accuracy of genomic 

selection models in a large population of open-pollinated families in white spruce. 

Heredity, 113(4), 343–352. 



   

154 

 

Beaulieu, Jean, Doerksen, T. K., MacKay, J., Rainville, A., & Bousquet, J. (2014). Genomic 

selection accuracies within and between environments and small breeding groups in white 

spruce. BMC Genomics, 15(1), 1048. 

Brito, F. V., Neto, J. B., Sargolzaei, M., Cobuci, J. A., & Schenkel, F. S. (2011). Accuracy of 

genomic selection in simulated populations mimicking the extent of linkage 

disequilibrium in beef cattle. BMC Genetics, 12(1), 80. 

Clark, S. A., Hickey, J. M., Daetwyler, H. D., & van der Werf, J. H. (2012). The importance of 

information on relatives for the prediction of genomic breeding values and the 

implications for the makeup of reference data sets in livestock breeding schemes. 

Genetics Selection Evolution, 44(1), 4. 

Cockerham, C. C. (1954). An extension of the concept of partitioning hereditary variance for 

analysis of covariances among relatives when epistasis is present. Genetics, 39(6), 859. 

Collett, D. (2002). Modelling binary data. CRC press. 

Costa-Neto, G., Fritsche-Neto, R., & Crossa, J. (2020). Nonlinear kernels, dominance, and 

envirotyping data increase the accuracy of genome-based prediction in multi-environment 

trials. Heredity, 1–15. 

Cros, D., Mbo-Nkoulou, L., Bell, J. M., Oum, J., Masson, A., Soumahoro, M., Tran, D. M., 

Achour, Z., Le Guen, V., & Clement-Demange, A. (2019). Within-family genomic 

selection in rubber tree (Hevea brasiliensis) increases genetic gain for rubber production. 

Industrial Crops and Products, 138, 111464. 

Crossa, J., Pérez-Rodríguez, P., Cuevas, J., Montesinos-López, O., Jarquín, D., de los Campos, G., 

Burgueño, J., González-Camacho, J. M., Pérez-Elizalde, S., Beyene, Y., Dreisigacker, S., 

Singh, R., Zhang, X., Gowda, M., Roorkiwal, M., Rutkoski, J., & Varshney, R. K. (2017). 



   

155 

 

Genomic Selection in Plant Breeding: Methods, Models, and Perspectives. Trends in 

Plant Science, 22(11), 961–975.  

El-Dien, O. G., Ratcliffe, B., Klápště, J., Chen, C., Porth, I., & El-Kassaby, Y. A. (2015). 

Prediction accuracies for growth and wood attributes of interior spruce in space using 

genotyping-by-sequencing. BMC Genomics, 16(1), 370. 

El-Dien, O. G., Ratcliffe, B., Klápště, J., Porth, I., Chen, C., & El-Kassaby, Y. A. (2016). 

Implementation of the realized genomic relationship matrix to open-pollinated white 

spruce family testing for disentangling additive from nonadditive genetic effects. G3: 

Genes, Genomes, Genetics, 6(3), 743–753. 

Garcia-Baccino, C. A., Lourenco, D. A., Miller, S., Cantet, R. J., & Vitezica, Z. G. (2020). 

Estimating dominance genetic variances for growth traits in American Angus males using 

genomic models. Journal of Animal Science, 98(1), skz384. 

Garrick, D. J., Taylor, J. F., & Fernando, R. L. (2009). Deregressing estimated breeding values 

and weighting information for genomic regression analyses. Genetics Selection 

Evolution, 41(1), 55. 

Gianola, D. (2013). Priors in whole-genome regression: The Bayesian alphabet returns. Genetics, 

194(3), 573–596. 

Gianola, D., & de Los Campos, G. (2008). Inferring genetic values for quantitative traits non-

parametrically. Genetics Research, 90(6), 525–540. 

Gianola, D., de los Campos, G., Hill, W. G., Manfredi, E., & Fernando, R. (2009). Additive genetic 

variability and the Bayesian alphabet. Genetics, 183(1), 347–363. 

Gilmour, A. R., Anderson, R. D., & Rae, A. L. (1985). The analysis of binomial data by a 

generalized linear mixed model. Biometrika, 72(3), 593–599.  



   

156 

 

Gilmour, A. R., Gogel, B. J., Cullis, B. R., Welham, Sj., & Thompson, R. (2015). ASReml user 

guide release 4.1 structural specification. Hemel Hempstead: VSN International Ltd. 

Goddard, M. E., & Hayes, B. J. (2007). Genomic selection. Journal of Animal Breeding and 

Genetics, 124(6), 323–330.  

Goddard, Michael E., Hayes, B. J., & Meuwissen, T. H. E. (2010). Genomic selection in livestock 

populations. Genetics Research, 92(5–6), 413–421.  

Grattapaglia, D., & Resende, M. D. V. (2011). Genomic selection in forest tree breeding. Tree 

Genetics & Genomes, 7(2), 241–255.  

Habier, D., Fernando, R. L., Kizilkaya, K., & Garrick, D. J. (2011). Extension of the bayesian 

alphabet for genomic selection. BMC Bioinformatics, 12(1), 186.  

Hayes, B., & Goddard, M. (2010). Genome-wide association and genomic selection in animal 

breeding. Genome, 53(11), 876–883. 

Hayes, B. J., Bowman, P. J., Chamberlain, A. J., & Goddard, M. E. (2009). Invited review: 

Genomic selection in dairy cattle: Progress and challenges. Journal of Dairy Science, 

92(2), 433–443.  

Hayes, B. J., Daetwyler, H. D., Bowman, P., Moser, G., Tier, B., Crump, R., Khatkar, M., 

Raadsma, H. W., & Goddard, M. E. (2009). Accuracy of genomic selection: Comparing 

theory and results. Proc Assoc Advmt Anim Breed Genet, 18(18), 34–37. 

Heffner, E. L., Sorrells, M. E., & Jannink, J.-L. (2009). Genomic Selection for Crop Improvement. 

Crop Science, 49(1), 1–12.  

Henderson, C. R. (1976). A Simple Method for Computing the Inverse of a Numerator 

Relationship Matrix Used in Prediction of Breeding Values. Biometrics, 32(1), 69–83. 

JSTOR.  



   

157 

 

Herter, C. P., Ebmeyer, E., Kollers, S., Korzun, V., Würschum, T., & Miedaner, T. (2019). 

Accuracy of within-and among-family genomic prediction for Fusarium head blight and 

Septoria tritici blotch in winter wheat. Theoretical and Applied Genetics, 132(4), 1121–

1135. 

Hickey, J. M., Chiurugwi, T., Mackay, I., Powell, W., Eggen, A., Kilian, A., Jones, C., Canales, 

C., Grattapaglia, D., & Bassi, F. (2017). Genomic prediction unifies animal and plant 

breeding programs to form platforms for biological discovery. Nature Genetics, 49(9), 

1297. 

Hill, W. G., & Mäki-Tanila, A. (2015). Expected influence of linkage disequilibrium on genetic 

variance caused by dominance and epistasis on quantitative traits. Journal of Animal 

Breeding and Genetics, 132(2), 176–186. 

Hoerl, A. E., & Kennard, R. W. (1970). Ridge regression: Biased estimation for nonorthogonal 

problems. Technometrics, 12(1), 55–67. 

Holland, J. B., Marino, T. P., Manching, H. C., & Wisser, R. J. (2020). Genomic prediction for 

resistance to Fusarium ear rot and fumonisin contamination in maize. Crop Science, 

60(4), 1863–1875.  

Hunt, C. H., Hayes, B. J., Van Eeuwijk, F. A., Mace, E. S., & Jordan, D. R. (2020). Multi-

environment analysis of sorghum breeding trials using additive and dominance genomic 

relationships. Theoretical and Applied Genetics, 133(3), 1009–1018. 

Isik, F., Li, B., & Frampton, J. (2003). Estimates of Additive, Dominance and Epistatic Genetic 

Variances from a Clonally Replicated Test of Loblolly Pine. Forest Science, 49(1), 77–

88. 



   

158 

 

Isik, F. (2014). Genomic selection in forest tree breeding: The concept and an outlook to the future. 

New Forests, 45(3), 379–401.  

Isik, F, Bartholomé, J., Farjat, A., Chancerel, E., Raffin, A., Sanchez, L., Plomion, C., & Bouffier, 

L. (2016). Genomic selection in maritime pine. Plant Science, 242, 108–119. 

Isik, F, Maltecca, C., & Holland, J. (2017). Genetic data analysis for plant and animal breeding. 

Springer International Publishing. 

Jannink, J. L., Lorenz, A. J., & Iwata, H. (2010). Genomic selection in plant breeding: From theory 

to practice. Briefings in Functional Genomics, 9(2), 166–177.  

Jarquin, D., Howard, R., Crossa, J., Beyene, Y., Gowda, M., Martini, J. W., Pazaran, G. C., 

Burgueño, J., Pacheco, A., & Grondona, M. (2020). Genomic Prediction Enhanced Sparse 

Testing for Multi-environment Trials. G3: Genes, Genomes, Genetics, 10(8), 2725–2739. 

Kempthorne, O. (1954). The correlation between relatives in a random mating population. 

Proceedings of the Royal Society of London. Series B-Biological Sciences, 143(910), 

103–113. 

Kubisiak, T. L., Amerson, H. V., & Nelson, C. D. (2005). Genetic interaction of the fusiform rust 

fungus with resistance gene Fr 1 in loblolly pine. Phytopathology, 95(4), 376–380. 

Lauer, E. & Isik, F. (2021). Discovery and validation of broad-spectrum fusiform rust resistance 

genes in Pinus taeda L. (In review) 

Lillehammer, M., Meuwissen, T. H., & Sonesson, A. K. (2013). A low-marker density 

implementation of genomic selection in aquaculture using within-family genomic 

breeding values. Genetics Selection Evolution, 45(1), 39. 



   

159 

 

Lima, B. M. de. (2014). Bridging genomics and quantitative genetics of Eucalyptus: Genome-wide 

prediction and genetic parameter estimation for growth and wood properties using high-

density SNP data [PhD Thesis]. Universidade de São Paulo. 

Lu, M., Krutovsky, K. V., Nelson, C. D., Koralewski, T. E., Byram, T. D., & Loopstra, C. A. 

(2016). Exome genotyping, linkage disequilibrium and population structure in loblolly 

pine (Pinus taeda L.). BMC Genomics, 17(1), 1–11. 

Lynch, M., & Walsh, B. (1998). Genetics and analysis of quantitative traits (Vol. 1). Sinauer 

Sunderland, MA. 

Meuwissen, T. H. E., Hayes, B. J., & Goddard, M. E. (2001). Prediction of Total Genetic Value 

Using Genome-Wide Dense Marker Maps. Genetics, 157(4), 1819–1829.  

Misztal, I. (2011). FAQ for genomic selection. Journal of Animal Breeding and Genetics, 128(4), 

245–246. 

Mrode, R. (Ed.). (2014). Linear models for the prediction of animal breeding values (3rd ed.). 

CABI.  

Mullin, T. J., Andersson, B., Bastien, J.-C., Beaulieu, J., Burdon, R. D., Dvorak, W. S., King, J. 

N., Kondo, T., Krakowski, J., & Lee, S. J. (2011). Economic importance, breeding 

objectives and achievements. Genetics, Genomics and Breeding of Conifers, 40–127. 

Muñoz, P. R., Resende, M. F., Gezan, S. A., Resende, M. D. V., de los Campos, G., Kirst, M., 

Huber, D., & Peter, G. F. (2014). Unraveling additive from nonadditive effects using 

genomic relationship matrices. Genetics, 198(4), 1759–1768. 

Nazarian, A., & Gezan, S. A. (2016). Integrating nonadditive genomic relationship matrices into 

the study of genetic architecture of complex traits. Journal of Heredity, 107(2), 153–162. 



   

160 

 

Neale, D. B., Wegrzyn, J. L., Stevens, K. A., Zimin, A. V., Puiu, D., Crepeau, M. W., Cardeno, 

C., Koriabine, M., Holtz-Morris, A. E., & Liechty, J. D. (2014). Decoding the massive 

genome of loblolly pine using haploid DNA and novel assembly strategies. Genome 

Biology, 15(3), 1–13. 

Oakey, H., Cullis, B., Thompson, R., Comadran, J., Halpin, C., & Waugh, R. (2016). Genomic 

Selection in Multi-environment Crop Trials. G3: Genes, Genomes, Genetics, 6(5), 1313–

1326.  

Pandey, M. K., Chaudhari, S., Jarquin, D., Janila, P., Crossa, J., Patil, S. C., Sundravadana, S., 

Khare, D., Bhat, R. S., & Radhakrishnan, T. (2020). Genome-based trait prediction in 

multi-environment breeding trials in groundnut. Theoretical and Applied Genetics, 1–17. 

Pérez, P., & de Los Campos, G. (2014). Genome-wide regression and prediction with the BGLR 

statistical package. Genetics, 198(2), 483–495. 

Ratcliffe, B., El-Dien, O. G., Klápště, J., Porth, I., Chen, C., Jaquish, B., & El-Kassaby, Y. A. 

(2015). A comparison of genomic selection models across time in interior spruce (Picea 

engelmannii x glauca) using unordered SNP imputation methods. Heredity, 115(6), 547–

555. 

Resende, M. D. V., Resende, M. F. R., Sansaloni, C. P., Petroli, C. D., Missiaggia, A. A., Aguiar, 

A. M., Abad, J. M., Takahashi, E. K., Rosado, A. M., Faria, D. A., Pappas, G. J., Kilian, 

A., & Grattapaglia, D. (2012). Genomic selection for growth and wood quality in 

Eucalyptus: Capturing the missing heritability and accelerating breeding for complex 

traits in forest trees. New Phytologist, 116–128.  

Resende, M. F. R., Muñoz, P., Acosta, J. J., Peter, G. F., Davis, J. M., Grattapaglia, D., Resende, 

M. D. V., & Kirst, M. (2012). Accelerating the domestication of trees using genomic 



   

161 

 

selection: Accuracy of prediction models across ages and environments. New Phytologist, 

193(3), 617–624.  

Resende, M. F. R., Muñoz, P., Resende, M. D. V., Garrick, D. J., Fernando, R. L., Davis, J. M., 

Jokela, E. J., Martin, T. A., Peter, G. F., & Kirst, M. (2012). Accuracy of Genomic 

Selection Methods in a Standard Data Set of Loblolly Pine (Pinus taeda L.). Genetics, 

190(4), 1503–1510.  

Rutkoski, J. E., Crain, J., Poland, J., & Sorrells, M. E. (2017). Genomic selection for small grain 

improvement. In Genomic Selection for Crop Improvement (pp. 99–130). Springer. 

Schulz-Streeck, T., Ogutu, J. O., & Piepho, H.-P. (2013). Comparisons of single-stage and two-

stage approaches to genomic selection. Theoretical and Applied Genetics, 126(1), 69–82. 

Shalizi, M. N., & Isik, F. (2019). Genetic parameter estimates and GxE interaction in a large cloned 

population of Pinus taeda L. Tree Genetics & Genomes, 15(3), 46. 

Sherrill, J. R., Bullock, B. P., Mullin, T. J., McKeand, S. E., & Purnell, R. C. (2011). Total and 

Merchantable Stem Volume Equations for Midrotation Loblolly Pine (Pinus taeda L.). 

Southern Journal of Applied Forestry, 35(3), 105–108.  

Smith, A., Cullis, B., & Thompson, R. (2001). Analyzing Variety by Environment Data Using 

Multiplicative Mixed Models and Adjustments for Spatial Field Trend. Biometrics, 57(4), 

1138–1147.  

Solberg, T. R., Sonesson, A. K., Woolliams, J. A., & Meuwissen, T. H. E. (2008). Genomic 

selection using different marker types and densities. Journal of Animal Science, 86(10), 

2447–2454.  



   

162 

 

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. 

Team, R. C. (2018). R: A language and environment for statistical computing. R Foundation for 

Statistical Computing, Vienna, Austria. 2013. 

Tibshirani, R. (1996). Regression shrinkage and selection via the lasso. Journal of the Royal 

Statistical Society: Series B (Methodological), 58(1), 267–288. 

Tolhurst, D. J., Mathews, K. L., Smith, A. B., & Cullis, B. R. (2019). Genomic selection in multi-

environment plant breeding trials using a factor analytic linear mixed model. Journal of 

Animal Breeding and Genetics, 136(4), 279–300. 

Toro, M. A., Saura, M., Fernandez, J., & Villanueva, B. (2017). Accuracy of genomic within-

family selection in aquaculture breeding programmes. Journal of Animal Breeding and 

Genetics, 134(3), 256–263. 

Ukrainetz, N. K., & Mansfield, S. D. (2020). Assessing the sensitivities of genomic selection for 

growth and wood quality traits in lodgepole pine using Bayesian models. Tree Genetics 

& Genomes, 16(1), 14. 

VanRaden, P. M. (2008). Efficient methods to compute genomic predictions. Journal of Dairy 

Science, 91(11), 4414–4423. 

Vitezica, Z. G., Legarra, A., Toro, M. A., & Varona, L. (2017). Orthogonal estimates of variances 

for additive, dominance, and epistatic effects in populations. Genetics, 206(3), 1297–

1307. 



   

163 

 

Vitezica, Z. G., Reverter, A., Herring, W., & Legarra, A. (2018). Dominance and epistatic genetic 

variances for litter size in pigs using genomic models. Genetics Selection Evolution, 

50(1), 1–8. 

Vitezica, Z. G., Varona, L., & Legarra, A. (2013). On the additive and dominant variance and 

covariance of individuals within the genomic selection scope. Genetics, 195(4), 1223–

1230. 

Wang, N., Wang, H., Zhang, A., Liu, Y., Yu, D., Hao, Z., Ilut, D., Glaubitz, J. C., Gao, Y., & 

Jones, E. (2020). Genomic prediction across years in a maize doubled haploid breeding 

program to accelerate early-stage testcross testing. Theoretical and Applied Genetics, 1–

11. 

Wang, Q., Yu, Y., Yuan, J., Zhang, X., Huang, H., Li, F., & Xiang, J. (2017). Effects of marker 

density and population structure on the genomic prediction accuracy for growth trait in 

Pacific white shrimp Litopenaeus vannamei. BMC Genetics, 18(1), 1–9. 

Wickham, H. (2016). ggplot2: Elegant graphics for data analysis. Springer. 

Würschum, T., Maurer, H. P., Weissmann, S., Hahn, V., & Leiser, W. L. (2017). Accuracy of 

within-and among-family genomic prediction in triticale. Plant Breeding, 136(2), 230–

236. 

Xiang, T., Christensen, O. F., Vitezica, Z. G., & Legarra, A. (2018). Genomic model with 

correlation between additive and dominance effects. Genetics, 209(3), 711–723. 

Zapata-Valenzuela, J., Isik, F., Maltecca, C., Wegrzyn, J., Neale, D., McKeand, S., & Whetten, R. 

(2012). SNP markers trace familial linkages in a cloned population of Pinus taeda. 

Prospects for genomic selection. Tree Genetics & Genomes, 8(6), 1307–1318.  



   

164 

 

Zapata-Valenzuela, J., Whetten, R. W., Neale, D., McKeand, S., & Isik, F. (2013). Genomic 

Estimated Breeding Values Using Genomic Relationship Matrices in a Cloned Population 

of Loblolly Pine. G3: Genes, Genomes, Genetics, 3(5), 909–916.  

Zhang, A., Wang, H., Beyene, Y., Semagn, K., Liu, Y., Cao, S., Cui, Z., Ruan, Y., Burgueño, J., 

& San Vicente, F. (2017). Effect of trait heritability, training population size and marker 

density on genomic prediction accuracy estimation in 22 bi-parental tropical maize 

populations. Frontiers in Plant Science, 8, 1916. 

 

 

 

 

 

 

 

 



   

165 

 

5.8 Tables 

 

 

Table 5.1. Summary statistics of linkage disequilibrium (pairwise r2) for each chromosome of 2023 

lobllolly pine clonal varieties.  

Chromosome Length (cM) No. of SNPs Mean Minimum Maximum 

1 266.3 698 0.0169 0 0.986 

2 255.3 912 0.0166 0 0.997 

3 290.2 890 0.0154 0 0.989 

4 240.9 910 0.0157 0 0.999 

5 287.5 935 0.0162 0 0.996 

6 255.1 809 0.0165 0 0.997 

7 258.8 836 0.0160 0 0.996 

8 245.6 784 0.0166 0 0.992 

9 267.3 865 0.0157 0 1.000 

10 252.4 868 0.0161 0 1.000 

11 256.1 843 0.0164 0 0.997 

12 261.8 854 0.0158 0 0.998 
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Table 5.2. Genetic parameter estimates (standard error in parenthesis) for stem volume, 

straightness, and fusiform rust disease incidence from ABLUP and GBLUP models. ABLUP 

model was fit for additive effects only. GBLUP was fit for additive, dominance, and residual 

genetic effects. Non additive genetic effects were not significant.  

 Volume  Straightness  Fusiform rust 

Parameter ABLUP GBLUP  ABLUP GBLUP  ABLUP GBLUP 

𝜎𝑎
2 126 (9.1) 89 (8.5)  0.36 (0.02) 0.31 (0.03)  1.79 (0.22) 1.48 (0.28) 

𝜎𝑑
2 -  2 (1.5)  - 0.01 (0.01)  - - 

𝜎𝑖
2 -  5 (2.1)  - 0.01 (0.01)  - 0.19 (0.16) 

𝜎𝑒
2 273 (6.0) 281 (5.8)  0.92 (0.02) 0.91 (0.02)  3.29 3.29 

ℎ𝑐̅
2 0.69 (0.02) 0.55 (0.03)  0.66 (0.02) 0.60 (0.03)  0.76 (0.02) 0.66 (0.08) 

𝐻𝑐̅
2 - 0.61 (0.02)  - 0.63 (0.02)  - 0.74 (0.02) 

𝑟̅𝑎 0.87 (0.05) 0.80 (0.06)  0.88 (0.06) 0.85 (0.07)  0.99 (0.01) 0.99 (0.01) 

𝜎𝑎
2 = average additive variance, 𝜎𝑑

2 = dominance variance, 𝜎𝑖
2 = residual genetic variance, 𝜎𝑒

2 = 

average error variance, ℎ𝑐̅
2 = clone-mean narrow-sense heritability, 𝐻𝑐̅

2 = clone-mean broad-sense 

heritability, 𝑟̅𝑎 = average additive genetic correlation. 
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Table 5.3. Mean (range) prediction accuracy, rank correlation, and mean squared error for volume, 

straightness, and fusiform rust disease from GBLUP models in one-stage Random - Raw data CV 

scenario. The training and validation set size were 80% (1618) and 20% (405) of the population, 

respectively.    

Trait Prediction accuracy Rank correlation  MSE 

Volume 0.42 (0.39 - 0.45) 0.41 (0.39 -0.43) 68.0 (66.5 - 71.4) 

Straightness 0.58 (0.56 - 0.60) 0.56 (0.54 - 0.59) 0.28 (0.26 - 0.30) 

Fusiform rust 0.27 (0.22 - 0.33) 0.23 (0.13 - 0.30) 14.8 (13.8 - 15.8) 
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Table 5.4. Mean (range) prediction accuracy, rank correlation, and mean squared error for volume, 

straightness, and fusiform rust disease from BayesA, BayesB and ridge regression models in two-

stage Random - BLUE CV scenario. The training and validation set size were 80% (1618) and 20% 

(405) of the population, respectively.   

Trait / Model Prediction accuracy Rank correlation MSE 

Volume       

BayesA 0.43 (0.33 - 0.54) 0.42 (0.30 - 0.50) 67.4 (51.8 - 83.8) 

BayesB 0.42 (0.35 - 0.48) 0.41 (0.32 - 0.48) 68.6 (55.6 - 81.1) 

Ridge regression 0.43 (0.30 - 0.53) 0.42 (0.30 - 0.53) 67.8 (58.6 - 77.6) 

Straightness       

BayesA 0.58 (0.49 - 0.66) 0.57 (0.50 - 0.66) 0.26 (0.22 - 0.31) 

BayesB 0.57 (0.50 - 0.62) 0.56 (0.48 - 0.61) 0.27 (0.23 - 0.31) 

Ridge regression 0.57 (0.51 - 0.63) 0.55 (0.49 - 0.60) 0.27 (0.23 - 0.31) 

Fusiform rust    

BayesA 0.28 (0.19 - 0.33) 0.22 (0.12 - 0.33) 14.9 (13.1 - 17.6) 

BayesB 0.26 (0.18 - 0.42) 0.22 (0.12 - 0.35) 14.6 (12.3 - 17.9) 

Ridge regression 0.26 (0.18 - 0.36) 0.22 (0.12 - 0.38) 14.2 (12.5 - 16.1) 
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Table 5.5. Mean (range) prediction accuracy, rank correlation, and mean squared error for volume, 

straightness, and fusiform rust disease from BayesA, BayesB and ridge regression models in two-

stage Within-family - BLUE CV scenario. The data within each family was randomly split into 

80% and 20% subsets. The subsets were combined to form training and validation sets. The 

training and validation set size were 80% (1618) and 20% (405) of the population, respectively.    

Trait / Model Prediction accuracy Rank correlation MSE 

Volume       

BayesA 0.42 (0.36 - 0.47) 0.41 (0.36 - 0.45) 67.5 (59.6 - 76.4) 

BayesB 0.41 (0.33 - 0.49) 0.39 (0.34 - 0.47) 68.5 (59.3 - 74.2) 

Ridge regression 0.41 (0.34 - 0.48) 0.40 (0.35 - 0.47) 68.0 (59.3 - 73.2) 

Straightness       

BayesA 0.59 (0.53 - 0.62) 0.57 (0.51 - 0.60) 0.26 (0.24 - 0.29) 

BayesB 0.57 (0.52 - 0.63) 0.56 (0.51 - 0.62) 0.27 (0.25 - 0.32) 

Ridge regression 0.57 (0.54 - 0.61) 0.56 (0.52 - 0.60) 0.26 (0.24 - 0.29) 

Fusiform rust       

BayesA 0.26 (0.14 - 0.33) 0.21 (0.14 - 0.28) 14.2 (12.7 - 15.4) 

BayesB 0.26 (0.14 - 0.35) 0.21 (0.14 - 0.33) 14.3 (11.8 - 15.3) 

Ridge regression 0.27 (0.20 - 0.34) 0.22 (0.16 - 0.34) 14.0 (13.1 - 15.1) 
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Table 5.6. Mean (range) prediction accuracy, rank correlation, and mean squared error for volume, 

straightness, and fusiform rust disease from BayesA, BayesB and ridge regression models in two-

stage Family - BLUE CV scenario. The training and validation set size were 80% (~ 1618) and 

20% (~ 405) of the population, respectively. 

Trait / Model Prediction accuracy Rank correlation MSE 

Volume    

BayesA 0.36 (0.24 - 0.54) 0.36 (0.26 - 0.54) 70.6 (58.7 - 88.0) 

BayesB 0.35 (0.23 - 0.53) 0.35 (0.25 - 0.54) 70.6 (58.6 - 88.3) 

Ridge regression 0.36 (0.24 - 0.54) 0.36 (0.25 - 0.54) 70.5 (58.5 - 88.0) 

Straightness       

BayesA 0.55 (0.41 - 0.63) 0.54 (0.38 - 0.64) 0.28 (0.25 - 0.32) 

BayesB 0.55 (0.40 - 0.63) 0.54 (0.38 - 0.64) 0.28 (0.25 - 0.32) 

Ridge regression 0.55 (0.41 - 0.64) 0.54 (0.38 - 0.64) 0.28 (0.25 - 0.32) 

Fusiform rust       

BayesA 0.26 (0.15 - 0.35) 0.22 (0.12 - 0.29) 14.5 (12.1 - 17.1) 

BayesB 0.25 (0.15 - 0.35) 0.21 (0.13 - 0.28) 14.5 (12.2 - 17.1) 

Ridge regression 0.25 (0.14 - 0.35) 0.20 (0.12 - 0.29) 14.5 (12.1 - 17.1) 
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Table 5.7. Expected genetic gain for volume, straightness, and fusiform rust disease from ABLUP 

and GBLUP models. 𝑖 is the selection intensity, 𝑟 is the prediction accuracy (correlation between 

estimated and true breeding values), 𝜎𝑎 additive genetic standard deviation, and 𝐿 is the length of 

breeding cycle. Expected genetic gain almost doubled when genomic selection was applied.  

 Volume  Straightness  Fusiform rust 

Model ABLUP GBLUP  ABLUP GBLUP  ABLUP GBLUP 

S. index (𝑖) 50/2023 50/2023 
 

50/2023 50/2023 
 

50/2023 50/2023 

Accuracy (𝑟)  0.33 0.42  0.50 0.58  0.21 0.27 

𝜎𝑎 11.22 9.43  0.60 0.56  1.34 1.22 

𝐿 (years) 12 7  12 7  12 7 

∆𝐺% per year 0.76 1.40  0.06 0.11  0.06 0.12 

∆𝐺𝐺 /∆𝐺𝐴   1.83    1.85    2.00 
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5.9 Figures 

 

Figure 5.1. Heatmaps of additive (left) and dominance (right) relationships calculated from SNP 

markers (realized, diagonal + upper diagonal) and pedigree (expected, lower diagonal) for 2023 P. 

taeda clonal varieties. For dominance relationships, 1959 full-sib genotypes were only used. Dark 

blue blocks in the diagonal correspond to families. The realized relationships are denser compared 

to expected relationship matrix. The thin blue strips in the upper diagonal of additive relationship 

matrix indicate errors in the pedigree. 
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Figure 5.2. Linkage disequilibrium (LD) decay plot for 2023 P. taeda clonal varities calculated 

from 10,000 SNP markers. Pairwise LD was based on squared allele frequencies (r2) plotted 

against physical distance (centimorgan) across the genome. Average pairwise LD is presented on 

the top right of the figure. LD decays rapidly within the first few centimorgans of genetic distance. 

The yellow line indicates non-linear relationship between LD and genetic distance.  
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Figure 5.3. Boxplots showing distribution of observed heterozygosity (HO), expected 

heterozygosity (HE), and polymorphism information content (PIC) for the SNP markers of 2023 

clonal varieties of P. taeda. Black horizontal line and blue diamond in the middle of boxes are 

median and mean, respectively. The three population genetic parameters indicate moderate 

heterozygosity and polymorphism in the population.     
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Figure 5.4. Percent additive, dominance, and residual genetic variance of total genetic variance 

from GBLUP models for stem volume, straightness, and fusiform rust disease. Dominance and 

residual genetic effects explained small proportions of the total gentic variance.   
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Figure 5.5. Boxplots showing distribution of within-family rank correlations for stem volume, 

straightness, and fusiform rust disease from the four across-population CV scenarios. The circles 

correspond to individual families. The black diamonds within boxes are the mean rank 

correlations. Within-family ranking of genotypes was considerably lower when a set of families 

were randomly selected for model validation.    
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Figure 5.6. Boxplots showing distribution of prediction accuracy from Prediction for a new 

environment and Prediction of untested clonal varieties CV scenarios. The pseudo phenotypes 

were residuals for volume, straigtness, and fusiform rust disease obtained from linear and 

generalized linear mixed models. The black diamond within boxes indicate mean prediction 

accuracy. The boxes shows 50% of the data.   
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Appendix A 

 

Table A 1. Individual site mean annual precipitation (mm), average minimum temperature (ºC), 

estimated loadings for the first factor (λ1), estimated loadings for the second factor (λ2) from 

XFA2-BD† model, mean (standard error) and number of observations for age five (sites 7 - 8) and 

six (sites 1 - 6) volume (cubic decimeter), and rust incidence at each site.    

Test site Precipitation 
Min temp 

(°C) 
𝛌𝟏 𝛌𝟐 

Volume (dm3) 

(se) 
Rust (se) N 

1 1130.8 -7.67 -6.3 9.3 31.9 (0.32) 0.02 (0.003) 2336 

2 1354.7 -8.76 0.1 18.3 71.1 (0.72) 0.11 (0.007) 1932 

3 1443.1 -10.99 2.5 16.2 74.2 (0.56) 0.04 (0.004) 2143 

4 1230.8 -8.68 -3.1 15 48.0 (0.38) 0.02 (0.004) 1204 

5 1208.5 -7.64 0.7 18.1 44.4 (0.38) 0.04 (0.004) 2108 

6 1340.0 -10.88 8.3 13 60.8 (0.58) 0.01 (0.002) 1919 

7 1354.7 -8.76 -3.4 22.9 38.8 (0.27) 0.14 (0.009) 1574 

8 1322.0 -11.91 1.9 12.1 19.5 (0.26) 0.09 (0.010) 869 
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Table A 2. Test sites experimental design factors (number of reps, rows, and columns), number of 

crosses, clones and trees assessed at each site.   

Test site Reps Rows Columns Rep dim Crosses Clones Trees 

Site 1 6 144 16 24x16 22 396 1345 

Site 2 6 144 16 24x16 22 426 2035 

Site 3 6 36 36 12x18 4 213 1147 

Site 4 6 72 20 26x10 4 213 1000 

Site 5 6 224 110 24x10 4 215 1125 

Site 6 6 84 26 28x13 4 351 1999 

Site 7 6 102 21 17x21 4 344 1951 

Site 8 6 48 60 24x15 4 353 1938 

Site 9 6 124 115 24x15 4 346 1889 

Site 10 6 78 7 13x7 4 77 444 

Site 11 6 18 36 9x12 6 96 554 

Site 12 6 48 40 16x20 6 346 1688 

Site 13 6 223 112 24x14 6 321 1047 

Site 14 6 143 14 24x14 6 347 1671 

Site 15 6 51 26 17x13 3 200 1112 

Site 16 6 51 26 17x13 3 200 1114 

Site 17 6 72 20 24x10 4 201 1201 

Site 18 6 72 20 24x10 4 201 1122 

Site 19 6 44 30 22x10 4 203 1067 

Site 20 6 66 20 22x10 4 203 1154 

Site 21 6 110 20 22x10 4 203 1131 

Site 22 6 44 30 22x10 4 203 1179 

Site 23 6 102 13 17x13 4 202 1156 

Site 24 6 36 20 12x10 3 102 502 

Site 25 6 112 120 12x10 3 102 497 

Site 26 6 145 105 15x5 4 71 343 
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Table A 3. Training (about 80%) and validation set (about 20%) size for cross-validation (CV) 

scenarios used to evaluate within-family genomic selection for fusiform rust disease and stem 

forking.   

Scenario / Training data Test data Training Testing 

1) Random-CV  578 145 

2) Family-CV      

CxD, CxE, FxC, GxE AxB 677 46 

AxB, CxE, FxC, GxE CxD 596 127 

AxB, CxD, FxC, GxE CxE 499 224 

AxB, CxD, CxE, GxE FxC 617 106 

AxB, CxD, CxE, FxC GxE 503 220 

3) Within-family-CV      

AxB AxB 37 9 

CxD CxD 102 25 

CxE CxE 179 45 

FxC FxC 85 21 

GxE GxE 176 44 
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Appendix B 

 

Figure B 1. Boxplots of volume breeding value accuracies for clonal and half-sib seedling progeny 

tests from independent and combined analysis. Horizontal line in the middle of the box is the 

median, and the black asterisk inside each box is the mean. The boxes are the interquartile range 

(50% of the data). Circles represent clonal-means. Accuracy of breeding values is higher in clonal 

data compared to seedlings in both analyses. Breeding value accuracies improve in combined 

analysis. 
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Figure B 2. Pedigree structure of the five full-sib families used in mating design. Full-sib families 

were derived from eight parents. One parent indicated as dot was unknown. Red and blue arrows 

indicate female and male parents, respectively.      
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Figure B 3. Residual variance trace plots of fusiform rust disease for Bayes B, Bayes Cπ, and ridge 

regression. The vertical dashed line is the number of burn-in, the horizontal dashed line is the 

average residual variance.    
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Figure B 4. Residual variance trace plots of stem forking for Bayes B, Bayes Cπ, and ridge 

regression. The vertical dashed line is the number of burn-in, the horizontal dashed line is the 

average residual variance.    
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Figure B 5. Heatmap showing LD (r2) among the top nine SNPs detected by Bayesian whole-

genome regression analysis. The three SNP loci with large effects were weakly linked with each 

other.  
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Figure B 6. Mean fusiform rust disease incidence (%) with standard errors in four haplotypes of 

the three SNP loci. The frequency (number of clonal varieties) of the haplotypes is provided at the 

top of the bars. The dosage of A allele decreased the incidence of fusiform rust disease 

substantially across haplotypes (P-value <0.0001).  
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Figure B 7. Boxplot showing incidence of fusiform rust disease and stem forking for parents. 

Horizontal line in the middle of the box is the median and black diamond inside each box 

represents the mean. The boxes are the interquartile range (50% of the data). Green circles denote 

individual clonal varieties.      
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Figure B 8. Mean fusiform rust disease incidence (%) with standard errors of three genotypes (AA, 

AB, BB) for three loci within full-sib families. Top labels in the facets correspond to SNPs and 

the bottom labels correspond to family IDs. Except for family AxB, the genotypes were 

significantly different in three loci based on the marker-trait regression (P-value <0.0001).   
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Figure B 9. Mean fusiform rust disease incidence (%) with standard errors of three genotypes (AA, 

AB, BB) for the three loci within parents. Top labels in the facets correspond to SNPs and the 

bottom labels correspond to parent IDs. The genotypes were significantly different in all loci based 

on the marker-trait regression (P-value <0.0001), except for parents A and B. Colors correspond 

to the three SNP loci.  
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Figure B 10. Individual sites mean with standard error for stem volume, straightness, and fusiform 

rust disease incidence (N = 11,600). Horizontal dashed line indicates overall mean across sites. 

Narrow-sense heritability is provided at the bottom of the bars for volume and straightness. Sites 

varied for volume, stem straightness, and fusiform rust disease incidence.   
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Figure B 11. Position (centimorgan) of SNP markers on the 12 chromosomes on the genetic map 

of P. taeda. A large number of SNP markers were mapped in each chromosome. The number of 

mapped SNPs is provided at the top of each chromosome. 
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Figure B 12. Scatterplot showing relationship between individual site narrow-sense heritability 

and prediction accuracy from Prediction of tested clonal varieties in a new environment CV 

scenario. Prediction accuracy improved as individual site heritability increased.   
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Appendix C 

 

 

Codes C1. ASReml codes for different variance-covariance structures used for the models in 

chapter 1. 

############################################################################################# 

CORUV-BD: Compound symmetry Ga + block diagonal R + block diagonal Row and 

Column 
############################################################################################# 

!MAXIT 100 !CONTINUE !MSV !WORKSPACE 8000 #!NODISPLAY  !SLOW   
$B ~ mu TEST,  
                       !r  coruv(TEST).nrm(CLONE),  
                       ide(CLONE), 
                       idh(TEST).ROW,   
                       idh(TEST).COL 
                       residual sat(TEST).id(units) 
predict CLONE !present CLONE TEST 
# Heritability calculation 
VPREDICT !DEFINE 
# Residual variance site 1 - 8 
F err.var1  2               
F err.var2  3 
F err.var3  4 
F err.var4  5 
F err.var5  6 
F err.var6  7 
F err.var7  8 
F err.var8  9      
# Total residual          
F res.sum  err.var1+err.var2+err.var3+err.var4+err.var5+err.var6+err.var7+ err.var8 
# Additive genetic correlation                    
F cor     26  
# Additive variance    
F Va     27     
# Additive variance * additive correlation 
F Va2    Va*0.67  
# Non-additive variance        
F Vna    ide(CLONE)    
# Total genetic variance       
F GV     Va2+Vna             
# Phenotypic variance components 
F Va.c    Va*0.125 
F Vna.c  Vna*0.875 
F Vge.c  Va*0.58625 
F err.c    res.sum*0.022007042 
# Phenotypic variance 
F PhenV  Va.c + Vna.c + Vge.c + err.c 
# Heritability of clone means  
H h2_cm  Va2  PhenV   
# Broad-sense heritability        
H H2        GV   PhenV  
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############################################################################################# 

CORUH-BD: Heterogeneous Ga + block diagonal R + block diagonal Row and Column 
############################################################################################# 

!MAXIT 100 !WORKSPACE 8000 #!NODISPLAY !SLOW 
$B ~ mu TEST,  
                         !r  coruh(TEST).nrm(CLONE),  
                         ide(CLONE), 
                         idh(TEST).ROW,  
                         idh(TEST).COL 
                         residual sat(TEST).id(units) 
predict CLONE !present CLONE TEST 
# Heritability calculation 
VPREDICT !DEFINE 
# Residual variance site 1 - 8 
F err.var1  2                      
F err.var2  3 
F err.var3  4 
F err.var4  5 
F err.var5  6 
F err.var6  7 
F err.var7  8 
F err.var8  9  
# Total residual                     
F res.sum  err.var1+err.var2+err.var3+err.var4+err.var5+err.var6+err.var7+ err.var8   
# Additive genetic correlation 
F cor          26      
# Sum of additive variances of sites                      
F add.sum 27+28+29+30+31+32+33+34 
# Average of additive variance  
F add.ave  add.sum*0.125    
# Average additive variance * additive correlation         
F addvar   add.ave*0.81  
# Non-additive variance       
F naddvar   1       
# Total genetic variance                
F GV       addvar+naddvar  
# Phenotypic variance components 
F Va.c    add.ave*0.125 
F Vna.c  naddvar*0.875 
F Vge.c  add.ave*0.7105 
F err.c    res.sum*0.022007042 
# Phenotypic variance               
F PhenV  Va.c + Vna.c + Vge.c + err.c 
# Heritability of clone means              
H h2_cm  addvar   PhenV  
# Broad-sense heritability         
H H2        GV         PhenV  
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############################################################################################# 

US-BD: Unstructured Ga + block diagonal R + block diagonal Row and Column 
############################################################################################# 

!CONTINUE !WORKSPACE 8000 !MAXIT 2000 
!ASSIGN USe !< !INIT 
130 
177  399     
157  300  366     
123  266  241  265    
155  377  285  264  573    
108  256  256  167  267  251   
219  443  392  353  462  289  564  
83   205  184  184  183  152  251  156 
!> 
$B ~ mu TEST,  
                       !r  us(TEST $USe !GP).nrm(CLONE),  
                       ide(CLONE), 
                       idh(TEST).ROW,  
                       idh(TEST).COL 
                       residual sat(TEST).id(units) 
predict CLONE !present CLONE TEST 
# Heritability calculation 
VPREDICT !DEFINE 
# Sum residual variance of sites        
F err      2+3+4+5+6+7+8+9  
# Mean residual variance       
F err.mean    err*0.022007042 
# Sum of additive variances   
F CLON.site     26+28+31+35+40+46+53+61 
# Average of additive variance   
F Add.ave    CLON.site*0.125  
# Average additive variance * average additive correlation   
F Addvar     Add.ave*0.76  
# Non-additive variance       
F Nonadd   ide(CLONE)  
# Total genetic variance        
F GV          Addvar+Nonadd  
# Phenotypic variance components 
F Va.c       Add.ave*0.125 
F Vna.c     Nonadd*0.875 
F Vge.c     Add.ave*0.665 
F err.c       err.mean     
# Phenotypic variance 
F PhenV   Va.c + Vna.c + Vge.c + err.c 
# Heritability of clone means  
H h2i        Addvar  PhenV      
# Broad-sense heritability     
H H2        GV        PhenV            
 

 

############################################################################################# 

XFA1-BD: Extended factor analytic (k=1) Ga + block diagonal R + block diagonal Row and 

Column 
############################################################################################# 

!CONTINUE !WORKSPACE 8000 #!NODISPLAY 
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$B ~ mu TEST,  
                       !r  xfa1(TEST).nrm(CLONE),  
                       ide(CLONE), 
                       idh(TEST).ROW,  
                       idh(TEST).COL 
                       residual sat(TEST).id(units) 
predict CLONE !present CLONE TEST 
# Heritability calculation 
VPREDICT !DEFINE 
# Define clones variance and covariance 
V CLONE xfa1(TEST)       
# Sum residual variance of sites        
F err      2+3+4+5+6+7+8+9  
# Mean residual variance       
F err.mean    err*0.022007042 
# Sum of additive variances   
F CLON.site    42+44+47+51+56+62+69+77 
# Average of additive variance   
F Add.ave    CLON.site*0.125  
# Average additive variance * average additive correlation   
F Addvar   Add.ave*0.83  
# Non-additive variance       
F Nonadd     ide(CLONE)  
# Total genetic variance        
F GV         Addvar+Nonadd  
# Phenotypic variance components 
F Va.c    Add.ave*0.125 
F Vna.c  Nonadd*0.875 
F Vge.c  Add.ave*0.726 
F err.c    err.mean     
# Phenotypic variance 
F PhenV  Va.c + Vna.c + Vge.c + err.c 
# Heritability of clone means  
H h2i       Addvar  PhenV      
# Broad-sense heritability     
H H2       GV        PhenV            
 

 

############################################################################################# 

XFA2-BD: Extended factor analytic (k=2) Ga + block diagonal R + block diagonal Row and 

Column 
############################################################################################# 

!CONTINUE  !WORKSPACE 8000 #!NODISPLAY 
$B ~ mu TEST,  
                       !r xfa2(TEST).nrm(CLONE),  
                       ide(CLONE), 
                       idh(TEST).ROW,  
                       idh(TEST).COL 
                       residual sat(TEST).id(units) 
predict CLONE !present CLONE TEST 
# Heritability calculation 
VPREDICT !DEFINE 
# Define clones variance and covariance 
V CLON xfa2(TEST)  
# Sum residual variance of sites               



   

198 

 

F err     2+3+4+5+6+7+8+9  
# Mean residual variance           
F err.mean    err*0.022007042  
# Sum of additive variances   
F CLON.site    50+52+55+59+64+70+77+85 
# Average of additive variance   
F Add.ave    CLON.site*0.125  
# Average additive variance * average additive correlation    
F Addvar      Add.ave*0.81 
# Non-additive variance  
F Nonadd     ide(CLONE)   
# Total genetic variance        
F GV           Addvar+Nonadd 
# Phenotypic variance components 
F Va.c    Add.ave*0.125 
F Vna.c  Nonadd*0.875 
F Vge.c  Add.ave*0.709 
F err.c    err.mean 
# Phenotypic variance       
F PhenV  Va.c + Vna.c + Vge.c + err.c 
# Heritability of clone means   
H h2i      Addvar  PhenV      
# Broad-sense heritability      
H H2       GV       PhenV           
 

 

############################################################################################# 

XFA2-Poly-BD: Extended factor analytic (k=2) Ga + fixed 4th order orthogonal polynomial 

Row and Column + block diagonal R 
############################################################################################# 

!CONTINUE !WORKSPACE 8000 !AISING !MAXIT 100 #!DDF 2 !FCON 
$B ~ mu TEST at(TEST,1,2,3,4,5,6,7,8).pol(ROW,-4) at(TEST,1,2,3,4,5,6,7,8).pol(COL,-4) !f mv, 
                         !r  xfa2(TEST).nrm(CLONE),  
                         ide(CLONE) 
                         residual sat(TEST).id(units) 
predict CLONE pol(ROW,-4) 0 pol(COL,-4) 0 !present CLONE TEST 
# Heritability calculation 
VPREDICT !DEFINE 
# Define clones variance and covariance 
V CLON xfa2(TEST)    
# Sum residual variance of sites              
F err     2+3+4+5+6+7+8+9  
# Mean residual variance                  
F err.mean    err*0.022007042    
# Sum of additive variances  
F CLON.site    34+36+39+43+48+54+61+69 
# Average of additive variance   
F Add.ave     CLON.site*0.125  
# Average additive variance * average additive correlation     
F Addvar      Add.ave*0.80 
# Non-additive variance          
F Nonadd     ide(CLON)  
# Total genetic variance           
F GV            Addvar+Nonadd 
# Phenotypic variance components 
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F Va.c    Add.ave*0.125 
F Vna.c  Nonadd*0.875 
F Vge.c  Add.ave*0.7 
F err.c    err.mean       
# Phenotypic variance  
F PhenV  Va.c + Vna.c + Vge.c + err.c 
# Heritability of clone means   
H h2i      Addvar  PhenV       
# Broad-sense heritability      
H H2       GV       PhenV            
 
 

############################################################################################# 

XFA2-BD†: Extended factor analytic (k=2) Ga + site 1-first order auto-regressive R and 

sites 2-8 block diagonal R 
############################################################################################# 

!CONTINUE !WORKSPACE 10000 !AISING !MAXIT 1000 
$B ~ mu TEST, 
                       !r xfa2(TEST).nrm(CLONE),  
                       ide(CLONE),  
                       at(TEST,2,3,4,5,6,7,8).ROW at(TEST,2,3,4,5,6,7,8).COL !f mv 
                       residual sat(TEST,1).ar1v(ROW).ar1(COL), 
                       sat(TEST,2,3,4,5,6,7,8).idv(ROW).id(COL)  
predict CLONE !present CLONE TEST   
# Heritability calculation     
VPREDICT !DEFINE 
# Define clones variance and covariance 
V CLONE xfa2(TEST)      
# Sum residual variance of sites               
F err     3+5+6+7+8+9+10+11 
# Mean residual variance                     
F err.mean    err*0.022007042    
# Sum of additive variances      
F C_site    36+38+41+45+50+56+63+71 
# Average of additive variance  
F Add_ave    C_site*0.125 
# Average additive variance * average additive correlation             
F Addvar       Add_ave*0.65   
# Non-additive variance             
F Nonadd     TYPE_1.ide(CLONE) 
# Total genetic variance        
F GV            Addvar+Nonadd  
# Phenotypic variance components 
F Va.c    Add_ave*0.125 
F Vna.c  Nonadd*0.875 
F Vge.c  Add_ave*0.56875 
F err.c    err.mean        
# Phenotypic variance    
F phen     PhenV  Va.c + Vna.c + Vge.c + err.c 
# Heritability of clone means  
H h2i      Addvar    PhenV 
# Broad-sense heritability             
H H2       GV         PhenV 
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############################################################################################# 

XFA2-Poly-BD†: Extended factor analytic (k=2) Ga + fixed 4th order orthogonal 

polynomial Row and Column + site 1-first order auto-regressive R and sites 2-8 block 

diagonal R 
############################################################################################# 

!CONTINUE !WORKSPACE 10000 !AISING !MAXIT 1000 
$B ~ mu TEST at(TEST,1,2,3,4,5,6,7,8).pol(ROW,-4)    at(TEST,1,2,3,4,5,6,7,8).pol(COL,-4), 
                       !r xfa2(TEST).nrm(CLON),  
                       ide(CLON) !f mv 
                        residual sat(TEST,1).ar1v(ROW).ar1(COL), 
                        sat(TEST,2,3,4,5,6,7,8).idv(ROW).id(COL)  
predict CLONE pol(ROW,-4) 0 pol(COL,-4) 0 !present CLONE TEST 
# Heritability calculation     
VPREDICT !DEFINE 
# Define clones variance and covariance 
V CLONE xfa2(TEST)  
# Sum residual variance of sites                   
F err     3+5+6+7+8+9+10+11 
# Mean residual variance                     
F err.mean    err*0.022007042  
# Sum of additive variances       
F C_site    36+38+41+45+50+56+63+71  
# Average of additive variance 
F Add_ave    C_site*0.125 
# Average additive variance * average additive correlation            
F Addvar    Add_ave*0.67      
# Non-additive variance        
F Nonadd     TYPE_1.ide(CLONE)  
# Total genetic variance      
F GV         Addvar+Nonadd  
# Phenotypic variance components 
F Va.c    Add_ave*0.125 
F Vna.c  Nonadd*0.875 
F Vge.c  Add_ave*0.58625 
F err.c    err.mean    
# Phenotypic variance       
F phen     PhenV  Va.c + Vna.c + Vge.c + err.c 
# Heritability of clone means  
H h2i        Addvar    PhenV 
# Broad-sense heritability             
H H2        GV         PhenV 
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Codes C2. ASReml codes for different variance-covariance structures used for the models in 

chapter 2 (for height only). 

############################################################################## 

Model 1: Separate half-sib data analysis  

Fixed Site + heterogeneous Ga (Site.TreeID) + IID Rep + block diagonal R + block diagonal 

Row and Column   

The Ga provide a uniform additive genetic correlation for the sites and unique additive genetic 

variance for each site.    

############################################################################## 
!ASSIGN USe !< !INIT 0.99 0.116 0.112 0.146  0.130 !>  
$B ~ mu Site,  
                    !r Rep,  
                    idh(Site).Row,  
                    idh(Site).Col, 
                    at(Type,CCLONES).coruh(Site $USe !GF4P).nrm(Tree) 
                    Residual sat(Site).id(units) 
# Heritability calculation  
VPREDICT !DEFINE 
# Sum of residual variance  
F Err_sum   2+3+4+5  
# Average residual variance  
F ErrAv     Err_sum*0.25 
# Average residual variance for half-sib family-mean 
F Errfam    Err_sum*0.00746451  # harmonic mean no of trees per family = 8.372955*1/42   
# Sum of additive variance  
F Tree_sum  15+16+17+18 
# Average additive variance  
F TreeAv    Tree_sum*0.25 
# Average additive variance * additive genetic correlation  
F Add       TreeAv*0.99  
# Phenotypic variance 
F Phen      TreeAv+ErrAv 
# Family-mean phenotypic variance components  
F Va.a      TreeAv*0.25 
F Va.ge     TreeAv*0.7425 
# Family-mean phenotypic variance  
F FamPhen   Va.a+Va.ge+Errfam 
# Narrow-sense heritability 
H h_i       Add  Phen 
# Half-sib family-mean heritability 
H h_f       Add  FamPhen 
# Get the clone predictions at each site  
PREDICT  Site.Tree !PRESENT Site at(Type,CCLONES) 
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############################################################################## 

Model 2: Separate clone data analysis   

Fixed Site + heterogeneous Ga (Site.TreeID) + IID Rep + IID Rep.Blk + block diagonal R + 

block diagonal Row and Column     

The Ga provide a uniform additive genetic correlation for the sites and unique additive genetic 

variance for each site.    

############################################################################## 
$B ~ mu Site,  
                    !r Rep,  
                    Rep.Block,  
                    idh(Site !INIT 0.03 0.002 0.05 0.0001 !G3PF).Row,  
                    idh(Site).Col, 
                    coruh(Site).nrm(Clone) 
                    Residual sat(Site).id(units) 
# Heritability calculation  
VPREDICT !DEFINE 
# Sum of residual variance  
F errsum   3+4+5+6  
# Average residual variance  
F res         errsum *0.0107703 # harmonic mean no of ramets per clone = 5.803*1/42 
# Sum of additive variance  
F addsum  16+17+18+19 
# Average additive variance  
F avadd    addsum*0.25 
# Average additive variance * additive genetic correlation  
F add       avadd*0.911 
# Phenotypic variance components  
F Va.c      avadd*0.25 
F Va.ge    avadd*0.68325 
# Phenotypic variance 
F phen     Va.c+Va.ge+res 
# Heritability of clone-means 
H hcm      24  phen 
# Get the clone predictions at each site  
PREDICT  Site.Clone !PRESENT Site Clone 
 
 

############################################################################## 

Model 3: Combined clone and half-sib data analysis   

Fixed Site + heterogeneous Ga (Site.TreeID) + block diagonal Rep + block diagonal Rep.Blk + 

block diagonal R + block diagonal Row and Column  

The Ga provide a uniform additive genetic correlation for the sites and unique additive genetic 

variance for each site.    

############################################################################## 
$B ~ mu Site, 
                    !r idh(Site).Rep,  
                    at(Propagule,Cutting).idh(CCLONESSite).Rep.Block, 
                    idh(Site).Row,  
                    idh(Site).Col, 
                    at(Type,CCLONES).coruh(Site).nrm(Tree) 
                    Residual sat(Site).id(units) 
# Heritability calculation  
VPREDICT !DEFINE 
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# Sum of OP sites residual variance 
F operr      1+2+3+4  
# Average OP sites residual variance 
F operr.m    operr*0.25 
# Average residual variance for half-sib family-mean 
F Errfam    operr*0.00746451  # harmonic mean no of trees per family = 8.372955*1/42   
# Sum of clonal sites residual variance 
F clonerr      5+6+7+8  
# Average clonal sites residual variance 
F clonerr.m    clonerr*0.0107703 # harmonic mean no of ramets per clone = 5.803*1/42 
# Sum of OP sites additive variance 
F op.site    38+39+40+41 
# Average OP sites additive variance 
F op.ave    op.site*0.25 
# OP additive variance = opadd.ave * average correlation 
F op.add   op.ave*0.88 
# Sum of clonal sites additive variance 
F clon.site    42+43+44+45 
# Average clonal sites additive variance 
F clon.ave    clon.site*0.25 
# Clone additive  variance = clon.ave * average correlation 
F clon.add   clon.ave*0.88 
# OP phenotypic variance 
F phen.op   op.ave+operr.m 
# Family-mean phenotypic variance components  
F Va.a  op.ave*0.25 
F Va.ge op.ave*0.66 
# Family-mean phenotypic variance  
F phen.ophs  Va.a+Va.ge+Errfam 
# Clone phenotypic variance components  
F c1   clon.ave*0.25 
F c2   clon.ave*0.66 
# Clone phenotypic variance 
F phen.clon   c1+c2+clonerr.m 
# Narrowsense heritability  
H h_ns   op.add  phen.op 
# Half-sib family-mean heritability 
H h_fm   op.add  phen.ophs 
# Heritability of clone-means 
H h_cm   clon.add   phen.clon 
# Get the clone predictions at each site  
PREDICT  Site.Tree !PRESENT Site at(Type,CCLONES) 
 
 

##############################################################################  

Model 4: Combined clone and half-sib data analysis  

Fixed Site + heterogeneous Ga (Propagule.Site.TreeID) + block diagonal Rep + block diagonal 

Rep.Blk + block diagonal R + block diagonal Row and Column     

The Ga provide an additive genetic correlation between propagule types, a uniform additive 

genetic correlation for the site pairs, and unique additive genetic variance for each site. 

############################################################################## 
$B ~ mu Site, 
                     !r idh(Site).Rep,  
                     at(Propagule,Cutting).idh(CCLONESSite).Rep.Block, 
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                     idh(Site).Row,  
                     idh(Site).Col, 
                     at(Type,CCLONES).coru(Propagule).coruh(Site).nrm(Tree)  
                     Residual sat(Site).id(units) 
# Heritability calculation  
VPREDICT !DEFINE 
# Sum of OP sites residual variance 
F operr      1+2+3+4  
# Average OP sites residual variance 
F operr.m    operr*0.25 
# Average residual variance for half-sib family-mean 
F Errfam    operr*0.00746451  # harmonic mean no of trees per family = 8.372955*1/42   
# Sum of clonal sites residual variance 
F clonerr      5+6+7+8  
# Average clonal sites residual variance 
F clonerr.m    clonerr*0.0107703 # harmonic mean no of ramets per clone = 5.803*1/42 

# Sum of OP sites additive variance 
F op.site    39+40+41+42 
# Average OP sites additive variance 
F op.ave    op.site*0.25 
# OP additive variance = opadd.ave * average correlation 
F op.add   op.ave*0.881 
# Sum of clonal sites additive variance 
F clon.site    43+44+45+46 
# Average clonal sites additive variance 
F clon.ave    clon.site*0.25 
# Clone additive  variance = clon.ave * average correlation 
F clon.add   clon.ave*0.881 
# OP phenotypic variance 
F phen.op   op.ave+operr.m 
# Family-mean phenotypic variance components  
F Va.a  op.ave*0.25 
F Va.ge op.ave*0.66075 
# Family-mean phenotypic variance  
F phen.ophs  Va.a+Va.ge+Errfam 
# Clone phenotypic variance components  
F c1   clon.ave*0.25 
F c2   clon.ave*0.66075 
# Clone phenotypic variance 
F phen.clon   c1+c2+clonerr.m 
# Narrowsense heritability  
H h_ns   op.add  phen.op 
# Half-sib family-mean heritability 
H h_fm   op.add  phen.ophs 
# Heritability of clone-means 
H h_cm   clon.add   phen.clon 
# Get the clone predictions at each site  
PREDICT Propagule.Tree !PRESENT Site Propagule at(Type,CCLONES) 
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############################################################################## 

Model 5: Combined clone and half-sib data analysis  

Fixed Site + factor analytic Ga (Propagule.Site.TreeID) + block diagonal Rep + block diagonal 

Rep.Blk + block diagonal R + block diagonal Row and Column     

The Ga provide an additive genetic correlation between propagule types, unique additive genetic 

correlation for each site pairs, and unique additive genetic variance for each site. 

############################################################################## 
$B ~ mu Site, 
                     !r idh(Site).Rep,  
                     at(Propagule,Cutting).idh(CCLONESSite).Rep.Block, 
                     idh(Site).Row,  
                     idh(Site).Col, 
                     at(Type,CCLONES).coru(Propagule).xfa1(Site).nrm(Tree)  
                     Residual sat(Site).id(units) 
# Heritability calculation  
VPREDICT !DEFINE 
# Convert XFA to US form 
V Tree coru(Propagule).xfa1(Si;xfa1(Site) 
# Sum of OP sites residual variance 
F operr      1+2+3+4  
# Average OP sites residual variance 
F operr.m    operr*0.25 
# Average residual variance for half-sib family-mean 
F Errfam    operr*0.00746451  # harmonic mean no of trees per family = 8.372955*1/42   
# Sum of clonal sites residual variance 
F clonerr      5+6+7+8  
# Average clonal sites residual variance 
F clonerr.m    clonerr*0.0107703 # harmonic mean no of ramets per clone = 5.803*1/42 

# Sum of OP sites additive variance 
F op.site    54+56+59+63 
# Average OP sites additive variance 
F op.ave    op.site*0.25 
# OP additive variance = opadd.ave * average correlation 
F op.add   op.ave*0.88 
# Sum of clonal sites additive variance 
F clon.site    68+74+81+89 
# Average clonal sites additive variance 
F clon.ave    clon.site*0.25 
# Clone additive  variance = clon.ave * average correlation 
F clon.add   clon.ave*0.88 
# OP phenotypic variance 
F phen.op   op.ave+operr.m 
# Family-mean phenotypic variance components  
F Va.a  op.ave*0.25 
F Va.ge op.ave*0.66 
# Family-mean phenotypic variance  
F phen.ophs  Va.a+Va.ge+Errfam 
# Clone phenotypic variance components  
F c1   clon.ave*0.25 
F c2   clon.ave*0.66 
# Clone phenotypic variance 
F phen.clon   c1+c2+clonerr.m 
# Narrowsense heritability  
H h_ns   op.add  phen.op 
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# Half-sib family-mean heritability 
H h_fm   op.add  phen.ophs 
# Heritability of clone-means 
H h_cm   clon.add   phen.clon 
# Get the clone predictions at each site  
PREDICT Propagule.Tree !PRESENT Site Propagule at(Type,CCLONES) 
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Codes C3. ASReml codes for genetic analysis of fusiform rust and stem forking. 

############################################################################## 

Model 1: Analysis of fusiform rust disease  

Fixed Site + heterogeneous Ga (Site.CloneID) + IID Gna (CloneID) + IID Rep + IID Column + 

IID Row 

############################################################################## 
$B !BIN !LOGIT ~ mu test, 
                                        !r coruh(test).nrm(clone),  
                                        ide(clone), 
                                        rep,  
                                        testcol  
                                        testrow 
# Heritability calculation  
VPREDICT !DEFINE 
# Error variance 
F err          Residual*3.29 
# Mean error variance 
F err.m      err*0.058275058 
# Sum of site additive variances 
F add.var  7+8+9+10+11+12+13+14+15+16+17+18+19+20+21+22+23+24+25+26+27+28+29+30+31+32 
# Mean additive variance 
F add.ave    add.var*0.03846154 
# Additive variance = add.ave * correlation 
F add.ge     add.ave*0.948 
# Non additive variance 
F nonadd     4 
# Genetic variance 
F genvar     add.ge+nonadd 
# Phenotypic variance parts 
F c1            add.ave*0.03846154 
F c2            add.ge*0.96153846 
F c3            nonadd*0.96153846 
# Phenotypic variance 
F phen        c1+c2+c3+err.m 
# Clone-mean narrowsense heritability 
H h_cm      add.ge  phen 
# Clone-mean broadsense heritability 
H H_cm     genvar     phen 
# Bredding value predictions 
predict clone !ONLYUSE coruh(test).nrm(clone) !AVERAGE test 
 

 
############################################################################## 

Model 2: Analysis of stem forking defects  

Fixed Site + heterogeneous Ga (Site.CloneID) + IID Gna (CloneID) + IID Rep + IID Column + 

IID Row 

############################################################################## 
$B !BIN !LOGIT ~ mu test, 
                                         !r coruh(test).nrm(clone),  
                                         ide(clone), 
                                         rep,  
                                         testcol 
                                         testrow 
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# Heritability calculation  
VPREDICT !DEFINE 
# Error variance 
F err           Residual*3.29 
# Mean error variance 
F err.m       err*0.058275058 
# Sum of site additive variances 
F add.var  7+8+9+10+11+12+13+14+15+16+17+18+19+20+21+22+23+24+25+26+27+28+29+30+31+32 
# Mean additive variance 
F add.ave    add.var*0.03846154 
# Additive variance = add.ave * correlation 
F add.ge     add.ave*0.856 
# Non additive variance 
F nonadd     4 
# Genetic variance 
F genvar     add.ge+nonadd 
# Phenotypic variance parts 
F c1            add.ave*0.03846154 
F c2            add.ge*0.96153846 
F c3            nonadd*0.96153846 
# Phenotypic variance 
F phen       c1+c2+c3+err.m 
# Clone-mean narrowsense heritability 
H h_cm      add.ge    phen 
# Clone-mean broadsense heritability 
H H_cm      genvar   phen 
# Breeding value predictions 
predict clone !ONLYUSE coruh(test).nrm(clone) !AVERAGE test 
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Codes C4. ASReml codes for different ABLUP and GBLUP linear mixed models in chapter 4.  

############################################################################## 

Pedigree BLUP (Additive effects) 

Fixed Site + factor analytic Ga (Site.Clone) + block diagonal Row + block diagonal Column + 

heterogeneous Residuals  

############################################################################## 
$B ~ mu TEST  
                      !r xfa1(TEST).nrm(CLONE), 
                      idh(TEST).ROW,  
                      idh(TEST).COL 
                      Residual sat(TEST).id(units) 
# Heritability calculation  
VPREDICT !DEFINE 

# Convert XFA to US form 
V clone xfa1(TEST).nrm(CLONE)  
# Sum of error variance 
F err.sum          1+2+3+4+5+6+7+8 
# Mean of error variance 
F err.mean        err.sum*0.0218838 # 1/(8^2 * 0.714)    
# Mean of error variance across sites 
F errm               err.sum*0.125   
# Sum of additive variance 
F add.sum        41+43+46+50+55+61+68+76 
# Mean of additive variance 
F addvar           add.sum*0.125 
# Additive * gxe correlation 
F addvar.ge      addvar*0.87 
# Phenotypic var components 
F c1                  addvar*0.125 
F c2                  addvar*0.76125 
# Phenotypic variance 
F phenvar         c1+c2+err.mean 
# Clone-mean narrow-sense heritability 
H h2_cm           addvar.ge    phenvar 
# Site pairs correlations 
R rA                  clone 
# Breeding value predictions  
predict CLONE !ONLYUSE xfa1(TEST).nrm(CLONE) !AVERAGE TEST 
 
 
 

############################################################################## 

Genomic BLUP (Additive effects) 

Fixed Site + factor analytic Ga (Site.Clone) + block diagonal Row + block diagonal Column + 

heterogeneous Residuals  

############################################################################## 
$B ~ mu TEST  
                       !r xfa1(TEST).giv1(CLONE), 
                       idh(TEST).ROW,  
                       idh(TEST).COL 
                       Residual sat(TEST).id(units) 
# Heritability calculation 
VPREDICT !DEFINE 
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# Convert XFA to US form 
V clone xfa1(TEST).giv1(CLONE)  
# Sum error variance 
F err.sum           1+2+3+4+5+6+7+8 
# Mean error variance 
F err.mean         err.sum*0.0218838 # 1/(8^2 * 0.714)    
# Mean error variance across sites 
F errm                err.sum*0.125   
# Sum additive variance 
F add.sum          41+43+46+50+55+61+68+76 
# Mean additive variance 
F addvar             add.sum*0.125 
# Additive * gxe correlation 
F addvar.ge        addvar*0.84 
# Phenotypic var components 
F c1                    addvar*0.125 
F c2                    addvar*0.735 
# Phenotypic variance 
F phenvar           c1+c2+err.mean 
# Clone-mean narrow-sense heritability 
H h2_cm             addvar.ge    phenvar 
# Site pairs correlations 
R rA                    clone 
# Breeding value predictions 
predict CLONE !ONLYUSE xfa1(TEST).giv1(CLONE) !AVERAGE TEST 
 
 

############################################################################## 

Genomic BLUP (Additive + Residual genetic effects) 

Fixed Site + factor analytic Ga (Site.Clone) + IID Gi (Clone) + block diagonal Row + block 

diagonal Column + heterogeneous Residuals  

############################################################################## 
$B ~ mu TEST  
                       !r xfa1(TEST).giv1(CLONE),  
                       ide(CLONE), 
                       idh(TEST).ROW,  
                       idh(TEST).COL 
                       Residual sat(TEST).id(units) 
# Heritability calculation 
VPREDICT !DEFINE 
# Convert XFA to US form 
V clone xfa1(TEST).giv1(CLONE)  
# Sum error variance 
F err.sum          2+3+4+5+6+7+8+9 
# Mean error variance 
F err.mean        err.sum*0.0218838 # 1/(8^2 * 0.714)    
# Mean error variance across sites 
F errm               err.sum*0.125   
# Sum additive variance 
F add.sum        42+44+47+51+56+62+69+77 
# Mean additive variance 
F addvar           add.sum*0.125 
# Additive * gxe correlation 
F addvar.ge      addvar*0.81 
# Residual genetic variance 
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F res.genvar     1 
# Genetic variance 
F genvar           addvar.ge+res.genvar 
# Phenotypic var components 
F c1                  addvar*0.125 
F c2                  addvar*0.70875 
F c3                  res.genvar*0.875 
# Phenotypic variance 
F phenvar        c1+c2+c3+err.mean 
# Clone-mean narrow-sense heritability 
H h2_cm          addvar.ge    phenvar 
# Clone-mean broad-sense heritability 
H H2_cm         85     phenvar 
# Site pairs correlations 
R rA                clone 
# Breeding value predictions 
predict CLONE !ONLYUSE xfa1(TEST).giv1(CLONE) !AVERAGE TEST 
# Genetic value predictions 
predict CLONE !ONLYUSE xfa1(TEST).giv1(CLONE) ide(CLONE) !AVERAGE TEST 
 
 

############################################################################## 

Genomic BLUP (Additive + Dominance effects) 

Fixed Site + factor analytic Ga (Site.Clone) + IID Gd (Clone) + block diagonal Row + block 

diagonal Column + heterogeneous Residuals  

############################################################################## 
$B ~ mu TEST  
                      !r xfa1(TEST).giv1(CLONE),  
                      at(TYPE,FS).giv2(CLONE), 
                      idh(TEST).ROW,  
                      idh(TEST).COL 
                      Residual sat(TEST).id(units) 
# Heritability calculation 
VPREDICT !DEFINE 
# Convert XFA to US form 
V clone xfa1(TEST).giv1(CLONE)  
# Sum error variance 
F err.sum          1+2+3+4+5+6+7+8 
# Mean error variance 
F err.mean        err.sum*0.0218838 # 1/(8^2 * 0.714)    
# Mean error variance across sites 
F errm               err.sum*0.125   
# Sum additive variance 
F add.sum         42+44+47+51+56+62+69+77 
# Mean additive variance 
F addvar            add.sum*0.125 
# Additive * gxe correlation 
F addvar.ge       addvar*0.82 
# Dominance variance 
F domvar           25 
# Genetic variance 
F genvar            addvar.ge+domvar 
# Phenotypic var components 
F c1                   addvar*0.125 
F c2                   addvar*0.7175 
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F c3                   domvar*0.875 
# Phenotypic variance 
F phenvar          c1+c2+c3+err.mean 
# Clone-mean narrow-sense heritability 
H h2_cm            addvar.ge    phenvar 
# Clone-mean broad-sense heritability 
H H2_cm           85    phenvar 
# Site pairs correlations 
R rA                  clone 
# Breeding value predictions 
predict CLONE !ONLYUSE xfa1(TEST).giv1(CLONE) !AVERAGE TEST 
# Genetic value predictions  
predict CLONE !ONLYUSE xfa1(TEST).giv1(CLONE) at(TYPE,FS).giv2(CLONE) !AVERAGE TEST 
 
 

############################################################################## 

Genomic BLUP (Additive + Dominance + Residual genetic effects) 

Fixed Site + factor analytic Ga (Site.Clone) + IID Gd (Clone) + IID Gi (Clone) + block diagonal 

Row + block diagonal Column + heterogeneous Residuals  

############################################################################## 
$B ~ mu TEST  
                      !r xfa1(TEST).giv1(CLONE),  
                      at(TYPE,FS).giv2(CLONE),  
                      ide(CLONE), 
                      idh(TEST).ROW,  
                      idh(TEST).COL 
                      Residual sat(TEST).id(units) 
# Heritability calculation 
VPREDICT !DEFINE 
# Convert XFA to US form 
V clone xfa1(TEST).giv1(CLONE)  
# Sum error variance 
F err.sum          2+3+4+5+6+7+8+9 
# Mean error variance 
F err.mean        err.sum*0.0218838 # 1/(8^2 * 0.714)    
# Mean error variance across sites 
F errm               err.sum*0.125   
# Sum additive variance 
F add.sum         43+45+48+52+57+63+70+78 
# Mean additive variance 
F addvar           add.sum*0.125 
# Additive * gxe correlation 
F addvar.ge      addvar*0.80 
# Residual genetic variance 
F res.genvar     1 
# Dominance variance 
F domvar          26 
# Genetic variance 
F genvar           addvar.ge+res.genvar+domvar 
# Phenotypic var components 
F c1                  addvar*0.125 
F c2                  addvar*0.70 
F c3                  res.genvar*0.875 
F c4                  domvar*0.875 
# Phenotypic variance 
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F phenvar         c1+c2+c3+c4+err.mean 
# Clone-mean narrow-sense heritability 
H h2_cm           addvar.ge     phenvar 
# Clone-mean broad-sense heritability 
H H2_cm          87      phenvar 
# Site pairs correlations 
R rA                 clone 
# Breeding value predictions 
predict CLONE !ONLYUSE xfa1(TEST).giv1(CLONE) !AVERAGE TEST 
# Genetic value predictions 
predict CLONE !ONLYUSE xfa1(TEST).giv1(CLONE) at(TYPE,FS).giv2(CLONE) ide(CLONE) 
!AVERAGE TEST 


