
ABSTRACT 

ZAPATA VALENZUELA, JAIME ALBERTO. Incorporation of Molecular Marker and 

Spatial Data into Analysis of Clonally-Replicated Progeny Tests. (Under the direction of Dr. 

Ross Whetten and Dr. Fikret Isik). 

 

Different analytical procedures can be incorporated to the current forest tree breeding with 

the goal to maximize genetic gain and allow for improvement of the selection. Three 

approaches were developed to explore alternative analytical tools in clonal data of loblolly 

pine (Pinus taeda L.), replicated across different test environments. First, spatial analysis was 

applied to the field tests which were affected by spatial autocorrelation among individuals 

from the same clone or between genetic entries replicated within sites. A linear mixed model 

was examined to compare various variance-covariance structures for prediction of genetic 

merit and variance components of a total of 453 cloned replicated progeny planted across 16 

sites. The use of spatial autoregressive plus independent residual combined with factor 

analysis structure for heterogeneous variance-covariances was superior in model fit statistics 

and genetic parameters estimation, compared with the default independent and identically 

distributed random effects. The factor analytic structure, which separate genetic effects into 

common and specific components, represented an useful framework than standard 

assumption, with efficient modeling of GxE interaction, variance component estimation and 

allowing the estimation of high broad-sense heritability. 

 

Second, the incorporation of molecular markers information into forest breeding was done by 

analyses of SNP genotypes at over 3,400 polymorphic loci in a set of progeny from a 

structured mating design with 13 families, using lignin content, cellulose content, height and 

volume traits with differing heritabilities. Cross-validation strategies using a subset of the 



individuals to train a genomic selection model using all markers followed by prediction of 

genetic value for the remaining subset of individuals were used to explore the utility of 

genomic selection in a small breeding population of loblolly pine. Mean predictive values, 

measured as the correlation across all families between genome-estimated genetic value and 

measured genetic value from clonally-replicated field tests, ranged from 0.30 to 0.83 across 

the four traits and four different cross-validation scenarios evaluated. Estimation of genetic 

value based on pedigree information alone yielded similar accuracies across all families. 

Prediction accuracies of models that use only a subset of markers associated with phenotypes 

were generally comparable with the accuracies of the model using all markers, but they do 

not need to be strictly associated with the phenotype. For lignin and cellulose, the genomic 

selection scenario was efficient under different relative lengths of the breeding cycle, which 

would allow cost-effective applications in tree breeding programs. 

 

Third, using molecular marker information, we compared genomic estimated breeding values 

based markers (G matrix) with estimates of the average additive genetic covariances (A 

matrix) from pedigree. We analyzed volume of 165 clones obtained from nine families. The 

estimates from realized genomic relationships used 3,461 biallelic SNP markers and two 

methods to generate a G matrix containing those genomic co(variances). The accuracy of the 

predictions for both G and A based models was compared for cross-validation methods of 

sampling clones either within family or at random. Using the genomic covariances resulted in 

smaller standard errors for the genomic estimated breeding values. The observed accuracies 

of the predictions with the genomic matrix based on allele frequencies or regression were 

similar and higher than accuracies from the only-pedigree base model. Realized genomic 



relationships could predict Mendelian segregation among full-sibs individuals, which was not 

the case for average relationships.  Selection based on GBLUP would increase genetic gain 

in applied forestry breeding, due to important saving in breeding cycle length and cost per 

unit time. 
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CHAPTER 1 

 

GENERAL INTRODUCTION 

 

Jaime Zapata-Valenzuela 
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Forest tree improvement is the application of principles of forest genetics to the development 

of genetically improved varieties of forest trees. The classical approach uses quantitative 

genetics methods applied to the analysis of specifically designed genetic tests. The aim is to 

estimate the merit of trees that are deployed in plantations (McKeand et al. 2003, White et al. 

2007). Besides the high cost and time required for traditional field testing, any improvement 

tool that can accelerate conifer breeding will increase the overall value of wood production. 

Examples of these tools with potential in forest breeding are the use of spatial design to 

reduce residual variance and marker-aided selection (MAS), QTL studies, genomic selection 

(GS), and possibly BLUP analyses based on genomic relationships (GBLUP). The general 

objective of this dissertation is to assess the use of spatial analysis, GS and GBLUP methods 

in clonally replicated progeny tests to evaluate their potential benefits to current forest 

breeding programs. 

 

Linear mixed models and spatial analysis  

Widely used in animal breeding programs, linear mixed models (LMM) are the basis of 

analysis in phenotypic selection (Henderson 1984, 1988, Lynch and Walsh 1998). They have 

been adopted in tree breeding for estimating variance components and predicting genetic 

values (White et al. 2007). The mathematical basis of LMM is the multiple regressions 

between response variables and at least two predictor or explanatory variables. The deviation 

between the observed and estimated value is known as residual. As determined by simple 

regression, the aim is to find the set of constants (including the intercept and the partial 

regression coefficients) that gives the best linear fit and minimizes the squared differences 
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between observed and expected values, taking the derivatives of expectations and setting 

them equal to zero. Forest genetics analyses should include appropriate unknown variance 

and covariance estimates to define the regression coefficients. For multiple observations, the 

general pattern of the model can be written and computed using matrix algebra (Lynch and 

Walsh 1998). 

 

LMM include both fixed (a constant with no variance or covariance) and random (a sample 

from a large population with variance and covariance) effects. Interactions between random 

and fixed effects are considered as random. The true value of any population parameter or 

effect in a linear model is unknown, and is estimated from experimental data. In LMM 

analysis, the word estimation is used when referring to a fixed effect (e.g., fertilizer, site), 

and prediction is used for a random effect (e.g., family, breeding values) (Balding et al. 2007, 

White et al. 2007). The generalized least squares method (GLS) is used to estimate the fixed 

effect for the model. The predictions of fixed effects are the best linear unbiased estimates 

(BLUE) because among all other possible linear functions of the data that are unbiased, the 

GLS estimates have the smallest residual variance (Lynch and Walsh 1998, White et al. 

2007). Random effects are predicted using the best linear unbiased prediction method 

(BLUP) with the advantage of having optimal weight of all individual sources of information 

and joining estimates of both fixed and random effects. The breeding values are predicted on 

the same scale and developed as a single set of rankings.  
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One important assumption of the linear mixed model approach is that random and residual 

effects are independently and identically distributed (IID) with expectations of means and 

variances as follows: , where: σ
2
 is an unknown scalar, G = 

Aσ
2

c is a nonsingular matrix, and R = Iσ
2

e is a nonsingular matrix. The R matrix indicates the 

correlation of the observations among all individuals that are produced from non-genetic 

effects. The variance-covariance matrix of observations is given by the expression Var (y) = 

V = ZGZ’ + R. The matrix G accounts for the co(variances) of genetic effects in the model 

The diagonal of G matrix contains the variance components for the random effect and the 

off-diagonal elements are genetic covariances between individuals. In multi-environmental 

tests, different structures for G matrix can be explored, such as compound symmetry, or 

factor analytic form, based on the definition of the homogeneity/heterogeneity of the genetic 

co(variances) and the parameterization of the model (Gilmour et al. 1997, Meyer 2009). 

 

Modification to the R matrix can be analyzed using spatial analysis, which is used when 

spatial variation of the trees is generated due to the natural variation in the field (Cullis and 

Gleeson 1991, Costa e Silva et al. 2001, Dutkowski et al. 2002). The motivation to include 

spatial components of autocorrelation, spatial-dependent and independent variance into the 

modeling is to understand how physical interaction among trees can affect growth patterns 

within/between site(s). It is expected that spatial models would give significant improvement 

over standard design models allowing further genetic gain (Smith et al. 2002, Meng et al. 

2009). In addition, combined structures for R and G matrices can be explored with the aim to 

find a model with the smallest log-likelihood value. This was the main idea behind the 
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experimental analysis presented in Chapter 2 of this dissertation (special attention must be 

given to the notation of G matrix in Chapter 2, which was different from G matrix presented 

in Chapter 4). 

 

QTL mapping and marker-aided selection tools 

Molecular techniques have provided strategies to develop marker systems to detect DNA 

polymorphisms that can be used to assist traditional plant breeding. One of the first important 

applications in operational breeding is the use of isoenzymes, random amplification of 

polymorphic DNA (RAPD), amplified fragment length polymorphism (AFLP) or 

microsatellites (SSR) in the verification of genotypes (fingerprinting) in nurseries, clonal 

seed orchards and field tests (Luikart et al. 2003, Wu et al. 2007, Grattapaglia and Kirst 

2008, Gupta et al. 2008).  

 

Initial uses of molecular markers in conifers focused on QTL mapping, that is, the dissection 

and understanding of gene action of loci controlling quantitative traits in forest trees (Neale 

and Savolainen 2004, Mackay et al. 2009). Dense genetic linkage maps have been 

constructed in forest species for a wide range of traits (e.g., wood quality, phenology, cold 

hardiness, and drought tolerance). For example, a QTL study detection was carried out to 

identify five genome regions influencing wood properties and early growth traits in a single 

F1 family and an interspecific hybrid between Pinus elliottii var. elliottii Engelm and Pinus 

caribaea var. hondurensis (Shepherd et al. 2003). Some examples of QTL for height, leaf 
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area, and seedling frost tolerance have been mapped also in Eucalyptus sp. and Quercus sp. 

(Gailing et al. 2009).  

 

Later on, the development and availability of dense markers such as single nucleotide 

polymorphism (SNP) has generated interest in locating and measuring the effects of genes 

and QTL (Neale and Savolainen 2004). SNP are more abundant than microsatellite markers, 

enabling investigators to cover extensively any genomic region. In the case of trees, it could 

be very expensive to identify the large number of SNP that would be needed to scan the 

whole genome, and because of that, some alternatives are currently being analyzed: 1) the 

use of DNA pools rather than individual samples; 2) the use of very high orders of multiplex 

genotyping of SNP in individual DNA samples; 3) the use of common haplotypes blocks and 

genotyping tagSNP with many SNP associated. The reliability of the use of SNP in 

association studies will be improved by both high-throughput genotyping and increased 

statistical rigor (Novik and Brooks-Wilson 2005).  

 

Marker-aided selection (MAS) is the integration of molecular markers (mainly SNP markers) 

with traditional methods of artificial selection on phenotypes (Lande and Thompson 1990). 

One of the potential applications of MAS in forest breeding is for indirect early selection of 

complex traits at the seedling stage in the nursery, thereby accelerating the process of 

conventional plant breeding that would incur high costs of selection, plant propagation and 

field testing (Grattapaglia and Kirst 2008). Significant associations between SNP markers 

and wood property or carbon-isotope discrimination traits have been identified in loblolly 
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pine by Gonzalez-Martinez et al. (2007, 2008). The study of Cumbie (2010) found significant 

associations of SNP markers for volume growth and stem straightness after multiple testing 

corrections. 

 

However, there are limitations for QTL and MAS studies that should be noticed: 1) QTL 

detection commonly uses biparental mapping populations, and it is done within a few 

families; 2) QTL analysis is based on the linkage disequilibrium (LD) generated after the 

creation of a segregating population (e.g., backcross or F2), where a large size of the 

mapping population is needed which become a constraint for the experimenter‟s resources 

(Neale and Savolainen 2004); 3) Most MAS studies have found a limited fraction, as small as 

5% of the total phenotypic variance, is explained by the markers assumed to flank the QTL, 

resulting in a reduced efficiency for applied breeding (Flint and Mott 2001, Goddard and 

Hayes 2007). 

 

Genomic selection and GBLUP approaches 

An alternative to deal with the problems of traditional QTL/MAS analyses is to use linkage 

disequilibrium (LD) based analysis of quantitative traits with available genotype and 

phenotypic data. This is how GS was proposed by Meuwissen et al. (2001), who defined this 

concept as genotype selection based on the genomic estimated breeding value (GEBV), 

rather than the traditional estimated breeding values (EBV) calculated from BLUP analysis. 

GS simultaneously estimates all loci, haplotype or marker effects with genomewide marker 

coverage that results in GEBV estimation (Solberg et al. 2008). Unlike the few significant 
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markers detected by QTL mapping or MAS experiments, GS uses all thousands or millions 

of marker and phenotypic data of a training population and predicts the breeding values of 

lines in a marker only-population (also known as prediction or validation population) by 

analyzing high-density marker scores (Goddard and Hayes 2007). The accuracy (r) of GEBV 

is determined as the correlation between the true breeding value and the GEBV. This will 

give the correlation coefficient r(EBV,GEBV) which is an indicator of accuracy of the 

selection (Meuwissen and Goddard 2010). 

 

Goddard and Hayes (2007) reviewed the main steps in the statistical analysis to calculate 

GEBV: one of the key issues is to define which level of QTL variance is explained by the 

markers, determined by the LD between the QTL and at least one marker. The linkage 

analysis is combined with the LD analysis to estimate the probabilities that any two alleles 

are identical by descent, generating a matrix of relationships that is used to estimate the 

effects of all QTL. The next important step is to decide which distribution of the QTL effects 

would be suitable for testing significance. The traditional alternative is to assume that QTL 

effects are drawn from a normal distribution with constant variance across chromosome 

segments, and all effects can be estimated at once using a normal BLUP. As an alternative, 

Bayesian estimation methods are also used in GS. Here, the random marker effects are 

assumed to have different effect and different variances that follow a specified prior 

distribution. BLUP methods have a limitation of having noise by cumulative small non-zero 

effects; Bayesian methods allow some markers to have positive effects and others to have 
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zero effects giving a more realistic scenario (Meuwissen et al. 2001, Goddard and Hayes 

2007).  

 

GS applications have been tested in animal breeding with the goal of including DNA 

information to make faster genetic gain than that achieved by traditional BLUP methods. 

Meuwissen et al. (2001) compared different statistical approaches in a simulated experiment. 

Also, evaluations in dairy cattle breeding in New Zealand, Australia, Netherlands and United 

States, have found reliabilities between 20% and 67% of GEBV for bulls with no progeny 

information. They used reference populations up to 4,500 progeny-tested bulls and about 

50,000 genotypes. They also compared BLUP and Bayesian methods for derivation of 

prediction equations and found that Bayesian assumption of prior distribution for genes of 

moderate to large effects performed similarly to BLUP method (Hayes et al. 2009). At this 

time, there are no published results of GS in forest trees using empirical data different from 

simulations. We explore GS approach for clonal/genotypic empirical data in Chapter 3 of this 

dissertation. 

 

In GS, dense molecular markers are used in two-step for genetic evaluation of the population 

(Meuwissen et al. 2001). The markers and phenotypes are used to train the model, and 

predictions are made on the validation population, which may result in bias and loss of 

information (Legarra et al. 2008). One way to incorporate the genomic information into a full 

genetic evaluation is by modifying the numerator relationship matrix A, which leads to the 

construction of the realized genomic relationship matrix G, used for GBLUP analyses 
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(Aguilar et al. 2010). Also, this approach exploits molecular marker data to track the 

Mendelian segregation effect generated during the meiosis process in which alleles randomly 

segregate leaving single gametes with one copy of the DNA. Models that include genomic 

relationships can predict genetic effects more accurately than those that use expected 

relationships from pedigrees. Relationship matrices can estimate the expected fraction of 

genes identical by descent, the actual fraction of DNA shared, or the fraction of alleles shared 

for loci that affect a particular trait. If marker information is available, then the Mendelian 

segregation effects and probabilities of paternity can be determined more accurately 

(Avendano et al. 2005). 

 

Under the rationale that genetic markers across the entire genome can be used to measure 

genetic similarities and may be more precise than pedigree information to estimate genetic 

covariances, a specific matrix definition is needed. Thus, the G matrix contains the estimated 

proportion of chromosome segments shared by individuals including identification of genes 

identical by state. Statistical methods for processing marker data have been analyzed to 

construct G matrices for genomic relationships and used to calculate GEBV by GBLUP 

analyses (VanRaden 2008, Forni et al. 2011). In general, different methods for G matrices 

provided similar and high correlations among the genomic relationships. Small differences 

were observed in the ranking of livestock individuals with different genomic matrices. We 

explore two methods for generating G matrices and use them in a GBLUP model in Chapter 

4 of this dissertation. 
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In summary, the first experiment was intended to explore spatial analysis combined with 

different genetic co(variances) structures in prediction of breeding values for volume in a 

cloned replicated progeny in loblolly pine. The dataset contained information from 453 

clones planted across 16 sites in the Southeast US region. The adjustment for heterogeneous 

clonal and residual variances was compared to a default model, and the accuracy of the 

estimated breeding values was used, among other parameters, to select the best analytical 

approach. 

 

The second experiment aims to use molecular markers to predict genomic estimated breeding 

values for four traits from a linear mixed model where additive and dominance effects of the 

markers were used to solve the mixed model equations. The predictive power of all biallelic 

markers was compared with a pedigree-based model set as the base benchmark. Subsets of 

markers chosen either by their association with the phenotype or randomly selected were 

used to predict breeding values for a validation population of clones where phenotypes were 

absent. The efficiency of genomic selection over traditional clonal progeny testing  was 

compared for lignin and cellulose traits. 

 

The third experiment was designed to examine two methods for constructing a realized 

genomic relationship matrix and incorporate it into predictions of genomic estimated 

breeding values for volume trait. Again, the comparison was carried on the estimated 

breeding values from a linear model using the estimates of variance components and the 

average relationships based on known pedigree information. The accuracy of the estimated 
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breeding values was used as the main parameter to evaluate the different approaches, and 

rank correlations were explored as one possible application for realistic selection purposes. 
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Abstract 

 

Spatial error variance-covariance structures are commonly used in genetic evaluation of 

crops to account for micro-site variability and achieve higher accuracy of predictions to 

increase selection efficiency. Various error and genetic variance-covariance structures were 

explored to predict best linear unbiased genetic merits of 453 loblolly pine (Pinus taeda L.) 

cloned tested at 16 different locations in the southern U.S. Statistical models were compared 

using model fit statistics (LogL and AIC), accuracy of the predictions and genetic 

parameters. Among the models explored, spatial autoregressive error correlation with 

independent residual term for the R side with a factor analytic structure for the G side of the 

mixed model was superior. The model produced one of the smallest fit statistics (AIC = 

5,556), a small error variance (12.72), high accuracy of the estimated breeding values (0.92), 

and the highest broad-sense heritability (0.45), compared with the default homogeneous error 

and genetic variance-covariance structure. Analyzing each site separately using a spatial R 

structure and combining predictions from sites to model genotype by site interactions versus 

fitting a spatial structure simultaneously produced a weak rank correlation (0.80) of clonal 

genetic merits.  We concluded that spatial design is effective to remove spatial-related 

variance to increase accuracy of predictions and increase selection efficiencies in forest 

genetic trials. 
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Introduction 

 

The introduction of clonal forestry as an operational breeding and development option for 

forestry programs in the southern United States could potentially result in large volume 

gains, with estimates of 60-70% gain above open-pollinated families or mass-controlled 

pollination systems (Whetten and Kellison 2010). The accurate prediction of the genetic 

value of clones becomes a critical step in determining the ranking of the phenotypes within a 

selection program. Typically, clones would be evaluated using BLUP based on field test data 

to estimate the genetic parameters, and predict clonal ranks. Clones should be tested across 

multiple sites to determine the level of genotype by environment interaction or GxE, which 

should be considered for deployment decisions. To maximize the cost-efficiency of forest 

field testing, the data should be analyzed using the most appropriate and informative 

statistical methods.  

 

Many model approaches assume simple, often inappropriate, within-test error structures, 

such as randomized incomplete block design (RIBD), and a common residual variance for all 

tests. Gezan et al. (2006) showed that appropriate choice of experimental designs can yield 

considerable improvements in clonal testing. Using simulated data based on a single site test 

of 256 clones arranged in single-tree plots with no missing observations, it was found that 

row, column and RIBD with a block size of eight trees had the highest individual broad-sense 

heritability estimates (H
2
). Also, the use of Latinized designs improved the experimental 

design efficiency, and the inclusion of its corresponding effects in the linear model yielded 



 

22 

better results. It was recommended that extension of these results to cases with low mortality 

rates should be done to confirm the observed trends, because simulations were done with no 

missing data values. 

 

In another study using linear mixed models (LMM), Isik et al. (2005) analyzed clonal field 

tests that were established at two sites using rooted cuttings from 450 clones of eight full-sib 

families of loblolly pine. The objective was to determine the amount of genetic gain in 

height, volume, and fusiform rust that could be obtained under clonal testing. At age four, 

there were significant differences among full-sib families and among clones within families 

for all traits analyzed. Clonal selection yielded considerable genetic gains for volume over 

the means of all the clones at both South Carolina and Florida sites. At four years, a genetic 

gain of approximately 30% was obtained by selecting the best eight clones on both sites for 

volume. In terms of breeding for disease tolerance, this study suggests that rust infection of 

loblolly pine can be reduced considerably by clonal selection for deployment of the less 

susceptible genetic material. The results of selection of the top 24 clones for rust resistance 

were 31% gain when clones were selected regardless of family structure, corresponding to 

59% improvement over genetically improved and unimproved check lots. It was pointed out 

that potential genetic gain from clones is also determined by other factors, e.g., cost of clonal 

field testing, alternative methods for producing clonal planting material, fluctuation of 

market prices for wood, and potential gains in other traits rather than volume such as wood 

quality-related traits.  
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Isik et al. (2008), used 12-year-old data from 43 clones from nine full-sib families of loblolly 

pine to measure the variation of microfibril angle using a quadratic mixed model fitted over 

wood rings as predictor variable. This statistical approach had the advantage of choosing a 

better residual variance-covariance structure. The broad-sense heritability was high (H
2
 = 

0.79) and thus, the trait seems to be under genetic control, allowing the inclusion of this 

variable in a selection program with clones selected for low levels of microfibril angle. 

 

Baltunis et al. (2007) also utilized LMM to compare the performance across multiple sites of 

1,200 clones and 14,000 seedlings from 61 full-sib families of loblolly pine. There was little 

effect of GxE interaction found across sites at the family and clonal levels for the first year 

and second year height, height increment, and crown width traits. Some important 

conclusions were obtained: greater precision of genetic parameters were estimated from 

clonally replicated tests; type-B genetic correlations indicated that genotype ranks were 

stable regardless of propagule type; however those results should be extrapolated with 

caution to older ages. 

 

McKeand et al. (2006) found that for open-pollinated families of loblolly pine there is a high 

rank stability for productivity and quality traits across a range of site characteristics, climates, 

and silvicultural systems. In numerous tests with both full-sib families and clones GxE 

interaction for growth measurements and straightness score at four or five years is no more 

significant than for open-pollinated families, but again the authors conclude that these results 

should be confirmed with older measurements. 
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Typical field designs used for genetic testing of forest trees have been randomized 

complete/incomplete block design, or occasionally split-plot designs. Spatial analysis has 

been widely used in agricultural tests analysis, but it has not been widely utilized in forest 

genetic tests (Costa e Silva et al. 2001). The main goal of spatial design is to model the 

variation related to the physical location of the experimental units, given by the arrangements 

of columns and rows within the field test. The spatial component is fit as the form of 

separable two-dimensional autoregressive residuals. It is expected that spatial models would 

give significant improvement over standard design models allowing further genetic gain. 

Another characteristic of spatial analysis with traditional forest tests analysis is that an 

independent residual term can be adjusted, which is usually larger than the spatial component 

associated residual.  

 

Data from field tests often exhibit spatial variation, so called because it is a function of the 

physical location of the observations in the field. Gilmour et al. (1997) developed a method 

of analysis in which spatial variation is modeled, resulting in estimates of treatment effects 

that have greater accuracy and precision compared with more traditional methods. Costa e 

Silva et al. (2001) used spatial models to analyze the height from progeny tests of Pinus 

pinaster, Pinus radiata, and clonal tests of Picea sitchensis. It was found that the randomized 

complete block design used as base model was not efficient in the control of the site 

variability, and that the spatial approach improved the relative genetic gain in sites 

accounting effectively for variation due to the patch or gradient levels. 
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Dutkowski et al. (2002) contrasted conventional and spatial analysis approaches in forest 

genetic analysis, by application of methodologies started in agriculture crops. The data came 

from genetic tests of Pinus and Eucalyptus species. Different structures were tested for the 

residuals (e.g., post-blocking, autoregressive form, independent residual term), all compared 

against a base design independent distribution of the effects. They found small but consistent 

differences in predicted breeding values between the base and best alternative models, but 

there was almost no gain from the extended spatial models with more complicated design and 

parameterization.  

 

Dutkowski et al. (2006) analyzed height and diameter from 55 tests to gain a better 

understanding of the utility of spatial analysis in a more wide ranging scenario. The larger 

data set enabled examination of whether the patterns observed in small-scale studies were 

generalized. These results showed that the addition of a spatial component to the design 

model gives a statistically improved model. The spatial model yielded a more realistic and 

satisfying description of the site variability and gave a better understanding of the nature of 

that variation. It was concluded that spatial analysis should be routinely applied to forest 

genetic tests. More recently, Stefanova et al. (2009), investigated a complementary 

diagnostic tool to the distribution of the residuals and the variogram plots, both typically used 

in geospatial experiments. The use of these evaluation tools in agricultural field tests led to 

the conclusion that the serpentine harvesting protocol could introduce extraneous variation 

which complicate the adjustment of the residual variance with decreased efficiency of the 

selection of genetic material. 
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Similarly, mixed model analyses of unbalanced data can include modeling of genetic 

variance-covariance structures. Examples of the alternatives studied in previous studies 

include regression analysis, additive main effects and multiplicative interaction (AMMI) 

model, and factor analytic models (Gauch 1992, Meyer 2009, Raman 2011). The AMMI 

model was originally proposed as a fixed effects model. Assuming genotypes as random, the 

GxE interaction can be analyzed in a mixed-model framework with a factor analytic 

covariance structure to model the multiplicative terms. 

 

The objective of this study was to compare different matrix structures for the residual and 

genetic random effects to fit the best statistical model in estimating the accuracy of prediction 

of genetic merit for 453 clones. We analyzed volume measured at five years in clonal tests of 

loblolly pine growing in multiple sites across southern United States. 

 

Material and Methods 

 

Genetic material and pedigree information 

For the study, 28 parents were used to produce 23 full-sib families and 2 open-pollinated 

families. Though the majority of crosses were single-pair mating, several families were 

related by a common male or female parent. From each cross of female and male parents, 

clones were produced via somatic embryogenesis (Bettinger et al. 2009). A deep pedigree 

file was designed, containing a section of the identity of each parent used to produce the full-
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sib families or open-pollinated families, and a second section containing the identity of each 

clone generated from their corresponding parent‟s combinations.  

 

Study sites, experimental design and data collection 

Three series of tests were planted between 2000 and 2002 on land belonging to Plum Creek 

Timber Company, Inc. and CellFor, Inc. Nine sites were planted in Georgia (GA), five sites 

were planted in Mississippi (MS), and two sites were planted in South Carolina (SC). A total 

of 16 sites were planted with 526 clones. The experimental design used was alpha-lattice 

incomplete block design with single tree plots. The average of clones/site was 163. The 

description of the sites utilized in this study was listed in Table 2.1. 

 

Out of the 526 clones, we removed 73 clones that had fewer than 10 living ramets/clone, 

and/or clones were planted on fewer than three sites. The final data set included 453 clones, 

and a total of 14,704 loblolly pine trees were measured. Trees with extremely suppressed 

crowns, broken tops, or severe fusiform rust damage were excluded from this study. Calipers 

were used to obtain stem diameter at 1.4 m above ground line. Total height was measured 

with a precision of 0.03 m using a Haglof Vertex IV hypsometer. Volume was calculated 

using the formula given by Goebel and Warner (1966). Thus, the metric form of the formula 

given in Sherrill et al. (2008) for volume = [0.95456089 + (0.28241587 x diameter
2
 x 

height/10)] was used. This equation was used because it is commonly used by tree 

improvement programs to calculate inside-bark volume for young trees. We standardized the 

data using a mean of 100 for height and volume variances calculated from the data. A SAS 
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script (SAS Institute Inc. 2010) used for variable standardization was given in Appendix 2.1. 

As required for spatial analysis, the data were organized into a grid to be read correctly in the 

model. The 16 sites used in this study had complete information of column and row 

arrangement, allowing for a grid generation for each site, adjusted by the corresponding 

number of rows and columns. The grid was constructed using a SAS script (SAS Institute 

Inc. 2010), given in Appendix 2.2.  

 

Table 2.1 contained the main descriptive information for the 16 sites assigned to this study. 

The different sites were presented with their information of year of planting, location, 

number of clones, number of blocks, columns, rows and number of observations. The 

number of clones per site ranged from 86 to 193, the number of blocks per site ranged from 4 

to 8, the number of columns per block per site ranged from 16 to 40, while the number of 

rows per block per site ranged from 6 to 10. The mean and coefficient of variation of volume 

were presented for the raw data, to have a dimension of the variable dispersion among sites. 

The coefficient of variation for volume ranged from 36.1% to 65.3%. Appendix 2.3 

displayed a normal probability plot and histogram for volume calculated from non-

standardized data. The Appendix 2.4 displayed the same graphics for standardized data to a 

mean of 100, where the histogram had a more approximate normal distribution, which 

resembled a bell-shaped curve; in such a case, most of the observations were clustered 

around the mean. 
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Statistical analysis 

Variance-covariance structures explored for this study were summarized in Table 2.2. We 

collected data for n observations such that the test was indexed by the rows and columns of 

an r x c array (n = rc), and y is the vector of plot data (tree observations) in field order. The 

linear mixed model used for all the different structures comparison was described under the 

matrix form: 

 

y = Xb + Zu + e                                                                                                     (Eq.2.1) 

 

Where y is the vector of observations representing the trait of interest (dependent variable); 

the vector of parameters b and u which are the fixed and random effects to be estimated, 

respectively. Within the random effects, the genetic variance is due to genetic differences 

among clones (σ
2

c = ½ σ
2
a + ¾ σ

2
d + σ

2
i), and genetic difference among families (σ

2
f = ½ σ

2
a + 

¼ σ
2

d) where σ
2

a, σ
2

d and σ
2

i are additive, dominance and epistatic genetic variances, 

respectively (Isik et al. 2008). We included the clone effect with expectations ~ N (0, Aσ
2

c), 

where A is the numerator relationship matrix and G = Aσ
2

c is a nonsingular matrix; the 

variance due to the family had expectations ~ N (0, Iσ
2

f), where I is identity matrix. Also, we 

included the block term as random with expectations ~ N (0, Iσ
2

b). The denoted X and Z are 

the design or incidence matrices. The term e is the residual component or vector of residuals 

with expectations N (0, Iσ
2

e), where I is the identity matrix and R = Iσ
2

e is a nonsingular 

matrix (Lynch and Walsh 1998, Balding et al. 2007).  
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Fixed and random effect solutions were obtained by solving the mixed-model equations 

(Henderson 1984): 

 

- -

- - -

- -

-
                                                         (Eq.2.2) 

 

Where the shrinkage factor is λ = [(1 – H
2
)/ H

2
], and H

2
 is the trait broad-sense heritability. 

The best linear unbiased predictions (BLUP) of each clone were obtained by solving mixed 

model equations as follows: 

 

 = GZ’V
-1

 (y - X )                                                                                             (Eq.2.3) 

 

Where  = (X’V
-1

X) X’V
-1

y is the generalized least-square solution for b (Lynch and Walsh 

1998).  

 

Definition of R and G matrices structure and model development 

Different structures for R and G matrices were explored with the smallest model fit statistics 

(Table 2.2). In general, R and G structures are typically formed as a direct product (⨂) of 

particular variance models. For example, a spatial field experiment that is laid out in a 

rectangular array where usually a two-dimensional separable autoregressive structure AR1 is 

assumed for the common residuals (Cullis and Gleeson 1991). Likewise, the random terms in 

the model may have a direct product variance structure as given in the case of a full-sib 
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family field test where there are different family variances within each site. When the model 

is specified, the order of terms in a direct product must agree with the order of effects in the 

corresponding model term. Also, variance models may be correlation matrices or variance 

matrices with equal or unequal variances on the diagonal (Gilmour et al. 2009). 

 

First, we will define the structure definition for R. The general structure for R matrix was 

given by: 

 

R =⨁t Ri =          (Eq.2.4) 

 

Where R is the direct sum of t matrices Ri, i = 1 to t. The vector of residuals e is composed 

by a series of vectors indexed by factors or sections t. Hence, e = [e1, e2, … , et] and each 

section has its own variance, assumed to be independent of the structures of the rest of 

sections. In our study, the sections were represented as different sites in a multi-environment 

experiment, that is t = 16 sites. 

 

The default and simplest R structure was that residual effects were independently and 

identically distributed (IID). It was designed as matrix form where residuals were 

homogeneous across sites: R = I1σ
2

e1 ⨁ I2σ
2

e2 ⨁, … , ⨁ I16σ
2

e16, where I is an identity matrix 
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and σ
2

e1 = σ
2

e2 = σ
2

e3 =, … , σ
2

e16 . For t = 16 sites, it was represented using the following 

general matrix: 

 

R =  ⨂ It                                                                              (Eq.2.5) 

 

According to Cullis and Gleeson (1991), Costa e Silva et al. (2001), and Smith et al. (2002), 

under the spatial model approach, R can be expressed as the variance of the residuals 

partitioned into two vectors of spatially correlated and uncorrelated random residuals, where 

Var (e) = R = σ
2
 Σ(α). The Σ denotes the spatial correlation matrix as a function of the 

number of α parameters and has associated variance σ
2
. Different forms of Σ can be used in 

the model definition and we used an identity matrix for the default IID form, and compared it 

with an autoregressive form correlation structure. The autoregressive form is feasible when  

the data from observations that are close together are more similar than those that are further 

apart. As the sites were arranged in rectangular arrays, we used a two-dimensional coordinate 

system to define the location of each observation. If si = (sir, sic) denotes the spatial location 

of i
th

 observation and sir and sic are the row and column coordinates, respectively, the 

elements of e are correlated and the correlations are function of the spatial distance between 

the observations. If Σ = {ρij}, where ρij = r (ei, ej) is the spatial correlation between 

observations i and j, the spatial correlation between ei = ei (si) and ej = (sj) is given by ρij = V 

(si, sj; α), where the correlation function V depends on the vector of unknown parameters α. 
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As we defined a separable, stationary for e, the correlation between two observations 

depends only on their distance and thus, V (si, sj; α) = V (lij; α), where lij= (lijr, lijc) = si – sj 

(Smith et al. 2002). Also, V is composed by Vr and Vc, correlation functions for rows and 

columns, respectively.  

 

In our study, the residual variance-covariance matrix of the spatial design was defined as: 

 

Var (e) = R = σ
2
 Σ (α) = σ

2
 Σr (αr) ⨂ Σc (αc) + Iσ

2
η                                        (Eq.2.6) 

 

Where Var (e) is the residual variance-covariance matrix, with σ
2
 being a spatially dependent 

variance. Since the separability assumption was used for the two-dimensional spatial trend, 

the correlation function V for a separable autoregressive process of first order (hereafter 

AR1) was expressed as: 

 

V (lij; α) = ρr
|lijr|

 ρc
|lijc|

                                                                                         (Eq.2.7)  

 

Where α = (ρr, ρc) are the known autoregressive coefficient parameters, exp (-αr|lijr|) = ρr
|lijr|

 

and similarly exp (-αc|lijc|) = ρc
|lijc|

. We added to the spatially dependent residual σ
2
, an 

independent residual variance denoted as σ
2

η which was spatially independent (Cullis and 

Gleeson 1991, Dutkowski et al. 2002). 

 



 

34 

As usually given in other studies (Dutkowski et al. 2002, Cumbie 2010), a matrix 

representation of AR1 model used in Eq.2.6 that represents two dimensional (rows and 

columns) first-order autoregressive correlation matrix for ordered spatial coordinates of size 

n, was given by:  

 

AR1 (ρ) =    ⨂                                      (Eq.2.8) 

 

Where ρ is the autocorrelation parameter.  

 

An important diagnostic tool for spatial analyses was the variogram, which is commonly 

used for repeated measures and geostatistical analyses (Smith et al. 2002). The variogram 

was used to have a visual of the spatial dependence of the observations. For a given set of 

data y that follows the model in Eq.2.1, a sample variogram was defined as: 

 

vij = ½ {ei(si) – ej(sj)}
2
                                                                                        (Eq.2.9) 

 

Where e is unknown and is replaced by the estimate   = y - Xb + Zu. The variogram for an 

independent process AR1 is irrespective of the distance lij between observations. The 

associated theoretical variogram was given by: 
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ω (lij) = σ
2
 {1 - ρr

|lijr|
 ρc

|lijc| 
}                                                                                (Eq.2.10) 

 

Under the assumption of a continuous layout, there are many values of vij, then a mean value 

of vij is calculated and the sample variogram is viewed graphically as a three-dimensional 

plot. The ω (lij) value increases monotonically in both row and column directions as the 

correlation between observations decreases. It reaches a plateau that is given by the variance 

σ
2
. The greater the autoregressive correlation coefficient, the slower the rise to the plateau, 

for example, a value of ρr = 0.8 will have a slower reaching plateau for rows than a ρc = 0.2 

for columns. The diagnostics of spatial models were carried on after visualization of the 

distribution of residuals and the sample variogram of the residuals for each site.  

 

Second, we will define the structure definition for G. The different matrix structures included 

correlation models or covariance structures. In all cases, the pedigree information was used 

to build a numerator relationship matrix A that was incorporated to scale all the variances in 

the G matrix. The general structure for G matrix was given by: 

 

G = ⨁v Gi =                   (Eq.2.11) 

 

Where v is the number of sub vectors which composes the random effect u = [u1, u2, … , uv] 

where the sub vectors ui are assumed independent, normally distributed with variance 

matrices σ
2
Gi. There is a corresponding partition of Z = [Z1, Z2, … , Zv]. Each submatrix Gi 
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is assumed to be the direct product of component matrices, according to the different random 

terms in the model, that is Gi = Gi1 ⨂ Gi2. These matrices are indexed for each of the factors 

constituting the term in the linear model, defining the variance structure for each factor in the 

term (Gilmour et al. 2009).  

 

The simplest structure for G matrix in the linear model defined in Eq.2.1, was represented as 

a general matrix form as: 

 

G =  ⨂ Inc = I16 ⨂Aσ
2

c              (Eq.2.12) 

 

The diagonal of this matrix was represented by the number of sites with 16 levels. Each site 

represented a sub-matrix. In this structure the genetic variance (σ
2

c) associated with the clone 

effect was assumed homogeneous across 16 sites (σ
2

c1 = σ
2

c2 = σ
2
c3 =, … , σ

2
c16), but the 

genetic variance can be heterogeneous, different (σ
2

c1 ≠ σ
2

c2 ≠ σ
2

c3 ≠, … , σ
2

c16). The off-

diagonal elements (e.g., σ1,2) are the covariances of individuals between sites. The 

covariances can be homogeneous (σ1,2 = σ1,3 =, … , = σ1,16) or heterogeneous (σ1,2 ≠ σ1,3 ≠, … 

, ≠ σ1,16) to model GxE interactions. We tested a diagonal matrix containing homogeneous 

variance components associated with the genetic effect and homogeneous correlations of the 

individuals across the sites. This structure is commonly named compound symmetry or CS 

(Gilmour et al. 2009). Also, we tested heterogeneous genetic variances and homogeneous 

covariances (CH structure). The full G matrix is the product of two matrices with the 
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dimension of 16 x 16 (number of sites) and the identity matrix I with dimensions of number 

of clones (Inc) at each site. Since individuals are not independent but genetically related, the I 

matrix at each site can be substituted by the numerator relationship matrix A. 

 

Finally, we specified both heterogeneous genetic variances and genetic covariances for G 

structure. This was achieved using a factor analytic form or FA1 structure (de los Campos 

and Gianola 2007). According to Meyer (2009) and Raman (2011), the objective of the factor 

analytic approach is oriented to GxE interaction experiments, where there is accounting for 

the genetic covariances among sites in terms of smaller number of k factors (unknown). In 

FAk model, the covariance matrix was modeled as FA= ’+  where  is the matrix of 

loadings on the covariance scale, and = diag {i} is a diagonal vector of specific variances. 

For k = 1 environmental covariate or factor, the matrix representation was: 

 

 =    =   FA =  

(Eq.2.13) 

 

Where σ1 is the loading on a covariance scale. Also, σ
2

c1 ≠ σ
2

c2 ≠ σ
2

c3 ≠, … , σ
2

c16. Similarly, 

In FAk model, the variance-covariance matrix 
(w×w)

 was modeled on the correlation scale as  

 = DCD, where D 
(w×w) 

is diagonal such that DD = diag (). The component C
(w×w)

 is a 

correlation matrix of the form LL’+ E, where L
(w×k)

 is a matrix of loadings on the correlation 
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scale and E is diagonal defined such that diag (LL’ + E) is identity. For k = 1 environmental 

covariate or factor, the matrix representation was: 

 

L =   C =   D =         (Eq.2.14) 

 

Where rg is the loading parameter on a genetic correlation scale, and rg1-2 is the genetic 

correlation between site 1 and 2, and rg1,2 ≠ rg1,3 ≠, … , ≠ rg1,16. Also, σ
2

c1 ≠ σ
2

c2 ≠ σ
2

c3 ≠, … , 

σ
2

c16. For k >1, higher-order models are required but they were no tested in our study. 

 

For all the matrix structures compared, the covariance was obtained from the definition of the 

genetic correlation (rg), which was defined as (Falconer and Mackay 1996): 

 

                                                                     (Eq.2.15) 

 

Where rg1,2 is the correlation between components 1 and 2, σ1,2 is the covariance of the 

individuals between the two components, and σ
2

1σ
2

2 is the product of  the variance 

components for each pair of sites.  

 

The mixed model equations were solved by ASReml version 3 (Gilmour et al. 2009), which 

was used in this work due to its flexibility to analyze unbalanced designed experiments, 
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multi-environment trials, and irregular spatial data. The software was also used for all 

analyses including graphical diagnostics for the spatial design.  

 

Model fit statistics 

According to Gilmour et al. (2009), a general method for comparing the fit of nested models 

fitted by restricted maximum likelihood (REML) is the REML likelihood ratio test (LRT). 

The fixed effects for models must be the same for LRT to be valid but also the same 

parameterization is required. If LR2 is the REML log-likelihood of the more general model 

and LR1 is the REML log-likelihood of the restricted model (that is, the REML log-likelihood 

or simply LogL under the null hypothesis), then the LRT can be defined as the following 

statistic:  

 

D = 2 log(LR2/LR1) = 2 [log(LR2) − log(LR1)]                  (Eq.2.16) 

 

If Ri is the number of parameters estimated in model i, then the asymptotic distribution of the 

LRT, under the restricted model is χ
2
 with degrees of freedom = R2 − R1. The LRT is 

implicitly two-sided. The approximate p-value for the LRT statistic D, is 0.5{1-Pr(χ
2
 ≤ d)} 

where d is the observed value of D. Different models were compared using the LRT 

calculated for each model and tested against the Chi-square distribution and p-value = 0.05. 

 

To compare more than two models that are not nested, the Akaike Information 
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Criterion (AIC) was used (Dutkowski et al. 2002, Gilmour et al. 2009, Raman 2011), and 

was defined as: 

 

AIC = −2LogL + 2ti                                       (Eq.2.17) 

 

Where ti is the number of independent parameters in model i, including variances, 

covariances and correlations, obtained according the different models. The AIC was 

calculated for each model and the model with the smallest value was chosen as the preferred 

model. Smaller AIC values are signs of more parsimonious (better) models. Both LRT and 

AIC values were considered to choose the best model fitted with a specific combination of R 

and G structures.  

 

Accuracy of predictions 

The accuracy mean of the estimated breeding values (EBV) obtained for the 453 clones (the 

correlation between the true u, and predicted  genetic values) was denoted as rc and 

calculated as follows (Gilmour et al. 2009): 

 

–                                                                      (Eq.2.18) 

 

Where SE is the standard error mean obtained from the 453 clones EBV times 16 sites, and 

σ
2

c is the estimated clonal variance. For the G structures CH and FA1, the heterogeneous 
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variances were averaged to use the mean in the above formula. For simplicity, the inbreeding 

coefficient was assumed to be zero for unrelated individuals. 

 

Single and two-step prediction procedure for FA1 structure 

As a result of multi-environmental tests analysis, we obtained 16 EBV for each clone per site 

for all the scenarios described above. After fitting the corresponding matrix structures, we 

used the PREDICT option in ASReml (Gilmour et al. 2009) to obtain one single EBV 

estimate for each clone. This command allowed forming a linear function of the vector of 

fixed (site) and random clonal effects in the linear model to obtain a predicted value for each 

clone. It is primarily used for predicting tables of adjusted means (Gilmour et al. 2009). We 

predicted EBV for all 453 clones and calculated the Spearman‟s rank correlation coefficient 

(rs) in SAS (SAS Institute Inc. 2010) between EBV fitted with the same G structure but 

different R structure, for example IID+CS vs. AR1+σ
2

η+CS.  

 

All the model development considered to fit R and G structures simultaneously across 16 

sites in one single run. As alternative, we explored a two-step procedure for spatial design 

and factor analytic form. First, we adjusted the residual variance of each single site using 

AR1+σ
2

η and homogeneous G structure. Second, we took the EBV for each site and use them 

as response variable in a linear mixed model to fit a FA1 structure for clone and family 

effects. We denoted this two-step procedure as AR1+σ
2

η+FA1*. Again, we used the 

PREDICT option in ASReml (Gilmour et al. 2009) to calculate one single EBV for each of 

the 453 clones, across site information. We calculated the Spearman‟s rank coefficient of the 
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EBV obtained from two-step procedure against the EBV obtained from IID+FA1 and also 

against the EBV obtained from AR1+σ
2

η+FA1. We also plotted the correlation between the 

EBV from simultaneous adjustment and two-step procedure for the AR1+σ
2

η+FA1 form. 

 

Heritability estimates and GxE interaction 

We accounted for relatedness among clones using pedigree relationships in estimations of 

variance components and standard errors. The variance components estimates were used to 

estimate single site broad-sense heritability (H
2
) for each fitted variance-covariance structure 

definition, using the following general ratio of the genetic variance and phenotypic variance: 

 

H
2
 = [

2
c + 

2
f / (

2
c + 

2
f + 

2
e)]                                                                  (Eq.2.19) 

 

Where 
2

c is the clone variance, 
2

f is the dominance genetic variance due to the family or 

cross effect, and 
2

e is the residual variance of macro environmental effects. Since the ramets 

of a clone were genetically identical, residual variance was assumed to be due to 

environmental variation among ramets within a clone. For spatial AR1+σ
2

η with a 

disentangled residual variance into a spatial residual and independent residual variance, we 

used the independent residual variance (σ
2

η) for the heritability estimation. Heritability 

estimates and their standard errors were estimated using the Delta method (Lynch and Walsh 

1998), and implemented using ASReml (Gilmour et al. 2009).  
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As a measurement of GxE interaction, we reported the genetic correlations obtained for the 

AR1+σ
2

η+FA1 structure, which is a common model used in complex studies for GxE 

interaction (Meyer 2009). We plotted the genetic correlations by construction of a heat map 

for the different pair-wise correlations among the 16 sites. Also, a linear plot between site 

loadings and BLUP for all the clones was produced from the solution file of AR1+σ
2

η+FA1 

structure, to examine the GxE interaction for each site loading used in the modeling. 

 

Results 

 

Variance-covariance structures comparison and effect of spatial design  

The different matrix structures were compared using model fit statistics in Table 2.3. The 

lowest LogL value was obtained for the combination of spatial design and factor analytic 

form (AR1+σ
2

η+FA1). After calculating the LRT between this model and each of the others, 

it was found a highly statistical significant difference (p-value=0.05). On the other hand, 

lower AIC values were obtained for the three structures combining spatial design and 

different forms for G matrix. The AIC was affected by an increasing number of independent 

parameters for more advanced models. The better performance indicated by AIC was sign of 

the positive effect of spatial design with AR1 plus G structure defined with heterogeneous 

variances, even though their parameterization was more computationally demanding. They 

ran for a longer time than simple models, because they required more iterations to reach 

convergence (16 to 45). 
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The importance of spatial design could be demonstrated by checking the model graphic 

diagnostics. A scatter plot of the distribution of residuals of site six was presented in Figure 

2.1 to compare the performance of a no spatial scenario (left) and spatial design (right), 

where both showed heterogeneous trend around the mean with no defined trend. Similarly, 

the Figure 2.2 showed the variograms for the same scenarios. The flat variogram (left) was 

contrasted to the heterogeneous trend represented for row and column data in the spatial 

model (right). Due to the high autocorrelation values (~0.9) the reaching of the plateau was 

lowered for the spatial model. The variograms of all 16 sites were reported in Figure 2.3, 

obtained from the AR1+σ
2

η form. Because of the high autocorrelation values, mostly of 

models had a trend of data points across row and columns, with the exception of sites 5 and 

15, which were corrected as no AR1 due to negative autocorrelation values obtained in a first 

attempt.  

 

Also, the variogram of the residuals for all 16 sites was given in Figure 2.3. Two sites 

obtained very small (near zero) or negative autocorrelations, so the spatial design was not 

better than default IID structure, and a correction to diagonal residual structure was made. 

This was the case for sites 5 and 15 (Figure 2.3). Sites 1 and 3 showed a raised edge in the 

variogram, which suggested the presence of a boundary line in the field or more vigorous 

competition that produced less tree growth represented at the bottom area of the variogram. 

Sites 6, 9, 16 showed substantially better growth in the last columns or rows, which could be 

related to an exposed edge of the sites in the field. Sites 2, 4, 7, 8, 10, 11, 12, 13 displayed a 

progressive trend reaching a plateau (either by row, column or both) which was closer to the 
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theoretical autoregressive form, but there were some failing or undetermined areas near the 

peak of the variograms that might be signs of global or extraneous variation. In our study, 

extraneous variation may be very evident from the examination of variograms, for example, 

the saw tooth appearance of site 14 (Figure 2.3) that could indicate a cyclic row/column 

effect (Smith et al. 2002). If the presence of this systematic effect is predominant in the rest 

of sites, which was not the case, there is also an accommodation option by fitting a fixed 

factor with number of levels corresponding to the length of the cycle. Also, for correction of 

marked global trend the data can be fixed by fitting polynomial functions, but the analysis 

could be more complicated. We did not pursue into this kind of analysis. Dutkowski et al. 

(2002), tested the correction of spatial patterns to reach stationary variograms after adding 

additional significant terms to the model, but only marginal increases in the model 

performance were attained. 

 

Accuracy of breeding values and genetic parameters 

The Table 2.4 summarizes the accuracy of breeding values for the six scenarios under 

analysis. The accuracies were lower for the matrices that had homogeneous genetic variances 

(CS), and the accuracies increased for the matrices with heterogeneous genetic variances (CH 

and FA1). To facilitate the comparison, an average of variance was used for the accuracy 

calculation for the models with heterogeneous genetic variances (CH and FA1). In addition, 

the SE mean of the EBV of 453 clones across 16 sites was reported for each scenario. It was 

noticeable that the SE mean was stable for different model scenarios. Also, the residual 

variance and block variance for each scenario was reported in the last columns of Table 2.4. 
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Both non-genetic variances were reduced for the AR1+σ
2

η form with any combination with a 

G structure. 

 

The broad-sense heritability of the clones growing in different environments, were generally 

stable across sites for each variance-covariance structure (Table 2.5). We obtained higher 

heritabilities estimates for sites when more complex genetic and environmental variances 

were used. For example, the mean broad-sense heritability across sites ranged from 0.38 to 

0.41 for IID scenario and the mean range increased from 0.43 to 0.45 for AR1 plus 

independent residual variance form.   

 

For the analysis of GxE interaction, genetic correlations were high, with a mean of 0.86 and a 

range of 0.65 to 0.99. They were obtained for the best fitted AR1+σ
2

η+FA1 structure. The 

result was easily visualized in the heat map of Figure 2.4, where cells fading to white color 

were indicative of smaller correlations, whereas cells fading to black color were indicative of 

larger genetic correlations. Another way to visualize the small GxE interaction effect was the 

flat trend of all the 453 EBV for each of the 16 site loadings values obtained from FA1 

structure for the clone effect plotted in Figure 2.5.  

 

After fitting all the different matrix structures, one single EBV was obtained for each clone. 

The results for the comparison of similar structures using the Spearman‟s rank correlation 

coefficient (rs) were summarized in Table 2.6. The rs value was found to be close to one for 

comparison of IID and spatial design for any combination of homogeneous/heterogeneous 
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genetic co(variances). On the other hand, after applying the two-step procedure 

(AR1+σ
2

η+FA1*) to remove residual variance for each individual site (first step), and using 

the 16 EBV per each clone as response variable to fit a FA1 structure (second step), the rs 

decreased to 0.79 or 0.80 when this two-step procedure was compared against similar 

structures using simultaneous run for all the data and sites (Table 2.6). Finally, the plot of 

predicted values for 453 clones using two-step procedure against the EBV predicted for the 

same structure but fitted only in one run was showed in Figure 2.6. The Pearson product-

moment correlation coefficient was 0.78. 

 

Discussion 

 

We reported a series of statistical approaches to analyze clonal replicated progeny for volume 

in loblolly pine. The best model fit was achieved by controlling the residual variances using a 

spatial design plus its combination with a factor analytic structure for the clonal and family 

co(variances).  

 

Model diagnostics and  variance-covariance structures comparison 

The use of a spatial design adding an independent residual variance component allowed the 

removal of spatially dependent residual noise from the model, which was expected according 

to the theory of models that include both sources of non-genetic variation (Stefanova et al. 

2009). This finding was important evidence of the need to separate the spatial from the 

independent residual variances, in order to capture the random tree-to-tree variation. 
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Dutkowski et al. (2002) pointed out that the independent residual term is almost always 

present in forestry trials and accounting for it is necessary. This is also made to avoid 

inflating the additive genetic variance and avoid misleading conclusions from fitting an 

inappropriate model.   

 

The variogram was an important diagnostic tool to check the distribution of the residual 

variance for each site. Stefanova et al. (2009) recognized that most experiments that 

incorporate spatial analyses are initially evaluated by revising trends using graphical and 

formal diagnostics. The sample variogram plays a key role in this approach but may be 

difficult to interpret. This problem can be exacerbated by the lack of formal inferential tools 

for the sample variogram, whose sampling distribution is not easy to track. In addition to the 

plot of the residuals and the variogram, they proposed a new visual diagnostic tool, which is 

based on considering the two slices corresponding to zero row/column displacement of the 

variogram, augmented with approximate 95% point wise coverage intervals. The row face is 

defined as the slice corresponding to zero column displacement, and the column face is 

defined as the slice corresponding to zero row displacement, which allows one to construct 

half-normal plots for visualization and diagnostics. 

 

In general, any model used in our study that made R and G structures different from default 

IID assumption for standard models, was superior in terms of both LogL and AIC 

parameters. The standard model has been used in previous studies (Dutkowski et al. 2002, 

Smith et al. 2002, Raman 2011) as a benchmark model for simplicity reasons or maybe due 
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to the more difficult implementation of advanced models. We found that the only constraint 

to use advanced models was a longer computational time required for convergence (mainly 

for structures CH and FA1). The CS structure was the simplest structure for genetic 

co(variances). It only required the estimation of a correlation parameter and one genetic 

pooled variance, but it also implied that all sites had the same genetic variance and all pairs 

of sites had the same covariance (hence the correlation was the same). This may not be a 

realistic scenario for progeny tests of forest trees tests, especially when they were planted in 

different edaphic, climatic conditions. The CS structure was also found to have a high AIC 

value when it was compared with heterogeneous variance-covariance structures for 

treatment, site factors in crops (Raman 2011). They pointed out that treatments evaluated in 

different environments (considered as random factor), had different levels of error variation 

as the tests were conducted with different levels of precision, which was not captured by a 

simple structure of co(variances) as CS. 

 

The similar CH structure, which made genetic variances different, kept homogeneous 

covariances, it had the lowest AIC value (Table 2.3). However, we preferred the FA1 

structure for genetic co(variances) because it allowed to model the full G matrix, with 

heterogeneous co(variances). Moreover, FA1 structure combined with spatial design 

increased the model performance (best and significant LogL value), by increasing the clonal 

variance mean for 16 sites and decreasing the residual variances. The better estimates for this 

structures resulted in increased clonal mean repeatabilities for almost all sites (Table 2.5) 

which represented an important gain by allowing the variances to be different for each site. A 
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fair comparison with FA1 structure should consider to fit a similar structure. One example is 

the unstructured form of G matrix. It can be used to calculate the genetic correlations among 

pairs of sites. However, Smith et al. (2002) and Isik et al. (2008), suggested that unstructured 

G may be inefficient or unstable even for large number of sites or environments. It leads to 

less precise parameter estimation due to the large number of parameters (183 in our 

experiment), in addition to the presence of missing values. Therefore, the factor analytic form 

represented a more parsimonious representation and hence was reported in this study.  

 

This experiment demonstrated the feasibility of using factor analytic form for the G matrix. 

The advantage is that fitting this structure to the covariance matrix was flexible enough to 

accommodate heterogeneity of variances and differences in genetic correlations between 

environments, which tended to be small. Also, the structure was parsimonious enough to 

allow estimation of the parameters involved with high accuracy. The factor analytic form 

framework has been increasingly used in plant breeding (de los Campos and Gianola 2007, 

Meyer 2009, Raman 2011), because there is interest in structures that utilize the principal 

components of a covariance matrix. It has become accepted that such structures can be fit 

directly within the mixed models approaches commonly applied for both estimation of 

variance-covariance components and the prediction of genetic merit for selection purposes. 

Additional improvement could be achieved using FAk models of second, or third order, but 

when k > 1, it is necessary to impose constraints to ensure uniqueness of the structure and 

avoid interpretation problems of the factor analytic model. Smith et al. (2002) demonstrated 
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that a FA2 model accounted for 77% of the genetic variation against 50% accounted by a 

FA1 model for a multi-environmental test study.  

 

Clone heritability, accuracy of predictions and GxE interaction 

In general, the clone broad-sense heritability was higher than other studies for growth traits 

in loblolly pine (Gezan et al. 2006). This was due to the large number of trees used for each 

clone in this study, resulting in more reliable estimates of the variances. The statistical 

analysis was able to reduce error and minimize bias in the estimates. Thus, the use of clonally 

replicated progeny tests reduced the environmental noise and enabled more accurate 

prediction of genetic merit for different clones. One important implication is that predicted 

values with high accuracies are desired to test the association of DNA markers and 

phenotypic data, which will be developed in further studies. 

 

The use of repeated measures of the clonal data is an experimental design suitable for being 

applied in other experiments such as the study of the change in a trait or variable measured at 

different times, or individuals exposed to different level of the same treatment. The 

advantage of using this individual tree model was to predict the effect of every tree within the 

family. Individual tree models can be used to predict breeding values of parents and 

ancestors simultaneously with those of the offspring, even though parental and ancestral 

effects are not specified in the model. This step was achieved using a pedigree file and the 

generation of the additive genetic relationship matrix in which additive genetic relationships 

are specified for all pairs of trees, parents and ancestors (White et al. 2007).  
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The accuracy of the predictions were higher for R and G structures defined in the model 

development, specifically when the structure for genetic correlations/covariances between 

pairs of sites was heterogeneous. The accuracies were comparable to the values obtained for 

diameter measured at five years in P. pinaster (Dutkowski et al. 2002), but they only fit 

models with R structures defined as spatial AR1 form and did not explore any extended G 

structure. It is accepted that accuracies of the predictions are increased by reducing the 

standard error of predictions. However, we attributed the increasing of reported accuracies 

due to a higher clonal variances attained by these structures, rather than controlling the 

standard error (Table 2.4).  

 

In terms of GxE interaction, some interesting observations can be discussed for FA1 

structure. Since we had the data from 16 different sites, we also used FA1 to include an 

advanced structure for modeling GxE interaction. These are relevant in forestry breeding 

programs due to the diverse range of environments where tree can be cultivated. The main 

advantage of FA1 model was to account for the covariances in terms of smaller hypothetical 

factors (de los Campos and Gianola 2007). The FA1 approach could be used to obtain a class 

of structures for the genetic variance matrix G. The model is also postulated in terms of the 

unobserved clonal effects in different sites, which had associated loading factors (Meyer 

2009). The high values of genetic correlations obtained for FA1 structure (Figure 2.4) were 

evidence that there were no strong GxE interaction in our clonal data. Although we did not 

calculate the type-B genetic correlation for our data, McKeand et al. (2006) reported that 

values of type-B genetic correlation smaller than 0.67 are usually considered a sign that there 



 

53 

are GxE interaction. Similarly to our large data sets, the authors stated that high unbiased 

estimates of genetic correlations are possibly enough to consider GxE interaction negligible. 

The small GxE interaction estimated from FA1 structure was also observed in the stable EBV 

across sites, after examining the flat trend of the breeding values across the site loadings 

values (Figure 2.5). If interaction is present, the cross of lines for different loadings would 

have been evident.  

 

We were able to predict one single EBV estimate for each clone. In multi-environmental site 

analyses, decisions about making selections are based on individual clones, rather than 

having different estimates for clones growing in different site. The prediction of one single 

EBV was followed for the analysis of the ranking of the clones comparing similar model 

definitions. For example, the rank correlation of the 453 clones was almost perfect between 

IID and AR1+σ
2

η for any combination of CS, CH or FA1 structure for genetic co(variances). 

The high correlation probably indicates that the predicted values across all 16 sites in this 

experiment were accurate enough to be used as the breeding values for ranking and selection 

purposes.  

 

Another practical consideration for multi-environmental tests, is the potential of using these 

complex structures for larger data sets, with million of records or hundreds of sites. The 

development of a two-step procedure to fit FA1 structure removing spatial residual noise first 

and then using FA1 (AR1+σ
2

η+FA1*) on the EBV for the clones obtained from the first step, 

confirmed that this was a valid option to obtain reliable EBV. This was shown after 
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calculating the rank correlation coefficient between this two-step procedure and simultaneous 

fit of R and G structures (rs = 0.80 in Table 2.6 or 0.78 product-moment correlation in Figure 

2.6). Even this rank correlation was found to be smaller than correlation between 

simultaneous fitting of both R and G structures (e.g., rs = 0.98 between IID+FA1 and  

AR1+σ
2

η+FA1), this method was convenient mainly for the possibility to avoid convergence 

issues and save computational time in analysis of a large set of sites. The AR1+σ
2

η+FA1 

adjustment for all 16 sites simultaneously took almost 35 minutes for a single run. Also, 

some convergence issues have to be corrected due to inadequate initial starting values for the 

loadings and variances. Up to three runs had to be carried to allow final convergence of the 

model. If we were analyzing 50 sites, those issues could be avoided doing the two-step 

procedure, where eventually a higher control of the SE can be achieved, because of the 

residual variances had been previously removed in an initial adjustment of R structure.  

 

Conclusions 

 

Linear mixed models with spatial design for R structure were more efficient than simple IID 

assumption commonly used in forestry tests, because of better controlling of site variability  

and removing of spatial-related residual variance. The use of spatial structure combined with 

a heterogeneous factor analytic structure for genetic variances and covariances was found to 

increase the estimates genetic variances and broad-sense heritability due to effective 

accounting for heterogeneity of effects among pair of sites. Among the heterogeneous R and 

G structures, the two-step procedure to remove spatial-related variance, followed by 
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adjustment of FA1 structure, had low correlation with simultaneous AR1+FA1 structure, but 

it was proved to be more efficient than simultaneous modeling because reliable EBV were 

obtained, and issues of model convergence, computational time were avoided for larger data 

sets.
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Table 2.1. Descriptive statistics for the 16 sites analyzed. 

Test 

number 

Year of 

planting 

State County No of 

clones 

No of 

columns/rows 

No 

obs 

Mean 

(m
3
)
1
 

CV
1
 

1 2000 GA Glynn 135 25/6 844 0.034 36.1 

2 2000 GA Wayne 135 25/6 862 0.024 47.3 

3 2000 MS Wayne 133 25/6 880 0.023 39.8 

4 2000 MS Perry 128 25/6 893 0.025 39.5 

5 2000 GA Screven 86 16/8 622 0.023 42.4 

6 2001 GA Charlton 182 25/10 600 0.012 65.3 

7 2001 GA Appling 192 40/6 1201 0.017 48.7 

8 2001 GA Screven 187 36/6 1222 0.026 40.2 

9 2001 GA Screven 182 30/8 597 0.025 45.5 

10 2001 SC Orangeburg 193 30/8 1135 0.023 49.8 

11 2001 MS Wayne 191 30/8 1160 0.026 47.3 

12 2002 GA Wayne 174 24/8 859 0.014 56.3 

13 2002 GA Appling 175 24/8 803 0.006 58.2 

14 2002 SC Orangeburg 176 24 990 0.018 43.1 

15 2002 MS Smith 176 24 977 0.020 43.2 

16 2002 MS Wayne 175 24 1059 0.016 47.2 

1
 Values were reported for non-standardized data. Number of blocks per site was 8 except for 

sites 6 and 9 where there were 4 blocks at each site. 
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Table 2.2. Variance-covariance structures used for clonal data analyses. 

Structure R structure G variance 

structure 

G correlation 

structure 

IID+CS homogeneous  compound 

symmetry 

homogeneous 

    

IID+CH homogeneous heterogeneous  homogeneous  

    

IID+FA1 homogeneous factor analytic, 

heterogeneous 

heterogeneous  

 

    

AR1+σ
2

η+CS AR1 + indep. 

residual, 

heterogeneous  

compound 

symmetry 

homogeneous 

    

AR1+σ
2

η+CH AR1 + indep. 

residual, 

heterogeneous 

heterogeneous  homogeneous  

    

AR1+σ
2

η+FA1 AR1 + indep. 

residual, 

heterogeneous 

factor analytic, 

heterogeneous 

heterogeneous  
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Table 2.3. Model fit statistics (LogL and AIC) and number of parameters used for each 

variance-covariance structure. The structures with spatial adjustment had the smallest LogL 

or AIC values. Also, the structure AR1+σ
2

η+FA1 was found statistically significant at p-

value=0.05. 

Structure LogL AIC Number of random 

parameters 

IID+CS -3,063 6,168 21 

IID+CH -3,028 6,158 51 

IID+FA1 -3,010 6,182 81 

AR1+σ
2

η+CS -2,751 5,546 22 

AR1+σ
2

η+CH -2,711 5,526 52 

AR1+σ
2

η+FA1 -2,694 5,556 84 
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Table 2.4. Accuracy of the estimated breeding values (rEBV), standard error mean of breeding 

values (SE mean), clonal variance (σ
2

c), residual variance (σ
2

e) and block variance (σ
2

b) 

according different variance-covariance structures. The use of spatial design increased the 

clonal variance and decreased both the residual and block variances. 

Model rEBV SE mean σ
2

c σ
2

e σ
2

b 

IID+CS 0.88 1.37 8.65 14.80
2
 1.26 

IID+CH 0.94 1.05 8.86
1
 14.84

2
 1.26 

IID+FA1 0.93 1.09 8.95
1
 14.79

2
 1.25 

AR1+σ
2

η+CS 0.88 1.45 9.07 12.67
3
 0.78 

AR1+σ
2

η+CH 0.93 1.08 9.06
1
 12.71

3
 0.78 

AR1+σ
2

η+FA1 0.92 1.21 9.05
1
 12.72

3
 0.79 

1
 Value was the mean of 16 clonal variances across sites 

2
 Value was the mean of 16 residual variances across sites 

3
 Value reported was the independent residual variance 
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Table 2.5. Broad-sense heritability (H
2
) estimates for different sites and structures. Spatial 

adjustment of residual variance increased the heritability mean. 

 Variance-covariance structure 

Site IID+ 

CS 

IID+ 

CH 

IID+ 

FA1 

AR1+σ
2

η+

CS 

AR1+σ
2

η+ 

CH 

AR1+σ
2

η+

FA1 

1 0.43 0.51 0.49 0.44 0.52 0.54 

2 0.40 0.45 0.42 0.44 0.50 0.53 

3 0.43 0.46 0.45 0.44 0.47 0.50 

4 0.41 0.46 0.46 0.44 0.51 0.52 

5 0.42 0.50 0.51 0.44 0.52 0.52 

6 0.39 0.29 0.28 0.44 0.35 0.38 

7 0.37 0.32 0.30 0.44 0.43 0.48 

8 0.42 0.45 0.46 0.44 0.46 0.48 

9 0.42 0.49 0.49 0.44 0.49 0.50 

10 0.42 0.40 0.42 0.44 0.41 0.44 

11 0.41 0.40 0.42 0.44 0.44 0.47 

12 0.37 0.21 0.22 0.44 0.30 0.31 

13 0.37 0.18 0.19 0.44 0.27 0.29 

14 0.41 0.36 0.38 0.44 0.41 0.45 

15 0.39 0.31 0.32 0.44 0.38 0.40 

16 0.43 0.33 0.31 0.44 0.34 0.37 

Mean 0.41 0.38 0.38 0.44 0.43 0.45 

The standard error of the heritability estimates ranged from 0.02 to 0.06 
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Table 2.6. Spearman‟s rank correlation coefficients (rs) of BLUP clone predictions of 

different models with different R and G structures. The R and G sides of the models are 

separated by + sign. The ranking of clones did not change due to the use of different R or G 

structures. The rank correlation for two-step procedure for FA1 was decreased compared to 

simultaneous modeling of R and FA1 structures. 

Model 1 Model 2 Spearman’s rank 

correlation coefficient (rs) 

IID+CS  AR1+σ
2

η+CS 0.99 

IID+CH AR1+σ
2

η+CH 0.99 

IID+FA1  AR1+σ
2

η+FA1 0.98 

IID+FA1 AR1+σ
2

η+FA1* 0.79 

AR1+σ
2

η+FA1  AR1+σ
2

η+FA1* 0.80 

The notation AR1+σ
2

η+FA1* indicated a two-step fit of spatial design for individual sites, 

followed by FA1 model for breeding values across 16 sites. 
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Figure 2.1. Scatter plot of distribution of residuals for volume measured at test site 6 with no 

spatial design (left), and with spatial design (right). No specific trend was observed for the 

diagnostics of the distribution of the residuals. 
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Figure 2.2. Variogram for volume measured at test site 6 with no spatial design (left), and 

with spatial design (right). A flat trend was a typical sign of no spatial effect (left), whereas 

an increasing variability was observed in row/column direction for spatial adjustment of the 

residual variance (right). 
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Site 1 Site 2 Site 3 Site 4 

    

Site 5 Site 6 Site 7 Site 8 

    

Site 9 Site 10 Site 11 Site 12 

    

Site 13 Site 14 Site 15 Site 16 

    

 

Figure 2.3. Variograms for volume measured for each of 16 test sites with spatial design. 

Sites 2,4,7,8,10,11,12,13 showed progressive autoregressive trend. Raised edge of sites 

1,3,6,9,16 may be sign of marked better growth of trees. Site 14 suggested the presence of 

extraneous variation. Sites 5,15 had negative autocorrelation. 
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Figure 2.4. Heat map for genetic correlations among 16 test sites for AR1+σ
2

η+FA1 

structure. The smaller values of correlations were indicated with white-colored cells, whereas 

the higher correlations were indicated with black-colored cells. 
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Figure 2.5. Estimated breeding values of 453 clones vs. 16 site loadings after fitting of 

AR1+σ
2

η+FA1 structure. The general flat trend of lines for most of the predictions across 

different site loadings values was a clear sign of small GxE interaction. 
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Figure 2.6. Scatter plot between clone EBV predicted for AR1+σ
2

η+FA1 structure and EBV 

predicted using the two-step AR1+σ
2

η+FA1* structure. The autoregressive structure was first 

adjusted separately for each site, followed by FA1 structure adjusted for clonal effects. 
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Appendix 2.1. SAS code used for data standardization of volume at five years. 

 

/*obtaining mean, standard deviation, coefficient of variation for 

volume*/ 

 

proc sort data=&ds; by site;  

proc means data=&ds  mean std cv noprint;  

by site; 

var vol05; 

output out=repmns mean(vol05 )=vol05_mean  

std(vol05 )=vol05_std   

cv(vol05 )=vol05_cv; 

run; 

 

proc means data=repmns mean;   

var vol05_mean vol05_std vol05_cv ; 

run; 

 

/*generating standard variable, the std= standard deviation was obtained 

from the raw data*/ 

 

proc sort data=&ds; by site; 

 

proc standard data=&ds out=&ds mean=100 std=46.87;  

by site; 

var VOL05s; 

proc means; var VOL05s; 

run; 
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Appendix 2.2. SAS code use to generate a grid for spatial analysis of clonal data tests. The 

example was given for three sites. 

 

/*creating a grid for each site*/ 

 

data g1; 

site=1; 

do rep=1 to 8; 

do col=1 to 6;  

do row=1 to 25; 

output; 

end; 

end; 

end;  

run; 

 

data g2; 

site=2; 

do rep=1 to 8; 

do col=1 to 6;  

do row=1 to 25; 

output; 

end; 

end; 

end;  

run; 

 

data g3;  

site=3; 

do rep=1 to 8; 

do col=1 to 6;  

do row=1 to 25; 

output; 

end; 

end; 

end;  

run; 

/*stack grid files (concatenate) in data statement*/ 

 

data spatial; 

set g1 g2 g3; 

run; 

 

/*importing and preparing data set to be merged with grid* 

 

data all;  

length clone $7. female $7. male $7. famid $2. serie 4 site 4 rep 3 row 3 

col 3 st05 3 fork 3 ramic 3 ht05 6 dbh05 6; 
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Appendix 2.2. Continued. 

infile "location for data file" dsd missover firstobs=2 lrecl=5500; 

input clone $ female $ male $ famid $ serie site rep row col st05 fork ram 

ht05 dbh05;  

vol05= round (0.03371+(0.0196128*dbh05*dbh05*ht05/10),0.0001); 

run; 

 

/*merging grid and data file*/  

 

proc sort data=all; 

by site rep col row ; 

run; 

 

proc sort data=spatial; 

by site rep col row; 

run; 

 

data all_spatial; 

merge all spatial; 

by site rep col row; 

if clone=' ' then clone='filler'; 

run; 

 

/*checking the spatial file, descriptive stats by family*/ 

 

%let var=vol05; 

proc means data=spatial mean stddev stderr n maxdec=2; 

class famid; 

var &var; 

output out=means 

mean(&var)=vol_me 

stddev(&var)=vol_sd 

stderr(&var)=vol_se 

n(&var)=vol_n; 

title 'spatial'; 

run;  

quit; 

 

Important Note: after sorting by site/column/rep, the row2 variable must 

be created in Excel to numerate from 1 to n, within column, as required by 

spatial analysis. 
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Appendix 2.3. Normal probability plot and histogram of volume measured across 16 sites 

without standardization. 
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Appendix 2.4. Normal probability plot and histogram of volume measured across 16 sites 

with standardization to a mean of 100. The standardization generated a more normal 

approximated distribution. 
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Abstract 

 

Advances in technology have made possible the discovery and genotyping of thousands of 

SNP markers and new methods of analysis are emerging to apply these advances in tree 

breeding programs. We report analyses of SNP genotypes at over 3,400 polymorphic loci 

from the CTGN project in a set of progeny from a structured mating design with 13 families, 

using four phenotypes with differing heritabilities. Cross-validation strategies using a subset 

of the individuals to train a genomic selection model using all markers followed by 

prediction of genetic value for the remaining subset of individuals were used to explore the 

utility of genomic selection in a small breeding populations of loblolly pine. Mean predictive 

values, measured as the correlation across all families between genome-estimated breeding 

value and measured breeding value from clonally-replicated field tests, range from 0.30 to 

0.83 across the four phenotypic traits and four different cross-validation scenarios evaluated. 

Estimation of breeding value based on pedigree information alone yielded similar accuracies 

across all families. Prediction accuracies of models that use only a subset of markers 

associated with phenotypes were generally comparable with the accuracies of the model 

using all markers, but they do not need to be strictly associated with the phenotype. For 

lignin and cellulose, the GS scenario was efficient under different relative lengths of the 

breeding cycle, which would allow cost-effective applications in tree breeding programs. 
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Introduction 

 

Selection based on phenotypes and resemblance among relatives has been successful to 

increase genetic gains in forest tree breeding programs during the last five decades 

(McKeand et al. 2006).  However, the current breeding strategy of pines is logistically 

complex, expensive, and time-consuming, because of their long breeding cycles, large 

physical sizes, and long rotation ages up to 20. Many traits of interests are measured 

indirectly due to long life of trees and these traits have in general low (<0.2) heritabilities 

(White et al. 2007). 

 

The idea of MAS in forest tree breeding has long been embraced by forest geneticists 

(Williams and Neale 1992, Lambeth et al. 2001). However, as pointed out by Strauss et al. 

(1992), despite potential benefits of MAS in conifer breeding, there are still many obstacles 

to overcome. The major limitation is still the cost of genotyping although it is being lowered. 

Because of QTL analysis is based on the linkage disequilibrium (LD) generated after creation 

of a segregating population e.g., backcrosses or F2, a large size of the mapping population is 

needed which become a constraint for the experimenter‟s resources (Neale and Savolainen 

2004). Conifer populations have low level of LD which decades rapidly as shown for loblolly 

pine at a rate of r
2
 ~0.5 to 0.25 within 2,000 bp (Brown et al. 2004, Pyhajarvi et al. 2007). 

Low LD causes inconsistency of QTL-marker association from one family to another due to 

genetic recombination. In other words, the marker in QTL linkage might be in coupling 

phase in one genotype and in repulsion phase in another genotype. Most forest trees, 
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particularly the conifers have large genome (Neale and Savolainen 2004), which makes it 

challenging to establish trait-marker associations and dissect complex traits into causal 

effects. Gonzalez-Martinez et al. (2008) successfully identified significant associations 

between a limited numbers of DNA markers with traits in loblolly pine. One of the 

challenges of MAS in trees is the complex inheritance of quantitative traits. Studies on 

laboratory animals and in cattle breeding have shown that quantitative traits are under control 

of large number of loci, each with small effect (Mackay et al. 2009). Each locus explains 

only a small fraction of total genetic variation (VanRaden et al. 2009).  High marker 

genotyping cost, complex statistical analyses have further hindered applications of markers in 

prediction of breeding values. Finally, limited fraction (<5%) of the total phenotypic variance 

is explained by the markers assumed to flank the QTL, reliably detected with sample sizes of 

about hundreds of individuals but resulting in a reduced efficiency in genetic breeding (Flint 

and Mott 2001, Goddard and Hayes 2007, Neale 2007). 

 

A new technology called GS is revolutionizing dairy cattle breeding (Hayes et al. 2009, 

Piepho 2009, Jannink et al. 2010), and could have a great impact on forest tree breeding by 

allowing for much more rapid improvement. GS is defined as the selection based on genomic 

breeding values (GEBV) as proposed by Meuwissen et al. (2001). In GS, breeding values are 

based on effects of individual markers (or haplotypes of those markers) across the entire 

genome. With dense marker coverage, all genes affecting traits of interest are in LD with at 

least one marker. Marker effects are first estimated in a large training population with 
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phenotypic information. The modeled marker effects are used to predict breeding values in 

prediction populations for which genotypes but not phenotypes are available.  

 

In dairy cattle, two developments made GS applicable: First, bovine genome sequencing and 

discovery of many thousands of SNP markers have led to dramatic reduction in the cost of 

genotyping (Hayes et al. 2009). Second, Meuwissen et al. (2001) demonstrated that when 

dense markers are used alone, breeding values can be predicted very accurately and thus 

selection can be very efficient. Reliability of GS in dairy cattle breeding is greater than the 

reliability of parental average breeding value, the current criterion used for selection (Hayes 

et al. 2009).  Several dairy cattle breeding companies now routinely use GS to select and 

market bulls. According to some estimates, using GS, progeny testing can be avoided in 

cattle breeding which saves up to 92% of the cost of testing (Schaeffer 2006).  In the dairy 

industry, estimates show that the GS strategy could double the rate of genetic gain (Hayes et 

al. 2009, Schaeffer 2006).  

 

GS has not yet been demonstrated in southern pines because the technology to generate 

sufficiently dense marker maps has only recently become available (Cumbie 2010, Jannink et 

al. 2010). Grattapaglia and Resende (2010) used deterministic studies to assess the impact of 

GS in trees, simulating the LD level, size of effective population, training set and trait 

heritability, but no empirical data was evaluated. Other simulation studies have tested 

statistical approaches to better predict the marker effects, either treating SNP as random 

effects drawn from a normal distribution with equal variance and calculating their best linear 
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unbiased prediction; or assuming that each marker is drawn from a normal distribution but 

different variances are sampled from a prior e.g., scaled chi-square distribution, as 

determined by Bayesian methods (Meuwissen et al. 2001, Jannink et al. 2010). 

 

Advances in genomic technologies have decreased the cost of molecular marker discovery 

and genotyping to the point that it is now feasible to test whether GS can dramatically 

shorten future breeding cycles for southern pines. A research project on using DNA markers 

in conifer breeding supported by USDA (Conifer Translational Genomics Network, 

pinegenome.org/ctgn) developed SNP markers and genotyped a cloned loblolly pine 

breeding population. Using phenotypes and marker genotypes, we hypothesized that GS is 

meaningful for pine genetic breeding.  

 

Our objectives in this study were to evaluate the efficiency of genomic estimate breeding 

values (GEBV) compared with a traditional polygenic model in a cloned population of 

loblolly pine and explore several validation methods as a proof of concept in a real tree 

breeding scenario. The research is novel in a sense that GS selection is applied in a 

commercial forest species, with a very different evolutionary history and population structure 

from dairy cattle. 

 

 

 

 

http://www.pinegenome.org/ctgn
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Materials and Methods 

 

Experimental population and phenotypes 

Eighteen pine parents were used as females and males to generate 13 crosses. Though the 

majority of crosses were single-pair mating, several families were related by a common male 

or female parent (Figure 3.1). A pedigree file containing information about relatedness 

among clones was used in the calculation of variance components for the clones and families. 

Progenies of crosses were cloned via somatic embryogenesis (Bettinger et al. 2009). Number 

of clones per cross ranged from 1 to 34. A total of 149 clones were field tested on 16 sites in 

2000, 2001 and 2002. Alpha-lattice incomplete block design with single tree plots was used 

as field layout. The tests were located across varying edaphic conditions and productivity 

classes in the coastal plain of South Carolina, Georgia and Mississippi. 

 

A total of 21,974 pine trees were measured at five years. Height, diameter at 1.4 m above 

ground, volume as growth traits and stem forking as binary variable were assessed. Wood 

cores were collected from clones from three sites and they were used to determine chemical 

wood characteristics (lignin content and cellulose). BLUP values of the clones were 

predicted using linear mixed models to obtain phenotypic values for four traits (lignin, 

cellulose, height and volume) implemented by mixed models using ASReml (Gilmour et al. 

2009). 
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Genotyping 

The genotyping procedure was designed under the scope of the Conifer Translational 

Genomics Network (CTGN) project, funded by USDA (pinegenome.org/ctgn). The CTGN 

genotyping targeted 6,000 trees from loblolly populations under the NCSU Cooperative Tree 

Improvement Program (NCTIP), the University of Florida Cooperative Forest Genetics 

Research Program (CFGRP), and the Texas A&M University Western Gulf Forest Tree 

Improvement Program (WGFTIP); 2,000 trees from slash pine from the University of Florida 

CFGRP; and 2,000 trees from Douglas-fir populations under the Pacific Northwest Tree 

Improvement Cooperative and the Northwest Tree Improvement Cooperative administration. 

Needles from 2,503 trees were collected during the growing season in 2008 for marker 

analysis. The system utilized barcodes to track samples from field collection, genotyping and 

final data collection. Samples were freeze-dried and shipped to University of California 

Davis Genome Center for DNA extraction. Loblolly pine individuals that failed to provide 

SNP on the first attempt were re-sampled in the field and foliage was used again for DNA 

extraction. Biallelic SNP markers were discovered using Illumina Golden Gate assay. A total 

of 5,379 SNP were sent back to our work group for further analysis. The Genome Center 

platform was previously used for genotyping samples of loblolly pine and Douglas-fir for 

association genetics studies. 

 

The SNP genotypes have been used in different types of populations, e.g., unrelated 

selections sampled from the breeding population or sets of full-sib and half-sib families in a 

structured mating design where genetic values were estimated from clonally replicated field 

http://www.pinegenome.org/ctgn
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plantings. Each of these independent sets of trees contained around 200 individuals, which is 

a relatively small number compared to previous association genetics studies, but they will 

allow comparison of results from analyses of marker-trait associations, provide unbiased 

estimates of the proportion of genetic variation accounted for by each genetic marker and 

resemble a practical forest breeding scenario.  

 

Statistical analysis 

We carried out explanatory data analysis on SNP markers using the ALLELE procedure of 

SAS Genetics (SAS Institute Inc. 2010). Out of 5,379 markers analyzed, 758 SNP markers 

failed in genotyping or contained a large amount of missing genotypes and 1,215 of the 

markers were uninformative homozygous. Thus, a total of 3,406 heterozygous SNP were 

used as informative markers for GS analysis (Appendix 3.1). Missing genotypes for each 

marker locus were imputed using the allele frequencies for that locus across all individuals in 

the dataset; three independent imputations were used to sample the stochastic effects of the 

imputed genotypes (R. Whetten, unpublished data). In a two-locus, two-allele model, there 

are two loci A and B with two alleles each, p and q are allele frequencies where p1 and p2 are 

frequencies of A1 and A2; and q1 and q2 are allele frequencies of B1 and B2. The LD 

measurement was estimated using Lewontin‟s  normalized parameter defined as 

 where Dmax  is min(p1q2, q1p2) for D > 0 and min (p1q1, q2p2) for D < 0, D is the 

LD coefficient (Lewontin 1988). 
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As a reference, other genetic population parameters were also estimated: 1) the allele 

frequencies for each marker were determined. If f(A1A1), f(A1A2), and f(A2A2) are the 

frequencies of the three genotypes at a locus A with two alleles, then the frequency p1 of the 

A1 allele and the frequency p2 of the A2 allele are obtained by counting alleles. Because each 

homozygote A1A1 consists only of A1 alleles, and because half of the alleles of each 

heterozygote A1A2 are A1 alleles, the total frequency p1 of A1 alleles in the population is 

calculated as p1= f(A1A1) + ½ f(A1A2) and similarly the frequency p2 of the A2 allele is given 

by p2= f(A2A2) + ½ f(A1A2). It is expected that p1 + p2= f(A1A1) + f(A1A2) + f(A2A2) = 1; 2) 

the heterozygosity level is the fraction of individuals in a population that are heterozygous 

for a particular locus. It can also refer to the fraction of loci within an individual that are 

heterozygous. The expected heterozygosity is defined as (SAS Institute Inc. 2010): He = 1 – 

, where m is the number of alleles at the target locus, and  is the allele frequency 

of the i
th

 allele at the target locus (Appendix 3.2); 3) The polymorphic information content 

(PIC) measures the probability of differentiating the allele transmitted by a given parent to its 

child given the marker genotype of father, mother, and child. It can be expressed as (SAS 

Institute Inc. 2010): PIC = 1-  - 2 [
-

], where m is the number of alleles 

at the target locus, and ,  are the allele frequency of the i
th

 allele and j
th

 alleles at the 

target locus (Appendix 3.3). We followed the below steps and analytical procedures for GS 

predictions: 
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Polygenic model for clone genetic values based on phenotypes 

A LMM with pedigree-only information was fitted to obtain BLUP of clone genetic values. 

The predictions and their accuracy values were considered as the reference or benchmark. 

This model was used to generate unbiased predictions of the breeding values, and to 

minimize the effects of environmental variation on phenotypes. The clone was considered a 

random term whose effects are predicted using BLUP method. The main requirements were 

pedigree information, which was accomplished through use of a pedigree file, and the A 

matrix in which relationships were specified for all pairs of trees, parents and ancestors. 

Another data source was the phenotypic information; the data from all measured trees was 

brought to bear on the prediction of the breeding values. Finally, the genetic parameters, the 

variance and covariance component were estimated using restricted maximum likelihood 

(REML) because this is an iterative process that searches for variance components that 

maximize the likelihood that the observed data come from a given probability distribution 

(White et al. 2007, Isik et al. 2008). The polygenic model was defined as: 

 

                       (Eq.3.1) 

 

Where y is the vector of observations; b is the vector for the fixed mean; X is the design 

matrix which relates observations to the fixed mean; u is the vector for random polygenic 

clone effect; Z is the design matrix which relates observations to clone effect, with 

expectations  ~ N (0, A ); the residual was expressed as the vector e with expectations  ~ 

N (0, I ). The covariances Cov (u, e) = 0, A is the numerator relationship matrix obtained 
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from the deep pedigree file, and I is the identity matrix. The variance-covariance matrix of 

random effects is G = A ; the variance of y is ; the residual variance is 

defined as the product of the identity matrix I and the residual variance as R = I . A 

homogeneous structure for residual was fitted across different sites. The estimated breeding 

values (hereafter EBV1) of 149 clones from this analysis were used as „pseudo-phenotypes‟ 

for further marker-based prediction models. 

 

In practice, the mixed model equations described by Lynch and Walsh (1998), Mrode (2005) 

were required to skip the not always computationally V
-1

 matrix, to estimate solutions for b 

and predict solutions for u according to: 

 

 
- -

- - -

-

-
                               (Eq.3.2) 

 

Where the shrinkage factor is   or [(1 –  )/ ], and  was the trait clone-mean 

repeatability. 

 

Breeding values for clones based on infinitesimal model were predicted by solving mixed 

model equations as: 

 

- –                     (Eq.3.3) 
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Where - -  is the generalized least-square solution for b.  

 

In clonal forestry, clone-mean repeatability is an important genetic parameter that describes 

the repeatability of clone means. The ratio of genetic and phenotypic variance was indicative 

of the performance of each phenotypic observation and the average effect of the genes of 

their parents (Falconer and Mackay 1996). The clone mean repeatability ( ) was calculated 

as: 

 

                     (Eq.3.4) 

 

Where  and  are as explained for Eq.3.1 and  is the variance due to clone by site 

interaction and s is the number of sites (16 for growth traits, 3 for wood traits), r is the 

number of replicates per each combination of site and trees per trait. 

 

Model for prediction of marker additive and dominance effects 

A LMM was used for GEBV of clones using markers as independent variables. Markers 

were incorporated assuming equal variance of their effects and tested using the following 

general model: 

 

                     (Eq.3.5) 
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Where y is the vector of predicted breeding values (EBV1) of 149 clones obtained from Eq. 

3.1; b is the vector for the fixed mean; X is the design matrix which relates observations to 

the fixed mean; a is the vector for random additive marker effects with expectations  ~ N (0, 

I ); T is the design matrix which relates observations to additive marker effect; W is the 

design matrix which relates observations to dominance marker effect, with expectations  ~ 

N (0, I ); e is the vector of random residual effects with expectations  ~ N (0, I ), and I is 

the identity matrix.  

 

The mixed model equations were given as Mrode (2005) for solution of Eq.3.5: 

 

-

-

                   (Eq.3.6) 

 

Where the shrinkage factors are   and  . This method assumes that all 

the markers have the same additive and dominance variances. 

 

The GEBV of the individual j was obtained by (Legarra and Misztal 2008): 

 

                  (Eq.3.7) 
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Where T and W are the conditional design matrices allocating each j
th

 clonal observation to 

the marker effect at i
th

 locus (Eq.3.5), determined as +ai  or -ai (coded as 11 or 22) for the 

additive effects with  expectations  ~ N (0, I ), and dj (coded as 12) for the heterozygote or 

dominant effect with  expectations  ~ N (0, I ). 

 

Full model to account for polygenic effects, marker additive and dominance effects 

In addition, we fitted a full model to account for marker additive, dominance and polygenic 

effects (genetic variance not explained by the markers) using the following model: 

 

                            (Eq.3.8) 

 

Where the terms and equations were defined in Eq.3.1, 3.2, 3.5 and 3.6. 

 

Given the larger number of records for SNP than observations and the number of equations 

to be solved, the memory requirement increases quadratically with the number of SNP, then 

computing and solving of dense mixed model equations need to be optimized. We 

implemented the Gauss-Seidel method with residual updating, as an iterative method useful 

to solve a linear system of equations (Legarra and Misztal 2008). The goal is the use of 

matrix-free methods to storage X matrix in the left hand side of the mixed model equations 

e.g., left side of Eq.3.6 and solve by using operations on X matrices. This method can be 

applied to any matrix with non-zero elements on the diagonals, but convergence is 

guaranteed if the matrix is either diagonally dominant, or symmetric and positive definite. 



 

96 

Also, this study used model residuals in the iterative process to handle the need of adjusting 

the right-hand sides for all other effects, as already demonstrated its power in genome-wide 

evaluation (Janss and de Jong 1999). 

 

According Legarra and Misztal (2008), the Gauss-Seidel method can be described under the 

simple univariate mixed model written in matrix form as y = Xa + e with a as the unknown 

SNP effect. The vectors and matrices can be described as: 

 

                     (Eq.3.9) 

 

Where X can be decomposed into X = L + U as: 

 

                      (Eq.3.10) 

 

Where L is the lower triangular component and U is the strictly upper triangular component. 

Thus, a general analytical expression for the Gauss-Seidel iterative technique that solves the 

left hand side of the equation for a after l
 + 1

 iterations, using previous values for a in the right 

hand side is: 

 

- –                        (Eq.3.11) 
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The mixed model equation is [X’X + Dλ]  = X’y where D is a normalized diagonal matrix. 

Janss and de Jong (1999) noticed that y corrected for all effects, is equal to the current vector 

of residuals, e
l+1,j

. Using Eq. 3.10 and if xj denote the j
th

 column of X, then the l 
+ 1

 iteration 

for the j
th

 element in a is estimated as follows: 

 

                              (Eq.3.12) 

 

Constant cross-products  are precomputed, and the update of e after the l 
+ 1

 iteration of 

the j
th

 element is done as follows: 

 

- -                       (Eq.3.13) 

 

The formulae described in Eq.3.12 and 3.13 describe a complete iteration done by Gauss-

Seidel algorithm implemented in this study. 

 

MCMC and Gibbs sampling for variance components estimation 

Bayesian marginal inferences about fixed and random effects, variance components and 

functions of variance components in a Gaussian mixed linear model were considered here. 

Bayesian analysis is based on getting the posterior probability distribution by multiplying the 

prior probability distribution by the likelihood function and then normalizes. As the 

calculation of the posterior distribution is commonly a difficult process, mainly due to the 

conditioning on unknown random effects, scientists have developed simulated drawing 
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sampling methods e.g., Gibbs sampling, from the joint posterior distribution conditional on 

all other effects and then it can be used for the estimation of the effects and variances. We 

took advantage of Gauss-Seidel algorithm because it could be easily converted to a Gibbs 

sampling, and due to its computational simplicity this method was used to estimate the 

variance components of the different models, through the called VCE option in GS3 (Legarra 

and Misztal 2008). 

 

Gibbs sampling is a numerical integration method derived from the Markov Chain Monte 

Carlo (MCMC) methods. It involves generating random drawings from marginal posterior 

distributions through iterative sampling from the conditional posterior distributions (Mrode 

2005). First, an important part of this Bayesian analytical method is the assignment of prior 

distributions to all unknowns in the model. Here, a prior inverted chi-squared distribution 

was used for variance component estimation, using known and real additive, dominance and 

residual variances obtained from literature (Isik et al. 2003 for volume, Isik et al. 2005 for 

height, Sykes et al. 2006 for wood traits).  

 

Secondly, the fully conditional posterior distributions of all unknowns are needed for 

implementing the Gibbs sampling. Again, for the simplest form of models in Eq.3.1,3.5 and 

3.8, let  and   where ki(i = 1,2,…, c) 

for c 
+ 1

 variance components plus the residual random factor. Inferences about each 

unknown  and v are based on their respective marginal densities. Each marginal density is 

obtained by successive integration of the joint density (Eq.7 in Wang et al. 1994, not shown) 
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with respect to parameters. Then, if we let be the coefficient matrix 

and  be the right hand side of the mixed model equations, the 

conditional posterior distribution of each of the location parameters in  is normal with mean 

 and variance   as follows (Wang et al. 1994, Janss and de Jong 1999): 

 

-                     (Eq.3.14) 

 

Where – and   

 

Formally, Gibbs sampling works as follows (Wang et al. 1994): 

1) Set initial values for ,  

2) Generate  from Eq.3.12 and update , i = 1,2,…, m 

3) Generate  and  from similar equations to Eq.3.14 (using their specific posterior 

densities) and update  and  , i = 1,2,…, m 

4) Repeat 2) to 3) the length of the chain times. 

 

In summary, the application of the Gibbs sampler involved defining both the prior 

distribution and the joint posterior distribution to generate the full conditional posterior 

distribution (Eq.3.14) and sampling from the latter (Wang et al. 1994, Mrode 2005). 
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Finally, making inferences from the samples obtained as described above, (Mrode 2005) 

gave the general functions that allowed the variance estimation. If w is the vector of size k 

containing all the samples, the posterior mean and variances are given by: 

 

–                            (Eq.3.15) 

 

Where  is a function of interest of the variables in w. For our study, the function of 

interest would be the variance components , , , , and the vectors u, a, d and e. 

All GS predictions were implemented using GS3 (Legarra and Misztal 2008). The Gibbs 

sampler was run for 10,000 iterations for wood traits and 30,000 iterations for growth traits. 

The first 2,000 cycles were discarded as burn in. While the mean is often used to report 

central tendencies, it is not a robust statistic, since it is greatly influenced by outliers or 

skewed distributions. Thus, we reported in Appendix 3.4 and 3.5 additional dispersion 

parameters as the median, Interquartile Range (IQR), and coefficient of variation (CV), 

obtained using UNIVARIATE procedure in SAS (SAS Institute Inc. 2010). We checked the 

stability of predictions of GS3 by controlling the shrinkage factor lambda (λ, Eq.3.2) values 

obtained after running BLUP option in GS3 (Figure 3.2). This option allowed fixing the 

variance components for different lambda ratios expressed as log10 values of 0, 1.2, 2.4, 3.2 

and 4.2 for lignin content and 0, 3.2, 4.5, 5.2 and 6.2 for volume. 
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Cross-validation methods 

GS uses a random set of genome-wide markers to predict breeding values. Because the 

accuracy will determine the additional gain from GS after selecting the best approach 

(Goddard and Hayes 2007), a robust technique for its calculation is needed. According the 

methodology described by Legarra et al. (2008), Grattapaglia and Resende (2010), 

Meuwissen and Goddard (2010), the prediction accuracy was determined as the correlation 

(r) between the total or true genetic value of the random variable  and the 

genomic estimated breeding value of , where . If we let the Cov (g,y) = Cov (g, µ+ g + 

e) = Cov (g,g) = Var (g) and Cov (g, e) = 0, then we can express the correlation between the 

observed and predicted genetic values as: 

 

                              (Eq.3.16) 

 

The above equation is derived from the following assumptions: Let g represent the overall 

genetic value (additive, dominance marker effect and polygenic effect) and e the residual 

term, a linear function can be written as  = a + by, where a is an intercept, b is the regression 

coefficient that has a form of b = Cov (g,y) / Var (y) where y is the phenotype or random 

variable as defined above. We can also define Var ( ) = Var (a) + b
2
 Var (y) = [Cov (g,y)]

2
 / 

Var (y). In other hand, Cov (g, ) = Cov (g, a + by) = Cov (g,a) + Cov (g, by) = b Cov (g,y) = 

[Cov (g,y)]
2
 / Var (y). Thus, Cov (g, ) = Var ( ). If we analyze Eq.3.16 we have the 
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following equivalencies: 

   

 

The expression of Eq.3.16 can also be reduced to: 

 

    

(Eq.3.17) 

 

Where Hc is the square root of the clone-mean repeatability defined in Eq.3.4. 

 

The cross-validation methods were designed as follows: the 149 clones were divided into a 

training data set and a validation data set. In the first scenario about 90% of the clones (136) 

were sampled for the training set, either within each of the 13 families or at random from the 

whole population without family consideration. The remaining clones were used for the 

validation (13 clones). In the second scenario, about 50% of clones (75) were sampled either 

within family or randomly from the whole population for training, and the remaining clones 

were used for validation (74 clones). The model parameters estimated in the training set were 

used to predict GEBV in the validation set. For each scenario, three independent samplings 

were carried out. For training and validation sets, we used all 3,406 markers. 
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GS3 allows specifying the terms in the model, so as a control for the power of using markers, 

we omitted marker effects and ran the same pedigree model described in Eq.3.1 on the 

training/validation clones as a without-marker scenario but using the pedigree. The breeding 

values from this model were called EBV2. The accuracy of this pedigree model (rp) was 

calculated between the EBV2 for each clone of the corresponding validation group (either 13 

or 74) and its EBV1 obtained when it was in the first model (Eq.3.1). From the marker-only 

model, the accuracy was denoted as rm. From the full model the accuracy was denoted as rf. 

Mean accuracy values (rm, rp or rf) were reported for each scenario. Each accuracy value is 

the mean of nine replications (three independently-sampled clones for each of three imputed 

data sets of genotypes).  

 

Association testing for GS predictions 

The performance in GS for a reduced set of markers was explored using association tests 

carried out in TASSEL (Bradbury et al. 2007). TASSEL (Trait Analysis by Association, 

Evolution and Linkage) was designed to help geneticists to use association analyses to 

exploit natural diversity and dissect complex traits. The program implemented a mixed linear 

model for control population and family structure and reducing the risk of false positives. A 

mixed linear model included markers as fixed effects and clones were included as random 

effects plus a residual term. The phenotypes used for association were BLUP values of 

clones from each training population. We did not include a Q-matrix of population 

membership estimates because of small importance of population structure in a set of clones, 

and in general, small population differences in loblolly pine. The average relationship 
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between clones was estimated by a kinship K-matrix from all markers to help in correction 

for spurious associations. Different number of markers was selected according the following 

threshold levels for no adjusted Probability values (Pr≤0.1, Pr≤0.01 and P≤0.001). The 

marker-only model was used to compare the accuracy of GS run on validation populations 

where the markers were reduced from 3,406 until a minimum of 4, after being selected based 

on their association with clonal BLUP. Independent associations tests using a subset of 

markers carried out on different training populations randomly selected clones, gave a 

variable number of significant markers, and their range is reported as reference value. As a 

control, random sets of 800, 240 and 40 markers were also used in separate 

training/validation groups to compare with the above subsets selected based on association 

testing. 

 

The mixed linear model was defined as: 

 

 With expectations:                         

(Eq.3.18) 

 

Similar to Eq.3.1, but here b* is the vector for the fixed mean and the SNP effects; X is the 

design matrix which relates observations to the fixed effects; u is the vector for random clone 

effect; Z is the design matrix which relates observations to clone effect, with expectations  

~ N (0, G ); the residual was expressed as the vector e with expectations  ~ N (0, I ). The 
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covariances Cov (u, e) = 0 and G = K where K is the kinship matrix inferred from markers 

and I =R. 

 

The estimates of  and  were obtained through the efficient mixed-model association 

(EMMA) algorithm which was developed by Min Kang et al. (2008). This method 

maximizes the optimization problem in mixed models for association and substantially 

increases the computational speed and reliability of the results. Instead of solving mixed-

model equations by Henderson‟s iterative procedures (Lynch and Walsh 1998), the variances 

estimates are obtained maximizing the full likelihood function or restricted likelihood when 

the fixed effects are integrated out. If we let the variance-covariance matrix be represented as 

, EMMA method allows to define and  as a 

function of . Thus, the full likelihood function is maximized when b is 

-
-

-  and the optimal variance components are given by  for full 

likelihood and -  for restricted likelihood, where - - -  is 

also a function of λ. 

 

Also, because of the derivatives of both full and restricted likelihood functions are 

continuous with nonnegative eigenvalues, the kinship matrix must be positive semidefinite. 

According the procedure developed by Min Kang et al. (2008), TASSEL used a simple IBS 

allele-sharing matrix assuming that each SNP induces the same level of random changes on 

the phenotype and guarantees positive semidefiniteness and convergence. This can be 
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explained by letting li,j,h ϵ  {0,1} be a binary variable taking the value of 1 when the genotype 

allele at i
th

 locus in the j
th

 clone is h ϵ  1,... |Hi|, where |Hi| is the total number of alleles at 

locus i
th

. Also, if xh,j are random variables independently sampled from N (0, ) that denote 

the random genetic effect caused by allele h at i
th

 locus, then the overall genetic background 

effect uj of clone j
th

 can be modeled as accumulated small random effects as follows: 

 

                            (Eq.3.19) 

 

Where |H| = max (|Hi|), Lh is a matrix whose element at (i,j) is li,j,h and N is a diagonal square 

matrix of weights of each SNP contribution to the genetic background effect. Thus, the 

variance-covariance matrix of u becomes Var (u) = . This expression is 

equivalent to a weighted IBS allele sharing a positive semidefinitive kinship matrix with the 

scaling factor . 

 

Efficiency of genomic selection 

We estimated the efficiency of GS based on the correlated response (CRc = imHmrmσc) of the 

target unknown EBV1 from pedigree model on the measured marker data, where im is the 

selection intensity under GS, Hm is the square root of the heritability of the markers defined 

here as the proportion of the total phenotypic variance due to additive and dominance effects 

of all markers (Lande and Thompson 1990),  rm is the accuracy of the marker-only model as 

a measure of the genetic correlation between the markers and the phenotypes obtained from 

Eq.3.5, and σc is the square root of the clonal variance. Additionally, the direct response to 
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selection of the EBV1 was given by (Rc = icHcσc), where ic is the selection intensity based on 

classical BLUP, Hc is the square root of the clone mean repeatability e.g., the genetic 

variance explained by the pedigree effect over the phenotypic variance. The relative 

efficiency per year (E/year) of indirect selection on the direct response to selection was given 

by the ratio of CRc/Rc (Falconer and Mackay 1996). 

 

E/year= rm [(Hm/Tm) / (Hc/Tc)]                         (Eq. 3.20) 

 

It was assumed that the selection intensity of clones based on classical BLUP (ic) and based 

on GS (im) is the same. The generation intervals in scenarios with and without GS are 

variable according to the number of years required to accomplish each breeding phase, so we 

used five different ratios of Tm/Tc, and the efficiency per year was calculated for Tm/Tc ratios 

from 0.1 to 0.5. The main assumption was a cycle time of 15 years for clonal testing using 

rooted cuttings and a reduced number of years for a cycle using GS (7.5, 6, 4.5, 3 and 1.5) to 

obtain the different time ratios. Selection efficiency was calculated for two scenarios; using 

all the markers and using a subset of markers associated with the phenotypes under a 

probability Pr≤0.001, for lignin (Figure 3.3). 

We did not have reliable estimates of Hm for height and volume, so we explored another way 

to use GS and estimate efficiency in a real forest breeding scheme through the selection of 

the best clone based on GEBV. Using the 74 clones from the validation method 50% 

sampling within family, we calculated the Spearman‟s rank correlation coefficient (SAS 
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Institute Inc. 2010) between the GEBV-EBV1 from our marker-only model. A comparison 

was done with the coefficient between EBV2-EBV1 from the pedigree-based model for the 

same 74 clones. 

 

Results 

 

Variance attributed to effects 

Table 3.1 summarized the results for the trait analysis using the phenotypic data to estimate 

the clone mean repeatability values ( ) obtained from the BLUP analysis of 16 sites for 

growth traits and three sites for wood traits. The polygenic term accounted between 22.9% 

and 38% of total phenotypic variance that is explained by the level of relatedness among the 

clones. Also, Table 3.1 shows that variation explained by the marker additive effect for 

chemical wood traits lignin content was 18.2% and cellulose 22.9%. Similar results were 

obtained for marker dominance effects, where the percentage of variance explained by the 

markers for lignin content was 16.4% and cellulose 5.7%. 

 

Model comparison and cross-validation in GS 

The accuracy of predictions using all informative 3,406 markers for all traits, models and 

validation scenarios was presented in Table 3.2. In general, accuracies were higher for wood 

traits than growth traits. The range of accuracies for lignin and cellulose was between 0.60 

and 0.83, whereas the range for height and volume was between 0.30 and 0.70, across models 

and validation methods. One important finding for this population was the fact that markers 
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could perform as accurate as a pedigree only scenario: the marker-only model (range of 0.60 

to 0.83) performed almost as high as the pedigree based model (range of 0.65 to 0.82) for 

wood traits; the accuracy for growth traits also had a similar trend for the marker-only model 

(0.30 to 0.68) than the pedigree based model (0.37 to 0.70). Because of the sum of effects, 

the full model did not seem to affect the predictions differently from separate models for 

polygenic and marker effects. 

 

With the exception of height and volume, using 90% of the clones for training (Table 3.2a), 

the predicted accuracy for clones sampled within family produced a better strategy than the 

random sampling of clones for validation purposes, but there were no large differences for 

median values. Selecting 50% clones per training and validation (Table 3.2b), did not reduce 

the accuracies differently from the first cross-validation method. 

 

The relationships between different levels of lambda (λ1 = σ
2

e / σ
2

a), a shrinkage value used 

in BLUP, and the accuracy of GS predictions for lignin and volume were presented in Figure 

3.3. The unfilled symbols in the figure show the accuracies reached by the lambda values 

obtained for 50/50% random sampling of clones within family. For this scenario, variance 

components were estimated by a MCMC algorithm using the GS3 software. The curves 

demonstrate that variance component estimation yields a lambda estimate at or near the peak 

of predictive accuracy detected within the range of other evaluated lambda values. However, 

the relatively small range of the accuracy mean values (0.61 to 0.70 for lignin, 0.23 to 0.40 

for volume) suggests that different levels of shrinkage factor in BLUP do not contribute 
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much to variation in the predictive power of the model. Additionally, the convergence of the 

variance estimates was reached as shown in the diagnostics of the MCMC in Appendix 2.6 

for lignin. For height and volume, the Markov chain did not converge even after extending 

the numbers of iterations to 5 million (Appendix 3.7), so we decided report them as not 

available in Table 3.1. 

 

Association testing and GS 

The accuracies of predictions for traits using subsets of markers selected based on association 

testing at four threshold levels of probability for 50% clones selected within family 

validation scenario were presented in Table 3.3. As expected, the accuracy values decreased 

as the number of markers was reduced. The relative difference between using all the markers 

and those selected by the lowest probability level (Pr≤0.001) was larger than the difference 

between using all markers and the subset selected with the highest threshold probability 

(Pr≤0.1). When we ran random samples of markers of a comparable size to the threshold 

probability values, they yielded similar results as markers associated with the phenotype, for 

all traits under analysis. For example, when compared to effects of markers based on 

association testing using the Pr≤0.1, a random sample of 800 SNP markers (without 

association testing) used in GS gave slightly lower accuracy values for lignin and cellulose 

content and slightly higher accuracy values for height and volume.   
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Efficiency of GS 

The estimated relative efficiency of using markers for lignin was represented in Figure 3.3. 

Selection efficiency (E/year) of using all markers was higher than using a subset of markers. 

GS for lignin was superior (E/year > 1) compared to progeny testing under different time 

scenarios. We observed higher efficiency of GS over progeny testing when we assumed that 

GS takes up to 50% of time needed for progeny testing. A GS approach using either all 

markers or a subset of markers seems very similar for lignin content and cellulose, under the 

assumptions compared, so we only plotted the results for lignin.  

Selection efficiency for growth traits were not estimated since variances were not available 

from marker models. However, when we used the Spearman‟s rank correlation coefficient for 

the 74 clones validated sampled within family, we obtained first for height a coefficient of 

0.56 between GEBV-EBV1 against a coefficient of 0.60 between EBV2-EBV1 correlations. 

Secondly, a coefficient of 0.42 between GEBV-EBV1 and 0.51 between EBV2-EBV1 were 

obtained for volume. 

 

Discussion 

 

Our study is one of the first experiments that reported GS application in forest trees using 

empirical marker data. This study empirically demonstrated the predictive power of GS to 

predict genetic merit of a small cloned population of loblolly pine. Although there are not 
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published studies to contrast, our results can be compared with simulations and animal 

breeding experimental studies.  

 

Variances explained by effects and QTL-phenotype association 

In our study, we found a contrast for additive and dominance genetic variance explained by 

markers. The markers explained a very small fraction (≤0.1%) phenotypic variance for 

growth traits whereas the percent of additive and dominance genetic variance explained by 

markers was substantial (range of 5.6% to 18.2%) for chemical wood traits. We tested the 

convergence of the sample variances produced by the MCMC iterations and we found that 

marker additive variances converged for wood traits with low level of autocorrelations, but 

none of the additive, dominance, or residual variances reached convergence for the growth 

traits, even after increasing the number of iterations from 30,000 until 5 million. Thus, the 

low level of explained variation for these traits might be associated to the difficulty of 

sampling the correct variance component, which does not affect the predictive power of the 

markers.  

 

Association of marker-tagged genes controlling complex traits in forest trees has long been 

the subject of investigations. Brown et al. (2003) identified 10 QTL in a progeny population 

derived from parents in a detection population, explaining between 4.4% and 6.4% of 

phenotypic variation for cell wall chemistry traits.  In another study, Gonzalez-Martinez et al. 

(2007) detected five SNP loci with significant association (Pr≤0.05) with lignin and cellulose 

content but none remained significant after multiple testing correction. Kaya et al. (1999) 
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performed a QTL analysis on two unrelated full-sib loblolly pine pedigrees maintained at 

multiple sites. They found two QTL in two linkage groups for height-increment at age six 

and they accounted between 7.3% and 30.5% of the total phenotypic variation. Cumbie 

(2010) found significant associations of SNP markers for saw timber index, volume and 

straightness after multiple testing corrections. The range of variance explained for volume 

was between 0% and 23%.  

 

GS accuracies and model comparison  

We found high accuracy values based on phenotypes in this study. The accuracies with the 

polygenic model were high for all traits and cross-validation scenarios. Our results could be 

explained by high clonal means repeatability of the traits under study. The predictions were 

based on the level of relationships among the clones, as indicated in the pedigree structure 

(Figure 3.1). High values of clonal repeatability (0.69 and 0.76) than literature were found for 

wood chemical traits. Clone mean repeatability estimates for chemical wood traits have not 

been reported extensively for loblolly pine. Our estimates of clonal repeatability and 

phenotypic variance for growth traits were larger than literature values and with small SE. 

The clonal stability was supported by a small GxE interaction and environmental variance. 

The reason could be related to more controlled environmental noise across the 16 sites and a 

moderate number of ramets per clone included in BLUP analysis (average of 37). The 

efficiency of the program in estimating the pedigree effect was tested by including a wrong 

pedigree file in GS3 and the accuracies dropped to zero. A similar approach has been used by 

forest geneticists to predict EBV for phenotypes, but one limitation for GS applications is the 
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no existence of pedigree records, missing information or incorrect labeling of parents in seed 

orchards that would produce noise in the predictions of GEBV.  

 

The accuracy values based on our marker additive and dominance model was comparable in 

accuracy to traditional pedigree based BLUP method. The advantage of using molecular 

estimates would reduce cost, shorten the breeding cycle reducing the risk, logistic and 

planning effort of clonal and family field testing. Legarra et al. (2008) found a decrease in 

predictions of mice breeding values when the dominant effect of markers was included in the 

model; then only additive effects were used. Dominance effects were not significant for 

growth traits at early ages, while they tended to increase around the six years in loblolly pine 

(Isik et al. 2003). Besides dominant effects, epistatic effects due to allelic interactions among 

loci could be involved as source of genetic variation present at clonal repeatability, although 

the multiple interactions would make the solving of equations more complex if included in 

GS. In a genome-wide association study in barley, the largest epistatic effect explained 2.6% 

of the phenotypic variance (Xu and Jia 2007). 

 

Similar to findings of Legarra et al. (2008) and Jannink et al. (2010), the less predictive 

power of the full or combined model could be due to collinearity effects between 

independent variables, where the estimate of one variable on the other results in poor 

performance of predictions. On the other hand, additional statistical approaches such as 

Bayesian methods (Meuwissen et al. 2001, Goddard and Hayes 2007, Jannink et al. 2010), 

where different variances are estimated for allele effects and they are drawn from a specified 
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prior distribution, have been successful in GS predictions. In the simulation of haplotypes 

marker effects of Meuwissen et al. (2001), if 500 phenotypes are used in the training set, the 

accuracy using BLUP or Bayes-B method increases from 0.58 to 0.71, mainly attributed to 

the identification of larger QTL by the Bayesian model. However, implementation of 

Bayesian methods is computing demanding. The increased knowledge of a prior distribution 

for  and  could represent an improvement in the accuracy, but also would demand more 

computational resources and iteration time. In the review of Hayes et al. (2009), GS was 

applied to real dairy cattle scenarios in different countries, including a polygenic term that 

improved the predictions but did not prove that Bayesian methods are greatly superior to 

normal assumptions of BLUP. Also, Solberg et al. (2008) concluded that assuming a prior 

distribution could bias the GEBV estimates if does not hold the true distribution of the 

effects. We tried to test a Bayesian approach using an R code that gave erratic results (not 

shown). Thus, we used a simple BLUP model approach, where effects were predicted using a 

fast Gauss-Seidel algorithm for solving dense mixed model equations (Legarra et al. 2008). 

Also, the model fitted efficiently our data, as was able to estimate the appropriate variance 

components to reach the maximum accuracy as shown in Figure 3.3 for lignin content and 

volume. The figure pointed out that heritability (the lambda value) was important in 

estimation of marker effects. When λ values increased (increasing residual variance ) the 

power of the prediction decreased. Therefore we did not have to guess λ values, as it is 

arbitrary assumed in Ridge regression method or neither assuming a drift-mutation model to 

calculate the variance of the haplotype effects as simulated by Meuwissen et al. (2001). We 

also expect further improvement of predictions by finding a major component of explained 
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variation by markers that will positively affect  variance. This could be achieved by 

capturing more LD using high density markers. The LD level of this population, estimated 

using Lewontin‟s parameter was D’ = 0.28 between consecutive pair of markers with an 

arbitrary order because of unknown linkage phase and location on the chromosome. LD is 

usually determined as correlation coefficient from haplotypes, because knowledge of linkage 

phase of the markers is required to determine it from SNP data (Meuwissen et al. 2001). 

 

Grattapaglia and Resende (2010) simulated the accuracy for levels of effective population 

size (Ne), marker density, training population size, trait heritability and number of QTL. 

Accuracies upper a benchmark of 0.68 estimated from BLUP, are reached with Ne=60 and at 

least 10 markers/cM, for a trait of h
2
=0.2 and 50-100 QTL controlling the trait. Ne and 

marker density are remarked as the most significant factors in accuracy predictions. We 

reached accuracies up to 0.83 for cellulose with a small population size (Ne=23) although the 

accuracy dropped to 0.30 for volume or 0.47 for height. One explanation for this divergence 

could be the stronger LD created in our effective population size for wood traits among these 

set of related clones. In the growth traits analysis, where predictions were lower and a small 

fraction of variation was explained by SNP, one explanation could be that LD between 

markers and QTL is incomplete, then increased marker density would be needed to detect 

QTLs controlling these traits, also reported by Solberg et al. (2008). Another reason for such 

small fraction is that variation due to SNP is undetected because of many small individual 

effects cannot be captured with enough statistical power, suggesting larger effects of rare 

alleles in the population. We did not attribute distortion in prediction by using SNP markers. 
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They are an attractive option to reach higher GS accuracies than haplotypes (Solberg et al. 

2008) but also there are opportunities to explore next marker generation which will be soon 

available by high-throughput DNA sequencing technologies e.g., diversity arrays 

technologies (DArT), and therefore the type of marker will be a factor feasible to calibrate in 

future experiments. 

 

Cross-validation of GS 

The validation of GS in this experiment was developed in different ways: sampling 10% or 

50% of clones for each of the 13 families at random. The families had different number of 

clones ranging from 1 to 34. The high accuracy of 10% random method for height and 

volume could be due to random sampling of the largest families, which had more clones 

represented in the validation data. An important analysis is the validation of GS because 

breeding programs are designed to make decisions about improvement of future performance 

of the individuals in the population. One interesting aspect of the validation is that fewer 

individuals (75) in the training population seemed to be enough to reach a comparable 

prediction level versus using 136 clones in the training groups. In general, larger training 

population size (>1,000) is considered an important factor to achieve higher accuracies, 

especially for low-heritability traits (Hayes et al. 2009). Having a few individuals in the 

training population reflected the real forest scheme where many (>1,000) clones are 

continuously generated by somatic embryogenesis of immature cones collected in seed 

orchard designated to production, but only hundreds (≤200) are evaluated in field tests, given 

the restrictions of field design, block repetition and environmental control.  
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Following the context of a forest breeding program, there are possibly more validation 

methods to explore. For example, the training population could include phenotypes and 

genotypes from a sub set of sites in a multi-environment progeny tests, and the validation 

population could be done on the remaining sites. The results would validate the efficiency of 

GS for a particular environment and address some issues of GxE interaction, which are 

claimed to limit the application of GS due to the need of specific predictions for any 

particular environment (Strauss et al. 1992). 

 

Association testing and GS 

Interestingly, we found that using smaller subset of markers, whether selected based on 

association with phenotype through independent F-tests or chosen at random, did not 

decrease accuracy values considerably. This could be due to the closed highly-pedigreed 

population we used for validation. A more diverse population would be a better scenario to 

test the relationship between fewer markers and their predictive ability. The ability of a 

randomly-chosen subset of markers to provide enough information to achieve predictive 

accuracies close to those obtained by the full set supports our hypothesis that LD between 

individual markers and trait loci does not contribute much to the power of the GS models in 

this population. Effectively detected significant SNP could also be analyzed in detail to 

explore their role in gene expression of chemical wood traits which should be useful to aid 

tree breeders for controlling favorable genetic variation to deploy selected genotypes. 
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The decision to use fewer markers in GS has an important implication in the cost of 

genotyping. SNP genotyping is currently a major expense in a marker assisted breeding 

program, and this result suggests that using subsets of markers could be as efficient as using 

all possible markers available for GS predictions, which also would impact MAS costs if 

implemented in operational breeding programs.  

 

Efficiency of GS 

The efficiency of GS per year would be relevant for lignin and cellulose based on the results 

of this study. The cost-effectiveness of marker applications in tree breeding increases as 

breeding cycle is reduced. Previous reports (Legarra et al. 2008, Cumbie 2010) used the 

breeder‟s equation in combination with the correlated response predicted for genetic values, 

based on estimates obtained either from markers or phenotypes. We also used this approach 

and time was included as a variable in the comparison with a traditional clonal testing cycle 

of 15 years without the use of markers. This time was estimated starting with seed from elite 

families, nine years to get cuttings, plant and evaluate clonal field trials, one year for 

lignin/cellulose determinations and five years for breeding and collect seeds again. Under 

GS, different approaches could be made to reduce time required for a breeding cycle. 

Probably the most realistic scenario should involve a generation interval that starts with 

collecting seed from elite crosses, two and half years to determine SNP and selecting clones 

to be top grafted in clonal seed orchards, five years to breed and get seeds, and a total of 

almost eight years or a ratio of 0.5 for a reduced cycle. We explored more reduced time 

scenarios but they would become more difficult to achieve, unless new breeding techniques 
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are developed and integrated into GS system e.g., a combination of DNA extraction at 

somatic embryogenesis stage and accelerated cone flowering in the top grafting. The 

efficiency per year slightly <1 achieved with smaller subsets of markers for selection on 

lignin and cellulose is still promising in terms of the relative efficiency of GS over traditional 

clonal breeding. This would make genotyping more cost-effective and reduce the challenges 

of managing and interpreting large amounts of SNP data in operational tree breeding 

programs.  

 

Due to the absence of reliable estimates of marker variances for height and volume, we 

compared rank correlations between GEBV and estimated breeding values from field testing. 

The correlation coefficient was smaller for GEBV than EBV2 from a pedigree-based model, 

both correlated against the EBV1, indicating a lower efficiency of GS for selection to 

improve these traits, which could be related to a low proportion of phenotypic variation 

explained by the markers. In addition, the coefficients are still comparable, and the 

implication for a breeding program is that the use of markers for selection represents 

efficiency comparable with pedigree-based selection of the best clones with the highest 

breeding values, and no extreme changes in the clonal ranks are expected. Any applied forest 

breeding program would consider the rest of variables as cost, time, resources, and data 

management, to include in an overall analysis and determine if GS is a feasible alternative for 

accelerated breeding. 
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Conclusions 

 

The uniqueness of this study is to be among the first real scenarios of a cloned population of 

loblolly pine in which GS was applied. Cross-validation methods using a 50% of the 

individuals to train a genomic selection model using all markers followed by prediction of 

genetic value for the remaining subset of phenotypes demonstrated the utility of genomic 

selection in this small breeding population. Prediction accuracies of models that use only a 

subset of markers were generally comparable with the accuracies of the models using all 

markers, and the subset of markers used do not need to be associated with the phenotype to 

be effective, lending support to the hypothesis that markers are providing pedigree 

information. For lignin and cellulose content, a GS scenario was efficient under different 

relative lengths of the breeding cycle, which would allow cost-effective applications of GS in 

a tree breeding program. We envision that GS implementation in forest tree breeding during 

the next generations will yield accurate breeding values for candidate selections, overcoming 

the unpredictable mapping and positioning of QTL experiments. In the near future, GS will 

likely improve the efficiency of forest tree breeding by reducing the need for expensive field 

testing, shortening the breeding cycle, and achieving more realized genetic gain per unit time 

and cost. 
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Table 3.1. Clone mean repeatability (H
2

c), phenotypic variances explained by pedigree, 

markers additive (σ
2

a) and dominant (σ
2

d) genetic effects. Clone mean repeatability with 

standard error (SE) within parentheses. 

 

 Pedigree only model Markers model 

Trait H
2

c (SE) % σ
2
c % σ

2
a % σ

2
d 

Lignin 0.76  (0.09) 32.9 18.2 16.4 

Cellulose 0.69  (0.13) 22.9 22.9 5.7 

Height 0.95  (0.01) 38.0 na* na* 

Volume 0.94  (0.01) 31.5 na* na* 

*na = Variances could not be determined for height and volume, because the Gibbs sampler 

failed to converge, even after five million iterations.  
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Table 3.2. Accuracies of predictions (r) from GS3 compared to predictions based on 

pedigree model using progeny test data (EBV1). In the table rp is the accuracy from pedigree 

only model in GS3 (EBV2), rm is the accuracy of genomic estimated breeding values 

(GEBV), and rf includes both markers and pedigree. Accuracy values were presented for four 

target traits under various cross-validation scenarios.  

a)  Using 90% of clones for model development and 10% for validation 

 

b) Using 50% of clones for model development and 50% for validation  

The accuracies are means of nine replications. The standard error of accuracy values varied 

from 0.01 to 0.09. Number of markers used for training and validation was 3,406.  

  

 

Trait 

10% Within Family             10% Random 

rp rm rf rp rm rf  

Lignin 0.72  0.70  0.72  0.72  0.65  0.68   

Cellulose 0.82  0.83 0.82  0.65  0.60  0.61   

Height 0.54  0.47  0.52  0.70  0.68  0.69  

Volume 0.44  0.30 0.39 0.59 0.56 0.57  

 

Trait 

50% Within Family             50% Random 

rp rm rf rp rm rf  

Lignin 0.77 0.76 0.77 0.69 0.69 0.71  

Cellulose 0.82 0.79 0.82 0.78 0.76 0.77  

Height 0.61 0.55 0.57 0.53 0.52 0.54  

Volume 0.48 0.40 0.43 0.37 0.36 0.36  
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Table 3.3. Mean accuracies (rm) for subsets of markers selected from association testing and 

random sampling without association testing. Training and validation for subsets of markers 

were based on random sampling of 50% of the clones within family. Randomly selected 

markers (rows starting with Random) produced comparable accuracy values as markers 

based on association tests (rows with Pr values of 1, ≤0.1, ≤0.01 and ≤0.001). 

 

Probability 

value used 

# of markers 

selected 
Lignin Cellulose Height Volume 

Pr=1 3,406 0.76 0.79 0.55 0.40 

Pr≤0.1 410-717 0.72 0.75 0.50 0.34 

Random 800 0.66 0.72 0.52 0.37 

Pr≤0.01 60-204 0.69 0.68 0.48 0.36 

Random 240 0.59 0.68 0.49 0.35 

Pr≤0.001 4-32 0.67 0.56 0.39 0.25 

Random 40 0.53 0.49 0.39 0.31 

Standard errors of mean accuracy values for GEBV varied from 0.01 to 0.13. 
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Figure 3.1. Pedigree structure of the 149 clones used for GS predictions. Parents 2, 4, 5, 6, 7, 

8, 9, 10, 13 were used either as female or male. Parent 9 crossed with 10 gave G, but crossed 

with unknown male gave H. Dashed squares were unknown male contribution (wind-

pollinated). Letters indicated 13 full-sib families. Number of cloned progeny produced for 

each full-sib family is given below arrows. 

  

III  A  B  C  D  E  F  G  H  I 

Number  
of cloned 
progeny 

6 24 9 21 18 13 1 1 2 

I 2 1  

12 13 15 16 18 14 17 

34 3 2 15 

 J  K  L  M 

II 4 6 8 10 11 5 9 7 

 

3 
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Figure 3.2. Relationship between accuracy of predictions using SNP markers and different 

ratios σ
2

e / σ
2

a values. The unfilled circle symbol for lignin and the unfilled square symbol for 

volume show accuracies based on cross-validation method 50/50% of clones sampled within 

family. Standard error of each mean accuracy values was plotted. 
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Figure 3.3. Selection efficiency (E/year) of GS using all (3,406) or subsets of markers (4 to 

32). The efficiency was compared to predictions based on field genetic tests for lignin 

content. We assumed time needed to complete GS is fraction (0.1 to 0.5) of time required to 

complete progeny testing. GS is superior to progeny testing when efficiency is greater than 1. 
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APPENDICES 
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Appendix 3.1. Segregation of SNP markers used for genomic selection. 
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Appendix 3.2. Heterozygosity distribution of  a total heterozygous SNP = 3,406 used for 

genomic selection predictions. 
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Appendix 3.3. Polymorphism Information Content (PIC) of a total heterozygous SNP = 

3,406 used for genomic selection predictions. 
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Appendix 3.4. Descriptive variables for Table 3.2. 

 

Trait Method Model n Median CV Median Range IQR 

Lignin 10%WF rp 3 0.69 7.30 0.68 - 0.78 0.09 

  

rm 9 0.66 11.80 0.62 - 0.82 0.17 

  

rf 9 0.69 11.80 0.63 - 0.83 0.16 

 

10%R rp 3 0.75 9.50 0.64 - 0.76 0.12 

  

rm 9 0.65 3.20 0.63 - 0.68 0.03 

  

rf 9 0.66 4.40 0.65 - 0.72 0.05 

 

50%WF rp 3 0.75 2.70 0.73 - 0.75 0.02 

  

rm 9 0.75 3.70 0.72 - 0.79 0.05 

  

rf 9 0.75 2.70 0.74 - 0.80 0.04 

 

50%R rp 3 0.72 7.50 0.63 - 0.73 0.09 

  

rm 9 0.70 8.90 0.61 - 0.76 0.13 

  

rf 9 0.79 8.50 0.62 - 0.77 0.13 

Cellulose 10%WF rp 3 0.86 11.30 0.71 - 0.88 0.16 

  

rm 9 0.85 12.30 0.68 - 0.93 0.21 

  

rf 9 0.86 9.80 0.72 - 0.90 0.17 

 

10%R rp 3 0.68 17.60 0.52 - 0.75 0.22 

  

rm 9 0.59 14.80 0.52 - 0.74 0.18 

  

rf 9 0.60 19.20 0.48 - 0.76 0.26 

 

50%WF rp 3 0.80 3.70 0.79 - 0.85 0.05 

  

rm 9 0.79 2.80 0.76 - 0.82 0.04 

  

rf 9 0.82 2.50 0.79 - 0.84 0.03 

 

50%R rp 3 0.79 7.50 0.71 - 0.82 0.11 

  

rm 9 0.78 5.30 0.70 - 0.80 0.08 

  

rf 9 0.79 6.70 0.71 - 0.82 0.11 
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Appendix 3.4. Continued. 

 

Trait Method Model n Median CV Median Range IQR 

Height 10%WF rp 3 0.56 22.60 0.41 - 0.64 0.24 

  

rm 9 0.49 32.00 0.27 - 0.65 0.29 

  

rf 9 0.54 26.10 0.35 - 0.69 0.29 

 

10%R rp 3 0.69 24.80 0.52 - 0.87 0.34 

  

rm 9 0.64 17.80 0.53 - 0.84 0.20 

  

rf 9 0.61 20.40 0.58 - 0.88 0.28 

 

50%WF rp 3 0.59 4.60 0.59 - 0.64 0.05 

  

rm 9 0.53 5.40 0.52 - 0.59 0.04 

  

rf 9 0.56 5.60 0.54 - 0.62 0.05 

 

50%R rp 3 0.53 3.20 0.52 - 0.55 0.03 

  

rm 9 0.50 8.80 0.48 - 0.59 0.08 

  

rf 9 0.53 6.10 0.50 - 0.58 0.06 

Volume 10%WF rp 3 0.43 30.50 0.28 - 0.59 0.30 

  

rm 9 0.25 66.60 0.05 - 0.56 0.42 

  

rf 9 0.36 42.40 0.20 - 0.61 0.34 

 

10%R rp 3 0.65 23.50 0.41 - 0.70 0.29 

  

rm 9 0.55 10.70 0.49 - 0.65 0.09 

  

rf 9 0.61 16.70 0.44 - 0.67 0.18 

 

50%WF rp 3 0.47 3.90 0.46 - 0.51 0.04 

  

rm 9 0.41 6.10 0.36 - 0.43 0.01 

  

rf 9 0.42 2.70 0.41 - 0.45 0.01 

 

50%R rp 3 0.34 11.20 0.34 - 0.43 0.08 

  

rm 9 0.36 10.30 0.30 - 0.40 0.05 

    rf 9 0.37 11.00 0.30 - 0.41 0.06 
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Appendix 3.5. Descriptive variables for Table 3.3. 

 

Trait Pr n CV Median Range IQR 

Lignin 1 9 3.70 0.72 - 0.79 0.05 

 

≤0.2 9 3.50 0.69 - 0.76 0.04 

 

≤0.01 9 9.10 0.61 - 0.80 0.10 

 

≤0.001 9 10.20 0.55 - 0.77 0.04 

Cellulose 1 9 2.80 0.76 - 0.82 0.04 

 

≤0.2 9 4.20 0.70 - 0.79 0.05 

 

≤0.01 9 5.20 0.63 - 0.74 0.04 

 

≤0.001 9 26.10 0.30 - 0.70 0.05 

Height 1 9 5.40 0.52 - 0.59 0.04 

 

≤0.2 9 7.60 0.44 - 0.57 0.03 

 

≤0.01 9 12.60 0.35 - 0.54 0.08 

 

≤0.001 9 14.50 0.33 - 0.50 0.08 

Volume 1 9 6.10 0.36 - 0.43 0.01 

 

≤0.2 9 10.10 0.29 - 0.41 0.02 

 

≤0.01 9 19.10 0.18 - 0.41 0.03 

  ≤0.001 9 53.50 0.03 - 0.38 0.16 
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Appendix 3.6. MCMC diagnostics for lignin after 10,000 iterations. Vara = σ
2

a, Vard = σ
2

d, 

Varp = σ
2

c, Vare = σ
2

e. 
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Appendix 3.7. MCMC diagnostics for volume after 5 million iterations. Vara = σ
2

a, Vard = 

σ
2

d, Varp = σ
2

c, Vare = σ
2

e. 
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Abstract 

 

We predicted breeding values based on molecular marker data (G matrix) and compared 

them with estimates of genetic merit using the additive genetic covariances (A matrix) based 

on a pedigree-based model. We generated genomic estimated breeding values from realized 

genomic relationships using two methods to construct the G matrices. The population used 

was 165 cloned progeny derived from nine families of loblolly pine where a traditional 

BLUP model was fitted for five years volume trait. The G matrices were generated from 

3,461 biallelic SNP markers either by allele frequencies or regression methods. The accuracy 

of the predictions for both G and A based models was compared for cross-validation methods 

of sampling clones with no phenotypic data either within family or at random. Using the 

realized genomic relationships resulted in smaller standard errors of the estimated breeding 

values. The observed accuracies of EBV with the genomic matrix based on allele frequencies 

or regression were similar and higher than accuracies from the base model without the 

marker estimated effects. Realized genomic relationships could predict Mendelian 

segregation among full-sibs individuals, which was not the case for average relationships.  

Selection based on GBLUP would increase genetic gain in applied forestry breeding, due to 

important saving in breeding cycle length and cost by time unit. 
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Introduction 

 

The additive genetic relationship matrix A is based on pedigree to calculate probabilities that 

gene pairs are identical by descent. These expected additive genetic relationships are widely 

used in statistical analyses in forest tree breeding because the matrix inverse is sparse and 

simple to obtain (Henderson, 1984), even for a large number of individuals. Relationships of 

parents to progeny are 0.5 because each progeny receives exactly half of the two parents‟ 

autosomal DNA (Lynch and Walsh 1998). For individuals with unknown phenotypes, the A 

matrix is constrained in the sense that is not able to estimate random assortment e.g., the 

random sampling of the parent‟s alleles at each locus during meiosis, which is known as 

Mendelian sampling term (Avendano et al. 2005). 

 

In animal breeding, simulations allow the analyses of many generations by specific settings 

for population parameters such as inbreeding. The predictions for the accuracy of the 

Mendelian sampling term have been obtained both at selection time and at convergence of 

long-term contributions (proportion of genes it contributes in the long-term to the population) 

of selected candidates for a range of heritabilities and population structures (Avendano et al. 

2005). According to Avendano et al. (2004), the rate of genetic gain can be related to the 

covariance between long-term contributions and the Mendelian sampling terms. This 

statement explains that genetic gain arises from reliable ancestors contributing more genes 

and that the process of contribution of genes is multigenerational in nature. The relevance of 

this idea is also the fact that genetic gain relies on the exploitation of the Mendelian sampling 
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variation (new genetic variation created each generation). In forest genetics, the potential of 

improvement in genetic response through optimization of the analytical methods that 

maximizes the rate of genetic progress while restricting the rate of inbreeding would be a 

meaningful approach to explore. 

 

Genomic relationship matrix G uses genotypic data to estimate the fraction of total DNA that 

two individuals share (Stranden and Garrick 2009). According to VanRaden (2007), the 

estimators of genomic relationships provide similar results to parental testing unless the 

population is small or the markers have many alleles. Genetic merit can be considered the 

finite sum of thousands of effects, physically located at some place on the genome whose 

transmission can be traced through genetic markers. Genomic selection might involve mixed 

model equations that ignore tree effects but include marker effects. Pedigree relationships are 

not necessarily required, the dense markers are being used to trace identity by descent (IBD) 

at each locus and these IBD probabilities are being used to construct incidence matrices. 

Such equations would not increase according to the number of new trees added over time, 

only the number of new markers or even haplotypes. Total genomic merit of candidates 

would be obtained by summing up many relevant marker effects. Since we are using linear 

models we assume equal variance for each marker, not different variances as assumed when 

Bayesian methods. 

 

Genomics has enabled a different approach to aid selection. Availability of dense molecular 

markers of type SNP led to the recent introduction of the genome-wide or genomic selection 
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evaluation models. Those models are most often based on the simultaneous estimation of 

SNP marker effects. Efficient procedures exist for the computation of those effects, even for 

large data sets (Legarra and Misztal 2008, Stranden and Garrick 2009). In simulation studies, 

the accuracy of prediction of net merit for young bulls was 63% compared with 32% using a 

traditional A matrix. An alternative that can be explored is the solving of mixed model 

equations by inclusion of the inverse of the genomic relationship matrix (G), also called 

molecular relationship matrix instead the use of the numerator relationship matrix (A). 

Models that include genomic relationships could predict genetic effects more accurately than 

those that use expected relationships among clones from pedigrees. This is possible due to 

the iteration for clone allele‟s effects followed by summation across loci to obtain genomic 

estimated breeding values in the marker-only model. The analogous prediction model of 

BLUP, based on G matrix is denoted as GBLUP. 

 

The objective of this study was to test the hypothesis that models that include genomic 

relationships can predict genetic effects more accurately than those that use expected 

relationships from pedigrees. Genomic estimated breeding values from two different 

approaches for developing G matrices will be compared with predictions based on traditional 

BLUP. 
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Material and Methods 

 

Phenotypic and genotypic data collection 

Thirteen P. taeda parents were used as females and males to generate nine full-sib families 

(hereafter family). The majority of families were obtained by single-pair mating. Several 

families were genetically related by a common male or female parent. The number of clones 

per family ranged from 3 to 37, and they were cloned via somatic embryogenesis (Bettinger 

et al. 2009). The distribution of clones per family was given in Appendix 4.1. A total of 165 

clones were field tested on 16 sites planted between 2000 and 2002. An alpha-lattice 

incomplete block design with single tree plots was used as the field layout. The test sites 

were located across varying edaphic conditions and productivity classes in the coastal plain 

of South Carolina, Georgia, and in the gulf coast of Mississippi in the southern US. A total of 

6,253 pine trees were measured at five years after planting. Height, diameter at 1.4 m above 

ground were assessed and used to calculate volume of trees according to Goebel and Warner 

(1966).  

 

For the genotypic information, SNP markers based on 7,535 resequenced amplicons were 

developed for P. taeda by the Conifer Translational Genomics Network by integrating the 

results of Allele Discovery of Economic Pine Traits project (Eckert et al. 2010). For marker 

analysis, we collected needles from 165 pine clones, during the growing season in 2008. 

Samples were dried and shipped to University of California Davis Genome Center for DNA 

extraction (http://www.genomecenter.ucdavis.edu). A total of 5,379 SNP markers were 

http://www.genomecenter.ucdavis.edu/
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obtained. We carried out exploratory data analysis on SNP markers using the ALLELE 

procedure of SAS GENETICS software (SAS Institute Inc. 2010). Out of 5,379 SNP markers 

analyzed, 1,700 SNP markers were monomorphic (homozygous in all individuals), and 218 

contained missing genotypes for more than 15% of the clones. Thus, a total of 3,461 SNP 

markers were informative and used for prediction of breeding values.  

 

Imputation of missing genotypes 

Missing genotypes were identified as “NA”, and they represented the 1.2% of total genotypes 

in the total 165 clones by 3,461 genotypes data matrix. We compared different approaches of 

imputation for these missing genotypes by the accuracy of the predictions after running a 

LMM in ASReml (Gilmour et al. 2009): i) imputation using allele frequencies. Marker loci 

were imputed using the genotype frequencies for loci across all 165 clones in the dataset, 

using one stochastic method that imputes a categorical genotype (0, 1, or 2 copies of the 

minor allele), based on the frequency of all genotypes observed at the same locus, across all 

families (R. Whetten, unpublished data). For a population of unrelated individuals, we can 

calculate the frequency of the 0, 1, and 2 genotype codes for each locus, and then assign a 

genotypic value to missing values within each locus according to the relative frequency of 

the different genotypes. For example, if 81% of the individuals have a genotype code of 0 for 

locus 1, 18% have a genotype code of 1, and 1% have a genotype code of 2, then we can 

assign imputed values to missing genotypes based on those frequencies. In R software, this 

was done by generating a random number for each missing data value within locus 1 and 

testing to determine if the value of that random number is less than 0.81, between 0.81 and 
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0.99, or greater than 0.99, then assigning a 0, 1, or 2 value based on the outcome of that test. 

Across all missing values and loci, this approach should on average impute values that do not 

change the genotype frequencies observed in the non-missing data; ii) imputation to the 

major homozygote. All missing values were converted to the predominant homozygous allele 

0; iii) imputation using allele content. We followed Gengler et al. (2007) method for 

imputation of missing genotypes. The method used the logic of genetic covariance among 

relatives. The covariance between gene contents is proportional to the additive relationship 

between animals. Genetic covariance (covariance of genetic values) arises because two 

related individuals have alleles that are identical by descent. Both copies of an allele can be 

traced back to a single copy in a recent common ancestor. The gene content (q) of genotyped 

individuals can be replaced by its deviation (d) from the population mean as d = q-μ. Then, 

the expected gene content of a progeny of genotyped parents male (m) and female (f) is E(qp) 

= μ + (dm + df)/2. Using a model y = Xb + Mu + e, in ASReml (Gilmour et al. 2009), the 

response variable (y) is the vector of gene content number. The only two factors in the model 

are the intercept (b) and the individual tree effect (u).The X is the design matrix (vector of 

one‟s) for the mean, M is the design matrix connecting trees to the gene content vector y, and 

e is the residual variance. The solutions of mixed model equations predicted SNP genotypes 

for trees with missing genotypes. The solutions were continuous numeric values, centered on 

1 since the gene content number could be 0, 1 or 2. Since gene content for a bi-allelic locus 

cannot be less than 0 or higher than 2, we scaled the values, adjusted by mean and SE, and 

truncated data between 0 and 2 to keep gene content predictions in a range. The results were 

summarized in Table 4.1. 
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Linear mixed model using A matrix for BLUP (ABLUP) 

Equations were solved for factors influencing a trait under effect from pedigree relationships 

using Henderson‟s mixed model equations for genetic evaluation (Henderson 1984). 

Assumptions to obtain BLUP include the variance-covariance matrix between effects on one 

tree and the variance-covariance matrix of additive effects between trees (numerator 

relationship or also called A matrix). These matrices are commonly full rank, and their 

inverses are used in computations. Widespread implementation has occurred because A
-1

 is 

sparse and can be easily made directly from pedigrees. Genetic merit is assumed to result 

from an infinitesimal number of genes of small effects. An incidence matrix was used to 

relate genetic merit to phenotypes. This indicator matrix contains one or more unit elements 

that identify the trees own additive and any other effects. The number of equations increases 

for each evaluation, in proportion to the number of records. The model was expressed in 

matrix form as: 

 

y = Xb + Zu + e         (Eq. 4.1) 

 

Where y is the vector of observations representing the trait of interest (dependent variable), X 

and Z are the design or incidence matrices for the vector of parameters b and u, which are 

the fixed and random tree effects to be estimated, respectively. The vector u, contains the 

total number of breeding values for the trees, with Var (u) = Aσ
2

c = G*, where A is the 

numerator relationship matrix. The term e is the residual component or vector of residuals 

with Var (e) = Iσ
2

e = R, where I is the identity matrix (Lynch and Walsh 1998, Balding et al. 
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2007). The variance-covariance matrix of observations is given by the expression Var (y) = 

V = ZG*Z’ + R. The estimated breeding values were denoted as EBV1 and they were 

obtained for all 165 clones. The estimated breeding values for the clones used in cross-

validation were denoted as EBV2, following the same model of Eq. 4.1. 

 

In practice, the mixed model equations described by Lynch and Walsh (1998), Mrode (2005) 

were required to skip the not always computationally V
-1

 matrix, to estimate solutions for b 

and predict solutions for u according to: 

 

 
- -

- - -

-

-
             (Eq.4.2) 

 

Where the shrinkage factor is λ = σ
2

e / σ
2

a or [(1 – H
2

c)/ H
2
c], and H

2
c is the trait clone-mean 

repeatability. 

 

EBV1 and EBV2 values for clones based on infinitesimal model were predicted by solving 

mixed model equations as: 

 

- –                    (Eq.4.3) 
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Using genomic relationship matrix G based on allele frequencies (GBLUPa) 

Under a marker-only model, the expected value of y (vector of trait phenotypes) was equal 

to: 

 

y = Xb + Za + e                     (Eq.4.4) 

 

We let Z be the matrix of incidence for markers, a is the vector of marker effects. We have X 

and b defined as Eq.4.1, the Var (a) = Iσ
2

a; where σ
2

a is the marker variance. The term e is 

the vector of residuals, Var (e) = Iσ
2

e = R, and R is the diagonal structure for the residual 

variance. This is a similar model than Eq. 4.1 but the important difference is that we let the 

sum Za across all marker loci (m) to be equal to the vector of breeding values a defined in 

Eq. 4.1, this means  u = Za (from Eq. 4.1 and 4.6). Also, Z matrix is equivalent to the 

incidence matrix defined in Eq.4.1, because they relate the phenotypic observations with the 

markers or the clone effects, respectively. 

 

The above definition allows redefining an equivalent system of equations to Eq. 4.2, to 

account for marker effects: 

 

- -

- - -

-

-
             (Eq.4.5) 
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In order to produce an adequate G matrix, we first considered the standardization Var (u) = 

ZZ’σ
2

a = ZZ’/ [2 Σipi (1-pi)] σ
2

c = Gσ
2

c, where the expression [2 Σipi (1-pi)] was twice the 

sum of heterozygosity of the markers, pi= allele frequency at locus i, and ZZ’ represented the 

number of shared SNP alleles among two individuals. The division by this denominator 

scales A to be analogous to a genomic relationship matrix G = ZZ’/ [2 Σipi (1-pi)], which 

enables to compute the genomic relationships (VanRaden 2008). The selection index 

equations were used to prediction of u as follows: 

 

 EBV( )  = G [G + R λ]
-1

 (y – X )       (Eq. 4.6) 

 

Where λ = σ
2

e /σ
2

 c. The predicted value of u, is the sum Za over all alleles that the individual 

inherited. The genomic inbreeding coefficient for individual j is simply Gjj − 1, and genomic 

relationships between individuals j and k are obtained by dividing elements Gjk by square 

roots of diagonals Gjj and Gkk (VanRaden 2008). It was also assumed that a marker was in 

complete LD with an unknown QTL. The process was implemented using an R-script written 

based on VanRaden (2008), given in Appendix 4.1. We denoted the genomic estimated 

breeding values using this method as GEBVa, and they were obtained for the clones used in 

cross-validation. 

 

Construction of genomic relationship matrix G using regression (GBLUPb) 

Following the same models defined in Eq.4.1 and 4.4, the rationale behind this method was 

that G did not require allele frequencies and the inverse G
-1

 was used to estimate the 
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breeding value u as the EBV( ), given by the sum of Za over all marker loci (Stranden and 

Garrick 2009). The matrix M is needed for specification of marker alleles that each 

individual inherited. The dimensions of M are the number of individuals (n) by the number 

of loci (m). The MM’ matrix includes the count of the number of homozygous loci in the 

diagonal, and the number of alleles shared by the relatives in the off-diagonal. Therefore, the 

G matrix was produced by adjustment of mean homozygosity by regressing MM’ as 

dependent variable on A as independent variable to obtain G, using the following model: 

MM’ = go11’ + g1A + e, where go is the intercept, g1 is the slope of the regression model, and 

e includes differences between  true value and expected fraction of DNA. Thus, the expected 

value of G is A plus a constant matrix (E (G) = A + constant). It is simpler to do an extension 

of single marker association analysis to multiple marker regression to account for all genes 

(markers) simultaneously (Stranden and Garrick 2009). The regression system was written 

with summation notations as: 

 

             (Eq.4.7) 

 

In general, this method did not give singularities, because m was much larger than n, which 

was required to obtain G
-1

 but matrix G may be singular, for example, if the number of 

markers m does not exceed the number of n individuals genotyped (VanRaden 2008). The 

allele frequencies were the same and set as 0.5. 
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The estimate of the genetic values was expressed as: 

 

EBV( )  = [R
-1

 + G
-1

λ]
-1

 R
-1

(y – X )             (Eq.4.8) 

 

The solving of the effects was done using the same redefined mixed model equations in 

Eq.4.5. This method would be more efficient since G can be inverted and R can be processed 

by iteration. The process was implemented using an R-script written based on VanRaden 

(2008), given in Appendix 4.2. We denoted the genomic estimated breeding values using this 

method as GEBVb, and they were obtained for the clones used in cross-validation. 

 

Generation of G
-1

 matrices 

The following program was written to generate a G
-1

 matrix using allele frequencies method 

(GBLUPa) or using the regression method (GBLUPb) based on the methodology described 

by VanRaden (2008). The necessary function (RelFxn.R) written in R was given in Appendix 

4.2. After opening an R session, the directory must be changed to the folder where the data 

files are stored. The next lines indicate the required packages: 

 

library(genetics) # install/load package 

library(GeneticsPed) # It must be installed using Bioconductor source option 

 

The next lines indicate how to read the pedigree and marker data file: 
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pedigree <- read.table("parents.csv",header=T,sep=",") # reading pedigree file 

genos <- read.table("marker data.csv",sep=",",header=T) # reading data file 

 

The next lines indicate how to generate G
-1

 for GBLUPa method: 

 

source("RelFxn.R")  

Ginversea <- GenomicRel(option=1,data=genos,ped=pedigree,sort=F) 

 

The next lines indicate how to generate G
-1

 for GBLUPb method: 

 

source("RelFxn.R")  

Ginverseb <- GenomicRel(option=2,data=genos,ped=pedigree,sort=F) 

 

Cross-validation methods used for predictions of breeding values 

After producing the required matrices, we designed cross-validation methods as follows: the 

165 clones were divided into a training data set and a validation data set. In the first scenario 

about 90% of the clones (148) were sampled for the training set, either within each of the 

nine families or at random from the whole population without family consideration. The 

remaining clones were used for the validation (17 clones). In the second scenario, about 50% 

of clones (84) were sampled either within family or randomly from the whole population for 

training, and the remaining clones were used for validation (81 clones). The model 

parameters estimated in the training set were used to predict EBV2 values, GEBVa or 
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GEBVb values in the validation set. For each scenario, six independent samplings were 

carried out. All the predictions were carried out using ASReml (Gilmour et al. 2009), and a 

example script was given in Appendix 4.3 for predictions of EBV2 and Appendix 4.4 for 

predictions of GEBVa/b. The results of the cross-validation analyses were reported in Table 

4.2. 

 

Cross-validation for predictions between geographical regions 

We performed an additional test to explore the validation of predictions according the 

geographical location of the clones. We separated the clones in three macro-regions (GA, SC 

and MS). Using the 90% split, we trained a model in 148 clones planted in GA and also in a 

combined GA-SC region. Then, we predicted breeding values in 17 validation clones planted 

either in SC or MS only. The method GBLUPb was used for comparison with ABLUP 

models validated in the 17 clones. The results of this cross-validation analysis were reported 

in Table 4.3. 

 

EBV/GEBV predictions and validation 

We examined the correlation between ABLUP method for all 165 clones and GBLUPb 

method for all 165 clones (Figure 4.1). Best linear unbiased predictions (BLUP) of parent 

and offspring breeding values were obtained from the solutions of the mixed model equations 

described in above models using the estimated variance parameters. For the validation sets of 

clones, the accuracy (r) of the estimated breeding value was calculated as: 
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–                   (Eq.4.9) 

 

Where SE is the standard error reported with the EBV for each clone. The SE mean for the 

number of clones corresponding to each validation group was used accordingly. The term σ
2

c 

is the estimated clonal variance.  For the ABLUP model, the accuracy of the EBV2 values 

was obtained. For GBLUPa method, the accuracy of the GEBVa values was obtained, and 

for the GBLUPb method, the accuracy of the GEBVb values was obtained. For simplicity, 

the inbreeding coefficient was assumed to be zero for unrelated individuals. 

 

According to Grattapaglia and Resende (2010), Meuwissen and Goddard (2010), the 

accuracy is also the correlation between the predicted genetic values EBV and the measured 

breeding value from field testing, which will determine the potential gain using markers. This 

was examined by plots between GEBVa/b and EBV1 values for three replicates of validation 

50% and 10% of clones sampled within family (Figures 4.2 and 4.3). Also, to compare the 

predictive power of GBLUP and ABLUP on the validation clones having no phenotypic 

information, examination plots were produced between GEBVa/b and EBV2 values for the 

same replicates described above (Figures 4.4 and 4.5). 

 

Evaluation of GBLUP for ranking of clones 

We also used a nonparametric Spearman‟s rank correlation (rs) to examine clonal rankings. 

We selected the split at 50% of clones sampled within family and at random for a total of six 
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independent data sets. The Spearman‟s rank correlation (rs) coefficients were estimated from 

the marker model comparing the two methods of G
-1

 matrices with the EBV1 as our best 

measure of the true genetic value. The Spearman‟s rank correlation was used as follows 

(SAS Institute Inc. 2010): 

 

- -                             (Eq. 4.10) 

   

Where s is the number of raw scores Xi and Yi converted to ranks xi and yi, then the 

difference between the ranks di = xi – yi are calculated. The pair-wise comparison were made 

between EBV2-EBV1, GEBVa-EBV1, GEBVb-EBV1 values, and summarized in Table 4.4. 

 

Results 

 

Model comparison and cross-validation 

Table 4.2 summarized the main findings after running models based on ABLUP and 

GBLUP. The accuracy of the predictions for estimated breeding values was smaller for the 

ABLUP model, homogeneous across the fours cross-validation methods, about 0.60. In other 

hand, accuracies were higher for GBLUP models, which varied from 0.65 to 0.76 across the 

validation methods and G
-1

 generation approach. The cross-validation on 10% of the clones 

sampled within family had the best estimates of 0.76 for the accuracy from the GBLUPa 

method and 0.75 for the accuracy of the GBLUPb method. 
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The additional test exploring the effect of ABLUP vs. GBLUP models for clones grouped 

according their location was summarized in Table 4.3. In general, GBLUPb model had 

higher accuracy values than ABLUP model. When the models were trained on GA region 

only, the ABLUP model had the same accuracy of 0.62, while the accuracy of GBLUPb 

model was 0.72 for predictions on clones planted at SC, and 0.74 for predictions on clones 

planted at MS. When the model was trained in a combined GA-SC macro regions, the 

accuracy of the ABLUP model was 0.61 and the accuracy of the GBLUPb model was 0.76.  

 

Application of GBLUP for clone ranking 

Table 4.4 reported the Spearman‟s rank correlation coefficient between estimated breeding 

values from the models analyzed against the EBV1 predicted for all 165 clones, as a measure 

of our best estimates of the true breeding values. The correlation was homogenous between 

the two cross-validation scenarios and also between the GBLUP models. The correlation was 

higher for estimated breeding values based on pedigree information only. 

 

Another way to explore the efficiency of the GBLUP models was through the examination of 

the correlation between GBLUP model estimates for the validation clones and their 

corresponding EBV1. When all 165 clones were used for predictions, the correlation was 

almost perfect (0.99, Figure 4.1). The correlation was stable among the three replicates of 

sampled clones of 81 individuals (0.25 to 0.42, Figure 4.2), and more variable and higher for 

the three replicates of sampled clones of 17 entries (0.45 to 0.76 Figure 4.3). There was no 

difference in correlation values when either GEBVa or GEBVb were used. When the 
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correlations between EBV2 and GEBV were examined, they were generally high for 50% 

clones sampled within family (0.64 to 0.81) and for 10% clones sampled within family (0.67 

to 0.79). Again, there was no difference in how G
-1

 matrices were generated to correlate with 

EBV2. 

 

Figure 4.6 shows the histogram of average additive relationships for 305 clones. The mean 

was 0.54, the minimum was 0.41, the maximum was 0.62, N = 3,998. The smaller values 

than 0.5 represents a few clones than came from half-sib families, whereas the values greater 

than 0.5 are indicating the effect of inbreeding. In contrast, the histogram of the Figure 4.7 

shows the realized genomic relationships for 165 clones produced from nine families. The 

mean was 0.53, the minimum was 0, the maximum was 0.95, N = 1,967. The distribution of 

genomic covariances is wider than numerator relationships due to allele sharing captured by 

biallelic markers. 

 

Discussion 

 

We used realized genomic relationships obtained from molecular markers to predict genomic 

estimated breeding values for sets of cloned progeny, and their predicted values were more 

accurate than predictions calculated from the average numerator relationships. This was 

because of genomic relationship could estimate the expected fraction of genes identical by 

descent, the shared DNA fraction, or the fraction of alleles shared for loci that are controlling 

volume trait. 
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Model comparison and cross-validation 

Based on our results comparing predicted breeding values from ABLUP and GBLUPa/b 

models, the higher accuracy obtained from marker-based models was associated with the 

smaller SE of the GEBVa or GEBVb of the validation clones. The SE of the GEBV was 

achieved due to the more accurate genomic relationships values used in the mixed model 

equations for solving the random factors. When ABLUP model was used, an average 

relationship value was used according to the level of relationship between two full-sib clones, 

half-sib clones or unrelated genetic entries. As an example, we reported in Appendix 4.5 the 

numerator relationship value (0.54) among clones 1 to 5, and the realized genomic 

relationships values among clones 6 to 10, all produced from a single family used in our 

study. These values ranged from 0.44 to 0.65, indicating that each pair of individuals had a 

specific relationship due the marker tracking of their IBD. Also, the numeric example 

showed that one homogeneous clonal variance (1.04) was calculated to the five clones when 

the average numerator relationship was used, while different estimates (1.15 to 1.19) were 

calculated when G matrices were used. The above is explained because the parental or sib 

phenotypes provide information parental average only and there is no estimation of 

Mendelian sampling terms, which requires progeny phenotype or  marker information. When 

we calculated genomic relationships from marker data, we could provide information on 

which allele at a QTL was transmitted from the parent to the offspring, allowing a more 

precise calculation of the realized covariance between two individuals. 
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Our results were in agreement with the thoughts of Habier et al. (2007), in terms that 

molecular markers can capture additive genetic relationships even when there is small level 

of LD, and would always generate GEBV with accuracy different from zero. Using 

simulations, they demonstrated that with a significant level of LD in the population, the 

accuracy would be expected to be higher than a low LD. Further, they showed that the 

simulated accuracies over generations declined as the LD decay was produced, which points 

out that the potential advantage of GEBV needs to be estimated based on the contribution 

from LD to the accuracy of the predictions. 

 

After comparing the four cross-validation methods used in this study, we found that 

predicting on 10% of the clones either sampled within family or at random was more 

accurate that predictions on 50% of the clones. This could be due to a more efficient training 

model, where more clones and markers were included to estimate the relationships among 

them. Mostly of the clones had a level of relatedness with the rest of clones, they were not 

completely unrelated, which is the usual second or third breeding scenario in forestry 

programs, after selecting the best growing families, and use them as parents in a controlled 

breeding program, from which a new set of full-sib families are generated and hundreds of 

clones are propagated within each family for testing purposes. 

 

We used two methods for calculating genomic relationships (GBLUPa and GBLUPb). In 

general, they were comparable in the accuracy of the predicted genomic breeding values. The 

GBLUPa model calculated the allele frequencies from the marker dataset, and the observed 
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minor allele frequencies were included to scale G matrix, with no consideration of inbreeding 

or selection. The markers used in this study represent a small fraction of the genome, and 

possibly explained a little fraction of phenotypic variation, and then it would be possible to 

use the average allele frequencies from the base population, as provided by a larger set of 

families and parents included in previous mating designs. The genomic relationships should 

be estimated using the allele frequencies from the unselected base population. In animal 

breeding, this information can be rarely extracted from historical data and they use 

approximations instead. Errors in the allele frequency estimates may result in biased 

relationships and consequently biased GEBV, specially for young animals. 

 

The second GBLUPb model was based in regression of the marker effects as dependent 

variable, the A matrix that had set an allele frequency of 0.5, and adjusted the mean 

homozygosity by regressing the markers on A. This method was efficient to control the bias 

in the predictions by including a matrix of residuals of the differences of the true from 

expected fraction of DNA (markers and numerator relationships), besides a measurement 

residual to account for markers being a subset of the DNA corresponding to the whole 

individual tree genome. Also, according to the results of Forni et al. (2011), when allele 

frequencies in the base population are different from 0.5, rare alleles contribute more to the 

genetic resemblance between individuals than common alleles. 

 

Forni et al. (2011), compared different methods for G matrices, and similar and high 

correlations (~0.98) using different relationship matrices were found. Small differences were 
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observed in the ranking of livestock individuals with different genomic matrices. They 

proposed modifications to the G matrix and this means that future options could be explored. 

For example, the G matrix used in GBLUPa model can be normalized to have average 

diagonal coefficients equal to 1, and also to assure compatibility with A when either the 

average inbreeding or number of generations are low.  

 

Based on our results, we propose several ideas for further studies about genomic relationship 

matrices. The first option is to combine pedigree and genomic information into one single 

matrix, which was called H matrix by Aguilar et al. (2010). Basically, this is a single step 

approach implemented by incorporating the H
-1

 matrix in mixed model equations instead of 

the A
-1

. This method has not been widely tested in animal breeding, and one major concern is 

the fact that genomic and pedigree-based relationships must be relative to the same base to be 

combined in the H matrix, or the results could be erratic.  

 

Another further study could be explored to test the hypothesis of using fewer markers based 

on MAF, which is, filtering the SNP in the clone‟s dataset by the number of parents that 

contain at least one copy of the minor allele, which would result in subsets of markers to 

compare with. For the groups filtered by low minor allele frequency, there will be many 

homozygous genotypes across the individuals, causing difficulties in the model by the 

presence of repeated singularities. Forni et al. (2011) gave a possible solution approach using 

genomic matrix weighting for singular matrices if the number of loci is limited or two 

individuals have identical genotypes across all markers. 
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If markers are assumed to contribute differently to the genetic variance, an alternative 

approach is the use of non-linear methods for prediction of marker effects (Meuwissen et al. 

2001, Habier et al. 2007, VanRaden 2008). Among them, Bayesian methods are usually 

explored, due to the fact that marker with small effects can be regressed toward zero, markers 

with large effects can be regressed less, to account for a non-normal prior distribution.  The 

different method for generating G matrices, compared with Bayesian methods to estimate 

marker effects resulted in a slightly greater accuracy of non-linear models according to the 

simulations of VanRaden (2008). Similarly, Habier et al. (2007) found that accuracies from 

Bayesian methods were comparable with Ridge regression, and in the cases with a better 

performance from Bayes-B method, it could be related to the decreasing of a non-zero 

variance during the estimation process. In general, Bayesian methods represent another 

potential approach to be explored with empirical tree data and compare with our GBLUP 

analysis.  

 

After the additional test of grouping clones according to their location, it was found that 

marker-based predictions were more accurate than pedigree-based predictions. SC sites are 

closer to GA regions than MS sites, and we expected that the predictive power of markers 

decreased for MS validations groups, but it was found the opposite, although the difference 

was small (0.72 for validation in SC vs. 0.74 for validation in MS). In other hand, for the 

same validation clones planted in MS only, the predictive power increased when the training 

model was only trained in GA, compared with a model trained on a combination of clones 

planted in GA and SC regions (0.74 to 0.76), but again the difference was small. We 
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attributed these results more to a effect of the small sample size for validation and further 

experiments of larger number of genetic entries per site/region could be explored to 

investigate the efficiency of GBLUP based models for GxE interaction.   

 

Application of GBLUP for clone ranking 

As the first test to examine the outcome from the marker-model, we used the GBLUPb model 

to predict genomic estimated breeding values for all 165 clones. The almost perfect 

correlation between GEBVb-EBV1, using the estimated breeding values based on ABLUP 

was the main proof of concept that markers have enough predictive power to reconstruct the 

required relationships among individuals, estimate the variance component associated to the 

clone effect and solve the mixed model equations to find accurate breeding values for all the 

population. Further, the correlation between GEBVa/b and EBV1 decreased for clones used 

only in validation (17 or 81), but the values varied across different sampled replicates of 

clones within family (Figures 4.2 and 4.3), indicating that the correlation could be dependent 

of the sample size of the validation set. In further studies, is expected to have genotypes for 

at least 500-1,000 different clones, and these same cross-validation scenarios can be analyzed 

in larger, independent replicates of clones, to have more reliable correlations estimates. 

 

The results from ranking the 81 clones used for 50% validation sampling within family, 

expressed as Spearman‟s correlation coefficient (Table 4.4), indicated that clones ranked 

using EBV2 from ABLUP, was about 50% correlated with their EBV1, as the “true genetic 

value”. The reason because this correlation was not higher than 0.5 could be related to the 
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way in which EBV2 is estimated. Clones from the same family received the same EBV, 

which is equal to the mid-parent value of their corresponding relatives. This is because the 

phenotypes for all their ramets were set to missing in the validation dataset, in order to get 

EBV2 for each clone. For example, one clone can have an EBV2 above or below its 

corresponding EBV1, obtained in the first ABLUP run using all the raw data of the 

phenotypes, where no missing values were present. For the case of GBLUP models, even 

though the rank coefficient was smaller than 0.5, in order of 10% less, this rank was reliable 

in terms of comparison of realized GEBVa/b for each clone, which was different among full-

sib clones; thus the ranking position with its corresponding EBV1 is less biased and more 

realistic. 

 

The previous can also viewed in the plots of Figures 4.4 and 4.5. We made scatter plots 

between EBV2 and GEBVa/b because they demonstrated the power for GBLUP in detecting 

individual clonal genetic values and therefore the potential for individual tree selection as an 

alternative for among-family selection. For example, the scatter plot 1a from Figure 4.4 

(left), indicated a set of clones that had the same EBV2 equal to 3, but they ranged from 0.5 

to 3.5 in their GEBVa estimates. We strongly support the idea that selection of the top clones 

ranked by GEBV is more efficient that clonal selection based on EBV due to the fact that the 

best clones ranked by GEBV will be closer to the EBV1, because some of them are superior 

than the mid-parent value assigned to the clones under ABLUP model. We suggest further 

analysis in finding a valid statistical procedure to demonstrate supporting evidence that 

GBLUP analysis represents an interesting opportunity for clonal selection. 
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Conclusions 

 

Linear model predictions using genomic information seemed an useful approach to increase 

the reliability of EBV. Realized genomic relationships could predict Mendelian segregation 

among full-sibs individuals, which was not the case for average relationships. The observed 

accuracies of EBV with the genomic matrix based on allele frequencies or regression of 

marker information were similar and higher than accuracies from the pedigree-based model 

without the marker estimated effects, which was related to the smaller standard errors of the 

estimated breeding values. The smaller Spearman‟s rank correlation for GEBV could due to 

the small sample size for validation. In practical terms, GBLUP worked as ABLUP: the 

model could use raw data, fixed effects of common environment, GxE interaction, spatial 

analysis, which would allow future applications with easy implementation using standard 

software available for linear mixed model analyses.  
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Table 4.1. Methods used for imputation of missing genotypes and accuracy of breeding 

values obtained for each method. The imputation using continuous gene content, truncated 

values, was used for generation of G
-1

 matrix for further cross-validation analyses. 

 

Method for imputation Accuracy of predicted GBLUPb 

Stochastic, based on allele frequencies 0.70 

Missing genotypes converted to zero 0.71 

Continuous gene content, scaled 0.71 

Continuous gene content, truncated 0.71 
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Table 4.2. Accuracy mean (r) of the prediction for EBV2 calculated from ABLUP model, 

GEBVa calculated from GBLUPa model, and GEBVb calculated from GBLUPb model, for 

volume across different cross-validation scenarios. The use of G
-1

 matrices resulted in higher 

accuracies for all validation scenarios. 

 

Cross-

validation 

method 

Sample size                          

(training / 

validation) 

rEBV2 rGEBVa rGEBVb 

50%WF 84/81 0.60 0.71 0.65 

50%R 84/81 0.60 0.70 0.65 

10%WF 148/17 0.61 0.76 0.75 

10%R 148/17 0.62 0.75 0.73 

 

Cross-validation methods are validation on 50% clones sampled within family (50%WF), 

50% clones sampled at random (50%R), 10% clones sampled within family (10%WF), 10% 

clones sampled at random (10%R). Standard error of the accuracy values ranged from 0.01 to 

0.02. Each accuracy value is the mean of six independent runs. 
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Table 4.3. Accuracy mean (r) of the prediction for EBV2 calculated from ABLUP model, 

and GEBVb calculated from GBLUPb model, for volume trait, training in GA alone, GA-SC 

regions and predicting on SC or MS regions. The use of G
-1

 matrices produced higher 

accuracies compared with traditional ABLUP-based model. 

 

Cross-validation method rEBV2 rGEBVb 

GA/SC 0.62 0.72 

GA/MS 0.62 0.74 

GA-SC/MS 0.61 0.76 

 

Training population size was 148 clones. Validation population size was 17 clones. Standard 

error of the accuracy values ranged from 0.01 to 0.02. Each accuracy value is the mean of six 

independent runs. 
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Table 4.4. Spearman‟s rank correlation coefficient mean (rs) for 81 clones used for validation 

for EBV2 calculated from ABLUP model, GEBVa calculated from GBLUPa, and GEBVb 

calculated from GBLUPb model, ranked against EBV1 values, for volume trait. The use of 

G
-1

 matrices produced smaller correlation coefficients compared with traditional ABLUP-

based model. 

 

Cross-validation 

method 

rsEBV2-EBV1 rsGEBVa-EBV1 rsGEBVb-EBV1 

50%WF 0.50 0.41 0.40 

50%R 0.51 0.40 0.40 

 

Cross-validation methods are validation on 50% clones sampled within family (50%WF), 

50% clones sampled at random (50%R). Training population size was 84 clones. Standard 

error of the correlation values ranged from 0.01 to 0.03. Each correlation value is the mean of 

six independent runs. 
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FIGURES 
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Figure 4.1. Scatter plot between estimates from ABLUP and GBLUPb models for 

predictions on 165 clones. Pearson product-moment correlation was indicated. 
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Figure 4.2. Scatter plots between EBV1-GEBVa (left), and EBV1-GEBVb (right) for 

predictions on samples 1, 2, 3 of 81 clones (50%) clones sampled within family cross-

validation method. Pearson product-moment correlation was indicated.  
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Figure 4.3. Scatter plots between EBV1-GEBVa (left), and EBV1-GEBVb (right) for 

predictions on samples 1, 2, 3 of 17 clones (10%) clones sampled within family cross-

validation method. Pearson product-moment correlation was indicated.  
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Figure 4.4. Scatter plots between EBV2-GEBVa (left), and EBV2-GEBVb (right) values for 

predictions on samples 1, 2, 3 of 81 clones (50%) clones sampled within family cross-

validation method. Pearson product-moment correlation was indicated.  
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Figure 4.5. Scatter plots between EBV2-GEBVa (left), and EBV2-GEBVb (right) values for 

predictions on samples 1, 2, 3 of 17 clones (10%) clones sampled within family cross-

validation method. Pearson product-moment correlation was indicated.  
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Figure 4.6. Histogram of average numerator relationships for 305 clones. The mean was 

0.54, the minimum was 0.41, the maximum was 0.62, N = 3,998. The values smaller than 0.5 

represents a few clones than came from half-sib families, whereas the values greater than 0.5 

are indicating the effect of inbreeding. 
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Figure 4.7. Histogram of genomic relationships for 165 clones. The mean was 0.53, the 

minimum was 0, the maximum was 0.95, N = 1,967. The distribution of genomic covariances 

is wider than numerator relationships due to allele sharing captured by biallelic markers. 
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Appendix 4.1. Distribution of 165 clones produced within nine families by somatic 

embryogenesis, used for ABLUP and GBLUP models. 
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Appendix 4.2. R-script used for G
-1

 calculation. 

 
GenomicRel = function(option,data,ped,sort=F){#option ( 

1=genomic rel using frequencies,2=genomic rel using 

regression), data (first column id then SNPs, SNPs must be 

0,1,2) no header, ped (id, sire, dam) no header 

 

library(MASS) 

library(GeneticsPed) 

 

if(option==1){ 

M1=data 

M= M1[,2:ncol(M1)]-1 

p1=round((apply(M,2,sum)+nrow(M))/(nrow(M)*2),3) 

p=2*(p1-.5) 

P = matrix(p,byrow=T,nrow=nrow(M),ncol=ncol(M)) 

Z = as.matrix(M-P) 

 

b=1-p1 

c=p1*b 

d=2*(sum(c)) 

 

ZZt = Z %*% t(Z) 

G = (ZZt/d) 

invG=solve(G) 

} 

 

if(option==2){ 

names(ped)=c("id","father","mother") 

ped=as.Pedigree(ped) 

fullA=relationshipAdditive(ped) 

rowName=as.numeric(rownames(fullA)) 

A=fullA[match(data[,1],rowName),match(data[,1],rowName)] 

n=(nrow(A))^2 

sumA=sum(A) 

SqA=A*A 

sumSqA=sum(SqA) 

 

M=as.matrix((data[,2:ncol(data)])-1) 

MtM=M%*%t(M) 

 

rhs1=sum(MtM) 

rhs2=sum(MtM*A) 
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Appendix 4.2. Continued. 
 

lhs=cbind(rbind(n,sumA),rbind(sumA,sumSqA)) 

rhs=rbind(rhs1,rhs2) 

g=solve(lhs,rhs) 

#g=ginv(lhs)%*%rhs 

 

one=matrix(1,nrow=nrow(data)) 

 

G=(MtM-(g[1,1]*(one%*%t(one))))/g[2,1] 

invG=solve(G) 

} 

 

#giv = matrix(NA,nrow=((nrow(G)*nrow(G))/2),ncol=3) 

col1=NA 

col2=NA 

col3=NA 

print("Still working, this takes awhile") 

for (i in 1:nrow(invG)){ 

for (j in 1:ncol(invG)){ 

if (i >= j){ 

col1=cbind(col1,i) 

col2=cbind(col2,j) 

col3=cbind(col3,invG[i,j]) 

} 

} 

 

} 

Ginv=cbind(t(col1),t(col2),t(col3)) 

row.names(Ginv)=c(0:(nrow(Ginv)-1)) 

write.table(Ginv[-1,],"Ginv165op1.giv",sep=" ", row.names=F, 

col.names=F,quote = F) 

return(Ginv[-1,]) 

} 
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Appendix 4.3. ASReml-script used for ABLUP training, validation models. 

 

Title: Ainverse model 

 

#clone,female,male,cross,serie,site,rep,row,col,HT05s,VOL05s 

 

clone !P 

female !P 

male !P 

cross !A 

serie !A 

site !I 

rep !I 

row 

col 

HT05s VOL05s !/10 

 

pedigree.csv !SKIP 1 !ALPHA !SORT # pedigree file 

 

datafile.csv !CSV !SKIP 1 !DOPATH 1 !NODISPLAY #data file 

 

!PATH 1 #ABLUP model for volume 

 

VOL05s ~ mu site !r clone 

1 1 1 

0 0 IDEN !S2==14.7 

clone 1 

clone 0 AINV 7.9 !GF 
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Appendix 4.4. ASReml-script used for GBLUPa and GBLUPb training, validation models. 

 

Title: Ginverse model 

 

#clone,female,male,cross,serie,site,rep,row,col,HT05s,VOL05s 

 

clone !P 

female !P 

male !P 

cross !A 

serie !A 

site !I 

rep !I 

row 

col 

HT05s VOL05s !/10 

 

pedigree.csv !SKIP 1 !ALPHA !SORT # pedigree file 

 

Ginverse.giv # G-1 matrix for either GBLUPa or GBLUPb 

 

datafile.csv !CSV !SKIP 1 !DOPATH 1 !NODISPLAY #data file 

 

 

!PATH 1 #GBLUP model for volume 

 

VOL05s ~ mu site !r clone 

1 1 1 

0 0 IDEN !S2==14.7 

clone 1 

clone 0 GIV 7.9 !GF 
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Appendix 4.5. Example of numerator relationship matrix calculated for full-sib clones 1 to 5, 

and genomic relationships calculated for full-sib clones 6 to 10. The ten clones were 

produced from one single family. In the table, genetic variances are italic, genetic 

covariances are bold. Genetic variances were greater than 1 possibly due to inbreeding. 

 

 clone 

1 

clone 

2 

clone 

3 

clone 

4 

clone 

5 

clone 

6 

clone 

7 

clone 

8 

clone 

9 

clone 

10 

clone 

1 

1.04 0.54 0.54 0.54 0.54  

clone 

2 

 1.04 0.54 0.54 0.54 

clone 

3 

 1.04 0.54 0.54 

clone 

4 

 1.04 0.54 

clone 

5 

 1.04 

clone 

6 

 1.16 0.54 0.55 0.47 0.57 

clone 

7 

 1.17 0.59 0.44 0.57 

clone 

8 

 1.19 0.48 0.46 

clone 

9 

 1.15 0.65 

clone 

10 

 1.19 

 


