
ABSTRACT 

WALKER, TREVOR DAVIS. Genetic Parameters and Genomic Selection for Growth and 

Wood Quality in Pinus taeda L.. (Under the direction of Dr. Fikret Isik). 

 

Breeding is the most promising tool available for the continuous improvement of the 

productivity of managed forests, but forest tree breeding is a time-consuming and labor intensive 

process. This dissertation evaluates the use of new technologies, including rapid phenotyping of 

wood properties and applications of single-nucleotide polymorphism (SNP) markers for genomic 

prediction and their corresponding statistical analysis methods for overcoming bottlenecks in 

forest tree breeding. 

First, tools used for indirectly assessing wood stiffness and wood density (acoustic time of 

flight and drill resistance, respectively) were evaluated using measurements from 11,097 standing 

trees from 269 pollen-mix families of loblolly pine (Pinus taeda L.) in 6- to 9-year-old progeny 

tests at eight sites across the southeastern United States. Specific gravity of wood cores were 

measured on two test sites to validate the drill resistance method. The phenotypic correlation 

between specific gravity and drill resistance was moderate, but the genetic correlation was very 

strong suggesting the tool would be very effective for selection on wood density. Narrow-sense 

heritabilities for both drill resistance and acoustic time of flight were around 0.35 for individual 

trees and was very strong (0.90) for family means. High genetic correlations between pairs of sites 

indicated stable performance of genotypes across sites for both wood quality traits. Genetic 

correlations between wood quality traits and other economic traits (growth and stem straightness) 

were low except for a moderate correlation between acoustic time of flight and tree slenderness 

(rg = –0.64). The checklot ranked near the middle for both wood quality traits, implying no 

inadvertent correlated response occurred in this population that has been selected intensively for 



volume productivity. This study is the first to apply these tools in a large breeding program, and 

results suggest they are effective for selecting genotypes for wood quality. 

Second, the use of genomic markers to improve the response to selection was evaluated 

with a particular emphasis on within-family selection. A large Pinus taeda L. clonal population 

(1,831 cloned individuals) tested in multiple environments was evaluated with 723 clones from 

five full-sib families genotyped with 10,337 single-nucleotide polymorphism markers. We found 

that single-step models with genomic and pedigree-based relationships produced similar 

heritability estimates. Breeding value predictions were greatly improved with inclusion of genomic 

relationships, even when clonal replication was abundant. The improvement was limited to 

genotyped individuals and attributable to accounting for the Mendelian sampling effect. Reducing 

clonal replication by omitting data indicated that genotyping improved breeding values similar to 

clonal replication. Genomic selection predictive ability (masking phenotypes) was greater for stem 

straightness (0.68) than for growth traits (0.41 to 0.44). Predictive ability for a new full-sibling 

family was poorer than when full-sibling relationships were present between model training and 

validation sets. Species that are difficult to propagate clonally can use genotyping to improve 

within-family selection. Clonal testing combined with genotyping can produce breeding value 

accuracies adequate to graft selections directly into deployment orchards without progeny testing. 

In the final chapter, wood density and stiffness were measured using acoustic velocity and 

drill resistance on a Pinus taeda L. clonal population. Approximately 2000 individual clones were 

produced from 53 crosses among 21 parents and were tested across eight sites in the Coastal Plain 

of the southeastern US. One ramet of each clone was genotyped with 41,488 single-nucleotide 

polymorphism markers to evaluate the potential of genomic selection. Cross-validation indicated 

that the amount of relatedness between model training and validation populations strongly 



impacted predictive ability. Models that differed in their assumptions concerning the genetic 

architecture of the trait performed similarly. A genome-wide association analysis did not identify 

significant quantitative trait loci. These results suggest polygenic inheritance for wood quality and 

stiffness when measured with rapid assessment tools. Including stem slenderness phenotypes 

slightly improved genomic predictions of wood quality traits. 
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Chapter 1: Forest Tree Breeding Stands Much to Gain from New 

Technologies in Phenotyping and Genotyping 

 

Breeding is the most promising tool available for the continuous improvement of managed 

forests. Plant breeding has resulted in tremendous gains in the productivity of agricultural crops 

and has successfully avoided predicted famines in what has been called a “green revolution” 

(Khush 2001). Similarly, the genetic gains from tree breeding will play an important role for 

increasing rates of carbon sequestration to offset the emissions that threaten climate change 

(Aspinwall et al. 2012). While forest tree breeding is in its infancy compared to agriculture and 

livestock, substantial gains in economically important traits have already been acquired and 

delivered to forest managers, most notably for loblolly pine (Pinus taeda L.) in the southern United 

States (McKeand 2019). In terms of tree breeding, there is no place more relevant than the southern 

US, which has been described as the “wood-basket” of the world due to the development of pine 

plantation silviculture, catalyzed through industry-university research cooperatives (Fox et al. 

2007). Loblolly pine breeding research by such cooperatives has continued at a strong pace, and 

important topics at present include implementation of new technologies for high-throughput 

phenotyping and genotyping.  In this dissertation, results are presented from applications of new 

technologies in phenotyping and genotyping in several loblolly pine breeding populations 

developed for the southeastern United States by the NC State University Cooperative Tree 

Improvement Program populations and its members. 

While promising, forest tree breeding is not without its challenges. The process is 

expensive and time consuming, and breeders are constantly looking for new methods to increase 

efficiency. This is particularly true for traits that are difficult to phenotype, such as wood density 
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and wood stiffness. During the first 15-20 years after establishment of an operational plantation, a 

large portion of the wood volume will consist of “juvenile” wood, which is characterized by much 

poorer stiffness and strength for solid wood products. While juvenile wood properties have been 

known to be heritable and ripe for making genetic gain (Megraw 1985; Zobel and Jett 1995; 

Myszewski et al. 2004; Isik et al. 2008), they have not been subject to intensive selection. The lack 

of attention for wood properties in breeding can be attributed to the time-consuming and expensive 

process of phenotyping wood samples in the laboratory, the additional years of maturation required 

in the field tests, and the emphasis of yield traits by farmers. Recent innovations in wood sampling 

technology now allow the rapid assessment of density and stiffness on standing trees in tests, which 

is vastly more efficient and less expensive than the extraction of wood samples to be processed in 

the laboratory (Isik and Li 2003; Eckard et al. 2010). Chapter 2 in this dissertation evaluates the 

use of these tools for prediction of breeding values and genetic parameters in the Coastal 3rd-cycle 

pollen mix population of the NC State University Cooperative Tree Improvement Program. Since 

this research began, the program has routinely used the methods developed here to transfer wood 

quality breeding values to breeders, orchard managers, and forest managers allowing them to 

choose among families to deploy across their land base. 

The process of forest tree breeding is also slow, currently requiring around 14 years to 

complete a breeding cycle for loblolly pine (Isik and McKeand 2019). One of the lengthiest parts 

of the breeding cycle is characterized by waiting: young trees must mature in the field to develop 

phenotypes that are adequately correlated with the traits of interest (e.g. harvest age size) prior to 

selecting individuals to use in the next cycle of breeding (“forward” selections). For loblolly pine, 

reliable phenotypes for selection on growth traits can be obtained as early as four to six years 

(Xiang et al. 2003). The time for wood property traits to measure is longer, at around seven to nine 
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years, which results in improvement for these traits lagging behind one cycle. A conceptual 

diagram of the conventional breeding cycle is shown in Figure 1.1 (a), where crosses among 

parents in the breeding orchard are planted in progeny tests to be phenotyped after four to six years. 

In this scenario, phenotyping has two objectives: 1) phenotypes are used to identify progeny to be 

used as next-generation parents, and 2) phenotypes of progeny are used to inform which parents 

are best for deployment. These two objectives are indicated as “forward selections” and “new 

orchard parents”, respectively in bottom right blue boxes of Figure 1.1 (a). Waiting for these 

phenotypes to develop for forward selections erodes the possible annual rate of genetic gain. 

Genomic selection is a neoteric strategy to reduce the breeding cycle length by predicting 

the merit of forward selection candidates based on molecular markers, potentially bypassing the 

period of waiting for phenotypes. This is demonstrated in Figure 1.1 (b) as green boxes for 

“genotyping” and “genomic selection”. Coinciding with the development of DNA sequencing 

technology and discovery of high throughput large number of marker, Meuwissen et al. (2001) 

proposed the breakthrough statistical approach called whole-genome selection. This approach 

differed from previous applications of molecular markers in breeding by utilizing all markers to 

make predictions, rather than individual marker-trait associations. The concept depends on dense 

marker coverage and assuming at least some markers will be in linkage disequilibrium with the 

quantitative trait loci (QTL) responsible for variation in the trait of interest. While individual 

markers associated with QTL have been identified for economically important traits in forest trees 

including loblolly pine (Brown et al. 2003; Hall et al. 2016; Xiong et al. 2016), they have found 

limited use in breeding due to the complex inheritance of traits and the need for establishing the 

linkage phase between markers and QTL for every family in which the marker is to be used for 

selection. A drawback of whole-genome prediction is that the number of marker effects to estimate 
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(tens of thousands) is typically much larger than the number of phenotypes available (hundreds or 

thousands), so a shrinkage penalty factor must be applied that results in a bias of estimated marker 

effects towards zero. For this reason, genomic prediction typically acts as a “black-box” with little 

to no insight on the mode of inheritance for the modeled traits, although there are different 

statistical models that may accommodate traits with non-polygenic inheritance (Gianola 2021). 

These models differ in their method of shrinkage that correspond to different assumptions 

regarding the inheritance of the trait, such as polygenic or oligogenic/monogenic. In Chapter 4, 

models with differing assumptions regarding the kind of inheritance are evaluated for wood 

properties traits. 

Another result of the “black box” nature of genomic prediction is the requirement of close 

relatedness between the population used to train the prediction model and the genomic selection 

candidates. This has been confirmed empirically for many species (Lin et al. 2014) including 

loblolly pine (Lauer et al. 2021; Shalizi et al. 2022). Genomic prediction of unrelated populations 

is challenging for tree breeding programs due to the rapid decay of linkage disequilibrium inherent 

to their evolutionary history (longevity, wide geographic distribution, large effective population 

size and high outcrossing rate) (Isik 2014). In Chapters 3 and 4, the impact of removing relatedness 

between the training and validation populations is evaluated. In application, breeding programs 

will need to re-train genomic prediction models to update the marker-trait associations, which can 

be accomplished with the phenotypes used for selecting new orchard parents (Figure 1.1b). 

Even when phenotypes are available, genomic markers can still improve the reliability of 

breeding values predictions and produce more confident ranking of individuals for forward 

selection, especially within families. This concept is explored in Chapter 3, where the 

improvements from genotyping are compared to clonal testing, a method that has been used to 
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increase the efficiency of forward selections (White et al. 2007; Shalizi et al. 2020). The results of 

this work highlight benefits from genotyping in addition to the use of genomic selection. In Chapter 

4, we evaluate the potential for supplementing genomic prediction models for wood properties 

with phenotypes measured at the conventional age to avoid the extra years of maturation of wood 

properties. 
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1.2 Figures 

 

 

Figure 1.1 (a) The conventional breeding and progeny testing cycle where the time for phenotypes 

to mature (four to six years) is a major bottleneck to the completion of the cycle. (b) The genomic 

selection strategy allows the breeding cycle to turnover before waiting for trees to mature to 

phenotype, shaving years from the cycle and increasing the genetic gain per year. In this diagram, 

phenotypes are used in the genomic selection strategy for backwards selection of deployment seed 

and to update the genomic model training population. 

(a) Conventional breeding cycle 

 

(b) Genomic selection strategy 
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Chapter 2: Genetic Variation in Acoustic Time of Flight and Drill 

Resistance of Juvenile Wood in a Large Loblolly Pine Breeding 

Population 

Trevor D Walker, Fikret Isik, Steven E McKeand 

Forest Science 65(4): 469-482 

2.1 Abstract 

Acoustic time of flight and drill resistance (surrogates for wood stiffness and density, 

respectively) were measured on 11,097 standing trees from 269 pollen-mix families of loblolly 

pine (Pinus taeda L.) in 6- to 9-year-old progeny tests at eight sites across the southeastern United 

States. Specific gravity was measured on two test sites. The phenotypic correlation between 

specific gravity and drill resistance was moderate (r = 0.68), whereas the genetic correlation was 

very strong (rg = 0.96). Narrow-sense heritabilities for acoustic time of flight and drill resistance 

were around 0.35 for individual trees and very strong (0.90) for family means. High genetic 

correlations (>0.80) between pairs of sites suggested a low genotype-by-environment interaction 

for both traits. Genetic correlations between wood quality traits and other economic traits (growth 

and stem straightness) were low except for a moderate correlation between acoustic time of flight 

and tree slenderness (rg = –0.64). The checklot ranked near the middle for both wood quality traits, 

implying no inadvertent selection occurred in this population that has been selected intensively for 

volume productivity. This study is the first to apply these tools in a large breeding program, and 

results suggest they are effective for selecting genotypes for wood quality. 

2.2 Introduction 

The productivity of pine plantations in the southeastern United States has been accelerated 

by intensive silviculture and the deployment of genetically improved families, such that trees reach 
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a harvestable size at younger ages (Allen et al. 2005).  The quality of wood for solid-wood products 

is most dependent on the tree’s age, and an increasing proportion of the wood harvested over the 

last few decades has come from lower-quality juvenile wood, which is characterized by rapid 

changes in wood density, stiffness, and strength properties from ring to ring (Zobel and Sprague 

1998).  Genetic variation in loblolly pine (Pinus taeda L.) juvenile wood properties has been well-

established for decades for traits such as specific gravity (Megraw 1985; Zobel and Jett 1995), 

fiber length (Sykes et al. 2003), and microfibril angle in cell walls (Myszewski et al. 2004; Isik et 

al. 2008).  However, these traits have historically been burdensome to include in forest tree 

breeding programs due to the high cost of direct measurement.  Relatively recent innovations in 

wood assessment tools enable the non-destructive and rapid measurement of standing trees.  These 

innovations include tools that measure acoustic stress-wave velocity as a surrogate for wood 

bending strength/stiffness (Wang et al. 2000) and micro-drill resistance as a surrogate for wood 

density (Isik and Li 2003).  These tools are a practical solution to measure wood quality traits at a 

cost that is suitable for ranking families from progeny tests (Eckard et al. 2010). 

Wood stiffness is primarily quantified by modulus of elasticity (MOE), the resistance to 

deflection under a load.  MOE is traditionally determined by a static bending test in which a wood 

section of fixed dimensions and moisture content is subjected to a known load, but this process is 

costly and requires destructive sampling of trees.  Acoustic tools have been developed to indirectly 

measure MOE from standing trees by using the relationship between the velocity of acoustic stress 

waves through a wooden member and its stiffness, called the dynamic modulus of elasticity:  

𝑀𝑂𝐸𝐷 = 𝜌𝑉2, where 𝑉2 is the square of the acoustic velocity (m/s) and 𝜌 is the green density 

(kg/m3) (Lindström et al. 2002).  Green density of standing tree sapwood tends to vary little and is 

typically assumed constant (Lindström et al. 2004; Lasserre et al. 2005).  Strong correlations have 



 

12 

 

been reported between acoustic measurements and MOE for individual trees (Shmulsky et al. 

2006; Mora et al. 2009), and the tool has been demonstrated as effective at grading logs for 

structural lumber (Wang et al. 2004; Butler et al. 2017).  In standing trees, acoustic measurements 

correspond to only the outermost rings; however, Grabianowski et al. (2006) found that acoustic 

measurements of standing trees were well-correlated with lumber cut from the center of the tree 

for 8 to 11-year-old Pinus radiata D. Don.  Genetic correlations between MOE and acoustic values 

have been found to be moderately strong in juvenile loblolly pine (Eckard et al. 2010) and strong 

in mature Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco) (Cherry et al. 2008).  Strong genetic 

correlations have been reported for various conifers between acoustic velocity and the microfibril 

angle in cell walls (MFA) (Lindström et al. 2004; Isik et al. 2011; Lenz et al. 2013), the property 

of wood most associated with MOE. 

Heritability estimates of acoustic values tend to be strong in pine progeny tests.  Individual-

tree narrow-sense heritability estimates around 0.4 have been found in 16-year-old loblolly pine 

(Grans 2012), eight year old slash pine (P. elliotii Engelm.) (Li et al. 2007), and 12-year-old P. 

radiata D. Don. (Kumar et al. 2002).  For loblolly pine, Isik et al. (2011) reported individual-tree 

heritabilities ranging from 0.30 to 0.76 and half-sibling family mean heritabilities ranging from 

0.81 to 0.87 from three different diallel series (each with four test sites) in the southeast US (ages 

ranging from 14 to 19 years old).  Grans (2012) reported a half-sibling family mean heritability of 

0.90 across varying levels of weed control and fertilization in 16-year-old loblolly pine. 

Wood density or specific gravity is the most widely used wood property due to its 

association with the yield and quality of solid wood products (Zobel and Buijtenen 1989).  Specific 

gravity/wood density has traditionally been measured using either a volumetric approach (ASTM 

2002) or X-ray densitometry (Cown and Clement 1983), both of which require a time-consuming 
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process of extraction of increment cores to be processed later in the laboratory.  Micro-drill 

resistance tools record the amplitude required to drill a fine needle at a constant speed through 

wood, and are commonly used to detect internal defects/decay of pole or live trees (Rinn 1988). 

Using drill resistance as an indirect measure of wood density in live trees has shown a strong 

potential for among-family selection in tree breeding programs (Isik and Li 2003).  While drill 

resistance values for individual trees tend to display a weak to moderate correlation with wood 

density, very strong genetic correlations (greater than 0.90) have been found for multiple pine 

species, including loblolly pine (Isik and Li 2003), P. radiata and P. caribaea Morlet var. 

hondurensis (Gantz 2002), shortleaf pine (P. echinata Mill.) (Gwaze and Stevenson 2008), and 

maritime pine (P. pinaster Ait.) (Bouffier et al. 2008).  Those studies also observed heritabilities 

of drill resistance to be comparable to those of wood density (Zobel and Buijtenen 1989).  Indirect 

selection for wood density using drill resistance was concluded to be cost-efficient and would 

result in greater gains per unit time than direct selection on wood density in loblolly pine (Eckard 

et al. 2010); however, the large-scale implementation of this technology has not yet been reported 

by pine breeding programs. 

In pine breeding populations, the presence of genotype by environment interaction (GxE) 

is unfavorable as it causes uncertainty in genotype performance across sites (McKeand et al. 2006).  

Family rankings for acoustic values were found to be moderately stable for juvenile wood of 139 

slash pine families across six sites (Li et al. 2007) and stable for P. radiata (Kumar 2004) and 

juvenile loblolly pine families (Raley et al. 2007) across fewer sites.  Specific gravity and wood 

density have been found to have low GxE for slash pine (Rockwood et al. 1985) and P. radiata 

(Baltunis et al. 2010) and limited for loblolly pine (Byram and Lowe 1988; Jett et al. 1991).  No 

significant GxE in acoustic velocity or wood density was found among open-pollinated families 
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of loblolly pine exposed to differing levels of fertilization and weed-control by Grans (2012).  

Experiments with many test sites that are well-connected with a large number of families/parents 

are required to rigorously assess genotype by environment interaction; hence, estimates of the 

stability of acoustic and drill resistance values for loblolly pine across multiple environments are 

lacking for the southeastern US. 

Genetic correlations between wood quality and other traits of economic interest such as 

volume productivity should be of great concern for tree breeding programs.  For some forest tree 

species, wood density traits have displayed undesirable genetic correlations with volume (Hannrup 

et al. 2004; Gapare et al. 2009) or diameter (Baltunis et al. 2010).  Genetic correlation estimates 

between density of loblolly pine wood and growth rate have been mixed.  Byram and Lowe (1998) 

and Belonger et al. (1996) both found unfavorable correlations, although the source of the 

correlation in both studies could be attributed to families from provenances that tended to be slower 

growing and have higher wood density.  Others studies have found weak or no genetic correlation 

among wood density and growth (Williams and Megraw 1994; Grans 2012).  Populations 

containing advanced-generation families tested alongside non-improved families are needed to 

assess how selection for increased growth may have impacted wood density.  Genetic correlations 

among growth traits and acoustic stiffness were found to be minimal in juvenile wood of slash 

pine (Li et al. 2007) and loblolly pine (Grans 2012), with the exception of weak to moderate 

positive (favorable) correlations with tree height in both species (Li et al. 2007; Grans 2012).   

Variation in wood stiffness has been correlated with differences in tree slenderness (e.g. 

height to DBH ratio) among sites (Watt et al. 2006) and silviculture intensity (Roth et al. 2007), 

with environments that induce slenderness (e.g. higher stand density, higher site index) also 

producing stiffer wood (Lasserre et al. 2005; Watt and Zoric 2010; Antony et al. 2012b; Merlo et 
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al. 2014).  There is a sound theoretical basis for the relationship between stiffness and slenderness 

based on Euler’s buckling formula, which presents a critical height that a tree stem with a given 

diameter and green density can reach before buckling (Greenhill 1881; Watt et al. 2006). Genetic 

correlations between tree slenderness and stiffness have been observed among full-sibling families 

of loblolly pine (Roth et al. 2007), clones of P. radiata (Lasserre et al. 2008), open-pollinated 

Douglas-fir (Johnson and Gartner 2006), and cultivars of Cryptomeria japonica (Kijidani et al. 

2009). However, no studies have estimated the genetic correlation across a large number of 

loblolly pine families/parents. 

The potential for routine application of acoustic and drill resistance tools for selection in 

pine breeding programs has been well established.  However, there are no studies of loblolly pine 

acoustic stiffness containing large number of parents tested across multiple environments, and no 

studies for drill resistance for any forest tree species.  Such studies are needed to rigorously assess 

genotype by environment interaction, robustly estimate genetic parameters, and identify 

extraordinary parents.  This study reports on the first wide-scale implementation of these wood 

assessment tools in loblolly pine progeny tests, consisting of around 11,000 progeny from 269 

parents tested across multiple environments in the southeastern US. 

The objectives of this study were to 1) estimate genetic parameters for acoustic values and 

drill resistance, 2) quantify genotype by environment interaction, and 3) evaluate genetic 

correlations between these wood quality traits and other traits of interest (e.g. volume, stem 

straightness) in a large population of loblolly pine.  

2.3 Materials and methods  

2.3.1 Experimental design and genetic material  

The data come from eight progeny test sites of a Coastal Plain population of loblolly pine 

in the southeastern United States (Figure 2.1).  Test sites were established from 2005 through 
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2007 as part of the third-cycle breeding program of the NC State University Cooperative Tree 

Improvement Program (McKeand and Bridgwater 1998).  Planting densities for the test sites 

ranged from 1,345 to 1,630 trees per hectare.  Each progeny test had a randomized complete block 

design with 20 blocks per site.  Each block contained around 70 genetic entries with one entry per 

block (single-tree plots).  Test sites established within the same year contained very similar sets of 

genotypes (a series).  Two test sites were assessed for each series, selected based on good 

heritability of growth traits and low fusiform rust incidence.  The amount of overlap across test 

series ranged from six to fourteen genotypes and a checklot (Appendix Table A1).  There was 

also pedigree connectivity between test series with the sum of twice the pairwise coancestry 

coefficients ranging from 11.9 to 26.6 between series.  

The genetic entries consisted of pollen-mix families (assumed to be half-siblings) from 269 

females consisting of 68 first-generation, 155 second-generation, and 46 third-generation 

selections. The pollen-mix consisted of 20 male parents chosen to represent average (for volume) 

second-cycle families for the region. A checklot was included in each block that consisted of 

bulked seed from 10 average (for volume) second-cycle females that were mated with the pollen-

mix previously described. 

2.3.2 Measurements  

Trees were assessed for height, diameter at breast height (DBH), and stem straightness at 

age 5-7 years after planting.  Stem straightness was assessed on a normalized 6-point scale (1 to 

6) where lower values indicate a straighter stem (Williams and Lambeth 1989).  The average score 

at each test site was a target of 3.5 with approximately 95% of trees having a score of 2 through 5.  

Total tree volume outside bark was calculated from height and DBH using the combined-variable 

equation from Sherrill et al. (2011). 
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Wood quality traits were assessed on living trees without severe damage or lean at ages 6-

9 years after planting.  The Fakopp TreeSonic (Huang 2005) was used to measure stress wave time 

of flight (in microseconds per meter) near breast height on the clearest face of the tree, avoiding 

branches and defect.  As recommended in the user guide (Fakopp Enterprise 2005), three 

measurements were taken per tree. Very strong agreement was observed among the three 

measurements (correlation greater than 0.99), and the mean of the three measurements for each 

tree was used for analysis. 

Drill resistance values (measured in the units of relative amplitude percent) were obtained 

with the IML Resistograph PD400.  Trees without severe damage or lean were drilled near breast 

height while aiming for the pith and avoiding defect.  The drill resistance traces were trimmed of 

the exit path (readings taken after the drill bit has exited the far side of the tree bole) using a change 

point analysis with at most one change in the variance (Killick and Eckley 2014) (an example is 

displayed in Figure 2.2).  To assure that the algorithm was successful for each tree, the trimmed 

traces were split in half, and the mean amplitudes for the two halves were compared.  The traces 

for trees with poor agreement between the two halves were inspected individually.  It was found 

that most misclassifications of the bole exit were due to the drill entering a branch after exiting the 

far side of the tree, in which case the trace was manually corrected.  Bark near the drill entry was 

not removed from the trace due to the inability of the change point algorithm to consistently locate 

the transition of bark to wood. 

The accumulation of shaft friction (also known as drill bit drag) in the drill resistance trace 

results in a positive correlation between tree DBH and mean drill amplitude.  This issue has been 

handled by other researches with a variety of methods, such as using a linear correction factor 

(Gantz 2002), subtraction of moving averages (Isik and Li 2003; Eckard et al. 2010), and simply 
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sub setting the first portion of the trace (Bouffier et al. 2008; Gwaze and Stevenson 2008).  After 

evaluating the correlations between the processed drill resistance values and specific gravity using 

various methods of processing, we decided to use the first half of the trace (Figure 2.2) due to its 

simplicity and likely avoidance of the majority of shaft friction.  The association between DBH 

and mean drill resistance disappeared when using the first half of the trace, suggesting that the 

friction had been successfully alleviated.   After processing the trace, the relative amplitude values 

were averaged to create a single drill resistance value per tree for analysis. 

Volumetric specific gravity was measured from 12 mm wood cores taken at breast height 

using a gas-powered increment borer on two of the test sites (CPMX1-2 and CPMX1-9).  Each 

core included the complete diameter of the tree and intersected the pith.  In the laboratory, cores 

were soaked in water until completely saturated. Once saturated, cores were weighed on a scale to 

get the saturated weight (in air) and then weighed in a wire basket suspended from a scale and 

submerged in water to get the saturated weight in water. Cores were then transferred to a 100°C 

oven to dry for a period of 48 hours to obtain dry weight.  Specific gravity was determined for 

each core as the oven dry weight divided by the difference of the core weight in air and the core 

weight in water.  Specific gravity measurements were available for 1152 and 1309 trees for sites 

CPMX1-2 and CPMX1-9, respectively. 

2.3.3 Statistical analysis   

2.3.3.1 Regression of specific gravity on drill resistance for individual trees  

Specific gravity measured from wood cores was modeled with a multiple linear regression 

to evaluate the amount of phenotypic variation in specific gravity explained by drill resistance 

measured on individual trees.  The model used had the form: 

y𝑖 = 𝛽0 + 𝛽1𝑋1𝑖 + 𝛽2𝑋2𝑖 + ⋯+ 𝜀𝑖             (Eq. 1) 
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where y𝑖 is the specific gravity for the 𝑖th tree, 𝑋1𝑖 is the drill resistance measured for tree 𝑖, 𝑋2𝑖 is 

an indicator variable with value of 1 or zero depending on which of the two sites tree 𝑖 is located, 

𝛽0 is the fixed effect of the overall mean plus the effect of baseline site (CPMX1-2), 𝛽1 is the 

change in specific gravity expected for a one unit increase in drill resistance, 𝛽2 is the effect of the 

second site (CPMX1-9), and 𝜀𝑖 is the random residual error distributed normally with mean 0 and 

constant variance.  Other terms such as the site by drill resistance interaction and covariates 

(height, DBH, straightness score, height to DBH ratio) were tested for statistical significance using 

the t-statistic of the corresponding 𝛽. 

2.3.3.2 Multi-environmental trials models  

To facilitate model convergence, measurements for each trait were standardized to have a 

mean of 100 and a standard deviation corresponding to the coefficient of variation at each test site.  

Multi-environmental trials mixed models were used to estimate genetic parameters and evaluate 

patterns of genotype by environment interaction.  The linear model was 

y𝑖𝑗𝑘𝑙 =  μ + 𝑆𝑖 + 𝑆𝐵𝑗(𝑖) + 𝑆𝐹𝑘(𝑖) + 𝑒𝑖𝑗𝑘𝑙     (Eq. 2) 

where y𝑖𝑗𝑘𝑙 is the observed trait value for the 𝑙th tree, 𝜇 is the overall mean, 𝑆𝑖 is the fixed effect 

of site 𝑖, 𝑆𝐵𝑗(𝑖) is the random effect of 𝑗th block nested within site 𝑖, 𝑆𝐹𝑘(𝑖) is the random GCA 

effect of parent 𝑘 nested within site 𝑖, and 𝑒𝑖𝑗𝑘𝑙 is the residual variance.  The form of Eq. 2 

implicitly models genotype by environment interaction with a consolidated term 𝑆𝐹𝑘(𝑖) that 

predicts the effect of each genotype nested within a site.  A variance-covariance matrix of these 

effects permits modeling the genotype by environment interaction by estimating covariances (or 

correlations) between pairs of sites (Isik et al. 2017).  The variance of y is  Var(𝐲) = 𝐙𝐆𝐙𝑇 + 𝐑 

where 𝐆 is the variance-covariance matrix of random effects, 𝐙 is an incidence matrix relating 

observations to the random effects, and 𝐑  is the variance-covariance matrix of random residuals.  
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The matrix 𝐆 has a diagonal structure 𝐆𝒈 ⊕ 𝐆𝒑 where 𝐆𝒈 is covariance structure for the GCA 

term nested within site effect and 𝐆𝒑 is the covariance structure for random block effect. The 

variance of additive genetic effects was modeled as 𝐆𝒈 =  𝐀 ⊗ 𝐆𝒈𝒙𝒆 where 𝐀 is the numerator 

relationship matrix and 𝐆𝒈𝒙𝒆 is the additive genetic variance-covariance matrix among pairs of 

sites.  Preliminary analysis indicated that the distribution of block effects and residual errors varied 

from site to site, so heterogeneous variances were modeled for block nested within site as 𝐆𝒑 =

 ⊕𝑖=1
8 𝜎𝐵(𝑆)𝑖

2  and for the residuals as 𝐑 = ⊕𝑖=1
8 𝜎𝑒𝑖

2 . 

To characterize the patterns of genotype by environment interaction in the data, we 

compared model fit statistics (Akaike information criteria (AIC), Bayesian information criteria 

(BIC)) for several forms of 𝐆𝒈𝒙𝒆.  The most restrictive form considered was the compound 

symmetry (CS), which assumes homogenous GCA variance across sites and a constant (uniform) 

covariance among sites.  Next, heterogeneous GCA variances for each site were allowed while 

maintaining a uniform covariance/correlation across sites (CORUH model).  The most general 

form would be an unstructured variance-covariance matrix with an estimated GCA variance at 

each site and a different covariance between each pair of sites; however, this structure requires 

considerably more parameters to estimate, and model convergence is typically difficult (Isik et al. 

2017). In this study with 8 sites, there are 8(8 + 1)/2 = 36 genetic parameter estimates required for 

the unstructured form of 𝐆𝒈𝒙𝒆; however, it is unlikely that all 36 parameters are needed to explain 

the patterns of genotype by environment interaction.  Factor analytic models make use of 

dimension reduction methods to condense the number of parameters to be more manageable for 

estimation (Gilmour et al. 2014).  The order of the factor analytic model (e.g. FA1, FA2) 

corresponds with the number of latent variables used to reduce the dimensionality of the 

covariance structure, and is typically decided post-hoc by comparing model fit statistics. 
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Heritabilities were calculated using linear combination of variance components estimated 

with the CS model (Isik et al. 2017): the narrow-sense individual-tree heritability (ℎ𝑖
2) is given by 

ℎ𝑖
2 = 

4𝑟𝑔𝜎𝐹(𝑆)
2

𝜎𝐹(𝑆)
2 + 𝜎̅𝑒

2    (Eq. 3) 

where 𝑟𝑔 is the estimated genetic correlation among pairs of sites, 𝜎𝐹(𝑆)
2  is the estimated GCA 

variance within site, and 𝜎̅𝑒
2 is the mean of the site-specific residual variance estimates.  The 

family-mean heritability across multiple sites was estimated as 

ℎℎ𝑠
2 = 

𝑟𝑔𝜎𝐹(𝑆)
2

𝜎𝐹(𝑆)
2

𝑠
+

(𝑠−1)𝑟𝑔𝜎𝐹(𝑆)
2

𝑠
+ 

𝜎̅𝑒
2

𝑠𝑛ℎ

   (Eq. 4) 

where 𝑠 is the number of sites and 𝑛ℎ is the harmonic mean number of replicates per family per 

site. 

2.3.3.3 Multivariate models 

Multivariate mixed models were used to estimate genetic and environmental correlations 

among the wood quality and growth traits.  The mixed model can be extended to a multivariate 

model as 

𝐲𝑗 = 𝐗𝑗𝐛𝑗 + 𝐙𝟏𝑗
𝐮𝑗 + 𝐙𝟐𝑗

𝐚𝑗  + 𝐞𝑗  (Eq. 5) 

where the subscript j indicates the trait. The expectation of the fixed effects (trait mean and test 

site mean for each trait) is E(𝐲𝑗) = 𝐗𝑗𝐛𝑗.   The incidence matrices 𝐙𝟏𝑗 and 𝐙𝟐𝑗 relate the 

observations to the block (nested within test site) and female (nested within test site) with random 

effects 𝐮𝑗 and 𝐚𝑗, respectively, for trait j.  The residual error was assumed 𝐞𝑗  ~ MVN(𝟎, 𝐑 ⊗

𝐈) where 𝐈 is an identity matrix with dimensions equal to the number of observations and  
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𝐑 = 

[
 
 
 
 
 

𝜎𝑒𝑇𝑂𝐹
2 𝜎𝑒𝑇𝑂𝐹 𝐷𝑅

𝜎𝑒𝑇𝑂𝐹 𝐻𝑇
𝜎𝑒𝑇𝑂𝐹 𝑉𝑂𝐿

𝜎𝑒𝑇𝑂𝐹 𝑆𝑇𝑅

𝜎𝑒𝑇𝑂𝐹 𝐷𝑅
𝜎𝑒𝐷𝑅

2 𝜎𝑒𝐷𝑅 𝐻𝑇
𝜎𝑒𝐷𝑅 𝑉𝑂𝐿

𝜎𝑒𝐷𝑅 𝑆𝑇𝑅

𝜎𝑒𝑇𝑂𝐹 𝐻𝑇
𝜎𝑒𝐷𝑅 𝐻𝑇

𝜎𝑒𝐻𝑇
2 𝜎𝑒𝐻𝑇 𝑉𝑂𝐿

𝜎𝑒𝐻𝑇 𝑆𝑇𝑅

𝜎𝑒𝑇𝑂𝐹 𝑉𝑂𝐿
𝜎𝑒𝐷𝑅 𝑉𝑂𝐿

𝜎𝑒𝐻𝑇 𝑉𝑂𝐿
𝜎𝑒𝑉𝑂𝐿

2 𝜎𝑒𝑉𝑂𝐿 𝑆𝑇𝑅

𝜎𝑒𝑇𝑂𝐹 𝑆𝑇𝑅
𝜎𝑒𝐷𝑅 𝑆𝑇𝑅

𝜎𝑒𝐻𝑇 𝑆𝑇𝑅
𝜎𝑒𝑉𝑂𝐿 𝑆𝑇𝑅

𝜎𝑒𝑆𝑇𝑅
2

]
 
 
 
 
 

 (Eq. 6) 

 

where 𝜎𝑒𝑗
2  is the residual variance for trait 𝑗, 𝜎𝑒𝑗𝑘

 is the residual covariance between traits 𝑗  and 𝑘, 

and TOF, DR, HT, VOL, and STR refer to the acoustic time of flight, drill resistance, height, 

volume and straightness score, respectively.  The vector of general combining ability effects 𝐚𝑗 

was assumed to be distributed as 𝐚𝑗  ~ MVN(𝟎, 𝐀 ⊗ 𝐆𝑴𝒇) with an unstructured form for the 

variance-covariance matrix of genetic effects among traits as  

𝐆𝑴𝒇 = 

[
 
 
 
 
 
 

𝜎𝐹𝑇𝑂𝐹

2 𝜎𝐹𝑇𝑂𝐹 𝐷𝑅
𝜎𝐹𝑇𝑂𝐹 𝐻𝑇

𝜎𝐹𝑇𝑂𝐹 𝑉𝑂𝐿
𝜎𝐹𝑇𝑂𝐹 𝑆𝑇𝑅

𝜎𝐹𝑇𝑂𝐹 𝐷𝑅
𝜎𝐹𝐷𝑅

2 𝜎𝐹𝐷𝑅 𝐻𝑇
𝜎𝐹𝐷𝑅 𝑉𝑂𝐿

𝜎𝐹𝐷𝑅 𝑆𝑇𝑅

𝜎𝐹𝑇𝑂𝐹 𝐻𝑇
𝜎𝐹𝐷𝑅 𝐻𝑇

𝜎𝐹𝐻𝑇

2 𝜎𝐹𝐻𝑇 𝑉𝑂𝐿
𝜎𝐹𝐻𝑇 𝑆𝑇𝑅

𝜎𝐹𝑇𝑂𝐹 𝑉𝑂𝐿
𝜎𝐹𝐷𝑅 𝑉𝑂𝐿

𝜎𝐹𝐻𝑇 𝑉𝑂𝐿
𝜎𝐹𝑉𝑂𝐿

2 𝜎𝐹𝑉𝑂𝐿 𝑆𝑇𝑅

𝜎𝐹𝑇𝑂𝐹 𝑆𝑇𝑅
𝜎𝐹𝐷𝑅 𝑆𝑇𝑅

𝜎𝐹𝐻𝑇 𝑆𝑇𝑅
𝜎𝐹𝑉𝑂𝐿 𝑆𝑇𝑅

𝜎𝐹𝑆𝑇𝑅

2
]
 
 
 
 
 
 

 (Eq. 7) 

 

where 𝜎𝐹𝑗

2  is the additive genetic variance for trait 𝑗 and 𝜎𝐹𝑗𝑘
 is the additive genetic covariance 

between traits 𝑗  and 𝑘.  During model fitting, a correlation parameterization (CORGH) was used 

to facilitate convergence of parameter estimates.  The trait by family by site variance-covariance 

matrix 𝐆𝑴𝒈𝒙𝒆 was first assumed to be diagonal and gradually relaxed to more general structures 

(CORUH, FA1, FA2).  The block nested within test site effects (𝐆𝑴𝒑𝑗
) were assumed to be 

distributed 𝐮𝑗  ~ MVN(𝟎, 𝐈𝒑𝜎𝑝𝑗
2 ) where 𝜎𝑝𝑗

2  is a homogenous, independent block variance for each 

trait (diagonal structure). 

Additive genetic correlations between traits 𝑥 and 𝑦 were calculated as 
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𝑟𝐴(𝑥𝑦) = 
𝜎𝐹(𝑥𝑦)

√𝜎𝐹(𝑥)
2 𝜎𝐹(𝑦)

2
   (Eq. 8) 

Similarly, environmental correlations were calculated between traits using residual variances and 

covariances. 

Specific gravity was modeled in separate bivariate analyses with drill resistance and time 

of flight.  Tree slenderness (quantified as height to DBH ratio) was modeled similarly in a bivariate 

analysis with time of flight. 

All genetic models were fit using the software ASReml 4.0 (Gilmour et al. 2014).  The 

standard error of linear combinations of variance components (e.g. heritabilities, genetic 

correlations) were approximated using a Taylor series expansion (delta method) as implemented 

by the VPREDICT statement in ASReml.  

2.4 Results  

2.4.1 Phenotypic variation among sites  

Descriptive statistics and sample size by test are given in Table 2.1.  Note that smaller 

values of time of flight correspond with faster acoustic stress waves and are associated with stiffer 

wood.  There was considerable variation in time of flight among sites (Figure 2.3), even within 

the same series (same set of families), e.g. site CPMX4-1 had a mean near 500 microseconds per 

meter (μs/m) while the mean of site CPMX4-2 was less than 400 μs/m.  The most inland sites 

(CPMX2-9, CPMX3-7, and CPMX4-1) had the slowest time of flight values as well as the shortest 

height means (Table 2.1). Height and time of flight had a moderately negative phenotypic 

correlation (-0.57) across all trees measured (Appendix Figure B1).  There were also noticeable 

differences in the variance of time of flight values among sites.  Variation among drill resistance 

site means was present but was not as prevalent as that of time of flight (Figure 2.3).  Sites closer 
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to the Atlantic coast (CPMX1-9, CPMX2-2, CPMX4-2) had higher mean drill resistance; however, 

there was a large amount of variation among trees within each site.  

2.4.2 Regression of specific gravity on drill resistance 

The phenotypic correlation between wood specific gravity and drill resistance was 0.68.  

The multiple linear regression of specific gravity on drill resistance and the site effect explained 

64 percent of the variation in specific gravity (Figure 2.4).  The range in specific gravity values 

observed (0.31 to 0.53) would be considered typical of a loblolly pine stand with mixed genetics 

(Zobel and Jett 1995).  The site by drill resistance interaction term was not statistically significant 

(P = 0.112), suggesting that a unit increase in drill resistance produces a constant increase in 

specific gravity, regardless of the two test sites evaluated.  The slope estimate indicates that a 10 

unit increase in drill resistance (relative amplitude) measured on a living tree implies a 0.0551 

increase in wood specific gravity measured from wood cores.  Adding the DBH as a covariate to 

the model explained significantly more variation after accounting for the effects of site and drill 

resistance.  The slope estimate for DBH was negative, indicating that for a given drill resistance 

value and test site, larger diameter trees tend to have lower specific gravity (results not shown). 

2.4.3 Genetic parameters and GCA predictions from multi-environmental trials models  

Relatively simple models, such as compound symmetry (CS) and uniform correlation with 

heterogeneous variances (CORUH) produced better fit statistics to model GxE for both acoustic 

time of flight and drill resistance (Table 2.2).  This suggests that the genetic correlation between 

pairs of sites tends to be constant.  The superior AIC and BIC of the CS model for acoustic time 

of flight indicated that sites had a similar magnitude in their genetic variance.  The superior AIC 

for the CORUH model of drill resistance suggested that the magnitude of the genetic variance may 
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vary across sites, but the more conservative fit statistic BIC favored a constant genetic variance 

across sites. 

Individual tree narrow-sense heritabilities for time of flight and drill resistance were 0.39 

and 0.28, and family mean heritabilities were 0.92 and 0.91, respectively (Table 2.3).  For specific 

gravity, individual tree and family-mean heritabilities were 0.71 and 0.84 (estimated from two sites 

with the same set of families). All heritability estimates had low standard errors, except specific 

gravity (which was only measured on two sites).  Heritabilities for height, diameter, and stem 

straightness were consistent with previous literature (Isik et al. 2005; McKeand et al. 2008; 

Cumbie et al. 2012).  

The across site additive genetic correlations for time of flight and drill resistance were 0.85 

and 0.97, respectively (Table 2.3).  The height and volume site-site genetic correlations were 0.55 

and 0.65, respectively, which are lower than has been reported in the literature (McKeand et al. 

2006; Ogut et al. 2014).  The straightness score among-site genetic correlation was 0.80. 

Predicted GCA values were obtained at each site using the model with the best BIC statistic 

(Figure 2.5).  The GCA predictions indicated stable family performance across sites for acoustic 

time of flight and drill resistance, especially for families that ranked in the top 10%.  For example, 

the parent with the best drill resistance ranked first on all four sites where it was tested.  There was 

a parent tested in the CPMX2 series with a very low (favorable) GCA prediction for time of flight.  

The checklot ranked near the population mean consistently across sites both traits. 

2.4.4 Genetic correlations among traits 

The multivariate model selection process is presented in Table 2.4.  Considerable 

improvements in model fit were achieved by allowing more general forms of the random effects 

variance-covariance matrices.  As expected, model convergence was not achievable for a 
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completely unstructured parameterization for all random terms.  The factor analytic (FA) 

covariance structures proved efficient compared to uniform correlation structures for multivariate 

models.  The best fit model had an unstructured residual, general correlation (CORGH) for trait 

by genotype, and FA for trait by genotype by test site variance-covariance structure.   

The genetic correlation estimate between acoustic time of flight and volume was weak 

(0.09) (Figure 6).  Time of flight had slightly favorable genetic correlations with drill resistance (-

0.24), height (-0.23), and straightness score (0.33).  The genetic correlation between drill resistance 

and volume was also weak (-0.01), and slight favorable genetic correlations were found between 

drill resistance and height (0.33) and drill resistance and straightness score (-0.19).  Wood quality 

traits had weak environmental correlations with growth traits and stem straightness. 

Drill resistance and specific gravity had a very strong genetic correlation (0.96), 

corroborating the use of this tool for indirect selection (Figure 2.7 (a)).  The genetic correlation 

between time of flight and specific gravity (-0.40) was also slightly favorable (Figure 2.7 (b)).  

The environmental correlation between drill resistance and specific gravity was moderate (0.47), 

indicating that there are one or more factors other than genotype that affect these traits concurrently 

within a test site and block. 

A moderate genetic correlation (-0.64) was found between acoustic time of flight and the 

ratio of height to DBH, a measure of tree slenderness (Figure 2.7 (c)).  There was a parent with a 

very high GCA prediction for acoustic time of flight that also had a very high GCA value for height 

to diameter ratio (Figure 2.7 (c)).  When excluding this family from the analysis, the genetic 

correlation of acoustic time of flight and tree slenderness dropped but was still moderately high (-

0.60).  When including height to DBH ratio as a covariate in the multi-environmental trials model, 

the individual-tree narrow sense heritability for time of flight dropped from 0.39 to 0.34, indicating 
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that genetic variation in slenderness accounts for a portion of the genetic variation in stiffness. The 

environmental correlation estimate between time of flight and height to DBH ratio was -0.32, 

suggesting that variation within a block other than genotype affects these traits concurrently. 

2.5 Discussion  

2.5.1 Acoustic time of flight  

The heritability estimates for acoustic time of flight (0.39 for individual trees and 0.92 for 

family means) were stronger than those for the growth traits and indicated that selection for wood 

stiffness would be effective.  Very similar individual-tree narrow-sense heritabilities have been 

reported for 16-year-old loblolly pine (Grans 2012) and eight-year-old slash pine (Li et al. 2007) 

in the southeastern US.  The range of site-specific heritabilities (Appendix Table A2) were similar 

to those reported in smaller studies for loblolly pine (Raley et al. 2007; Isik et al. 2011) and P. 

radiata (Kumar et al. 2002; Matheson et al. 2008).  The family mean heritability estimated in our 

study was slightly stronger than has been previously reported in smaller studies of loblolly pine 

(Isik et al. 2011; Grans 2012).  Other wood properties associated with stiffness (e.g. MOE 

measured directly, MFA) have been shown to have a moderate to high genetic control in juvenile 

wood of pine (Sykes et al. 2006; Baltunis et al. 2007; Isik et al. 2008). 

The correlation of half-sibling family performance among sites was high for acoustic time 

of flight (0.85), suggesting that only small amounts of genotype by environment interaction exist.   

Low GxE was also apparent for the parents ranking in the best 10% of both traits, as indicated by 

only a few non-parallel lines in Figure 2.5 among those parents.  Li et al. (2007) reported a slightly 

lower Type B genetic correlations for acoustic velocity in juvenile slash pine across 6 testing 

environments.  Raley et al. (2007) found no significant genotype by environment interaction across 

three tests of juvenile loblolly pine for acoustic velocity, but the test environments were described 

as being very similar. 
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The genetic correlation estimated between acoustic time of flight and volume was weak 

(0.09), indicating that these two traits are likely controlled by different sets of genes and selection 

on one trait would not affect the other. Furthermore, the checklot ranked near the population mean, 

suggesting that no inadvertent selection has occurred for juvenile wood stiffness in this population, 

which has been selected intensively for volume (the checklot was in the lowest quartile for 

volume).  Weak genetic correlations between acoustic values and tree volume were also observed 

in 16 year-old loblolly pine by Grans (2012) and in 8-year-old slash pine by Li et al. (2007).  

Similar to both of those studies, we also observed a slight favorable genetic correlation between 

acoustic values and tree height.  Li et al. (2007) hypothesized that the increased stiffness associated 

with taller trees may be due to increased tracheid elongation (which is related to higher MFA) or 

increased latewood associated with a later cessation of growth prior to annual dormancy.  Those 

studies did not estimate genetic correlations between acoustic values and height to DBH ratio 

(slenderness), which we found to be moderately strong (-0.64). 

The relationship between wood stiffness and tree slenderness has a theoretical basis 

(Greenhill 1881; Watt et al. 2006).  In our data, the height to DBH ratios among full-sibling family 

means ranged from 62 to 70, which corresponds to a range of about 0.9 meters in height for the 

mean DBH.  Presumably, those families that tend to be tall relative to their diameter contain stiffer 

wood to avoid stem breakage.  The parent observed with an exceptional acoustic GCA value had 

one of the tallest height breeding values, but an average volume breeding value and a slightly less 

than average DBH breeding value.  As DBH is a strong indicator of crown size (Burkhart and 

Tomé 2012), it is conceivable that this family tends to have smaller crowns than other families 

with similar heights.  Smaller crowns would imply fewer/smaller branches and knots, which may 

have contributed to the better acoustic values for this family (Butler et al. 2017), although 
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measurements in this study were made on the clearest face of the tree to avoid living branches.  

The transition from juvenile wood to mature outer wood has been hypothesized to be related to the 

recession of the active crown as the stand closes (Clark and Saucier 1991; Zobel and Sprague 

1998), which may occur at different rates for different families.  Only a portion of the genetic 

variation in acoustic time of flight was due to tree slenderness in this study as suggested by a slight 

decrease in individual-tree narrow sense heritability for time of flight (from 0.39 to 0.34) after 

accounting for slenderness. Roth et al. (2007) and Lasserre et al. (2008) also found that significant 

differences in stiffness persisted among genotypes after accounting for slenderness, indicating that 

selection for stiffness could be adjusted to avoid indirect selection on slenderness.   

Compression wood also results in poorer acoustic values (Butler et al. 2017), which may 

have contributed to the slightly favorable genetic correlation we observed between acoustic time 

of flight and straightness score (0.33), although severely crooked or damaged trees were not 

included in the analysis.  Time of flight had slightly favorable genetic correlations with specific 

gravity (-0.40) and drill resistance (-0.24). Moderate to weak favorable genetic correlations 

between acoustics and wood density have also been reported for 8-16 year old plantations of 

loblolly pine (Eckard et al. 2010; Grans 2012) and P. radiata (Kumar 2004; Chauhan and Walker 

2006). 

To contextualize the possible gain from backward selection on stiffness in this population, we 

evaluated the literature for studies of mature wood time of flight measured with the Fakopp TreeSonic.  

For three different studies comprising 12 sites across the southeastern US, mean acoustic time of flight 

values for loblolly pine mature wood ranged from 280 to 300 microseconds per meter (Mora et al. 

2009; Amateis and Burkhart 2015; Butler et al. 2017).  Based on the breeding value predictions from 

this study, an open-pollinated family from the best female parent would be expected to have a juvenile 

wood acoustic value of 367 microseconds per meter (assuming the breeding value for the pollen cloud 
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is the population mean).  Assuming negligible specific combining ability effects, a full-sibling cross 

between the best two parents in this study would have a predicted value of 341 microseconds per meter; 

however, it should be noted that non-additive effects for MFA have been reported (Myszewski et al. 

2004; Isik et al. 2008).   While both of these family predictions are a large improvement over the 

population mean of 412 microseconds per meter for juvenile wood, they are still poorer than mature 

wood acoustics reported in the literature.  Selection on juvenile wood stiffness may positively impact 

mature wood stiffness given the positive albeit weak genetic correlations estimated between juvenile 

wood and mature wood MFA (Myszewski et al. 2004). 

2.5.2 Drill resistance 

The geographic variation in drill resistance was consistent with what has been reported for 

wood specific gravity (Jordan et al. 2008), with sites closer to the Atlantic coast having higher 

mean resistance.  The correlations between drill resistance and specific gravity were consistent 

with previous studies (Isik and Li 2003; Bouffier et al. 2008; Gwaze and Stevenson 2008; Eckard 

et al. 2010), with moderate correspondence for individual trees but a very strong additive genetic 

correlation.  The strong genetic correlation suggests selection on increased drill resistance will 

result in improved specific gravity in loblolly pine.  Heritabilities for drill resistance were 

promising and very similar to those previously reported for juvenile loblolly pine (Isik and Li 

2003).  Higher individual tree heritabilities (0.40 - 0.45) for drill resistance have been observed for 

other pine species of similar age, such as maritime pine (Bouffier et al. 2008), P. caribaea (Gantz 

2002), and P. radiata (Gantz 2002), although those studies were limited to one or two test sites per 

species.  These results consistently indicate that selection on drill resistance would be effective for 

increasing wood density, especially for parental selection. 

The relative performance of families was very stable among tests sites, with practically no 

genotype by environment interaction observed for drill resistance.  There was one family that 
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consistently ranked first on all four sites where it was tested (Figure 2.5).  Gantz (2002) also found 

very little genotype by environment interaction for drill resistance in P. radiata, reporting a type B 

genetic correlation of 0.90.  Low genotype by environment interaction has also been reported for 

wood density in loblolly pine (Jett et al. 1991; McKeand et al. 1997). 

There was a near-zero genetic correlation between drill resistance and volume, with about 

a quarter of the families having an above-average breeding value for both volume and drill 

resistance.  Interestingly, the parent with the highest drill resistance breeding value had the second 

highest breeding value for volume, making it an ideal family for deployment for both traits.  The 

lack of a genetic correlation between drill resistance and volume is consistent with others’ findings 

of a lack of relationship between wood density and stem volume for loblolly pine (Megraw 1985; 

Grans 2012).  Furthermore, the checklot’s predicted value ranked very near the population average, 

indicating that the intense selection for volume growth has not adversely impacted wood density 

in this population.  

The heritability for drill resistance was not as high as specific gravity (on the two test sites 

where specific gravity was measured), across sites or on individual sites (Appendix Table A2). 

Isik and Li (2003) also reported lower heritability for drill resistance compared to specific gravity 

in a diallel population of loblolly pine. Interestingly, the heritability for drill resistance increased 

when removing the pith and earlywood from the amplitude trace (results not shown).  This result 

suggests that differences in latewood properties (e.g. proportion of latewood, density of latewood) 

are a likely source of variation among families.  The proportion of latewood has been described as 

the most important determinate of wood density in loblolly pine juvenile wood (Megraw 1985). 

We did not attempt to identify the anatomical sources of variation in drill resistance among 

families because segregating the amplitude traces algorithmically was unwieldy, and has even been 
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described as infeasible due to the fine resolution of the amplitude recordings (Rinn et al. 2009).  

We found that change point analysis (Killick and Eckley 2014) was effective at locating the drill 

exit at the end of the trace, but did not reliably estimate the locations of bark, the pith, or demarcate 

annual rings.  Algorithms have been proposed for demarcating earlywood/latewood transition for 

X-ray densitometry traces (Antony et al. 2012a; Eberhardt and Samuelson 2015), and more 

research is needed to evaluate their effectiveness at processing drill resistance traces. 

2.6 Implications for pine breeding programs and family deployment  

This study evaluated the genetic control of juvenile wood properties measured indirectly 

with tools that allow rapid assessment of standing trees (acoustic time of flight and drill resistance) 

in a large breeding population of loblolly pine (around 11,000 trees from 269 parents).  These tools 

have shown excellent ability to identify superior parents for backward-selection or family-

deployment and good potential to identify forward selections to breed for improved wood 

properties. This conclusion is based on very high estimates of family-mean heritability (greater 

than 0.90) and moderate estimates of individual tree heritability (around 0.35). 

This study indicates that open-pollinated families of loblolly pine selected for juvenile 

wood stiffness or density can be expected to have very stable relative performance across sites, 

based on high site-to-site correlations estimated for acoustic time of flight and drill resistance (0.85 

and 0.97, respectively).  Model fit statistics indicated that the genetic correlations among pairs of 

sites were consistent.  Sites within a test series tended to span a considerable geographic range 

(Figure 2.1), which should add confidence to the estimates of low GxE for these traits across the 

southeastern US. 

Selection for these wood properties does not imply sacrifices in productivity, as volume 

had weak genetic correlations with acoustic time of flight and drill resistance (0.09 and -0.01, 
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respectively).  Inclusion of these traits in an index breeding value would be an effective method to 

breed for productivity and wood quality concurrently. 

The indirect measurement tools used in this study are expected to be closely related to the 

traits of interest (stiffness and density) based on previous studies and our evaluation (genetic 

correlation of 0.96 between drill resistance and specific gravity).  However, the correspondence 

between these tools and wood properties should be revaluated after future generations of breeding 

to ensure their effectiveness at indirect selection. It may become important to assess the changes 

in wood anatomy (e.g. microfibril angle of cell walls, tracheid length, proportion of 

earlywood/latewood, density of earlywood/latewood) that may arise from intense selection based 

on acoustics and drill resistance.  This may be particularly relevant for selections such as the parent 

with an extraordinary breeding value for acoustic time of flight. 
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2.8 Tables 

 

 

Table 2.1. Descriptive statistics for eight pollen-mix progeny tests of loblolly pine assessed for 

growth and wood quality (WQ) traits.  Specific gravity was measured from increment cores 

extracted at breast height on two sites.  Site means (± standard errors) are presented.  

Test Site 

ID 

Age for 

Growth/WQ 

 (years) 

Sample size 

for WQ 

Height 

(m) 

DBH 

(cm) 

Specific 

Gravity 

CPMX1-2 6/9 1334 9.1 ± 0.02 14.9 ± 0.04 0.378 ± 0.025 

CPMX1-9 6/9 1366 7.8 ± 0.02 10.7 ± 0.05 0.433 ± 0.025 

CPMX2-2 6/8 1352 6.1 ± 0.02 9.7 ± 0.04 - 

CPMX2-9 5/8 1473 4.1 ± 0.02 6.4 ± 0.04 - 

CPMX3-2 7/7 1543 10.6 ± 0.03 13.4 ± 0.05 - 

CPMX3-7 5/6 1300 5.6 ± 0.02 10.0 ± 0.05 - 

CPMX4-1 6/6 1289 5.5 ± 0.03 10.8 ± 0.06 - 

CPMX4-2 6/6 1440 8.2 ± 0.02 11.1 ± 0.05 - 
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Table 2.2. Multi-environmental trials model fit statistics for acoustic time of flight and drill 

resistance with different genotype by environment covariance structures (G_gxe). The best fit 

statistics are bolded. Simpler models, compound symmetry (CS) and heterogeneous genetic 

structure with constant correlation between sites (CORUH), were efficient compared to factor 

analytic (FA) models. The FA2 model for drill resistance did not converge. AIC: Akaike 

information criterion, BIC: Bayesian information criterion. 

𝐆𝒈𝒙𝒆 

structure 

# of Model 

Parameters 

Log-

Likelihood 
AIC BIC 

Acoustic Time of Flight 

CS 18 -31129 62294 62426 

CORUH 25 -31125 62300 62482 

FA1 32 -31120 62305 62539 

FA2 39 -31118 62314 62599 

     

Drill Resistance 

CS 18 -34624 69284 69415 

CORUH 25 -34616 69283 69465 

FA1 32 -34614 69292 69526 
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Table 2.3. Estimates of general combining ability genetic variance (𝜎𝐹(𝑆)
2 ),  genetic correlation (𝑟𝑔) 

between pairs of sites, mean residual variance (𝜎̅𝑒
2), narrow-sense individual-tree heritability (ℎ𝑖

2) 

and half-sib family-mean heritability (ℎℎ𝑠
2 ) with their standard errors (±SE) for traits measured 

from eight pollen-mix progeny tests of 6-9 year old loblolly pine from the southeastern US Coastal 

Plain. Estimates obtained from the compound symmetry model with heterogeneous residual and 

heterogeneous block within test site effects.  

Trait 𝜎𝐹(𝑆)
2  𝑟𝑔 𝜎̅𝑒

2 ℎ𝑖
2 ℎℎ𝑠

2  

Time of Flight 12.8 ± 1.29 0.85 ± 0.04 99.4 ± 1.43 0.39 ± 0.04 0.92 ± 0.01 

Drill Resistance 15.1 ± 1.80 0.97 ± 0.05 194.2 ± 2.77 0.28 ± 0.03 0.91 ± 0.01 

Specific Gravity* 6.6 ± 1.26 0.91 ± 0.06 27.6 ± 0.85 0.71 ± 0.12 0.84 ± 0.04 

Height 10.8 ± 1.08 0.65 ± 0.06 108.5 ± 1.58 0.24 ± 0.03 0.85 ± 0.02 

Volume 66.9 ± 7.35 0.55 ± 0.07 1121.6 ± 19.33 0.12 ± 0.02 0.76 ± 0.04 

Straightness 44.6 ± 5.39 0.80 ± 0.08 745.6 ± 11.31 0.18 ± 0.03 0.85 ± 0.02 
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Table 2.4. Fit statistics for multivariate linear mixed models with different structures of the trait 

by family (𝐆𝑴𝒇), trait by family by site (𝐆𝑴𝒈𝒙𝒆), trait by block nested within test site (𝐆𝑴𝒑𝑗
), and 

residual (𝐑) variance-covariance matrices among random effects.  Model 4 (not included) had 

unstructured trait by genotype by site variance-covariance matrix and did not converge.  Best fit 

statistics are in bold. AIC: Akaike information criterion, BIC: Bayesian information criterion. 

Model 

ID 𝐆𝑴𝒇 𝐆𝑴𝒈𝒙𝒆 𝐆𝑴𝒑𝒋
 𝐑 # Parameters AIC BIC 

1 DIAG DIAG DIAG US 30 360778 361045 

2 CORGH DIAG DIAG US 40 360514 360870 

3 CORGH CORUH DIAG US 41 360486 360852 

5 CORGH FA1 DIAG US 45 360478 360880 

6 CORGH FA2 DIAG US 49 360485 360922 

7 CORGH FA1 CORUH US 46 360485 360895 

8 CORGH FA1 FA1 US 50 360298 360744 

9 CORGH FA1 FA2 US 54 361974 362456 
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2.9 Figures 

  

Figure 2.1. Location of eight pollen-mix progeny test sites of loblolly pine assessed for acoustic 

time of flight and drill resistance at ages six to nine years.  Tree cores were extracted to calculate 

specific gravity for the two CPMX1 test sites, identified with squares on map.  Two tests sites are 

in very close proximity (CPMX4-1 and CPMX3-7).  Shaded region is the natural range of loblolly 

pine. 
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Figure 2.2. Example of a typical drill resistance trace and the segmentation procedure which 

determined where the drill exits the tree using a change point analysis with at most one change in 

the variance.  The remaining trace was split in half at the approximate pith.  Annual latewood rings 

are distinguished by sharp peaks in the trace, and bark is deliniated by the initial and final peaks 

of lower amplitude.  The increasing trend for amplitude across the profile is due to the accumilation 

of shaft friction on the drill bit as it travels through the stem.  To avoid shaft friction, this analysis 

retained only the first half of the trace (including bark). 
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Figure 2.3. Distributions of acoustic time of flight (A) and drill resistance (B) measurements by 

test site for eight pollen-mix progeny tests of loblolly pine.  Horizontal lines indicate the site mean. 

Site-to-site variation is apparent for time of flight and less pronounced for drill resistance. 
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Figure 2.4. Scatter plots of individual tree measurements of specific gravity from wood cores 

against drill resistance for loblolly pine measured on two progeny test sites with site-specific 

prediction equations estimated from a multiple linear regression.  The intercept varied by site 

whereas the slope did not. 
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Figure 2.5. Predicted general combining ability effects for each family at each site for acoustic 

time of flight and drill resistance estimated from the multi-environmental trials model.  Family 

performance was stable across test sites, particularly for the top 10% of families (bolded points), 

as indicated by mostly parallel lines.  The checklot (indicated with a square) ranked near the middle 

on all sites.  There was a family in the CPMX2 series with a very desirable acoustic value (around 

11% better than the population mean). 
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Figure 2.6. Genetic correlation estimates (with standard error in parenthesis) among traits with 

scatterplot of predicted general combining ability values (upper triangle) and environmental 

correlation estimates among traits with scatterplot of residuals (lower triangle) obtained from the 

multivariate model 8 (see Table 2.4).  Correlations between wood quality and growth traits were 

generally low.  
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Figure 2.7. Genetic correlation (upper diagonal) and environmental correlation (lower diagonal) 

estimates between specific gravity and drill resistance (A), specific gravity and acoustic time of 

flight (B), and acoustic time of flight and slenderness (height to DBH ratio) (C) obtained from 

bivariate models.  Scatterplots of predicted general combing ability are above the diagonal and 

model residuals are below the diagonal.  The very strong genetic correlation between drill 

resistance and specific gravity corroborates the use of this tool for ranking families.  The negative 

genetic correlation between time of flight and slenderness suggests that families with greater height 

for a given diameter tend to have stiffer wood. 
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Chapter 3: Single-Step Genomic Analysis Increases the Accuracy of 

Within-Family Selection in a Clonally Replicated Population of 

Pinus taeda L. 

Trevor D. Walker, W. Patrick Cumbie, and Fikret Isik 

Forest Science 68(1): 37-52 

 

3.1 Abstract 

The use of genomic markers in forest tree breeding is expected to improve the response to 

selection, especially within family. To evaluate the potential improvements from genotyping, we 

analyzed a large Pinus taeda L. clonal population (1,831 cloned individuals) tested in multiple 

environments. Of the total, 723 clones from five full-sib families were genotyped using 10,337 

single-nucleotide polymorphism markers. Single-step models with genomic and pedigree-based 

relationships produced similar heritability estimates. Breeding value predictions were greatly 

improved with inclusion of genomic relationships, even when clonal replication was abundant. 

The improvement was limited to genotyped individuals and attributable to accounting for the 

Mendelian sampling effect. Reducing clonal replication by omitting data indicated that genotyping 

improved breeding values similar to clonal replication. Genomic selection predictive ability 

(masking phenotypes) was greater for stem straightness (0.68) than for growth traits (0.41 to 0.44). 

Predictive ability for a new full-sibling family was poorer than when full-sibling relationships were 

present between model training and validation sets. Species that are difficult to propagate clonally 

can use genotyping to improve within-family selection. Clonal testing combined with genotyping 

can produce breeding value accuracies adequate to graft selections directly into deployment 

orchards without progeny testing. 
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3.2 Introduction 

Forest tree breeding programs typically use a combination of among- and within-family 

selection to choose individuals from progeny tests to serve as parents for the next generation (Zobel 

and Talbert 1984). In more advanced cycles of breeding, there is a tendency to increase emphasis 

on within-family selection from a large number of families as a mechanism to slow the build-up 

of relatedness in the breeding population, as among-family selection can result in a greater loss of 

genetic diversity (White et al. 2007). For species that have completed several cycles of breeding, 

like Pinus taeda L. (loblolly pine) (Isik and McKeand 2019), the correct ranking of individuals 

within a family is crucial, especially because the number of selected individuals is constrained due 

to limited space and resources in breeding orchards and diversity requirements for the breeding 

population.  

For quantitative traits with low heritability (such as tree growth and stem straightness 

(Cumbie et al. 2012, Walker et al. 2019), within-family selection tends to have much lower 

certainty compared to among-family selection, as breeding values for parents are based on many 

observations while progeny breeding values may be based on a single observation of the 

individuals’ phenotype. Cloning the progeny using vegetative propagation (such as rooted cuttings 

or somatic embryogenesis) to make multiple copies of each genotype has been demonstrated to 

increase genetic gain from within-family selection in simulation studies (Shelbourne 1992; Rosvall 

et al. 1998) and empirically for Pinus taeda (Isik et al. 2005) and other species (Mullin et al. 1992, 

Chen et al. 2020). With cloning, the accuracy of within-family selection is increased because each 

genotype is planted over several sites or microsites and the clone mean tends to average out the 

environmental noise. The improvement in breeding value prediction from cloning is greater for 

traits with lower heritability (Isik et al. 2004; White et al. 2007). However, vegetative propagation 

can be expensive and difficult for conifers (Bonga 2016). The process prolongs the breeding cycle, 
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which is already lengthy for forest trees. Even so, increased accuracy of within-family selection 

can justify clonal testing in many progeny testing strategies in terms of annual rate of genetic gain 

(Isik et al. 2004, Wu 2019). However, the improvement in accuracy from clonal testing is typically 

not enough to justify grafting progeny directly into deployment orchards (forward selection), 

which is usually only done after progeny testing and among-family selection (backwards selection) 

(Kumar 2006; Shalizi et al. 2020). 

The efficiency of within-family selection on quantitative traits has much to benefit from 

using molecular markers in the genetic analysis of forest tree progeny tests. Most notably, within-

family selection among progeny requires phenotypes, whereas molecular markers permit 

prediction of breeding values without phenotypes in a premier method called genomic selection 

(Meuwissen et al. 2001; VanRaden 2008). Genomic selection has game-changing implications for 

increasing the rate of genetic gain in forest tree species because of their long breeding cycles 

(Grattapaglia 2014; Isik 2014). The first experimental reports of genomic selection in Pinus spp. 

have shown promising results (Resende et al. 2012a, 2012b; Zapata-Valenzuela et al. 2012; Isik 

et al. 2016), indicating that while genomic prediction of breeding values (without phenotypes) 

tended to have modest correlations with breeding values predicted from phenotypes, the ability to 

make selections at very young ages could substantially increase the annual rate of genetic gain 

(Resende et al. 2012a, 2017). 

Even when phenotypes are available, genomic relationships should be expected to improve 

within-family selection over pedigree-based relationships (Hayes et al. 2009, Christensen et al. 

2012). Genetic analyses of forest tree progeny tests use linear mixed models to partition phenotypic 

variance into environmental and genetic effects (Henderson 1975, 1984). Best linear unbiased 

prediction (BLUP) is used to obtain breeding values for both parents and their progeny by 
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modeling the genetic covariance among individuals (Mrode 2013; Isik et al. 2017). Pedigree-based 

relationships are based on the theories of probability of identity by descent (Malecot 1948) and 

kinship (Wright 1922), and are modeled with the numerator relationship matrix 𝐀 (Henderson 

1984). With molecular markers, genetic relationships (G matrix) among individuals can be 

estimated more precisely. Markers-based estimates are considered realized genetic relationships, 

which are based on the observed marker sharing corrected for allele frequency and the structure in 

the population (VanRaden 2008). While the expected relationships in the 𝐀 matrix are correct on 

average, siblings within a family can share more or fewer alleles than the expectation due to the 

Mendelian sampling of alleles during sexual recombination. Predictions using the more precise 

genomic relationships (GBLUP) should better model covariance among breeding values and result 

in a better ranking of selection candidates compared to pedigree-based relationships (ABLUP) 

(Hayes et al. 2009). 

The use of genomic markers in plant breeding has been described as a paradigm shift in 

the unit of replication from the variety to the allele, such that replication can occur even if varieties 

are not replicated (Lorenz et al. 2011). Consider that full-siblings sharing more of their genome 

should be expected to have more similar phenotypes compared to full-siblings that share less, just 

as ramets (copies) of a clone are expected to have even more similar phenotypes. Thus, genomic 

relationships may increase precision for within-family selection in a manner similar to clonal 

testing. If this phenomenon can be modeled, the costs associated with genotyping seedling progeny 

tests may be justifiable as a replacement for clonal testing. A testing strategy that replaces clonal 

replication with genotyping would bypass the extension in breeding cycle required for vegetative 

propagation and concurrently produce a training population for genomic selection in the next 

generation. A testing strategy that utilize both genotyping and clonal replication may produce 
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breeding values that are precise enough to justify grafting directly into deployment orchards, 

bypassing progeny testing of forward selections. 

In most tree breeding programs it is not feasible to genotype all progeny due to their large 

numbers (tens of thousands) and the unavailability of DNA for historic progeny test data. In the 

case where not all individuals are genotyped, a GBLUP model would require severely reducing 

the sample size by removing all the individuals without genotypic data. Moreover, it may require 

a two-step analysis where previously estimated breeding values are used as “pseudo-phenotypes”, 

which can require tedious adjustments and weights (Garrick et al. 2009) that may not completely 

eliminate the bias (Campos et al. 2013; Piccoli et al. 2018). Rather, a single-step step genomic 

evaluation utilizes a “hybrid” 𝐇 matrix that is a result of merging the pedigree-based 𝐀 matrix (for 

the entire population) with the realized genomic relationships from 𝐆 (from genotyped individuals) 

to improve all pairwise relationship estimates (Legarra et al. 2009). In the linear mixed models, 

the tree effect is associated with 𝐇 matrix (HBLUP model). Such a model uses all progeny test 

measurements, pedigree information, and genomic information in the same genetic analysis 

(Misztal et al. 2009; Christensen and Lund 2010). The HBLUP model is powerful in plant breeding 

data analysis with multi-environmental trials as it permits inclusion of replicates (such as clonal 

replication) and genotype-by-environment interaction modeling when only a portion of the 

population has been genotyped (Oakey et al. 2016). The BLUP models are amenable to flexible 

variance-covariance structures that can relax rigid assumptions of constant environmental and 

genetic variances among test sites, and account for complex patterns of genotype-by-environment 

interaction (Isik et al. 2017).  

Flexible variance-covariance structures for genotype effects within- and among-sites, such 

as factor-analytic structures (Meyer 2009), have consistently improved modeling of Pinus taeda 
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progeny test data (Gezan et al. 2017; Shalizi and Isik 2019; Lauer et al. 2021). While the use of 

advanced genotype-by-environment interaction modeling has been reported for HBLUP models 

of agronomic crops (Tolhurst et al. 2019; Ward et al. 2019), genomic evaluations of forest tree 

progeny tests have typically relied on simple models with constant environmental and genetic 

covariance among test sites. 

Increased precision of breeding value predictions using HBLUP has been well-documented 

in livestock (Christensen et al. 2012; Guo et al. 2015; Croué and Ducrocq 2017) and in a growing 

number of studies for forest trees (Ogut 2012; Ratcliffe et al. 2017; Cappa et al. 2017, 2019). 

Ukrainetz and Mansfield (2020b) used HBLUP model to evaluate genomic prediction for Pinus 

contorta Dougl. ex. Loud. and described several limitations in the early studies of genomic 

selection in pine species. For example, the first reports of genomic selection in Pinus taeda tended 

to ignore the relatedness between model training and model validation populations, and likely 

over-estimated predictive ability when the target population is less related or has undergone 

recombination (Lin et al. 2014). Increased relatedness between the training and validation 

population reduces the number of independently segregating chromosome segments, thereby 

increasing the probability that chromosome segments identical by descent sampled in the training 

population are also found in the selection candidates (Isik 2014; Resende et al. 2017). Validating 

genomic predictions on individuals whose family members have been excluded from the training 

set may be more appropriate when assessing the potential of genomic selection in a breeding 

program (Saatchi et al. 2011). Additionally, previous studies in Pinus taeda tended to report 

genomic prediction ability across the entire population, which may only represent modest 

improvement over ABLUP (which predicts mid-parent breeding values for individuals without 

phenotype). Rather, the ability to discriminate among young individuals within new families is the 
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most appealing use of genomic selection, and studies are needed on within-family genomic 

prediction for Pinus taeda. 

The goal of this study was to evaluate how genomic relationships can improve within-

family selection in a Pinus taeda breeding program. The genotyped population consisted of large 

full-sibling families (46 to 224 individuals per cross), which makes inferences applicable for 

within-family selection. The study objectives included 1) compare multi-environmental trials 

models with and without genomic relationships to evaluate their impact on fit and precision of 

breeding value predictions in a large clonally-replicated population, 2) quantify the genomic 

predictive ability within-family with varying level of relatedness between the training and 

validation populations, and 3) determine the power of clonal replication to increase precision of 

breeding values with and without genomic information, as well as the potential for genomic 

information to supplement or replace clonal testing. 

3.3 Materials and Methods 

3.3.1 Plant material  

The population consisted of 1831 clonal varieties of Pinus taeda. The clonal varieties 

originated from 28 parents mated in 31 full-sibling families and six open-pollinated families 

(Figure 3.1). The original objective of the population was to evaluate progeny for clonal 

deployment; however, the mating design is also sufficient to predict progeny breeding values. The 

number of clonal varieties per family ranged between one and 238 with a median of eight. Clonal 

varieties were produced via somatic embryogenesis in which developing embryos were harvested 

from immature cones and cultured to produce multiple copies of the same genotype as described 

in Becwar et al. (1990). Plantlets were raised in a greenhouse for 8 to 12 weeks and subsequently 

grown outdoors for six months prior to field trial establishment. The full population of progeny 

were planted in field tests over three years (2006-2008) in seven series. 
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3.3.2 Progeny test field design 

The clonal varieties were planted across 26 sites each with 6 complete replicates in a row-

column design. The number of genetic entries per replicate ranged from 71 to 426, depending on 

test site. The 26 test sites were grouped into seven series, with little to no overlap of clonal varieties 

among series (Figure 3.2). There was some parental overlap among series with a mean of 2.5 

parents in common (median of 1); however, full-sibling families were rarely tested in multiple 

series. 

3.3.3 Phenotyping 

At age six years after planting, the tree height (m), diameter at breast height (DBH, cm), 

and stem straightness were evaluated. Stem straightness was assessed on a normalized 6-point 

scale (1 to 6) where lower values indicate a straighter stem. Data for dead or damaged trees were 

removed leaving a total of 31,375 trees available for analysis of height and DBH and 23,845 for 

straightness, as eight test sites did not have straightness measured due to small tree size. On 

average, a clonal variety was tested at three sites. The harmonic mean number of ramets per clone 

was 11.7 for height and DBH and 10.8 for straightness. 

3.3.4 Genotyping 

Of the 1831 clonal varieties tested, 723 were genotyped. Genotyped clones were selected 

from five full-sibling families based on accessibility (availability due to survival and ease of 

access). The number of genotyped individuals per family ranged between 46 and 224 (40% to 94% 

of the individuals tested within a family). Genotyped clones had a median of 21 ramets per clonal 

variety. There was relatedness among the five genotyped families, including half-siblings and 

parents that were also ancestors, as well as individuals that were completely unrelated (Figure 

3.1). A proprietary SNP array consisting of 16,920 SNP markers was used for genotyping. Markers 

having a call frequency < 90% and sample call rates < 95% were excluded. A total of 10,337 
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markers were polymorphic in the population. The number of markers that were polymorphic 

within each full-sib family ranged from 5414 to 5819 with 1659 markers that were polymorphic 

in all five families (Appendix Figure B2). Missing values were imputed using the LinkImpute 

software (Money et al. 2015), which had 91% and 97% correct classification rates when validating 

on holdout samples of 50% and 10%, respectively, in a precursory analysis. 

3.3.5 Statistical analysis  

3.3.5.1 Genomic relationship matrices  

VanRaden (2008) described methods for calculating a genomic relationship matrix that are 

analogous to the numerator relationship matrix 𝐀. The first and most popular is given by 

 𝐆 =
(𝐌−𝐏)(𝐌−𝐏)′

2∑𝑝𝑖(1−𝑝𝑖)
    (Eq. 1) 

where 𝐌 is the 𝑛 x 𝑚 matrix of 𝑛 = 723 genotyped individuals and 𝑚 = 10,337 SNP genotypes, 

and 𝐏 is a 𝑛 x 𝑚 matrix containing twice the minor allele frequencies for each marker locus. These 

values are scaled so that rare alleles are given more weight to indicating relatedness than common 

alleles. VanRaden (2008) also described a regression method that adjusts for mean homozygosity 

by regressing 𝐌𝐌′ on the matrix of additive genetic relationship 𝐀 using the model  

𝐌𝐌′ = 𝑔0𝟏𝟏′ + 𝑔1𝐀 + 𝐄   (Eq. 2) 

where 𝑔0 is the intercept, 𝑔1 is the slope, and 𝐄 contains the differences of true from expected 

fraction of DNA in common, plus measurement error due to markers. The genomic relationships 

are then predicted as  

𝐆 =
𝐌𝐌′− 𝑔0(𝟏𝟏′)

𝑔1
   (Eq. 3) 

Note that this method does not require allele frequency estimates, which can be advantageous in 

populations with structure due to few parents, assortative mating, and unbalanced mating design, 

such as the genotyped population in this study. We found that the regression method of (VanRaden 
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2008) produced values that were more consistent with relationships based on the pedigree, and 

was preferred for the analyses in this study (Appendix Figure B3), as it is critical that 𝐀 and 𝐆 

must be on exactly the same scale for HBLUP models, else bias can arise among individuals 

depending on whether they were genotyped (Christensen and Lund 2010; Forni et al. 2011; Mrode 

2013). Cursory analysis with this population and previous work in another Pinus taeda clonal 

population indicated no considerable difference between the two methods of calculating 𝐆 on 

prediction accuracy of breeding values using two-stage GBLUP (Zapata-Valenzuela et al. 2013). 

A hybrid pedigree and genomic relationship matrix (𝐇) provides an updated estimate of 

additive relationships among all individuals (genotyped and not genotyped) based on pedigree 

relationships and the genomic relationships for genotyped individuals. A succinct formulation for 

the inverse of 𝐇 is given using the inverses of 𝐀 and 𝐆 by Legarra et al. (2009, 2014) as 

 𝐇−1 = 𝐀−1 + (
0 0
0 𝐆−1 − 𝐀22

−1)    (Eq. 4) 

where the term 𝐆−1 − 𝐀22
−1 expresses the difference between the inverse of the genomic realized 

relationship and the pedigree-based relationship estimates for genotyped individuals. The matrix 

𝐇 is a modification of regular pedigree relationships to accommodate genomic relationship 

estimates, e.g., two non-genotyped ancestors that are unrelated based on the pedigree may appear 

as related if their genotyped descendants have non-zero genomic relationship. 

Accounting for dominance genetic variation may enhance model fit and reduce bias in 

genetic parameter estimates if dominance effects are present (Muñoz et al. 2014a; Nazarian and 

Gezan 2016; El-Dien et al. 2018). A genomic dominance matrix was calculated among genotyped 

individuals following (Su et al. 2012; Muñoz et al. 2014a) as  

𝐃𝐆 = 
𝐒𝐒′

∑ 2𝑝𝑗𝑞𝑗(1− 2𝑝𝑗𝑞𝑗)
𝑚
𝑗=1

   (Eq. 5) 
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where 𝐒 is an 𝑛 x 𝑚 incidence matrix with value 1 if the genotype is a heterozygote and 0 for either 

homozygote. The 𝐒 matrix was standardized to have a mean of 0 by subtracting 2𝑝𝑗𝑞𝑗 from each 

value. The denominator of Eq. 5 is the sum of the variances of the elements of 𝐒 under Hardy-

Weinberg equilibrium. We also considered the genomic dominance relationship estimator 

presented by Vitezica et al. (2017), but preferred the (Su et al. 2012) due to slightly better 

correspondence with the pedigree-based estimates of dominance (Appendix Figure B4). A hybrid 

pedigree/genomic dominance matrix 𝐇𝐃 including all individuals (genotyped and not genotyped) 

was calculated following Ertl et al. (2018), who provide a straightforward extension of the single-

step model for dominance effects. 

3.3.5.2 Single-step linear mixed model 

A linear mixed model was used to estimate variance components, calculate genetic 

parameters, and predict breeding values as 

𝐲 = 𝟏𝜇 + 𝐗𝐬 + 𝐙𝟏𝐛 + 𝐙𝟐𝐜 + 𝐙𝟑𝐫 + 𝐙𝟒𝐚 + 𝐙𝟓𝐝 + 𝐙𝟓𝐞 + 𝛆  (Eq. 6) 

where 𝐲 is the vector of phenotypic measurements for a trait (height, DBH, or stem straightness 

score), 𝜇 is the overall mean; 𝐗 and 𝐙 are the design matrices for the fixed and random effects, 

respectively; 𝐬 is the vector of fixed effects of test site; 𝐛 is the vector of random replicate effects 

with heterogeneous (block diagonal) variance among sites as 𝐛 ∼ 𝑁(0,⊕𝑠=1
𝑆 𝜎𝑏

2𝐈); 𝐜 is the vector 

of random column within replicate effects with heterogeneous variance among sites as 𝐜 ∼

𝑁(0,⊕𝑠=1
𝑆 𝜎𝑐

2𝐈); 𝐫 is the vector of random row within replicate effects with heterogeneous variance 

among sites as 𝐫 ∼ 𝑁(0,⊕𝑠=1
𝑆 𝜎𝑟

2𝐈); 𝐚 is the vector of random additive genetic effects nested 

within test site with 𝐚 ∼ 𝑁(0, (𝛌𝛌𝐓 + 𝚿) ⊗ 𝐀); 𝐝 is the vector of random dominance genetic 

effects with 𝐝 ∼ 𝑁(0, 𝐃𝜎𝑑
2); 𝐞 is the vector of random residual genetic effects (including 

propagation and epistatic effects) with 𝐞 ∼ 𝑁(0, 𝐈𝜎𝑒
2); and 𝜺 is the vector of random residual 
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effects with 𝜺 ∼ 𝑁(0, ⊕𝑠=1
𝑆 𝜎𝜀 𝑠

2 𝐈). The 𝟏 is a vector of ones, 𝐈 is the identity matrix of proper 

dimension, ⊕ denotes a block-diagonal structure, and ⊗ denotes the Kronecker product. Models 

were fit with and without the term 𝐙𝟓𝐝 to evaluate the variance explained due to dominance genetic 

effects, and a likelihood ratio test used to test for significance of dominance effects. To evaluate 

the impact of including genomic information, the additive relationship matrix 𝐀 was replaced with 

the hybrid matrix 𝐇 (ABLUP versus HBLUP) and the pedigree-based dominance matrix 𝐃 was 

replaced with the hybrid matrix 𝐇𝐃 (ABLUP+D versus HBLUP+D). 

The variance covariance matrix for additive genetic nested within site effects is given by 

(𝛌𝛌𝐓 + 𝚿), a first order factor analytic structure where 𝛌 is 𝑘𝑠 = 1 matrix of site loadings for 𝑠 

sites and 𝚿 is the 𝑠 x 𝑠 matrix of site-specific genetic variance on the diagonal and zero covariance 

between sites (Meyer 2009). The factor analytic covariance structure provides a unique additive 

genetic variance for each site and a unique additive genetic covariance between each pair of sites. 

We did not explore higher-order factor analytic structures due to the low number of parents in 

common among test series and we did not attempt to model non-additive genotype-by-

environment interaction due to the low number of environments per clonal variety (Figure 3.2). 

The percentage of genetic variance accounted for by the first-order factor analytic covariance 

structure averaged across test sites is given by 𝑣̅ =  100 ∗ tr(𝛌𝛌𝐓)/tr(𝛌𝛌𝐓 + 𝚿) (Smith et al. 

2015), where “tr()” is the trace operator. Model parameters, BLUPs, and their standard errors 

were estimated using the software ASReml v4.2 (Gilmour et al. 2014). 

3.3.5.3 Linear combinations of variance components 

The narrow-sense individual tree heritability (ℎ𝑖̅
2) and narrow and broad-sense clone mean 

heritabilities (ℎ𝑐̅
2 and 𝐻𝑐̅

2, respectively) were calculated from factor analytic models according to 

(Isik et al. 2017, pg. 254) as 
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ℎ𝑖̅
2 = 

𝑟̅𝑎𝜎̅𝑎
2

𝜎̅𝑎
2+ 𝜎𝑛𝑎

2 + 𝜎̅𝑒
2   (Eq. 7) 

ℎ𝑐̅
2 = 

𝑟̅𝑎𝜎̅𝑎
2

𝜎̅𝑎
2

𝑠
+ 

(𝑠−1)𝜎𝑛𝑎
2

𝑠
+ 

(𝑠−1)𝑟̅𝑎𝜎̅𝑎
2

𝑠
+ 

𝜎̅𝑒
2

𝑛ℎ

   (Eq.8) 

𝐻𝑐̅
2 = 

𝑟̅𝑎𝜎̅𝑎
2+ 𝜎𝑛𝑎

2
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2

𝑠
+ 

(𝑠−1)𝜎𝑛𝑎
2

𝑠
+ 

(𝑠−1)𝑟̅𝑎𝜎̅𝑎
2

𝑠
+ 

𝜎̅𝑒
2

𝑛ℎ

   (Eq. 9) 

where the mean within-site genetic variance is 𝜎̅ 𝑎
2 = 𝑡𝑟(𝛌𝛌𝐓 + 𝚿)/𝑠 and the mean of the site-

specific residual variance estimates is 𝜎̅ 𝑒
2 = ∑ 𝜎𝑒𝑠

2𝑠
1=𝑖 /𝑠. The 𝑟̅𝑎 is the mean genetic correlation 

among pairs for sites, which are calculated for sites 𝑖 and 𝑗 as 

 𝑟𝑖𝑗 = 
λ𝑖λ𝑗

√(λ𝑖
2+ Ψ𝑖)(λ𝑗

2+Ψ𝑗)

   (Eq. 10) 

For heritability calculations in Equations 7 - 9, the non-additive variance was calculated as 𝜎𝑛𝑎
2 =

𝜎𝑑
2 +  𝜎𝑒

2 for models with dominance genetic effect, and as 𝜎𝑛𝑎
2 = 𝜎𝑒

2 for those without dominance 

effects. 

3.3.5.4 Model comparisons 

The Akaike Information Criterion (AIC) was used to compare single-step models to 

provide an indication of how well the variability present in the data is explained by the model 

while penalizing against the number of model parameters. The precision of breeding value 

predictions was compared using the theoretical accuracy of the breeding value (TA) and the overall 

standard error of the difference between pairs of full-siblings’ breeding values (SED). The 

theoretical accuracy of breeding value predictions has been recommended as an appropriate 

measure to compare ABLUP and HBLUP (Putz et al. 2018) and was calculated using the 

prediction error variances (PEV) and the additive genetic variance component estimated from the 

model (Gilmour et al. 2014) as  
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TA = √1 − (
𝑃𝐸𝑉

(1+𝐹)𝜎̅𝑎
2)   (Eq. 11) 

where 𝐹 is the coefficient of inbreeding, which was assumed 0 for all individuals in this study, and 

𝜎̅𝑎
2 is the mean additive genetic variance estimated from Eq. 6.  

While the TA is an appropriate measure of the precision of an individual’s breeding value, 

the precision of estimating genotype differences may be more relevant than the precision of the 

genotype effects when ranking individuals for within-family selection (Schmidt et al. 2019). The 

correct ranking of individuals will occur when the SED among pairs of individuals’ breeding 

values are minimized (Cullis et al. 2006). The standard error of the difference among a pair of 

individuals is the square root of the sum of each individual’s PEV and twice the covariance among 

their breeding values. The SED can be calculated using the estimated means of these values from 

a genetic analysis (Gilmour et al. 2014). In this study, we report the within-family SED, which is 

calculated only from the PEVs and covariances among pairs of individuals that are full-siblings. 

3.3.5.5 Genomic prediction 

The HBLUP model described in Equation 6 was used in two cross validation scenarios that 

varied in the relatedness between model training and model validation sets. For clonal varieties in 

the validation set, the phenotypes for all ramets were masked and genomic estimated breeding 

values (GEBVs) were predicted. The predictive ability (PA) was calculated as the Pearson 

correlation between the GEBV and the estimated breeding values (EBV) from the ABLUP model 

using all data (Equation 6). The predictive ability is an approximation of the prediction accuracy, 

which is the correlation between GEBVs and the true breeding values (Legarra et al. 2008), which 

are unknown. To expedite model convergence, variance components were fixed to the values 

obtained when fitting the HBLUP model with all data. Precursory analysis indicated very small 

dominance effects for all traits when the residual genetic effect was present in the model, so the 
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dominance genetic variance effect was omitted while the residual genetic effect was retained in 

cross validation models. All non-genotyped individuals were included in the training set to 

maintain adequate estimates of experimental design effects (replicate, row within replicate, column 

within replicate), which is reflective of applications of genomic selection using single-step 

genomic evaluation (Legarra et al. 2014). 

In the first cross validation scenario, each genotyped clone was assigned at random to one 

of five folds and each fold was used as a validation set while the other four folds were used for 

model training (i.e. 5-fold cross validation). This scenario mimics prediction within a closed 

population or when there is very close relatedness (i.e., full-siblings) between the training and 

validation populations, such as prediction of new individuals from an existing family. To avoid 

variation in the training set sizes within a family, individuals were assigned to folds such that 20% 

of the individuals within each genotyped family appeared in each fold. The fold assignments were 

repeated 20 times and the average PA within each repetition was calculated. The average, 

minimum, and maximum PA among the repetitions were reported. The PA was calculated both 

across all genotyped individuals (across families) and within each genotyped family (within 

family). For comparison, PA across families was also calculated for the ABLUP model, which 

predicts the mid-parent breeding value. 

The second cross validation scenario evaluated the potential for prediction of a new family. 

Four of the five genotyped families were used for model training and the remaining family was 

used for validation. Considering that the families tended to be tested in different environments, 

this scenario also reflects prediction of a new family in a new environment. The validation families 

varied in size so, to avoid variation in the training set size, phenotypes were omitted at random 

such that there were always 45 genotyped clones per family in the training set (180 clones total in 
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the training set). Twenty replications of the random assignment of individuals to the training set 

were performed. Progeny from the five families had differing levels of relatedness among each 

other that resulted in differing levels of relatedness between training and validation sets (Figure 

3.1). The validation family with the most relatedness with the training set (average additive genetic 

relationship = 0.218) had two half-sibling families in common (family 5x26). The validation 

family with the second lowest relatedness with the training set had a common ancestor after one 

generation of breeding (family 12x22, average additive genetic relationship = 0.094). The 

validation family with the least relatedness with the training set had one half-sibling family in 

common (family 25x26, average additive genetic relationship = 0.063). Summary statistics of PA 

were reported by validation family. 

3.3.5.6 Impact of clonal replication 

To evaluate the impact of clonal testing with and without genomic information, we masked 

the phenotypes for a subset of the ramets (copies) of a clonal variety and compared the precision 

of the breeding value predictions using the TA and within-family SED. All clonal varieties and 

test sites were included, but the number of ramets per clonal variety was limited to a randomly 

selected subset of 1, 3, 6, 9, 12, 15, 20 and 30 ramets per clone. To avoid variation in the estimates 

of experimental design effects (site, replicate, row within replicate, and column within replicate) 

due to a reduced set of measurements, pseudo-phenotypes were calculated from the fitted values 

in a reduced model from of Equation 6 that omitted genetic effects. Pseudo-phenotypes were 

modeled with a random additive genetic effect for individual with either the 𝐀 matrix (ABLUP) 

or 𝐇 matrix (HBLUP), ignoring genotype-by-environment interaction and non-additive genetic 

effects. To expedite model fitting, the additive genetic variance was fixed using the estimates from 

the model with all pseudo-phenotypes. The ramets with masked phenotypes varied at random with 
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twenty replications of the procedure. The PEV for TA and SED calculations were obtained from 

the predict.asreml() function in ASReml-R v 4.0 (Butler et al. 2017). 

3.4 Results  

3.4.1 Single-step model fit and genetic parameter estimates (full data set) 

For all traits, models with additive genomic relationship matrix had considerably better 

AIC than those with pedigree-based relationships (Table 3.1). Likelihood ratio tests suggested 

significant effect of dominance effects for height and DBH (p-values ranging from 0.037 to 0.017). 

For stem straightness, HBLUP was the best fit and dominance effects did not improve model fit. 

Variance component estimates and their standard errors were similar among the models 

evaluated (Table 3.2). For height and DBH, HBLUP and HDBLUP models produced slightly 

higher estimates of the additive genetic variance compared to the pedigree-based models, while 

for straightness the estimates were very similar. For height, the increased additive genetic variance 

estimate did not correspond with increased heritability estimates, apparently due to increased 

genotype-by-environment interaction variance, as indicated by lower genetic correlation among 

sites. For DBH, the increased additive genetic variance estimate translated to slightly higher 

heritability estimates. The estimates of non-additive genetic variance (residual genetic and 

dominance variance) were small compared to the additive genetic variance for height and DBH, 

ranging from 3% to 10% of the total genetic variance. For stem straightness, the residual genetic 

variance and dominance variance was near zero (fixed at the boundary of the parameter space), 

indicating genetic effects were entirely additive.  

The estimates of average additive genetic correlations between pairs of sites (𝑟̅𝑎) were 

similar for models, and ranged from 0.63 – 0.75 for across traits. The percent of genetic variance 

accounted for by the factor analytic model (𝑣̅) also did not vary considerably among models. 



 

71 

 

Comparisons of the individual site estimates of additive genetic variance (𝜎𝑎
2), pair-wise additive 

genetic correlations among sites (𝑟𝑎), the site loadings (𝛌), and the site-specific genetic variances 

(𝚿) for HBLUP versus ABLUP were highly correlated (Appendix Figure B6). The individual 

site estimates also tended to be similar in magnitude, except for slightly higher estimates of 

additive genetic variance and site loadings for DBH from HBLUP. 

Estimates of narrow-sense individual tree, narrow-sense clone mean, and broad-sense 

heritability were also similar among models (Table 3.2). Growth traits (height and DBH) tended 

to have higher heritability than stem straightness. 

The precision of breeding value predictions was considerably improved by genomic 

relationships compared to pedigree-based relationships. For all three traits, the within-family SED 

for genotyped individuals were better for HBLUP models (Table 3.1). The improvement of 

HBLUP over ABLUP is also illustrated by the distribution of pairwise standard error of differences 

(Appendix Figure B5). Genomic relationships improved SED by 13%, 12%, and 21% for height, 

DBH, and straightness, respectively, compared to pedigree-based relationships. For non-

genotyped individuals, the SED was better for ABLUP and ADBLUP models, although the 

differences among models were smaller compared to differences among models for genotyped 

clones (averaging 5%).  

There were stark differences among the distribution of TA with and without genomic 

relationships (Figure 3.3). For example, the DBH breeding values for genotyped individuals had 

a mean TA of 0.93 using HBLUP versus 0.88 from ABLUP. Furthermore, the distributions of TA 

for genotyped individuals were somewhat bimodal in ABLUP, with a group of poorer accuracy 

values associated with clonal varieties from the family 25x26 tested in series 6 and 7. The HBLUP 

model greatly enhanced their breeding values accuracies and produced unimodal distributions. The 
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improvement was especially large for straightness score, which could be attributed to fewer ramets 

per clonal variety with straightness phenotypes in series 6 and 7, and thus more room for 

improvement in the TA. The improvement in TA from HBLUP over ABLUP was modest for non-

genotyped individuals. 

3.4.2 Genomic prediction accuracies (masking clones in the data) 

3.4.2.1 Cross validation scenario 1: Prediction within a closed population 

In the first cross validation scenario, which mimics prediction in a closed population, the 

PA across the population (ignoring family structure) were greater for HBLUP than ABLUP (which 

predicts the mid-parent BV), with greater improvements for height and DBH than for straightness 

(Table 3.3). The within-family genomic prediction accuracies (only available for HBLUP) varied 

by family and trait. Height and DBH had similar PA, with means that ranged from 0.24 to 0.47 

depending on the family. Stem straightness had consistently higher within-family PA than growth 

traits (ranged from 0.37 to 0.52). The within-family PA were consistently lower than the across-

population PA, except for family 5x26 (the only family having both parents used in other 

genotyped families). 

3.4.2.2 Cross validation scenario 2: Prediction of a new family 

The second cross-validation scenario corresponded to the prediction of a new family not in 

the model training set such that no more than half-sibling relationships are shared between the 

validation and training sets (Table 3.4). The within-family PA for Scenario 2 were consistently 

lower than those for the Scenario 1 cross validation. The within-family PA varied by trait and 

family, with height and DBH being similar (mean PA ranging from 0.01 to 0.36). The PA for stem 

straightness varied less by validation family compared to height and DBH, with mean PA ranging 

from 0.15 to 0.35.  
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When comparing the different crosses used in validation, there was not a clear trend 

between the PA and the amount of relatedness with the training population. For example, 

validating on family 5x26 had the highest relatedness with the training set (two half-sibling 

families in the training set), but did not have the highest PA for any trait. Validating on family 

25x26 corresponded to the models with the lowest average additive genetic relationship between 

the training and validation populations, and had the lowest PA for height and straightness, but not 

for DBH. Validating with family 12x22 was consistently associated with the highest PA, although 

the only relatedness with the training set was through a grandparent used as a parent in the training 

population, while other validation crosses had half-siblings from the same parent in the training 

population. 

3.4.3 Impact of clonal replication (masking ramets in the data)  

The TA of breeding values increased rapidly when including more ramets until about 6 

ramets, after which the accuracies began to plateau for all traits and models (Figure 3.4). The TA 

were consistently higher for height and DBH compared to straightness. The TA for HBLUP were 

always higher than those for ABLUP, with the improvement dissipating as the number of ramets 

per clonal variety increased. When considering only one ramet per clone (analogous to progeny 

testing without clonal replication) the mean TA of genotyped trees was 0.80 for HBLUP versus 

0.70 for ABLUP for both height and DBH. Compared to HBLUP with one ramet, similar values 

of TA could be obtained from ABLUP when there were three to five ramets per clonal variety. For 

ABLUP models of height and DBH, around 12 ramets per clone were necessary to get the mean 

TA above 0.90, whereas only 6 ramets per clone were required for HBLUP models. For 

straightness, the clonal replication required for TA to exceed 0.90 were 20 ramets for ABLUP and 

12 ramets for HLBUP. 
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The within-family SED improved rapidly when increasing clonal replication until around 

9 to 15 ramets per clonal variety for all three traits evaluated. The improvement of HBLUP over 

ABLUP was persistent for SED and dissipated slowly with increasing clonal replication for height 

and DBH. The improvement in SED was still considerable for stem straightness at 30 ramets per 

clonal variety. The variation in TA and SED among replications of the ramet masking was much 

larger for HBLUP than for ABLUP. Larger variation in TA for HBLUP was attributable to greater 

variation in the values of pairwise genomic relationships, which were continuous and ranged from 

0.25 – 0.75 for full-sibling families, compared to pedigree-based relationships, which were more 

discrete (e.g., 0.5 for full-siblings) (Appendix Figure B3). 

3.5 Discussion 

This study evaluated the potential for genomic relationships to improve within-family 

selection in a clonal population of Pinus taeda tested in multi-environmental trials using a single-

step model (HBLUP) compared to the traditional model using pedigree-based relationships 

(ABLUP). The accuracy and precision of breeding values were evaluated when modeling all 

available data and when excluding subsets of the data that corresponded to prediction of new 

genotypes (with varying degrees of relatedness between the training and validation data sets) or 

prediction of genotypes with reduced clonal replication. The inferences from the results are 

applicable to within-family selection, as there were many genotyped individuals per full-sibling 

family. 

3.5.1 Single-step model fit and genetic parameter estimates 

Genomic relationships consistently modeled the variability in the data better than pedigree-

based relationships for all traits evaluated. Considering the structure of the genotyped population, 

the improvement in model fit can be attributed to more precise modeling of relationships among 
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siblings (and thus covariance among their breeding values) by accounting for the Mendelian 

sampling effect (Campos et al. 2013). Improved fit statistics for HBLUP over ABLUP has been 

reported for tree height in open pollinated populations of Picea glauca (Moench) Voss (Gamal El-

Dien et al. 2016; Ratcliffe et al. 2017) and for DBH and stem straightness in Eucalyptus nitens (H. 

Deane & Maiden) Maiden (Klápště et al. 2018), although a portion of the improvement observed 

in those studies was attributed to better modeling paternal coancestry compared to the assumption 

of half-sibling relationships in open pollinated families. Muñoz et al. (2014a) reported model fit 

improvements when using genomic relationships over pedigree-based relationships after 

accounting for non-additive genetic effects for tree height in a clonal loblolly population. Calleja-

Rodriguez (2019) reported improved fit for models with dominance effects for growth traits in 

Pinus sylvestris L., but not for stem form, as was found in our analysis. 

Variance component and genetic parameter estimates were relatively stable when 

comparing models with and without genomic information. This suggests that the proportion of 

phenotypic variance that can be attributed to genetic effects is similar for HBLUP and ABLUP 

models in this population, where around 40% of the clonal varieties were genotyped (723 out of 

1831). Ukrainetz and Mansfield (2020b) also found estimates of heritability and genetic 

correlations among sites were stable when comparing ABLUP and HBLUP in a breeding 

population of Pinus contorta. Other studies have reported slight decreases in the estimates of 

additive genetic variance and heritability estimates when using genomic relationships, for example 

for height and DBH in Pinus sylvestris (Calleja-Rodriguez et al. 2020). Some studies have 

observed considerable changes in the magnitude of the additive genetic variance when including 

genomic information, which may be explained by the structure of the population. For example, in 

open-pollinated populations where the assumption of half-sibling families is not appropriate, the 
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additive genetic variance estimate may change with the inclusion of genomic information (Gamal 

El-Dien et al. 2016; Klápště et al. 2018). For certain population structures, additive and non-

additive variance can be confounded, and additive variance estimates are reduced when genomic 

additive and dominance relationships are included in the model (Nazarian and Gezan 2016; Cappa 

et al. 2019). Muñoz et al. (2014a) reported variance component estimates in a clonal Pinus taeda 

population that were less stable than we observed when comparing ABLUP, ADBLUP and their 

genomic counterparts. The present study included a residual genetic effect in all models, which 

likely helped stabilize variance component estimates when including or excluding dominance 

variance. The larger family sizes in this study may also have contributed to stable partitioning of 

additive and non-additive effects. Similar to other clonal populations of Pinus taeda (Isik et al. 

2003; Baltunis et al. 2011; Shalizi and Isik 2019), the non-additive genetic variance estimates were 

small relative to the additive, and breeding value predictions were highly correlated among models 

(results not shown). The low amount of overlap in genetic entries among test series may have 

resulted in reduced estimates of non-additive variance through confounding with additive variance. 

Gamal El-Dien et al. (2016) reported that dominance effects were not significant for tree height in 

a population of open pollinated Picea glauca modeled with genomic relationships, but they did 

find improvement when including epistatic effects, which would be accounted for by the residual 

genetic effect in the present analysis. Clone mean heritabilities for growth traits in this study tended 

to be similar to the values reported in previous Pinus taeda studies (Isik et al. 2004, 2005; Zapata-

Valenzuela et al. 2012) and higher than studies with less clonal replication (Baltunis et al. 2011; 

Shalizi and Isik 2019). Estimates of additive genetic correlations among sites and individual tree 

heritability were very similar to those typical in Pinus taeda seedling populations for growth and 

stem straightness (McKeand et al. 2008; Cumbie et al. 2012). 
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3.5.2 Precision of breeding value predictions  

Even though clonal replication was rigorous in the full data set, including genomic 

relationships produced breeding value predictions with greater precision, although the 

improvement was limited to genotyped individuals. The improvement was particularly noticeable 

for individuals with less clonal replication. Previous studies have also reported more precise 

breeding value predictions when including genomic relationships for various breeding populations 

of forest trees (Ogut 2012; Muñoz et al. 2014a; Ratcliffe et al. 2017; Cappa et al. 2017), livestock 

(Legarra et al. 2014), and aquaculture (Vallejo et al. 2017; Yoshida et al. 2019). A study by Cappa 

et al. (2019) found the improvement in TA from genomic relationships was greater for traits with 

lower heritabilities. In this study, stem straightness had a slightly lower heritability and observed 

a greater benefit from genomic relationships for within-family SED (improvement of 21%) 

compared to height and DBH (improvements of 12 to 13%), but the improvements in TA were 

similar. Studies with livestock that include deep pedigrees have reported increases in TA for non-

genotyped individuals (Christensen et al. 2012), but similar to Ratcliffe et al. (2017), we did not 

observe improvements in TA or within-family SED for non-genotyped individuals. The lack of 

improvement for non-genotyped individuals can be attributed to the shallow pedigree of the 

population, as comparisons of the elements of H versus A matrices indicated much more 

concordance for pairs of non-genotyped individuals compared to pairs of genotyped individuals 

(results not shown). 

In forest trees, cloning increases the confidence in ranking progeny within families by 

replicating individual genotypes. With genomic relationships, the unit of replication is no longer 

the individual, but rather the allele. More precise estimates of relatedness among progeny allows 

more reliable partitioning of environmental and genetic effects. This benefit is also realized in the 

presence of clonal replication but diminishes as clonal replication increases. Very similar to Isik 
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et al. (2005), we found a diminishing return in TA improvement after about six ramets per clone. 

These results indicated that genomic relationships increase the confidence in ranking individuals 

for within-family selection similar to clonal replication, and the greatest benefit is achieved with a 

combination of genotyping and clonal progeny testing. 

3.5.3 Genomic predictive ability 

In this population, the PA of genomic prediction models depended mostly on the 

relatedness between training and validation sets and the selection target (overall individual 

selection versus within-family selection). The PA also varied among traits, being lower for growth 

traits compared to stem straightness. The PA for stem straightness was found to exceed those for 

growth traits in another Pinus taeda clonal population using a different genotyping platform 

(Shalizi 2020). Isik et al. (2016) found higher PA for stem straightness compared to growth traits 

in a population of Pinus pinaster Ait. Similar PAs for DBH and straightness were reported in a 

clonal population of Pinus radiata D.Don (Klápště et al. 2020). It is interesting that stem 

straightness tended to have a higher PA than growth traits, because heritability estimates for 

straightness were consistently lower and heritability is expected to have a positive relationship 

with PA in theory (Grattapaglia 2014; Isik 2014) and based on empirical studies in clonal Pinus 

taeda populations (Resende et al. 2012b). One explanation is that molecular markers are better 

capturing the covariance among individual for stem straightness breeding values compared to 

growth traits due to higher linkage disequilibrium (LD) with causal loci. If straightness is 

controlled by a fewer number of loci than growth traits, which are assumed to be polygenic in 

forest trees, a fewer number of markers would be required to explain the genetic variation among 

individuals. Similar to Shalizi (2020), we compared Bayesian methods to GBLUP for stem 

straightness and did not find higher PA for models that relaxed the assumption of constant marker 
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variance (results not shown). Bayesian models have been shown to increase PA for traits that are 

controlled by fewer loci, such as for fusiform rust in Pinus taeda (Isik et al. 2012; Resende et al. 

2012b; Lauer and Isik 2021). The higher PA observed for stem straightness warrants more research 

on the trait’s genetic architecture. 

The PA in the closed-population scenario (Scenario 1) of this study were of very similar 

magnitude as those reported for other clonal Pinus taeda populations (Resende et al. 2012b; 

Zapata-Valenzuela et al. 2012; Shalizi 2020). Isik et al. (2016) also reported PA of similar 

magnitude for height and diameter in Pinus pinaster. The PA for straightness in this study was 

slightly higher than that reported in another clonal Pinus taeda population by Shalizi (2020) and 

that reported for Pinus pinaster (Isik et al. 2016). 

The PA across families in the closed-population scenario were considerably higher for 

HBLUP than for ABLUP for growth traits, as was observed by Ukrainetz and Mansfield (2020b) 

in a breeding population of Pinus contorta. The improvements can be attributed to the impact of 

accounting for the Mendelian sampling term, as ABLUP can only rank families in the absence of 

progeny phenotypes (Zapata-Valenzuela et al. 2013). For stem straightness, there was only modest 

improvement in PA across families when comparing HBLUP to ABLUP, which may be due to 

large variation among families that was effectively captured by ABLUP.  

The importance of relatedness between training and validation sets has been described 

extensively (Goddard and Hayes 2007; Habier et al. 2007; Lin et al. 2014) and observed in 

breeding populations of other tree species (Beaulieu et al. 2014; Resende et al. 2017; Ukrainetz 

and Mansfield 2020a). In this study, decreasing the relatedness between the training and validation 

sets reduced PA by about half for growth traits and by about a third for stem straightness, although 

the impact varied greatly by validation sets. Shalizi (2020) reported slight decreases in PA for 
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growth and straightness in a clonal Pinus taeda population when restricting the training set to 

include no more than half-sibling relationships with the validation set. Resende et al. (2017) also 

reported slight decreases in PA when comparing similar cross-validation scenarios with 

Eucalyptus. Both of those studies had more families and greater marker density, which may have 

buffered the impact to PA when removing full-sibling relationships between training and 

validation sets. In this study, the genotyped families were rarely tested in the same environment, 

so the PAs reported here should be reflective of a new family in a new environment. 

When comparing the PA for the different families held out for validation, we did not find 

a clear relationship with relatedness between training and validation sets. However, it should be 

cautioned that this study contained a small sample of families (five), and this result could be 

spurious. Genomic prediction of new families is expected to be challenging for most forest tree 

breeding programs due to the rapid decay of LD inherent to their evolutionary history characterized 

by longevity, wide geographic distribution, large effective population size and high outcrossing 

rate. In the closed-population scenario, acceptable PA can be achieved with a smaller set of 

markers due to capturing long-range LD arising from increased relatedness within families 

(Zapata-Valenzuela et al. 2012; Thistlethwaite et al. 2020). For prediction of a new family (either 

from recombination due to breeding or in a new population), short-range LD between molecular 

markers and causal loci is required due to changes in the marker-trait phase. Because LD is 

expected to be low in tree populations with few generations of selective breeding, high marker 

density and large training populations will be required for genomic selection in new families (Isik 

2014). 

The selection target (within versus among families) also influenced PA in this study, such 

that we had higher confidence in ranking individuals across the whole population compared to 
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ranking individuals within-families. Resende et al. (2017) reported more similar PA when 

comparing across population versus within-family prediction for growth traits in a full-sibling 

population of Eucalypts. Shalizi (2020) reported slightly higher PA for ranking individuals within-

family compared to across the population in a clonal Pinus taeda population. Because LD is 

expected to be higher within a family compared to across families due to increased population 

structure, we should expect an increase in PA for within-family prediction (Lin et al. 2014; Toro 

et al. 2017). However, the small number of parents used in the genotyped population of this study 

may have generated levels of LD that were similar across- and within-families. Also, a lower PA 

within-family compared to across families may be caused by a smaller genetic variance, as the 

additive genetic variation within full-sib families is expected to be one half of the total additive 

genetic variation for quantitative traits in a random-mating population (Falconer and Mackay 

1996). 

3.5.4 Implications for genomic selection strategies in Pinus taeda 

The genomic selection method’s greatest potential to increase the annual rate of genetic 

gain in forest trees is by reducing the breeding cycle length. This is achieved by using GEBVs to 

select young individuals to be used as parents of the next generation without waiting for their 

phenotypes, which take at least four to five years to mature in Pinus taeda breeding programs 

(McKeand and Bridgwater 1998; Isik and McKeand 2019). A typical strategy for commencing 

genomic selection in tree breeding programs is to first genotype a progeny test population that has 

already been phenotyped for model-training, then apply the model to a new population created 

from crosses among selections from the training population (Isik 2014; Resende et al. 2017). The 

present study highlights an often over-looked opportunity from such a strategy: genomic 

relationships provide an immediate increase in genetic gain by improving the precision of within-
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family selection from the phenotyped training population, even when clonal replication is 

abundant. This finding suggests that the genotyping effort in the early stages of a genomic selection 

strategy should occur prior to selection of progeny from the training population to realize an 

immediate return on the investment in genomic selection. 

A cost-efficient genotyping platform Pita50K SNP Array for Pinus taeda has recently been 

developed that is accessible to tree breeding programs (Caballero et al. 2021). While genotyping 

costs have been reduced exponentially over the last two decades, they still present a hurdle for 

many programs. The results in this study indicated that re-allocating funds and resources budgeted 

for vegetative propagation towards genotyping to reduce or replace clonal progeny testing may be 

appropriate. There are a few reasons for this.  

 For one, this study demonstrated that breeding value prediction from genomic relationships 

in seedling tests (no clonal replication) had precision comparable to a modest clonal testing 

strategy (3 to 5 ramets per clone), without the time required for vegetative propagation. 

Vegetative propagation typically adds two years to the breeding cycle in Pinus taeda , 

which reduces the annual rate of genetic gain benefits from clonal replication (Isik et al. 

2005).  

 Secondly, clonal replication requires larger testing areas for a given number of individuals, 

or a reduced number of individuals for a given testing area. The former requires additional 

costs and resources associated with field test establishment, maintenance, and 

measurement. The latter negatively affects genetic gain through reduced selection 

intensity, especially for within-family selection, as there are fewer individuals per family 

from which to make selections and reduced chances of testing individuals with the highest 

dosage of favorable alleles (White et al. 2007).  
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 Thirdly, genotyping presents an opportunity to correct pedigree errors. Regardless of 

species or organization, pedigree errors are present in breeding programs at estimated rates 

of five to ten percent in forest trees (Kumar and Richardson 2005; Doerksen and Herbinger 

2010; Muñoz et al. 2014b), agronomic plants (Lacombe et al. 2013; DuVal et al. 2017), 

and livestock (Banos et al. 2001; Visscher et al. 2002). For tree breeding programs, the 

vast majority of errors can be attributed to mislabeling (e.g., of trees, seeds, grafts), 

although higher discordant rates for male parents have been attributed to pollen 

contamination (Adams et al. 1988; Vidal et al. 2015). 

Breeding programs that already have clonal progeny testing strategies developed should 

still see a benefit from genotyping. When including all clonal replicates in this study, practically 

all genotyped individuals had breeding value accuracies greater than 0.9 for all traits evaluated. 

These accuracies could be considered adequate to justify grafting selected progeny (forward 

selections) directly into deployment orchards, bypassing the progeny testing and backwards 

selection that are commonly expected prior to deployment (Burdon and Kumar 2004). In the 

absence of genotyping, modest clonal testing efforts have not been considered powerful enough to 

reliably select progeny for deployment (Kumar 2006; Shalizi et al. 2020). Clonal testing may also 

continue to play a role in improving phenotypes for genomic prediction model training (Lenz et 

al. 2020). 

3.6 Conclusions 

In this clonally replicated population of Pinus taeda, the estimates of additive genetic 

variance and heritability were not affected when the pedigree-derived genetic relationship matrix 

was replaced with a hybrid genomic relationship matrix in linear mixed models. However, the 

model fit, and the reliability of breeding values were greatly improved, resulting in a more 
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confident ranking of individuals within families. For genotyped individuals, the improvements 

were analogous to replicating their phenotypes with clonal testing, and the best breeding value 

predictions were obtained with both clonal replication and genotyping. Predictive ability for a new 

full-sibling family was reduced when removing full-sibling relationships between model training 

and validation sets. Breeding programs for species that are difficult to propagate clonally should 

consider genotyping as a replacement for clonal testing to improve within-family selection. If 

forward selections are planned from genomic selection training populations, breeding programs 

should genotype the population prior to making selections to improve the ranking of individuals’ 

breeding values. 
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3.8 Tables 

 

Table 3.1. Akaike Information Criterion (AIC) and the overall standard error of the difference 

between pairs of breeding value predictions within family (SED) for single-step models with 

additive genetic relationship matrix only (ABLUP and HBLUP) and additive and dominance 

genetic relationships matrices (ABLUP+D and HBLUP+D). The best model based on the fit 

statistic AIC and SED are bolded. The additive genomic relationships improved model fit over 

pedigree-based relationships for all traits. Improved in SED were limited to genotyped individuals. 

Model 
Number of 

Parameters 
AIC 

SED 

Genotyped 

SED 

Not Genotyped 

Height     

ABLUP 157 96314.6 0.931 0.985 

HBLUP 157 96173.5 0.800 1.045 

ABLUP+D 158 96270.4 0.931 0.985 

HBLUP+D 158 96171.1 0.822 1.042 
     

DBH     

ABLUP 157 17197.1 0.243 0.259 

HBLUP 157 17084.5 0.209 0.277 

ABLUP+D 158 17193.4 0.243 0.259 

HBLUP+D 158 17081.3 0.220 0.278 
 

 
   

Straightness    

ABLUP 109 20847.0 0.273 0.287 

HBLUP 109 20738.0 0.214 0.295 

ABLUP+D 110 20847.8 0.271 0.289 

HBLUP+D 110 20740.0 0.214 0.295 
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Table 3.2. Average additive (𝜎̅𝑎
2), dominance (𝜎𝑑

2) and residual genetic (𝜎𝑒
2), and residual (𝜎̅𝜀

2) variances, individual tree (ℎ𝑖̅
2), clone 

mean narrow-sense (ℎ𝑐̅
2) and broad-sense (𝐻𝑐̅

2) heritability, average pairwise additive genetic correlation among test sites (𝑟̅𝑎), and mean 

percentage of additive genetic variance accounted for by the factor analytic covariance structure (𝑣̅) estimated from single-step models 

using pedigree-based relationship matrix (ABLUP and ABLUP+D) and hybrid genomic relationship matrices (HBLUP and HBLUP+D). 

Non-additive genetic variance was small relative to additive genetic variance for all three traits and was fixed at the boundary of the 

parameter space for stem straightness (indicated by NA). Parameter estimates were similar among models for each trait. 

Model 𝝈̅𝒂
𝟐 𝝈𝒆

𝟐 𝝈𝒅
𝟐  𝝈̅𝜺

𝟐 𝒉𝒊̅
𝟐 𝒉𝒄̅

𝟐 𝑯𝒄̅
𝟐 𝒓̅𝒂 𝒗̅ (%) 

Height          

ABLUP 4.10 (0.23) 0.30 (0.07)  6.95 (0.08) 0.25 (0.01) 0.75 (0.02) 0.83 (0.01) 0.72 (0.10) 74.4 

HBLUP 4.51 (0.27) 0.35 (0.05)  6.98 (0.08) 0.27 (0.01) 0.76 (0.02) 0.85 (0.01) 0.70 (0.10) 73.9 

ABLUP+D 4.36 (0.28) 0.18 (0.13) 0.12 (0.22) 6.95 (0.08) 0.28 (0.01) 0.80 (0.03) 0.85 (0.01) 0.72 (0.10) 75.4 

HBLUP+D 4.40 (0.28) 0.46 (0.08) 0.17 (0.10) 6.98 (0.08) 0.26 (0.01) 0.74 (0.02) 0.85 (0.01) 0.69 (0.11) 73.7 

          

DBH          

ABLUP 0.24 (0.01) 0.03 (0.01)  0.59 (0.01) 0.20 (0.01) 0.68 (0.02) 0.80 (0.01) 0.73 (0.21) 81.6 

HBLUP 0.29 (0.02) 0.02 (0.01)  0.59 (0.01) 0.24 (0.01) 0.75 (0.02) 0.82 (0.01) 0.73 (0.11) 80.4 

ABLUP+D 0.25 (0.02) 0.03 (0.01) 0.02 (0.02) 0.59 (0.01) 0.22 (0.01) 0.70 (0.02) 0.81 (0.01) 0.75 (0.14) 81.3 

HBLUP+D 0.28 (0.02) 0.03 (0.01) 0.02 (0.01) 0.59 (0.01) 0.23 (0.01) 0.72 (0.02) 0.82 (0.01) 0.74 (0.10) 80.3 

          

Straightness          

ABLUP 0.27 (0.01) NA  0.82 (0.01) 0.16 (0.01) 0.68 (0.01) 0.68 (0.01) 0.64 (0.11) 67.6 

HBLUP 0.26 (0.02) NA  0.83 (0.01) 0.16 (0.01) 0.66 (0.02) 0.69 (0.01) 0.67 (0.10) 75.5 

ABLUP+D 0.27 (0.01) NA NA 0.82 (0.01) 0.15 (0.01) 0.67 (0.01) 0.67 (0.01) 0.63 (0.11) 72.2 

HBLUP+D 0.26 (0.02) NA NA 0.83 (0.01) 0.16 (0.01) 0.66 (0.02) 0.66 (0.02) 0.67 (0.10) 75.5 
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Table 3.3. Average predictive ability (range) under cross validation Scenario 1 (prediction within 

a closed population) using five-fold cross validation with 579 genotyped clones in the training set 

and 144 in the validation set. The predictive ability across families was higher for HBLUP 

compared to ABLUP, especially for height and DBH. Within-family predictive ability tended to 

be less than when ranking individuals across the population. 

 Training/ 

Validation Size 

Trait 

Height DBH Straightness 

Across Families    

ABLUP 579 / 144 0.30 (0.29, 0.31) 0.12 (0.11, 0.13) 0.66 (0.65, 0.67) 

HBLUP 579 / 144 0.44 (0.41, 0.47) 0.41 (0.38, 0.44) 0.68 (0.67, 0.71) 

Within-Family    

12x22 37 / 9 0.36 (0.22, 0.48) 0.40 (0.24, 0.53) 0.52 (0.37, 0.67) 

18x5 85 / 21 0.43 (0.34, 0.49) 0.37 (0.27, 0.48) 0.46 (0.40, 0.53) 

25x26 176 / 44 0.24 (0.16, 0.31) 0.25 (0.16, 0.32) 0.37 (0.29, 0.44) 

5x14 102 / 25 0.24 (0.10, 0.38) 0.32 (0.19, 0.43) 0.40 (0.27, 0.49) 

5x26 179 / 45 0.47 (0.43, 0.53) 0.45 (0.41, 0.52) 0.46 (0.43, 0.52) 
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Table 3.4. Average predictive ability (range) under cross validation Scenario 2 (prediction of a 

new family) using leave-one-family-out cross validation with 180 genotyped clones in the training 

set. Predictive abilities were lower than the closed population scenario (Scenario 1). 

Validation 

Family 

Training/ 

Validation Size 

Trait 

Height DBH Straightness 

12x22 180 / 46 0.28 (0.09, 0.46) 0.36 (0.23, 0.48) 0.35 (0.12, 0.47) 

18x5 180 / 106 0.14 (-0.05, 0.30) 0.09 (-0.05, 0.21) 0.30 (0.16, 0.41) 

25x26 180 / 220 0.01 (-0.08, 0.12) 0.17 (0.08, 0.22) 0.15 (0.01, 0.31) 

5x14 180 / 127 0.09 (-0.07, 0.23) 0.07 (-0.07, 0.18) 0.27 (0.14, 0.36) 

5x26 180 / 224 0.14 (-0.13, 0.31) 0.19 (-0.01, 0.29) 0.29 (0.18, 0.47) 
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3.9 Figures 

 

Figure 3.1. Pedigree of the population with parents represented as circles and families represented as rectangles. Genotyped crosses are 

filled in green and the number of genotyped individuals within the family is given by n. 
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Figure 3.2. Count of clonal varieties in common (lower triangle) and count of parents in common 

(upper triangle) among progeny test sites (labeled on diagonal). Progeny tests within the same 

series had much stronger connections than across series. 
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Figure 3.3. Theoretical accuracy of breeding values calculated from single-step models using 

pedigree based (ABLUP) and blended genomic additive relationship matrix (HBLUP). The 

genomic relationship matrix increased the accuracy of breeding values for genotyped individuals. 
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Figure 3.4. Theoretical accuracy and within-family overall standard error of the difference (SED) 

among breeding value predictions for genotyped individuals using pedigree-based relationship 

(ABLUP) and hybrid genomic relationship (HBLUP) models with varying amounts of clonal 

replication. Trendlines are locally estimated scatterplot smoothing lines. Accuracy values were 

higher for HBLUP and increased only slightly after 6 ramets per clone. Within-family standard 

error of the difference were lower for HBLUP and decreased sharply until 12 ramets per clone. 
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Chapter 4: Genomic Prediction of Wood Properties in a Clonal 

Pinus taeda L. Population 

4.1 Abstract 

Wood density and stiffness were measured using rapid-assessment technologies on a Pinus 

taeda L. population of around 2000 individuals produced from 53 crosses among 21 parents and 

clonally tested across the coastal plain of the southeastern US. One ramet of each clone was 

genotyped with 41,488 single-nucleotide polymorphism markers to evaluate the potential of 

genomic selection. Cross-validation indicated that the amount of relatedness between model 

training and validation populations strongly impacted predictive ability. Models that differed in 

their assumptions concerning the genetic architecture of the trait performed similarly. A genome-

wide association analysis did not identify significant quantitative trait loci. No evidence for 

deviations from polygenic inheritance was found for wood quality and stiffness, at least when 

measured with rapid assessment tools. A more refined trait dissection considering the pedigree of 

previously identified QTL carriers is warranted. Including stem slenderness phenotypes slightly 

improved genomic predictions of wood quality traits. 

4.2 Introduction  

Conventional breeding has considerably improved the growth, disease resistance, and stem 

form of loblolly pine (Pinus taeda L.), resulting in increased productivity of plantations in the 

southeast US (Isik and McKeand 2019; McKeand 2019). Important physical wood properties for 

sawn lumber, such as wood density and stiffness, have been demonstrated to be heritable in 

loblolly pine populations (Megraw 1985; Zobel and Jett 1995; Myszewski et al. 2004; Isik et al. 

2008), but they have received little to no attention in breeding, primarily due to the time and cost 

of phenotyping. The expense and labor requirements for phenotyping wood quality in testing 
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populations has been reduced dramatically with the development of rapid phenotyping 

technologies, including drill resistance as a proxy for wood density and acoustic velocity for wood 

stiffness (Isik and Li 2003; Eckard et al. 2010; Lenz et al. 2013; Walker et al. 2019). However, 

wood quality traits are typically measured at six to eight years compared to growth traits in Pinus 

taeda, which can be assessed with high-confidence as early as age four years (Xiang et al. 2003). 

With recent developments in genotyping platforms, such as an Axiom single nucleotide 

polymorphism array for P. taeda (PiTa50k, Caballero et al. 2021), breeders are looking to bypass 

the expense and time required for phenotyping using genomic selection. Genomic selection (GS) 

is the prediction of breeding values for individuals without phenotypes (e.g. young seedlings) using 

a large number of DNA markers spread across the genome (Meuwissen et al. 2001), and has 

become a routine application in livestock and agriculture breeding programs during the last decade 

(Xu et al. 2020). By selecting individuals for breeding at ages younger than required for 

phenotyping, the annual rate of genetic gain can be increased substantially in P. taeda, especially 

for wood quality traits that take additional years to assess. 

The success of GS depends on several factors (Grattapaglia 2014; Isik 2014), particularly 

the relatedness between the model training population (genotyped and phenotyped) and the 

selection candidates (genotyped only). Studies with many species and traits have observed sharp 

declines in genomic predictive power when removing relatedness between model training and 

validation sets, including for physical wood properties of black spruce (Picea mariana) (Lenz et 

al. 2017), Norway spruce (Picea abies) (Chen et al. 2018), white spruce (Picea glauca) (Beaulieu 

et al. 2020), and lodgepole pine (Pinus contorta) (Ukrainetz and Mansfield 2020). In these studies, 

the predictive power was typically reduced by half when removing full-sibling relationships 

between training and validation sets, and in most cases dropped to nearly zero when removing all 
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relatedness. The impact of relatedness between the model training population and GS candidates 

needs to be further quantified for wood property traits in loblolly pine. 

Applications of GS can be more successful when the genetic architecture of the trait is 

understood. Genomic prediction models vary in their assumptions regarding the distribution and 

variances of marker effects, corresponding to polygenic or oligogenic/monogenic inheritance 

(Meuwissen et al. 2001; Habier et al. 2011). Ridge-regression best linear unbiased prediction 

(RRBLUP) and genomic best linear unbiased prediction (GBLUP) assume a priori that all loci 

explain an equal amount of variance and that marker effects have a normal distribution, with the 

impact that all effects are shrunk to a similar and small size (Meuwissen et al. 2001; Endelman 

2011). Similar to the traditional genetic analysis using covariances among individuals based on 

their pedigree relationships (ABLUP) (Mrode 2013), the GBLUP method uses realized 

relationships based on genomic markers and is equivalent to RRBLUP under conditions that are 

generally met in empirical datasets (Habier et al. 2007). Conversely, many Bayesian models have 

been developed that allow a non-normal distribution of marker effects by assuming the genetic 

variance explained by individual markers follows a prior distribution, which may result in 

increased prediction power for traits influenced by markers with large effects (QTL) (Habier et al. 

2011).  

Using association genetics methods, significant QTL have been identified for wood density 

and stiffness traits in P. taeda (Groover et al. 1994; Sewell et al. 2000; Brown et al. 2003). A much 

smaller set of QTL were consistent across populations, and it has been suggested that use of clonal 

populations may improve detection of QTL (Brown et al. 2003). An intensively used P. taeda 

parent, 7-56, is known to be heterozygous for the major gene cad-n1, which encodes a two base 

adenosine insertion that results in a severe deficiency in the enzyme cinnamyl alcohol 
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dehydrogenase, which catalyzes the last step in the biosynthesis of the major lignin precursors 

coniferyl alcohol (Gill et al. 2003). In multiple progeny trials, a significant allele substitution effect 

on wood density has been associated with cad-n1 (Yu et al. 2005, 2006b). The present study 

includes parents that are descendants of 7-56 and confirmed to be heterozygous carriers of the cad-

n1, which may have bearing on the appropriate genomic prediction model.  

Genomic predictions can also be improved when including information on correlated traits 

(Guo et al. 2014; Hayes et al. 2017; Lenz et al. 2020). The slenderness of the tree stem, defined as 

the ratio of height to girth, has been observed to have a moderate positive genetic correlation with 

wood stiffness in P. taeda (Roth et al. 2007; Walker et al. 2019), as well as for other conifers 

(Johnson and Gartner 2006; Lasserre et al. 2008; Kijidani et al. 2009). As wood quality traits take 

extra years to assess, a potential GS strategy may be to phenotype stem slenderness at the 

conventional age and include these phenotypes in the genomic prediction for wood properties. If 

successful, this approach would save the expense of phenotyping wood properties and reduce the 

time required to apply selection. 

The objectives of this study were to quantify the potential of genomic prediction for wood 

density and stiffness in a proof-of-concept experiment using a clonal population of P. taeda. Wood 

properties were indirectly measured using drill resistance and acoustic velocity. The effect of 

relatedness between training population and validation population was explored, as were the 

impact of models with different assumptions concerning the distribution of marker effects. 

Additionally, a strategy that includes phenotypes for stem slenderness was evaluated for 

improvements in genomic prediction of wood properties. 
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4.3 Materials and methods  

4.3.1 Plant population 

This study used the Atlantic Coastal Elite population created by the NC State University 

Cooperative Tree Improvement program and described by (Shalizi 2020). In the early 2000s, 24 

parents were mated in three disconnected eight-parent diallels to produce 76 crosses. About 120 

seedlings from each cross were challenged with fusiform rust fungus (Cronartium quercuum f. sp. 

fusiforme) at the USDA Forest Service Resistance Screening Center in Asheville, NC. At six 

months post inoculation, 23 crosses were culled. From the remaining 53 crosses, about 46 

seedlings without galls were cloned via rooted cutting techniques. An additional seven pollen-mix 

crosses corresponding to common-family checklots were also propagated with a similar number 

of progeny per parent. A total of 2362 cloned progeny were established across six test sites in 2010 

and two additional test sites in 2011. The field test design included one replication of each clonal 

progeny per test designed with alpha cyclic incomplete row-column design. 

4.3.2 Phenotypes 

All test sites were measured for growth traits in 2016 (age six years for six sites and age 

five for two sites) for height and diameter at breast height (DBH). The slenderness of each tree 

was calculated as the ratio of height to DBH. In the period 2019 through 2021, wood quality traits 

were obtained at ages nine to eleven on seven of the sites. One of the sites had been thinned after 

the age six assessment but prior to wood quality assessment: this site was included in the analysis 

based on previous reports of low genotype-by-environment interaction for rapid-assessments of 

wood properties in loblolly pine (Walker et al. 2019) and a high additive genetic correlation with 

other test sites in a preliminary analysis. Drill resistance was obtained using a PD-400 IML 

resistograph. Acoustic time of flight was obtained using the Fakopp TreeSonic (Huang 2005) with 

a distance of one meter centered around breast height on the clearest face of the tree, avoiding 
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branches and defects. As recommended in the user guide (Fakopp Enterprise 2005), three 

measurements were taken per tree and the mean of the three measurements used as the phenotype. 

For analysis, time of flight values were converted to velocity in kilometers per second, the square 

of which is theoretical proportional to wood stiffness as measured by the modulus of elasticity 

assuming that green wood density does not vary considerably among trees (Lindström et al. 2002), 

which is a common and reasonable assumption (Lindström et al. 2004; Lasserre et al. 2005). There 

were a total of 2448 clonal progeny with phenotype information. 

4.3.2.1 Drill resistance processing 

For each drill resistance trace, a procedure was developed that corrects for friction and then 

delineates bark, wood, and air. The linear friction correction factor described by Fundova et al. 

(2018) was applied to each trace using the drill bit exit resistance, where the exit point of the trace 

was identified using a changepoint analysis as described by Walker et al. (2019). To delineate bark 

from the corrected trace, the minimum resistance observed within the middle 75% of each trace 

was used as a threshold for minimum wood resistance, and the minimum and maximum depths of 

the trace used to identify the entry and exit bark, respectively. To avoid residual friction not 

corrected for by the procedure, the trace was split in half (at the expected pith location) and the 

first half retained. The average resistance of the first half of the trace (excluding bark) was 

calculated as the phenotype for each tree. An example of a typical drill resistance trace and 

processing is shown in Figure 4.1. 

4.3.3 Genotyping 

In the summer of 2018, foliage was collected from one ramet of each clone and their parents 

and genotyped using the Pita50K SNP array (Caballero et al. 2021). A total of 2023 clonal progeny 

and 20 parents were genotyped successfully with 41,488 markers. The call rate across samples and 
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markers was 96.5%, and missing calls were imputed using a k-nearest neighbor method including 

information from linkage disequilibrium as implemented in the LinkImpute software (Money et 

al. 2015). There were 33,321 markers that were polymorphic with minor allele frequency greater 

than 0.05 that were retained for analyses. There were 1991 clonal progeny having both genotype 

and phenotype information. 

4.3.4 Pedigree corrections 

The realized genetic relationship matrix 𝐆 was computed among clonal progeny accounting 

for allele frequencies using the method proposed in VanRaden (2008) 

𝐆 =
(𝐌−𝐏)(𝐌−𝐏)′

2∑𝑝𝑖(1−𝑝𝑖)
    (Eq. 1) 

where 𝐌 is the 𝑛 x 𝑚 matrix of 𝑛 individuals and 𝑚 marker genotypes coded in gene content (0, 

1, or 2 doses of the minor allele) and 𝐏 is a 𝑛 x 𝑚 matrix containing twice the minor allele 

frequencies for each marker locus. These values are scaled so that rare alleles are given more 

weight to indicating relatedness than common alleles. When comparing realized relationships to 

expectations based on pedigree, inconsistencies were found (Figure 4.2). There were 49 samples 

associated with as many clonal progeny that matched a different family or individual. Five of these 

inconsistencies could be attributed to contamination during sample processing as evidenced by 

high genomic relationships with adjacent well plates. For the remaining samples, it could not be 

determined if the particular ramet was mislabeled or if all ramets were consistently mislabeled, so 

the entire clone was dropped from the analysis. There were 37 clonal progeny that shared the same 

male parent according to pedigree that did not possess adequate genomic relationships, these 

clones were kept in the analysis, but the male parents assumed to be from pollen contamination, 

and were relabeled as dummy parents and added to the pedigree. There were seven families 

pollinated using a pollen mix of 20 parents, and with genomic relationships we were able to group 
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53 of the clonal progeny to 13 individual male parents in the pollen mix, which were added to the 

pedigree. Two of the families had a female parent that was also used in the pollen mix, while no 

inbreeding was detected, there were half sib relationships with other individuals and it could not 

be confidently determined if it was from the female or male parent, so these two families were 

dropped from the analysis. One ancestor was determined to be incorrect, with the correct ancestor 

increasing the nominal relatedness among some clonal progeny the population. After pedigree 

quality control, there were 1966 clonal progeny from 51 families and 17 parents with genotypes. 

A comparison of the pairwise estimates for G and A matrices before and after pedigree corrections 

are shown in Figure 4.2. The realized relationships among clonal progeny are shown along with 

the expectations from the pedigree in Figure 4.3, which also illustrates the population structure 

induced by the mating design. 

4.3.5 Statistical analysis 

4.3.5.1 Pseudo-phenotypes for clonal progeny 

Pseudo-phenotypes were obtained for each clonal progeny in the population for down-

stream analyses (VanRaden and Wiggans 1991). The best linear unbiased estimate (BLUE) of 

clone effects was calculated across test sites while adjusting for field spatial variation within each 

test site. The model used was  

𝐲 = 𝟏𝜇 + 𝐗𝟏𝐬 + 𝐗𝟐𝐯 + 𝐙𝟏𝐛 + 𝐙𝟐𝐜 + 𝐙𝟑𝐫 + 𝛆  (Eq. 2) 

where 𝐲 is the vector of phenotypic measurements (density, stiffness, or slenderness), 𝜇 is the 

overall mean; 𝐗 and 𝐙 are the design matrices for the fixed and random effects, respectively; 𝐬 is 

the vector of fixed effects of test site; 𝐯 is the vector of fixed effects for the clonal progeny; 𝐜 is 

the vector of random column within replicate effects with heterogeneous variance among sites as 

𝐜 ∼ 𝑁(0,⊕𝑠=1
𝑆 𝜎𝑐(𝑠)

2 𝐈); and 𝐫 is the vector of random row within replicate effects with 
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heterogeneous variance among sites as 𝐫 ∼ 𝑁(0,⊕𝑠=1
𝑆 𝜎𝑟(𝑠)

2 𝐈). The 𝜺 is the vector of random 

residual effects with variance-covariance matrix with separable first-order autocorrelation matrix 

at each site as 𝜺 ∼ 𝑁(0, 𝐑), where 𝐑 =⊕𝑠=1
𝑆 [𝜎𝜀(𝑠)

2 ∑ (𝜌𝑐(𝑠))⨂𝑐(𝑠) ∑ (𝜌𝑟(𝑠))𝑟(𝑠) ] where 𝜎𝜀(𝑠)
2  is the 

residual variance for site 𝑠, ∑ (𝜌𝑐(𝑠))𝑐(𝑠)  is the correlation matrix for the columns of site 𝑠, and 

∑ (𝜌𝑟(𝑠))𝑟(𝑠)  is the correlation matrix for the rows of site 𝑠. The 𝟏 is a vector of ones, 𝐈 is the 

identity matrix of proper dimension, ⊕ denotes a block-diagonal structure, and ⊗ denotes the 

Kronecker product. Weights for the pseudo-phenotypes were calculated as the inverse of their 

squared standard error. The BLUES and their phenotypic relationships are shown in Figure 4.4. 

4.3.5.2 Estimating variance components and breeding values 

The amount of variance attributable to additive genetic and residual effects as well as the 

prediction of breeding values was done using the following linear mixed model.  

𝐲∗ = 𝐗β + 𝐙𝐚 +  𝛆    (Eq.3) 

where 𝐲∗ is the pseudo-phenotype for each trait, β is the fixed effect intercept with incidence matrix 

𝐗 relating observations to effects, 𝐚 is the vector of random additive genetic effects with incidence 

matrix 𝐙, and 𝛆 is the vector of residual effects with distribution 𝛆 ~𝑁(0, 𝐈𝜎𝜀
2) where 𝐈 is the 

identity matrix. For ABLUP, the additive genetic effects have the distribution 𝐚 ~ 𝑁(0, 𝐀𝜎𝑎
2) 

where 𝐀 is the numerator relationship matrix based on pedigree (Henderson 1976). In GBLUP, the 

𝐆 matrix is used in place of 𝐀. The narrow-sense clone-mean heritability was calculated for each 

model with the estimates of 𝜎𝑎
2 and 𝜎𝜀

2 as ℎ̂2 = 𝜎̂𝑎
2 (𝜎̂𝑎

2 +⁄ 𝜎̂𝜀
2/𝑛ℎ), where 𝑛ℎ is the harmonic mean 

number of ramets per clonal progeny. The breeding values predictions from ABLUP model were 

used as estimated breeding values (EBV) and the predictions from GBLUP as the direct genomic 

values (DGV). 
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A multivariate formulation of Equation 3 considering density, stiffness, and slenderness is given 

as: 

[

𝒚𝒅
∗

𝒚𝒔
∗

𝒚𝒉/𝒅
∗

] = 𝐗𝛃 + 𝐙𝐚𝒕 +  𝛆   (Eq. 4) 

where 𝒚𝒅
∗ , 𝒚𝒔

∗, and 𝒚𝒉/𝒅
∗  are the vectors of pseudo-phenotypes for density, stiffness, and 

slenderness, respectively, 𝛃 is the vector of fixed effect intercepts for each trait with design matrix 

𝐗, 𝐚𝒕 ~ 𝑁(0, 𝐀𝐕𝒂) is the vector of additive genetic effects within traits with design matrix 𝐙, and 

the vector of random residuals is 𝛆 ~ 𝑁(0, 𝐈𝐕𝐑). The matrices 𝐕𝒂 and 𝐕𝑹 are variance-covariance 

matrices that include the covariances among traits and the variances of individual traits. The 

genetic correlation among a pair of traits is given by their covariance divided by square root of the 

product of their variances from 𝐕𝒂. This multivariate model was called ABLUP-MV, and the 

GBLUP-MV model obtained by substituting 𝐆 in place of 𝐀. Variance components, heritabilities, 

genetic correlations and their standard errors were estimated using the Delta method and solved 

using the vpredict() function in ASReml-R 4.2 (Butler et al. 2017). 

4.3.5.3 Genomic prediction models 

The power of genomic prediction was evaluated using different models and cross 

validation schemes. Models were trained on the clonal progeny pseudo-phenotypes using the 

standard error of the BLUE to weight the residuals. To avoid inconsistency among cross validation 

scenarios, the seven pollen-mix checklot families were removed from cross validation runs leaving 

1893 clonal progeny in the analysis. 

In addition to the GBLUP (Equation 3) and GBLUP-MV (Equation 4) models, we 

considered RRBLUP and the Bayesian model Bayes-Cπ for genomic prediction. The RRBLUP 

and Bayes-Cπ models have the form 
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𝒚∗  = 𝟏𝜇 + 𝐗𝐦 +  𝛆   (Eq. 5) 

where 𝒚∗ is the vector of pseudo-phenotypes for a trait and 𝛆 is the vector of random residual 

errors. The 𝜇 is the fixed-effect intercept, 𝟏 is a vector of ones of the appropriate dimension, 𝐗 is 

the 𝑛 x 𝑝 matrix of gene content in count of minor alleles (centered on -1, 0, 1) for 𝑛 individuals 

and 𝑝 markers, and 𝐦 is the vector of estimated marker effects. After estimating marker effects, 

the genomic estimated breeding value (GEBV) for clonal progeny 𝑗 is given by 

𝑔̂𝑗 = ∑ 𝑋𝑖𝑗
𝑝
𝑖=1 m̂𝑖   (Eq. 6) 

where 𝑋𝑖𝑗 is the genotype call at the 𝑖th marker and m̂𝑖 is the marker allele substitution effect. 

In RRBLUP, the marker effects are considered random with variance components to be 

estimated. The marker effects are distributed normally with constant variance as 𝐦 ~ 𝑁(0, 𝐈𝜎𝒎
𝟐 ). 

The solution for the marker effects is given by 𝐦̂ = (𝐗′𝐗 +  λ𝐈)−1𝐗′𝒚∗, where λ is the ridge 

parameter λ =  𝜎𝜀
2/𝜎𝑚

2 . The RRBLUP models were estimated using the rrBLUP package in R 

(Endelman 2011). 

In the Bayes-Cπ model, a prior density is assigned to each of the terms. The residual 

variance 𝜎𝜀
2is assigned a scaled-inverse chi-square distribution and the 𝜇 is assigned a flat prior 

(Isik et al. 2017). The marker effects were assigned independent and identically distributed priors 

with a normal density, including a hyper-parameter π that represents the prior proportion of 

markers with non-zero effects. The π is treated as unknown and assigned a Beta distribution prior. 

This results in the marker effects with probability π having a mixture of multivariate Student’s t-

distributions 𝑡(0, 𝑣𝑎, 𝐈𝑆𝑎
2), where 𝑣𝑎 is the degrees of freedom and 𝑆𝑎

2 is the scale parameter 

𝑆𝑎
2 = 

𝜎𝑎
2(𝑣𝑎 − 2)

𝑣𝑎
⁄    (Eq. 7) 

The Bayes-Cπ models were estimated using the R package BGLR (Perez and Campos 2014). Each 

model was run with 10,000 iterations after a burn-in period of 500 iterations. 
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4.3.5.4 Genomic prediction efficiency 

Genomic prediction was evaluated using several cross-validation scenarios, where one 

portion of the clones in the population was used for model training and another portion had their 

pseudo-phenotypes masked for validation. To quantify the genomic prediction efficiency, several 

metrics have been used in the literature. Accuracy is by definition the correlation between true 

breeding values and the predicted breeding values (Mrode 2013); however, the former are never 

known in empirical data, and therefore approximations to the accuracy must be used. Studies 

commonly use the prediction accuracy defined as the Pearson correlation between the GEBV and 

the EBV estimated from ABLUP (Holland et al. 2020). Another common metric is the predictive 

ability, which is defined as the correlation between the GEBV and the phenotype or pseudo-

phenotype in this case. Theoretically, the predictive ability cannot exceed the square root of the 

heritability, which is the correlation between breeding values and phenotypes. Oftentimes, the 

predictive ability is scaled by the square root of heritability, which can be defined as a predictive 

accuracy. Preliminary analysis indicated the predictive accuracy and prediction accuracy values 

were very similar, therefore we omitted the former in the presentation of results. 

4.3.5.5 Cross-validation scenario 1: Closed-population 

In the first cross validation scenario, each clonal progeny was assigned at random to one 

of five folds, and each fold was used as a validation set, and the other four folds were used for 

model training (i.e. five-fold cross validation). This scenario mimics prediction within a closed 

population where there is very close relatedness (full siblings) between the training and validation 

populations, such as prediction of new individuals from an existing family. The fold assignments 

were repeated twenty times, and the average predictive ability and prediction accuracy within each 

repetition were calculated and reported with its standard error. 
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4.3.5.6 Cross-validation scenario 2: Predicting a new family 

The second cross validation scenario evaluated the potential for prediction of a new family 

using a hold-one-family-out procedure. Each of the 51 full-sibling families was held out for 

validation and the other 50 used for model training. Families had differing levels of relatedness 

with the rest of the population, and the resulting prediction efficiencies were plotted against the 

families mean pedigree relationship with the training population to determine the effect. The 

training sets ranged in size from 1840 to 1880 clonal progeny, and the validation sets ranged in 

size from 13 to 53. 

4.3.5.7 Cross-validation scenario 3: Predicting a new population 

Considering that the study population consisted of three disconnected diallels, there was 

an opportunity to evaluate prediction of a new population with limited relatedness to the training 

population (Figure 4.3). The clones belonging to each diallel were used in the validation set while 

the other two diallels were used for model training. The training set sizes ranged from 1072 to 

1413 and the validation set sizes from 480 to 821 clonal progeny. 

4.3.5.8 Genome-wide association 

The BLUEs were used as pseudo-phenotypes in a genome-wide association analysis to 

estimate individual marker effects and their significance as described by Yu et al. (2006a) and 

implemented in the rrBLUP package in R (Endelman 2011). A linear mixed-effects model was fit 

to each marker as 

𝒚∗ = 𝐗𝛃 + 𝐒𝛕 + 𝐙𝐠 +  𝛆  (Eq. 8) 

where the vector 𝛃 contains fixed effects to account for population structure with design matrix 𝐗 

relating clones to the effects. The fixed effects consisted of the loadings from the first three 

principal components of an eigenvalue decomposition of 𝐊. The vector 𝛕 includes the fixed 
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additive marker effects with design matrix 𝐒, which were transformed to values of -1, 0, and 1 for 

the major-allele homozygote, heterozygote, and minor-allele homozygote, respectively. The 

vector 𝐠 contains the random polygenic background effects of each clone with design matrix 𝐙 and 

𝑉𝑎𝑟[𝐠] = 𝐆𝜎a
2 where 𝐆 is the realized relationship matrix derived from the markers from Equation 

1. The residual variance is 𝑉𝑎𝑟[𝛆] = 𝐈𝜎ε
2. 

Using the high density genetic map developed by Lauer and Isik (2021), the significance 

of effects for 10,183 markers located across twelve linkage groups were visualized with a 

Manhattan plot. There were an additional 31,305 markers that were not mapped but included in 

the analysis. Markers were not excluded in the analysis based on minor allele frequency. 

Significance of marker effects was determined using a Bonferroni correction corresponding to a 

significance level of 0.05. Additionally, a false discovery rate of 0.50 was used to screen markers 

for significance, implying that roughly half of the markers identified will be false positives. The 

false-discovery rate threshold were calculated using the qvalue package in R software (Storey et 

al. 2020) with the corresponding log10 p-value determined by interpolation. 

4.4 Results 

4.4.1 Genetic parameter estimates  

Additive genetic effects explained a considerable amount of variation for wood density and 

stiffness and a more moderate amount for stem slenderness (Table 4.1). The narrow-sense clone-

mean heritability estimates ranged from 0.52 to 0.61 for wood density and from 0.55 to 0.71 for 

stiffness. The heritabilities for stem slenderness were lower and ranged from 0.13 to 0.33. The 

GBLUP models tended to produce higher heritability estimates that were more precise than 

ABLUP. The multivariate models produced similar heritability estimates as univariate models for 

wood density and stiffness, but considerably higher values for stem slenderness. 
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The genetic correlation estimates were high between wood stiffness and stem slenderness 

(0.63 for GBLUP and 0.74 for ABLUP) (Figure 4.5). The genetic correlations between wood 

density and slenderness were moderate with 0.47 for GBLUP and 0.55 for ABLUP. Wood density 

and stiffness had mild genetic correlation estimates (0.10 and 0.23 for GBLUP and ABLUP, 

respectively). The genetic correlations estimated from GBLUP tended to be lower and had smaller 

standard errors than those estimated from ABLUP. The EBV and DGV were highly correlated for 

all the traits (diagonal of Figure 4.5). 

4.4.2 Genomic prediction 

The prediction efficiency values varied among the validation scenarios considered (Table 

4.2). The closed population scenario had predictive abilities ranging from 0.61 to 0.64 for wood 

density and stiffness. The predictive abilities were reduced when validating on families (0.41 for 

density and 0.47-0.52 for stiffness) and had larger standard errors due to variation among 

validation/training sets. The predictive abilities were not significantly different from zero when 

validating on disconnected diallels. Stiffness tended to have slightly higher predictive ability than 

density. The prediction accuracies were considerably higher than predictive abilities in the closed-

population scenario, but more similar in the family validation and diallel validation scenarios. The 

different models evaluated had practically identical predictive power for all traits and scenarios 

considered. 

For wood density, the use of multivariate models (GBLUP-MV and ABLUP-MV) that 

included stem slenderness phenotypes did not considerably increase the predictive ability in the 

closed population or the family validation scenarios, but generated considerable improvement for 

the diallel validation scenario (Figure 4.6). For wood stiffness, the GBLUP-MV outperformed 

GBLUP in all three scenarios, although the improvement was modest for the closed population 
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(predictive ability of 0.65 versus 0.63) and family validation scenarios (0.54 versus 0.52). In the 

closed population scenario, GBLUP models outperformed ABLUP models, confirming that 

genomic markers are explaining within-family variation better than ABLUP, which predicts mid-

parent breeding values for the validation population. The non-zero predictive abilities for the 

multivariate models in the diallel validation scenario can be entirely attributable to the genetic 

correlation between slenderness and wood properties, as the univariate models had predictive 

abilities not significantly different than zero. 

The mean additive genetic relationship between the training and validation populations 

explained 64% of the variation in predictive ability among cross-validation runs for wood density 

and 53% of the variation in predictive ability for stiffness across the scenarios evaluated (Figure 

4.7). These relationships were much weaker when comparing folds within a scenario and were 

only significant for the family validation. It should be noted that the relationship values did not 

vary considerably among training sets in the closed population and diallel scenarios, which 

precludes estimating its effect. The training set size did not significantly influence the predictive 

ability after accounting for relatedness between training and validation sets, although it should be 

noted that the size of the training set did not vary considerable among validation folds within a 

scenario. To reach a predictive ability of 0.50, the mean additive genetic relationships between 

training and validation sets needed to be around 0.05. 

4.4.3 Genome-wide association 

The significance of marker effects for wood density and wood stiffness are presented for 

mapped markers in Figure 4.8. None of the markers had p-values extreme enough to be considered 

significant using the Bonferroni correction. Similarly, no markers had q-values beyond the 

threshold corresponding to a false discovery rate of 0.50. 
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4.5 Discussion  

Heritability and genetic correlation estimates were similar in magnitude to those reported 

in other populations of P. taeda that used drill resistance and acoustic velocity to assess wood 

properties (Isik and Li 2003; Eckard et al. 2010; Walker et al. 2019). As found by Walker et al. 

(2019), heritabilities were higher for wood properties traits compared to growth traits (see Lauer 

et al. (2021) for heritabilities of growth traits in this population). 

Similar to other studies of wood density and stiffness traits, heritability estimates obtained 

from GBLUP were more precise than those obtained from ABLUP (Chen et al. 2018; Calleja-

Rodriguez et al. 2020; Lenz et al. 2020; Ukrainetz and Mansfield 2020), which can be attributed 

to the more precise estimates of relatedness using realized genetic relationships compared to 

pedigree, since markers captured the Mendelian sampling variation within families. The same 

phenomenon is also responsible for the increased prediction power of GBLUP versus ABLUP in 

the closed population scenario, as ABLUP predicts mid-parent breeding values in the absence of 

phenotypes. Increased predictive power of GBLUP versus ABLUP has been observed in wood 

property traits of other conifers (Chen et al. 2018; Calleja-Rodriguez et al. 2020). 

The genomic prediction efficiencies for density and stiffness in the closed population 

scenario were stronger than those previously reported for P. taeda (Resende et al. 2012b) and other 

conifers (Chen et al. 2018; Calleja-Rodriguez et al. 2020; Lenz et al. 2020) using similar cross 

validation scenarios. Other studies have observed very high prediction accuracies for wood density 

and stiffness (0.70 to 0.90) in closed populations (Beaulieu et al. 2014; Ukrainetz and Mansfield 

2020). The high predictive values observed in this study were likely due to a combination of factors 

including large training population, clonal replication of phenotypes, and low effective population 

size.  
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The impact of relatedness between training and validation populations was strong. The 

predictive power dropped to zero when validating across disconnected diallels. Removing 

relatedness between training and validation sets also reduced predictive ability to zero for density 

and stiffness in other conifers (Beaulieu et al. 2014; Lenz et al. 2017; Chen et al. 2018) and 

Eucalyptus breeding populations (Resende et al. 2012a). In contrast, Resende et al. (2017) reported 

predictive abilities for density that were still greater than 0.50 when removing relatedness from the 

training population for Eucalyptus, which the authors attributed to the presence of short-range 

linkage disequilibrium between markers and QTL. Ukrainetz and Mansfield (2020) reported 

prediction accuracies for wood density and stiffness greater than 0.25 when removing relatedness 

between training and validation sets, although the accuracies were more variable among validation 

folds. They attributed the non-zero predictive power to historical relatedness between parents that 

resulted in relationships between progeny not accounted for in the pedigree. The rapid decay of 

linkage disequilibrium inherent to the evolutionary history of outcrossing in forest trees makes 

across-population prediction unreliable in the absence of many generations of selective breeding. 

Validating on full-sib families did not reduce the predictive ability as drastically as 

observed in other studies, likely due to the large number of half-sib families included in the training 

set. In this study predictive ability dropped from 0.62 to 0.41 for wood density and from 0.64 to 

0.52 for stiffness. Chen et al. (2018) reported that predictive abilities for wood stiffness dropped 

from 0.50 to 0.26 when removing full-sib relationships between training and validation sets. Lenz 

et al. (2017) reported that predictive abilities dropped from 0.49 to 0.37 for density and 0.37 to 

0.23 for stiffness in black spruce. In all cases, the variation among validation folds was 

considerably greater when validating on families compared to the closed-population scenario. The 

regression of predictive ability against the mean additive relationship between training and 
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validation populations indicated a value of 0.05 would generate predictive accuracies of 0.85 for 

wood density and 0.86 for stiffness, although these values are likely to vary among populations.  

While the genetic correlations between stem slenderness and wood properties were 

significant, only mild improvements in genomic prediction of wood properties were observed 

when including slenderness phenotypes in multivariate models. The exception was for the 

validation on disconnected diallels, where all the predictive power could be attributed to the 

genetic correlation among wood properties and slenderness. The lack of improvement is likely due 

to the relatively low heritability of stem slenderness in this study, as multivariate models tend to 

generate more improvement when the heritability of the phenotyped trait is large compared to the 

predicted trait (Mrode 2013; Isik et al. 2017). These results suggest little benefit from a strategy 

that includes waiting to phenotype stem slenderness at the conventional age and applying GS for 

wood properties, compared to applying GS for wood properties at a very young age. However, the 

genetic correlations among stem slenderness and wood properties do result in better predictions 

when the target population has weak relatedness with the genomic training population. 

The results of the GWAS and similar performance of the genomic prediction models 

suggest that wood density and stiffness display polygenic inheritance in this population. Many 

other studies of density and stiffness in forest tree breeding populations have reported similar 

genomic prediction performance among GBLUP/RRBLUP and Bayesian methods that relaxed 

assumptions on the distribution of marker effects (Tan et al. 2017; Beaulieu et al. 2020; Calleja-

Rodriguez et al. 2020). In a review of numerous GWAS studies of forest trees, physical wood traits 

for conifer species were concluded to have polygenic inheritance (Hall et al. 2016). It should be 

noted that characterizing genetic architecture of quantitative traits using GWAS and Bayesian 

variable selection models is not straightforward, as these methods reflect the statistical architecture 



 

194 

 

based on samples rather than the true genetic architecture, which is complex and only 

approximated by linear models (Gianola 2021). This issue is compounded by the large number of 

effects to be estimated compared to the number of phenotypes available to provide information, as 

models must employ shrinkage that results in bias of marker effects towards zero. Previous studies 

in P. taeda populations have identified QTL related to density (Sewell et al. 2000; Brown et al. 

2003), including families derived from the same parents used in the present study (Yu et al. 2005, 

2006b). These studies used direct measurements of wood cores with high-precision X-ray 

densitometry. It is possible that the indirect assessment of density using drill resistance, while 

appropriate for ranking well-replicated genotypes, may have lacked the precision necessary to 

detect individual marker-trait associations. Further, the model used (Yu et al. 2006a) explicitly 

accounted for genetic background prior to estimating the significance of marker effects; which 

may ignore markers that have a significant effect within particular pedigrees. Utilizing the results 

of previous studies to focus the analysis within pedigrees of known carriers (e.g. Yu et al. 2005, 

Yu et al. 2006b) may identify large-effect QTL within this population. 

4.6 Conclusions  

Relatively high heritabilities for wood density and stiffness indicate artificial selection will 

be productive in P. taeda, but the time required for these traits to mature presents a major 

bottleneck to achieving genetic gain. Genomic markers produced more accurate prediction of 

breeding values for these wood property traits than pedigree-based relationships. Satisfactory 

genomic predictions can be obtained only when there is adequate relationships between the model 

training and target populations. Inclusion of phenotypes for the correlated trait stem slenderness 

did not considerably improve predictions, except when adequate relationships were missing in the 

model training set. No significant marker-trait associations were found for drill resistance or 
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acoustic velocity suggesting polygenetic inheritance for wood quality traits. This result was 

contrary to previous studies that used more precise phenotypes for wood density and analyses that 

focused on particular pedigrees. 

Finally, I will describe some broad conclusions that can be reached based on this 

dissertation. Prior to the development of the rapid assessment tools for stiffness and density, 

artificial selection for wood properties was not feasible for tree breeding programs of the sizes 

presented here. These tools (drill resistance and acoustic velocity) have since been used to estimate 

breeding values for all 3rd-Cycle parents in the Cooperative Tree Improvement Program’s pollen-

mix tests, and plans are underway for measuring 4th-Cycle progeny tests. This information is used 

by seed orchard managers, nurseries, and foresters to determine which families to deploy for 

reforestation (backwards selection). Breeding for wood properties (using forward selections) has 

been limited in this program, primarily due to the extra years required for phenotyping compared 

to growth traits, which results in wood property breeding value estimates lagging a cycle (e.g. 

estimates of 4th-Cycle wood properties will be available after 5th-Cycle selection and breeding is 

underway). A creative way to address this issue is to use pollen from backwards selections that 

includes emphasis on wood quality to breed flowers of newly grafted forward selections, which 

tend to take longer to develop pollen. Genomic selection is another potential tool to overcome the 

issue, but large training populations with adequate relatedness to the selection candidates are 

required. The cost of genotyping for genomic selection is still relatively high, but Chapter 3 of this 

dissertation lists some additional benefits of genotyping: improved accuracy for breeding values 

of phenotyped individuals and an opportunity to correct pedigree errors. Undoubtedly, investments 

in genotyping will result in previously unattainable rates of genetic gain and will become routine 

in tree breeding programs.  
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4.8 Tables  

 

Table 4.1. Additive and residual variance component estimates and heritability (standard errors in 

parenthesis) using pedigree-based (ABLUP) and marker-based (GBLUP) relationships and their 

multivariate (MV) counterparts. The GBLUP models tended to have higher heritability estimates 

with better precision. Multivariate models had higher heritability estimates for wood density and 

stem slenderness, but not wood stiffness. 

Trait Model 𝜎̂𝑎
2 𝜎̂𝜀

2 ℎ̂2 

Density ABLUP 12550 (2275.0) 42069 (4918.2) 0.52 (0.07) 

 GBLUP 14417 (1270.6) 34831 (1878.0) 0.60 (0.03) 

 ABLUP-MV 14847 (2373.5) 36256 (4884.1) 0.59 (0.07) 

 GBLUP-MV 14811 (1277.8) 33512 (1813.6) 0.61 (0.03) 

     

Stiffness ABLUP 0.0433 (0.007) 0.1012 (0.014) 0.60 (0.07) 

 GBLUP 0.0522 (0.004) 0.0751 (0.005) 0.70 (0.03) 

 ABLUP-MV 0.0401 (0.007) 0.1104 (0.015) 0.55 (0.08) 

 GBLUP-MV 0.0526 (0.004) 0.0767 (0.005) 0.71 (0.03) 

     

Slenderness ABLUP 3.414 (0.899) 102.22 (4.110) 0.13 (0.03) 

 GBLUP 5.031 (0.952) 95.89 (3.799) 0.19 (0.03) 

 ABLUP-MV 6.712 (1.396) 60.11 (3.538) 0.33 (0.06) 

 GBLUP-MV 6.253 (0.886) 60.12 (2.451) 0.31 (0.03) 
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Table 4.2. Genomic predictive ability and prediction accuracy for wood density and stiffness when 

training and validating on different subsets of the population using various genomic selection 

models. 

Trait Scenario Model Predictive Ability 

Prediction 

Accuracy 

Density Closed Population GBLUP 0.62 ± 0.00 0.82 ± 0.00 

  RRBLUP 0.62 ± 0.00 0.79 ± 0.00 

  Bayes-Cπ 0.61 ± 0.00 0.79 ± 0.00 

   
  

 Family Validation GBLUP  0.41 ± 0.03  0.44 ± 0.02 

  RRBLUP  0.41 ± 0.03  0.44 ± 0.03 

  Bayes-Cπ  0.41 ± 0.02  0.43 ± 0.02 

     

 Diallel Validation GBLUP -0.06 ± 0.12 -0.12 ± 0.20 

  RRBLUP -0.05 ± 0.11 -0.10 ± 0.18 

  Bayes-Cπ  0.03 ± 0.06  0.02 ± 0.11 

     

Stiffness Closed Population GBLUP  0.64 ± 0.00  0.77 ± 0.00 

  RR-BLUP  0.64 ± 0.00  0.76 ± 0.00 

  Bayes-Cπ  0.61 ± 0.00  0.74 ± 0.00 

     

 Family Validation GBLUP  0.52 ± 0.02  0.53 ± 0.02 

  RR-BLUP  0.52 ± 0.02  0.53 ± 0.02 

  Bayes-Cπ  0.47 ± 0.02  0.48 ± 0.02 

     

 Diallel Validation GBLUP -0.04 ± 0.04 -0.11 ± 0.07 

  RR-BLUP -0.02 ± 0.05 -0.07 ± 0.08 

  Bayes-Cπ -0.07 ± 0.11 -0.12 ± 0.16 
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4.9 Figures  

 

Figure 4.1. Example of a drill resistance trace (black line) and processing. First, a changepoint 

analysis was used to determine the exit point of the drill (purple line). Next, the resistance values 

were adjusted to remove friction using a linear correction assuming the exit resistance was zero 

(gray points). The entry bark (blue line) and exit bark (red line) were determined by identifying 

the minimum and maximum depths, respectively, where the resistance was less than the minimum 

resistance within the inner 75% of the profile (brown lines). The first half of the trace delineated 

as wood (yellow highlighted gray points) was used to calculate a mean resistance for each tree. 
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Figure 4.2. Comparison of genomic and pedigree-based additive genetic relationships before and 

after corrections in the pedigree, including adding pollen-mix parents, correcting ancestors, and 

purging of irreconcilable clonal progeny. 
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Figure 4.3. Additive genetic relationships among 1966 clonal progeny from 3 disconnected eight-

parent diallels with genomic coefficients of relationship on and above diagonal and pedigree-based 

coefficients below the diagonal. Diagonal values (inbreeding) ranged from 0.985 to 1.118. Genetic 

connectedness between diallels was weak. 
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Figure 4.4. Phenotypic relationships among pseudo-phenotypes (best linear unbiased estimates of 

clonal progeny effects when removing sources of spatial variation) for wood density (measured 

with drill resistance), wood stiffness (measured with acoustic velocity), and stem slenderness 

(height to DBH ratio). Univariate distributions are along the diagonal, phenotypic correlations 

above the diagonal, and scatterplots with simple linear regression line below the diagonal. 
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Figure 4.5. Breeding values predicted from multivariate ABLUP (orange points above diagonal) 

and GBLUP (green points below diagonal) models with estimates of additive genetic correlations 

(standard error) among traits. The comparisons of EBV and DGV are gray points along the 

diagonal. The GBLUP models had lower genetic correlation estimates that were more precise. 
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Figure 4.6. Predictive abilities (with standard error bars) under different cross validation scenarios 

for wood density and stiffness using GBLUP, ABLUP and their multivariate counterparts (which 

included stem slenderness). Predictive ability depended strongly on relatedness between training 

and validation populations. The ABLUP method cannot produce within-family predictions without 

phenotypes and is omitted from the family validation scenario. 
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Figure 4.7. Relationship between the predictive ability and the mean additive genetic relationship 

of training and validation sets for density and stiffness. Predictive ability values were calculated 

using the GBLUP model, and the relationships were calculated from the pedigree. Pearson 

correlation coefficients are given in the top left corner. 
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Figure 4.8. Significance of 10,183 SNP markers effects (on –log10 scale) distributed across twelve 

linkage groups. The horizontal dashed line indicates the Bonferroni-corrected p-value 

corresponding to an experiment-wise significance level of 0.05 (within each trait), none of which 

were significant. None of the markers passed the q-value threshold for a false discovery rate of 

0.50. 
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Appendix A 

 

Table A1. Family connections among progeny test sites included in this study, excluding a 

checklot that was common to every site. The number of families shared between test sites is in the 

upper triangle of the table, pedigree connectivity (sum of coancestry coefficients among all pairs 

of parents) is in the lower triangle, and the number of families in each test are given in the diagonal. 

Progeny tests in the same series are shaded and include many of the same families. Pedigree 

connections were present across series. 

Test ID CPMX1-2 CPMX1-9 CPMX2-2 CPMX2-9 CPMX3-2 CPMX3-7 CPMX4-1 CPMX4-2 

CPMX1-2 68 68 10 9 4 4 4 4 

CPMX1-9 84.6 68 10 9 4 4 4 4 

CPMX2-2 26.1 26.1 68 59 5 4 5 5 

CPMX2-9 24.6 24.6 68.7 69 7 12 6 6 

CPMX3-2 15.0 15.0 16.2 17.8 75 48 6 6 

CPMX3-7 14.8 14.8 15.6 26.6 68.1 62 6 6 

CPMX4-1 11.9 11.9 13.6 14.8 17.9 17.7 73 73 

CPMX4-2 11.9 11.9 13.6 14.8 17.9 17.7 89.3 73 
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Table A2. Narrow-sense individual-tree heritability at each test site (h_i^2) with their standard 

errors in parenthesis for eight pollen-mix progeny tests of loblolly pine from the southeastern US 

Coastal plain. 

Test Site 
Time of 

Flight 

Drill 

Resistance 

Specific 

Gravity 
Height DBH Straightness 

CPMX1-2 0.40 (0.10) 0.24 (0.08) 0.64 (0.13) 0.52 (0.11) 0.27 (0.08) 0.19 (0.07) 

CPMX1-9 0.37 (0.09) 0.34 (0.09) 0.86 (0.14) 0.39 (0.09) 0.21 (0.07) 0.23 (0.07) 

CPMX2-2 0.72 (0.13) 0.44 (0.10) - 0.62 (0.12) 0.46 (0.10) 0.23 (0.07) 

CPMX2-9 0.60 (0.12) 0.32 (0.08) - 0.29 (0.08) 0.26 (0.08) 0.35 (0.09) 

CPMX3-2 0.58 (0.12) 0.33 (0.09) - 0.50 (0.10) 0.24 (0.07) 0.36 (0.09) 

CPMX3-7 0.31 (0.09) 0.23 (0.08) - 0.41 (0.10) 0.28 (0.09) 0.08 (0.05) 

CPMX4-1 0.38 (0.09) 0.29 (0.08) - 0.23 (0.07) 0.27 (0.08) 0.14 (0.06) 

CPMX4-2 0.38 (0.09) 0.25 (0.07) - 0.28 (0.08) 0.31 (0.08) 0.43 (0.10) 
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Appendix B 

 

Figure B1. Phenotypic correlations (in the upper triangle of panels), scatterplots with locally 

weighted regression line (lower triangle), and histograms along the diagonal for each trait and pairs 

of traits measured from eight pollen-mix progeny test sites of loblolly pine from the southeastern 

US Coastal Plain. ToF: acoustic time of flight; Drill Res.: mean relative amplitude readings from 

drill resistance; Straightness is an ordinal score (1 to 6) with lower numbers indicating straighter 

trees. 
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Figure B2. Counts of polymorphic markers among 723 progeny from five full-sibling families. 

There were 1659 polymorphic markers across families and the number of markers that were 

polymorphic in one family and fixed in the other four ranged from 8 to 1064. 
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Figure B3. Comparison of additive genomic relationship estimates to the pedigree-based 

expectation using two methods from VanRaden (2008). The regression method produced estimates 

that were on a more similar scale to the pedigree and was preferred for calculation of the hybrid 

genomic additive relationship matrix. 
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Figure B4. Comparison of dominance genomic relationship estimates to the pedigree-based 

expectation using Su et al. 2021 and Vitezica et al. 2013 methods. The Su et al. 2021 method was 

preferred and used to calculate a hybrid dominance relationship matrix. 
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Figure B5. Distribution of the standard error of the difference among pairs of breeding value 

predictions from individuals within the same full-sibling family using pedigree-based (ABLUP) 

and hybrid (HBLUP) additive relationship matrices. The values in the graph were scaled by the 

trait mean. For genotyped trees, the HBLUP model produced much lower standard error of the 

difference and thus a more confident ranking of individuals within family than ABLUP. 
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Figure B6. Parameter estimates (black points) from HBLUP (y-axes) and ABLUP (x-axes) models 

with lines around points indicating standard errors, dashed lines indicating means, and a solid 

reference line. Estimates were highly correlated between the two models with slightly higher 

estimates for additive genetic variance from HBLUP for DBH. 
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