
ABSTRACT 

LAUER, EDWIN G. Integration of Genomics and Classical Quantitative Genetics in the 
Improvement of Growth Traits and Disease Resistance in Pinus taeda L. (Under the direction of 
Dr. Fikret Isik and Dr. James Holland). 
 

 Conifer breeding is one of the purest applications of quantitative genetics, since there are 

few qualitative traits distinguishable to the human eye. From the standpoint of a casual observer, 

a conifer progeny test appears as a homogeneous forest planted at regularly spaced intervals. The 

subtlety of trait variation and the environmental plasticity of tree growth requires consistent 

recording of phenotypic measurements across multiple environments. Optimal selection 

decisions can only be made after quantitative genetic analysis, either through traditional 

pedigree-based linear mixed models (ABLUP) or through genome-wide regression models 

(GBLUP). The first chapter is an overview of quantitative genetic methods in conifer 

improvement, with a focus on the application of genomic markers for reducing the breeding 

cycle. 

Second, a multi-environmental trial was analyzed using ABLUP for the purpose of 

estimating genetic parameters and understanding patterns of genotype-by-environment (GxE) 

interaction. The trial consisted of 324 maternal half-sib families planted in five test series across 

37 locations in the southeast United States. Tree height and diameter were analyzed using 

multiple variance/covariance matrices for the GxE effect. Models were compared on the basis of 

model fit. Heritability of family means ranged between 0.63 and 0.90 for both height and 

diameter. Average additive genetic correlations among sites were 0.70 and 0.61 for height and 

diameter, respectively, suggesting the presence of some genotype by environment interaction. 

Pairs of sites with the lowest additive genetic correlations were located at opposite ends of the 

latitude range. 



Third, a trait dissection study was conducted to understand the genetic architecture of 

disease resistance to fusiform rust. Two full-sib families, each with 1000 progeny, were 

challenged with a complex inoculum consisting of 150 pathogen isolates of Cronartium 

quercuum f. sp. fusiforme. High-density linkage mapping revealed three major-effect QTL 

distributed on two linkage groups. All three QTL were validated using a population of 2057 

cloned pine genotypes in a six-year-old multi-environmental field trial. As a complement to the 

QTL mapping approach, bulked segregant RNAseq analysis revealed a small number of 

candidate genes harboring SNP significantly associated with disease resistance. The results of 

this study showed for the first time that in P. taeda, a small number of major QTL can provide 

effective resistance against genetically diverse mixtures of an endemic pathogen. These QTL 

vary in their impact on disease liability and exhibit additivity in combination. 

The final chapter is a study of genomic prediction using a clonally propagated training 

population. In this study, a clonally replicated population (n=2063) was used to train a genomic 

prediction model. The model was validated both within the training population and in a separate 

population (n=451). The prediction abilities from random (20% vs 80%) cross validation within 

the training population were 0.56 and 0.78 for height and stem form, respectively. Removal of all 

full-sib relatives within the training population resulted in ~50% reduction in their genomic 

prediction ability for both traits. The average prediction ability for all 451 individual trees was 

0.29 for height and 0.57 for stem form. The degree of genetic similarity(full sib family, half sib 

family, unrelated) between the training and validation sets had a strong impact on prediction 

ability for stem form but not for height. A dominant dwarfing allele, the first to be reported in a 

conifer species, was discovered via GWAS on linkage group 5 that conferred a -0.33m mean 

height reduction. However, the QTL was family specific. The rapid decay of LD, large genome 



size, and inconsistencies in marker-QTL linkage phase suggest that large, diverse training 

populations are needed for genomic selection in Pinus taeda L. 
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CHAPTER 1: Classical and Contemporary Models for Conifer Genetics 

1.1 Quantitative Genetics in Conifer Breeding 

Plantation forestry began in 12th century Portugal with the establishment of the King’s Pine 

Forest by King Afonso III for the purpose of protecting crop fields from coastal wind erosion 

(Aguiar et al., 2021). Forestry was refined as a science in Germany beginning in the early 18th 

century with the publication of Sylvicultura Oeconomica, the first published silviculture book, by 

Hans Carl Carlowitz (Agnoletti et al., 2011). Plantation forestry began as a means to control 

erosion and to ensure a sustainable supply of timber for ship-building, metallurgy, and fuel 

(Agnoletti et al., 2011); the genetic constitution of the trees, and the proposition that they could 

be improved through selective breeding, was not considered until the mid-20th century (Zobel, 

1971). Since then, a number of tree breeding programs have implemented selective breeding on 

commercial timber species, resulting in significant improvements in volume growth and disease 

resistance compared to wild, non-selected trees (Jansson et al., 2017; McKeand, 2019). Conifer 

breeding programs use extensive progeny testing to select superior parents from wild stands or 

from pre-existing breeding populations. These parents are then grafted into seed orchards, and 

their progenies are purchased by landowners and established in plantations. Most conifer 

plantations in the southeast United States are established with single open-pollinated families 

(McKeand, 2019). With the rare exception of clonal forestry (H. X. Wu, 2019), it is the 

phenotype of the progeny, not the phenotype of the parent, that is of interest to the forest 

landowner. The transmission of value from parent to offspring can only be understood through 

quantitative genetics (Falconer & Mackay, 1983; Mrode, 2014).  
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1.2 Components of the Phenotype 

The measurement of the phenotypic value for an individual can be decomposed into three parts. 

Broadly speaking, these parts refer to the individual’s genetic makeup, the effect of the 

environment, and the residual error (Mrode, 2014). 

 

    3%0 =	4% + 6% +	7%0     (Eq.1)   

In a genetic trial, the term  3%0 represents the jth measurement on the ith individual. The 

identifiable environmental effects impacting the ith individual, 4%, may include the population 

mean and the effect of its environment. These parameters are usually treated as fixed effects. The 

remainder of this equation, 6% +	7%0, constitutes the random part of the model. These terms are 

considered random since the levels of the genetic term, 6%, are assumed to be drawn from a much 

larger population with an infinite number of levels. Likewise, the residual error term 7%0 is the 

sum of all random environmental effects unique to the ith individual, such as measurement error 

and microenvironment effects.  

The genetic effect 6% can be further decomposed into parts stemming from the additive 

(8%), dominance (9%), and all other higher-order genetic interactions: 

 

    6% =	8% +	9% +	7%∗     (Eq.2) 

 

The dominance effect 9% arises from interactions between the alleles at each locus. Since 

it is a property of genotypes rather than alleles, it is not passed on to the next generation. 

Likewise, higher-order interactions such as epistasis are derived from interactions between 

alleles at different loci. With a few exceptions, such as localized epistasis (Jiang et al., 2018) and 
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a small fraction of the additive-by-additive interaction component, these epistatic terms are 

unique to individual i and will not be inherited by its progeny. We are therefore left to consider 

8%, the only part of the genetic value that is to be inherited by the offspring (Falconer & Mackay, 

1983; Mrode, 2014). 

The infinitesimal model holds that the additive genetic value 8% is the sum of the average 

effects of all the alleles in the genome (Falconer, 1985; Fisher, 1919). This value, also known as 

the ‘breeding value’, can be further decomposed into two parts: 

 

    8:% =
2

"
(8:3 +	8:4) +	;%    (Eq.3) 

 

The mid-parent value, denoted 
2

"
(8:3 +	8:4), is the average breeding value of the dam and 

sire of the ith individual. This represents the average effects of all the alleles shared in common 

between the offspring of the mating between dam d and sire s. The mendelian sampling 

component,  ;%, is the sum of the average effects of the alleles uniquely inherited by the ith 

individual. The mendelian sampling component is derived from random crossing-over between 

parental haplotypes during meiosis, and the subsequent random sampling of gametes during 

sexual reproduction. The breeding values of the dam and sire of i can also be decomposed into 

parental averages and mendelian sampling components, and likewise the four grand-parents and 

eight great-grandparents of i; in this way, an individual’s breeding value can be thought of as a 

weighted mean of the mendelian sampling components of the individual and all its ancestors 

(Woolliams & Thompson, 1994). 
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Since the additive component is the only part of the genetic value that is transmitted from 

parents to offspring, the random effects of the model in Eq.1 can be simplified by moving all 

non-additive genetic terms into the residual error: 

    3%0 − 4% =	8:% +	7%0∗      (Eq.4) 

 

The assumptions of this model are that the genetic effects and the residuals are 

uncorrelated, and are drawn from normal distributions with mean 0: 

 

   8:%~	>>9(0, !!");	7%0∗ ~	>>9(0, !$"); BCDE8:% , 7%0∗ F = 0   (Eq.5) 

 

The regression of the breeding value on the adjusted phenotype is known as the narrow-

sense heritability: 

 

  
.56(!7!,			!7!9	$!"

∗
)

6:;(!7!9	$!"
∗ )

=	 .56(!7!,!7!)
6:;(!7!9	$!"

∗ )
=	 6:;(!7!)

6:;(!7!9	$!"
∗ )
=	 <$

%

<&%
=	ℎ"	  (Eq.6) 

 

The predicted response to selection based on the individual’s own phenotype, in the 

absence of all other information from relatives, can be obtained by multiplying the adjusted 

phenotype by the narrow-sense heritability (Mrode, 2014), resulting in the so-called breeder’s 

equation (Falconer & Mackay, 1983): 

 

    G = 	ℎ"(3%0 − 4%)     (Eq.7) 

 

Where 3%0 − 4%  is the selection differential S. 
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The accuracy of selection based on the individual phenotype is the correlation between 

the individual’s observed value and true breeding value, which in this case equals the square root 

of the narrow-sense heritability: 

  /!7!,=!" =	
6:;(!7!)

>[6:;(!7!)][6:;A!7!9	$!"
∗ B]

=	 <$
<&
=	√ℎ"    (Eq.8)  

 

Since genetic trials constitute large collections of related individuals, there is a true 

correlation structure among the additive genetic effects, genotype-by-environment effects, and 

residual errors. Various variance/covariance matrices are available for modeling this true 

correlation structure, which may be compared on the basis of model fit. These are simply more 

sophisticated forms of the same individual model presented in eqn.4. Specifically, the only 

difference between these sophisticated models and the one shown in eqn.4 are the assumptions 

listed in eqn.5. 

 

1.3 The Base Model 

Tree breeding populations all begin with trees selected from wild forests (Isik & McKeand, 

2019). These trees are selected based on their phenotypic characteristics. The beginning of every 

tree breeding program involves estimating the breeding values of these trees using progeny test 

information. Progeny of the original mother trees are usually obtained through natural wind-

pollination (Libby et al., 1969), resulting in a collection of maternal half-sibling families. These 

families are then established across a number of progeny test locations, ideally situated within 

the deployment zone of the species.  
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Referring back to the terms presented in eqn.4, the problem of breeding value prediction 

using a collection of maternal half-sib families requires the solution to multiple equations, 

necessitating the use of matrices. This system can be written as 

 

    I = JK + LM + N     (Eq.9) 

 

The knowns of the model are represented by matrices y, X, and Z. These knowns will be 

used to estimate the unknown vectors b, u, and e. In this case, y represents the response variable. 

In the case of conifer genetics, typical response variables are tree height, diameter, disease 

resistance, stem form, wood density, and other traits of economic importance (Isik & McKeand, 

2019).  

The fixed effects of the model, analogous to the 4% term from eqn.4, are described by the 

design matrix X. This is a matrix mapping the fixed effect estimates in b to the response vector 

y. In this example, 100 mother trees are tested across 10 sites. Each site is a randomized 

complete block design with 10 replications, with each mother being represented by one progeny 

in each replication. The fixed effects will include the population mean, the effect of each site, 

and the effect of each replication. Therefore, the dimensions of X are [10000,111] and the vector 

of solutions to the fixed effects b has dimensions of [111,1]. 

The random genetic effects of the model, analogous to the 8:% term of eqn.4, are related to 

the response vector y using the design matrix Z. This design matrix has row dimensions equal to 

the number of observations (10000), and column dimensions equal to the number of parents 

(100). In this first example, the genetic effects in M are assumed to be independent from 
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environmental effects. The implication of this assumption is that any potential genotype-by-

environment interaction effects are unaccounted for, and contribute to the residual error.  

The variance/covariance matrix for the genetic effects is a reflection of what is known 

about them. In the first stage of a tree breeding program, nothing is known about these genetic 

effects since they represent trees that were collected from wild forests. One assumption would be 

that the 100 original mother trees were completely unrelated to one another. In this case, the 

variance/covariance matrix for the genetic effects would reflect their independence from one 

another: 

    u:C~	N(0, PσD")     (Eq.10) 

In this case the variance/covariance matrix for the genetic effects is represented by I, an 

identity matrix of dimension 100x100 representing the 100 original mother trees. The 

independence among the genetic effects is reflected by 0 values in the off-diagonals of the 

matrix. The first five rows and columns of this matrix are shown below: 

 

RS/(u: C) = !!"

⎣
⎢
⎢
⎢
⎡
1 0 0 0 0
0 1 0 0 0
0 0 1 0 0
0 0 0 1 0
0 0 0 0 1⎦

⎥
⎥
⎥
⎤
=

⎣
⎢
⎢
⎢
⎢
⎡!!

" 0 0 0 0
0 !!" 0 0 0
0 0 !!" 0 0
0 0 0 !!" 0
0 0 0 0 !!"⎦

⎥
⎥
⎥
⎥
⎤

   (Eq.11) 

 

1.4 Correlated Genetic Effects 

Since the values in the off-diagonal are all 0, the information from each mother is completely 

independent of all the others. However, this assumption may not be satisfactory to the breeder. 

For example, if these five mothers were collected from the same forest stand, they may be related 

through a small number of ancestral individuals that originally established themselves on that 
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land thousands of years ago. They could even be more closely related, for example if they were 

offspring of the same mother tree. In the absence of pedigree information, the breeder can use 

molecular markers to determine their relationships (VanRaden, 2008). Below is an example 

marker matrix for the five mother trees shown above using ten markers: 

[ =

⎣
⎢
⎢
⎢
⎡
0 2 2 0 0 1 0 2 0 2
0 0 0 2 2 1 0 2 0 1
2 0 0 1 0 0 0 1 1 0
1 1 1 1 0 0 1 0 1 0
0 1 0 1 2 0 1 0 1 2⎦

⎥
⎥
⎥
⎤
    (Eq.12) 

 

The elements of M represent the dosage of the minor allele found at each biallelic locus 

in each individual. In order to determine the relationships among individuals using markers, the 

information from each marker should be weighted according to its frequency in the population. 

The rationale is that individuals sharing a rare allele are more likely to be related than individuals 

sharing a common allele (Isik et al., 2017; VanRaden, 2008). Working from the information in 

M, we can compute a vector of twice the minor-allele frequency for each marker, 2q. This 

represents the expected genotype at each locus, since in a diploid individual the expected 

genotype at a biallelic locus is 2q, where q is the minor allele frequency. 2q can be estimated by 

taking the sum of each column of M divided by 2r, or twice the row dimension since each locus 

has two alleles in a diploid. The vector of twice minor allele frequencies is projected onto a 

matrix of the same dimension as M: 

]^ =

⎣
⎢
⎢
⎢
⎡
0.6 0.8 0.6 1.0 0.4 0.2 0.2 1.0 0.6 1.0
0.6 0.8 0.6 1.0 0.4 0.2 0.2 1.0 0.6 1.0
0.6 0.8 0.6 1.0 0.4 0.2 0.2 1.0 0.6 1.0
0.6 0.8 0.6 1.0 0.4 0.2 0.2 1.0 0.6 1.0
0.6 0.8 0.6 1.0 0.4 0.2 0.2 1.0 0.6 1.0⎦

⎥
⎥
⎥
⎤
           (Eq.13) 

The matrix of centered gene-content values, Z, is the difference between M and 2q: 
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! = 	$ − &' =

⎣
⎢
⎢
⎢
⎡−0.6 1.2 1.4 −1 −0.4 0.8 −0.2 1 −0.6 1
−0.6 −0.8 −0.6 1 1.6 0.8 −0.2 1 −0.6 0
1.4 −0.8 −0.6 0 −0.4 −0.2 −0.2 0 0.4 −1
0.4 0.2 0.4 0 −0.4 −0.2 0.8 −1 0.4 −1
−0.6 0.2 −0.6 0 1.6 −0.2 0.8 −1 0.4 1 ⎦

⎥
⎥
⎥
⎤
  (Eq.14) 

 

        The variance-covariance matrix for the five example mothers in eqn.11, G, is computed as 

the outer product of Z (VanRaden, 2008). However, since Z can have arbitrary column 

dimensions, the elements of the product will get larger as the number of markers increases (Isik 

et al., 2017; VanRaden, 2008). To prevent this inflation, the outer product of Z is scaled by c, the 

total variance of allele-dosage values. The variance of allele-dosage values at a single diploid 

locus with minor allele frequency q is twice the binomial variance 2q(1-q) (Collett, 2002). Since 

the variance of a sum is the sum of the variances, c can be estimated by summing the variance at 

each column of M and multiplying by two. 

 

d = 	 EE'

"∑G(2HG)
=	

⎣
⎢
⎢
⎢
⎡
2.03 ⋯ ⋯ ⋯ ⋯
−0.27 1.78 ⋯ ⋯ ⋯
−0.98 −0.21 1.11 ⋯ ⋯
−0.47 −0.72 0.35 0.86 ⋯
−0.37 0.40 −0.57 −0.06 1.57⎦

⎥
⎥
⎥
⎤
	             (Eq.15) 

The off-diagonal elements, d%0 are analogous to twice the realized co-ancestry coefficient 

between individuals i and j. The co-ancestry coefficient j is the probability that two alleles, one 

drawn from individual i and the other drawn from individual j, are identical-by-descent (copies 

of the same ancestral allele, or copies of each other) (Wright, 1921).  The diagonal elements, d%% 

represent 1+F, where F is the probability that two alleles sampled with replacement from 

individual i are identical-by-descent. It should be noticed that some elements of G are negative, 

which is not expected of probability values; this arises from the relative weighting of marker 

alleles by their frequencies. Negative elements of G indicate that two individuals share fewer 
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alleles than would be expected given the allele frequencies in the population. Large diagonal 

elements of G indicate individuals that are more homozygous than expected, given the allele 

frequencies in the population. For example, the first mother had 4 homozygous genotypes in M, 

giving it a larger diagonal value (2.03) compared to the rest of the mothers. The fourth mother 

had no homozygous genotypes in M, so its diagonal value (0.86) is the smallest of the five 

mothers. The largest off-diagonal element, dI,J , is caused by mothers 2 and 5 sharing a 

homozygous genotype at marker 5, which had a low minor allele frequency of 0.2. Clearly, the 

elements of G from this example show that the sample of five mothers have some interesting 

relationships among them- the assumption of independent genetic effects in eqn.10 may not be 

justified.  

In this example, modern DNA marker technology was used to elucidate unknown 

relationships among a set of mother trees collected from the wild. A more common means of 

calculating relationship coefficients is through the path-coefficient method originally proposed 

by Sewall Wright (Wright, 1921). This method results in a matrix known as the “average 

relationship matrix” or A. Efficient methods of computing A and its inverse were later devised 

by Charles Roy Henderson (Henderson, 1976). This method utilizes simple rules to estimate the 

co-ancestry coefficients of individuals from their pedigree. In this case, since the pedigree for the 

100 mothers is unknown, A would be equivalent to I in eqn.10. However, if the objective was to 

perform selection among the 10000 progeny of the 100 mothers, then a matrix containing the 100 

mothers as well as the 10000 offspring could be computed using this formula (Wright, 1921): 

 

    kK= =	∑ m2
"
n
,

(1 + k)L
%M2     (Eq.16) 
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For each individual x and y, determine the number of paths (n) linking them in the 

pedigree. For example, if individuals x and y were both progeny of mother 1, then a single path 

connects them through mother 1. For each path, raise ½ to the power of p, the number of 

individuals in the path including x and y. This is multiplied by (1+F), where F is the inbreeding 

coefficient of the common ancestor. In most cases, the ancestors are assumed non-inbred so F = 

0. The co-ancestry between x and y, kK=, is the summation of these path coefficients, which in 

the case of individuals x and y is  kK= =
2

"

N

(1 + 0) = 	0.125 .     

    

The co-ancestry coefficient of an individual with itself, kKK, is also known as the 

“inbreeding coefficient” and represents a special case of the logic in eqn.16. For a non-inbred 

individual, sampling two alleles with replacement from a biallelic locus results in a probability of 

0.5 of sampling the same allele twice. Since A is a matrix of twice the co-ancestry coefficients, 

the diagonal elements for non-inbred individuals are equal to 1. Therefore, the subset of A 

describing the relationships among mother 1, x, and y can be written as 
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     oOP =	p
q ⋯ ⋯
r. s q ⋯
r. s r. ]s q

t              (Eq.17)

 Column 1 of eqn.17 describes the parent-offspring relationships between mother 1 and x 

(column 1, row 2) and mother 1 and y (column 1, row 3). Column 2 of eqn.17 describes the half-

sibling relationship between x and y. The diagonal of eqn.17 reflects the assumption that the 

parents are non-inbred. The key difference between A and G is that the relationships in A 

represent twice the expected proportion of alleles identical-by-descent among individuals 

estimated through the simple rule in eqn.16, whereas the relationships in G reflect “realized” 

relationships inferred through identical-by-state marker genotypes (VanRaden, 2008). Variation 

around the expected relationship arises from mendelian sampling, which causes some siblings 

within a family to share more of their genome in common than others (Isik et al., 2017). The 

genomic relationship matrix G provides a more precise estimate of the true relationships among 

individuals than the additive relationship matrix A, and can be used to estimate relationships for 

individuals that lack pedigree records. 

 

1.5 GxE Interaction 

Species used by tree improvement programs have large geographic ranges, and the progeny of 

seed orchard parents may be distributed great distances from their source of origin (Howe, G. et 

al., 2006; Schmidtling, 2001). The environments used for progeny test establishment are selected 

to closely resemble the deployment environment, which is highly variable depending on the 

species. On the west coast of North America, planted stands of Douglas Fir can be found in low- 

or high-elevation sites, and on steep or flat grades (Howe, G. et al., 2006). This environmental 

heterogeneity resulted in the establishment of multiple “breeding zones” for the species to 

mitigate adverse impacts of long-distance seed dispersal. Similarly, in Sweden, large differences 
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in photoperiod and temperature along the latitude axis necessitated multiple independent 

breeding zones for Picea abies, since material from southern seed sources is not well adapted to 

the photoperiod in the north of the country (Chen et al., 2017). In the southeast United States, 

seed source studies conducted in the mid-20th century found that seed dispersal between 

geographic regions with more than 5°C difference in minimum winter temperature was ill-

advised (Schmidtling, 2001). Since trees are long-lived species, their response patterns to the 

environment are an important consideration in breeding and deployment. 

In the model shown in eqn.9, progeny from a total of 100 female parents were 

established across 10 environments. If there were no interaction between genotypes and 

environments, the ranking of all 100 parents, as well as the magnitude of the differences among 

them, would be stable across all 10 locations and no changes would be required in eqn.9. 

However, this assumption may not be valid, and the breeder may be interested in estimating the 

genotype-by-environment interaction component in order to predict the optimal deployment 

environment for each parent. The simplest model (cross-classified) for this interaction assumes a 

single genotype-by-environment interaction variance and a single among-site correlation (Isik et 

al., 2017). The classical ANOVA effects model for the matrix formulation in eqn.9 with the 

addition of a genotype-by-environment interaction component can be written  

 

  3%0QR = 	4 +	u% +	G(u)0(%) +	vQ + vu%Q +	w%0QR 	           (Eq.18) 

 

Where 3%0QR is the lth progeny record of the kth parent within the jth block of the ith 

environment. The population mean is 4; the fixed effect of the ith environment is u%; the fixed 

nested replication-within-environment effect is G(u)0(%); the genetic main effect is vQ, the 
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genotype-by-environment effect is vu%Q, and the random residual error is w%0QR. Since there are no 

correlations among the factors of the model, the covariance between the values of a genotype at 

any two environments is equal to the genetic variance: 

 

(CD(3%Q , 3%'Q) = (CD(vQ , vQ) + (CD(vu%Q , vu%'Q) = 	!S" + 0            (Eq.19) 

And the variance of the genotypic values within an environment, in the absence of 

measurement error, is 

  RS/(3%Q) = RS/(vQ) + RS/(vu%Q) = 	!S" +	!ST"               (Eq.20) 

 

The correlation between the values of an individual at two sites, also known as the type-B 

genetic correlation, can be estimated from the variance components of the cross-classified model 

(Isik et al., 2017): 

 

/(3%Q , 3%'Q) = 	
)56U=!(,=!'(V

>W:;(=!()W:;(=!'()
=	 <)

%

>U<)
%9	<)*

% VU<)
%9	<)*

% V

=	 <)
%

U<)
%9	<)*

% V
             (Eq.21) 

 

Depending on the parameterization of the genetic effect, there are a number of alternative 

models that allow for different assumptions about the genotype-by-environment interaction. In 

the cross-classified model, the genetic effect is considered independent from the environment, 

and the type B correlation is obtained as the ratio of variance components. One alternative would 

be to consider the genetic effect as nested within environments, instead of as a main effect. This 

is a simple rearrangement of eqn.18: 
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3%0QR = 	4 +	u% +	G(u)0(%) +	v(u)Q(%) +	w%0QR               (Eq.22) 

 

The rearrangement of vQ + vu%Q from eqn.18 into the nested term v(u)Q(%) in eqn.22 

results in no changes to the model assumptions nor the estimated parameters. There is still 

assumed to be a single genetic variance, genotype-by-environment variance, and a single 

correlation. However, this parameterization has a profound impact on the model structure since it 

allows for the specification of different variances and covariances within and among sites. For 

example, the model in eqn.18 can be replicated in the nested parameterization by assuming a 

single variance for each site and a single covariance among sites: 

 

 RS/Ev(u)Q(%)F = 	

⎣
⎢
⎢
⎢
⎡!S

" + !S(T)" ⋯ ⋯ ⋯
!S" !S" + !S(T)" ⋯ ⋯
!S" !S" !S" + !S(T)" ⋯
!S" !S" !S" ⋱⎦

⎥
⎥
⎥
⎤

⨂PQ            (Eq.23) 

   

The variance covariance matrix in eqn.23, also known as uniform (A. Gilmour et al., 

2015), reflects the exact same assumptions that were made in eqn.18; namely, a single 

covariance among sites, and a single variance for each site. The main difference is that instead of 

using separate identity matrices for the vQ and vu%Q terms, they are combined into a single 

variance/covariance matrix. The Kronecker product between this matrix and the identity matrix 

for the genetic effects (⨂PQ) implies that the genetic effects and the genotype-by-environment 

effects are separable. The assumption of a single variance at each location can be changed to 

allow each location to have its own genetic variance: 
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 RS/Ev(u)Q(%)F = 	

⎣
⎢
⎢
⎢
⎡!S

" + !S(T2)" ⋯ ⋯ ⋯
!S" !S" + !S(T")" ⋯ ⋯
!S" !S" !S" + !S(TN)" ⋯
!S" !S" !S" !S" + !S(TX)" ⎦

⎥
⎥
⎥
⎤

⨂PQ 	 (Eq.24) 

    

The variance/covariance matrix in eqn.24 is also known as Uniform correlation, 

Heterogeneous Variances (A. Gilmour et al., 2015; Isik et al., 2017). This can be altered yet 

again by allowing the covariance between each pair of sites vary in the unstructured covariance 

matrix:  

 

RS/Ev(u)Q(%)F = 	

⎣
⎢
⎢
⎢
⎡!S(T2)

" ⋯ ⋯ ⋯
!S2"" !S(T")" ⋯ ⋯
!S2N" !S"N" !S(TN)" ⋯
!S2X" !S"X" !SNX" !S(TX)" ⎦

⎥
⎥
⎥
⎤

⨂PQ              (Eq.25) 

 

The unstructured variance-covariance matrix shown in eqn.25 is the most complex model 

since it requires estimation of 
L(L92)

"
 parameters, where n is the number of sites. In contrast, the 

CORUV model only requires the estimation of two parameters (a single variance and a single 

correlation), and the CORUH model requires the estimation of n+1 parameters (a separate 

variance for n sites and a single correlation). The large number of parameters in eqn.25 may be 

computationally prohibitive for larger datasets. For these problems, methods are available to 

approximate the same matrix in eqn.25 using fewer parameters. 

 Factor analytic models allow the full unstructured variance/covariance matrix of 

genotype-within-environment effects shown in eqn.25 to be approximated as a function of a 

smaller number of latent environmental covariates (A. Smith et al., 2001; Thompson et al., 
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2003). In the factor analytical framework, genotype performance within an environment arises 

from random interactions between the genotype and one or more latent environmental covariates 

called factors. Each genotype has its own slope on each factor, but share a common intercept. 

Each site has its own weighting for each factor, known as a ‘loading’. The additive genetic value 

for a given genotype in a given site is the cross-product between the vector of genotype-specific 

slopes on each covariate (the ‘genotypic scores’) and the vector of loadings on each covariate for 

that site. A lack-of-fit term is included to capture additional additive genetic variation that is not 

explained by factor regression (Isik et al., 2017; A. Smith et al., 2001). A factor analytic model 

using p factors to model the performance of the kth genotype within the ith environment can be 

written as 

  8:Q(%) =	 zY{Z[ +	δ\(C) =	c2%}2Q +	c"%}"Q +⋯+ c,%},Q +	~Q(%)            (Eq.26) 

The factor analytic model framework in eqn.26 differs from principal component 

analysis in the lack-of-fit term δ\(C). In principal component analysis of the matrix of GxE 

effects, eigenvectors that maximally explain covariance between and variation within 

environments are identified. In factor analysis, factors that explain covariance between 

environments are identified, and within-environment variation is captured by the lack-of-fit term 

δ\(C) (Isik et al., 2017; A. Smith et al., 2001; A. B. Smith & Cullis, 2018). This results in the 

convenient property that the covariance between genotype performance in different 

environments can be obtained as the sum of the cross-products of the loadings on p factors 

between environments i and i’ (eqn.27). The variance of genotype performance within an 

environment is obtained by summing the squared loadings on p factors for that environment, and 

averaging the site-specific variances (Isik et al., 2017) (eqn.28): 

    (CD(�%Q , �%'Q) = 	∑ c&%c&%'
,

&M2
               (Eq.27) 
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    RS/(�%Q) = 	∑ c&%"
,

&M2
+ 2

L
∑ RS/(~%Q" )L
QM2              (Eq.28) 

The lack-of-fit term in eqn.28, the average site-specific variance over n genotypes, is the 

variance among k genotype-within-environment effects within site i not accounted for by the 

factor loadings. This vector is commonly referred to as Ä (A. Smith et al., 2001). Since the 

variance among genotype-within-environment effects can be fully described by the loadings c 

and the site-specific effects by ~, the factor-analytic representation of the variance/covariance 

matrix in eqn.25 could be written as 

    RS/Ev(u)Q(%)F = (ÅÅ[ + 	Ä)⨂PQ              (Eq.29) 

With correlated genetic effects, this model can be re-written using A or G instead of I. 

Importantly, since the full variance/covariance matrix of genotype-within-environment effects 

can be approximated as the outer product of a smaller matrix, the factor-analytic framework is 

significantly more parsimonious than the unstructured model, since it requires the estimation of 

fewer parameters. In our example of 10 locations, the matrix shown in eqn.25 would require 

unique estimation of 55 parameters: 10 genetic variance components, and 45 unique pairwise 

covariances between sites. Using a factor analytic model with 1 factor, this matrix would only 

require 20 parameters: one loading for each of 10 sites on one factor, and ten site-specific 

variances (Isik et al., 2017). 

 

1.6 Residuals 

Selection decisions in tree breeding programs rely on progeny test information from multiple 

environments. These environments can vary widely in terms of climactic, geological, and 

edaphic factors. They may also be measured by different groups of people, which contributes to 

variation in measurement error across sites. In mixed linear models, the simplest way to reflect 
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this environmental heterogeneity in the model is to allow each environment to have its own 

residual error (Isik et al., 2017). This is accomplished through the use of a block-diagonal 

residual matrix: 

 

     Ç =	⨁%M2
% E!$(%)" P](C)F	               (Eq.30) 

In eqn.30, the residuals matrix R contains i square subsections, one for each 

environment. Each subsection is obtained as the product between  P](C), an identity matrix with 

dimension equal to the number of observations in that environment, and !$(%)" , the error variance 

parameter for that environment. This structure allows the residuals between units to still be 

independent, as was assumed in eqn.5. However, the residual variance is free to vary across 

locations. 

Returning to the model assumptions listed in eqn.5, the assumption of independent 

residual errors 7%0∗ ~	>>9(0, !$") can be relaxed. For example, in a conifer progeny trial, linear 

environmental trends may exist that induce a correlation between the residual errors of adjacent 

trees. This could arise from many different environmental factors; for example, an elevation 

gradient from one side of the block to another, a moisture gradient caused by proximity to a 

stream, or a light gradient caused by proximity to a taller forest stand on one side of the block. 

This correlation is not captured in the traditional ANOVA for randomized complete-block or 

incomplete-block designs, which assume independent and uncorrelated errors (Giesbrecht & 

Gumpertz, 2004). The classical variance-covariance matrix of the residuals, R, is shown below 

for three experimental units: 
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   Ç = Pσ^" =	!$" p
1 ⋯ ⋯
0 1 ⋯
0 0 1

t = 	 Ñ
!$" ⋯ ⋯
0 !$" ⋯
0 0 !$"

Ö             (Eq.31) 

  In the first example, the block with the three trees shown in eqn.31 has a steep elevation 

gradient in the column direction; row 1 is uphill from row 3. We can model this with a one-way 

separable autocorrelation structure in the row direction. This requires a Kronecker product 

between a column autocorrelation matrix (which is a simple identity matrix in this case) and a 

row autocorrelation matrix. The autocorrelation is a function of the average correlation between 

rows within the block. Experimental units separated by r rows have a residual correlation of Ü;: 

 

   Ç =	 P_⨂!$"á;(Ü;) = 	 p
1 ⋯ ⋯
0 1 ⋯
0 0 1

t⨂!$" Ñ
1 ⋯ ⋯
Ü 1 ⋯
Ü" Ü 1

Ö            (Eq.32) 

The variance/covariance matrix shown in eqn.32 allows adjacent units to be more 

correlated than non-adjacent units. The tree at row1, column 1 has a correlation of Ü with the tree 

in row 2, column 1 and a smaller correlation of Ü" with the tree in row 3, column 1. Since conifer 

progeny trials are rectangular matrices of rows and columns, spatial heterogeneity within a 

replication can be modeled in the row, the column, or both directions through autoregression 

(Isik et al., 2017). Finally, the residual error can be partitioned into a correlated and an 

uncorrelated (nugget effect) component. In the case of conifer genetic trials, this may be a 

common situation since part of the residual structure is derived from environmental trends, and 

the other part may be due to measurement error that is independent of the environmental trends 

(Piepho & Williams, 2010). In this situation, a separate independent effect as shown in eqn.31 

can be estimated for each unit along with the residual correlation in the row direction shown in 

eqn.32: 
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     Ç =	!$"(P +	á`(Ü`))⨂Pa		              (Eq.32) 

 

 

1.7 Estimation in Mixed Linear Models 

Solutions for u and b can be obtained from eqn.9 by noting that Var(y) = var çMNé = 	 ç
d 0
0 Çé. A 

system of equations for solving eqn.9 is shown below (Henderson, 1974; Quaas & Pollak, 1980): 

   èJ
[ÇHbJ J[ÇHbL
L[ÇHbJ L[ÇHbL +	dHb

ê çKMé = èJ
[I
L[Iê              (Eq.33) 

In this formulation, the BLUP for u can be obtained as 

   Më = 	 [L[ÇHbJ L[ÇHbL +	dHb]Hb è
J[I
L[Iê              (Eq.34) 

The only non-diagonal matrices in eqn.34 are G and in some cases R. This formulation is 

an easier system to solve than the original formulation, which required inversion of matrix V, the 

variance/covariance matrix of the observations: 

   Më = dL[îHb(I − JK)                 (Eq.35) 

In eqn.35, the covariance of y with the random effects in u is dL[, and the variance of y 

is V, such that dL[îHb is analogous to 
.56(=,!)

6:;(=)
= ℎ" (Thompson, 2008). Since V has the same 

dimension of y and may not be diagonal, the inverse of V is a more difficult computation than 

the inverses of G and R (Gianola et al., 1982). Since R is usually diagonal or block-diagonal, its 

inverse is readily obtained despite the fact that R has the same dimension as y. The innovative 

feature of eqn.33 is partitioning the variance of the observations into two simpler matrices G and 

R that can be more easily inverted than V (Henderson, 1974; G. K. Robinson, 1991; Thompson, 

2008). 
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1.8 Genomic Models  

The introduction of molecular information into a tree breeding program usually results in a 

situation where some individuals have genotype data and some do not, since molecular 

information is still expensive and difficult to obtain (Lourenco et al., 2020). Since only a 

minority of the population will have genotype data, most of the phenotypic data in a testing 

program will come from individuals without genotype data. This raises an important question 

about how to analyze the data from a tree population that is partitioned into genotyped and non-

genotyped individuals. 

There are two general methods to deal with this partition. One way, the ‘two-step’ 

approach (GBLUP), is to analyze all phenotypic data (from both genotyped and non-genotyped 

individuals) in a first step to generate ‘pseudo-phenotypes’ for the genotyped individuals 

(Lourenco et al., 2020; VanRaden & Wiggans, 1991). The pseudo-phenotypes are then used in a 

second analysis to train a model that predicts the breeding value of individuals that have 

genotype data but no phenotype data. The second method is to conduct a combined analysis of 

the entire population simultaneously, including the genotyped and non-genotyped individuals 

with or without phenotypes (Legarra et al., 2014; Lourenco et al., 2020). 

 The GBLUP method is identical to traditional pedigree BLUP with two exceptions: 1) 

The model in the second step is trained with either fixed-effect estimates or de-regressed 

breeding values from the first model rather than raw phenotype data, and 2) the realized genomic 

relationship matrix estimated from the markers (G) is used in place of the numerator relationship 

matrix estimated from the pedigree (A) to model the additive genetic covariance between the 

genotyped individuals in the second step (Legarra et al., 2014). The use of fixed-effect estimates 

such as corrected daughter yield deviations (DYD) or BLUEs for lines/varieties is common in 
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dairy cattle, crops, and other species for which the selection candidates can easily produce large 

numbers of progeny (Atanda et al., 2021; VanRaden & Wiggans, 1991). In other species such as 

horses, de-regressed breeding values are often preferred since progeny number is typically low 

and consequently, greater emphasis is placed on information from self and siblings (Ricard et al., 

2013). In either case, breaking the analysis into two steps results in a number of problems that 

lead to a loss of information and prediction accuracy (Legarra et al., 2014). 

 The problems associated with the two-step model all stem from the fact that the 

population being analyzed in the first step and the second step not the same. These problems 

were described in great detail in Misztal et. al. (2014), but the three most salient ones will be 

described briefly here. First and most importantly, if the selection program contains both 

genotyped and non-genotyped individuals, selection becomes biased since the genotyped 

individuals are selected on the basis of their known genotypes. Since genotypic information was 

used to select a subset of the population, they are expected to have better (and therefore non-

random) mendelian sampling effects compared to non-genotyped individuals. This poses a 

problem for the next round of GS, since in the two-step method, pedigree-based BLUP is 

required to produce pseudo-phenotypes. Pedigree-based BLUP assumes the mendelian sampling 

effects are random, which is clearly not the case with the genotyped individuals selected on the 

basis of GEBV; those individuals will be systematically underestimated (Patry & Ducrocq, 

2011). The second and third issues with the multi-step method involve misallocation of 

resources in the breeding program. The improved prediction accuracy for genotyped individuals 

is not propagated to the rest of the population (Legarra et al., 2014). Since this propagation is 

possible through improved linear mixed models, the benefit-per-dollar for genotype data is lower 

with the two-step method than the one-step method. Finally, the use of multi-step models 
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involves significant wastage of phenotypic information. If deregressed breeding values are used 

in the multi-step model, information from ungenotyped close relatives is ignored in the second 

step; if BLUE are used, information from ungenotyped close relatives is ignored in both the first 

and second steps. In many forest tree breeding programs, the majority of the phenotypic data 

comes from ungenotyped individuals, since genotyping is expensive. Therefore, the multi-step 

model only utilizes a fraction of the information present in a testing program, and prediction 

accuracy for genotyped individuals is not as high as it could be if the entire population were 

evaluated simultaneously (Legarra et al., 2014; Lourenco et al., 2020). 

 Single-step genomic BLUP is the most parsimonious model for genomic selection since it 

allows for a joint evaluation of all individuals in a testing program, including those without 

genotype data (Legarra et al., 2014). This greatly expands the utility of molecular marker 

information, since it is used not only for predicting the breeding value of genotyped individuals, 

but also for correcting the pedigree-based relationships between non-genotyped individuals. It 

also allows for the propagation of phenotypic data from the non-genotyped individuals to the 

genotyped individuals through pedigree relationships, which increases the accuracy of prediction 

from the model. The propagation of molecular and phenotypic information between the two 

partitions of the population (non-genotyped and genotyped) occurs by way of a variance-

covariance matrix for the additive genetic effect, H, which combines A and G into a single 

matrix. The inverse of H can be used directly in the mixed-model equations (Henderson, 1974): 

 

     ïHb =	oHb +	èr r
r dHb −	oIIHb

ê             (Eq.36) 

 Notably, in eqn.36, since both A and G capture relationships between the genotyped 

individuals, the matrix o""H2, representing the expected relationships between the genotyped 
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individuals based on the pedigree, must be subtracted from G to avoid double-counting the 

pedigree- and marker-based relationships for the genotyped individuals (Legarra et al., 2014). 

 

 

1.9 Selected Case Studies from Conifer Genomics 

Since tree species require long periods of time to grow, methods that shorten the length of time 

required to make a selection decision have an immediate impact on the rate of genetic gain. In 

conifers, the timing of selection is determined by the phenotypic correlation between repeated 

measurements of the same trait taken at different years and the final phenotypic value at rotation 

age. In Douglas fir with a rotation age of 50 years, selections can be made 9 and 13 years after 

establishment for height and diameter, respectively (Howe, G. et al., 2006). In loblolly pine, with 

a rotation age of around 25 years, selections can be made 4 or 5 years after establishment (Isik & 

McKeand, 2019). In genomic selection (GS) schemes, molecular markers are used to select 

young individuals before phenotypic data is recorded (Meuwissen et al., 2001). The time savings 

yielded by GS is the difference between the time it takes to record phenotypic data and the time 

required to produce seedlings for genotyping. In slow-growing tree species, this time savings can 

substantially improve the rate of genetic gain (Grattapaglia, 2014; M. F. R. Resende et al., 2012). 

 The first GS study in trees was reported for two clonal populations of Eucalyptus (M. D. 

V. Resende et al., 2012). The two populations were derived from incomplete diallel crosses 

among 11 and 51 parents, resulting in 43 and 232 full-sib families ranging in size from 40 to 100 

individuals. Each clonal genotype was assessed with a panel of 3000 DaRT markers. Accuracy 

of the GS model, measured through ‘leave-one-out’ random cross-validation, was between 0.55 

and 0.88 for four traits. However, models trained with one population performed poorly when 
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predicting the other population, suggesting the need for close relatedness between training and 

prediction sets (M. D. V. Resende et al., 2012).  In the first report of GS in a conifer species, a 

clonal training population of 800 loblolly pine genotypes derived from circular mating among 32 

parents was established at four test locations in the states of Georgia and Florida, USA (M. F. R. 

Resende et al., 2012). The entire population was genotyped with a marker panel of 4825 

markers. Random cross-validation within the training population was used to assess the accuracy 

of the model. Accuracies of 0.63 and 0.75 were reported for height and diameter. The authors 

attempted stratification of training and validation populations by environment, and some 

combinations were found to have much lower prediction accuracies. For example, the model 

trained with phenotypic data from the southernmost Florida environment had accuracies of 0.18-

0.32 when predicting the performance in more northerly test sites (M. F. R. Resende et al., 

2012). This suggested the presence of genotype-by-environment interaction that reduced the 

transferability of model information between some pairs of environments. In a separate study of 

maritime pine, a two-generation dataset composed of 661 trees genotyped with 2500 markers 

provided predictive abilities between 0.4 and 0.5 for multiple traits in two random cross-

validation scenarios (Isik et al., 2016).  

 The studies described above all used some form of random cross-validation to measure 

the accuracy of the GS model. In random cross-validation, the training population is randomly 

split into training and prediction sets (Isik et al., 2017). This disregards the family structure of 

the population, and results in a situation where each prediction set has a mixture of full-sib and 

half-sib relatives in the training set (Werner et al., 2020). The first GS study in trees to explicitly 

model the impact of family structure prediction ability involved a half-sib population of white 

spruce (Beaulieu et al., 2014). In that study, a maternal half-sib population of 1694 trees derived 
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from 214 parents were genotyped with 6835 SNP markers. Random cross-validation was 

conducted by randomly sampling one individual from each of the 214 families to comprise the 

prediction set; this was replicated ten times. Family-based cross validation was conducted by 

removing all half-sib relatives from the training population for sets of 27 families, with each 

prediction set comprising a random set of 12.5% of all half-sib families. This was replicated ten 

times. In the random cross-validation scheme, GS models provided accuracies ranging between 

0.33 and 0.44 for a number of phenotypes. These accuracies fell by 50% in the family-based 

cross validation (Beaulieu et al., 2014), suggesting that genetic relatedness between training and 

prediction sets is a crucial determinant of the accuracy of GS. The second report of GS in trees to 

explicitly address the issue of familial relatedness between training and prediction sets was a 

study of Picea glauca in eastern Canada (Lenz et al., 2017). The training population consisted of 

734 25-year-old trees derived from 34 crosses among 27 parents, established on two locations. 

The entire population was genotyped with a set of 4993 SNP markers. Several cross-validation 

scenarios were implemented, including random cross-validation and a “half sib” cross validation 

scenario in which all full-sib relatives for a group of families was withheld from the training 

population, and GEBV were predicted with half-sib relatives only. This scenario led to a 

significant reduction in model accuracy compared to random cross-validation, reiterating the 

importance of relatedness between training and prediction populations (Lenz et al., 2017). 

Unfortunately, neither of these studies addressed the impact of relatedness on a per family basis; 

that is, predicting a single family using all the other families. Since each prediction set contained 

multiple full-sib or half-sib families, prediction accuracies are artificially higher since multiple 

family means are present in the prediction population (Werner et al., 2020). As of yet, no studies 
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have been conducted in trees to address prediction within single full-sib families using GS 

training populations lacking full-sib relatives of the prediction set. 

 The single-step method (HBLUP), in which phenotypes from individuals without 

genotype data contribute to the model, has been explored for a number of tree species (Imai et 

al., 2019; Ratcliffe et al., 2017; Ukrainetz & Mansfield, 2020). The same population of white 

spruce described in Beaulieu et al. (2014) was used to train a bivariate HBLUP model for 

predicting height and wood density. Since each individual was genotyped and the pedigree for 

the full population was known, varying degrees of ‘genotyping effort’ were simulated by varying 

the proportion of genotyped individuals from each half-sib family in the model. It was observed 

that a small genotyping effort resulted in significant improvements to breeding value accuracies 

(Ratcliffe et al., 2017); however, since no cross-validation was conducted, it is impossible to 

assess the impact of genotyping effort on empirical prediction accuracy from that study. In Pinus 

contorta, the single step method yielded slight improvements to prediction accuracy in random 

cross-validation for genotyped trees but not non-genotyped trees (Ukrainetz & Mansfield, 2020). 

The authors also reported that inclusion of genotyped trees improved the estimation of genetic 

parameters by reducing inflation of additive genetic variance relative to ABLUP (Ukrainetz & 

Mansfield, 2020). The single-step method has also been investigated in fruit crops such as citrus. 

In a citrus breeding population of 1935 individuals, a total of 25% were genotyped with 2354 

SNP markers. The single step method resulted in significant improvements in prediction 

accuracy of sugar content for non-genotyped individuals over traditional ABLUP, from 0.50 to 

0.54 (Imai et al., 2019). Additionally, prediction accuracy from random cross-validation was 

improved for genotyped individuals relative to GBLUP, demonstrating the positive impact of the 

inclusion of non-genotyped individuals in the HBLUP model (Imai et al., 2019).  
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 The results from proof-of-concept GS studies in tree species are promising. In general, 

for most traits, prediction accuracies from cross-validation are moderate to high and are 

insensitive to the choice of model (Isik et al., 2016). Genetic relatedness between the training and 

prediction populations is commonly observed as an important factor in determining the 

prediction accuracy, and the number of markers used to construct G is typically less important 

than the genetic structure of the population (Beaulieu et al., 2014; Lenz et al., 2017). Since none 

of the GS studies reported in trees specifically addressed the scenario in which all members of 

the prediction set belong to a single full-sib family without any representatives in the training 

population, there remains a knowledge gap around the relative ability of genome-wide markers 

to capture family means and mendelian sampling effects (Werner et al., 2020). Also, there are 

only a small number of GS studies in trees that utilize multi-generation datasets (Bartholomé et 

al., 2016; Isik et al., 2016). Most tree GS studies utilized raw phenotypic data of individuals 

without progeny for model training, as opposed to EBV or de-regressed EBV that are more 

common in animal genetics (Wiggans et al., 2017). The ability of such models to predict additive 

genetic merit will eventually require progeny datasets for validation. 

 

1.10 Genomic Resources for Pinus taeda  

Owing to its large impact on the forest products industry of the southeast United States, Pinus 

taeda has been the target of a significant amount of genomic research in the 21st century. The 

most recent version of the reference genome (as of August 2021), Pita2.0, was produced using a 

hybrid assembly strategy incorporating long-read PacBio SMRT sequencing of diploid needle 

tissue and high-depth shotgun sequencing of haploid DNA obtained from megagametophytes 

(Zimin et al., 2017). This assembly has an N50 contig size of 25361bp, representing a threefold 
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increase in size over the original Pita1.0 assembly. Even with this improvement, the genome 

assembly is highly fragmented among >2M contigs and >1.4M scaffolds. For species with 

genome sizes >20Gbp such as P. taeda, positive identification of genes underlying traits of 

economic interest remains impractical or even impossible. This reduces the overall impact of 

reference genomes on applied conifer improvement. Marker-trait associations and QTL are 

genetically tractable and can be localized to the genome using linkage maps. For these reasons, 

genotyping chips and linkage maps will remain the most applicable genomic tools for conifer 

improvement. Molecular breeding using the candidate gene approach, or through targeted 

mutations, is unlikely to have a real impact on conifer improvement in the foreseeable future.  

 The most comprehensive genome-wide linkage map for P. taeda is the Pita50K 

consensus map (Lauer and Isik, 2021). This map, integrating four parental backcross linkage 

maps generated from two mapping populations of around 1000 individuals each, was produced 

using 10204 SNP from the Pita50K Affymetrix genotyping chip (Caballero et al., 2021). The 

population sizes of these mapping populations were the largest ever reported for a conifer 

species, which contributed to the high resolution of the consensus map through the large number 

of recombination events captured in the dataset (Lauer and Isik, 2021). The marker density of the 

Pita50K genotyping chip has been shown to be sufficient for genomic selection (Lauer et al., 

2021); considering that 22% of the markers are placed on a consensus map, this chip is also 

applicable for GWAS, QTL studies, and marker-assisted selection (MAS). 

 Genomic technology, when judiciously applied, has the potential to improve the rate of 

genetic gain in conifer breeding programs. Over the long term, this improvement will likely 

come through two routes: genomic prediction and MAS. Genomic prediction using fixed-content 

arrays such as Pita50K can be used to perform selection before phenotypes are obtained, 
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potentially reducing the breeding cycle by as much as 50% (Lauer et al., 2021). This technique is 

particularly useful for low-heritability polygenic traits such as growth and stem form. For traits 

controlled by major QTL, such as disease resistance (Lauer and Isik, 2021), genetically defined 

mapping populations can be established in the field and used as permanent resources for QTL 

introgression. 
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CHAPTER 2: Genetic Parameters and Genotype-by-Environment 

Interactions in Regional Progeny Tests of Pinus taeda L. in the Southern USA 

Edwin Lauer, Andrew Simms, Steven McKeand and Fikret Isik 

Forest Science 67(1): 60-71 

 

2.1 Abstract 

Genetic parameters were estimated using a five-series multi-environment trial of Pinus taeda L. 

in the southern USA. There were 324 half-sib families planted in five test series across 37 

locations. A set of six variance/covariance matrices for the GxE effect for tree height and 

diameter were compared on the basis of model fit. In single-series analysis, extended factor 

analytical models provided generally superior model fit to simpler models for both traits; 

however, in the combined-series analysis, diameter was optimally modeled using simpler 

variance/covariance structures. A three-way compound term for modeling genotype by 

environment interactions among and within series yielded substantial improvements in terms of 

model fit and standard errors of predictions. Heritability of family means ranged between 0.63 

and 0.90 for both height and diameter. Average additive genetic correlations among sites were 

0.70 and 0.61 for height and diameter, respectively, suggesting the presence of some genotype by 

environment interaction. Pairs of sites with the lowest additive genetic correlations were located 

at opposite ends of the latitude range. Latent factor regression revealed a small number of parents 

with large factor scores that changed ranks significantly between southern and northern 

environments. 
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2.2 Introduction 

Tree breeders rely on multi-environment trials (MET) for predicting the breeding values of 

selection candidates (Ogut et al. 2014). Phenotypic evaluation of progeny in multiple 

environments allows for the partitioning of the observed phenotypic variation into causal 

components. This partitioning of genetic (G) from genotype-by-environment (GxE) 

variation provides the information required for guiding breeding and deployment decisions 

(Gezan et al. 2017, Smith et al. 2015, Cullis et al. 2014).  

MET consist of a number of genetic trials spread out over a series of environments 

that are representative of the range of potential deployment areas of the species (Smith et 

al. 2015, Cullis et al. 2014). Since the main objective of MET analysis is in partitioning G 

and GxE effects, the experimental design and the treatment structure for each trial are 

ideally identical. However, the number of genetic entries in most breeding programs is 

prohibitively large to permit factorial designs. In undomesticated tree species in particular, 

logistical constraints are created by the timing of selection, grafting, and breeding activities 

which limit the availability of seed during any given year. Therefore, most MET in tree 

breeding programs involve series of trials over years with varying degrees of overlap of 

genetic entries. In this context, mixed linear models which can accommodate the imbalance 

and variable degree of connectivity between trials are required for a combined analysis of 

MET datasets.  

Multiple statistical frameworks exist to model GxE interaction. These frameworks 

differ in the number of assumptions made regarding two related parameters: genetic 

variance and genetic correlation. The most basic structure for modelling GxE is known as 

compound symmetry, in which a single genetic variance is assumed for all environments, 

and a single genetic correlation is assumed for all pairs of environments (Isik et al. 2017). 
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This model makes the most assumptions about the variance/covariance structure of the 

random genetic term, since it involves the smallest number of parameters. Moving up the 

hierarchy of model complexity, a model that permits heterogeneity among genetic 

variances for environments provides more explanatory power for GxE than compound 

symmetry. This model, also known as CORUH, features a single genetic correlation 

between all pairs of environments, and a unique genetic variance for each environment.  

One of the most common frameworks for MET analysis in crop and tree breeding 

are factor analytic models (FA). These models allow for prediction of the complete 

variance/covariance matrix of GxE effects using a small number of latent variables called 

factors (Gogel et al. 2018, Thompson et al. 2003, Smith et al. 2001). In MET datasets with 

t environments and k underlying factors, the number of parameters to be estimated is t(k+1) 

(Smith et al. 2001, Kelly et al. 2007, Cullis et al. 2014). In the FA formulation, the 

variance/covariance matrix of genotype-within-environment effects is the sum of a linear 

component, modeled as the outer product of the matrix of loadings for each environment 

on each factor and a nonlinear component modeled as a vector of site-specific variances not 

accounted for by linear regression on the factors (Beeck et al. 2010). The FA model is more 

parsimonious than unstructured (US) models which require unique estimation of all 

t(t+1)/2 variance/covariance parameters. The problem becomes computationally infeasible 

as the number of environments becomes large (Cullis et al. 2014). The inclusion of 

pedigree information further improves the ability of FA models to model complex patterns 

of GxE, and in some cases facilitated targeted deployment of genotypes into specific 

geographic regions (Beeck et al. 2010, Ukrainetz et al. 2018). 

Here, we report the genetic parameter estimates for a Pinus taeda L. MET 

established in the southeastern United States by the North Carolina State University 
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Cooperative Tree Improvement Program. Half-sib families (324) were tested in 37 

environments established across five test series between 1995 and 2005 to obtain parental 

breeding values for selection in the third cycle of the program (Isik and McKeand 2019). 

The first objective of this work was determining the degree of additive genetic control for 

tree height and tree diameter within and among environments using highly balanced 

datasets from single test series. The second objective was to conduct a model-building 

exercise for the GxE effect in the combined five-series analysis using six 

variance/covariance matrices, including one experimental matrix specifically designed to 

accommodate treatment imbalance across sites in different series. The third objective was 

to characterize patterns of GxE for height and diameter, and to relate these patterns to 

geographic factors which may influence the performance stability of Pinus taeda L. 

genotypes across environments. 

 

2.3 Materials and Methods 

2.3.1 Plant Material, Experimental Design and Trait Measurements 

The material evaluated in this study comprised a set of 329 seedlots. Of these, five were 

checklots derived from bulked seed from non-improved wild seed sources or average 

female parents, and 324 were individual parents selected from second-generation diallels, 

open pollinated tests, first-generation Coastal diallel tests, and plantation and/or wild 

selections from the Coastal Plain of the southeastern United States (Isik and McKeand, 

2019). Each of these 324 parents were pollinated with a mixture of pollen from 20 trees 

chosen to represent the population average, in terms of height and volume, of the Coastal 

breeding population. The female parents in each series were pollinated with the same 

mixture. 
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These pollinations occurred across a number of years, and the resulting progeny 

tests were established in various locations over the period of a decade (1995-2005). This 

staggered approach of breeding and test establishment resulted in five distinct series of 

tests. Within each series, each location was established with the same families, but 

locations across different series had differing degrees of genetic connectivity (Figure 1). 

Geographic information about these test locations can be found in the supplementary 

tables. The test locations spanned a wide geographic range on a southwest-northeast axis in 

the southern USA (Figure 2.2, Table A1). 

A new test series was established when an adequate amount of seed from about 70 

parents was obtained. Each test location was a randomized complete block design with 20 

complete blocks. Each parent was represented with one progeny per block. The planting 

density ranged between 1345 and 1600 stems per hectare (or about 2.4m x 2.4m spacing). 

Each replication was bordered on four sides by other experimental trees in other 

replications, or by two exterior border rows planted with extra seedlings from the seedlots 

being tested. The number of tests in each series varied from four to twelve (Figure 2.1). 

Six years after test establishment, a number of measurements were recorded on each tree. 

The measurements analyzed in this report include total height in meters and diameter at 

breast height (DBH) in centimeters. 

 

2.3.2 Statistical Analysis 

2.3.2.1 Independent series analysis 

Since each test series had a balanced design, each series was analyzed 

independently to estimate variance components for height and stem diameter using 

the following linear mixed model.  
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 I = JK +ñó+ 	LM + N        (Eq.1) 

 

where y is an n x 1 vector of phenotypic records for a test series, X is a design matrix 

relating the records to the population mean and sites, b is a vector of the fixed effects 

including the population mean and test site effects within that series, W is a design 

matrix relating the progeny records to the random block effects, r is a vector of block 

effects, Z is a design matrix relating the progeny records to the genotype-within-

environment effects, u is a vector of genotype-within-environment effects, and e 

represents the vector of random residual error.  The assumptions in model Eq.1 were 

that y ~ MVN(Xb,V), with  

 

î = ò
ó
M
N
ô =	 çd 0

0 Çé	       (Eq.2) 

  

where G represents the variance/covariance matrix for all the random effects 

(including blocks and genotype-within-environment effects r and u), and R represents 

the variance/covariance matrix for the residuals.  

Traditionally, the expectations of random effects are zero mean and identical 

and independent variance ~NID(0, σ"). We relaxed this simple assumption to improve 

the model fit statistics as described below. For the random block effects, we fit a block-

diagonal structure with a unique variance for each of k locations 

 

 dc~⨁\M2
] Pdσe(\)" 		        (Eq.3) 
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Where ⨁ is the direct sum, Pd is the identity matrix for environments (k = 1, …, n). Each 

submatrix of dc was derived by multiplying the block variance term for that site by an 

identity matrix (Pd) of dimension b, the number of blocks in that site. Similarly, for the 

random residual effects, a block-diagonal variance structure was fit to account for 

heterogeneity between sites, with a unique residual variance for each site. 

 

Ç~	⨁\M2
] Pfσ^(\)"         (Eq.4) 

 

All models described below had the same variance/covariance structure for 

random block (dc) and residual effects (Ç) from Eq.1. The following models differ 

only in the variance/covariance structure fit to the random ú>ù7. }S;>û3 term (dg). This 

compound term absorbs both genetic main effects and genotype-by-environment 

interaction effects (Isik et al., 2017).  

 

2.3.2.2 Model building 

The first covariance structure for the GxE term was CORUV, which assumes a uniform 

genetic correlation between all pairs of sites and a uniform genetic variance at all sites. 

This model, also known as “compound symmetry”, is simply a re-parameterization of 

the cross-classified ANOVA model for genotype and genotype-by-environment 

interaction (Isik et al. 2017): 

 

 dg = (σD"qq′ +	σD\" PY)⨂o	        (Eq.5) 

 

Where σD"  represents the common additive genetic variance component, σD\"  is the 
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common additive genotype-by-environment interaction variance component, qq′ is a 

matrix of ones of dimension k x k, where k is the number of environments. †h is an 

identity matrix of dimension k x k, and A is the additive genetic relationship matrix 

calculated from the pedigree.  

The second covariance structure, CORUH, allowed for each site to have a unique 

genetic variance, and a common correlation between all pairs of sites. This 

variance/covariance matrix can be written as 

 

 dg = á⨂o          (Eq.6) 

Where á represents an k x k covariance matrix with a common genetic correlation in 

the off-diagonal, and a unique genetic variance for each site on the diagonal. 

  Three extended factor analytic (XFA) models with 1, 2 or 3 factors were fit to 

the compound term to fully model GxE. The variance/covariance matrix was 

constructed by regressing genotype performance within each environment on 

unobserved latent environmental variables called factors: 

 

 dg = (ÅYÅY[ +	°Y)⨂o        (Eq.7) 

 

Where Åh represents a k x n matrix of site loadings for k sites on n factors. o represents 

the additive numerator relationship matrix calculated from the pedigree. The term °Y 

represents a k x k diagonal matrix with site-specific variances along the diagonal, and 

0’s in the off-diagonal. The site-specific variances represent variance in the response 

variable at each site not explained by regression on the two factors in ÅY. The first term 

in (Eq. 7), ÅYÅY[ +	°Y, represents a matrix of dimension k x k, with the diagonal 
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elements being equal to the sum of the additive genetic variance and the site-specific 

variance at each environment, and with the off-diagonal elements being equal to the 

additive genetic covariance between all pairs of environments. Details of this structure 

for three environments is given below for illustration (Isik et al. 2017): 

 

 dg = (ÅYÅY[ +	°Y)⨂o = ¢
σi(j)2" σi2"" σi2N"

σi2"" σi(j)"" σi"N"

σi2N" σi"N" σi(j)N"

£	⨂o   (Eq.8) 

 

Models for each independent series analysis were compared for model fit statistics log 

likelihood, likelihood ratio test, AIC, and BIC. The best fit model was used to report 

genetic parameters for the series for both height and diameter.  

 

2.3.2.3 Combined series analysis 

Combined series analysis presented difficulties, because genetic connections 

between test series were weak with a median number of genotypes in common 

between any pair of sites of only 5 (Figure 2.1). The same series of models were fit 

in the combined series analysis that were fit in the independent series analysis, with 

the addition of one new model specifically designed to account for the lack of 

balance between test sites in different series. There was limited information in the 

data to estimate genetic correlations between these sites. A model which takes into 

account the lack of balance would simplify the correlations between sites in 

different series, yet still allow for the prediction of the full unstructured 

variance/covariance matrix of GxE effects for sites within series.  In this model, the 

correlation between test sites in different series was fixed at the mean correlation. 
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The mean correlation was obtained by averaging the pairs of correlations between 

sites in each series. The correlations between test sites within the same series were 

predicted using extended factor analysis: 

 

dg = §	⊗ [⨁kM2
l ((ÅYÅY[ +	°Y)⨂o)]               (Eq.9) 

 

Where S is a 5x5 CORUV covariance matrix for series, with a single correlation in 

the off-diagonal and a single variance on the diagonal. The direct sum in the square 

bracket, ⨁kM2
l (ÅYÅY[ +	°Y)⨂o, indicates that extended factor analysis is conducted 

independently for the k sites in each of s series.      

  Each model featured the same fixed effects, with the sole difference being 

the variance/covariance matrix for random family-within-site effects. These nested 

models enabled a direct comparison using likelihood ratio tests and model fit 

statistics.  

 

2.3.2.4 Heritability estimation 

Variance components and heritability estimates for height and DBH for each test series 

were obtained from the XFA2 models since they were the best fit. The heritability 

estimates were derived from Isik et al. (2017). Narrow-sense heritability was estimated 

as 

 

  hC" =
Xm7+

m7+%9	m7,%
        (Eq.10) 

 

In this case, σëD represents the additive genetic covariance averaged across all pairs of 
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sites within the series, σëD" 	represents the genetic variance averaged across the sites within 

the series, and σë^"	is the residual variance averaged across the sites within the series. 

Heritability of half-sib family means for the independent series analysis was estimated 

as 

 

  hn" =	
m7+

-.+%
/ 9	

(/12)-.+
/ 9	

2
/%∑

-.,%
4

/
/52

      (Eq.11) 

 

Where k is the number of environments, and r is the harmonic mean number of blocks per 

environment. Standard errors of estimates were calculated using the Delta method (Lynch 

and Walsh 1998). All statistical analyses were performed using software ASReml stand-

alone version 4.2 (Gilmour et al. 2014) and the R programming environment (R Core 

Team 2019).  

 

2.3.2.5 Environmental covariate regression 

The role of clinal variation, especially on a North-South latitude axis, is well known in 

Pinus taeda L. (Schmidtling 2001, Farjat 2017). This relationship was investigated here by 

conducting a linear regression analysis using the additive genetic correlation between sites 

as the response variable, and the difference in latitude and annual mean minimum 

temperature of the sites as the two predictors. This regression model took the form 

 

  yCo\ = 	µ +	αCXC +	βoXo +	αβCoXCo +	eCo\	    (Eq.12) 

 

Where yCo\ represents the kth additive genetic correlation between two sites within the same 
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test series having a latitude difference of i and a mean minimum temperature difference of j, 

µ represents the average additive genetic correlation between sites within the same test 

series, αC is the fixed effect of the ith latitude difference on the genetic correlation, βo is the 

fixed effect of the jth mean minimum temperature difference on the genetic correlation, αβCo 

is the fixed interaction effect of the ith latitude difference with the jth mean minimum 

temperature difference on the genetic correlation, eCo\is the random residual error, and where 

XC, Xo, and XCo are design matrices relating latitude difference effects, minimum temperature 

difference effects, and interaction effects to the response variable yCo\. In this model, the 

only random effect was the residual. The response variable was assumed to have the 

expectations y	~	N(µ, σ^"). 

 

2.4 Results and Discussion 

2.4.1 Single series analysis: Variance components and heritability estimates 

Variance components and heritability estimates for height and DBH for each test series 

were obtained from the XFA2 models, and are presented in Table 2.1. This is because 

XFA2 structure showed an AIC improvement over XFA1 for 4 out of 5 series for height 

and 3 out of 5 series for DBH (Figure B1). Large variation in additive genetic variance 

was observed among test series. The ranges of narrow-sense heritability estimates for 

height and DBH among test series were 0.18 to 0.24 and 0.11 to 0.21, respectively (Table 

2.1). For height, family-mean heritability estimates for test series ranged from 0.74 to 0.90, 

which was greater than heritability estimates for DBH, which ranged between 0.63 and 

0.85. Series CPMX5 had distinctly lower heritability estimates than other series.  

The heritability estimates for height are comparable or slightly higher than 
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previously published estimates for Pinus taeda L. (Ogut et al. 2014, Resende Jr. et al. 2012, 

McKeand et al. 2008, Isik et al. 2005; Gwaze et al. 2001). The high heritability estimates 

reported here may be due to the high degree of replication for each family. In this dataset, 

the largest test series included 70 families established over 12 locations with an average of 

240 progeny each. The DBH narrow-sense heritability estimates reported here are similar 

to previously published estimates (McKeand et al. 1997). All estimates were associated 

with small standard errors. The results suggested that substantial genetic gain could be 

realized for growth traits from family selection.  

 

2.4.2 Model selection 

Six variance/covariance structures for the GxE term were compared on the basis of log-

likelihood, Akaike’s Information Criterion (AIC), Bayesian Information Criterion 

(BIC), and the average standard error of the difference (SED) between pairs of parental 

predictions for both single series analysis and combined series analysis. Because of the 

unique challenge posed by the lack of balance between sites in different series, the 

results from the combined analysis are presented here. 

For both traits, one of the largest improvements in model fit was obtained by 

allowing each site to have its own genetic variance (Figure 2.3). This can be seen in the 

large reduction in AIC for both traits between uniform variance (CORUV) and 

heterogenous variance (CORUH) models despite the fact that the CORUH models were 

associated with the largest SED for both traits. Correspondingly, the most significant 

increase to the log-likelihood for both traits occurred between the CORUV and CORUH 

models (Table 2.2). Notably, the XFA models reduced the AIC for height but not for 

DBH, although the log-likelihood increased significantly between CORUH and XFA1 



   

52 
 

for both traits. This indicates that different traits may show distinct patterns of 

environmental sensitivity, and may be optimally modeled using different 

variance/covariance structures. This result also differed from the single-series analysis 

of DBH, in which XFA2 models resulted in improved AIC values relative to XFA1 

models for three out of five series (Figure B1). This may suggest that treatment 

imbalance in the combined dataset may have adversely affected the model fit of XFA 

models for DBH, but not for tree height. For DBH, the hybrid model, which had a 

simplified correlation structure between sites in different series, showed a reduction in 

AIC relative to the XFA2 and XFA3 models.       

  In terms of log-likelihood of the model, tree height benefitted most from the full 

GxE variance/covariance matrix provided by XFA models, but this benefit was only 

significant up to two factors (Table 2.2). The AIC of the XFA models for tree height 

suggest a lack of improvement beyond a single factor (Figure 2.3). For DBH, the log-

likelihood increased significantly between CORUH and XFA1, but increasing the 

number of factors beyond one did not significantly improve model fit.  However, for 

both height and DBH, the SED was significantly reduced between XFA1 and XFA2, 

and reduced further between XFA2 and XFA3, and was minimized with the Hybrid 

model. This suggests multiple model fit criteria should be taken into account when 

comparing complicated MET models. For accurate ranking of genotypes, the Hybrid 

model, with the lowest SED, may be preferable for both traits (Isik et al. 2017). 

Interestingly, the Hybrid model also had a lower BIC value than any of the XFA models 

for both traits, despite having an additional two parameters over the XFA1 model and a 

lower log-likelihood. This suggests that the simplified correlation structure between 

sites in different series improved both the fit of the model and the ability to accurately 
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rank genotypes. 

For genetic parameter estimation, the full GxE variance/covariance matrix 

predicted by XFA models is beneficial for tree height but only marginally beneficial for 

DBH. This may suggest that DBH is more sensitive to random environmental noise than 

tree height and is optimally modeled using simpler variance/covariance matrices, 

especially when the dataset is highly imbalanced as was the case in the combined 

analysis. These results added nuance to the general conclusions of other authors 

reporting modeling results for Pinus taeda L. progeny trials (Shalizi et al. 2019). XFA 

models generally outperform simpler variance/covariance matrices when the 

experimental design is balanced, and the trait responds to macro-scale environmental 

factors (latitude, temperature). However, with highly imbalanced datasets and/or traits 

that are sensitive to complex environmental factors, simpler variance/covariance 

matrices may provide a better fit.  

 

2.4.3 Genotype-by-Environment Interaction: Genetic correlations 

The average additive genetic correlation between sites for tree height was 0.70, while for 

DBH the average was 0.61. The two test locations in Beaufort County, North Carolina had 

uniformly lower genetic correlations than other sites, with an average correlation of only 

0.40 for DBH and an average correlation of 0.45 for height (Figure 2.4). The lowest 

genetic correlations for both traits were between sites at the extreme ends of the latitude 

range of the CPMX tests.  

In series CPMX1, the most northern test site in Beaufort  County, North Carolina 

(T05) had very low genetic correlations with two of the southernmost sites in Lamar 

County, Mississippi (T06) and Escambia County, Alabama (T01) (Figure 2.4). The 

additive genetic correlation for height and DBH between the Beaufort site and these two 
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southerly sites was very low (0.04 and 0.09 for height and 0.15 and 0.31 for DBH), 

indicating significant changes in family rank.  

Similarly, in series CPMX2, the test site in Beaufort County, North Carolina (T13) 

had the lowest average additive genetic correlations with the other sites for height (<0.39) 

(Figure 2.4). Low additive genetic correlations were also observed for a site from Beaufort 

County, North Carolina in the CPMX3 test series, although they were not the lowest in the 

series (Figure B2).           

 In order to better understand the source of the low genetic correlations between the 

test sites in series CPMX1, latent regression plots were produced for four parents showing 

the largest rank changes between T05 and T06 test sites. Latent regression plots showing 

the relationship between breeding value for height and rotated factor loadings are presented 

in Figure 2.5 for the first factor loading and in Figure 2.6 for the second factor loading. 

For comparison, the four most environmentally unstable parents are shown on the top, and 

four environmentally stable parents are shown on the bottom of each plot. These plots 

indicated that a small group of parents had large scores on both factors, and that test site 

T05 had the lowest loading on both of these factors (Figure 2.5, Figure 2.6). This was in 

contrast to the four most stable parents which displayed very low sensitivity to both factors. 

Two of the highly interactive parents, HS1 and HS4, performed significantly better at test 

site T05 than test site T06. For example, Parent HS4, a parent from northern Florida, 

showed a dramatic jump, going from a rank of 57 at site T06 to a rank of 7 at site T05. Two 

other interactive parents (HS2 and HS3), both derived from neighboring counties in the 

Gulf Coast of Alabama, performed worse at test site T05 than at test site T06. For example, 

parent HS2 jumped from a rank of 56 at site T05 to a rank of 4 at site T06. 
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2.4.4 GxE and test site climatic and geographic characteristics  

Inspection of the additive genetic correlations among sites suggested a relationship with 

latitude and/or temperature of the sites, since the sites at the northernmost extreme of the 

range had lower additive genetic correlations, on average, than other sites. This hypothesis 

was investigated by conducting a multiple linear regression analysis using the additive 

genetic correlation between sites as the response variable, and the difference in latitude and 

annual mean minimum temperature between the sites as the two predictors (Table 2.3). 

Both factors explained a significant amount of variation among genetic correlations for 

height, but the difference in latitude explained more than twice the amount of variation as 

the difference in minimum temperature. For DBH genetic correlations, latitude differences 

and the interaction between latitude and temperature explained significant amounts of 

variation, but the main effect of temperature was not significant (Table 2.3). Notably, the 

amount of variation among DBH genetic correlations explained by latitude and minimum 

temperature differences was far lower than for tree height. The most compelling 

relationship from these regressions is the simple effect of site latitude differences on the 

genetic correlations for height (Figure 2.7). 

The results of this study indicated that height and diameter may respond in distinct ways 

to the environment and may be optimally modeled with different variance/covariance matrices. 

The relationship between genetic correlation and latitude difference was much more apparent 

for height than for DBH. This may suggest that height is more responsive than DBH to simple 

linear relationships between test sites, such as latitude and temperature. The genetic variance 

parameters for DBH from the single-series analyses were much more variable than for height, 

indicating that variance heterogeneity may be more important than family rank changes in 

explaining GxE for DBH. Finally, the observation that latitude explains more variation among 
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genetic correlations than mean minimum temperature builds upon the findings of other authors 

regarding patterns of Pinus taeda L. GxE (Schmidtling 2001, Farjat 2017). In this study, the 

effect of latitude was much larger than annual mean minimum temperature, suggesting that 

latitude may capture other environmental factors that may be more important in explaining GxE 

than mean minimum temperature alone in Pinus taeda L. These factors may include 

photoperiod, differences between daytime and nighttime temperatures, average last frost date, 

the angle of solar radiation, and many others. 

The germplasm tested in this study was originated from a wide geographical range, 

from Florida to North Carolina. The low genetic correlations between the southernmost and 

northernmost environments was probably related to this wide geographic origin of the test 

material, especially the parents from Florida and the Gulf Coast.  This is in agreement with 

the general conclusions of Schmidtling (2001), who described the lower performance of 

southern seed sources when transferred to northern regions. Beaufort County, North 

Carolina has a minimum winter temperature more than 5.6°C colder than the minimum 

temperature around Nassau County, Florida, a difference far greater than the 2.8°C (5°F) 

guideline for seed source transfer advised by Schmidtling (2001). A number of the parents 

originating from Florida and Gulf Coast seed sources in this study showed significant 

changes in rank between the southernmost and northernmost sites, including HS4 discussed 

above, agreeing with the findings of Sierra-Lucero regarding the high environmental 

interactivity of Florida seed sources (Sierra-Lucero et al. 2008). Interestingly, HS4 showed 

greater height growth in the northern environment than the southern environment. This 

agrees with findings from earlier research that southern material is adapted to longer 

growing seasons with shorter day length (reviewed in Dorman 1976), which may be 

disadvantageous in northern environments where cessation of growth prior to winter is an 



   

57 
 

adaptation for the avoidance of freeze damage. Overall, these findings support the overall 

conclusion that GxE is generally low for Pinus taeda L. (McKeand et al. 2006, McKeand et 

al. 1990), and only becomes apparent when non-adapted genotypes are established in 

disparate locations. From a deployment standpoint, the transfer of material from one 

location to another can occur without consideration of GxE, unless genotypes from the far 

southern extreme of the range are transferred to the northern edge of the range. 

 

2.5 Conclusions and Implications 

Substantial genetic variation among half-sib families was observed for growth traits in this 

third cycle breeding population of Pinus taeda L. managed by the North Carolina State 

University Cooperative Tree Breeding Program. Test sites located in the most common 

deployment areas (Atlantic Coastal Plains) had remarkably high genetic correlations, 

especially for tree height. These findings suggest that minimal GxE exists among test 

environments sampled from the most common deployment region for the species, and that 

most of the GxE found here was caused by comparisons between extreme environments. 

Practitioners should avoid deploying most southern seed sources in the northern edge of the 

range to reduce the risk of maladaptation and loss of genetic gain. 
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2.7 Tables 
 

Table 2.1.  General combining ability variance (!"!"	) and residual variance (!"$"	) averaged over 

sites for each series, narrow-sense (ℎ%") and family mean (ℎ&") heritabilities for height and 

diameter at breast height. Approximate standard errors are reported in parentheses.  

 
Series !"!"		(¨u)	 !"$"	(¨u)	 ℎ%"	(¨u)	 ℎ&"	(¨u)	

  Tree height   

CPMX1 0.15 (0.03) 0.66 (0.01) 0.21 (0.04) 0.90 (0.02) 

CPMX2 0.10 (0.02) 0.53 (0.01) 0.18 (0.04) 0.81 (0.03) 

CPMX3 0.17 (0.03) 0.64 (0.01) 0.24 (0.04) 0.86 (0.02) 

CPMX4 0.13 (0.03) 0.60 (0.01) 0.20 (0.04) 0.80 (0.03) 

CPMX5 0.08 (0.02) 0.38 (0.01) 0.20 (0.05) 0.74 (0.03) 

  Tree DBH   

CPMX1 0.52 (0.11) 3.76 (0.05) 0.13 (0.03) 0.85 (0.03) 

CPMX2 0.33 (0.08) 2.92 (0.05) 0.11 (0.02) 0.72 (0.05) 

CPMX3 0.54 (0.11) 3.33 (0.05) 0.15 (0.03) 0.80 (0.03) 

CPMX4 0.81 (0.17) 3.51 (0.06) 0.21 (0.04) 0.80 (0.03) 

CPMX5 0.28 (0.07) 2.25 (0.05) 0.12 (0.03) 0.63 (0.07) 
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Table 2.2. Model building for the combined-series analysis with k environments. Likelihood 

ratio tests were conducted at each step in the progression of model complexity. Gu is the 

variance/covariance matrix for the compound term (genetics nested within environment) of the 

model. For extended factor analytic models (XFA), the subscript indicates the rank of the 

corresponding matrix. #P is the number of parameters in Gu. LogL is the residual log-likelihood 

of the model. LR is the likelihood ratio relative to the previous model. P is the chi-square 

probability value of the log likelihood ratio test. 

a) Tree height 

Covariance Gu # P LogL LR P 

CORUV EσD"qq′\ +	σD\" PYF⨂o	 2 -10702   

CORUH á⨂o	 38 -10639 127.1 <0.001 

XFA1 EÅ(\p2)Å(\p2)[ +	°\F⨂o	 74 -10593 91.5 <0.001 

HYBRID §⊗ [⨁kM2
l (EÅ(\p2)Å(\p2)[ +	°\F⨂o)] 76 -10606 -12.9 >0.05 

XFA2 EÅ(\p")Å(\p")[ +	°\F⨂o	 111 -10564 57.4 <0.001 

XFA3 EÅ(\pN)Å(\pN)[ +	°YF⨂o	 148 -10545 39.6 >0.05 

 
b) Tree DBH  

Covariance Gu # P LogL LR P 

CORUV EσD"qq′Y +	σD\" PYF⨂o	 2 -48677   

CORUH á⨂o	 38 -48637 80.6 <0.001 

XFA1 EÅ(\p2)Å(\p2)[ +	°\F⨂o	 74 -48613 49.3 <0.05 

HYBRID §⊗ [⨁kM2
l (EÅ(\p2)Å(\p2)[ +	°\F⨂o)] 76 -48617 -8.9 >0.05 

XFA2 EÅ(\p")Å(\p")[ +	°\F⨂o	 111 -48591 42.9 <0.05 

XFA3 EÅ(\pN)Å(\pN)[ +	°YF⨂o	 148 -48566 50.3 <0.05 
 

 

 

 



   

64 
 

Table 2.3. Analysis of variance results from the multiple regression using genetic correlations 

for tree height or tree DBH as the response variable, and the difference in latitude (°&) and 

difference in mean minimum temperature (°() as predictors. In this analysis, only the genetic 

correlations between sites within series were used. Both predictors explain a significant amount 

of variation among genetic correlations for height at probability of 0.05 level, but there is no 

significant interaction between them. For DBH, the simple effect of latitude was significant, but 

the amount of variation explained was much smaller than for height. 

  Tree height Tree DBH 

Model Term DF* MS F P MS F P 

Difference in latitude (°&) 1 0.73 
24.7

8 
< 0.001 0.19 7.3 <0.01 

Difference in temperature (°() 1 0.23 7.68 <0.01 0.01 0.37 0.17 

Interaction (°&) ∗ (°() 1 0.01 0.01 0.08 0.02 0.94 0.33 

Error 132 0.03   0.03   

 
*DF: Degrees of freedom, MS: Means squares, F: F-statistic, P: Probability of F-statistics.  
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2.9 Figures 
 
 

 
 

Figure 2.1. Heatmap of number of open-pollinated families at test sites (diagonal) and number of 

families shared between the test sites (off diagonal values). Test sites within a series share almost 

all the same families (balanced) while test sites across series had very few shared families.   
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Figure 2.2. Map of progeny test locations in the five polymix progeny test series. A total of 37 

tests were established across 23 counties in the southeast United States. The natural distribution 

of Pinus taeda L. is shaded in green. Test sites established in the same county are separated by 

commas in the labels. 
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Figure 2.3. Model fit statistics for six models from the combined series analysis for tree height 

(top panel) and DBH (bottom panel). Left (blue) Average standard error of the difference (SED) 

between parent predictions.  Middle (red) Akaike’s Information Criterion (AIC). Right (green) 

Bayesian Information Criterion (BIC). 
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Figure 2.4. Estimated additive genetic correlations between pairs of sites from independent 

series analysis using the XFA2 structure for height (below the diagonal) and DBH (above the 

diagonal) for the first two series. Genetic correlations for two test sites located in Beaufort 

County, NC (T05, T13) were the lowest for both traits. 

 

 

1 0.46 0.5 0.49 0.09 0.48 0.57 0.54 0.53 0.55 0.55 0.58

0.76 1 0.84 0.91 0.57 0.61 0.88 0.9 0.75 0.9 0.77 0.83

0.48 0.59 1 0.92 0.49 0.67 0.92 0.93 0.8 0.93 0.83 0.89

0.68 0.83 0.8 1 0.66 0.64 0.95 0.99 0.8 0.97 0.82 0.89

0.31 0.4 0.75 0.81 1 0.04 0.38 0.52 0.21 0.47 0.19 0.26

0.74 0.88 0.43 0.67 0.15 1 0.77 0.72 0.73 0.75 0.77 0.81

0.78 0.92 0.51 0.76 0.26 0.93 1 0.99 0.9 1 0.93 0.99

0.76 0.91 0.75 0.98 0.67 0.8 0.87 1 0.86 1 0.89 0.96

0.55 0.66 0.43 0.6 0.3 0.63 0.66 0.66 1 0.88 0.86 0.91

0.58 0.71 0.57 0.75 0.51 0.62 0.68 0.77 0.51 1 0.91 0.97

0.6 0.72 0.54 0.72 0.43 0.66 0.71 0.76 0.52 0.59 1 0.95

0.8 0.95 0.65 0.89 0.47 0.9 0.95 0.97 0.69 0.75 0.76 1

1 0.36 0.54 0.7 0.43 0.89 0.82

0.33 1 0.97 0.7 0.69 0.42 0.46

0.39 0.86 1 0.81 0.72 0.62 0.63

0.34 0.76 0.88 1 0.6 0.79 0.76

0.19 0.43 0.5 0.44 1 0.49 0.49

0.3 0.45 0.57 0.45 0.22 1 0.92

0.3 0.45 0.58 0.46 0.22 0.99 1

CPMX1 CPMX2
C
PM

X2
C
PM

X1

T0
1

T0
2

T0
3

T0
4

T0
5

T0
6

T0
7

T0
8

T0
9

T1
0

T1
1

T1
2

T1
3

T1
4

T1
5

T1
6

T1
7

T1
8

T1
9

T13

T14

T15

T16

T17

T18

T19

T01

T02

T03

T04

T05

T06

T07

T08

T09

T10

T11

T12



   

69 
 

 

Figure 2.5. Latent regression plots showing the relationship between predicted breeding value 

for tree height and rotated factor loadings for the first factor of the XFA2 model for analysis of 

series CPMX1. Four of the most interactive parents are shown in the top panel; for of the most 

stable parents are shown in the bottom panel. Parent IDs are shown in the strip at the top of each 

subpanel. 
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Figure 2.6. Latent regression plots showing the relationship between predicted breeding value 

for tree height and rotated factor loadings for the second factor of the XFA2 model for analysis 

of series CPMX1. Four of the most interactive parents are shown in the top panel; for of the most 

stable parents are shown in the bottom panel. Parent IDs are shown in the strip at the top of each 

subpanel. 
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Figure 2.7. Relationship between pair-wise site genetic correlations for tree height (y-axis) and 

their difference in latitude ((Æ°&), x-axis). In this analysis, only correlations between sites within 

the same series are shown. For tree height, larger differences in latitude are associated with lower 

genetic correlations. Regression equation: corr(Height) = 0.78 – 0.09(Æ°&) 
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CHAPTER 3: Major QTL confer race-nonspecific resistance in the co-evolved 

Cronartium quercuum f. sp. fusiforme - Pinus taeda pathosystem 

Edwin Lauer and Fikret Isik  

Heredity (2021):1-12 

 

3.1 Abstract 
 
Fusiform rust disease, caused by the endemic fungus Cronartium quercuum f. sp. fusiforme, is 

the most damaging disease affecting economically important pine species in the southeast United 

States. Unlike the major epidemics of agricultural crops, the co-evolved pine-rust pathosystem is 

characterized by steady-state dynamics and high levels of genetic diversity within environments. 

This poses a unique challenge and opportunity for the deployment of large-effect resistance 

genes. We used trait dissection to study the genetic architecture of disease resistance in two P. 

taeda parents that showed high resistance across multiple environments. Two mapping 

populations (full-sib families), each with ~1000 progeny, were challenged with a complex 

inoculum consisting of 150 pathogen isolates. High-density linkage mapping revealed three      

major-effect QTL distributed on two linkage groups. All three QTL were validated using a 

population of 2057 cloned pine genotypes in a six-year-old multi-environmental field trial. As a 

complement to the QTL mapping approach, bulked segregant RNAseq analysis revealed a small 

number of candidate nucleotide binding leucine rich repeat genes harboring SNP associated with 

disease resistance. The results of this study show that in P. taeda a small number of major QTL 

can provide effective resistance against genetically diverse mixtures of an endemic pathogen. 

These QTL vary in their impact on disease liability and exhibit additivity in combination. 
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3.2 Introduction 

Endemic pathosystems of plant disease are characterized by steady-state dynamics between host 

and pathogen populations, in which negative frequency-dependent selection maintains genetic 

polymorphism and ensures that neither player gains the upper hand (Ennos, 2015; Tellier & 

Brown, 2007). This contrasts with epidemic pathogens that cause catastrophic local extinction 

events and large fluctuations of population size in both the host and the pathogen. In agricultural 

plant breeding, much attention has been focused on epidemic pathogens and the identification of 

specific host resistance genes that confer resistance against the predominant race of the pathogen 

in the local production environment (Saintenac et al., 2013; Vossen et al., 2003). The traditional 

experimental approach for identifying these gene-for-gene interactions is geared towards 

epidemic crop pathogens since it involves isolating a pure strain of the predominant pathotype 

from the production environment and testing it for virulence against a panel of known host 

resistance genes (Keen, 1990).  

In endemic pathogens of forest trees, millions of years of coevolution result in a large 

degree of genetic variability, both in the host and the pathogen (Thompson & Burdon, 1992). 

Studies of endemic fungal pathogens of forest trees have indicated little or no discernible 

population structure, making it difficult to adequately sample wild pathogen populations 

(Hamelin et al., 1994; Mercière et al., 2017). In these pathosystems, the host population may 

adapt to the pathogen through increased tolerance to the disease, reducing the fitness benefit of 

qualitative resistance genes (Roy & Kirchner, 2000). Nonetheless, effective qualitative resistance 

is highly sought after in production forestry, since endemic diseases result in significant losses of 

merchantable timber and other forest products through mortality or decreased wood quality 

(Mercière et al., 2017; Anderson et al., 1986; Powers et al., 1974). Gene-for-gene interactions 
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discovered in laboratory settings using single-strain inoculation experiments should be 

interpreted within the context of endemic forest pathogens rather than from the agricultural 

paradigm, since there is little chance that the single-race isolate will be present in any given 

environment. New population-level approaches for identifying gene-for-gene interactions in 

these pathosystems should be focused on effectors rather than pathotypes, since in the absence of 

reproducible pathotypes, it is the allele frequency of the cognate effector that defines the efficacy 

of the host resistance gene. 

The pine-rust pathosystem is an ideal platform for studying genetic disease resistance 

against co-evolved endemic pathogens. Pinus taeda L. (loblolly pine) is the most widely planted 

forest tree species in the world, established on over 13 million hectares in the southern United 

States for fiber, biomass, and wood production (Prestemon & Abt, 2002). The species is used 

extensively in Africa, Asia, and South America (Schultz, 1999). Fusiform rust disease, caused by 

the endemic fungus Cronartium quercuum (Berk.) Miyabe ex. Shirai f. sp. fusiforme 

(abbreviated Cqf hereafter), is the most important disease affecting pine species such as P. taeda 

in the southern United States (Kubisiak et al., 2005; Wilcox et al., 1996). Annual losses from 

fusiform rust disease range between $40M and $100M (Anderson et al., 1986; Cubbage et al., 

2000; Powers et al., 1974). The host-parasite interaction between Cqf and various species of pine 

dates back as early as the Jurassic period, preceding the split of the Laurasia supercontinent 

(Millar & Kinloch, 1991; Wilcox et al., 1996). Monokaryotic (1N) basidiospores are released 

from telia on the underside of oak leaves in the early spring and are wind-dispersed to nearby 

pines. Infection of young pine trees by Cqf occurs through cotyledons, needles, and soft stem 

tissue. It results in the formation of spindle-shaped woody galls (Figure B3), which reduces the 

structural integrity of the wood. Galls formed on the main stem in the first five years of the tree’s 
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life cycle often result in mortality from stem girdling or wind breakage, but galls formed on 

branches are usually tolerated. Dikaryotic (N + N) aeciospores are released from the galls in the 

early spring and are wind-dispersed to nearby oaks where they can germinate on the underside of 

oak leaves to complete the life cycle (Czabator, 1971). Due to the large geographic deployment 

area and long-lived nature of P. taeda, durable genetic resistance to fusiform rust is one of the 

most important breeding objectives for the species (Isik & McKeand, 2019). 

Studies reporting genomic mapping of resistance loci in P. taeda date back to 1996, and 

in all cases, the objective was identifying resistance genes that confer resistance to single-race 

isolates of Cqf (Amerson et al., 2015; Isik et al., 2012; Wilcox et al., 1996). In the first mapping 

study in which the Fr1 resistance QTL was identified, two single-race isolates were used in a 

controlled inoculation experiment. Using a genomic map consisting of several hundred RAPD 

markers, a QTL was identified for resistance against one isolate but not the other, leading the 

authors to conclude there was contrasting virulence between the isolates against the Fr1 gene 

(Wilcox et al., 1996). The mapping of the other eight named resistance loci, Fr2 through Fr9 was 

described in Amerson et al. (2015). In these experiments, seven different pine families were 

tested with a set of five single-gall isolates in controlled inoculations, resulting in the naming of 

an additional eight resistance loci, most of which were clustered on a single linkage group (LG) 

(Amerson et al., 2015). In the case of Fr1, the resistance QTL was only observed using specific 

rust isolates, and the localization of the gene was approximate since the genetic map only 

consisted of several hundred RAPD markers to cover a genome greater than 22Gb in size (Neale 

et al., 2014). These factors, coupled with the expensive and time-consuming RAPD genotyping 

procedure, made it difficult to incorporate Fr1 and the other Fr QTL as targets for marker-

assisted selection. 
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The fitness benefit of pathotype-specific disease resistance genes is a function of the 

genetic diversity of the pathogen. Wild populations of Cqf are characterized by low LD, high 

allelic diversity, and extensive variation in genome size. Several studies found that the genetic 

diversity of Cqf within local regions was equivalent to the diversity among regions (Anderson et 

al. 2010; Burdine et al. 2007; Kubisiak et al. 2004). The lack of evidence for clear population 

structure, together with the evidence for differential avirulence profiles among the handful of Cqf 

isolates tested (Amerson et al. 2015; Wilcox et al. 1996), suggests a multitude of avirulence 

alleles may be present in wild populations. This contrasts with the major fungal pathogens of 

agricultural crops such as Puccinia graminis or Magnaporthe oryzae, which are characterized by 

a relatively small number of predominant races that affect large production areas (Fang et al., 

2017; Saintenac et al., 2013).  

A significant gap exists in our knowledge of how genetic resistance functions in co-

evolved forest pathosystems. On the one hand, genetic resistance in forest trees at the population 

level has long been explained by a polygenic model of host resistance in which the inheritance of 

disease resistance is controlled by many alleles throughout the genome, each with a small effect 

(Isik et al., 2012). Alternatively, some examples of the gene-for-gene interaction paradigm have 

been demonstrated in tree species, resulting in a proposed model in which the host may have 

multiple pathotype-specific resistance genes corresponding to different pathogen avirulence 

alleles (Devey et al., 1995; Wilcox et al., 1996). In this study, we use a bulked inoculum strategy 

to identify race-nonspecific broad-spectrum resistance (RNS-BSR) QTL (W. Li et al., 2020). A 

small number of RNS-BSR resistance genes have been identified in agricultural crops (Deng et 

al., 2017; Wang et al., 2015), but have not yet been identified in any forest tree species. We 

propose that major host resistance QTL harboring one to many single genes may confer effective 
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immunity against a diverse group of Cqf isolates, provided the allele frequency of its cognate 

effector is high in the fungal population. Other resistance QTL may be more specific since their 

cognate effectors are at lower frequency in the pathogen population. By averaging over the 

genetic variability of the pathogen, QTL that confer RNS-BSR relevant to production forestry 

should immediately become apparent. This perspective on the allele frequency of the effector is 

lost in single-strain inoculation experiments. Such experiments may be successful in identifying 

gene-for-gene interactions but yield little information about the frequency of these gene-for-gene 

interactions in real environments. 

The primary question we addressed in this study relates to the genetic architecture of 

RNS-BSR in a conifer species, P. taeda. Can environmentally stable, high-level disease 

resistance measured in the progeny of a P. taeda parent be explained by the segregation of single 

large-effect RNS-BSR QTL? Secondly, are RNS-BSR QTL that are discovered in controlled 

inoculation experiments effective and durable in real forest environments? Finally, if there are 

expressed genes associated with RNS-BSR, are they similar to other known disease resistance 

genes? In order to discover associations with RNS-BSR in the transcriptome, we used a modified 

version of bulked-segregant RNASeq (Liu et al., 2012) to interrogate allelic variation in the gene 

space for associations with the disease phenotype. 

 

3.3 Materials & Methods 

3.3.1 QTL Discovery Population 

Since the goal of this work was mapping RNS-BSR QTL, parents 4 and 9 were selected as 

resistance donors due to their superior rust resistance breeding values and high rank stability 

across multiple environments. These parents were compared to the parents used in the mapping 
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of the named Fr genes using analysis of multi-environmental progeny trials in the southern 

United States (Table A2). From these results, it was clear that the disease resistance of the 

parents used in the original mapping experiments, including the parent 10-5 which is known to 

segregate for the Fr1 resistance gene (Wilcox et al., 1996), was mediocre or below average. The 

one exception to this is parent A, which was identified as a heterozygote for the Fr2 resistance 

gene (Amerson et al., 2015); parent A was ranked in the top 50, but significantly below parents 4 

and 9. Parent A has no known pedigree relationships with parents 4 or parent 9. 

Two full-sib families were produced by crossing parents 4 and 9 to rust-susceptible 

parents 202 and 313, respectively (Figure B4). In both crosses, the rust-resistant parents 4 and 9 

were used as a male.  About 1500 seeds from each cross were harvested 18 months after the 

mating. Seeds were sown at the USDA Forest Service Resistance Screening Center in Asheville, 

NC, in May of 2018 for artificial inoculation (see details in Artificial Inoculation of QTL 

Discovery Population section). In August 2018, about 1000 full-sib seedlings from each family 

were individually labeled and sampled for DNA and RNA extraction. These full-sib families will 

hereafter be referred to as E4 and E9. 

 

3.3.2 QTL Validation Population 

A clonally propagated population was used to validate the field-level efficacy of the QTL. This 

population was established in the early 2000s, and is described elsewhere (Shalizi & Isik, 2019). 

Briefly, the Atlantic Coastal Elite population consisted of three disconnected eight-parent diallels 

among 24 parents, which resulted in 76 full-sib families. Each full-sib family was challenged 

with a bulked Cqf inoculum at the USDA Forest Service Resistance Screening Center in 

Asheville, NC. The spore density used in the assay was 50,000 spores/mL. From the original 76 
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full-sib families, 23 highly susceptible families were removed from the population. About 46 

rust-gall free progeny from the remaining 53 full-sib families were clonally propagated via 

rooted cutting techniques and planted across eight test environments in the southeastern United 

States (Shalizi & Isik, 2019). The QTL validation population was scored six years after test 

establishment for tree height, stem diameter, stem form, and the presence/absence of fusiform 

rust disease. The disease incidence recorded at six years in the field (eight locations) represents 

random wild environmental inoculum. 

The QTL discovery populations (full-sib families E4 and E9) shared extensive pedigree 

connectivity with the QTL validation population described above (Figure B4). Parent 4 shared 

two grandparents with a total of 406 clones, and shared one grandparent with a total of 556 

clones. Parent 9 had 221 offspring clones in the validation population. These offspring were 

distributed among six nested full-sib families.  

 

3.3.3 Artificial Inoculation of QTL Discovery Population 

Collection and preparation of the fungal inoculum were performed by USDA Forest Service 

Resistance Screening Center personnel using standard in-house protocols (K. McKeever, 

personal communication). The Cqf inoculum used in the study was composed of a mixture of 

150 different single-gall isolates. These isolates were collected from five regions in the southeast 

United States known to have the highest fusiform rust incidence. Within each region, three 

collections were made, with each collection site being located at least 16 km away from any 

other collection site. Within each collection site, aeciospores from 10 individual galls on separate 

trees were collected. Each sample was tested for spore viability using germination tests, and 

samples with 15% or less germination were discarded. Viable aeciospore samples from each 
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collection site were then mixed in equal volumetric proportions to produce a single collection, 

which was then put through a stepwise process of desiccations and packaged under vacuum in 

glass vials. In order to produce the basidiospores used in the inoculation, desiccated aeciospores 

from three collections per region were resuspended in sterile water at a concentration of 1.2 x 10-

3 g/mL, for a total of 15 aeciospore resuspensions representing the five regions. These 

resuspensions were mixed in equal proportions and used to inoculate the underside of oak leaves. 

Once telia appeared on the undersides of the leaves (2-3 weeks after inoculation), the leaves were 

clipped and suspended over acidified water (pH = 2) in order to release the basidiospores. The 

acidified water was filtered through a Millipore system, and the basidiospores were captured on 

filter paper. These spores were then resuspended in sterile water at a concentration of 100,000 

basidiospores/mL. Empirical dose-response studies found the concentration of 100,000 

basidiospores/mL minimized the rate of escapes, or known susceptible seedlings not developing 

disease due to a lack of pathogen challenge, to 5% or below (Kuhlman et al., 1997). 

Artificial fungal inoculations were performed at the USDA Forest Service Resistance 

Screening Center in Asheville, NC using standard in-house protocols. Briefly, spore suspensions 

were sprayed over 3-month-old seedlings using the concentrated basidiospore inoculation system 

of Mathews and Rowan (Matthews & Rowan, 1972) at a concentration of 100,000 

basidiospores/mL. Seven months after inoculation, the seedlings were observed for the presence 

or absence of galls. Disease incidence was recorded as a binary response variable for 

individually labeled full-sib seedlings. The seedlings were then moved to greenhouse facilities at 

the Horticultural Field Lab at North Carolina State University, Raleigh, USA, for continued 

observation. A second observation was made on the population 10 months after inoculation to 
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confirm the original disease incidence data and to ensure that disease symptoms that may not 

have been apparent at seven months were accurately recorded. 

 

3.3.4 Marker Genotyping and SNP Filtering 

In the QTL discovery population, genomic DNA was isolated from needle tissue of seedling 

progeny from the two full-sib families, as well as two replicates of each of the four parents used 

in the crosses. The samples were genotyped with the Pita50K Axiom array developed for P. 

taeda in October 2019 (Caballero et al., 2021). In total, 920 full-sib progeny from family E9 and 

1071 full-sib progeny from family E4 were genotyped. In-house scripts were used to ascertain 

the parental genotypes and to compare observed with expected progeny genotype ratios. The 

criteria for SNP inclusion in the genetic map were threefold: 1) The SNP genotype must be 

identical for both replicates of the same parent, 2) The SNP had to be heterozygous in one or 

both parents, and 3) the progeny genotype ratios must not differ significantly from 1:1 

(segregation distortion). Following SNP filtering, 6019 SNP were retained for linkage mapping 

in family E9, and 8552 SNP were retained in family E4 (Table A3). All SNP filtering was 

performed in the R programming environment using customized in-house scripts. 

In the clonal validation population (clonal field trials), 2057 clonal varieties were 

successfully assayed with the Pita50K Axiom array. The SNP for these clones were filtered to 

include only those SNP that had a minor allele frequency >0.01 and were placed on the linkage 

map generated from the QTL discovery populations. This resulted in a total of 10040 SNPs used 

in GWAS of the validation population. 
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3.3.5 RNA Sample Collection 

Prior to the inoculation, two random samples of 100 seedlings of each family were taken by 

removing a single needle from each seedling and immediately placing the tissue on dry ice, 

followed by storage in a -80°C freezer. This sample was taken to provide a random sample of the 

population prior to the disease challenge, which was used to construct the PacBio reference 

transcriptome and to estimate allele frequencies from read count data. Seven months after 

inoculation, three samples of diseased individuals and three samples of non-diseased individuals 

were taken from each family (50 seedlings per sample or 150 seedlings in each category). A 

single needle from each seedling was collected and immediately placed on dry ice, followed by 

storage in a -80°C freezer. At the ten-month disease assessment, one additional diseased bulk of 

50 individuals and one additional non-diseased bulk of 50 individuals were taken from both 

families, using the same procedure outlined above. RNA from all samples was extracted 

simultaneously, using conventional methods via the Qiagen RNEasy MiniPrep kit. 

 

3.3.6 Linkage Maps, QTL Analysis and Model Fitting 

Linkage maps were produced using the two-way pseudo-testcross design for both families. 

Briefly, prior to linkage mapping, the genotype of each parent at each marker was ascertained. 

For each cross, a linkage map was produced using markers in either backcross configuration 

(AB:BB or BB:AB), resulting in separate maps for the maternal and paternal genomes. Markers 

in the intercross configuration (AB:AB) were used to generate the sex averaged map for each 

LG, but these were dropped from the dataset prior to QTL analysis since the linkage phase of 

heterozygous genotypes for which both parents are heterozygous is unknown in an outbred F1 

cross. The consensus map combining the linkage maps from all four parents was generated 



   

83 
 

through linear programming methods. Details of these procedures are presented in 

Supplementary Materials. 

All QTL analysis was conducted using the R package R/QTL (Broman & Sen, 2009). 

Interval mapping was conducted via the Expectation Maximization algorithm, using a logistic 

regression model implemented in the scanone function of R/QTL. LOD thresholds for declaring 

QTL were determined using 1000 permutations of the phenotypic data. Peaks that surpassed the 

LOD threshold were declared as putative QTL, and their genomic positions under a conditional 

model (with more than one QTL) were determined using the refineqtl function. For identified 

QTL, genotype probabilities for each individual were estimated by calc.genoprob. Individuals 

were assigned to two genotype classes (Rr, rr) in family E9, and assigned to four genotype 

classes (rr/rr, Rr/rr, rr/Rr, Rr/Rr) in family E4. These genotype classes were used as categorical 

variables in generalized linear models.        

 The amount of variance explained by each QTL was estimated using the fitqtl function in 

R/QTL, which utilizes a simple transformation of the conditional LOD score. Additive effects 

for QTL haplotypes and specific contrasts were estimated using the GLIMMIX procedure of 

SAS/STAT software v9.1 (SAS Institute, Cary NC, 2013). In these models, the susceptible 

haplotype (either one- or two-QTL susceptible haplotype) was declared as the reference level. 

 

3.3.7 Modeling the Effect of QTL Haplotypes 

Disease occurrence was recorded as a binary variable; 3% = 1	if the seedling progeny had a gall 

on the stem, and 3% = 0	if the progeny was gall-free. The disease outcome is a realization of the 

random variable �% 	with the probability of Ø for 1 outcome and the probability 1 − 	Ø for 0 

outcome. The response variable �% is distributed according to a Bernoulli distribution with the 
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expectations u(�%) = 4% = Ø% and RS/(�%) = !" = ∞Ø%(1 − Ø%) (Collett, 2002). We modeled the 

effect of each QTL haplotype (the odds of disease outcome) using the following logistic 

regression model: 

 

 �%0 = ûC6$(
Ø

1 − Ø) = 	±q0 +	±L≤L (1) 

 

Where �%0 is the log-odds of the ith seedling in the jth family being 1, ±q0 represents the fixed 

intercept or the mean disease incidence for family j, ±L is the logit-scaled regression parameter 

(fixed effect) for the average effect of the nth QTL haplotype, ≤L is an indicator variable taking 

on values of 0 or 1 for 0 or 1 alleles of the nth QTL haplotype. The odds ratios and the least 

square means (probability scale) were calculated using the lsmeans option of SAS GLIMMIX 

procedure. The number of haplotype effects in the model was 2q where q was the number of 

QTL discovered in the family. The design matrix for the haplotype effects was estimated from 

the QTL probabilities in the output of calc.genoprob in R/QTL. For each individual, the 

probability of both QTL genotypes at each QTL was estimated from local marker data in the 

QTL regions using calc.genoprob, and the multi-locus haplotype with the most support from the 

data (the highest probability) was declared as the individual’s putative haplotype.  Interaction 

terms were explored in the models, but they did not improve the model fit in either family and 

were dropped from the final analysis.  

 

3.3.8 Bulked Segregant RNASeq Analysis 

Contingency tables were used to identify polymorphisms associated with disease. Variants called 

against the PacBio assembly for each family were analyzed separately using a customized R 
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pipeline.  For each polymorphism,  a 2x2 matrix consisting of the summation of the reference 

allele counts X and alternate allele counts Y across diseased bulks > = 1,… , ∞ and resistant bulks 

¥ = 1,… ,; was computed, and the log of the count ratio was obtained as follows. 

 

     LOD = 	 log2q Ñ
∑ r67
852

∑ s67
852

t

∑ r9:
;52

∑ s9:
;52

t

Ö    (2) 

The odds ratio under the null hypothesis was derived by multiplying the allele frequency 

observed in the random bulks by the total number of reads in each disease category. Because the 

random bulks were sampled prior to disease challenge, the read counts observed in these samples 

could not have been influenced by pathogenesis, disease-induced programmed cell death, or any 

other interaction with or contamination by Cqf. Fisher’s exact test, via the native R function 

fisher.test, was used for testing the null hypothesis of independence between rows and columns 

of the matrix. P-values were adjusted using Bonferroni correction.   

Since this mapping exercise sought to identify variants in tight linkage to dominant 

resistance genes, any SNP that were fixed in the diseased bulks but polymorphic in the resistant 

and random bulks were automatically considered potential candidates for fine mapping. In this 

context, all diseased individuals are expected to be homozygous recessive (rr) at the resistance 

locus, while non-diseased individuals would either be heterozygous (Rr) for the resistance allele 

or homozygous recessive (rr), depending on whether the non-diseased individual inherited the 

resistance allele or was an escape, respectively. In a bulk sample composed of non-diseased or 

randomly selected individuals, both alleles should be expected at the resistance locus. In a 

sample of diseased individuals, either a single allele (the susceptible allele) or a high frequency 

of the susceptible allele would be expected.  
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3.3.9 Genome-Wide Association Analysis 

Experimental-design adjusted predictions of clones were obtained from a generalized linear 

mixed model and were used in genome-wide association analysis (see details in the 

Supplementary Materials & Methods). The GWAS function within the R package rrBLUP was 

used as a mixed-model platform for association analysis (Endelman, 2019). The following model 

was used for the association analysis: 

 

  I = J∫ + Lu +	§v + 	ª       (3) 

 

With I representing a (2057x1) vector of probability-scaled clonal predictions for fusiform rust 

incidence. J represents a (2057x3) design matrix of ones relating the principal component 

loadings of each clone on the first three principal components of the kinship matrix to the 

response vector I , and ∫ represents a (6171x1) vector of principal component loadings for each 

of the 2057 clones on the first three principal components of the kinship matrix, L is the design 

matrix for the random effects, in this case relating the additive genetic values for the 2057 clones 

to the response vector I, 6 is a (2057x1) vector of additive genetic values for each clone, S was a 

(2057x10040) marker design matrix taking on values of -1, 0, 1 for the minor-allele homozygote, 

heterozygote, and major-allele homozygote, respectively, º was a (10040x1) vector of fixed 

marker effects, and ª is a (2057x1) vector of residual errors. The random genetic background 

effect had the expectations  Ω	~	N(0, æσ") with æ representing the realized genomic relationship 

matrix calculated from SNP markers using the observed allele frequencies in the validation 

population (VanRaden, 2008). The residual errors were distributed ª	~	N(0, Pσ^"). The loadings 

in ∫ were determined from an eigenvalue decomposition of æ. 
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3.3.10 RNASeq Library Preparation, Sequencing, Variant Calling, Sequence Annotation 
and Phylogenetic Analysis of the NLR Gene Family 
 

Detailed procedures used for RNASeq are described in the Supplementary Materials & Methods. 

Briefly, PacBio ISOSeq libraries were produced from needle tissue of 100 randomly selected 

seedlings from each family prior to the inoculation in order to produce family-specific reference 

transcriptomes. After the inoculation, Illumina libraries were prepared from multiple bulked 

samples of the two disease categories in each family, and the short-read data was aligned against 

the corresponding family-specific PacBio reference transcriptome. Variants were called using 

FreeBayes (Garrison & Marth, 2012), and the digital read count data from the Illumina data was 

used in bulked-segregant analysis (BSA). Details pertaining to sequence annotation and genomic 

alignment of the PacBio reference transcriptomes, as well as phylogenetic analysis of the NLR 

transcripts discovered in both families, are presented in Supplementary Materials & Methods. 

 

3.4 Results 

3.4.1 Disease Incidence 

The first observation of the disease outcome in the QTL discovery populations was taken seven 

months post-inoculation. There was a large contrast in overall disease incidence between the two 

families. In family E4, 26% of the seedlings were diseased. In family E9, 71% of the seedlings 

were diseased. The populations were observed again at 10 months post-inoculation. The mean 

incidence increased slightly to 28% in family E4 but it remained the same in family E9.  
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3.4.2 Genetic Maps 

Both families had the expected number of LGs (12) for the maternal and paternal genomes. For 

family E4, the map consisted of 6835 markers with an average spacing of 0.6cM and an 

individual map length of 2024cM per genome, with a maximum gap of 8.8cM. The map for 

family E9 had 4623 markers with an average spacing of 1.5cM and an individual map distance of 

3353cM, with a maximum gap of 23cM. The consensus map combined the maps from both 

families, and consisted of 10204 markers distributed across 12 LGs, with a total map distance of 

3137cM and an average spacing of 0.31cM. 

LG assignments from our consensus map for the Pita2.01 reference genome contigs were 

compared to previously published LG assignments (De La Torre et al., 2019). A total of 7187 

contigs were placed on our consensus map, out of which only 2.8% mapped to two or more LGs. 

A total of 15 contigs were placed on three LGs; notably, all these contigs had the prefix “super” 

(e.g, “super2789” , “super2905”). Out of these 7187 contigs, 1761 were also placed in the De La 

Torre et al. (2019) consensus map. Agreement between the two consensus maps was generally 

high, with an average correlation between the map positions of 0.92 (Figure B5). The increased 

genetic resolution of our map, due to larger population size, was readily apparent. Large regions 

lacking any apparent recombination in the De La Torre et al. (2019) map were resolved into 

unique positions in our map. To make our analyses directly comparable with previously 

published work, we renamed our LGs to be consistent with the nomenclature in De La Torre et 

al. (2019), and re-oriented the marker order for those LGs in which the marker order was 

inverted in our map relative to the order in the De La Torre map. 
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3.4.3 QTL Analysis 

In family E4, a double QTL peak was observed on the paternal complement of LG2 (Figure 3.1) 

with a LOD score >20 from the output of one-dimensional QTL scanning via the scanone 

function of the R/QTL package (Broman et al., 2003).  The QTL locations, as well as the overall 

model likelihood, were improved using the function refineQTL, which utilizes a multi-QTL 

model to adjust the location and effect estimates for each QTL (Broman et al., 2003).The two-

QTL model was a better fit to the data than the one-QTL model, resolving the doublet into two 

single, separate QTL which together explained 31% of the variance (Figure 3.1). The first and 

second QTL each explained 23% of the phenotypic variance. The 95% Bayesian credible 

intervals for QTL1 and QTL2 were 0-0cM and 29.3-29.4cM, respectively (Table 3.1, Figure 

3.2). The large population size in each family and the large number of markers contributed to 

narrow confidence intervals for the QTL locations.  

We modeled the effects of the linked QTL on LG2 on the basis of two-locus haplotypes. 

QTL haplotype effects (Rr/rr, rr/Rr, Rr/Rr) for disease resistance in family E4 were significantly 

different from the double-susceptible haplotype (rr/rr) (Table 3.2). The relative frequencies of 

the single- and double-resistant haplotypes in the population suggest the resistance alleles at the 

two QTL are linked in repulsion on LG2 of parent 4. Individuals inheriting the resistance allele 

at either QTL (Rr/rr or rr/Rr) had a disease probability of 0.19. Individuals with both resistance 

alleles (Rr/Rr), representing recombinant haplotypes, had a disease probability of 0.007 (Table 

3.2). Only one out of 156 individuals carrying both resistance alleles was diseased. Individuals 

inheriting neither resistance allele (rr/rr) in family E4 had a disease probability of 0.92. The 

average effects for the two single-resistant haplotypes were not significantly different from each 

other. These loci are hereafter termed GRID1 and GRID2 (General Rust Immunity 
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Determinant). One small QTL peak on maternal LG7 was also observed in the results of scanone  

which marginally surpassed the significance threshold (not shown). However, this peak only 

explained 0.5% of the variation, so was dropped from the model. 

In family E9, a single QTL discovered on LG7 of the paternal genome explained 14% of 

the variance, with a LOD of 29.8 (Figure 3.1). The 95% Bayesian credible interval for the QTL 

on LG7 extended from 47.1 to 47.4cM (Table 3.1, Figure 3.2). This QTL is hereafter referred to 

as GRID3. The average effect for this QTL was highly significant (Table 3.2), although not the 

same magnitude as GRID1 or GRID2. Individuals in family E9 that inherited the resistance allele 

at this QTL had a disease probability of 0.54, while individuals that did not inherit the resistance 

allele at this QTL had a disease probability of 0.89 (Table 3.2).  

 

3.4.4 GWAS Validation 

Significant associations were observed on LG2 and LG7 in the same genomic regions as the 

QTL from the discovery population (Figure 3.3/A). A single SNP marker (PitaSNP268432) at 

184.6cM on LG7, surpassed the 5% false discovery rate threshold. This marker was not mapped 

to the paternal complement of LG7 for family E9 in the QTL analysis.  A marginally significant 

SNP marker (PitaSNP092601) located at 189.9cM had a LOD value of 26.02 in scanone, and 

was mapped to the paternal complement of LG7 for family E9 (Table 3.3). 

On LG2, two regions contained markers significantly associated with rust resistance, the 

first region around 20cM, and the second from 28.6cM to 33cM (Figure 3.3/B). A total of nine 

SNP loci were significantly associated with resistance on LG2, but only two of these were 

mapped to the paternal complement of LG2 for family E4 in the QTL analysis. These two SNP 

loci had LOD values of 15.1 and 21.5 in scanone (Table 3.3). A close agreement between the 
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expected and observed P-values was evident for the vast majority of SNP, with minimal inflation 

caused by long-range LD or population structure (Figure 3.3/C).  

Principal component decomposition of the kinship matrix revealed four large subclusters 

in the validation population (Figure 3.4). Within each subcluster, a relatively large number of 

highly resistant and a smaller number of highly susceptible clones was evident, suggesting that 

disease resistance was not stratified by population structure. This indicates that the parents 

contributing the rust resistance alleles were used in many crosses that spanned all four large-

scale strata within the validation population.  

 

3.4.5 Bulked Segregant RNASeq 

The average sequence coverage of the PacBio reference transcriptomes was around 163x for 

both families. This amount of sequence coverage was associated with >98% agreement between 

SNP identified in RNAseq and whole-genome-sequence datasets in humans (Piskol et al., 2013). 

In the transcriptome SNP dataset for family E4, ten out of 71848 SNP exhibited complete 

separation on the basis of disease status, and had odds ratios of infinity (Figure 3.5/A). These 

SNP were fixed in the diseased bulks but polymorphic in the resistant and random bulks, and had 

an intermediate minor allele frequency in the random sample (Figure 3.5/B). Three out of ten of 

these SNP were discovered within NLR genes (Table 3.4).  

In family E9, 65849 variants were available for analysis out of which 11 SNP had odds 

ratios of infinity, showing a complete separation based on disease status. One of these was found 

within an NLR gene, while another was found within a partial NLR gene that only had a leucine-

rich repeat domain (Table 3.4).  
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3.4.6 Phylogenetic Analysis of NLR Genes 

The transcriptome datasets for family E4 and E9 contained a total of 231 and 288 NLR gene 

sequences, respectively. To determine the relationship between the candidate RNS-BSR genes 

and the rest of the NLR gene complement, the highly conserved NB-ARC domain from each 

protein was used in a multiple sequence alignment. Two of the candidate genes discovered in 

family E4, tx_69 and tx_8565, were highly homologous in this domain and clustered together 

within a small clade containing one other protein, transcript tx_5551 (Figure 3.5/C, Figure B6). 

All of the proteins within this clade were discovered in family E4. The third candidate gene in 

E4, transcript tx_12122, did not share significant sequence homology with the other two 

candidate genes in family E4. 

 

3.4.7 Sequence Alignment and Characterization 

The alignments of the candidate genes against the Pita2.01 reference genome revealed 

differences in the NLR gene complement between the two families. Some isoforms (including 

tx_69 and tx_8565) were detected in one family but not the other, and a large degree of variation 

in gene structure was observed. A description of the candidate NLR genes discovered in the 

PacBio reference transcriptomes is provided in Supplementary Materials & Methods. The 

alignment between the PacBio contigs discovered in family E4 harboring SNP significantly 

associated with rust resistance against the Pita2.01 reference genome is shown in Figure B7.  

 

3.5 Discussion 

We present the first evidence for putative RNS-BSR QTL in a conifer genome. Some evidence 

for efficacy of the previously identified Fr loci against bulked inocula was obtained (Isik et al., 
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2012), but the genetic map used to localize the Fr loci was based on 311 markers and fewer than 

100 individuals in each cross (Amerson et al., 2015; Echt et al., 2011). This genetic resolution is 

not high enough to rule out the existence of multiple linked resistance QTL, and makes the 

determination of the number of genes segregating in each family very difficult. Our 

demonstration of one-to-many relationships between host resistance QTL and fungal isolates is 

supported by high mapping resolution in the QTL discovery populations, high-depth coverage of 

the expressed gene content, and independent validation in a clonally replicated field trial. 

Moreover, the field-level efficacy of the QTL mapped here are much higher than the previously 

named Fr resistance genes (Table A3); presumably, this is because the resistance QTL 

segregating in E4 and E9 may have less specific resistance spectra, or recognize effectors that are 

common in the pathogen population. Importantly, both of the LGs harboring rust resistance QTL 

have been associated with resistance in previous studies. LG2 was previously associated with 

rust resistance QTL; it is the same LG believed to harbor six Fr loci (Amerson et al., 2015). 

However, since parent 4 has no known pedigree relationships with any of the other parents used 

in the Amerson et al. (2015) study, and since parent 4 shows significantly superior field-level 

rust resistance to the parents used in the Amerson study (Table A3), we infer that the QTL 

segregating in family E4 are distinct from the those identified in previous studies. LG7, 

harboring GRID3 in this study, was previously associated with a rust resistance marker in a 

GWAS (Cumbie et al., 2020); however, the predicted map position of GRID3 is ~100cM away 

from the predicted map position of SNP2374 reported in the Cumbie et al. (2020) study.  

This discovery may help to answer long-standing questions about the efficacy of 

qualitative resistance in complex forest pathosystems. Resistance QTL may be variable in terms 

of their resistance spectra and exhibit additivity with respect to their impacts on disease liability. 
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The long-term maintenance of such effective qualitative resistance alleles in the host population 

is likely facilitated by multiple factors. These factors include the broad host range of the 

pathogen, the abundance of susceptible trees in natural environments, the tolerance of the pine 

hosts to the disease, and the fact that aeciospores released from galls can reinfect oak but not 

pine (Czabator, 1971). These factors would act in concert to reduce the likelihood of large-scale 

epidemics caused by the sudden emergence of a virulent pathogen genotype within a local 

environment and maintain polymorphism at large-effect resistance loci in the host population. 

Conversely, these are the same factors that would maintain the efficacy of these resistance genes 

over the long term, since the broad host range and high levels of disease tolerance reduce the 

selection pressure for virulence in the pathogen population (Roy & Kirchner, 2000). 

For a resistance gene to be classified as a broad spectrum, its protein must confer 

resistance against two or more pathogens or pathotypes (W. Li et al., 2020; Ning & Wang, 2018; 

Xiao et al., 2001). From the results presented here, we infer that parent 4 carries two QTL with 

similar broad-spectrum properties, and parent 9 carries one QTL. In family E4, these QTL 

behave additively with respect to the odds of disease outcome in the population, suggesting that 

their resistance spectra and/or modes of action are not identical. The evidence suggests that the 

QTL segregating in family E9 is quantitatively different from the QTL segregating in family E4 

(Table 3.1), and we infer that this difference is a function of different resistance spectra and/or 

mode of action. Finally, the candidate genes detected in the transcriptome are similar to other 

known plant resistance genes (Dangl & Jones, 2001), suggesting that RNS-BSR against fusiform 

rust of pines may be mediated through NLR resistance genes. 

One likely explanation for the difference in disease incidence between the two families is 

that the resistance allele at GRID3 in family E9 has a narrower resistance spectrum, since it 
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recognizes an effector protein that is present at a lower frequency in the pathogen population 

than the effectors recognized by GRID1 and GRID2. In family E4, the additivity between the 

resistance alleles at GRID1 and GRID2 suggests that they have recognition spectra that are not 

identical. The disease incidence of the double-resistant GRID1/GRID2 individuals was striking, 

with only one out of 156 individuals in this class being diseased. The additivity between the 

resistance alleles at these QTL suggests that the probability of infection may be a multiplicative 

function of the allele frequencies of the virulence alleles in the pathogen population.  

Despite a population history of high selection pressure for rust resistance in the clonally 

replicated validation population (Shalizi & Isik, 2019), polymorphism at the resistance loci was 

maintained. This is likely due to the fact that a lower spore density (~50000 spores/mL) was used 

in the initial screening for the validation population, which was only half the spore density used 

in the QTL discovery experiment. This probably resulted in a higher rate of escapes, which 

would have preserved the genetic variation within families. It is important to note that the 

inoculum used to screen the validation population was different from the inoculum used in the 

QTL discovery experiment. Furthermore, the disease recorded at the eight test sites was derived 

from wild environmental inoculum.  Nonetheless, the same genomic regions were associated 

with rust resistance in both populations. The principal component decomposition of the kinship 

matrix revealed the existence of four large sub-groups, all of which contained both highly 

susceptible and highly resistant clones (Figure 3.4). The SNP with significant associations all 

had a moderate to high minor allele frequency (Table 3.2), which reflects the low effective 

population size and the nested family structure of the population. The QQ plot showed a small 

number of significant P-values and a close agreement with the null hypothesis for the vast 

majority of SNP, suggesting that the population’s history of selection did not severely limit the 
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genetic resolution of the analysis (Figure 3.3/C). The known pedigree connectivity, combined 

with the overall agreement between the genomic locations of the QTL found in the discovery 

population and the marker-trait associations detected in the validation population, suggest that all 

three resistance alleles detected in GWAS are identical-by-descent with the alleles detected in 

the QTL analysis. 

The bulked segregant analysis, although not providing conclusive proof of function for 

the candidate genes, indicated that these resistance QTL might harbor genes that are members of 

the NLR superfamily. In family E4, the proportion of PacBio contigs annotated as NLR-type 

resistance genes was only 0.006; but in the set of candidate SNP showing a complete separation 

with disease status, this proportion was 0.30. A similar enrichment was observed for family E9. 

The large magnitude of this enrichment, combined with the high depth of coverage of the 

expressed gene content (~163x), suggests that the identification of these transcripts as the causal 

factors of RNS-BSR observed in this study is not due to chance alone. In family E4, which had 

three-fold lower rust incidence than family E9, two of the three candidate proteins clustered into 

a clade that was private to family E4 (Figure B6). This suggests that the candidate genes in E4 

may have a similar function, and this function may be lacking from family E9. More 

experimentation will be required to develop SNP markers within these candidate genes to 

determine their linkage relationships with the QTL on LG2 and LG7. Since the family-specific 

reference transcriptomes were derived from a single time-point, there may have been other 

expressed sequences in the transcriptome that played a role in conferring resistance that was not 

represented in the PacBio ISOSeq libraries. The fact that multiple SNP were discovered on the 

candidate transcripts but only one was associated with resistance in each case suggests there 

were other highly homologous expressed sequences in the genome, which is expected of 
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duplicated gene families such as NLR (Van Ghelder et al., 2019; Wegrzyn et al., 2014). This fact 

makes the SNP discovered in bulked-segregant RNAseq particularly valuable, since they could 

help identify the causal gene in a group of multiple duplicated genes and/or pseudogenes. 

However, since Illumina data was used for SNP discovery, and there were other SNP on each 

PacBio contig that were not associated with disease, we can only conclude that the fragment of 

the transcript encompassed by the paired-end reads aligning to the SNP site were associated with 

disease resistance.   

Because of the large number of gametes sampled within each full-sib family, the genetic 

map produced in this study is one of the highest resolution linkage maps ever produced for a 

conifer species (De La Torre et al., 2019; Sewell et al., 1999; Westbrook et al., 2015). A total of 

10204 markers of the Pita50K Affymetrix array were genotyped on two populations of ~1000 

individuals each, which undoubtedly contributed to the narrow confidence intervals for the QTL 

detected in this study. The high resolution of our map is evident in the comparison between map 

positions of Pita2.01 contigs from our consensus map and the map published in de la Torre et al. 

(2019) (Figure B5); large blocks of contigs that were placed at the same position in the De La 

Torre et al. (2019) map could be uniquely positioned in our map due to a large number of 

recombination events. The same genomic regions underlying the QTL were associated with 

field-level rust resistance, confirming both the accuracy of the consensus map as well as the 

efficacy and durability of the QTL across a broad sample of environments in the southeastern 

United States (Shalizi & Isik, 2019).  

The demonstration of one-to-many relationships between host resistance QTL and fungal 

genotypes shows how simply inherited qualitative genetic resistance can deliver effective levels 

of immunity, despite the genetic variability of the pathogen. In crop systems, resistance alleles 
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with such strong effects would not be expected to retain efficacy due to the inevitable adaptation 

in the pathogen population, resulting in resistance breakdown (Janzac et al., 2009; H. Li et al., 

2003). However, in endemic systems such as the pine-rust pathosystem, the selection pressure 

for virulence is reduced due to physiological tolerance and the abundance of susceptible 

genotypes of multiple species in the environment, leading to the persistence of large-effect 

qualitative resistance genes in the host population. Further experimentation will be conducted to 

understand the pathogen side of the interaction and validate the efficacy spectrum hypothesis 

presented here.  
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3.7 Tables 

Table 3.1. Genomic localization of QTL discovered in full-sib families E4 and E9. QTL 

identifier for the QTL; Parent identifier for the parent in which the QTL was discovered; Left 

(cM) first Pita50K marker to the left of the LOD peak, with genetic position on the parental 

backcross linkage map in parenthesis; Right (cM) first Pita50K marker to the right of the LOD 

peak, with genetic position on the parental backcross linkage map in parenthesis; 95% CI  is the 

Bayesian Credible Interval for the QTL on the parental backcross linkage map in cM; Var (%) is 

percent variance explained by the QTL. 

QTL Parent LG Left (cM) Right (cM) 95% CI (cM) Var (%)   

GRID1 4 2 
PitaSNP011719  
(0) 

PitaSNP218776 
 (0.38) 

0 - 0 22.5 

GRID2 4 2 
PitaSNP023281 
 (27.7) 

PitaSNP157585 
 (31.3) 

29.3 - 29.4 22.9 

GRID3 9 7 
PitaOCSNP554671 
 (44.3) 

PitaOCSNP505248 
 (49.2) 

47.1 - 47.4 13.9 
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Table 3.2. Probability of chi-square test values for the QTL haplotype effects in families E4 and 

E9, odds ratios, Wald 95% confidence intervals of the odds ratios, counts of seedlings in each 

haplotype category and least-square means on probability scale with standard errors. For family 

E4, genotypes at the two loci GRID1 and GRID2 are separated by /, with R representing the 

resistance allele and r representing the susceptible allele. In this model, the double-susceptible 

haplotype rr/rr was the reference level. For family E9, the susceptible haplotype rr was the 

reference level. Double-resistant progeny of family E4 was almost immune to disease (1 out of 

156 got diseased). 

Term Pr > ChiSq Odds ratio 95% CI Count LS Means (SE) 

Family E4      

Intercept (rr) < 0.001 Reference Reference 140 0.92 (0.29) 

Rr/rr < 0.001 0.021 0.011, 0.038 360 0.19 (0.14) 

rr/Rr < 0.001 0.022 0.012, 0.039 414 0.19 (0.12) 

Rr/Rr < 0.001 < 0.001  <0.001, 0.003 156 0.007 (0.007) 

Family E9      

Intercept (rr) < 0.001 Reference Reference 385 0.89 (0.016) 

Rr < 0.001 0.15 0.102, 0.211 532 0.54 (0.022) 
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Table 3.3. Markers significantly associated with fusiform rust resistance in the GWAS of the 

multi-environment trial are tabulated below. Markers mapped to the paternal chromosomes of 

maps are highlighted with blue color text. LG: the linkage group of the consensus map, POS: the 

genetic position (cM) of the consensus map, Ref Contig: the contig of the Pita2.01 reference 

genome harboring the SNP, Ref Pos: the physical position (bp) of the SNP on the reference 

genome contig, Pr: the -log10(P-value) for the SNP, LOD: the LOD value from QTL analysis 

for the SNP if it mapped to the paternal complement of the corresponding chromosome in the 

QTL analysis, MAF: the minor allele frequency. 

SNP marker LG POS Ref Contig Ref Pos Pr LOD MAF 

PitaSNP268432 7 61.01 scaffold139972 67961 5.27  0.25 

PitaSNP092601 7 55.77 scaffold1059 96582 4.33 26.02 0.17 

PitaSNP263321 2 19.38 scaffold222845 75654 4.96  0.41 

PitaSNP263320 2 19.50 scaffold222845 75644 5.27  0.41 

PitaSNP175095 2 20.64 scaffold138101 20933 4.38  0.33 

PitaSNP023277 2 23.18 C4860079 25027 4.82  0.30 

PitaOCSNP591644 2 26.48 C4860079 22846 4.89  0.29 

PitaSNP401164 2 28.59 C4292101 8503 6.32  0.21 

PitaSNP023281 2 29.18 C4860079 28229 6.23 15.1 0.19 

PitaSNP063966 2 33.38 scaffold221998 169691 4.87 21.5 0.40 

PitaSNP065702 2 34.17 super4514 23866 4.96  0.43 
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Table 3.4. SNP loci exhibiting complete separation ()*+ = 	∞) on the basis of disease status in 

the bulked segregant RNAseq analysis. For each SNP, the transcript ID* and the position of the 

SNP within the transcript is reported. The reference genome contig and the position of the SNP 

within the reference genome contig are also reported for transcripts that were able to be mapped 

to the Pita2.01 reference genome. A high-level annotation description for each transcript is 

reported in the last column. Blue text represents transcripts discovered in family E4, while black 

text represents transcripts discovered in family E9. 

Transcript (pos) Reference Contig (pos) Annotation 

tx_69 (5245) scaffold95090 (26711) AAM28917.1putative TIR/NBS/LRR disease resistance protein 

tx_395 (4774) scaffold83796 (28383) ATI25035.1RNA polymerase beta subunit (chloroplast) 

tx_879 (2785) super2297 (244416) ABO52899.1shikimate hydroxycinnamoyltransferase 

tx_879 (2789) super2297 (244412) ABO52899.1shikimate hydroxycinnamoyltransferase 

tx_8565 (272) C4274665 (421) AAM28917.1putative TIR/NBS/LRR disease resistance protein 

tx_12122 (3309) C4204757 (4558) AAM28917.1putative TIR/NBS/LRR disease resistance protein 

tx_13307 (3791)  AFG49401.1hypothetical protein 0_16705_01 

tx_14609 (226) super143 (212628) Nucleic acid-binding; zinc ion binding 

tx_1326 (1081) scaffold51213 (380119) AFG46335.1hypothetical protein 0_1679_01 

tx_6743 (34) C5166441 (51993) CAC35976.1putative metallothionein-like protein 

tx_5752 (2778) C4493093 (13934) AAM28917.1putative TIR/NBS/LRR disease resistance protein 

tx_6308 (1321) scaffold27173 (98112) Transcription coregulator activity 

tx_12340 (692) scaffold109184 (8946) AAM28915.1NBS, partial 

tx_13899 (381)  AEW07674.1hypothetical protein 0_8542_02, partial 

tx_15063 (561) scaffold135844 (112885) NA (no IPS match) 

tx_15491 (1674) super4031 (72803) Protein binding; nucleus 

tx_20495 (3368) scaffold47632 (103037) NA (no IPS match) 

tx_20923 (1854) scaffold97392 (76864) AEW08424.1hypothetical protein 2_9455_01 

tx_33102 (2759)  AFG70890.1hypothetical protein 0_2234_01 

tx_35272 (185) scaffold17636 (122491) AFG52121.1hypothetical protein UMN_962_01 

tx_37649 (1715) C4327921 (2426) AEW09000.1hypothetical protein CL3078Contig1_01, partial 

 
*For full-length transcript ID’s corresponding to the identifiers in the reference transcriptomes, 
see Supplementary Table 2. 
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3.8 Figures 

 

 

Figure 3.1. Genome-wide LOD profile for family E4 (red dots) and family E9 (blue dots) from 

one-dimensional QTL scanning via scanone function of R/QTL. Three loci, one on paternal LG7 

of family E9 and two on paternal LG2 of family E4 showed large effects on disease outcome. 

Paternal linkage map is displayed with LG identifiers ending in “.P”. Map positions are given 

along the x-axis of each subpanel in centimorgans (cM). The inset on the top right shows the 

improvement of the model likelihood under the twoQTL model implemented in refineQTL 

function of R/QTL compared to the one-QTL scanone model for the two peaks on LG2, with 

LOD values approaching 70 under the two-QTL model. The LOD profile over the maternal 

linkage map is not shown, since no QTL were discovered on maternal LGs. 
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Figure 3.2. Regional linkage maps for the QTL discovered in families E4 and E9. Genetic 

distance (cM) is shown on the ruler to the left of the figure. 1-LOD confidence intervals for QTL 

are shown in red. Closely linked markers validated for MAS are shown in blue text. Cyan Map 

of LG2 harboring the QTL discovered in family E4 (GRID1, GRID2). The paternal LG2 map 

from family E4 is shown to the right of the consensus map of LG2. Blue Map of LG7 harboring 

the QTL discovered in family E9 (GRID3). The paternal LG7 map from family E9 is shown to 

the right of the consensus map of LG7.
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Figure 3.3. Panel A: Genome-wide association analysis results for 2057 clonal genotypes from the multi environment trial. The -

log(p-value) for a false discovery rate of 0.05 is shown as a horizontal red dashed line. Markers are ordered according to genetic 

position on the consensus map along each LG. Panel B: Close-up of the region of LG2 harboring significant associations with rust 

resistance. The region between 15 and 20cM contains markers that were mapped to the distal end of LG2 on the paternal linkage map 

of parent 4 of family E4, in proximity to GRID1. The region around 30cM contains markers that were mapped in proximity to GRID2 

on the paternal linkage map of LG2. Panel C: QQ-plot showing close agreement with the null hypothesis for the vast majority of 

markers included in the GWAS, while a small number of SNP in LD with the resistance QTL deviate from the expectation.
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Figure 3.4. Genetic variation for fusiform rust incidence was independent of the population 

structure in the validation population.  Loadings of each clone on the first two principal 

components of the kinship matrix revealed four large subpopulation clusters. Within each cluster, 

both highly resistant (incidence ~ 0) and highly susceptible (incidence > 0.25) clones were 

identified. This was likely caused by the diallel mating design, in which the parents contributing 

the resistance genes were used in multiple crosses that spanned all large-scale population strata. 

The average proportion of ‘susceptible’ clones in each full-sib family was 0.24. Probability-

scaled rust incidences are presented in the third row and the third column to show how a similar 

ratio of resistant to susceptible clones was observed in each cluster. 
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Figure 3.5. Bulked segregant analysis (BSA) using read count data from RNAseq. Panel A: 

Distribution of LOD values for variants discovered in RNAseq dataset from family E4. Cutoff 

line for SNP candidacy is shown as a dashed red line. Only 11 SNP surpassed this threshold in 

family E4. Panel B: Example of read count data for a SNP with a LOD value of ~2.9 (left panel) 

and a LOD value of infinity (right panel). Panel C: Amino acid sequence alignment in the NB-

ARC domain of the three candidate genes from family E4 (tx_69, tx_8565, tx_12122) and the 

one candidate gene from family E9 (tx_5752). 
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3.9 Supplementary Materials & Methods 

3.9.1 Linkage Maps 

Linkage maps were produced using the two-way pseudo-testcross design for both families. The 

R package BatchMap, a parallelized version of the onemap package, was used for generating 

the linkage maps  (Margarido et al., 2007; Schiffthaler et al., 2017). Prior to marker grouping, 

bins of redundant markers were detected and removed using the functions find.bins and 

create.data.bins, respectively. Marker grouping was performed using the group function. With 

the original LOD threshold of 3, eleven linkage groups were obtained in both families. LOD 

values were tested until the expected number of linkage groups (12) was obtained. For families 

E4 and E9, this threshold was 160 and 140, respectively.  Following grouping, marker order was 

determined via 1000 replicates of the RECORD algorithm for each family, taking the replicate 

with the highest likelihood as the marker order. Linkage phase and map distances were estimated 

simultaneously using the Expectation Maximization (EM) algorithm implemented in the function 

map.overlapping.batches. Map distances were estimated using batches of 70 markers 

overlapping by an average of 50 markers. Within each batch, ripple was performed in 8-marker 

sliding windows to test every possible pairwise marker order swap for improvement of the map 

likelihood. After grouping and removal of unlinked markers, families E4 and E9 each had 24 

linkage groups, representing the maternal and paternal complement for each of the 12 

chromosomes. For QTL analysis, the intercross markers were removed from the datasets, and the 

backcross marker data was imported into R/QTL software (Broman et al., 2003).   

  The consensus map was generated using linear programming methods implemented in 

the R package LPMerge (Endelman & Plomion, 2014). For the framework map, the linkage map 

of family E4 was used to assign chromosome names, since it had the most markers. Individual 
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linkage groups were assigned to chromosomes on the basis of shared markers between the two 

families. Following assignment to chromosomes, the individual maps for each chromosome were 

reoriented by examining the regression between the genetic positions of common markers 

mapped in both families; if the regression was negative, linkage groups were reoriented to ensure 

each group was oriented identically with respect to the other groups for the same chromosome in 

both families. Following reorientation, the linkage maps from E4 and E9 were merged, resulting 

in several possible consensus orders. The order with the lowest mean deviation between the 

individual and consensus positions, and/or the lowest overall map distance, was chosen as the 

final consensus map for each chromosome. The linkage map can be found in Supplementary 

Table 4 at this DOI: 

https://doi.org/10.1038/s41437-021-00451-8 

 

3.9.2 Illumina RNASeq 

Total RNA was assessed for purity and size integrity using an Agilent 2100 Bioanalyzer with an 

RNA 6000 Nano Chip (Agilent Technologies, USA). Purification of messenger RNA (mRNA) 

was performed using oligo-dT beads provided in the NEBNExt Poly(A) mRNA Magnetic Isolation 

Module (New England Biolabs, USA). Complementary DNA (cDNA) libraries for Illumina 

sequencing were constructed using the NEBNext Ultra Directional RNA Library Prep Kit (NEB) 

and NEBNext Mulitplex Oligos for Illumina using the manufacturer-specified protocol. Briefly, 

the mRNA was chemically fragmented and primed with random oligos for first strand cDNA 

synthesis. Second strand cDNA synthesis was then carried out with dUTPs to preserve strand 

orientation information. The double-stranded cDNA was then purified, end repaired and “a-tailed” 

for adaptor ligation. Following ligation, the samples were selected for a final library size (adapters 
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included) of 400-550 bp using sequential AMPure XP bead isolation (Beckman Coulter, USA). 

Library enrichment was performed and specific indexes for each sample were added during the 

protocol-specified PCR amplification. The amplified library fragments were purified and checked 

for quality and final concentration using an Agilent 2200 Tapestation (D1000 chip, Agilent 

Technologies, USA) combined with a Qubit fluorometer (ThermoFisher, USA). The final 

quantified libraries were pooled in equimolar amounts for clustering and sequencing on an 

Illumina NovaSeq 6000 DNA sequencer, utilizing a 50 bp paired-end cycle sequencing kit on an 

S2 flowcell (Illumina, USA). The software package Real Time Analysis (RTA), was used to 

generate raw base call files (bcl), which were then de-multiplexed by sample into fastq files using 

bcl2fastq Conversion Software v2.20 (Illumina, USA).    

 

3.9.3 PacBio IsoSeq 

Total RNA was assessed for purity and size integrity using an Agilent 2100 Bioanalyzer with an 

RNA 6000 Nano Chip (Agilent Technologies, USA). Using the Clontech SMARTer PCR cDNA 

Synthesis Kit (Takara Bio USA Inc), RNA was synthesized to cDNA. Briefly the CDS Primer 

IIA was first annealed to the polyA+ tail of transcripts, followed by first-strand synthesis with 

SMARTScribe Reverse Transcriptase. The first-strand product was subsequently used for large-

scale PCR with PrimeSTAR GXL DNA Polymerase. One portion of the amplified cDNA 

product was used directly to construct a non-size selected SMRTbell library. In parallel, a second 

portion of the amplified cDNA product was first size selected using 0.75% Cassette on the Blue 

Pippin (SAGE Science, USA) to increase the yield of transcripts greater than 4 kb. SMRTbell 

libraries were constructed for both the non-size and size selected fractions using the SMRTbell 

Template Prep Kit 1.0 (PacificBiosciences, USA). DNA damage was first repaired and ends 
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were prepared for ligation. The SMRTbell adapter was then ligated to the DNA, and the libraries 

were then purified with Ampure XP magnetic beads. After SMRTbell library construction, the 

Sequel sequencing primer was annealed and Sequel polymerase was bound to the libraries using 

the Sequel Binding Kit (Pacific Biosciences, USA). Ampure PB magnetic beads were used to 

remove unbound polymerase prior to sequencing. The non-size selected SMRTbell library and 

the size selected SMRTbell library were then sequenced on separate SMRT cells on the PacBio 

Sequel using a 20-hour data collection time. Raw bam files were produced.  

 

3.9.4 Reference Transcriptomes 

Reference transcriptomes for both families were produced using the standard isoseq3 pipeline 

implemented in SMRTLink v.7.0 from PacBio. Consensus sequences were generated from the 

‘pooled’ and the ‘size-selected’ fractions of each family. The ccs command-line application was 

used to generate circular consensus sequences (CCS) from the subreads.bam files, using a 

minimum length of 100bp. The circular consensus sequences were then clustered using the 

isoseq3 cluster command-line application, and final error correction was performed via the 

isoseq3 polish tool. Reference transcriptomes for each family were produced by concatenating 

the polished high-quality transcript sequences from both fractions. The reference transcriptome 

for family E4 contained 38634 contigs with a contig N50 of 4236bp and a total length of 

115,867,422 bp. For family E9, there were 42881 contigs with an N50 of 3967 bp and a total 

length of 133,843,719 bp. 

3.9.5 Alignment and Variant Calling 

A total of 15 samples had adequate quantity and quality of RNA for library preparation. Each 

sample was sequenced on two lanes of an S2 flow cell of the NovaSeq6000 Illumina sequencer, 
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resulting in 7.6x109 50bp paired-end reads. For each sample, reads originating from lanes 1 and 2 

were combined into a single fastq file for each mate, and aligned to the PacBio reference 

transcriptome using bwa mem with the default options (Li, 2013). Around 70% of the sequences 

from each sample had both mate pairs properly mapped to the transcriptome, with an average 

quality score of 35.8, an average insert size of ~275bp, and an average depth of 163x.  

Following alignment, variants were called using Freebayes version 0.9.6 (Garrison & 

Marth, 2012). Each bam file from a single family was combined in a variant discovery run. Since 

each sample represented a bulk of 100 (for the random) or 50 (for the disease status) individuals, 

the population model was specified as ‘pooled’ using the ‘-J’ qualifier. Complex alleles of up to 

25bp were allowed using the ‘—max-complex-gap’ qualifier.   Biallelic SNP with a minimum of 

10 observations of the alternate allele were considered for downstream analysis.  

 

3.9.6 Sequence Annotation and Alignment of PacBio IsoSeq Contigs 

Blast2GO Basic was used to provide a preliminary functional annotation of the transcriptomes 

(Götz et al., 2008). The largest ORF on each contig was translated and used in a local BlastP 

search against a database of all known protein sequences from conifers deposited in the NCBI 

non-redundant protein database as of March 27, 2020 (Altschul et al., 1990). In parallel, 

InterProScan was used to identify IPR domains on each sequence (Quevillon et al., 2005). The 

default program settings were used in each analysis. GO terms and IPR domains identified 

through BLAST and InterProScan were then mapped back to each transcript sequence.  Contigs 

in each reference transcriptome were mapped to the Pita2.01 reference genome using GMAP 

version 2019-09-12 (T. D. Wu & Watanabe, 2005) with a kmer size of 14 and a maximum 

allowable intron length of 750kb. Both non-chimeric and chimeric alignments were permitted. 
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Alignments were visualized using Integrated Genomics Viewer version 2.8.0 (J. T. Robinson et 

al., 2011). 

 

3.9.7 Phylogenetic Analysis 

NLR genes were identified from the family-specific transcriptome annotation datasets using 

PRINTS accession ID PR00364 (“DISEASERESIST”). The most highly conserved domain of 

the NLR gene family, the NB-ARC domain (Dangl & Jones, 2001; Ghelder et al., 2019), was 

used to build a phylogeny for the NLR genes discovered in both families. Full-length NLR 

protein sequences were scanned for the NB-ARC domain using HMMER2GO v.0.18 (Evan 

Staton, 2019). NB-ARC domains were extracted from the full-length protein sequences using a 

.bed file containing the start and stop coordinates of the NB-ARC domain envelope for each 

protein that was produced using BEDtools (Quinlan & Hall, 2010). These domains were aligned 

via the R package msa (Bodenhofer et al., 2015). Following alignment, a distance matrix was 

computed based on amino-acid sequence identity using the seqinr package (Charif, D., Lobry, J., 

2007). This distance matrix was then used to reconstruct a phylogenetic tree using neighbor 

joining with missing data implemented in the R package ape (Paradis & Schliep, 2019). 
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3.10 Supplementary Results 

3.10.1 Sequence Characterization 

In family E4, three PacBio contigs harbored SNP which showed a complete separation with 

disease status and significant homology with canonical plant resistance genes: transcripts tx_69, 

tx_8565, and tx_12122. The encoded proteins from these ORFs spanned 2064, 1016, and 1034 

amino acids, respectively. All three sequences contained an NB-ARC domain (IPR027417) at the 

N-terminus, but transcripts tx_69 and tx_8565 were much more similar with each other than 

transcript tx_12122 in this region (Figure 3.5). Similarly, all three sequences contained a 

leucine-rich repeat domain (IPR032675), with transcript tx_69 and tx_8565 being more similar 

in this region than transcript tx_12122 (data not shown). Notably, transcript tx_12122 contained 

an 18-residue N-terminal signal peptide (MRLVLVLQCPLLKGGCLR) which was lacking from 

the other two genes. The transit peptide is unusual for NLR proteins which are typically localized 

to the cytosol (Van Ghelder et al., 2019; Wilmanski et al., 2008).     

 In family E9, two PacBio contigs met the criteria described above: transcript tx_5752 and 

12340, whose largest ORFs encoded proteins of 970 and 466 amino acids, respectively. 

Transcript tx_5752 showed similar characteristics to the R gene proteins described above, with 

an NB-ARC domain and a C-terminal leucine-rich repeat. However, it also contained a toll-

interleukin receptor domain at the N-terminus (IPR035897) which was lacking from the other 

proteins. Transcript tx_12340 was the shortest of all the candidate genes, and lacked the N-

terminal features such as the P-loop or TIR domains, but did contain the C-terminal leucine rich 

repeat (IPR32675). 
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In many of the genomic alignments for NLR genes, large differences in gene structure 

were observed for isoforms mapping to the same genomic loci between the two families (Figure 

B7). For example, in the alignment for candidate gene tx_69 at scaffold95090, at least four 

distinct isoforms were mapped to this scaffold in family E4, and six isoforms were mapped in 

family E9. The SNP associated with disease resistance on tx_69 fell within an exon not 

represented in any other isoform from either E4 or E9; in every other isoform, this region was 

spliced from the mature transcript. Importantly, none of these other isoforms featured SNP 

significantly associated with disease resistance, indicating that tx_69 was transcribed from a 

different locus in the genome than the other isoforms. Similarly, in the alignment for tx_8565 at 

C4274665, the exon harboring the significant SNP in family E4 was not expressed in any 

isoform in family E9. The large number of indels, high polymorphism density, and striking 

among-family variation evident in these alignments suggest that a reference genome based on the 

sequence of a single individual (Wegrzyn et al., 2014; Zimin et al., 2014)  may not adequately 

describe the large degree of genetic diversity in P. taeda genome, particularly in the NLR gene 

family. This finding is in line with recent reports from model species describing pan-genome 

variation in the NLR gene family (Van de Weyer et al., 2019).The final important observation 

about these alignments is that no annotated genes were predicted at either locus in the reference 

genome annotation files (Wegrzyn et al., 2014).This highlights the tremendous value added by 

long-read PacBio ISOSeq to our understanding of gene structure, which should result in 

significant improvements to the P. taeda reference genome annotation. 

PacBio reference transcriptomes can be accessed at the Dryad depository using this link: 

https://doi.org/10.5061/dryad.jsxksn08x 
 
Illumina datasets were deposited at NCBI SRA under BioProject ID PRJNA719490 
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CHAPTER 4: Prediction ability of genome-wide markers in Pinus 
taeda L. within and between populations is affected by relatedness 

to the training population and trait genetic architecture. 
 

Edwin Lauer, James Holland, Fikret Isik 
 

(In review, G3, 07/20/21 
 
 

4.1. Abstract 

Genomic prediction has the potential to significantly increase the rate of genetic gain in tree 

breeding programs. In this study, a clonally replicated population (n=2063) was used to train a 

genomic prediction model. The model was validated both within the training population and in a 

separate population (n=451). The prediction abilities from random (20% vs 80%) cross 

validation within the training population were 0.56 and 0.78 for height and stem form, 

respectively. Removal of all full-sib relatives within the training population resulted in ~50% 

reduction in their genomic prediction ability for both traits. The average prediction ability for all 

451 individual trees was 0.29 for height and 0.57 for stem form. The degree of genetic linkage 

(full sib family, half sib family, unrelated) between the training and validation sets had a strong 

impact on prediction ability for stem form but not for height. A dominant dwarfing allele, the 

first to be reported in a conifer species, was discovered via GWAS on linkage group 5 that 

conferred a -0.33m mean height reduction. However, the QTL was family specific. The rapid 

decay of LD, large genome size, and inconsistencies in marker-QTL linkage phase suggest that 

large, diverse training populations are needed for genomic selection in Pinus taeda L.  

 

 



   

126 
 

4.2. Introduction 

Forest trees are slow growing, long-lived species that require multiple years to reach 

reproductive maturity (Namkoong et al., 2012).  Traits of economic interest in a breeding 

program require many years of growth prior to measurement to yield reliable phenotypic 

information (Isik & McKeand, 2019). These attributes lengthen the generation time and reduce 

the rate of genetic gain from tree breeding programs (Grattapaglia & Resende, 2011). As in cattle 

breeding, forward selection of young untested individual progeny is an area of intense research 

interest in tree breeding since this method reduces the time of a breeding cycle and has a direct 

impact on the rate of genetic gain (Falconer & Mackay, 1983; Lillehammer et al., 2011).  

In the conifer Pinus taeda L., the breeding cycle begins with a controlled cross between 

two individuals in a breeding orchard. After 18 months of cone maturation, seeds are extracted 

and used for progeny test establishment. These progeny tests are measured four to five years 

after planting. Traditionally, individual tree breeding values are predicted with pedigree-based 

best linear unbiased prediction (ABLUP) (Mrode, 2014) and selection decisions are made using a 

multi-trait index incorporating growth, stem form and disease resistance traits. Selection 

candidates are then top grafted into mature breeding orchard trees and are available for breeding 

in three years (Isik & McKeand, 2019). If genomic selection (GS) could be used to select 

individual trees at the seedling stage, the field-testing phase could be eliminated or reduced. This 

would reduce the cycle time by four to five years and double of the rate of genetic gain (Isik 

2014). 

Many proof-of-concept studies using real datasets have been conducted to examine 

factors related to the success of GS in forest trees (Beaulieu et al., 2014; Isik et al., 2016, ; M. F. 

R. Resende et al., 2012; Ukrainetz & Mansfield, 2019). In the first report of GS in a tree species 
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(M. D. V. Resende et al., 2012), two unrelated clonal populations of Eucalyptus were genotyped 

with a set of 3000 DArT markers. Accuracy of GS, assessed through ‘leave-one-out’ cross-

validation was found to closely match that of phenotypic selection but the prediction ability 

dropped significantly when one population was used to predict another (M. D. V. Resende et al., 

2012). Similar results were observed for a clonal population of loblolly pine (M. F. R. Resende et 

al., 2012); in that study, GS accuracies from random cross-validation ranged between 0.63 to 

0.75 for growth.  In white spruce, a maternal half-sib population of 1694 trees from 214 parents 

was genotyped with a set of 6385 SNP markers (Beaulieu et al., 2014). Accuracy of GS for 

multiple traits varied between 0.33 and 0.44 when half-sib relatives of the prediction set were 

present in the training set. When half-sib relatives were removed from the training population, 

GS accuracies were reduced by more than 50% for most traits (Beaulieu et al., 2014). In another 

study in maritime pine, a two-generation dataset composed of 661 trees genotyped with 2500 

markers provided predictive abilities between 0.4 and 0.5 for several traits in two random cross-

validation scenarios (Isik et al., 2016). Both cross-validation scenarios used in that study were 

random cross-validation, differing only in training set population size.    

Most of the proof-of-concept studies of GS in tree species utilized random cross-

validation schemes that included familial relatives of the prediction set in each training set. Since 

the loblolly pine breeding program managed by the Cooperative Tree Improvement Program at 

North Carolina State University utilizes a full-sib mating design with many crosses produced 

each year (Isik & McKeand, 2019), a realistic application for GS would involve prediction of 

breeding values within new full-sib families not represented in the training population. Within-

family selection requires accurate estimation of mendelian sampling effects to rank individuals 

(Werner et al., 2020). Because the earlier literature on GS in tree species utilized random cross-
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validation, they were not explicitly testing the ability of markers to predict mendelian sampling 

effects. Random cross-validation tests the ability of markers to predict total breeding value, 

which may provide higher accuracies than stratified sampling schemes that withhold close 

relatives of the test set from the training set (Werner et al., 2020). Studies in other species 

including maize and triticale suggest that family structure between training and prediction sets is 

a key determinant of GS prediction ability (Lehermeier et al., 2014; Massman et al., 2013; 

Wurschum et al., 2017). Since most tree GS studies utilized random cross-validation, there is a 

knowledge gap around the best way to implement GS in conifer breeding. In this study, we 

compare the relative ability of genome-wide markers to predict total breeding value and 

mendelian sampling effects through two cross-validation scenarios designed to address among-

family and within-family selection separately.  

The first objective of this study was to measure the ability of a clonal training population 

to predict genomic estimated breeding values (GEBV) of individual trees in a separate 

population. The second objective was to study the effect of genetic similarity between the 

training and validation population on prediction accuracy. We genotyped a number of trees from 

wide-ranging progeny tests with varying degrees of relationship with the clonal training 

population. Genetic architectures for stem height and straightness (a categorical trait) were 

studied through individual trait genome-wide association studies (GWAS), and significant 

markers were tested as fixed-effect covariates in GBLUP models. Genome-wide analysis of 

linkage disequilibrium (LD) was conducted to contextualize the modeling results and develop 

recommendations for the practical implementation of GS in conifer breeding programs. 
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4.3. Materials & Methods 

4.3.1. Clonal Training Population 

The population used for model training, ACE, is a clonally replicated collection of full-sib 

families established across eight environments in the early 2000’s (Shalizi & Isik, 2019). A total 

of 24 parents was intermated in three disconnected eight-parent diallels, producing 76 full-sib 

families. Seedlings from these families were screened for fusiform rust disease, caused by 

Cronartium quercuum (Berk.) Miyabe ex Shirai f.sp. fusiforme at the USDA Forest Service 

Resistance Screening Center in Asheville, NC using an artificial inoculation. From the original 

set of 76 full sib families, 23 were removed due to high susceptibility to disease. This resulted in 

the removal of three parents from the original disconnected diallel mating design. 

An average of 46 full-sib progeny from each of the remaining 51 families were 

vegetatively propagated. From each progeny, eight rooted cuttings (ramets) were produced. 

These ramets were established in eight environments across the southeast U.S. (Shalizi & Isik, 

2019). Each environment featured an alpha-cyclic row-column incomplete block design with a 

single replication. During test establishment, dead seedlings were replaced with seedlings from 

an open-pollinated half-sib family from a single parent. Additionally, seven cloned open-

pollinated families from parents not used in the disconnected diallels were established in the 

eight tests.  

Tests were measured six years after establishment. Height was measured in units of feet 

and was converted to meters. Stem form was recorded as an ordinal variable with values from 1 

to 6, with 1 being the straightest. At the time of measurement, a total of 2499 clonal genotypes 

were present across the eight tests. These genotypes were members of 51 full-sib families and 7 

open-pollinated families. 
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4.3.2. Fourth Cycle Progeny Tests for Model Validation 

In order to test the ability of GS models trained within a clonal population to predict GEBVs of 

individual trees in a separate population, a group of trees with both genotypic and phenotypic 

records were required. These trees were sampled from a set of 18 progeny tests from the 4th 

Cycle Coastal breeding population of The North Carolina State University Cooperative Tree 

Improvement Program (F. Isik & McKeand, 2019). Each location was established using an 

alpha-cyclic incomplete row-column experimental design with between five and 10 replications. 

Each location was established with a collection of full-sib, open-pollinated, and checklot trees 

from bulked seedlots. The full-sib progenies were derived from crosses prescribed by the mating 

design algorithm implemented in MateSelect software (Kinghorn, 2011).  

The average number of shared parents between pairs of 4th cycle progeny tests was 100.5, 

representing 72% of all parents tested within any given site. The connectivity at the level of full-

sib families was 59.2 for pairs of 4th cycle tests, representing 51% of all full-sib families at any 

given site. The 4th cycle progeny tests were connected to the ACE clonal tests through an average 

of 18.6 shared parents (Figure B8). Connectivity between the ACE clonal tests (training 

population) and the 4th cycle tests (validation population) at the level of full-sib families was 

lower, with only two full-sib families appearing in both sets.  

All 4th cycle tests were measured four or five years after establishment for the same traits 

measured in the ACE clonal tests. A set of 451 individual trees was sampled from the 4th cycle 

tests for testing the ability of GS models to predict individual tree GEBV. In the set of individual 

samples, 52 were members of a full-sib family that was also represented in the ACE training 

population, 213 trees were members of seven half-sib families that shared one parent in common 
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with the ACE training population, and 186 had no direct parental relationships with the training 

population. Each half-sib family contained two or more nested full-sib families. 

 

4.3.3. Genotyping and SNP Filtering 

A total of 2063 clones within the ACE training population were genotyped with the Pita50K 

Affymetrix microarray (Caballero et al., 2021). From the 4th-Cycle progeny tests, 451 individual 

trees were genotyped. Genotypes were called from raw microarray data using Life Science’s 

proprietary software Axiom Analysis Suite (Axiom Analysis Suite v5.1, 2020). All manipulation 

of SNP genotype data was performed using customized scripts in the R programming 

environment (R Core Team, 2021). Various functions within the dplyr and ggplot2 packages 

were used extensively throughout this work (Wickham, 2021). Before combining the genotyping 

data from the two populations, any SNP that were monomorphic in either population were 

removed. SNP filtering was then applied to the combined genotype dataset. Markers were 

removed for two reasons: 1) having a minor allele frequency < 0.01, or 2) having an observed 

heterozygote frequency deviating more than 15% from the Hardy-Weinberg expectation 

(Wiggans et al., 2009). This resulted in the retention of 29135 markers. Samples with more than 

10% missing data were removed. The final proportion of missing genotype data was 2.5%.  

 

4.3.4. Genotype Imputation and Calculation of G 

The genotype matrix [2514,29135] was used for two purposes: GWAS and GBLUP. For 

GBLUP, all 2063 ACE clonal genotypes plus 451 individual trees sampled from 4th-Cycle 

progeny tests were used. The marker matrix used in GBLUP will be referred to as M1. For 
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GWAS, only the markers mapped in the Lauer and Isik (2021) consensus map were retained, 

resulting in a [2514,8523] matrix. The marker matrix used in GWAS will be referred to as M2. 

The genomic relationship matrix G was calculated from M1 using the R package 

AGHMatrix (Amadeu et al., 2016), with Method 1 from Van Raden (VanRaden, 2008). Missing 

data was imputed using the mean genotype for each marker. For M2, the genetic map was used 

for phasing and imputation with Beagle v5.1 (Browning et al., 2018). After phasing and 

imputation, all samples that were not part of the ACE clonal population were removed from M2, 

resulting in a [2063,8523] genotype matrix to use in GWAS for the ACE clonal population. 

 

4.3.5. Statistical Analyses 

All linear mixed models used for the purpose of BLUE and BLUP estimation were implemented 

in ASReml 4.1 (A. Gilmour et al., 2015). The linear mixed model used for GWAS was 

implemented in the R package rrBLUP (Endelman, 2019). 

 

4.3.5.1 Linear Mixed Model to obtain Pseudo-Phenotypes for Clones 

A linear mixed model was used to obtain spatially adjusted pseudo-phenotypes (the best 

linear unbiased estimates, BLUE) for the ACE clonal population for GWAS.  The model was 

     

 ! = #$ + &' + 	)         (Eq. 1) 

Where y was a response vector for 14857 vegetative ramets of 2494 clones. # is a [14857,2503] 

design matrix mapping the records in y to the population mean, eight test sites, and 2494 clones. 

The vector of fixed effects $ contains the population mean, the effects for the eight ACE clonal 

sites, and fixed effects for the 2494 clones. The matrix Z is a [14857,878] design matrix for 
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random effects, mapping the records in y to 360 column-within-test effects and 518 row-within-

test effects. The random effects vector ' contains 360 column-within-test effects and 518 row-

within-test effects. The random error vector ) contains 14857 residuals. 

 

The assumptions of the model were that !	~	MVN(#$, 0) where 0 = 	 2
'
34 = 	 2

5 0
0 7

4. The 

variance-covariance for the random effects ' were block-diagonal with a separate variance for 

each test. The variance-covariance matrix for the residuals ) at each location was a separable 

first-order autocorrelation matrix. These submatrices were combined as a direct sum to form the 

residual matrix R. 

 

 7 =	⨁!"#
$ 9σ%(')

) ;*(+)<ρ,(')>⨂;-(+)<ρ.(')>@     (Eq.2) 

 

Where A/(!)
)  is the residual variance for test t, ;*(+)<B0(!)> is the [r,r] correlation matrix for the 

rows of test t, and ;-(+)<ρ.(')> is the [c,c] correlation matrix for the columns of test t.  

 

 

 

4.3.5.2 Genome-wide Association Analysis (GWAS) 

The GWAS function of the R package rrBLUP was used as a mixed-model platform for 

association analysis. The following linear mixed model was fit for each marker: 

 

 ! = #$ + &1 +	C2 + 	)       (Eq. 3) 
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Where y represents a vector (2063,1) of pseudo-phenotypes (the BLUE of genotyped ACE 

clones estimated in (Eq. 1)). # is a [2063,3] design matrix relating the BLUE in y to the loadings 

for each clone on the first three principal components of the kinship matrix, represented in this 

model by matrix $. The design matrix for the random polygenic effects, &, related the BLUE in y 

to the polygenic effects in g. Finally, the fixed effect of each marker was obtained using a design 

matrix D taking on values of -1, 0 and 1 for the major-allele homozygote, heterozygote, and 

minor-allele homozygote, respectively. The residual errors for 2063 clones were contained in ). 

The random polygenic effect had the expectations  g	~	N(0, Fσ)) with F representing the 

realized genomic relationship matrix (VanRaden, 2008). The residual errors were assumed to 

have a normal distribution with the expectations )	~	N(0, Gσ%)). The loadings in $ were 

determined from an eigenvalue decomposition of F matrix.  

 

4.3.5.3 Animal Model for Prediction of EBV 

Univariate animal models were used to predict breeding values for all genotypes in the ACE and 

4th-Cycle populations. The animal model took the form 

 

! = #$ + &3H + &4' + )	                                           (Eq. 4) 

 

With y being a vector [27883,1] of phenotypic records (height or straightness) for 14857 trees 

(vegetative ramets) in ACE clonal tests and 13026 individual trees in 4th-Cycle. Matrix X is a 

[27883,19] design matrix mapping the fixed effects in $ vector to the response vector y. The 

fixed effects vector $ included the population mean and the test effects for the eight ACE clonal 

tests and 18 tests of 4th-Cycle population. The design matrix for the random experimental design 
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effects Z1 had dimensions [27883,3303]. The random experimental design effects vector, H, 

included 100 replication-within-test effects for the 4th-Cycle tests, 1103 column-within-

replication effects for 4th-Cycle tests, 1222 row-within-replication effects for 4th-Cycle tests, 360 

column-within-test effects for the ACE clonal tests and 518 row-within-test effects for the ACE 

clonal tests. The design matrix for the genetic effects, Z2, had dimensions [27883,403575]. The 

vector of random genetic effects, ', included 315 specific combining ability effects and 403260 

additive genetic effects for the 15510 entries in the pedigree across the 26 test sites. The random 

residual vector was ). The variance-covariance matrix for the residuals, R, was block-diagonal 

with a separate residual variance for each location. 

The assumptions of the model were that !	~	MVN(#$, 0) where 0 = 	 I
H
'
3
J =

	K
5* 0 0
0 55 0
0 0 7

L . The variance-covariance matrix for the random effects, G, had two sub-matrices 

5* and 55. The variance-covariance matrix for the random experimental design effects, 5*, was 

formed as a direct sum: 5* = G366A0/7) ⨁G3368A90) ⨁G3444A00) ⨁G8:6A9!)⨁G;3<A0!)  , where the 

variance parameters for reps within 4th-Cycle tests, columns within reps for 4th-Cycle tests, rows 

within reps for 4th-Cycle tests, columns within tests for ACE clonal tests, and rows within tests 

for ACE clonal tests are indexed by the subscripts ‘rep’, ‘cr’, ‘rr’, ‘ct’, and ‘rt’, respectively. The 

variance-covariance matrix for the random genetic effects, 55, was a direct sum:  55 =

G83;A=>?
) ⨁[NN4:

@ AA) +	G4:AA./) )⨂O]	where the variance parameters for the SCA variance, genetic 

variance, and genotype-by-environment variance are indexed by ‘SCA’, ‘u’, and ‘u.e’, 

respectively. In this formulation (CORUV structure in ASReml software syntax), a single 

variance parameter is estimated for genotype-within-environment effects, and a single 

covariance is estimated for among-environment genetic covariance. These parameters are 
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interpreted as (AA) + AA./) ) and AA) , respectively. The numerator relationship matrix A had 

dimensions of [15510,15510].  

Marginal estimated breeding values (EBV) were obtained by averaging the genotype-

within-environment effects for each genotype over 26 tests:  uR C =
#

)D
∑ uRC('))D
!"# . The term uR C(') 

represents the additive genotype-within-environment effect for the ith individual within the tth 

environment.  Reliabilities were computed using the prediction error variance (PEV) of each 

BLUP: r) = 1 −	 EFG

H!"(#IJ)
. The F term represents the inbreeding coefficient, estimated as FC =

OCC − 1 where OCC is the diagonal value of the additive relationship matrix for the ith individual. 

 

4.3.5.4 Genomic BLUP 

To test the ability of genome-wide markers to predict additive genetic merit of trees, a GBLUP 

model was applied to the same dataset that was used for the estimation of BLUE of the ACE 

clonal population, excluding non-genotyped clones. In addition, 451 rows were appended to the 

bottom of the dataset representing the genotyped 4th-Cycle trees, but their phenotypic data were 

not included in the model. The mixed linear model for GBLUP can be written as before: 

 

 ! = #$ + &' + 	)         (Eq. 5) 

 

Here, y represents the response vector for 12223 ramets (genetically identical copies of 2063 

clones) and the fourth cycle population 451 individual trees. No phenotypic data were included 

for the individual trees. The design matrix for the fixed effects # had dimensions [12664, 9]. The 

vector of fixed effects in $ included the population mean and eight test effects. The design 

matrix for the random effects & had dimensions [12664,5906]. The random effects vector ' 
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contained 360 row-within-test effects, 518 column-within-test effects, 2514 additive genetic 

effects, 2514 non-additive genetic effects, and 20112 genotype-by-environment effects. The 

vector of random residuals was ) . 

 

The variance-covariance matrix for the additive genetic effects was σK)5 , with G representing 

the realized relationship matrix calculated from SNP markers using Method 1 from Van Raden 

(2008). The variance-covariance for the non-additive genetic effects was identity, σLM) G4;3N. In 

this context, the non-additive component contains dominance, higher-order epistatic terms, 

effects of major genes, and any other genetic effects that do not fit the additive genomic 

relationships. The variance-covariance for the genotype-by-environment term was G46334σK%) .The 

variance-covariance matrix for the residuals was block-diagonal with a unique residual variance 

for each location as explained for Eq. 3. Reliabilities for each GEBV were computed using the 

same method as the animal model, with inbreeding coefficients estimated from G instead of A. 

 

A significant GWAS association on linkage group 5 for tree height was used as a fixed-effect 

covariate in GBLUP. The average effect of the allele substitution (X) for the QTL on linkage 

group 5 was estimated using the same GBLUP model described above, with an additional 

covariate in # taking values of 0 and 1 for the major-allele homozygote and heterozygote, 

respectively. The average effect was estimated as the regression coefficient for the covariate in 

$. 

4.3.5.5 Heritability 

To assess the ability of genome-wide markers to capture additive genetic variation relative to 

standard ABLUP, narrow-sense heritability was estimated from model Eq. 4:  
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Where ẐSis the common genetic correlation between sites, AA) is the genotype-within-

environment variance, and t is the number of 4th-Cycle progeny tests. Since the objective was 

prediction of individual tree breeding values, the residual term 
#

'
<∑ σ%(T)

)'
'"# > is the average 

residual variance of the 4th-Cycle progeny tests.  

 

Heritability of clone means was estimated in the same manner, except that the residual term was 

weighted by the harmonic mean number of vegetative ramets per clone (Holland et al., 2003). 

The heritability of clone means could be written 
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       (Eq. 7) 

 

Where n is the harmonic mean number of ramets per clone, and c is the number of clonal tests. 

The mean reliability of genotyped trees was compared between the animal model and GBLUP to 

assess the impact of information loss caused by removal of the pedigree and phenotypic data. 

Standard errors of heritabilities were estimated using the Delta method in ASReml 4.1 (A. 

Gilmour et al., 2015). 

 

Heritability of family means for 4th-Cycle tests was estimated using the following formula (Isik 

et al., 2017): 
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Where s is the total number of 4th-Cycle progeny test sites and r is the harmonic mean number of 

progeny per parent.  

  

To estimate missing heritability (Campos et al., 2015), average reliabilities (rL)) for clonal 

genotypes with phenotypic data were compared between ABLUP and GBLUP. In the case of 

unbalanced data, the response to selection may vary depending on the selection unit since the 

amount of information in the model is not the same for each genotype (Piepho & Möhring, 

2007). A generalized heritability taking into account the heterogeneous information content for 

Q genetic effects in the model is the mean reliability: 

 

 r̅) =	QV# ∑ rL)W
L"#         (Eq. 8) 

 

 

Conifer genetic trials typically constitute sets of full-sib families derived from crosses between 

unrelated individuals, so F is usually 0. The average reliability `r) of individual BLUPs is 

analogous to the classical heritability from balanced completely randomized designs with 

independent genetic effects (Piepho & Möhring, 2007): 
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To estimate missing heritability for each trait (ℎ]) ), average reliabilities from ABLUP and 

GBLUP for clonal genotypes were substituted for the ℎ)and ℎ^) terms, respectively (Campos et 

al., 2015): 

 

 h_) =
`"V`5"

`"
         (Eq.10) 

 

4.3.5.6 Cross Validation 

Two cross-validation scenarios were used to test the ability of genome-wide markers to predict 

breeding values. The first was random 5-fold cross validation (Random-CV) within the ACE 

clonal population. In each of ten replications of Random-CV, the phenotypic data for a random 

set of 20% of the ACE clonal genotypes was held out of the model, and GEBV for these clones 

were predicted using the other 80% of the population. Since the sampling was random, the 

training population for each clone was a mixture of full-sib, half-sib, and distant relatives. 

The second cross-validation scenario was full-sib cross validation (Fullsib-CV). In this 

scenario, each of 51 full-sib families in the ACE population was held out of the model in turn, 

and predicted using the other 50 families. This scenario represents a common breeding situation 

in which a new full-sib family is produced that is not represented in the training population. In 

this scenario, the training population for each clone lacked full-sib relatives, but contained a 

mixture of half-sib and more distantly related relatives. 

In each replication of cross-validation, variance parameters were fixed using estimates 

from the full model (with all ACE clonal data). Since the breeding program conducts forward 

selection using individual tree BLUP (EBV), prediction ability in each fold was measured as 
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Ẑ(`bc, d`bc), the Pearson correlation coefficient between EBVs predicted from the ABLUP 

animal model and GEBVs predicted from GBLUP. 

Since the 4th-Cycle progeny tests were not included in the training model for GBLUP, 

cross-validation could not be replicated for the 451 genotyped trees. The impact of relatedness 

on prediction ability was assessed using the full GBLUP model trained with all ACE clones, and 

prediction ability was measured as the correlation between their GEBV from GBLUP and their 

EBV from ABLUP. 

 

4.3.6 Linkage Disequilibrium 

Genome-wide analysis of LD was conducted for genotype matrix M2 using the R package pegas 

(Paradis, 2010). The function ‘LDScan’ was used to estimate interallelic R2 values for all pairs of 

SNPs on each linkage group using the phased genotypes in M2. The rate of LD decay over 

genetic distance was estimated by averaging the R2 values for all pairs of SNP within 0.5 cM 

bins of map distance from 0 cM to 200 cM. The rate of LD decay over physical distance was 

estimated in the same manner, except that only pairs of markers occurring on the same contig of 

the Pitav2.01 reference genome were utilized in the analysis. 

 

4.4. Results 

4.4.1. Marker-Trait Associations 

A significant association was observed for tree height on linkage group 5 at 166.9 cM at marker 

PitaSNP287174 (Figure 4.1), and no significant associations were observed for stem form (data 

not shown). The QQ-plot suggested a close agreement to the null hypothesis for the majority of 

SNP (Figure B9). The minor allele at PitaSNP287174 was present at a frequency of 0.02 and 
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had an average effect of -0.34 m, which was the average difference between trees with 0 copies 

of the minor allele and 1 copy. No minor-allele homozygotes were observed in the population. 

Genotypic values were inspected in the four full-sib families segregating at the marker (Figure 

4.2). Marker PitaSNP287174 showed evidence for the segregation of a large-effect dwarfing 

gene in two full-sib families (ACE76, ACE37), which shared one parent. The SNP was not 

associated with any effect on height in two other families in which it was segregating, and which 

did not derive from the parent shared by families ACE76 and ACE37. This suggests that the 

marker-QTL linkage phase varied across families. Since the minor allele was associated with a 

height decrease in the heterozygous condition in two of the families, this represents the first 

dominant dwarfing allele reported in a conifer species. 

 

4.4.2. Genetic Parameters and Reliabilities of Predictions 

Type-B genetic correlations of genotypic values across environments were 0.79 and 0.87 for 

height and stem form, respectively (Table 4.1), suggesting limited genotype-by-environment 

interaction. The traits had similar clone-mean heritability estimates (0.49 and 0.51), but the 

narrow-sense heritability for stem form (0.19) was far lower than for height (0.31). Heritability 

of family means was >0.90 for both traits (Table 4.1). Reliabilities for clones were around 0.68 

for both height and stem form. For individual trees, reliabilities were close to 0.55 for both traits, 

with stem form showing slightly lower estimates than height (not shown). 

 

4.4.3. Cross-Validation within ACE population 

Height and stem form showed contrasting levels of prediction ability in the Random-CV 

scenario, with average prediction abilities of 0.58 and 0.78, respectively (Table 4.2). Adjustment 
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of height GEBV with the QTL covariate increased prediction ability by only one percentage 

point in the Random-CV scenarios (not shown). The modest increase in prediction ability using 

the covariate was likely due to its low minor allele frequency and the variable marker-QTL 

linkage phase observed in the families segregating for the marker. In the families segregating at 

PitaSNP287174, adjustment of GEBV with the QTL covariate resulted in large changes to 

prediction ability. In the case of family ACE37, adjustment with the covariate caused prediction 

ability to increase from -0.05 to 0.26 in the Fullsib-CV scenario (Figure 4.3). Similarly, in 

family ACE76 the QTL covariate increased prediction ability from 0.36 to 0.38 (data not 

shown). However, prediction ability for family ACE04 was reduced from 0.22 to 0.04 with the 

QTL effect, again suggesting that linkage phase between the minor allele at PitaSNP287174 and 

height-reducing QTL allele varies among families. 

Prediction ability for both traits dropped significantly in the Fullsib-CV scenarios 

(masking single full-sib families) relative to Random-CV (Table 4.2). The average prediction 

ability within 51 families was 0.22 for height and it was 0.36 for stem form. These correlations 

represent decreases of 62% and 54% from the Random-CV scenario, respectively. The standard 

errors of prediction ability for both traits showed a large increase in Fullsib-CV relative to 

Random-CV, indicating more variability in the prediction ability. The addition of the QTL 

covariate had minimal impact on the mean prediction ability, but did have a significant impact on 

the families segregating for the marker (Figure 4.3). 

 

4.4.3. Individual Tree GEBV 

Reliabilities of individual tree GEBVs were strongly influenced by the degree of relationship 

with the training population (Figure 4.4). For tree height, reliabilities were reduced by 18%, 
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36%, and 82% in the GBLUP model relative to ABLUP for full-sibs, half-sibs, and unrelated 

trees, respectively (Figure 4.4). Stem form reliabilities were not significantly reduced for full-

sibs, and were reduced by 19% and 75% for half-sibs and unrelated trees, respectively. 

Reliabilities of GEBV for individual trees were regressed on three different measures of 

covariance with the training population (Figure 4.5). The mean of the top 100 covariances 

between the individual tree and the training population explained 83% of the variation in 

reliability. The mean of the top 10 covariances and the maximum covariance explained 78% and 

72% of the variation in reliabilities, respectively. Variation in the mean of all covariances among 

genotypes was very low, and explained only a small proportion of the variation in reliability (not 

shown). 

Genomic prediction ability for individual trees in 4th-Cycle progeny tests was far lower 

than for clones within ACE. For tree height, genomic prediction abilities dropped from 0.58 for 

clones to 0.29 for individual 4th-Cycle trees (Table 4.2). A reduction in genomic prediction 

ability between clones and individual trees was also observed for stem form, although not as 

large as for tree height (Table 4.2). One full-sib family, ACE12, contained both clones and 

individual 4th-Cycle trees. The Fullsib-CV scenario for this family indicated that genomic 

prediction ability is reduced significantly for both clones and individual trees when the entire 

full-sib family was removed from the training set (Figure 4.6). 

The average prediction ability for all 451 individual trees was 0.29 for height and 0.57 for 

stem form (Table 4.2). For the set of full-sibs, the prediction ability was 0.16 for height and 0.37 

for stem form. For height and stem form, prediction ability within half-sib families averaged 0.23 

and 0.29 with standard errors of nearly equivalent magnitude to the mean (Table 4.2). The 

greatest contrast between the two traits was observed for the unrelated prediction set. For height, 
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the prediction ability for individual trees without direct parent relationships to the training 

population was 0.24. For stem form, this correlation was 0.04 (Table 4.2).The large contrast 

between the two traits in the unrelated prediction set may have been related to low narrow-sense 

heritability for stem form in ABLUP (Table 4.1). For tree height, the narrow-sense heritability 

was around 32% of the family-mean heritability, but was only ~19% for stem form. A significant 

amount of inflation of GEBV relative to EBV was observed, particularly for the 4th-Cycle trees. 

Slopes of EBV on GEBV were all lower than 1. For clonal genotypes, slopes were significantly 

reduced in the Fullsib-CV scenario relative to Random-CV. For both tree height and stem form, 

the mean of the top 10% of EBVs ranked by GEBV suggested that genetic gain could be realized 

through selection based on GEBV without phenotypic data. 

 

4.4.4. Linkage Disequilibrium 

The decay of LD was studied for pairs of markers placed on the Lauer and Isik (2021) consensus 

genetic map. Pairs of markers on the consensus map located at the same genetic position had a 

median R2 close to 0.1 (Figure 4.7/A). This correlation dropped by more than half with a one cM 

increase in map distance, and was close to zero at distances greater than 2 cM. Decay of LD was 

also studied for pairs of markers located on the same contigs of the Pita v.2.01 reference genome. 

For pairs of markers <1kb distant, the median R2 was 0.48; this correlation dropped by 50% 

within 1Mb (Figure 4.7/B). 

 

4.5. Discussion 

This study shows the large impact of family structure on empirical prediction ability for tree 

height and stem form. Some recommendations can be made regarding the practical application of 

GS in tree breeding. First, the inclusion of full-sib relatives of selection candidates in the training 
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population increased the within-family prediction ability for both traits by more than 50% (Table 

4.2). The reduction in prediction ability when full-sib relatives were removed from the training 

population was severe, even if those relatives constituted < 2% of the total training population 

size. Secondly, the impact of large-effect QTL on height varies by family. The assumption of 

common linkage phase between markers and QTL is not robust, particularly in outbred conifers 

with large effective population size, large physical genome size, and limited breeding history 

from their wild source populations (Brown et al., 2004; F. Isik & McKeand, 2019; Zimin et al., 

2014). There may be benefits from models that utilize multi-allelic haplotypes (Hess et al., 2017; 

Sallam et al., 2020) or that explicitly model the transmission of QTL alleles from parents to 

offspring (Sun et al., 2016).  

Missing heritability for height and stem form was 0.26 and 0.13, respectively. These 

estimates are informative as to the relative efficiency of GS selection versus traditional ABLUP. 

If the breeder were to select among individual seedling progeny from the same group of families 

in the training population, the selection accuracy would be around 74% and 87% of what could 

be obtained if they waited for height and stem form measurements, respectively. Assuming a 

50% reduction in cycle time and an equal selection intensity, the annualized genetic gain from 

GS compares favorably with ABLUP for both traits. However, this advantage depends on close 

genetic relationships between the training and prediction sets. The selection accuracy decreases 

as this genetic similarity gets lower.  

Prediction abilities in the RCV scenario within the ACE clonal population were 0.58 for 

height and 0.78 stem form, comparing favorably to maritime pine (Isik et al., 2016) and white 

spruce (Beaulieu et al., 2014). Since each replicate of Random-CV featured training and 

prediction sets within the same generation, these prediction abilities are likely higher than would 
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be obtained from cross-generation prediction since marker-QTL linkage phase was consistent 

between training and prediction sets in RCV (Bartholomé et al., 2016; Isik et al., 2016). Within 

the ACE clonal population, a ~60% reduction in prediction ability was observed in the Fullsib-

CV scenario relative to the Random-CV scenario for both traits (Table 4.2). In most genomic 

selection studies reported in conifers, results from Random-CV are reported as the metric for 

assessing genomic prediction ability (Isik et al., 2016; Lenz et al., 2017; Resende et al., 2012; 

Thistlethwaite et al., 2020). Since each prediction set in Random-CV contains individuals from 

multiple full-sib or half-sib families, mendelian sampling effects are confounded with family 

means and the prediction ability appears higher (Werner et al., 2020). In this study, by 

systematically removing each full-sib family from the training population, the prediction ability 

for mendelian sampling effects can be partitioned from the prediction ability for family means. 

 In most breeding programs, breeding values for the parents that are intercrossed to 

produce the GS training and validation populations are known, since they are usually selected 

using progeny records via ABLUP. The expectation of the family mean is the midparent 

breeding value, which is either already known with a high degree of precision or can be 

estimated from the phenotypic records within the training population. The true utility of genome-

wide markers to tree breeding lies in the prediction of mendelian sampling effects (Werner et al., 

2020), which would allow large collections of full-sib progenies from a cross to be ranked using 

genome-wide markers without the need for phenotypic data or progeny testing. The observed 

variation in marker-QTL linkage phase across families (Figure 4.2) and rapid decay of LD 

(Figure 4.7) suggests that the current marker density (1 SNP/ 755Kb) may not adequately 

capture within-family haplotype variation. Likewise, since only 21 parents were intercrossed to 

produce the ACE training population, the haplotype diversity within the training data may have 
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been inadequate for the prediction of mendelian sampling effects from one family to another 

(Werner et al., 2020). The rate of LD decay measured for P. taeda is similar to other conifers 

such as P. menziesii and P. glauca (Thistlethwaite et al., 2020). The combination of rapid LD 

decay and exceptionally large genome size (Zimin et al., 2014) means that in conifers, higher 

marker density and more diverse training populations may be required for within-family 

selection schemes.  

For prediction abilities of the individual 4th-Cycle trees, the impact of relatedness to the 

training population was more obvious for stem form than height (Table 4.2). The most 

significant contrast between the two traits was for the unrelated set, which had an average 

prediction ability of 0.24 for height and 0.04 for stem form. For tree height, there was little 

difference between the full-sib, half-sib, and unrelated prediction sets (Table 4.2). For stem 

form, prediction ability was well correlated with the degree of relationship between training and 

prediction sets, dropping from 0.37 to 0.29 between full-sibs and half-sibs, and from 0.29 to 0.04 

between half-sibs and the unrelated set. The six-fold greater prediction ability for height than 

stem form for the unrelated set is surprising given that stem form had higher reliabilities for all 

other prediction sets (Figure 4.4). This result suggests that stem form was more sensitive to the 

family structure in the training population than tree height, which may point to subtle differences 

in genetic architecture between the traits. This sensitivity to family structure was also observed 

in the results from the ABLUP, in which the difference between family-mean and narrow-sense 

heritability was much greater for stem form than height (Table 4.1). Since the unrelated set had 

the lowest average covariance with the training population of all prediction sets (Figure 4.5), the 

prediction ability for these trees would have been driven more by trait heritability than 

covariance with the training population. The narrow-sense heritability of stem form was 50% 
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lower than tree height (Table 4.1), resulting in lower prediction ability particularly for the 

unrelated trees. A similar contrast between growth and form was observed in maritime pine; in 

that species, sampling from the progeny generation improved prediction ability for stem sweep, 

but not for height (Isik et al., 2016). The prediction ability within the half-sib family sets was 

comparable to the clonal prediction abilities from the Fullsib-CV scenario for height, and around 

20% lower for stem form (Table 4.2). This shows that clonal replication resulted in significant 

improvement in prediction ability for stem form, but not for height.  

For both traits, the reduction in GEBV reliability from trees with full-sib relationships to 

trees with no parental relationships to the training population was close to 80%. The magnitude 

of this reduction in reliability between full-sibs and unrelated individuals is similar to that 

reported in Merino sheep (Clark et al., 2012) and slightly lower than white spruce (Beaulieu et 

al., 2014). Variation among GEBV reliabilities were well explained by the elements of G 

(Figure 4.5). A total of 83% of the variation among reliabilities for 4th-Cycle trees was explained 

by the mean of the top 100 covariances in G. Slightly less variation among reliabilities was 

explained by the mean of the top 10 covariances and the maximum covariance, respectively. 

These values are similar to those reported by Clark et al. (2012) for Merino sheep, but in the case 

of P. taeda there was a larger benefit from averaging more covariances, likely due to the nested 

family structure of the training population.        

 The large-effect dwarfing allele discovered on LG05 is the first dominant dwarfing allele 

reported in a conifer. It warrants further investigation into the mechanisms of height reduction, 

its impacts on wood quality traits, and the fitness consequences of reduced height in wild 

populations. A large number of deleterious recessive mutations are thought to exist in wild 

populations of P. taeda, perpetuated by the outbreeding mating habit and high heterozygosity of 
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the species (Franklin, 1972). The dominance of the reduced height effect was unexpected given 

that deleterious alleles are typically recessive (Yang et al., 2017), but this presupposes that 

reduced height carries a fitness cost in wild populations. The finding that a locus bearing a 

dominant height-reducing allele is still polymorphic after millions of years of natural selection 

indicates that the selection coefficient for tree height may be small. This exemplifies the tension 

between natural selection and domestication. For ancient conifers such as P. taeda, genomic 

methods will be invaluable in identifying mutations that have deleterious effects in a breeding 

population but are neutral in wild populations. 

Based on the findings in this study, some simple guidelines can be developed for the 

application of GS in conifers. First, the marker panel of 29K SNP is adequate for among- and 

within- family selection, but its ability to capture mendelian sampling variation within families is 

limited due to rapid LD decay, large genome size, and low diversity in the training population. In 

order to predict GEBV within full-sib families not represented in the training population, a 

higher density marker panel and a more diverse training population would likely produce 

significant improvements in prediction ability. Secondly, the benefit of familial relatedness to the 

training population was trait-specific. For tree height, prediction ability of unrelated trees was 

equivalent to the half-sib prediction sets. This situation was reversed for stem form. This shows 

that some traits are much more sensitive to familial relatedness with the training set than others, 

which may involve subtle differences in genetic architecture and trait heritability. Finally, the 

GWAS results reported here suggest that tree height can be influenced by large-effect QTL. 

Knowledge of trait architecture, represented in this study by the inclusion of a fixed effect 

covariate for the significant marker, improved prediction ability in some families and reduced it 

in others (Figure 4.3). Inference of identity-by-descent status for unobserved QTL alleles using 
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observed marker genotypes is made more difficult by low LD (Figure 4.7), large wild effective 

population sizes (Brown et al., 2004), and large genome sizes for conifer species (Zimin et al., 

2014).  
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4.7. Figures 

 

Figure 4.1. Significance levels (log scale) of 8437 SNPs distributed across 12 linkage groups for association with height in pine. The Bonferroni-adjusted -
log10(P-value) for an experiment-wise Type I error rate of 0.05 is shown as a horizontal red dashed line.  The significant marker, PitaSNP287174, was located at 
166.9 cM on linkage group 5. The average effect of the marker was – 0.34 m, and its minor allele frequency was 0.02. The marker segregated in four full-sib 
families within ACE1 population. 
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Figure 4.2. The effect on height associated with significant SNP PitaSNP287174 on linkage 

group 5 varied across four families, suggesting variation in linkage phase between this marker 

and a linked QTL. Phenotype distributions for height (m) for the two genotypic classes within 

the four families segregating at the marker are shown here. Full-sib families ACE76 and ACE37 

share one common parent. 
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Figure 4.3. Prediction abilities for tree height (m) of two families segregating for the significant 

SNP PitaSNP287174 marker on LG05 for three scenarios. Left: all ACE genotypes are included 

in the training model; Center: full-sib families ACE37 or ACE04 are removed from the training 

model used to predict the specific family; Right: full-sib families ACE37 or ACE04 are removed 

from the training model, and GEBV are adjusted with the QTL effect on LG05. 
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Figure 4.4. Estimated reliabilities from GBLUP for height (left) and stem form (right) for 451 

individual trees. On the X axis, three categories of genotypes are presented: 4th-Cycle trees with 

full-sib relatives in the ACE training population, 4th-Cycle trees with half-sib relatives in the 

ACE training population, and 4th-Cycle trees without direct relatives in the ACE training 

population. 
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Figure 4.5. Reliability of individual tree height GEBV is strongly associated with relatedness to 

the training population. Three types of relationship between training and prediction sets are 

shown: fullsibs (blue dots), halfsibs (orange dots), and unrelated (green dots). Top Mean of the 

top 100 covariances with the training population explains 83% of the variation among 

reliabilities Middle Mean of the top 10 covariances with the training population explains 78% of 

the variation among reliabilities Bottom Maximum covariance with the training population 

explains 72% of the variation among reliabilities. 
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Figure 4.6. Height GEBV predicted for ACE clones (top row) or 4th-Cycle trees (bottom row) 

from full-sib family ACE12 using a GBLUP model trained with all ACE genotypes or with a 

restricted population lacking full-sib relatives (“FCV”). EBV estimated from the animal model 

are shown on the Y axis, while GEBV from GBLUP are on the X axis. Prediction ability (r), 

shown in the upper left of each plot, is the Pearson correlation between GEBV and the 

corresponding EBV from ABLUP.
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Figure 4.7. A) Decay of linkage disequilibrium (R2) is shown relative to genetic distance (cM). The decay function is the mean for all 

pairs of markers with a genetic distance equal to or less than the value on the X axis. Pale blue dots in the background are marker 

pairwise R2 values. B) LD decay is shown relative to physical distance for pairs of markers mapped to the same contigs of the Pita 

v.2.01 reference genome. 
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4.8. Tables 
 

Table 4.1. Genetic parameter estimates for tree height and stem form from ABLUP models with 

standard errors provided in parentheses. 

Parameter Height  
Estimate (SE) 

Stem form 
Estimate (SE) 

Type B genetic correlation (!̂!) 0.785 (0.021) 0.873 (0.021) 

Additive genetic variance (#"#) 0.203 (0.036) 0.257 (0.015) 

Specific combining ability variance (#$%&# ) 0.013 (0.003) 0.007 (0.002) 

Mean residual variance for 4th-Cycle tests (#$'())# ) 0.389 (0.012) 0.934 (0.019) 

Mean residual variance for clonal tests (#$'(+)# ) 0.145 (0.002) 0.18 (0.003) 

Family-mean heritability (ℎ,#) 0.96 (0.003) 0.92 (0.005) 

Clone-mean heritability (ℎ+#) 0.49 (0.012) 0.51 (0.014) 

Narrow-sense heritability (ℎ#) 0.31 (0.014) 0.19 (0.010) 
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Table 4.2. Cross-validation model fit statistics for six scenarios. For replicated scenarios, 

standard errors are provided after each estimate. Random-CV: random ~5-fold cross validation 

within the ACE training population with 10 reps; Fullsib-CV: each full-sib family is predicted 

using a training set lacking any members from that full-sib family, with 51 reps; 4C: 451 4th 

cycle trees are predicted using the ACE training population; 4C Full-Sib: 4th cycle trees within 

one family having full-sib relatives in the ACE training population; 4C Half-Sib: 4th cycle trees 

within seven families having half-sib relatives in the ACE training population; 4C Unrelated: 4th 

cycle trees not having direct parental relationships with the ACE training population.  

 
a) Height  
 

Scenario Training / 
Prediction 

Prediction 
ability (se) Slope (se) Mean Top 10%  

Random-CV  1558 / 413 0.58 (0.03) 0.73 (0.07) 0.38 (0.02) 

Fullsib-CV 2024 /39 0.22 (0.18) 0.39 (0.35) 0.19 (0.19) 

4C 2063 /451 0.29 0.39 0.29 

4C Full-Sib 2063 /57 0.16  0.16 0.33 

4C Half-Sib 2063 /29 0.23 (0.13)  0.23 (0.18)  0.17 (0.21)  

4C Unrelated 2063 /186 0.24 0.56 0.25 
 
b) Stem form 
 

Scenario Training / 
Prediction 

Prediction 
ability (se) Slope (se) Mean Top 10%  

Random-CV  1558 / 413 0.78 (0.01) 0.81 (0.04) -0.37 (0.04) 

Fullsib-CV 2024 /39 0.36 (0.16) 0.44 (0.22) -0.09 (0.33) 

4C 2063 /451 0.57 0.71 -0.19 

4C Full-Sib 2063 /57 0.37  0.17 -0.02 

4C Half-Sib 2063 /29 0.29 (0.27)  0.26 (0.23)  0.07 (0.32)  

4C Unrelated 2063 /186 0.04 0.07 -0.11 
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Appendix A 

Table A1. Locations of the test sites in the southeast United States with geographic coordinates 
and average minimum temperatures at the county level. The test sites had a wide range of 
average minimum temperatures (Temp.) from -5.04 to -11.49 degrees Celsius.  

Test series Test # State County Latitude 
(°') 

Longitude 
(°)) 

Temp. 
(°*) 

CPMX1 T01 AL ESCAMBIA 31.02 -87.48 -8.74 
CPMX1 T02 NC ROBESON 34.64 -79.11 -11.49 
CPMX1 T03 SC GEORGETOWN 33.42 -79.11 -9.22 
CPMX1 T04 AL DALLAS 32.38 -87.07 -9.56 
CPMX1 T05 NC BEAUFORT 35.49 -76.91 -10.89 
CPMX1 T06 MS LAMAR 31.20 -89.47 -8.20 
CPMX1 T07 SC CHARLESTON 32.78 -79.94 -7.53 
CPMX1 T08 GA RANDOLPH 33.25 -83.44 -8.31 
CPMX1 T09 GA BRYAN 32.05 -81.44 -7.36 
CPMX1 T10 GA TELFAIR 32.01 -82.91 -8.32 
CPMX1 T11 FL NASSAU 30.62 -81.70 -5.28 
CPMX1 T12 AL MONROE 31.56 -87.36 -9.07 
CPMX2 T13 NC BEAUFORT 35.49 -76.91 -10.89 
CPMX2 T14 SC COLLETON 32.89 -80.67 -8.76 
CPMX2 T15 SC CHARLESTON 32.78 -79.94 -7.53 
CPMX2 T16 SC DORCHESTER 33.04 -80.33 -9.24 
CPMX2 T17 FL NASSAU 30.62 -81.70 -5.28 
CPMX2 T18 GA DOOLY 32.16 -83.79 -8.59 
CPMX2 T19 GA PULASKI 32.25 -83.47 -8.70 

CPMX3 T20 SC DORCHESTER 33.04 -80.33 -9.24 
CPMX3 T21 GA SCREVEN 32.75 -81.63 -8.94 
CPMX3 T22 SC CHARLESTON 32.78 -79.94 -7.53 
CPMX3 T23 NC BEAUFORT 35.49 -76.91 -10.89 
CPMX3 T24 GA BRANTLEY 31.20 -81.99 -7.34 
CPMX3 T25 GA ATKINSON 31.30 -82.87 -7.83 
CPMX3 T26 NC COLUMBUS 34.27 -78.68 -11.12 
CPMX3 T27 SC JASPER 32.45 -81.02 -7.80 

CPMX4 T28 GA ATKINSON 31.30 -82.87 -7.83 
CPMX4 T29 GA BRANTLEY 31.20 -81.99 -7.34 
CPMX4 T30 SC JASPER 32.45 -81.02 -7.80 
CPMX4 T31 SC CHARLESTON 32.78 -79.94 -7.53 
CPMX4 T32 NC CRAVEN 35.09 -77.06 -10.69 
CPMX4 T33 GA PULASKI 32.25 -83.47 -8.70 

CPMX5 T34 GA GLYNN 31.19 -81.49 -5.49 
CPMX5 T35 NC CRAVEN 35.09 -77.06 -10.69 
CPMX5 T36 GA DOOLY 32.16 -83.79 -8.59 
CPMX5 T37 SC COLLETON 32.89 -80.67 -8.76 
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Table A2. Performance of putative resistance donors in multi environmental trial analysis. The 

overall disease incidence in the population (683,000 trees from 2350 parents) was 0.35. Parent 

ID corresponds to donors to Fr genes were published in Amerson et al. (2015). Parents 4 and 9, 

donors of GRID genes discovered in this study are superior in multi environmental trials.  

Parent Progeny Test environments Rank Mean Gene 

4 236 15 11  0.06 GRID1, GRID2 

9 2281 48 19  0.15 GRID3 

10-5 5384 67 413  0.26 Fr1 

A 681 10 28 0.20 Fr2 

B 479 11 114 0.22 Fr5, Fr9 

C 693 4 1286 0.21 Fr6, Fr7 

D 1602 30 795 0.39 Fr8 
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Table A3. Markers in backcross for the maternal and paternal parents and markers heterozygous 

in one or both parents retained for linkage mapping. In family E9, 2051 markers were in the 

backcross configuration for the maternal parent, 1910 markers were in the backcross 

configuration for the paternal parent, and 2058 markers were heterozygous in both parents. In 

family E4, 3098 markers were in the backcross configuration for the maternal parent, 3071 

markers were in the backcross configuration for the paternal parent, and 2383 markers were 

heterozygous in both parents. 

 

Family Paternal Backcross Maternal Backcross F2 Intercross 

E9 1910 2051 2058 

E4 3071 3098 2383 
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Table A4. Shorthand transcript ID’s shown here are related to their full-length seqID’s appearing 

in the reference transcriptomes. Transcripts discovered in family E4 are represented in black text; 

transcripts discovered in family E9 are represented in blue text. 

Shorthand ID Full Transcript ID 

tx_69 transcript/69_full_length_coverage=2; length=6632; num_subreads=43 

tx_395 transcript/395_full_length_coverage=3; length=6186; num_subreads=60 

tx_879 transcript/879_full_length_coverage=2; length=5503; num_subreads=32 

tx_8565 transcript/8565_full_length_coverage=2; length=4477; num_subreads=55 

tx_12122 transcript/12122_full_length_coverage=2; length=4319; num_subreads=45 

tx_13307 transcript/13307_full_length_coverage=2; length=4264; num_subreads=15 

tx_14609 transcript/14609_full_length_coverage=2; length=4247; num_subreads=45 

tx_1326 transcript/1326_full_length_coverage=2; length=1680; num_subreads=60 

tx_6743 transcript/6743_full_length_coverage=9; length=618; num_subreads=60 

tx_5752 transcript/5752_full_length_coverage=2; length=4817; num_subreads=14 

tx_6308 transcript/6308_full_length_coverage=2; length=4360; num_subreads=52 

tx_12340 transcript/12340_full_length_coverage=3; length=4369; num_subreads=60 

tx_13899 transcript/13899_full_length_coverage=2; length=4038; num_subreads=60 

tx_15063 transcript/15063_full_length_coverage=2; length=4010; num_subreads=60 

tx_15491 transcript/15491_full_length_coverage=2; length=4002; num_subreads=60 

tx_20495 transcript/20495_full_length_coverage=3; length=3926; num_subreads=35 

tx_20923 transcript/20923_full_length_coverage=2; length=4061; num_subreads=60 

tx_33102 transcript/33102_full_length_coverage=2; length=2820; num_subreads=60 

tx_35272 transcript/35272_full_length_coverage=2; length=2030; num_subreads=60 

tx_37649 transcript/37649_full_length_coverage=3; length=1791; num_subreads=60 
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Appendix B 
 

 
 

Figure B1. Model AIC plots from the model-building exercise from single series analyses of tree 

height (red) and DBH (blue). 
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Figure B2. Genetic correlations between pairs of sites from independent series analysis using the 

XFA2 structure for height (below the diagonal) and DBH (above the diagonal) for series 3, 4, 

and 5. Site T23, located in Beaufort, NC, had generally low genetic correlations for both traits, 

but was not the lowest in this series. Site T24, located in southeast Georgia, had the lowest 

average genetic correlation for both traits in this series. 
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Figure B3. Left: A seven-month-old P. taeda seedling with a developing gall after artificial 

inoculation. Right: Orange colored dikaryotic (N + N) aeciospores of the pathogen fungus on a 

young pine tree are released from galls in the early spring. 
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Figure B4. Pedigree for the parents 4 and 9 used in the QTL discovery populations.  Symbols E4 

and E9 indicate the full-sib families used for QTL discovery. Parent 9 is an ancestor of the 

breeding population, and was used directly as a parent in the disconnected diallels that formed 

the clonal validation population. Parent 4 is an advanced-generation selection with relationships 

through all four grandparents (33, 131, 212, and 332) with the clonal validation population.  
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Figure B5. Comparison of genetic map positions for 1761 contigs in the Pita2.01 reference 

genome. On each panel, the positions from the Lauer and Isik map are given on the X-axis, and 

the positions from the De La Torre et al. (2019) consensus map are given on the Y-axis. The 

correlation between the map positions is reported in the upper off-diagonal of each plot. 
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Figure B6. Cladogram showing phylogenetic relationship based the NB-ARC domain of the two 

candidate genes tx_69 and tx_8565 discovered in family E4.  Each transcript ID is followed by 

the family in which it was discovered. 

 

 

 

tx_5551.E4

tx_69.E4

tx_8565.E4

tx_12928.E4

tx_170.E4

tx_1041.E4

tx_12918.E4

tx_7622.E9

●

0.0 0.1 0.2 0.3 0.4 0.5



   

180 
 

A) Scaffold95090 

 
 

B) C4274665 

 
Figure B7. Genomic alignment of PacBio contigs from family E4 (top panel) and family E9 (bottom panel) at scaffold95090 and 

C4274665 of the Pita2.01 reference genome. Purple triangles above the alignment track represent small insertions of 3-4bp, while 

purple bars within the alignment track represent larger insertions. Multicolored vertical lines on each alignment represent SNPs. Red 

triangle marks the location of the SNP associated with disease resistance.  
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Figure B8. The concurrence between test sites. Submatrix in the top left is the concurrence 

matrix for the ACE training population. Upper triangle is the number of shared full-sib families; 

lower triangle is the number of shared parents; diagonal shows the number of full-sib families 

and number of parents at each site separated by a backslash “/”. Submatrix in the bottom right is 

the same concurrence matrix for the 4th -Cycle progeny tests. Submatrices on the top right and 

bottom left show the concurrence between ACE and 4th-Cycle tests on the basis of shared full-sib 

families and shared parents, respectively. 
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Figure B9. QQPlot for GWAS of tree height within the clonal training population. A total of 

8437 SNP markers distributed across 12 linkage groups were tested. 
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Appendix C 
 
Appendix C1. ASReml program for fitting “Hybrid” model (Table 2.3). 

 
!ARGS 1  !RENAME !WORKSPACE 20 !OUT #specify output folder here 
Title: HybridModel !DOPART $1  
 parent1 !P !LL 42 #Maternal parent ID’s 
 series !A #This column has series ID’s for all records 
 location !A # test ID’s for all records 
 S1 !A  # test ID’s for series 1; all other values null 
 S2 !A  # test ID’s for series 2; all other values null 
 S3 !A  # test ID’s for series 3; all other values null 
 S4 !A  # test ID’s for series 4; all other values null 
 S5 !A  # test ID’s for series 5; all other values null 
 rep !I  #This column has block ID’s within each test 
 ht  #tree height 
 dbh  #tree diameter 
 vol  #tree volume 
 rust   #rust recorded as binary variate 
 straightness  #straightness scores on 1-6 scale 
 forking #forking recorded as binary variate 
!FOLDER  #specify data folder here 
cpmx_ped.csv !SKIP 1 !ALPHA #this is the pedigree file 
cpmx_dat.csv !SKIP 1 !CONTINUE !MVINCLUDE !MAXIT 1000 #this is the data file 
 
TABULATE ht dbh ~ series location !STATS  
 
######################################################### 
##part 1: Combined Series Analysis, Fixed Correlation 
##in part 1, factor analysis is conducted within each series 
##the correlation for sites in different series is fixed at the average (0.71 for 
height) 
!PATH 1 
ht ~ mu location !r idh(location).rep, #separate rep variance for each location 
  coruv(series !INIT 0.71 0.01 !GFP).parent1, #among series cor = 0.71 
 xfa1(S1).parent1,  #xfa1 fitted within each series independently 
 xfa1(S2).parent1, 
 xfa1(S3).parent1, 
 xfa1(S4).parent1, 
         xfa1(S5).parent1 
 residual sat(location).units #block diagonal residuals 
 

 
 

 
 

 
Appendix C2. ASReml program for fitting Reduced Animal Model (RAM) 

#Note1: the genetic variance parameter needs to be known to proportionality 
(gamma) 
#Note2: Running the job with the !AIF or !DIAG qualifier on the pedigree line 
produces an .aif file, which is the original dataset with three additional 
columns: ‘Inbreeding’, ‘AIDiag’, and ‘Parent’. ‘Inbreeding’ is the diagonal 
of A – I ; ‘AIDiag’ is the diagonal of A-1 and ‘Parent’ identifies parents from 
non-parents in the dataset  
!ARGS 1  !WORKSPACE 20 !OUT #specify output folder here 
Title: RAM !DOPART $1  
 tree !A   #individual tree ID’s 
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 parent1  !P  #maternal parent ID’s 
 parent2  !P   !NA 0 #paternal parent ID’s 
 family   !A  #family ID’s 
 rep  !A     #experimental design factors 
 row !I    #experimental design factors 
 col !I     #experimental design factors 
 test !A   #experimental design factors 
 height  
 dbh  
 vol  
 rust  
 strt  
 forking  
 ramicorn 
 Inbreeding   #Inbreeding coefficient for each individual 
 AIDiag       #Diagonal of the inverse of A for each individual 
 Parent !A   !L NonParent Parent  #if individual is parent or nonparent 
 SQ !=AIDiag !^-0.5 #scale field (created by asreml; not in data) 
    #square root of the diagonal of the inverse of A 
!FOLDER    #specify folder with pedigree and data file 
Cycle4_1_Parent.ped    !ALPHA  !DIAG   #parental pedigree file. 
Cycle4Caif.csv   !SKIP 1 #dataset with inbreeding, parent, AIdiag values 
 
!PATH 2 
!VCC 1 #scale nrm(parent1) ,units.SQ terms (10,12) to have same variance 
vol  ~ mu test   !r  , 
        at(Parent,2).nrm(parent1) and(parent1,0.5) and(parent2,0.5) ,  
                 units.SQ ,   # “genetic residual”.  
                 idv(test.rep !INIT 0.128)   
      residual idv(units) 
10 12 
 
#to obtain mendelian sampling effect, multiply the units.SQ terms in the .sln file by 
gamma, then divide by the square root of the AIDiag value. This must be done outside 
ASReml. 
#this is added to the midparent value to obtain the individual BV 
 
 
 
 

Appendix C3. ASReml program for determining average effect of allele substitution at a fixed-

effect marker covariate, and adjusting individual BLUP with that fixed-effect marker covariate.  

 

!ARGS 1 !WORKSPACE 32 !OUT #specify output folder here 
Title:AVERAGE_EFFECT 
 tree !P  #individual tree ID’s related to the pedigree (animal model) 
 parent1 !A  #maternal parent ID’s 
 parent2 !A  #paternal parent ID’s 
 family !A  #family ID’s 
 rep !A  #experimental design factors 
 row !I  #experimental design factors 
 col !I  #experimental design factors 
 test !A  #experimental design factors 
 height 
 dbh 
 vol 
 rust 
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 strt 
 forking 
 ramicorn 
 marker !A !L 0 1 2 #column with marker genotypes (0, 1, 2) 
!FOLDER   #specify folder with pedigree and data file 
ped.csv !SKIP 1 !ALPHA #pedigree file for all individuals in data 
data.csv !SKIP 1 !DOPATH 1  #dataset 
 
!PATH 1 #marker is fit as fixed-effect covariate 
height ~ mu test marker !r test.row test.col,  
 coruv(test).nrm(tree),    
 family 
residual sat(test).units 
 
#adjusts individual BLUP with marker effect 
#The average effect of the allele substitution is the regression coefficient reported 
in the .sln file 
!PATH 1 
PREDICT tree marker !PRESENT tree marker   
 

 

Appendix C4. ASReml program for determining additive and dominance effects of marker 

!ARGS 1 !WORKSPACE 32 !OUT #specify output folder here 
Title:A_D 
 tree !P #individual tree ID’s related to the pedigree (animal model) 
 parent1 !A  #maternal parent ID’s 
 parent2 !A  #paternal parent ID’s 
 family !A  #family ID’s 
 rep !A  #experimental design factors 
 row !I  #experimental design factors 
 col !I  #experimental design factors 
 test !A  #experimental design factors 
 height 
 dbh 
 vol 
 rust 
 strt 
 forking 
 ramicorn 
 markerA !A !L 0 1 2 #column with marker genotypes (0, 1, 2) 
 markerD !A !L 0 1  #column with 0 or 1 for homozygotes and heterozygotes 
!FOLDER    #specify folder with pedigree and data file 
ped.csv !SKIP 1 !ALPHA #pedigree file for all individuals in data 
data.csv !SKIP 1 !DOPATH 1 #dataset 
 
!PATH 1 
height ~ mu test markerA markerD !r test.row test.col,  
 coruv(test).nrm(tree),    
 family 
residual sat(test).units 
 
!PATH 1 #A and D effects for marker are predicted in the .pvs file 
PREDICT markerA 0 1 2 markerD 0 1 0 !PARALLEL markerA markerD  
 
 


