ABSTRACT
OGUT, FUNDA. Predictions of Genetic Merit in Tree Breeding Using Factor Analytic
Linear Mixed Models and Blended Genomic Relationship Matrices. (Under the direction of
Dr. Fikret Isik and Dr. Ross Whetten).
Increase in computer power and efficiency in DNA sequencing technologies is providing
new opportunities to plant and animal breeders to fit more complex statistical models for
predictions of genetic merit of individuals. Such models can be powerful to account for

heterogeneity in the data and as a result can increase the accuracy of predictions and genetic

gains from breeding programs.

In this study, I first evaluated the efficiency of factor analytic (FA) linear mixed models for a
large, multi-environmental trial of loblolly pine (Pinus taeda L.). Height was assessed on
37,269 trees at age six years in a diallel experiment. Among models fitted, FA models
produced the smallest AIC model fit statistics. FA models captured both the variance and
covariance at the genetic level better than models with simpler covariance structures, and
they provided more accurate predictions of genotypes. The mean narrow-sense heritability
estimates for height was about 0.20 when more complex variance structures were used,
compared to 0.13 when simpler variance structures were employed. FA models were
parsimonious compared to US structures. The FA models provided a natural framework for
modeling genotype by environment interaction. Genotype by environment interaction was
non-significant as suggested by high genetic correlations both for additive (0.83) and

dominance (0.91) effects.



Molecular marker data, especially single-nucleotide polymorphic (SNP) markers have been
commonly used to predict genetic merit in animal breeding. However, marker data probably
have missing genotypes and they need to be imputed. The effects of percent (level) and
pattern (random or structured) of missing data, and mating designs on the accuracy
imputation of genotypes were investigated. | used linkage based BLUP to impute missing
genotypes for an empirical (unbalanced) data set for loblolly pine. For simulated (balanced)
data sets, both BLUP and Hidden Markov Model (HMM) approaches were used. The actual
data had 178 clones that were genotyped at 3,461 biallelic SNP markers. The simulated data
consist of double-pair and half-diallel mating design with 2880 and 2940 individuals,
respectively. For empirical data, accuracy of imputation was higher for the structured pattern
of missing data at any level of missing percentages. Regardless of the pattern of the missing
data, imputation accuracy was less than 0.70 when the data had greater than 40% missing
values. For the simulated data, the imputation accuracy was not affected by mating design
for the BLUP approach when the pattern of the missing data was structured. For HMM
approach, when the pattern of the missing data was evenly-spaced, the mating design had no

effect on the imputation accuracy.

Combining information from pedigree and DNA markers might improve prediction
accuracies in tree breeding programs. In the third chapter, a cloned population of loblolly
pine and simulated data sets were used to examine the efficiency of blended additive genetic
relationships and realized genomic relationships were examined. Cloned 166 individuals
were genotyped at 3,461 SNP markers out of a total 354 clones. For simulated data 300 or

600 trees genotyped at 1000 markers out of 1200. For the empirical data, the accuracy of



predictions based on the ABLUP was 0.79. Predictions based on HBLUP had accuracy of
0.72 to 0.76, depending on the genomic relationships used. For the simulated data set, the
accuracy values for HBLUP models were higher compared to ABLUP model. Also, as the
genotyped population size increased the accuracies increased. HBLUP uses all the available
phenotype, pedigree, and genotype data in a single-step and is easy to implement for genomic
based selection. The major advantage of using genomic relationships matrices is that markers

can capture the Mendelian sampling effect within full-sib families for selection.
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CHAPTER 1

Genetic Analysis of Diallel Progeny Test Data in Pinus taeda Using Factor Analytic

Linear Mixed Model



Abstract

The objective of this study was to test the efficiency of factor analytic (FA) covariance
structures for genetic analysis of height in Pinus taeda L. diallel progeny trials to account for
heterogeneity in variances and covariances between different environments. Progeny were
planted across ten sites ranging from Atlantic Coast sites with mild winters and evenly
distributed rainfall patterns through the year to more inland, drier and colder sites in
Arkansas. The model efficiency was compared with various covariance structures commonly
used in mixed models to estimate genetic merits of the parents, variance components, and
narrow and broad sense heritabilities and to determine the extent of genotype by environment
interaction (GXE). Among models fitted, FA models produced the smallest AIC model fit
statistics. An unstructured variance-covariance matrix (US) produced a similar log likelihood
value as the FA model, but required a large number of parameters to be estimated. FA
models were parsimonious compared to US structures. FA models captured both variance
and the covariance at the genetic level better than simpler models, and provided more
accurate predictions of genotypes. The mean narrow-sense heritability estimates for height
was about 0.20 when more complex variance structures were used, compared to 0.13 when
simpler variance structures such as identity and block-diagonal variance structures were
employed. The mean additive and non-additive genetic correlations were 0.83 and 0.9,
respectively suggesting that GXE should not be a concern for this specific population in the

environments where the genotypes were tested.



Introduction

Loblolly pine (Pinus taeda L.) is the most widely planted commercial forest tree species in
the United States (McKeand et al. 2003, McKeand et al. 2006). Thanks to the efforts of tree
improvement programs, every year more than 800 million genetically-improved loblolly pine
seedlings are planted (McKeand et al. 2006). As a wood basket, the southeastern region of
the United States produces more timber than any other country in the world (McKeand et al.

2003).

The North Carolina State University Cooperative Tree Improvement Program has finished
56years of loblolly pine genetic improvement and is about to start the fourth cycle of
breeding and selection (McKeand et al. 2010). During the third cycle of the program diallel
mating designs (called “diallels’ hereafter) were widely used because they provide
information about general combining ability (GCA) and specific combining ability (SCA) of
crosses. Diallel crosses are used to understand the genetic mechanism of a trait, such as the
relative magnitudes of additive and non-additive genetic effects (Henderson 1977).
Depending on whether selfs and reciprocals are included, diallel designs sometimes named
full, half, partial and disconnected diallels (Lynch & Walsh 1998). Using controlled crosses
such as diallels allow breeders to control coancestry in a breeding population while making
selections for advanced breeding populations (Johnson and King, 1998). Diallel mating
designs have also some disadvantages. The number of crosses needed in a diallel design can
increase substantially the work required in making controlled crosses. In a diallel cross with

N parents, there are N? crosses if self-crosses and reciprocal crosses are included (Henderson



1977, Curnow 1980). Many of the genetic assumptions of the diallel models are not met in
applied breeding programs. For instance, most analytical methods assume there is no
epistasis, no reciprocal effects, and no linkage disequilibrium (LD) occur and gene
frequencies are intermediate in the population (Johnson and King 1998). Another drawback
of using diallels is random genetic drift due to genetic sampling of parents from a large

population (Isik et al. 2005).

Mixed models have become very popular for the analysis of data from series of variety trials.
With mixed models, unbalanced data can be handled very easily. Within-trial variation can
be modeled appropriately and some effects can be fit as random or fixed (Smith et al. 2005).
Mixed linear model approaches allow modeling heterogeneous and correlated variance-
covariance structures (Crossa et al. 2006). Linear mixed models give accurate predictions of
genotypic effects by exploiting covariance structures that consider correlations between sites,
years, plots, and genetic relationships between relatives (Cullis et al. 1998). Using pedigree
information through an additive relationship matrix improves the genetic model because
correlated information from relatives increase the accuracy of individual genotype effect
estimates (Kelly et al. 2009). Mixed models can easily be applied to the incomplete data and
they can model genotype by trial interaction and within trial error variation (Smith et al.
2005). Fitting a mixed model, not only the genetic covariance matrix can be estimated but
also best linear unbiased predictions (BLUP) of the breeding values can be determined

(Crossa et al. 2006) to rank varieties and make selection.



Since estimates of variance components will directly affect future breeding plans, fitting the
best model for the data analysis is crucial to correctly predict breeding values, and thus make
selections. There are various variance-covariance structures used in linear mixed models to
model the heterogeneity in the data and correlations among factor levels. The most restrictive
variance-covariance structures assume that genotype by environment interaction variances
among sites are equal and all pair-wise correlations between sites and between genotypes are
zero (Cullis et al. 1998). This unstructured matrix is the most general variance model,
containing t(t+1)/2 parameters where t is the number of sites, but in terms of computation

efficiency, especially for large number of parameters, it is difficult to fit (Smith et al. 2005).

The restricted maximum likelihood (REML) method has been widely used in mixed models
to estimate variance covariance parameters with the assumption that random terms have
Gaussian distribution (Gilmour et al. 1995). REML is the basic estimation procedure for the
heterogeneous variance components estimation (Welham et al. 2010). Most of the mixed
model analysis for multi environment trials (MET) use REML for estimation of covariances
and best linear unbiased estimation (BLUE) and best linear unbiased prediction (BLUP) for
the estimation of fixed and random effects, respectively (Smith et al. 2005). BLUP is a
method for estimating random effects of a mixed model and gives better results in terms of
predictive accuracy than other procedures (Piepho et al. 2007). The optimality properties of
BLUP are based on the assumption that variance parameters in the model are known
(Thomson et al. 2003). For many breeding programs accurate prediction of breeding values

(BV’s) is the main component for genetic improvement (Mrode 2005). More accurate and



unbiased BLUP results depend on the genetic covariance among individuals (Mrode 2005).
Since the BLUP of genetic effects uses the genetic correlation among relatives, the higher the
genetic correlation of a genotype of interest with related genotypes, the more information can
be gained from the records of relatives (Piepho et al. 2007). BLUPs exploit the information
from relatives via coefficient of coancestry (Piepho et al. 2007, Crossa et al. 2006), so
BLUPs of breeding values of random genotypes are helpful for selecting superior genotypes

(Crossa et al. 2006).

Multi-environmental trials (MET) provide opportunities to evaluate genotypes in different
environmental conditions, to compare their responses in these environments, to evaluate their
stability and adaptability, to study genotype by environment interaction, and to select the best
genotypes in specific and across environments (Cullis et al. 1998, Smith et al. 2001, 2005).
MET data generally show heterogeneous variance and covariance structures (Smith et al.
2001, Crossa et al. 2006). It is common for MET data to show unbalanced data structures
(Piepho et al. 2007, So and Edwards 2009), because often not all cultivars grown in all trials
(So and Edwards 2009). Analysis of MET data has some statistical complexities, because the
data are often incomplete due to selection and unbalanced due to missing observations (Kelly
et al. 2007, Spilke et al. 2005), and the possibility of genotype by environment interactions
must be evaluated (Signor et al. 2001); these complexities often lead to violations of

homogeneity of variance assumptions for random effects (Edwards and Jannink 2006).

For the analysis of MET data, many statistical methods have been proposed which don’t

depend on balanced data (Smith et al. 2005). The objective of statistical analysis of MET



data is to find the best (most appropriate) model that gives reliable predictions of variety
performance across environments (Xiang and Li 2001). The choice of the best model
depends on the data structure, statistical properties of the data and the statistical approach for
the selection of the best model (Smith et al. 2005, Kelly et al. 2007). In traditional MET data
analysis, it has been assumed that in each site, individual field plot errors are spatially
independent and genotypes are unrelated, but these assumptions are not realistic, because the
closer sites and related genotypes can be expected to be similar, and closer field plot
observations tend to be correlated (Cullis et al. 1998). In forest tree progeny trials, in addition
to measurement errors, there will be tree to tree variation because of the micro-site variation
and non-additive genetic effects (Kelly et al. 2009). Since forest genetic trials are generally
very large and likely heterogeneous, it is necessary to account for this micro environmental
heterogeneity (Costa e Silva et al. 2001, Dutkowski al. 2002, Piepho et al. 2007, Kelly et al.
2009).

In plant breeding programs, due to limited number of genotypes and complex genetic
covariance structures, genetic variance estimates are often inaccurate (Piepho et al. 2007).
Fitting the appropriate variance-covariance structure to the data provides more accurate and
precise variance component estimates and thus more precise prediction of breeding values for
selection. Various variance-covariance structures have been proposed for the analysis of
MET data. An unstructured variance-covariance matrix (US) is the common way to form a
genetic variance. However, this structure has difficulties in terms of computational efficiency
and reliability based on the number of parameters (Kelly et al. 2007, Meyer 2009).

Unstructured covariances are explored to account for correlations among genotypes between



pair of sites. However, they require larger number of parameters to be estimated and such
models can fail to converge for complex MET data. Another model for the genetic variance
matrix is the uniform (or compound symmetry) model that evolved from an ANOVA
approach. The model involves two parameters; the genetic variance and the variance due to
GXE interaction effect. This model is still being used by many researchers (Zas 2008, Meyer

2009).

Smith et al. (2001) proposed a mixed model analysis with a factor analytic (FA) variance
structure (multiplicative model) for the genotype by environment interaction effects and
separate spatial covariance structures for the errors for each trial. This model is an extension
of the spatial mixed model approach suggested by Cullis et al. (1998). This model provides
genetic variance for each environment and genetic covariances between environments. FA
models were introduced as an alternative to US models. The FA variance-covariance
structure might be considered similar (as an approximation) to the completely unstructured
variance-covariance matrix (Piepho et al. 1998) with different parameterization.
Multiplicative models are the most complex models (Smith et al. 2005). FA models are
commonly employed in MET data to handle heterogeneity (Cullis et al. 1998). The FA
variance structure obtains information from correlated environments using the correlation of
genotype by environment effects (Piepho et al. 2008). The FA model with sufficient
multiplicative terms has been found to provide a good and parsimonious approximation to

the unstructured form in terms of computation (Smith et al. 2005). If k factors are fit, then



t(k +1) — k(k — 1)/2 parameters are estimated (Kelly et al. 2007). This is a large
reduction in number of parameters to be estimated compared to US model.
FA model based on # factors, denoted as FA%, given by

Ge= AN+ W
where, A is at by k matrix of environment loadings, t being the number of trials and k being
the factors and W is a t by t diagonal matrix with elements commonly referred to as specific

variances (Smith et al. 2001).

There are clear advantages of FA models. FA models provide a natural framework in the
presence of genotype by environment interactions (Meyer 2009). In the presence of
substantial GXE interaction which comprises heterogeneous variances and crossovers in the
genotype ranking, the FA model is robust with high predictive accuracy because it captures
both variance heterogeneity and a more complex covariance structure at the genetic level.
Also, fitting a FA model is generally easier than the US model. For example in ASReml
software, the FA algorithm can handle the situations where the estimated variance matrix is
reduced rank, but US model cannot (Kelly et al. 2007). The FA model provides more
accurate estimates of overall variety effects and it allows one to understand and interpret the
GXE interaction (Smith et al. 2001). Since transformations (re-parameterization of the model)
are implemented at the effects level, different design matrices, missing observations and
multiple random effects can be handled in FA models. An FA model can significantly reduce
computational requirements of mixed model analysis in terms of estimation of variance

effects and genetic evaluation schemes (Meyer 2009). Smith et al. (2001) emphasized that



incomplete data pose no difficulties. However, FA models do have some drawbacks. Factor
analytic structures can be difficult to fit (Oakey et al. 2007). They may introduce some
computational difficulties, and convergence problems can originate from poor starting values

(Smith et al. 2001).

The objectives of this study were to;

1. test the efficiency of factor analytic (FA) covariance structures for analysis of multi-
environmental progeny trials in forest tree breeding and compare model efficiency
with various variance-covariance structures commonly used in mixed models

2. evaluate predictive accuracy of the models applied using model goodness of fit
statistics

3. estimate the heritability of height trait using various models and

4. determine the extent of genotype by environment interaction.
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Materials and Methods

Genetic material and mating design

A diallel mating design was used by the Plum Creek Timber Company, Inc. to produce
crosses among 19 parent trees from first and second generation breeding populations of
loblolly pine (Figure 1). In addition to 19 known parents, two seed orchard mixes (bulked
seeds called SOM6 and SOM8) were included in the field tests. Some of the second
generation parent trees used in mating design were descendents of first generation parents
and were genetically related (Figure 2). Only 142 crosses were obtained from this mating
design in which 139 crosses have known both parents (full-sibs) and three crosses have
known female parents and unknown male parents (half-sibs). In addition, 11 parents were

selfed to obtain 11 selfed crosses (Table 1).

For this study, height growth of 37,269 trees was analyzed as the response variable.
Measurement of height growth of trees from 10 sites was carried out in 2009 and 2010 when
trees were six years old. Tree height (HT) was measured to the nearest centimeter.

Field design

The study was established on 10 sites located in Georgia, Arkansas, north Louisiana, and
south Mississippi in 2003 (three sites) and 2004 (seven sites) (Table 1). A randomized
complete block design with single tree plot configuration was used for all sites. One progeny
of each cross was randomly assigned in a block. There were 30 blocks per site. Thus, each
cross had 30 progeny at one site. Number of crosses per site ranged from 115 to 141.

Checklots were also included in each of the progeny test sites. Checklots are unimproved and
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improved families used to estimate genetic gains for several levels, such as genetic gains
over unimproved seed. The number of checklots ranged from two to seven among sites
(Table 1). Two-tree row plots in each block were used for the checklots in the three progeny
test sites established in 2003, while three-tree row plots in each block were used for the
checklots in the seven sites established in 2004. As a standard practice, two rows of border
trees were planted around experimental trees.
Statistical Analysis
The following linear mixed model was used to partition observed variance for growth and
stem straightness into causal (additive, dominance, environmental) components.

[1]  Yim=H+Ti+B(Mjp + T*Gik + T*Gji+ T*Sii + €ijkim
where
Yijkim is the m™ observation for the kI cross in the j™ block within the i" site;
M is the overall mean;
T is the i™ fixed site (location) effect, i=1 to t;
B(T)js is the random effect of the j" block within i" site, j=1 to b ~ Normally and
Independently Distributed NID (0, 6% );
T*Gix, T*Gj are the random GCA effect of the k™ female or the I'"" male by i site interaction
effect ~NID (0, 6°75);
T*Si is the random SCA effect of the kI™ cross by i site interaction effect ~NID (0, 6%7s);

€ijkim 1S the random error term ~NID (0, cze).
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Consider p genotypes grown at t sites. In terms of the analysis of MET data the general linear
mixed model used for the analysis of progeny test data can be written as a matrix of the
general form:

[2] y=Xt+Z,b+Z,u+e
where y is the n x 1 vector of observations combined across all sites, T isthe t x 1 vector of
fixed effects, b is the bt x 1 vector of random/fixed replicate (block) effects within sites, u is

the vector of pt X 1 random genotype effects within sites and e represents n X 1 vector of

residuals combined across sites. X"V, Zl(,“th)and 2PV are the design matrices that relate

observations to the fixed and random effects, with the expectations

b 0] [BOO
~N{|O0f,]0 G O
e 0l 10 O R

The variance-covariance matrix of y is

[3] var(y) = Zy,BZ', + Z,GZ', + R
Following the approach of Oakey et al. (2006) and Kelly et al. (2009), the vector of genotype
effects (total genetic effect) within sites (u) can be partitioned into two components: additive
and dominance genetic effects as

u= u, +uy
where u, is the ptx1 vector of random additive genetic effects within sites (T*Gjx, T*G;j;)
and ugq is the kltx1 vector of random dominance genetic effects within sites (T*Sjy). The
random genotype effects are assumed to follow a Gaussian distribution with zero mean and

variance matrix
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var(u) =G =G, P G4 = (%" (?d>

The additive genotype effects variance matrix, as a two-way structure of genotype by
environment effects, has the separable form

Gy = Ge, ® Gy,
where G, and G, are txt and pxp symmetric positive definite matrices, respectively. G, is
the additive genetic variance-covariance matrix between sites, and Gy, is the variance-
covariance matrix between parents or additive effects. G,, = A where A is a numerator
relationship matrix derived from pedigree. Thus, G, can be written as G, = G, @ A. This

model implies that genotype x environment effects are correlated between sites (Smith et al.

2005).

The dominance genetic effects are modeled as a two-way structure of cross by environment

effects, with an associated variance of

Gqg = Gey @ Gy,
where G, and Gy, are txt and kIxkl symmetric positive definite matrices, respectively. G, is
the dominance genetic variance-covariance matrix between sites, and Gy, is the variance-
covariance matrix between full-sib families. It was assumed that dominance genetic effects

are independent, G,, = I,y and can be written as Gq = Ge, & Ii.

When all variance-covariance components are put together the variance-covariance matrix of

y can be rewritten as
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[4] Var(y) =H-= ZbBZ’b + Zu[Gea ® A+ Ged ® Ikl]Z’u +R

We had data on a set of trees that were genetically linked via a pedigree. Therefore, genetic
effects were correlated and, with the assumption of normal modes of inheritance, the
correlation expected from additive genetic effects can be derived from the pedigree provided
that all the genetic links are in the pedigree. By specifying relationships between ancestors,
parents and offspring, all breeding values are predicted on the same scale, and all breeding
values are obtained as a single set of rankings (White et al. 2007). The additive genetic
relationship matrix, sometimes called the numerator relationship matrix (A), indicating the
additive genetic relationship among individuals (Mrode 2005), can be calculated from the

pedigree. The A matrix has elements 4;; = 2 ©;;, where ©; is coefficient of coancestry:

the probability that two genes are identical by descent when drawing a gene randomly from

two individuals (Lynch and Walsh 1998).

In this study, different B, R and G variance-covariance structures were explored to find the

best model fitted to the data based on the AIC criteria.

Modeling B and R variance structures

The variance-covariance matrix of replicates within sites (B) is usually assumed to have a

block diagonal variance structure (Kelly et al. 2007, 2009) as given below.

o 12)1 o -- 0
0o op, - 0

2

B:Zb®1b=l
6 0 - Obyy

‘ ® Iy = 0p1In1 D 0p21n2® ... ® 0t10In10
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where ® is the direct product operator, I, is an identity matrix of order b and Y, is replicate

matrix (Crossa et al. 2006).

In this study, the variance matrix for the replicate effects within sites, B, was fitted as
diagonal (11D) with B = 62I,, (03, = o, = --- = 02,,) and block diagonal with B =
051In1 @D 0,102 ... ® 681In10 (05, # Op, # - # Gp4,). FOr the block diagonal variance

structure, replicate effects within sites are independently and identically distributed (11D).

The variance matrix for the error effects, R, is assumed to be block diagonal with
R=diag(R;), where R; is the error variance matrix for the t" site (Kelly et al. 2007, 2009).
Smith et al. (2001) used the spatial variance structure (autoregressive process of order one) of
Gilmour et al. (1997) to model the error effects. Thompson et al. (2003) assumed that errors
from different trials are independent and the errors from j™ trial constitute a two dimensional
(row-column) spatially dependent process. So et al. (2009) compared models in which error
variance matrices were fitted as block diagonal (62, # 02 # %) and diagonal (62 = 62, =
0%). The variance-covariance matrix of error, R, was assumed to have the simple variance-

covariance structure (R = Y. ® Ig) (Crossa et al. 2006).

In this study, the variance matrix for the error effects was assumed to be diagonal (11D) with
R = 6Zl, (6%, = 0%, = -+ = 6%;,) and block diagonal with

_ 2 2 2 2 2 2
R = 05111 @ 0521n2 .- 0g10ln10 (051 # Oz # *** # Og1p)-
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Modeling G variance-covariance structure

The main focus of this study was modeling the G variance structure (G, and Ge,). Genetic
variances for each site show the magnitude of variation between genotypes, and genetic
correlations between pairs of sites show the agreement in genotype rankings (Smith et al.
2001). We considered diagonal (11D), block diagonal (B-DIAG), compound symmetry (CS),
factor analytic (FA) and unstructured (US) variance-covariance structures to model

G, and G, matrices.

In a diagonal variance structure, G, / Ge, is lID; each site has the same GCA/SCA genetic

variances in the diagonal and GCA/SCA genetic covariances between pairs of sites in the off-

diagonal are 0. The matrix of G¢, / Ge, for the diagonal variance-covariance structure can

be presented as:

og, 0 0 0 oz, 0 0 0
0 o 0 = 0 0 0% 0 ~ 0
Gea =10 O O-ga 0 Ged =10 O O-gd 0
0 0 0 =0 0 0 0 - 0%

In a block diagonal variance matrix (B-DIAG), each site has its own GCA/SCA genetic
variances in the diagonal and genetic covariances between pairs of sites in the off diagonal

are 0. The matrix of G, / G, for the B-DIAG variance-covariance structure can be

presented as:
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G, 0 0 = 0 W 0 0 w0
0 Oe,, 0 - 0 0 Oe, 0 - 0
Gea el O 0 0%213 an O Ged el O 0 ng3 aen 0
0 0 0o - O-gaw 0 0 0o - O-gdm

In compound symmetry (CS) structure, all sites have the same GCA/SCA genetic variance
along the diagonal and all pairs of sites have the same GCA/SCA genetic correlation in the

off diagonal. The matrix of G, / G, with CS structure can be shown,

2 r 2 r
O-ea g r o-ed r r

Ge, ={ r og, r j Ge, =[ r oz, r ‘
2 2
r r r Oe¢, r r r Oeq

The factor analytic (FA) model is hypothesized in terms of the (unobserved) GCA/SCA

genetic effects in different sites assuming dependence on a set of random hypothetical

factors £ r=1...k < p:
[B]  up=Xr g Ay +8; ug = 25 Airfayr + Sqani

where u, is the GCA effect for genotypes | at site i, uq is the SCA effect (cross) at site i, fj,. is
the score for the genotype I in factor r, f), is the score for the cross ki in factor r, ;. is the
associated loading for site i and &; and & y); are the lack of fit of the model. When we write

these models in a matrix notation:

U, = (A1 @A) + -+ A k@A) + 8 = (A\.®A + 8

ug = A1 ®lig)fy + - + Aa®li)fx + 8 = (Ng®Ix)f + 8
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where A,V = ), P = {6,/ (faay, 8PYD = 8/83ay, ACW = (4 .. and

fPXD) = (f1 £ ..f)". The joint distribution of f and & for the GCA/SCA genetic effect is,

()N (C* g n)] 7 () ~n[[Q). (4B 0]

where, ¥, = diag(W,; ..- War), Pq = diag(Wy; ... Par), Pa/Pq is diagonal matrix with
elements (W,q ... War)/ (Wqy --- Wae) and W,;/Wg; is known specific variance for the i site.

The variance matrix for the GCA/SCA genetic effects at each site is,
var(u,) = (A,®A)var(f) (AL®A) + var(8) = (AaN\y + P,)R®A = G, A
var(ug) = (Ag®I)var(f) (Ag®Iy) + var(8) = (AgAg + Pa)®lig = G, Rlig
[6] var(u) =var(u, +ug) =G = NAL+ W) @ A+ (AgA\yg + Po) ® I

where A,/Aq is a t X k matrix of environment loadings (on the covariance scale), f is the
associated pk x 1 vector of genotype scores, W, /W4 is a t X t diagonal matrix with elements
referred to as specific variances and k is the number of components (multiplicative terms).

The matrix of G, / Ge, With FA structure for k=1 can be shown as

Ca1 [Vi 0 0 = 0] c2, +V, Cai€az CaiCaz -+ CaiCaio
2
Caz |0V, 0~ O] Ca2Ca1 Caz +Vo Caz2Caz -+ Ca2Cano
2
/\a — {Casj ‘Pa — | 00 V3 w0 I Gea =1 C33Cxq Ca3zCy2 Ci3 + V3 =+ Ca3Ca10
lllllllll .. LR} e e e 2 e
Ca10 0O 0 0 - V10J C210Ca1  Ca10Ca2z Ca10Caz - Caio + Vio

19



Cd1 Vi 0 0 - 07 [cd; +V; Cd1€dz  CdiCds - Cd1Cdio
[Cdz] |0V, 0 - 0] | ca2€q1 c3, +V, Cd2Cd3 - Cd2Cd10 |
2
Na = {Cdsj Y, =0 0 V; - 0 | Gecl =] cg3€q1 Cd3Cdz €4z + V3 -+ CdszCdio
IIIIIIIII " e e e LR e 2 e
Cd1o lO 0 0 - V10J Cd10€d1 €d10Cd2 Cd10Cdaz - Cd1o + Vio

The variance structure for GXE interaction effects, (AN’ + W)®A, is known as a Factor
Analytic structure of order k (FAk). When k=1, (k, number for factors), the number of
variance parameters estimated is tk + t, where t is the number of sites and k is the number
factors. However if k >1, k(k-1)/2 independent constraints are required on the elements of A
for identifiability as suggested by Smith et al. (2001). As a result, rotation is required on the
site loadings and genotype scores for a definite interpretation of them as A*=AA'A (Smith et
al. 2001, Thompson et al. 2003). Then the number of parameters estimated is tk + t — k(k —
1)/2, where t is the number of sites and k is the number factors, when k>1. Using a FA
model for GXE effects, the genetic covariances among t sites are explained in terms of
smaller number of unknown factors (k<t) (Smith et al. 2002). Burgueno et al. (2007) reported
that an FA model can be interpreted as a random regression model of genotype and genotype
by environment interaction on k environmental covariates (environmental loadings), A, ... Ay,
in which each genotype has its own slope (genotypic scores) but common intercept. The

slopes measure the sensitivity of genotypes to the loadings of each site (Smith et al. 2002).

The FAk and XFAKk are different parameterization of Factor Analytic (FA) model. In the
correlation form of the FA models, parameters are specified in the order loadings for each
factor followed by the variances (Gilmour et al. 2009). We also tested an Extended Factor

Analytic (XFAK) form of the FA model. The parameterization of the XFAk model is
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specified in the order of specific variances and site loadings (Gilmour et al. 2009). One of the
problems with the FA model is the Heywood case in which one or more specific variances
tends to 0, which means that the GXE variance matrix is not full rank (Thompson et al. 2003).
In the presence of the Heywood case, genotype effects for a site (trial) are completely
determined by the multiplicative part of the model (Smith et al. 2001). In the FA model,
specific variances are constrained to be 0 when they tend to estimate on the boundary of

parameter case.

As in FAk models, in XFAk models, when k is greater than 1, constraints on the elements of
A are required. XFAk models allow some elements of the specific variances (W) to be fixed
to 0. Elements of ¥ might be 0 making Ge, /Ge, singular which requires a XFAk model term.
The XFAk model inserts i columns of Q’s into the design matrix corresponding to i factors.
XFAk models are faster than FAk models when k is much smaller than t (Gilmour et al.

2009).

Finally, we used unstructured (US) variance structure to model G structure. The unstructured
(US) variance-covariance matrix is the most general heterogeneous variance-covariance
matrix, containing t(t + 1)/2 parameters, where t is the maximum number of repeated
measurements on a subject (Wolfinger 1996, Smith et al. 2001). In the US variance matrix,
each site has different GCA/SCA genetic variances in the diagonal and genetic covariances
between pairs of sites in the off diagonal. The US variance-covariance matrix of G, / Ge,

can be shown as:
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2 2
Oaz1  Oaz %223 -+ Oaz10 | 021 0Gz ©d23 -+ Odzio

— 2 _ 2
Ge, =] 0a31 Oazz Oa3 - Oa3sio Ge, =| 0431 Odsz Ogs - Od310

2 2
Oa101 Ca102 Oa103 = Oa1o0 04101 9d102 Oa103 * 9d10

All the models fit in this study as the combination of G and R structures are summarized in

Table 1.2.

Model fit statistics (model comparison)

After fitting all these variance-covariance structures to the linear mixed model, variance
components were estimated by REML method using ASRemI3 software (Gilmour et al.
2009). The Akaike Information Criterion (AIC) (AIC=-2LogL+2t;) was used to evaluate the

goodness-of-fit of the variance models (Gilmour et al. 2009).

ASReml and GENSTAT have been reported to be the most appropriate software packages
for the analysis of MET data (Smith et al. 2005). The most commonly used software for
fitting such models is ASReml (Gilmour et al. 1995, 2002) which uses the average
information (Al) algorithm for restricted maximum likelihood (REML) estimation of the
variance parameters. For the MET data, the mixed model equations are complex and as a
result, the speed of the computation of the analysis of datasets with large number of sites or
fitting FA variance models with several factors is quite slow. Thompson et al. (2003)
proposed a sparse implementation of the Al algorithm for reduced rank or FA variance
parameter estimates. Initial values for the FA model is crucial because the initial values
effect the convergence (Smith et al. 2001, Burgueno et al. 2007), so the block-DIAG variance

structure solution provides a good starting point for fitting FAk (k=2,3..) (Burgueno et al.
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2007). In our study for FA(1) model, 0.9 was used as starting value for the loadings (A), and
block-DIAG variance structure results were used as initial values for variances. For FA(2)
model, FA(1) model results (loadings and variances) were used as initial values of the first
factor loadings and variances and for the second factor loadings, 0.5 was used for each site.
Since convergence of the FA(1) or FA(2) model was not obtained with the first initial values,
the initial values for loadings and variances were updated using the solutions output file until
the model converged. Genetic correlations were obtained directly from the variance

covariance matrix.

Estimation of genetic parameters
With the assumption of no epistasis, additive and dominance genetic variances for our fitted
models are assumed to be 04 = 40% and 63 = 40%, respectively (Lynch and Walsh 1998).
For the Block-DIAG, CS, FA, XFA and US models, narrow sense and broad sense
heritabilities were calculated using estimated variance components according to the
following formulas:
Narrow-sense individual heritability:

[71  h? = 40%/(20% + 0% + 02)
Broad-sense individual heritability:

[8] H?=4(c% + 02)/(20% + 0% + 02)
where o is genetic variance of GCA, % is genetic variance of SCA and o2 is error variance
for each site. Mean narrow sense and broad sense heritabilities were calculated for each

model, taking the average of each of the estimated parameters (Isik et al. 2005).
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We evaluated GXE interaction based on the genetic correlations between pairs of sites
obtained from the best model (Model 8). To visualize GXE interaction and rank changes
among parents/ families, BLUP of the parents/families were plotted against site loadings for
a subset of sites. A biplot of the fitted factor analytic (Model 8) was produced from the scores

of the genotypes (parents) and loadings of the sites.
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Results

Model comparison

In this study we analyzed MET progeny trials of loblolly pine data for height growth. All the
variance-covariance structures fitted to GCA and SCA genetic effects and model fit statistics
are presented in Table 3 and Table 4 when R side of the mixed model was 11D and Diagonal,
respectively. When an 11D structure was used for the R side of the mixed model and when
block effect (B) is assumed IID, the US genetic variance structure produced the highest
REML log-likelihood (LogL) value (Table 3). However, when the number of parameters was
taken into account, models (4 and 5 in the table) with FA genetic variance structures were

superior, as shown by the smaller AIC model fit statistics.

Fitting heterogeneous variance structures for the residuals and for the block effects (diagonal)
for the same models given in Table 3 resulted in lower AIC values (Table 4). For example,
model 4 given in Table 3 and Table 4 had the same genetic variance-covariance structure
(FA1) but they differ for the R side (IID versus Diagonal) and for the block effect (11D
versus Diagonal). Model 4 with the Diagonal R (Table 4) had a better fit (lower AIC) than
Model 4 with 1ID R in Table 3. A model with the smallest AIC value is assumed to be

superior in terms of fit and parsimony (Oakey et al. 2007).

Models given in Table 4 can also be compared among themselves. All the models had the
same R structure (diagonal) and the same variance structure for the block effect (diagonal).
Among the models given in Table 4, Model 1 assumed the same GCA and SCA genetic

variances across all sites and no correlations between pair of sites. Not surprisingly, this
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model gave the poorest fit statistics among the fitted models. Model 8 with the XFA2 for

GCA and XFAL for SCA genetic effects produced the lowest AIC value.

Model 8 with XFA2 and XFAL structures for GCA and SCA genetic effects, respectively,
was not significantly different from Model 10 with the US genetic variance structure
(REMLRT=48.2 on 61 df, p=0.88). The US structure for genetics effects (Model 10)
produced the highest LogL. However, in terms of parsimony (49 parameters vs. 110
parameters), Model 8 (XFA2 and XFAL structures for GCA and SCA genetic effects,
respectively) was superior than Model 10 (US structure for GCA and SCA genetic effects)

and was a better fit as shown by lower AIC values.

Genetic parameter estimates

The variance explained by GCA and SCA effects, loadings, lack of fit (specific variances),
the percent variance explained by the site loadings and the ratio of SCA variance and GCA
variance are summarized in Table 5. The estimates are for the best fit model (Model 8 in

Table 4) with the XFA2 for GCA and XFA1 for SCA effects.

There was heterogeneity among the sites for GCA and SCA genetic variances. The first
factor site loadings (average 84%) for GCA effect accounted for more variation than the
second factor site loadings (average %8). On average, both factor site loadings (%A,; +
%/\,2) explained about 92% of the GCA variance, varying between 55% and 100%. For the
SCA effect, the loadings of the one factor model accounted for 75% to 100% of variation
(average 91%) in SCA effect. At sites 4, 5, 8 and 10, specific variances were estimated as 0,

the meaning that GCA effects are completely determined by the multiplicative part of the
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model at these sites. SCA genetic variance was always larger than GCA genetic variance
across the sites as shown by the ratio of SCA variance and GCA variance (Table 5 last

column). The ratio ranged from 1.0 to 5.7, depending on the site.

Genotype by Environment interactions

The loadings (after rotation) from the XFA2 model for the GCA effect are displayed
graphically in Figure 3. The two-dimensional plot of first loadings against second loadings
formed three clusters of sites. The first cluster included sites 7 and 10 with high positive
loading2, the second cluster included sites 1, 3, 6, 8 and 9 with loading clustered around O,
and the last cluster had sites 2, 4 and 5 with negative loading2. GCA genetic effect
correlations between pair of sites for each cluster varied between 0.91, 0.73-0.98, and 0.92-

0.98, respectively.

The biplot of the site loadings and the genotype scores (after rotation) for the GCA genetic
effects from XFA2 model (Model 8) illustrates the relationships between sites and parents
(GXE pattern) in a two dimensional space (Figure 4). Parents 3 and 8 tended to have negative
GCA interaction (GxE) with all the sites included in the analysis. They are located on the
negative quadrant of the biplot and had negative response (poor performance) in all sites.
Parents 1, 17 and 20 had positive interactions (response) with all the sites. Parents 4, 10, 14,
18 and 19 are clustered at the center of the biplot, indicating they had average response
across all sites in terms of GxE. Sites 1, 3, 5, 6, 8 and 9, located farther away from the center,

are the ones that discriminate the genotypes most and with higher correlations. Sites 2, 10
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and 7 are characterized by shorter lines (smaller site loadings) and they do not discriminate

the parents as much.

In order to see the comparative parental ranking (GCA effect) among clustered sites (similar
sites based on the loadings) and all sites, GXE interaction, the estimated BLUP values of the
22 parents are illustrated in Figure 5 from the XFA2 model (Model 8). Genotypes did not
show significant rank changes between environments with similar loadings (low or high) or
sites in the same clusters (Figure 5a, 5b, 5¢). When parental predictions (GCA) were plotted
for environments across sites in different clusters (Figure 5d) we see more rank changes.
Similarly, in Figure 6a, the change in full-sib family rankings (BLUPs of SCA effect) was
plotted for site 7 (a relatively low site loading for SCA effect) and site 3 (a relatively high
site loading for SCA effect) and found that they showed similar rankings for XFA1 model
(Model 8). Similarly, when BLUP of SCA effects were plotted against all the site loadings,

we observed fewer rank changes compared to GCA effects of parents (Figure 6b).

The individual narrow sense heritabilities for height based on different variance structures for
the G side of the mixed model varied between sites (Table 6). The narrow sense heritabilities
were low for simple variance structures, such as 11D and DIAG and the estimates ranged
between 0.03 and 0.26 among 10 sites with an average of 0.13. We see a large increase in
narrow-sense heritabilities for more complex structures. For example, for XFA and US, the

range of narrow-sense heritability was 0.08 to 0.33 with a mean of 0.19.

The broad sense heritabilities were high and varied between 0.25 and 0.90 across the ten sites

(Table 7). Although not as strikingly different as narrow-sense heritability estimates, we
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again observed considerably higher broad-sense heritability estimates for complex variance
structures, such as XFA and US. The mean broad-sense heritability estimates across 10 sites

were 0.48 for 11D and DIAG versus 0.55 for more complex variance structures.

The GCA and SCA genetic correlations between pairs of sites for the best fit model (Model 8
in Table 4) are given in Table 8 and Table 9. Genetic correlations from XFA models are
given in in the upper triangles, and genetic correlations from US models are given in the
lower triangles. The GCA genetic effect correlations between pair of sites were positive and
ranged between 0.43 and 0.98 (Table 8 upper triangle). The correlations of GCA genetic
effects between site 2 and other sites were low and they varied between 0.43 and 0.73. The
correlations of SCA genetic effects between pair of sites were over 0.80 (Table 9 upper
triangle). The low correlations of site 2 with other sites were obvious. Similarly, site 7 had
noticeable low correlations compared to correlations between other sites. Visual illustrations
of these tables are given in Appendix 2. Correlations based on XFA and US structures falling
on the 45 degree reference line suggest that XFA and US structures produce similar
correlations between pair of sites. These correlations show the relative performance of
parents between pair of sites. Non-additive genetic correlations suggest correspondence
between predicted SCA effects of full-sib families between pairs of sites. A high correlation
suggests little interaction of parents or full-sib families with sites; whereas a low correlation
suggests considerable rank changes among parents (or full-sib families) between two sites.
XFAL1 produced higher non-additive genetic correlations compared to US structure for the

same pairs of sites as seen dots above the 45 degree reference line. Except a few low
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correlations of site 2 with several other sites a high majority of additive genetic correlations
between pairs of sites were above 0.70. Scatter plots of parental breeding values between
pairs of sites are presented in Appendix 2. In general we observed a good agreement between
pairs of sites, except for site 2 and site 7. Predicted parental breeding values for these two
sites (with low loadings) clearly do not show strong correlations with predictions at the

remaining sites.
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Discussion

Model comparison

In tree breeding programs MET data is common and shows heterogeneity in variance
estimates. In this study, we tested the efficiency of factor analytic (FA) covariance structures
for the analysis of MET progeny trials of loblolly pine. In doing so we compared the model
efficiency with various other variance-covariance structures commonly used in analysis of
data from tree breeding progeny tests, and addressed GXE interactions. The reduced LogL
values for FA and US variance structures compared with the fitted simplistic models suggests
that the heterogeneity can be more efficiently modeled using these structures in analysis of

data from multi-environment progeny trials of forest trees.

We found that FA models were superior over other variance-covariance structures for MET,
and our results are in parallel with previously published papers. Specifically, we found that
the XFA2 structure for GCA effect and XFAL for the SCA effect gave the best fit among
tested models. Kelly et al. (2007) analyzed eight MET data sets from Australian crop
breeding programs by fitting a range of genetic variance structures. They found that the FA
model provided the best fit for six of the eight early generation data sets. In another study of
Kelly et al. (2009), a model including a FA3 structure for additive effects, and a FA1
structure for non-additive effects gave the best fit to barley data consisting of 1255 genotypes
across 14 sites. Since FA parameterization directly models the pattern in the similarity of
genetic response across environments, it reduces the number of parameters to be estimated

(Hardner et al 2010). There are few published studies with factor analytic models in forest
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progeny tests. Costa e Silva et al. (2006) used a FA structure to investigate 578 open
pollinated Eucalyptus globulus families from 15 subraces across 15 sites. Similarly, Costa e
Silva and Gradual (2008) evaluated 28 Pinus kesiya provenances across seven sites by fitting
FA models. Hardner et al. (2010) found that FA1 structure for the family by trial effect and
FAZ2 structure for the genotype within family by trial effects provided the most parsimonious
model for a highly unbalanced data set collected at 3 years across 21 sites for a total of 841
genotypes from 10 Eucalyptus spp. hybrid families. The accuracy of estimation of genetic
effects can be improved when a multivariate analysis is used to include information from

other sites, especially in cases of large imbalance across sites (Hardner et al. 2010).

The US variance structure was one of the fitted variance structures to the GCA and SCA
effects in this study. With the XFA2/XFA1 model, 49 parameters are estimated compared to
110 parameters for the US model. Although the FA structure is a simpler approximation of a
US structure, findings in this study are in agreement with other studies. Smith et al. (2001)
demonstrated that a FA3 model with common specific variance was not significantly
different from a US structure, but more parsimonious, fitted to data from 172 barley lines
across seven sites. Similarly, Kelly et al. (2007) showed that a FA model was superior to a
US model via simulations. However, Piepho (1998) did cross validation using five data sets
and demonstrated that a US model provided better fit than a FA model with common specific
variance. The convergence of FA models is sensitive to starting values of loadings and

specific variances or variances.
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Percent variance explained by factors in FA models

In this study, on average 92% of the variation in GCA effects and 90% of the variation in
SCA effects across sites were explained by XFA2 and XFA1 models, respectively. Similarly,
Costa e Silva et al. (2006) found that in a Eucalyptus globulus progeny test with 15 subraces
across 15 sites, one factor model explained 74% of the variation. Similarly, one factor
analytic model explained 73% of the variance in a Pinus kesiya provenance trial across seven
sites (Costa e Silva and Gradual 2008). In Eucalyptus hybrid families, a FA1 model
explained 83% of the variation in family effects and FA2 model explained 86% of the
variation in genotype within family effects across 21 trials (Hardner et al. 2010). Smith et al.
(2001), using data from 172 barley lines collected across seven sites, determined that a FA3
model with common specific variance was the best model, where the first factor explained
the most of the variation (86.2%) in genetic effects and the second and third factors explained

only 9.3% and 4.5% variation in genetic effects, respectively.

Modeling GXE using FA models

GXE interaction occurs when the genetic value of an individual varies across environments.
Modeling GXE is an important procedure in determining the magnitude and pattern of GXE,
to design breeding programs and draw conclusions for deployment of selected genotypes.
Based on the FA model results, plotting of environmental vectors may be used to summarize
and understand GXxE visually as how genotype response changes across sites (Kelly et al.
2007). For a set of environments, genotype (cultivar) stability can be graphically displayed

by plotting cultivar scores against site loadings (Smith et al. 2002). Since the FA model
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allows variance heterogeneity and covariance structure at the genetic level, it gives more
accurate predictions for individual sites and for net merit across sites, resulting in more
precise heritability estimates, and thus more accurate estimates of genetic gain in breeding
programs. Kelly et al. (2007) reported that the FA model gave better results in terms of mean

squared error of prediction over an independent site analysis or a simple variance model.

In this study, the pattern of GXE interaction for additive effect (GCA) was mostly defined by
two environments (sites 2 and 7), and these two sites had clearly low variation explained by
the first site loading for the GCA effect and formed a distinct group from the other sites
(Figure 4). The most significant changes in ranking were observed between sites 2 and 7 with
other sites. The difference between these two environments and others could be explained by
micro environmental factors, such as high water table in the soil or drainage conditions,
though we did not have details about soil properties. On the other hand, the magnitude of
GxE was much smaller as suggested by higher non-additive genetic correlation (SCA effect)

between pairs of sites (Table 9).

However, when all the correlations among pairs of sites were taken into account, GXE does
not appear to be important enough to justify different breeding zones for this population of
loblolly pine. Even the most interactive environments, at sites 2 and 7, had on average 0.64
and 0.71 additive genetic correlations with other environments. Shelbourne (1972) proposed
0.67 as a genetic correlation threshold for GXE interaction and a genetic correlation greater
than 0.67 would not be a concern for breeding and deployment programs (McKeand et al.

2006). On average, all 10 environments had an additive correlation of 0.83 and an average of
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0.91 non-additive genetic correlation, suggesting that GXE should not be a concern for this
specific population in the environments where genotypes were tested. The test sites cover a
wide geographic area in the southern USA, from the Atlantic coast with mild winters and

evenly distributed rainfall patterns through the year to more inland, drier and colder sites in

Arkansas (Appendix 4).

Genetic parameter estimates

For a tree breeding program, modeling the GXE and heterogeneity in MET is crucial, because
it affects the variance components, heritability and thus genetic gain estimates. In this study,
significant heterogeneity was observed in GCA and SCA genetic variances and in error
variances. We observed a stark increase in heritability estimates for individual sites when US
and FA models were fit to account for variance heterogeneity and correlations between pairs
of environments. Heterogeneity in genetic variances and in heritability could be as a result of

differential expression of genotypes across environments (Hardner et al. 2010, Clarke 1993).

In this study, a large proportion of the total genetic variation was due to SCA effects. Tree
improvement strategies for using additive and non-additive variation are well known
(McKeand et al. 1986, Lambeth et al. 1994). The question is whether to breed for improved
non-additive variation as well as additive variation (McKeand et al. 1986). The level of
additive and non-additive genetic variance in traits is important for tree breeding programs
and has a great impact on the determination of the breeding strategies (Foster and Shaw
1987). Estimation of non-additive genetic variances for loblolly pine might help to develop

more efficient breeding strategies to maximize genetic gain (McKeand et al. 1986). Wu and
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Matheson (2004) reported significant SCA variance and a high ratio of SCA/GCA variance
for diameter using 20 sets of 6x6 half-diallel mating design in Pinus radiata planted at 10
sites across Australia. Isik et al. (2003) found that additive genetic effects were the major
source of genetic variation for height in early ages and there was a little increase in non-
additive variance at age six using nine full-sib loblolly pine families generated from a
factorial mating design planted across two sites. In the same study, the ratio of dominance to
additive variance for height was reported to be 0.76. McKeand et al. (1986) reported that for
height at age five, the ratio of non-additive to additive genetic variance in loblolly pine
ranged from 0 to 2.5. In another study in loblolly pine, the ratio of non-additive to additive
genetic variances varied between 0 and 3.4 for growth traits at ages one to five (Paul et al.
1997). Substantial SCA variance observed in this study suggest that, with the deployment of

specific crosses, genetic gain for growth can be increased substantially.
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Conclusion

Among all models tested, FA models were best able to account for heterogeneity in GCA and
SCA variances across multiple environments. Factor analytic models provide more accurate
predictions of genetic values of individual genotypes, because the models capture both
variance and the covariance at the genetic level better then simpler models. FA models also
provide a natural framework for modeling GXE interaction, and they reduce computational
requirements of mixed model analysis. They should be routinely used for MET trials in

forest tree breeding programs.
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Table 1. Site IDs, locations and establishment year of the progeny tests, number of crosses

(full-sib families), and number of checklots per site.

Site ID  State Year established # of Cross # of Checklots
1 Georgia 2003 140 5
2 N Louisiana 2003 115 7
3 Arkansas 2003 122 7
4 Georgia 2004 140 4
5 Georgia 2004 140 4
6 Georgia 2004 140 4
7 S Mississippi 2004 141 3
8 S Mississippi 2004 141 2
9 Arkansas 2004 125 2
10 N Louisiana 2004 125 3

*Checklots are either unimproved bulked seedlings or wind pollinated (half-sib) families

included in the progeny tests to estimate genetic gains.



Table 2. Models and variance-covariance structures fit to GCA and SCA genetic effects and

block effects (B) and error (R) for height.

Model GCA effect SCAeffect B R

1 11D 11D IID/DIAG IID/DIAG
2 DIAG DIAG IID/DIAG IID/DIAG
3 CS CS IID/DIAG IID/DIAG
4 FAl FAl IID/DIAG IID/DIAG
5} FA2 FA2 IID/DIAG IID/DIAG
6 XFAl XFAl IID/DIAG IID/DIAG
7 XFAl XFA2 IID/DIAG IID/DIAG
8 XFA2 XFAl IID/DIAG IID/DIAG
9 XFA2 XFA2 IID/DIAG IID/DIAG
10 US US IID/DIAG IID/DIAG

*11D, identity variance; DIAG, diagonal variance; CS, compound symmetry; US,

unstructured variance; FA, factor analytic variance; XFA, extended factor analytic variance.
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Table 3. Model fit statistics REML log likelihood (LogL) and Akaike Information Criterion
(AIC) when block within site and error variances were modeled as 11D for height. When
errors are assumed to have simple homogenous structure (all trees have the same identical
residuals), models 4 and 5 with the FA1 and XFA1 genetic structures, respectively, were

superior with the lowest AIC.

Model GCAeffect SCA effect # parameters LogL AlC
1 11D 11D 2 -3421.7 6847.4
2 DIAG DIAG 20 -3394.9 6829.7
3 CS CS 4 -2912.9 5833.8
4 FA1L FAl 40 -2862.8 5805.6
5 XFAl XFA1l 40 -2862.8 5805.6
6 us us 110 -2815.9 5851.8
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Table 4. Model fit statistics LogL and AIC when block and error variances were modeled

heterogeneous (Diagonal). Among the models, Model 8 with XFA2 for GCA and XFA1 for

SCA genetic effects was superior.

Model  GCA effect SCA effect # parameters LogL AIC
1 11D 11D 2 -3183.5 6370.9
2 DIAG DIAG 20 -3156.7 6353.4
3 CS CS 4 -2664.2 5336.4
4 FA1l FAl 40 -2614.2 5308.3
5} FA2 FA2 58 -2605.2 5326.4
6 XFAl XFAl 40 -2614.2 5308.3
7 XFAl XFA2 49 -2607.8 5313.6
8 XFA2 XFA1l 49 -2599. 5 5296.9
9 XFA2 XFA2 58 -2592.9 5301.9
10 us us 110 -2575.4 5370.8
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Table 5. Estimated model parameters fit to GCA and SCA effects, respectively for Model 8

(XFA2 for GCA and XFA1 for SCA). o2 is GCA variance, A,; and A, are first and second

site loadings for the GCA effect, ¥, is GCA variance not explained by site loadings (lack of

fit), 6% is SCA variance, /\q is site loadings for the SCA effect, Wy is SCA variance not

explained by site loadings and % is the percentage of variance explained by the loadings of

first and second factor.

GCA effect SCA effect

Site 0% Aa An VY. %Au %An oy Ag Vg %Ay o°d %
1 13 -36 0.2 0.3 97 0 16 40 05 97 1.2
2 7 -18 -05 3.0 50 5 17 3.8 28 84 2.6
3 12 -34 -0.1 0.6 95 0 32 55 19 94 2.6
4 10 -29 -13 0.0 83 17 12 35 00 100 1.2
5 14 3.7 -07 0.0 97 3 15 39 03 98 1.0
6 15 -38 02 03 98 0 26 49 24 91 1.7
7 2 -11 038 0.3 58 27 12 3.0 3.0 75 5.7
8 12 -34 07 0.0 96 4 22 42 40 82 1.8
9 12 -32 05 1.0 89 2 21 45 12 94 1.8
10 4 -18 1.0 0.0 78 21 19 43 11 94 4.6

Mean 10 84 8 19 91

*The estimated loadings for GCA effects from XFA2 model given in the table obtained after

the rotation
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Table 6. Individual tree narrow sense heritabilities and standard errors within the parenthesis

for the range of models fit to GCA and SCA genetic effects for all 10 progeny test sites for

height. The XFA2/XFAL and US variance-covariance structures gave similar heritability

results.

SitelD 11D DIAG CS XFA2/XFA1 US

1 0.15 (0.02) 0.15 (0.06) 0.23 (0.06) 0.27 (0.04) 0.23 (0.08)
2 0.12(0.02)  0.12(0.05)  0.18(0.05)  0.11(0.03) 0.14 (0.05)
3 0.12 (0.02) 0.24 (0.08) 0.19 (0.06) 0.20 (0.04) 0.23 (0.08)
4 0.15 (0.02) 0.14 (0.05) 0.23 (0.06) 0.22 (0.04) 0.22 (0.08)
5 0.15 (0.02) 0.23 (0.08) 0.24 (0.07) 0.31 (0.05) 0.28 (0.09)
6 0.17 (0.02) 0.26 (0.09) 0.26 (0.07) 0.33 (0.05) 0.35(0.11)
7 0.11 (0.02) 0.03 (0.02) 0.17 (0.05) 0.04 (0.02) 0.06 (0.03)
8 0.12 (0.02) 0.03 (0.02) 0.18 (0.05) 0.19 (0.04) 0.18 (0.08)
9 0.13 (0.02) 0.07 (0.04) 0.20 (0.06) 0.21 (0.04) 0.20 (0.08)
10 0.13(0.02) 0.05 (0.03) 0.20 (0.06) 0.08 (0.02) 0.11 (0.05)
Mean 0.13 0.13 0.20 0.19 0.20
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Table 7. Individual tree broad sense heritabilities and standard errors within the parenthesis

for the range of models fit to genetic effects GCA and SCA.

SitelD 11D DIAG Ccs XFA2/XFAL US

1 054 (0.03)  048(0.07)  0.62(0.06) 0.61(0.05)  0.58 (0.08)
2 043(0.02)  0.39(0.07) 049 (0.05)  0.41(0.04)  0.44(0.07)
3 0.45(0.02)  0.74(0.09)  052(0.06) 0.73(0.05)  0.73(0.09)
4 053(0.03)  0.38(0.06)  0.61(0.06) 0.48(0.04)  0.48 (0.08)
5 055(0.03)  055(0.08)  0.63(0.07) 0.62(0.05)  0.61(0.09)
6 0.62(0.03)  0.82(0.09)  0.70(0.07)  0.90(0.05)  0.89 (0.09)
7 041(0.02)  0.22(0.05)  0.47(0.05)  0.25(0.04)  0.26 (0.06)
8 042 (0.02)  041(0.06)  0.49(0.05) 0.54(0.04)  0.53(0.08)
9 046 (0.02)  0.44(0.07)  053(0.06) 0.58(0.05)  0.57 (0.08)
10 0.46(0.02)  0.37(0.06)  0.53(0.06) 0.45(0.04)  0.44(0.07)
Mean  0.48 0.48 0.55 0.55 0.55
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Table 8. Genetic correlations of GCA genetic effects between pair of progeny test sites from

the XFA2 structure (above diagonal) based on model 8 and the US model (model 10) (below

diagonal) for height. XFA2 and US variance-covariance structures fit to GCA genetic effects

gave similar genetic correlations between pair of sites. For the visual display of the same

table see Appendix 2. The values in the diagonal are the average additive genetic correlations

for environments based on FA model.

SitelD 1 2 3 4 5 6 7 8 9 10
1 089 069 09 088 09 098 077 098 094 0.89
2 061 064 069 073 073 068 043 065 064 0.53
3 092 077 08 09 097 09% 073 095 092 085
4 088 075 091 079 097 088 048 081 080 0.62
5 09 070 093 09 087 09 066 093 090 0.79
6 097 071 094 088 094 091 078 098 094 0.90
7 073 054 072 05 063 083 071 08 079 0091
8 097 062 092 081 092 097 083 09 09 0.96
9 093 066 094 080 09 09 073 095 086 0.90
10 084 065 09 068 077 091 092 093 09 0.82
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Table 9. Genetic correlations of SCA genetic effects between pair of progeny test sites from

the XFAL structure (above diagonal) based on Model 8 and US model (Model 10) (below

diagonal). XFA1 and US variance-covariance structures fit to SCA genetic effects gave

similar genetic correlations between pair of sites. For the visual display of the same table see

Appendix 2.
SitelD 1 2 3 4 5 6 7 8 9 10

1 090 096 099 098 094 086 089 096 0.96
2 0.90 089 091 091 087 079 083 089 0.89
3 095 0091 097 09 092 084 088 094 0.9
4 094 083 092 099 095 087 090 097 097
5 093 083 0.89 ' 0.98 094 086 089 096 0.96
6 092 086 093 092 092 083 0.86 093 0.92
7 081 078 073 082 083 0.80 0.78 084 084
8 088 074 081 08 09 090 = 0.78 0.88 0.88
9 094 081 092 094 093 091 086 0.88 0.94
10 098 090 094 091 089 092 081 086 0.92
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*S is self; X is cross made. In addition to crosses made among parents two seed orchard

mixes (bulked seeds called SOM6 and SOMB8) were included in the field tests.

Figure 1. The diallel mating design of 19 parent trees used as female and male in the study.

Parent trees 1 to 14 are from the first generation breeding population. Parent trees 18 to 22

are from the second generation breeding populations.
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Figure 2. Pedigree structure of 2" generation parent trees used in the diallel mating design.

oP

OP

21

1% generation
parents

22

———» 2" generation

parents

Black squares refer to the 1% generation parent trees, grey squares refer to the 2" generation

parent trees and white squares refer to the pollen mixed trees. Parent trees 2 and 6 are from

the first generation and are related to the some of the second generation parent trees used as

parent trees in diallel.
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Figure 3. Plot of the site loadings for the first factor against second factor from XFA2 model
fitted for GCA genetic effects for height. Site loadings are labeled from sl to s10. The plot of
the first loadings against second loadings shows three clusters, namely sites 7 and 10
consisted of first cluster, sites 1, 3, 6, 8 and 9 consisted of the second cluster and sites 2, 4
and 5 were in the third cluster. So, sites within these clusters were closely similar for this

data set.
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XFA2(%8)

XFA1(%84)

Figure 4. Biplot of XFA2 model for GCA genetic effects. Parents (genotype scores) are
labeled pl to p22, and site loadings are labeled as s1 to s10. Parents 3 and 8 tended to have
negative GCA interaction with all the sites (GXE) included in the analysis. Parent 1, 17and 20
had positive response with all the sites. Sites 1, 3, 5, 6, 8 and 9, located farther away from the
center, are the ones that discriminate the genotypes most and with higher correlations.
Genotypes 4, 10, 14, 18 and 19 are clustered at the center of the biplot, indicating they had
average response across all sites in terms of GXE. Parents 3 and 8 were poor parents in all

sites.
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Figure 5. Line plots of the BLUP values of the parents for clustered sites from XFA2 model
(Model 8) for height. The patterns of the first three plots (a, b, c) indicated that there were
small rank changes of parents among environments with similar loadings (clustered). When
parental predictions were plotted across all sites (d), we observe clear rank changes (GXE
interaction). The last figure (d) also shows that as the site variances get larger, we observe a

clear separation among parents.
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Figure 6. Plot of the BLUP values of full-sib families for the sites with highest and lowest
site loadings (site 3 and 7 respectively) (a) and the line plots of full-sib families across all
sites (b) are presented. In general, the ranking of the full-sib families were similar between
sites 7 and 3. Also, we see more separation among families at the site 3 which had the highest
variance (highest site loading). We also see full-sib families with low predictions show

consistency across all sites (b).
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Appendix 1. Detailed information about the test sites. (D.W.T, depth to water table; F.F.P, frost free period)

Site  Water DW.T Drainage Mean Soil Series Precip. Temp. F.F.P

ID capacity  (cm) (m) (mm) (0)

1 Low 0-30 Poor 7.9 Pelham loamy sand  1118-1321 18-21 230-290

2 High/ 46-122/  Poor/ 6.7 Frizzell-Providence- 1067-1575 16-21/ 200-350/
Moderate 30-76 Well Guyton/ 16-19 190-230

Savannah-Sacul
Associations

3 High 0-30 Poor 7.7 Amy silt loam 1194-1676 9-23 205-275
4 Low 0-30 Poor 6.4 Plummer 1118-1321 18-21 230-290
5 Low/ 46-76/ Poor 8.6 Olustee fine 1118-1321 18-21 230-290
Moderate 15-46 sand/Mascotte sand
6 Moderate  91-152 Well 8.3 Dothan loamy sand ~ 1118-1321 18-21 230-290
7 High 15-30 Poor 8.0 Trebloc silt loam 1524-1905 18-21 270-335
8 Moderate 76-107 Well 9.1 Malbis fine sandy 1524-1905 18-21 270-335
loam
9 Low 30-61 Well 6.7 Grenada silt loam 1194-1676 9-23 205-275
10 Very 0-46/ Poor 6.4 Guyton 1067-1575 18-21 220-350/
high/High  46-122 association/Frizzell 200-300
silt loam
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Appendix 2. Scatter plot of additive genetic correlations and dominance genetic correlations

between pair of progeny test sites. XFA2 and US variance-covariance structures fitted to

additive genetic effects gave similar genetic correlations between pair of sites. In contrast,

XFAL structure fit to dominance genetic effects tend to produce higher correlations between

pair of sites compared to US structure.
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Appendix 3. Pair-wise plots of parental breeding values for each site (labeled from s1-s10).

In the diagonal of the figure the lowest and the highest breeding values for that specific site

are reported. Notice that pair-wise plots of parental breeding between did not show any clear

pattern between site 2 and other sites (right column or the bottom row matrix).
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Appendix 4. Locations of 10 test sites.
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Appendix 5. ASReml job file used for fitting DIAG, Block-DIAG, CS, FAk, XFAk and US

variance structures to the additive and dominance genetic effects

title: diallel data

tree

female

male
Cross

TA
p
p
TA

crosstype !A

loc
test
rep

HTO6 DBHO6 VOLO6 HTs VOLs

TA

*

*

37095

parent_ped.csv !SKIP 1

PC.csv

TPART

1

ISKIP 1

IDOPART $A !Icontinue

I DIAG(IID) G structure
$B ~ mu test !r test.rep female - male and(male) test.female -

test.male and(test.male) cross test.cross

IMAXIT 50IMVINCLUDE

1011

3777 O IDEN !1s2=150.10
3336 O IDEN !s2=197.44
3533 O IDEN 1s2=185.72
4144 O IDEN !s2=155.68
4109 O IDEN !s2=156.59
4166 O IDEN 1s2=149.74
2637 O IDEN 1s2=208.38
3910 O IDEN !s2=200.38
3491 O IDEN 1s2=181.57
3370 O IDEN !s2=182.16
test.rep 2

test O DIAG 28.1 16.0 11.1 54.8 35.4 12.6 11.0 9.26 27.5 33.5
rep O IDEN
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Appendix 5. Continued

I1PART 2

I Block-DIAG G structure

$B ~ mu test I!r test.rep test.female -test.male
and(test.male) test.cross

10 1 3

3777 O IDEN !s2=150.10
3336 O IDEN !s2=197.44
3533 O IDEN 1s2=185.72
4144 O IDEN !1s2=155.68
4109 O IDEN !s2=156.59
4166 O IDEN !1s2=149.74
2637 O IDEN 1s2=208.38
3910 O IDEN !s2=200.38
3491 O IDEN !1s2=181.57
3370 O IDEN !s2=182.16
test.rep 2

test O DIAG 28.1 16.0 11.1 54.8 35.4 12.6 11.0 9.26 27.5 33.5
rep O IDEN

test.female 2
test ODIAG 7 77T 7777777
female 0 AINV

test.cross 2
test 0 DIAG 10 10 10 10 10 10 10 10 10 10
cross 0O IDEN

TPART 3

I COR_UV

$B ~ mu test Ir test.rep test.female -test.male
and(test.male) test.cross

10 1 3

3777 O IDEN 1s2=150.10
3336 O IDEN 1s2=197.44
3533 O IDEN 1s2=185.72
4144 0O IDEN !s2=155.68
4109 O IDEN !s2=156.59
4166 O IDEN 1s2=149.74
2637 O IDEN 1s2=208.38
3910 O IDEN !s2=200.38
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Appendix 5. Continued

3491 O IDEN 1s2=181.57
3370 O IDEN !s2=182.16

test.rep 2
test O DIAG 28.1 16.0 11.1 54.8 35.4 12.6 11.0 9.26 27.5 33.5
rep O IDEN

test._female 2
test 0 CORUV 0.9 3
female O AINV

test.cross 2
test 0 CORUV 0.9 3
cross 0O IDEN

IPART 4

I FA structure

1Step 0.001 Islow

$B ~ mu test Ir test.rep test.female -test.male
and(test.male) test.cross

10 1 3

3777 O IDEN !1s2=150.10
3336 O IDEN !s2=197.44
3533 O IDEN 1s2=185.72
4144 O IDEN !1s2=155.68
4109 O IDEN !s2=156.59
4166 O IDEN !1s2=149.74
2637 O IDEN 1s2=208.38
3910 O IDEN !s2=200.38
3491 O IDEN 1s2=181.57
3370 O IDEN !s2=182.16
test.rep 2

test O DIAG 28.1 16.0 11.1 54.8 35.4 12.6 11.0 9.26 27.5 33.5
rep O IDEN

test.female 2

test 0 FA1l !GP

10*0.9

6.7 6.8 14.7 6.0 10.3 11.0 1.6 1.8 3.7 2.2
female O AINV
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Appendix 5. Continued

test.cross 2

test O FA1l IGP

10*0.9

14.7 14.9 30.7 10.7 14.3 24.3 10.4 21.5 19.3 16.4
cross O IDEN

IPART 5

I FA structure

1Step 0.001 Islow

$B ~ mu test Ir test.rep test.female -test.male
and(test.male) test.cross

10 1 3

3777 O IDEN 1s2=150.10
3336 O IDEN !s2=197.44
3533 O IDEN 1s2=185.72
4144 0O IDEN 1s2=155.68
4109 O IDEN !s2=156.59
4166 O IDEN 1s2=149.74
2637 O IDEN !s2=208.38
3910 O IDEN !s2=200.38
3491 O IDEN 1s2=181.57
3370 O IDEN !s2=182.16
test.rep 2

test O DIAG 28.1 16.0 11.1 54.8 35.4 12.6 11.0 9.26 27.5 33.5
rep O IDEN

test.female 2

test 0 FA2 IGP

0.97 0.72 0.97 0.97 0.99 0.95 0.21 0.99 0.90 0.99

0.00 -0.38 -0.13 -0.18 1.05E-08 0.23 0.80 0.11 8.27E-02 1.05E-
08

10.11 8.17 11.33 11.62 13.47 10.70 0.22 5.43 6.76 0.61

female O AINV

test.cross 2

test 0O FA2 IGP

0.84 0.76 0.82 0.99 0.99 0.87 0.85 0.84 0.89 0.81

0.00 0.54 0.53 9.26E-02 0.20 0.38 0.22 0.32 0.39 0.55

17.54 18.08 34.57 12.41 16.10 28.00 12.90 25.52 22.62 21.59

71



Appendix 5. Continued

cross 0O IDEN

IPART 6

I XFA structure

1Step 0.001 Islow

$B ~ mu test I!r test.rep xfFa(test,l).female -

xfa(test,1l).male and(xfa(test,1l).male) xfa(test,l).cross

10 1 3

3777 O IDEN !1s2=150.10
3336 O IDEN !s2=197.44
3533 O IDEN 1s2=185.72
4144 O IDEN !s2=155.68
4109 O IDEN !s2=156.59
4166 O IDEN 1s2=149.74
2637 O IDEN 1s2=208.38
3910 O IDEN !1s2=200.38
3491 O IDEN 1s2=181.57
3370 O IDEN !s2=182.16
test.rep 2

test O DIAG 28.1 16.0 11.1 54.8 35.4 12.6 11.0 9.26 27.5 33.5

rep O IDEN

xfa(test,1l).female 2

xfa(test,1) 0 XFAl IGP

0.49 3.83 0.62 0.94 0.00 0.60 0.23 O
3.19 2.08 3.42 3.36 3.92 3.54 0.23 2
female 0 AINV

xfa(test,l).cross 2

xfa(test,1) 0 XFAl IGP

0.39 2.87 2.00 0.12 0.38 2.31 3.0
4.31 3.86 5.67 3.44 3.96 5.19 3.2
cross O IDEN

1PART 7

1 XFA

1Step 0.001 Islow

$B ~ mu test !r test.rep xfFa(test,l).female -

xfa(test,1l).male and(xfa(test,1l).male) xfa(test,2).cross
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Appendix 5. Continued

10 1 3

3777 O IDEN 1s2=150.1
3336 O IDEN !s2=197.44
3533 O IDEN 1s2=185.72
4144 O IDEN !s2=155.68
4109 O IDEN !s2=156.59
4166 O IDEN 1s2=149.74
2637 O IDEN 1s2=208.38
3910 O IDEN !s2=200.38
3491 O IDEN 1s2=181.57
3370 O IDEN !s2=182.16
test.rep 2

test O DIAG 28.1 16.0 11.

rep O IDEN

xfa(test,l).female 2
xfa(test,1) 0 XFAl IGP
0.49 3.83 0.62 0.94 0.00
3.19 2.08 3.42 3.36 3.92
female 0 AINV

xfa(test,2).cross 2
xfa(test,2) 0 XFA2 IGP
0.42 1.88 0.00 0.00 0.00
4.32 4.86 6.81 3.45 3.59
0.00 1.15 1.54 2.31 3.05
cross 0 IDEN

TPART 8
1 XFA

1Step 0.001 Islow
$B ~ mu test Ir

10 1 3

3777 O IDEN 1s2=150.10
3336 O IDEN 1s2=197.44
3533 0O IDEN 1s2=185.72
4144 0O IDEN 1s2=155.68
4109 O IDEN !1s2=156.59
4166 O IDEN 1s2=149.74

NOTN

54.

.60
.54

.43
.13
.76

35.

.23
.23

.66
.73
.47

W ww

12.

.00
.41

.25
.91
.17

N AR

11.

.16
.53

.14
.59
.60

0 9.26 27.5 33.5

0.83
4._86
1.67

test.rep xfa(test,2).female -
xfa(test,2).male and(xfa(test,2).male) xfa(test,l).cross
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Appendix 5. Continued

2637
3910
3491
3370

test
test

0
0
0
0

IDEN
IDEN
IDEN
IDEN

.rep 2

O DIAG 28.1 16.0 11.1 54.8

rep O IDEN

15s2=208.
152=200.
1s2=181.
1s2=182.

xfa(test,2).female 2
xfa(test,2) 0 XFA2 IGP

0.40 2.86 0.37 0.00 0.00 0.34 O.
3.08 1.23 2.83 1.77 2.81 3.38 1.
0.00 -1.48 -2.04 -2.68 -2.59 -1.
female 0 AINV

xfa(test,l).cross 2
xfa(test,1) 0 XFAl IGP
0.39 2.87 2.00 0.12 0.3
4.31 3.86 5.67 3.44 3.9
cross O

TPART 9
I XFA
1Step 0.001
$B ~ mu test

IDEN

10 1 3

3777 O IDEN
3336 O IDEN
3533 O IDEN
4144 0O I1DEN
4109 O IDEN
4166 O IDEN
2637 O IDEN
3910 O IDEN
3491 O IDEN
3370 O IDEN
test.rep 2

Islow

38
38
57
16

35.

20
39
87

06
24

~Nwo

12.6 11.0 9.26 27.5 33.5

.00 1.00 0.00
.29 3.10 2.18
.54E-01 -1.24 -1.42 -0.30

.59 1.10 1.16
.69 4.72 4.57

Ir test.rep xfa(test,2).female -
xfa(test,2).male and(xfa(test,2).male) xfa(test,2).cross

15s2=150.
1s2=197.
1s2=185.
15s2=155.
152=156.
152=149.
152=208.
152=200.
.97
152=182.

1s2=181

1

44
72
68
59
74
38
38

16

test O DIAG 28.1 16.0 11.1 54.8 35.4 12.6 11.0 9.26 27.5 33.5
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Appendix 5. Continued

rep O IDEN

xfa(test,2).female 2
xfa(test,2) 0 XFA2 IGP

0.40 2.86 0.37 0.00 0.00 0.34 O.
3.08 1.23 2.83 1.77 2.81 3.38 1.
0.00 -1.48 -2.04 -2.68 -2.59 -1.
female O AINV

xfa(test,2).cross 2
xfa(test,2) 0 XFA2 IGP

0.42 1.88 0.00 0.00 O.

4.32 4.86 6.81 3.45
0.00 1.15 1.54 2.31

Cross

'PART 10

I US

0

IDEN

1Step 0.001

$B ~ mu test
and(test.male) test.cross

10 1 3
3777
3336
3533
4144
4109
4166
2637
3910
3491
3370

[cNeololoNoNoNoNoNoNe)

I1DEN
I1DEN
IDEN
I1DEN
IDEN
IDEN
I1DEN
IDEN
IDEN
I1DEN

test.rep 2
test O DIAG 28.1 16.0 11.1 54.8 35.4 12.6 11.0 9.26 27.5 33.5
rep O IDEN

Islow
Ir test.rep test.

15s2=150.
152=197.
1s2=185.
15s2=155.
15s2=156.
152=149.
15s2=208.
152=200.
1s2=181.
152=182.

3.
3.

1

44
72
68
59
74
38
38
57
16

00 2.43
59 5.13
05 2.76

NNDN

20
39
87

66
73
47

www

.00 1.00 0.00
.29 3.10 2.18
.94E-01 -1.24

.25 1.14 0.83
.91 4.59 4.86
.17 2.60 1.67

female -test.male

-1.42 -0.30
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Appendix 5. Continued

test.female 2

test O US !
10.86

05.67 7.90
11.43 8.16
09.20 6.75
11.37 7.10
12.59 7.86
03.87 2.40
10.43 5.64
10.14 6.07
06.62 4.34

+55

14.
10.
12
14.
04.
11.
11.
08.

female 0 AINV

test.cross 2
test O US !

16.
14.
21.
13.
14.
18.
.13
16.
17.
16.

11

05
99
00
23
82
38

26
10
15

17.
20.
12.
13.
17.
11.
14.
15.
15.

cross O

16
77
24
42
75
17
17
23
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Appendix 6. The following SAS code was used for plotting BLUP values of parents and
families against sites to understand GxE interaction, rank changes, obtained from Model 8
(XFA2 model and XFA1 model of the GCA and SCA genetic effects, respectively)

data FA._predict;

length test $ 8. genotype $ 8. BLUP 8. SE 8. ;

infile "&folder\parent_BLUPc.csv" dsd missover firstobs=2
Irecl=55000;

input test genotype BLUP SE ;

run;

data pred ; set FA._predict;
if test=1 then loading=2.18;
if test=2 then loading=0.58;
if test=3 then loading=1.86;
if test=4 then loading=0.60;
if test=5 then loading=1.59;
if test=6 then loading=2.39;
if test=7 then loading=1.26;
if test=8 then loading=2.49;
if test=9 then loading=2.24;
if test=10 then loading=1.83;
run;

/* SAS general options */
options helpbrowser=sas;

/* General graphics options */
GOPTIONS reset=global htext=1.6 vsize=10 hsize=10;

AX1S1 LABEL = (ANGLE=90 ) MINOR=NONE ;

AXI1S2 LABEL = ("Environmental Loadings®) MINOR=NONE
order=(2.18 0.58 1.86 0.60 1.59 2.39 1.26 2.49 2.24

1.83);

symboll v=dot i=join r=160;

run;

proc gplot data=pred;

where loading in(0.58, 1.59, 2.49);
plot BLUP*loading=genotype /nolegend ;
run;



Appendix 6. Continued

proc gplot data=pred;

where loading in(0.58, 1.26, 2.49);
plot BLUP*loading=genotype /nolegend ;
run;

proc gplot data=pred;

where loading in(2.18, 0.58, 1.86, 0.60, 1.59, 2.39, 1.26,
2.49, 2.24, 1.83);

plot BLUP*loading=genotype /nolegend ;

run;

data FA.predict;

length test $ 8. genotype $ 8. BLUP 8. SE 8. ;

infile "&folder\cross_BLUP.csv' dsd missover fTirstobs=2
Irecl=55000;

input test genotype BLUP SE ;

run;

data pred ; set FA_predict;

if test=1 then loading=3.97;
if test=2 then loading=3.79;
if test=3 then loading=5.46;

if test=4 then loading=3.46;
if test=5 then loading=3.86;
if test=6 then loading=4.88;
if test=7 then loading=3.03;
if test=8 then loading=4.19;
if test=9 then loading=4.45;
if test=10 then loading=4.26;
run;

/* SAS general options */
options helpbrowser=sas;



Appendix 6. Continued
/* General graphics options */
GOPTIONS reset=global htext=1.6 vsize=10 hsize=10;

AXIS1 LABEL (ANGLE=90) MINOR=NONE ;

AX1S2 LABEL ("Environmental Loadings®) MINOR=NONE
order=(3.97 3.79 5.46 3.46 3.86 4.88 3.03 4.19 4.45

4.26);

symboll v=dot 1i1=join r=160;

run;

proc gplot data=pred;

where loading In(3.03, 4.19, 5.46 );
plot BLUP*loading=genotype /nolegend ;
run;

proc gplot data=pred;

where loading In(3.03, 5.46);

plot BLUP*loading=genotype /nolegend ;
run;

proc gplot data=pred;

where loading in(3.97, 3.79, 5.46, 3.46, 3.86, 4.88, 3.03,
4.19, 4.45, 4.26 );

plot BLUP*loading=genotype /nolegend ;

run;



Appendix 7. The following R code was used for Biplot of the site loadings and genotype
scores from fitted XFA2 model (Model 8) to the GCA genetic effects.

# Read specific variances and loadings

XFAm <- matrix(scan(*/additive.txt"),10,3)

ss <- svd(XFAm[,-1])

# rotation of site loadings with singular value decomposition
Lam <- XFAm[,-1] %*% ss$v

colnames(Lam) <- c("'Loadl™",'Load2')

# GCA variances for each site

Gvar <- Lam %*% t(Lam) + diag(XFAm[,1])

# loadings on the correlation scale

cLam <- diag(1/sqgrt(diag(Gvar))) %*% Lam
scores <- XFAsIn[,11:12] %*% ss$v
dimnames(scores)<-list(paste("p",1:22,sep=""),
paste("XFA",1:2,sep=""))
biplot(scores|[,1:2],Lam[,1:2])
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Appendix 7. Parent IDs used in the figures and their corresponding TIP (Tree Improvement

Program)IDs

Parent 1Ds TIP IDs
P1 T11164622
P2 T1138245
P6 T1150187
P7 TI1137174
P8 T12387750
P9 T12619739
P11 T1143184
P12 T11123708
P13 T1216059
P14 T12523434
P16 T12751739
P17 T11212177
P18 T11306258
P19 T11940090
P20 T111065116
P21 T11121708
P22 T11532234
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CHAPTER 2

Effects of Patterns of Missing Data and Mating Design on the Genotype Imputation

Accuracy
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Abstract

We used empirical and simulated data sets to investigate the effects of level of missing data,
pattern of missing data and mating design on the accuracy of imputation when using BLUP
(Gengler et al. 2007) and haplotype Hidden Markov Model (HMM) (BEAGLE software,
Browning and Browning et al. 2009) approaches for imputation of missing genotypes. Due to
lack of knowledge of which SNPs were in linkage disequilibrium (LD) with any particular
SNPs that had missing value, only the BLUP approach (given pedigree and molecular data)
was employed for empirical data. Accuracy of imputation was higher for the structured
pattern of missing data at any level of missing data. Regardless of the pattern of the missing
data, imputation accuracy was less than 0.70 when the data had greater than 40% missing
values. Imputation was carried out with BLUP and HMM approaches for the simulated data
set. Imputation accuracy was greater with HMM approach than BLUP approach regardless of
the mating design and level and pattern of missing data. Mating design did not have any
effect on the imputation accuracy for the BLUP approach when the pattern of the missing
data was structured. Also, including parental genotypes in the analysis had no effect on the
imputation accuracies. For the HMM approach, mating design effect became clear on the
imputation accuracy when missing data had an 80% for random missing pattern. Among
three patterns of missing data, imputation accuracy was the highest (0.96) for the evenly-
spaced pattern at 80% missing data. This study demonstrated that the BLUP method is fairly
accurate and fast for imputation of missing genotype with known pedigree information and
balanced data set for current tree breeding programs due to lack of the accurate maps of

marker order for loblolly pine (Pinus taeda L.).
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Introduction

High-throughput SNP genotyping has introduced new analytical approaches to forest tree
breeding programs for genetic evaluations. Costs of high-throughput genotyping have
decreased to the point where it is possible to use molecular genetic markers in applied
breeding programs. However, genotyping is still not reasonable for all populations due to
high cost and logistic limitations (Legarra et al. 2009). For a genotype data with missing
genotypes, imputation is implemented to predict unknown genotypes (Druet and Georges,
2010, Meuwissen and Goddard, 2010, Daetwyler et al., 2011). Genotype imputation is a
statistical method for predicting unobserved genotypes (Browning 2008, Li et al. 2009;
Marchini and Howie 2010, Marchini 2011, Howie et al. 2011) to increase the power of
genome-wide association studies (Browning and Browning 2009, Howie et al. 2011).
Genotype imputation is described as the procedure of predicting genotypes that are not

directly assayed (Marchini and Howie 2010, Marchini 2011) in a subset of individuals.

Several factors such as population structure, linkage disequilibrium, sampling design and
laboratory methods have effects on the patterns of missing data and the ease of imputation

(Sun and Kardia 2008).

In a genotype data set, data can be missing due to genotyping assay failures at some loci in
some samples (Figure 1a), in which there are no clear patterns (Lin et al. 2008, Habier et al.
2009). Many of the imputation programs allow imputing missing genotypes due to assay
failure which is usually very low (Marchini 2011). Genotype call accuracy can be greater

than 0.999 for SNPs in genome-wide association studies (Browning and Yu 2009).
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Missing genotype data can be due to by design (not directly assayed) as a result of lowering
the cost. The pattern can be structured such a way that some individuals do not have any
genotype for all the loci (Figure 1b). The goal is to genotype a subset of population for high
density markers and genotype a larger subset of population for low density markers (Lin et
al. 2008, Habier et al. 2009).

There are two major imputation methods to infer missing genotypes. The first is using
linkage (family based) and the second is using LD (population based) information.
Imputation methods depending on known relationships between individuals exploit linkage,
capturing the identical by descent (IBD) information in the pedigree structure. Imputation
methods depending on unknown relationships in population use linkage disequilibrium
among flanking markers (Johnston et al. 2011). There are also other methods which use both
linkage and LD information.

In the presence of a reference panel, unobserved genotypes in the study sample are predicted
based on the haplotype patterns in the reference panel (Howie et al. 2011). The accuracy of
imputation is using a reference panel is affected by similarity of haplotypes in the study
sample and reference panel (Huang et al. 2009). The allele frequencies and levels of linkage
disequilibrium (LD) in the study sample (Huang et al. 2009). Marchini and Howie (2010)
investigated the effect of reference panel, study sample and genotyping chips on the
imputation accuracy. They concluded that minor allele frequency, reference panel size,
genotyping chip design have effect on the imputation accuracy. Also, genetic differences
between study sample and reference panel affects the accuracy of imputation (Marchini

2011).

85



Imputation can be carried out using only the information contained within the dataset of
interest, or in the presence of a reference panel of haplotypes using it. Such a reference panel
and genetic map is available for few if any forest tree species (Neale and Kremer 2011),

although that situation is likely to change within the next few years.

The extent of linkage disequilibrium is very important in genome-wide association studies.
Due to LD among nearby markers, non-genotyped SNP markers might be correlated with one
or more nearby genotyped markers (Servin and Stephens 2007). Imputed genotypes are
given probabilistic instead of discrete and using probabilistic allele counts without
transforming to a discrete value is suggested to prevent loss of information particularly when

the allele is less common (Li et al. 2009).

Many methods and software packages used for genetic evaluations require complete
genotype data. In a genotype data set, some individuals might have some missing genetic
markers, even if the missing rate per marker is low (Yu and Schaid et al. 2007). This
compromises association analyses, with varying numbers of subjects contributing to analyses
when performing single-marker or multi-marker analyses (Yu and Schaid et al. 2007).
Dropping the individual or locus records in which these missing values occur is an option,
but it is not desired because it is not cost-effective to drop individuals that are missing data at
any one of the loci being analyzed. Also, it causes loss of valuable information and decreases
power. In the extreme case in which all marker loci in the genome are analyzed at once, the
approach of excluding individuals with missing genotype data can mean discarding hundreds

or thousands of correct data values in order to remove a few missing values. Therefore
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imputation of missing genotypes is very important to avoid losing information and

decreasing the power of a study (Sun and Kardia 2008).

The objective of this study was to test the effects of
1. levels and patterns (sporadic and structured) of missing genotypes
2. mating design (double-pair and half-diallel )
3. statistical approach (mixed model BLUP and BEAGLE parent-offspring trio)
on the accuracy of imputation using empirical data from a loblolly pine breeding

population as well as simulated data.
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Materials and Methods

Data

In this study, actual and simulated were used to investigate the accuracy of imputation. The
actual data used for the analysis had 178 cloned individuals genotyped at 3461 biallelic SNP
markers. Complete pedigree was available for the actual data. A total of 13 families, that
were mostly single-pair mating design were obtained using 15 parents as female and male
(Figure 1). Number of cloned individuals per crosses ranged from 1 to 39.

The simulated data set was designed to mimic a tree breeding population for two different
mating designs, double-pair mating design and half-diallel mating design. Simulated data
were generated using an R script. For genome, 12 chromosome 1500 cM long was simulated.
In total, 3500 biallelic SNP markers were distributed at random across the chromosome with
equal allele frequency. 10 QTL loci out of 150 QTL were randomly chosen to be SNP QTL.
For the half diallel mating design, with 21 parents, 210 full-sib families were generated to
produce 14 progeny per family. For the double-pair mating design, 60 parents were crossed
to obtain 120 families of 24 progeny. For the simulation scenario all parents and offspring

genotype map positions were known.

Imputation with BLUP approach using pedigree

In a pedigreed population, missing genotype of individuals can be predicted by imputation
(Ellinghaus et al. 2009). Gengler et al. (2007) described a method to impute missing
genotypes of an individual using numerator relationship matrix (A). Pedigree information

and all available genotype values for a given locus is an alternative approach to impute
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missing genotypes when LD information among SNPs is not a choice (Gengler et al. 2007).
The method described by Gengler et al. (2007) predicts conditional expectations of gene
contents for non-genotyped individuals based on available genotypic information of relatives.
Linear model methods for estimating genomic relationships and genetic values from SNP
genotype data utilize numerically coded SNP genotypes (Figure 2b) rather than the
nucleotide alleles provided by most genotyping services (Figure 2a). The number of copies
of a particular allele (say B2) in a genotype (N,=0, 1, 2 for diploids) is referred to as the gene
content (Lynch and Walsh 1998). Gene content can be used to study additive gene action of a
candidate gene. Under the assumption of no additive interaction of an allele with all other
alleles, the relationship between the gene content and the genotypic value will be nonlinear

(Lynch and Walsh, 1998).

As an imputation method, we followed Gengler et al. (2007) mixed model BLUP approach.
In the first step, marker genotypes were converted to gene contents based on minor allele
frequencies. Gene content was treated as the dependent variable in a mixed model approach.
This method relies on of genetic covariance among relatives, namely the covariance between
gene contents is linear and proportional to the additive relationship between individuals
(Gengler et al. 2007). Genetic covariance occurs because two related individuals have alleles

that are identical by descent (IBD).

In this method, a single biallelic locus with alleles A and a was considered. If we assume the
q (0, 1 or 2) is the number of copies of allele (gene content) for a genotyped individual the

expected value of g, for a progeny of genotyped parents is E(qp) = 0.5(qs+0q), where dp, s,
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and qq are the contents of allele A for progeny, sire and dam, respectively. The gene content
(q) of genotyped individuals can be replaced by its deviation (d) from the population mean
(1), d = g-p. Then the expected gene content of a progeny of genotyped parents is E(qp) = 1t

+ (ds + dg)/2, where gs=ds + 1 and gq=dg + p (Gengler et al. 2007).

If a mother has not been genotyped, her expected value is replaced by population mean, g4 =
K. And if a genotyped relative is not a parent or offspring, the expected values of q can be
obtained as: if maternal grand-sire (mgs) has been genotyped, the expected value of ¢ for
mother is E(fg|dmgs) = 1 + 0.5dmgs because the mother receives half of its genes from its

parents, and the expectation for progeny is E(qp|ds,dmgs) = 1 + 0.5ds + 0.250mgs.

The following linear mixed model was used to predict allele gene contents for empirical and

simulated genotype data
[1] y=Xb+Mu+e

where y is the vector of gene content with nx1, b is intercept with 1xn dimension, and u is
individual tree effect with txt. The X is the design matrix (vector of 1s) for the mean, M is
the design matrix connecting trees to the gene content vector y, and e is the error variance.
The solutions of mixed model equations produce predicted allele gene contents for trees with
missing genotypes. The solutions would be continuous in nature, centered on 1 since the gene

content number could be 0, 1 or 2. In matrix format the same model can be presented as

_[Yay
y| — M’qy

=

[1’1 1M ]
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Q, Qo

»
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where dy is a vector of gene content deviations for trees with genotype records, dy is a vector
of gene content deviations for trees with no genotype records , M is incidence matrix linking
gy to dy and dy and A is the additive relationship matrix. A matrix can be separated into sub-

Ayy Ay

], where Ayy is the sub-matrix of covariances among trees with
AXY AXX

matrices as A = [

known genotypes, Axx is the sub-matrix of covariances among trees with unknown genotypes
and A,y and Ay are the covariances between trees with known and unknown genotypes. And
A is the shrinkage factor, a ratio of error and additive genetic variance (A = o2%/03%). We
were not interested in estimation of variances but a small error variance is needed to solve the
mixed model equations. The authors suggest an error variance of 0.001. Setting A equal to
0.01 or less value allows accounting for possible genotyping and pedigree errors (Gengler et

al. 2007). The analysis was carried out in ASReml software (Gilmour et al. 2009).

Imputation with BEAGLE (parent-offspring trios)

For simulated data, we used a haplotype hidden Markov model conditional on observed
genotype data to infer haplotype phase and impute non-genotyped markers in unrelated
individuals and parent-offspring trio data (Browning and Browning 2009). The hidden
Markov model (HMM) employed by BEAGLE doesn't model recombination and mutation
(Browning and Browning 2011). The model clusters similar haplotypes at each locus and
defines a HMM to find the most likely haplotype pairs conditional on observed genotype
data. Missing genotypes are imputed based on these haplotypes. The number of clusters
varies depend on the sample size and linkage disequilibrium (LD) (Browning and Browning

2011). Imputation was performed with BEAGLE 3.0 package (Browning and Browning
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2007) with default settings. BEAGLE is computationally efficient and relies on genotypes
nearby markers when imputing a missing genotype (Li et al. 2009). The trio option in
BEAGLE was used, since our simulated data structure was appropriate (known parents and
progeny). The HMM algorithm requires the order of markers on the chromosomes or map
position of all markers. We did not have genetic map of loblolly pine and thus we did not

analyze empirical data with BEAGLE.

Comparison of Models
Allele content values imputed by the BLUP method are continuous rather than discrete, so
accuracy of imputation was assessed by correlation (r) of the true allele contents with the

imputed values. BEAGLE was not tested on the empirical data because it requires the map

position of all SNPs, and not all SNPs in the empirical dataset have been mapped. Genotype

values imputed by BEAGLE are discrete, so accuracy of imputation was assessed as percent

(%) correctly imputed values relative to the true values. Results for the simulated data were

given as the average of three replicates.
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Results

Results from BLUP approach

Empirical data

Accuracy of the imputation (r) between imputed allele content values and true values was
higher for the structured missing pattern (ranged from 0.96 to 0.23) of missing data than for
the random pattern (ranged from 0.95 to 0.12) for any level of missing genotypes (Figure 4).
Imputation accuracies decreased as the percent level of missing genotypes increased
regardless of the pattern of the missing data. The dramatic change in imputation accuracy
between structured and random pattern of missing genotypes in the actual data was observed

when missing data had more than 40% missing values.

Simulated data

For simulated data set, we observed that mating design (half-diallel and double-pair) had
almost no effect on the accuracy of imputation (Figure 5). Imputation accuracies (r) between
imputed allele content values and true values were virtually the same for the mating designs,
regardless of the level of the missing data for the structured pattern. Imputation accuracy was

0.95 at 20% missing data, but dropped to 0.75 at 80% missing data.

For the BLUP approach, we also evaluated the effect of having parental genotypes in the data
on the imputation accuracy for two patterns (random and structured) of missing data when
mating design was half-diallel (Table 1). Having parental genotypes had nearly no effect on

the imputation accuracy regardless of the pattern of missing data. Also random and structured
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pattern of missing data gave the same imputation accuracies when mating was the half-

diallel.

Results from HMM approach

Imputation accuracy (% correctly imputed) was greater than 0.98 for datasets with up to 60%
random missing values for both mating designs (Figure 6). However when genotype data
had 80% missing data, the mating design showed a noticeable effect on the imputation
accuracy. Imputation was 0.82 and 0.91 for double-pair and half-diallel mating designs,

respectively, at 80% missing data.

Imputation accuracy was not affected by mating design (half-diallel and double-pair) when
the pattern of the missing data was evenly-spaced at 80% missing data (Figure 7). However,
when pattern of the missing data was random, the accuracy of imputation was affected the
mating design. For random pattern missing data, imputation accuracy was 0.91 and 0.82 for
half-diallel and double-pair mating designs, respectively, at 80% missing genotype data.

The effect of random, structured and evenly spaced patterns of missing genotypes on the
accuracy of imputation was evaluated for half-diallel mating design at 10% and 80% missing
genotype data (Figure 8). Among the patterns of missing data, structured pattern of missing
data had the lowest imputation accuracy. Imputation accuracy was not noticeably different at
10% missing. However, we observed a dramatic decrease on the imputation accuracy for the
structured pattern at 80% missing marker dataset. Among the missing data patterns, the

evenly-spaced pattern gave the highest imputation accuracy when 80% of the markers were
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missing in the progeny genotype data. Imputation accuracies were 0.73, 0.91 and 0.96 for

structured, random and evenly spaced patterns, respectively at 80% missing data.

Computational demands:

The BLUP approach was reasonably fast in ASReml software using the CYCLE qualifier.
One limiting factor for the CYCLE qualifier was that not all marker data were run
simultaneously to impute missing genotypes. The best way to run the program was splitting
marker data in several sub files. With this method the time required for imputation did not
change with the level of the missing data as suggested by Gengler et al. (2007). BEAGLE
software imputed missing genotypes on chromosomes individually and each chromosome
was imputed separately. In this study we used the BEAGLE trio option. We observed that
imputation time increases as the level of missing data and effective population size (21

parents vs. 60 parents) increased.
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Discussion

In application of markers for predictions of genetic merit missing genotypes is a limiting
factor in terms of power and methodology for the estimation of genomic estimated breeding
values. Software used for predictions require complete genotype data. Missing genotype
could be due to having a subset of the population not being genotyped or it could be due to
random missing genotype information of some individuals at some loci. Most software
available for imputation requires genetic map of the order of marker loci. Since a loblolly
pine genetic map has not been completed, we explored methods that can use information

from the data set itself, such as using pedigree to estimate missing genotypes.

We used the BLUP method described by Gengler et al. (2007) to investigate the effect of
pattern and level of missing data on the accuracy of imputation given the pedigree and
genotype data. The proposed method predicts gene contents for bi-allelic markers, such as
SNPs using a mixed model given pedigree and genotype data (BLUP method). For empirical
data, we found that imputation of missing genotypes using the numerator relationship matrix
and mixed model was relatively more powerful when the pattern of missing data was
structured (all genotypes missing) than random pattern with the same levels of missing data.
As the proportion of missing genotypes increased in the data, the power of imputation
decreased. The empirical data used for imputation was highly unbalanced where the number
of clones per family ranged from 1 to 39. The BLUP method was not suitable for imputation
of random missing genotypes when family sizes were unbalanced. With simulated data set, it

was observed that the imputation accuracy was less affected by the distribution of missing
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genotypes in a balanced mating design with families of equal size. We also found that
including parental genotype data in the analysis did not have any effect on the imputation
accuracy for the data generated for half-diallel mating design when the patterns of missing
data were random and structured. Similarly, Gengler et al. (2007) using simulated data set for
real bovine pedigrees found that imputation accuracy increased as the proportion of missing
data decreased. Imputation accuracies were 0.67 and 0.54 at 50% and 90% missing data
when the pattern of missing data was structured. In another study, using cross validation data
set on 961 sires, allele gene content imputation accuracy was 0.93 (Gengler et al. 2008). The
accuracy of the gene content predictions depends on the pedigree structure (Gengler et al.
2008). To investigate the accuracy of genomic selection when using predicted genotypes to
increase the reference population, Pszczola et al (2011) employed Gengler et al. (2007)
method to predict 1000 additional non-genotyped individuals' gene contents. However, they
found that adding individuals with imputed genotypes did not have effect on the accuracy of

genomic estimated predictions.

In dairy cattle breeding, due to high linkage disequilibrium as a result of small effective
population size, (3K) low-density SNP panel can be imputed to obtain (50K) high-density
SNP panel with very high accuracy (low error rates) (Hayes et al. 2011). Calus et al. (2011)
compared the effect of pattern of missing genotypes on the accuracy of imputation for low
and high density marker data using information from surrounding markers as a correlated
trait with a multivariate mixed model (BLUP method) using simulated data. This method was

an extension of the method described by Gengler et al. (2007) including information from
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flanking markers. In the same study, imputation accuracy of the proposed method was
compared with BEAGLE and fastPhase for random and evenly-spaced pattern of missing
data, where BEAGLE assumed animals were unrelated. They found that BEAGLE was
superior for high density SNP data, however for low density marker data and when LD was

low among flanking markers the proposed method using pedigree was superior.

Even though the BEAGLE approach requires a parent-offspring trio reference panel for
imputation of structured pattern of missing data, we imputed structured missing genotypes
assuming random missing pattern. Among three patterns of missing data, imputation
accuracy was the lowest for structured missing data at 10% and 80% levels of missing data.
BEAGLE was accurate enough to allow implementation of evenly spaced genotyping
strategies for some mating designs at very low density genotyping. BEAGLE is a data
dependent program which uses a local-haplotype cluster model and as a result BEAGLE use
the actual LD in the data (Browning and Browning 2007). In the presence of pedigree,
imputation accuracy can be increased by tracking the chromosome segments within families

(Habier et al. 2009, Hayes et al. 2011).

The cost of genotyping is still not reasonable in forest tree breeding programs. Therefore,
genotype imputation is powerful statistical tool to reduce the cost by genotyping a large
subset of the population for a low-density SNP marker panel and relatively small subset of
the population for high-density panel. The BLUP method was fast and reasonably accurate
for imputation of genotypes missing due to random or structured pattern, depending on the

level of missing data and data structure (unbalanced or balanced data). BLUP is currently the
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choice of imputation method for current tree breeding programs. However, based on the
simulation data results, when the accurate maps of marker order are available for the species
of interest (loblolly pine), evenly-spaced genotyping in progeny and high-density genotyping

in the parents, the trio option in BEAGLE is a good option in tree breeding programs.
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Conclusion
For empirical and simulated data sets, imputation accuracy decreased as the level of missing
data increased regardless of the method of imputation, level (percent missing) and pattern

(random, structured) of missing data and mating design.

Accuracy of imputation from the BLUP method for empirical data set was higher for the

structured pattern of missing data at any level of missing data.

For simulated data set, imputation accuracy was greater with the HMM (BEAGLE parent-
offspring trio) than with the BLUP approach regardless of the mating design and level and
pattern of missing data. Mating design (half-diallel and double-pair) did not have any effect
on the imputation accuracy for the BLUP approach when pattern of the missing data was
structured. For the HMM approach, the mating design effect became clear on the imputation
accuracy when missing data was at 80% for random missing pattern. Among three pattern of
missing data, imputation accuracy was the highest (0.96) for evenly-spaced pattern at 80%
missing data. For the comparison of mating design effect on the imputation accuracy when
the pattern of the missing data was evenly-spaced, we found that mating design had no effect

on the imputation accuracy.
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Table 1. Effect of having parental genotypes on the imputation accuracy (r) using simulated

data generated as half-diallel mating design when the sampling is random and structured.

Structured Sampling Random Sampling

% missing %10 %20 %40 %60 %80 %10 %20 %40 %60 %80

Parent+progeny 0.97 094 089 082 0.75 097 0.95 0.89 082 0.75

progeny 097 094 088 082 074 097 095 0.89 0.82 0.75
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Figure 1. Pedigree structure of 178 cloned trees. Letters refer to nine family full-sib ID's. Squares with OP were unknown male

contribution (wind-pollinated). Numbers refer to 13 half-sib ID's. Number of cloned trees per family ranged from 1 to 39.
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a) Sporadic missing genotypes

clone parentl parent2 M1 M2 M3 M4 M5 M6 M7 M8 M9 MI10
26 1 12 NA GG NA AG AG AC AA AA AA NA
27 1 12 AG NA GG AA AG AC AG NA AA NA
28 1 12 AG GG GG AA NA AC AG NA AA AA
29 1 12 GG NA AG AG GG CC NA AA AA AA
30 1 12 GG GG NA AG AG NA AG AA AA NA
b) Structured missing genotypes (non-genotyped)
clone parentl parent2 M1 M2 M3 M4 M5 M6 M7 M8 M9 MI10
26 1 12 GG GG GG AG AG AC AA AA AA AA
27 1 12 NA NA NA NA NA NA NA NA NA NA
28 1 12 AG GG GG AA AG AC AG AA AA AA
29 1 12 GG GG AG AG GG CC AG AA AA AA
30 1 12 NA NA NA NA NA NA NA NA NA NA

*NA: missing genotypes.

Figure 2.Patterns of missing genotypes in given data due to assay failure: sporadic missing

genotypes (a) or by design: structured missing genotypes (b)
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a) Genotype data

clone parentl parent2 M1 M2 M3 M4 M5 M6 M7 M8 M9 MI10
26 1 12 GG GG GG AG AG AC AA AA AA AA
27 1 12 AG GG GG AA AG AC AG AA AA AA
28 1 12 AG GG GG AA AG AC AG AA AA AA
29 1 12 GG GG AG AG GG CC AG AA AA AA
30 1 12 GG GG GG AG AG AC AG AA AA AG

b) Gene content of 10 loci using minor allele frequency for loci

Clone parentl parent2 M1 M2 M3 M4 M5 M6 M7 M8 M9 MI10
26 1 12 0 0 0 1 1 1 0 0 0 0
27 1 12 1 0 0 2 1 1 1 0 0 0
28 1 12 1 0 0 2 1 1 1 0 0 0
29 1 12 0 0 1 1 0 0 1 0 0 0
30 1 12 0 0 0 1 1 1 1 0 0 1

Figure 3. Schematic presentation of marker genotypes for 10 loci (M1 to M10) for each tree
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Figure 4. Accuracy of imputation (r) between imputed allele content values and true values
for empirical data when sampling was sporadic or structured. Allele content values were
imputed by the BLUP method using pedigree. Accuracy of imputation between imputed
allele content values and true values are higher for the structured pattern of missing data than

for the random pattern.
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Figure 5. Accuracy of imputation (r) between imputed allele content values and true values
for simulated data from half-diallel and double-pair mating designs when sampling was
structured for different levels (missing genotypes ranged from 10% to 80%). Allele content
values were imputed by the BLUP method using pedigree. Accuracy of imputations between
imputed allele content values and true values are virtually equivalent for the two patterns of

mating design and for different levels of missing genotypes.
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Figure 6. Allele content values were imputed by haplotype analysis of parent-offspring trios
using BEAGLE software for simulated data from half-diallel and double-pair mating designs
when sampling was random. Accuracy of imputation was assessed as percent correctly
imputed values relative to the true values. Imputation accuracy is >0.98 for datasets with up

to 60% random missing genotypes for both mating designs.
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Figure 7. Effect of random and evenly-spaced patterns of missing genotypes on the accuracy
of imputation for half-diallel and double-pair mating designs at 80% missing genotype data
when imputation was carried out with BEAGLE software. For the evenly-spaced pattern of
missing data, the imputation accuracy was ~0.96 and was not affected by mating design at

80% missing data.
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Figure 8. Effect of random, structured (non-genotyped) and evenly spaced patterns of
missing genotypes on the accuracy of imputation, evaluated as percent correctly imputed
values relative to the true values, for half-diallel mating design at 10% and 80% missing
genotype data when imputation was carried out with BEAGLE software. For evenly spaced

pattern of missing data, the imputation accuracy was the highest (0.96) at 80% missing
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Appendix 1. ASReml job file used for the imputation of missing genotypes with Gengler et
al. (2007) approach

TARGS 1
Title: Imputing missing genotypes using A matrix.
#clone,parl,par2,M1,M2,M3,M4,M5,M6,M7 ,M8,M9,M10
#26,1,12,0,0,0,1,1,1,0,0,0,0
#27,1,12,1,0,0,NA,1,1,1,0,0,0
clone 1P
parl Ly
par2 Ly |
M1 M2 M3 M4 M5 M6 M7 M8 M9 M10

0 pedigree.txt !SKIP 1 Isort

1 genecontent.csv !SKIP 1 IDOPATH $A

PPRPOO~NOOPMWNE

12 IPART 1

13 ICYCLE M1 M2 M3 M4 M5 M6 M7 M8 M9 M10
14 $1 ~ mu 'r clone

15 111

16 0 1S2 ==.001

17 clone 1

18 clone 0 AINV 0.1 IGF

Explanation of the ASREML code

13 ICYCLE qualifier and $1 process markers one by one and
Create one prediction file (.slIn)

15 1 1 1 indicates there is one R structure with 1 dimension
and there is 1 G structure

16 152==_001 fixes the error variance to 0.001

18 AINV explicitly requests to use the A i1nverse derived
from pedigree and 0.1 !GF fixes the clonal variance to
0.1
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Genetic Prediction Using Pedigree and Genomic Relationships in a Cloned Population
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Abstract

A cloned population of loblolly pine (Pinus taeda L.) and simulated data set was used to
compare accuracies of genomic estimated breeding values based on the blended genomic and
pedigree relationship matrix (H) with the estimates based on the additive genetic relationship
matrix (A) derived from pedigree via the BLUP method. The genomic relationship matrices,
G were constructed with different allele frequencies and combined with numerator
relationship matrix (A) for the construction of H matrix. The effect of these G matrices on
genomic estimated breeding values (GEBVSs) and variance components was also evaluated.
For the empirical data, the accuracy of predictions based on ABLUP matrix had accuracy of
0.79 and ranged from 0.72 to 0.76 among HBLUP methods. For the simulated data set, the
accuracy of the predictions was 0.65 for ABLUP model and 0.68 and 0.73 for HBLUP when
300 and 600 individuals were used for the construction of G matrices, respectively. The
accuracy of predictions was the same for all G matrices. Also, as the genotyped population

size increased the accuracies increased.
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Introduction

Genomic data has been used in animal breeding programs for genetic evaluations in addition
to phenotypic and pedigree data. Two general methods have been used to estimate genomic
breeding values: 1) estimating individual SNP marker effects simultaneously and 2) using a
genomic relationship matrix (VanRaden et al. 2009, Misztal et al. 2009, Legarra et al. 2009).
These models show differences from each other due to prior distribution of the marker effects

(Meuwissen et al. 2001).

Even though these methods are very promising, extensive genotyping is not reasonable for all
populations due to high cost and logistic limitations (Legarra et al. 2009). As a result,
genomic evaluations are often implemented as a multi-step (two- or three-step) procedure
where, first, data are obtained with a classic genetic evaluation from pedigree and phenotypic
data, then pseudo-phenotype data are used in the second step where the whole genome

assisted selection model is applied (VanRaden et al. 2008).

Genomic evaluation implemented as a multi-step procedure is similar to the classic
evaluation, and has simple steps for predicting genomic values for genotyped individuals
(VanRaden 2008, Hayes et al. 2009, Misztal et al. 2009). There are, however, multiple
potential problems with this multi-step approach. Incorrect parameters such as known
variances and weights and strong assumptions regarding prior distribution of marker effects
may be used in multiple-step procedures (Aguilar et al. 2010), and to date the procedure has
only been implemented with single trait analysis (no multi-trait analysis so far) (Legarra et al.

2009, Gray et al. 2012). In some cases the pseudo-phenotype data may be less accurate due
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to small numbers of progeny for which phenotypic data are available (Vitezica et al. 2011,
Gray et al. 2012). Also, the effects of incorrect parameters and assumptions such on the
genomic evaluation results are difficult to confirm, especially in the presence of selection

(Aguilar et al. 2010).

The multi-step procedure can be simplified by modifying the numerator relationship matrix
A with genomic information (Misztal et al. 2009, Legarra et al. 2009). The mixed model
equations require inverse of the numerator relationship matrix (A™), which is very easy to
construct for large populations (Henderson 1976). Even though A™ is a sparse matrix,
inversion of the modified matrix is likely to be difficult for large populations, because A is a
dense matrix and is too large to store for large pedigrees (Misztal et al. 2009). One way to
modify the A matrix is to substitute the relationships of genotyped individuals with the
genomic relationship matrix G, but this can result in incoherencies because G includes
information on relationships among ancestors and descendants (Legarra et al. 2009). Ignoring
the genomic information and using pedigree based covariances between non-genotyped and
genotyped individuals also leads to inconsistencies (Legarra et al. 2009). To solve this
problem, Legarra et al. (2009) proposed to condition the genetic value of non-genotyped
animals on the genetic value of genotyped animals via selection index. This is a joint
distribution of genotyped and non-genotyped genetic values as a hybrid pedigree-genomic
relationship matrix H. In the H matrix, which is semi (positive) definite by construction,
genomic information is transmitted to the covariances among all non-genotyped individuals

(Legarra et al. 2009). Misztal et al. (2009) also proposed a single-step computing procedure
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based on a non-symmetric system of mixed model equations that was suitable for millions of
animals. The single-step procedure uses all the available phenotype, pedigree and genotype
data in one step (Aguilar et al. 2010, Chen et al. 2011), eliminates several assumptions and
parameters used in the multi-step procedure, and enables to obtain more accurate genomic
based estimates (Aguilar et al. 2010).The incorporation of genomic relationship matrix into
the numerator relationship matrix allows estimation of breeding values using all phenotypic,

pedigree and genomic information simultaneously (Forni et al. 2011).

Legarra et al. (2009) presented several H matrices, which are based on transmissions from
genotyped individuals to their offspring or selection indexes from genotyped to non-
genotyped individuals. Values in the H matrix have a multivariate distribution due to the fact
that it is constructed based on selection index principles, and uses the assumption that A is
multivariate normal (Legarra et al. 2009). Aguilar and Misztal (2008) presented the method

which computes the sub-matrix of genotyped animals Ay, explicitly.

Genotyping cost is still a bottle-neck in implementation of genomic prediction methods in
forest trees. Combining information from different sources, such as pedigree data available
for all the population and DNA markers available for a subset of individuals in the same
population, can be an attractive strategy to improve predictions accuracies and increase
genetic gain. We used a cloned population of loblolly pine (Pinus taeda L.) to examine the
effect of a hybrid genetic relationship matrix H on prediction accuracies of genetic merit of

trees and compared the results with a traditional genetic evaluation system.
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The objective of this study was to investigate the effect of using a blended genomic and
pedigree relationship matrix (H) on prediction accuracies of height growth in a cloned
loblolly pine population. We also compared the results from empirical data with simulated
data sets via BLUP method. Predicted breeding values and accuracies based on genomic
information were compared with traditional method (based on pedigree). We employed
different genomic relationship matrices, G, for the construction of the H matrix and
evaluated the impact of those G matrices on estimated breeding values (EBVs) and variance

components.
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Materials and Methods

Numerator relationship matrix

The additive genetic relationship matrix, sometimes called the numerator relationship matrix
(A), indicating the additive genetic relationship among individuals, can be calculated from
the pedigree (Mrode 2005). A matrix has elements A;; = 2 ©;;, where ©;; is the coefficient
of coancestry: the probability of two genes to be identical by decent when drawing a gene
randomly from two individuals (Lynch and Walsh 1998). By specifying relationships
between ancestors, parents and offspring via pedigree, all breeding values are predicted on
the same scale and all breeding values are obtained as a single set of rankings (White et al.

2007).

Genomic relationship matrix

Traditional genetic evaluations in animal and tree breeding programs are based on
phenotypic and pedigree data. Genetic markers across the genome can be used to measure
genetic resemblance and might be more accurate than pedigree (VanRaden 2008), by
estimating the proportion of chromosome segments shared by individuals including
identification of genes identical by state that might be shared by common ancestors not
recorded in the pedigree (Forni et al. 2011). While the genomic relationship matrix G
provides the actual proportion of the genome (observed relationships), the numerator
relationship matrix, A gives the predicted proportion of the genome (average relationships)

(Hayes et al. 2009). As a result, a G matrix can account for Mendelian sampling effects that
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distinguish full-siblings within a single family, and can also detect unknown or distant

relationships between individuals (Legarra et al. 2009).

Genomic relationship matrices were constructed by using observed allele frequencies (GOF),
equal allele frequencies (G05), minor allele frequency (GMF) and normalized (GN) allele
frequencies (VanRaden 2008, Forni et al. 2011). Let u, = Za, where u; is a vector of genetic
merit of individuals based on markers, Z is an incidence matrix and a is the SNP marker

effect for an individual i and SNP j with allele frequency p;. If matrix Z is centered by allele
frequencies, then var(u,) = ZZ'o2 = %oﬁ = Go2, where k is the scaling parameter

(k = 2X¥ p;(1 —p;)), which is twice the sum of heterozygosities of the markers and o7,

marker variance (VanRaden 2008).

Joint pedigree and genomic relationship matrix
Misztal et al. (2009) proposed to modify the numerator relationship matrix A with a G
matrix. This modification resulted in an H matrix, which includes both pedigree and genomic

relationships as

0 0
0 G—Az

A11 Ay

Ay, G =A+

[1] H=

where subscripts 1 and 2 stand for non-genotyped and genotyped individuals, respectively,
and G is a genomic relationship matrix. Since off-diagonals in this matrix are not functions
of the G matrix, using G to derive var(u,) but not to derive cov(uy, Uy) is not rational.

Legarra et al. (2009) proposed deriving the joint density of non-genotyped and genotyped
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individuals. The selection index used as a conditional distribution accounts for G to derive
covariances between u; and u, and allows parsimonious inclusion of all information as full
pedigree and genomic relationships. A blended relationship matrix allows a joint evaluation
and all the information is explained automatically in just one step (Legarra et al. 2009).

Let u be a vector of genetic effects. Under a polygenic infinitesimal model of inheritance,
var(u) = Ac?, where A is the numerator relationship matrix based on pedigree. Since there
is no distinction between ancestor and progeny of genotyped individuals, there are two types
of individuals in u: u; non-genotyped individuals and u, genotyped individuals. Then A can
be partitioned as:

All A12
A21 AZZ

A11 A12

with the inverse A™1 =
A21 AZZ

A=

So the joint density of u; and u, would be p(u,|u,) = p(u,|u,)p(u,), where p(u,) is
obtained from genomic data as a genomic relationship matrix (G). Based on pedigree via
selection index theory and multivariate normal principles, the conditional distribution of
p(uq|uy) is:

p(u;|uz) = N(A2AZ;up, Ay — A AZ5A5)

u; = E(uyju,) + € = AjpAZ00, + ¢

var(e) = A;; — ApAZ7A,; = (ATH ™,

Substituting u, with Za, where Z is an incidence matrix relating individuals to markers and
a is the marker effects, then

ul = Aleg%Za + €

116



var(uy) = Aleg%GAE%AM + A — Aleg%An =A + A12AE%(G - Azz)AE%Am

!

var(u,) = % =G

cov(uy, uy) = A1A%;G
The final covariance matrix of the joint distribution of u; and u, as an H matrix can be shown
as:

_ Ay +ApAS(G—Ap)AA, AALG

2 H
2 GAZ;Az; G

The H matrix is a semi-positive or positive definite matrix by construction (Legarra et al.
2009). The G matrix is semi-positive definite, but due to reasons such as the use of centered
allelic coding (Stranden and Christensen 2011), if the number of markers is limited, if the
number of individuals is more than the number of genotypes, or two individuals have
identical genotypes across all markers it can be singular (VanRaden 2008). In the case when
G is singular, an improved and non-singular G matrix can be obtained as p(u)~N(0, G,),
G,, = wG + (1 — w)A, where A is the numerator relationship matrix and w is the weight
(VanRaden 2008). Using k = 2 ¥, p;(1 — p;) produces G similar to the numerator
relationship matrix A, approximately 1's on the diagonal as explained by VVanRaden (2008).
In other words, using observed allelic frequencies for the construction of G matrix, the
population is assumed to be in Hardy-Weinberg equilibrium, and will be in linkage
equilibrium conditions where G has an average value of 1's on the diagonal and Q's on the

off-diagonal (Legarra 2011). Since G matrices in our study were singular we used weighted
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G matrix as Gy (G, = 0.95G + 0.05A,,) to obtain inverse of the G™ for the construction of

H matrix as proposed by VanRaden (2008).

The numerator relationship matrix A assumes that the genetic values of the base population
are 0 (Vitezica et al. 2011). The genomic relationship matrix G also assumes that the mean
genetic value of the genotyped population is O if current allele frequencies are used for the
calculation of G matrix (VanRaden 2008). In the presence of selection, the mean genetic
value for genotyped individuals (uy) relative to the base population (u) might be different
from O (Vitezica et al. 2011). If observed allele frequencies are used for the construction of
G matrix, to account for the mean difference between genomic relationship matrix, G and
numerator relationship matrix A, for the genotyped individuals, different o values, which
scales differences between genomic and pedigree-based information, were used for the
construction of H matrices as, p(u,I a)(N~(0, G + 11'a)o?2), where 1 is a vector of one's
(Vitezica et al. 2011). In this study we used a values varied between 0 to 2, including the

difference between A,, and G off-diagonal means.

The appropriate choice of G matrix, used for the construction of H matrix, is significant
because genomic and pedigree based relationship matrices should be compatible in terms of
scale and structure (Aguilar et al. 2010). The accuracy of the single step approach depended
on G matrix (Aguilar et al. 2010) and the adjustment placed on the difference between G and
Ay, matrices (Vitezica et al. 2011, Chen et al. 2011). They demonstrated that with the best

choice, the accuracy of single-step approach was superior to multi-step approach. So, H
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matrix might provide correct inferences if the matrix is reasonable and numerical errors are

negligible (Legarra et al. 2009).

Data
In this study two data sets, actual and simulated, were used to evaluate the effectiveness of

the single step genomic selection (HBLUP) approach.

Actual phenotypic data of 354 loblolly pine clones were provided by Plum Creek Timber
Company, Inc. A total of nine crosses, which were mostly single-pair mating design were
obtained using 13 parents as female and male (Figure 1). The number of clones per cross
ranged from 16 to 83 (Appendix 1). The study was established on 16 sites located in South
Carolina, Georgia, and Mississippi in 2000, 2001 and 2003. An alpha-lattice incomplete
block design with single tree plot configuration was used for all sites. Tree height was
measured to the nearest centimeter. Measurement of the height on a total of 7652 trees of 354
cloned full-sib individuals was carried out when trees were five years old. Complete pedigree
was available for all data. All genotyped clones had phenotypic records for the height trait.
Among 354 clones, 166 clones were genotyped at 3461 biallelic SNP markers. These

markers were used to estimate genomic relationship coefficients.

The simulated data set was designed to mimic a tree breeding population. The simulator
QMSim (Sargolzaei & Schenkel, 2009) was used to generate historical and recent
populations. A genome of composed by a single100 cM chromosome was simulated. 1000
biallelic SNP markers were distributed at random across the chromosome with equal allele

frequency. 10 loci out of 1000 were randomly chosen to be QTL and QTL allele effects were
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sampled from a Gamma distribution with a shape parameter of 0.4. The mutation rate of the
SNP markers and QTL were assumed to be 2.5x10™ per locus per generation. A historical
population with an effective population size of 3000 trees was generated over 100
generations and then 10 generations of selection for a trait were simulated where the trait
heritability was 0.2 and phenotypic variance was 1. In each generation best 10 females and
10 males were selected and mated based on their estimated breeding values to produce 260
progeny per female by a poly-cross (pollen-mix) mating design. Ten replicate datasets were
produced using these parameters. For each simulation true genetic values (TBVS), pedigree
information (2600 individuals per generation), phenotypes and genotype data were available.
For this simulation scenario, no fixed effects were simulated. In tree breeding programs,
inbreeding is a big concern and selections are made to minimize the inbreeding. The QMSim
simulator does not provide an option to control inbreeding, and inbreeding accumulated in
the advanced generations, we analyzed only the first generation data sets for two replicates.
Also among 2600 individuals, 1200 individuals were randomly selected and used for the
analysis. As a result the number of progeny per full-sib family ranged from 5 to 18. The
simulated data sets were used in two scenarios to determine the effect of the number of
genotyped individuals on the accuracy. First, 600 individuals with phenotype only and 600
genotyped and phenotyped individuals were analyzed, and second, 900 individuals with

phenotype only and 300 genotyped and phenotyped individuals were used to create H matrix.
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Statistical Analysis
The following linear mixed model was used to estimate variance components and predict

breeding values of trees for height growth for actual data

[3] y=Xb+Zu+e
where y is the n x 1 vector of observations (dependent variables) combined across all sites, b
isthe t X 1 vector of site fixed effects, u is the vector of a x 1 random combined genetic
effect as the sum of polygenic effect and genomic genetic effect and e represents n x 1
vector of residuals. X™<Y and Z®™*@ are the design matrices which relate observations to
the fixed and random effects, respectively. For the simulated data, no fixed effects were

simulated, so b is a scalar (intercept).

Breeding values were predicted for the actual data of height trait and simulated data via
BLUP method using ASREML (Gilmour et al., 2009). Mixed model equations were solved
by using the numerator relationship matrix (A) and joint pedigree and genomic relationship
matrix (H):

[X’X X'Z

7'X 7'7 + AA-1 ] [E] = [)Z(’;,] where A is the shrinkage factor as A = a2 /a2.
u

The A was substituted with H™ for genomic predicted breeding values. For traditional

BLUP analysis (ABLUP) the variance-covariance matrix was assumed

arld] = [0 1]
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where A is the numerator relationship matrix, I is the identity matrix and o2 and 2 were
additive and residual variances, respectively. In single step genomic selection (HBLUP), A
matrix was replaced with H matrix

var [:] = [H{f u Igg]

which combines the pedigree and genomic information (Aguilar et al. 2010, Christen and

Lund, 2010).

Leave one out cross validation (LOOCV)

The predictive ability of the methods (ABLUP versus HBLUP) on the actual data was
evaluated using a leave-one-out cross validation (LOOCYV) approach. In the LOOCV
approach, the model used n-1 trees (where n is the number of trees in the data) as a training
data set. The coefficients from the prediction model were used to predict the genetic merit of
the single omitted tree as validation. The procedure was repeated n times. The LOOCV
method is a clever way to increase the power of prediction models when the genotyped

population is small, as in our actual population.

Comparison of Models

For actual data set, the inflation of the prediction method in breeding values predicted from
ABLUP and HBLUP was evaluated by regressing the true breeding values (TBVSs) on the
estimated breeding values (EBVs) using the complete and validation data sets, where a
regression coefficient (slope) of 1 denotes no inflation. The values different from 1 are

indication of under or over estimation of the breeding values. Bias was measured as the mean

122



differences between TBV and EBV. Accuracy of the methods (predictive ability) was
determined as the correlation (r,) between TBV and EBV. The Spearman rank correlation (rs)
was also used to see the rank changes. For the simulated data sets, bias and accuracy were
obtained using the known TBVs and EBVs obtained from ABLUP and HBLUP methods

using complete data sets.
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Results

Results from empirical data

Descriptive statistics of pedigree based (A,,) and genomic based (G) relationship matrices
Statistics of pedigree-based and genomic relationship coefficients for the genotyped
individuals (A2, or G) for the actual data are given in Table 1. In the GO5 and GMF genomic
relationship matrices, the averages of both diagonal and off-diagonal elements were greater
than the coefficients in A,,. For GOF, the average diagonal and off-diagonal coefficients
were smaller than the pedigree based coefficients, A,,. For all genomic matrices, diagonal
coefficients had greater variance than the pedigree-based diagonal coefficients, while the off-
diagonal coefficients of the genomic matrices had smaller variance than the corresponding
pedigree-based coefficients, except for the GN matrix, which had the same variance for off-
diagonals elements as the pedigree-based matrix. The difference between average diagonal
and off-diagonal elements of GOF matrix was similar to the difference between average

diagonal and off-diagonal elements of A,, matrix.

Variance components

Variance components estimates from ABLUP and HBLUP prediction methods for the
complete actual (354 clones) data are given in Table 2. Compared to estimates obtained with
ABLUP method, most of the additive variance estimates using the HBLUP method were
inflated regardless of the G matrix used to construct the H matrix, whereas the residual
variance estimates were similar. For the ABLUP method, the variance explained by the

clone effect was 2.81. Among HBLUP methods in which different H matrices were used, the
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variance explained by the clone effect ranged from 10.42 (HBLUPgy\) to 14.88 (HBLUPGos).
The error variance of the ABLUP method was 10.01 and ranged from 9.98 to 10.01 among
HBLUP methods. ABLUP produced a variance component for clone identity effect,
measuring environmental variation among ramets of the clones, whereas HBLUP models had
zero estimates for the term. The effects of scaling parameter (o) and the different scaled
GOFa matrices for the H matrix on breeding values are presented in Table 4. Different
averages of off-diagonal elements of G would affect bias in single-step genomic selection
(Chen et al. 2011). The scaling tends to increase the average BVs, but in terms of bias, we
did not see any bias as shown by the differences between BVs of genotyped and all the

population (Table 3).

Comparison of Models

Mean breeding values (Ave_EBVS), regression coefficients of TBVs on EBVs, the
accuracies (rp) of EBVs and Spearman rank correlations (rs) between TBVs and EBVs for
prediction methods for the validation population are given in Table 3. We assumed that BVs
obtained by using all the phenotypic information and full pedigree are true BVs. The mean
EBVs based on hybrid relationship matrices H for all the population ranged from -0.23 to

7.41.

Regression of TBVs on EBVs was used as a measure of the inflation of the prediction
method, where a regression coefficient of 1 indicates no inflation. All the regression
coefficients were lower than 1 for all the HBLUP validation methods. The slopes obtained

from ABLUP method were high, approaching 1 for all the population and for the genotyped
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population. The validation method based on G05 matrix (using equal allele frequency) had
considerably larger bias than any other validation HBLUP models. However, despite a large
bias, we did not observe a noticeable difference between models for accuracies of BVs or a

difference for the rank correlations.

Accuracy (rp) of the prediction methods was computed as the correlation between TBVs and
EBVs. The accuracy of the predictions for the genotyped sub-population estimated with
ABLUP method was 0.90, noticeably higher than the accuracies of predictions based on
HBLUP methods regardless of the G matrix used for the construction of H matrices.
However, this was not the case for all the population or the subset of the population that were
not genotyped. We also examined accuracy of the prediction methods by scatter plots for the
validation population (Figure 2). It was obvious that in the absence of phenotype, the
ABLUP method did not discriminate among siblings within each full-sib cross. Full-siblings
coming from a specific cross had very similar if not the same predictions when the numerator
relationship matrix (ABLUP) was used. In contrast, two HBLUP prediction models using
both markers and pedigree predicted different BVs for the full-siblings within each cross.
The ide(clone) term in the model was statistically significant at 0.045 level based on a log
likelihood ratio test. While having ide(clone) term in the model had a great impact on the
estimates of additive variance obtained from ABLUP, HBLUP methods were not affected by
this term (Appendix 2). The additive variance obtained from ABLUP was 10.54 and ranged
from 10.42 to 14.88 among HBLUP methods. Fitting a model without ide(clone) term had

also affected the accuracy of the BVs and rank correlations obtained from ABLUP and
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HBLUP methods (Appendix 3). The slopes obtained from ABLUP method were high for all
the population and 1.01 for the genotyped population. HBLUP methods, regardless of the G
matrix used for the construction of H matrices, gave higher accuracies of BVs and rank

correlations than ABLUP method.

Results from Simulated Data

Descriptive statistics of pedigree based (A22) and genomic based (G) relationship matrices
Statistics of pedigree-based and genomic relationship coefficients for the genotyped
individuals (A2; or G) calculated from the simulated data are given in Table 5 (Appendix 4
for the Rep 2 results). When either 300 or 600 genotyped individuals were used for the
construction of GO5 genomic relationship matrix, the average of both diagonal and off-
diagonal elements were greater than the coefficients in A,,. For GOF and GN matrices, the
average diagonal and off-diagonal coefficients were very similar to the pedigree based
coefficients, Ay,. For all genomic matrices constructed for 300 or 600 genotypes, the
diagonal and off-diagonal coefficients had greater variances than the pedigree-based

coefficients, Aos.

Variance components

Variance components estimates from ABLUP and HBLUP prediction methods for the
simulated data are given in Table 6 (Appendix 5 for the Rep 2 results). The additive
variance obtained from ABLUP method was the lowest (0.14) compared to additive variance
estimates obtained with HBLUP methods for both simulated populations. ABLUP method

also gave the slightly higher error variance (0.90) compared to the HBLUP methods.
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Increasing the validation population size from 300 to 600 individuals seems to increase the

additive variances using H matrices but error variances were similar.

Comparison of Models

As with the empirical data, we also compared predictions from ABLUP and HBLUP
methods using various statistics and by regressing the TBVs on EBVs (Table 7). In general,
the regression slopes of various models were similar to slopes of ABLUP models and were
close to 1 when a smaller validation population was used (300 genotyped individuals) for the
construction of G matrices (Table 7a). When a larger population was used (600 genotyped
individuals) for the calculations of G matrices the slopes were slightly lower than 1 for

HBLUP methods (Table 7b).

Bias was measured as the mean difference between TBVs and breeding values obtained
using ABLUP and HBLUP methods (EBVs) (Appendix 6 for the Rep 2 results). We did not
see any difference in bias between all the models regardless of population size or the G
matrix used, except for the G matrix based on GN method. The accuracy values for HBLUP
models were higher compared to ABLUP models, particularly for the genotyped individuals.
This was true for the simulated larger population as well. The Spearman rank correlations (rs)
between TBVs and EBVs from HBLUP method were again higher than the estimates for the

ABLUP models, regardless of the population size.

Scatter plots of predictions are quite informative to understand the nature of correlation
coefficients, and are presented in Figure 3 (Appendix 7 for the Rep 2 results). Unlike the

result from the empirical data, we did not observe discontinuous distributions of EBVs from
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the ABLUP model for the two simulated validation populations. For illustration, scatter plots
of TBVs and EBV based on GOF genetic relationship matrix are presented for both
simulated populations. When the size of the prediction population increased from 300 to 600
individuals, we observe a tighter distribution (better agreement) between TBV and EBV

predictions.
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Discussion

In tree breeding populations, traditional genetic evaluations are based on phenotypic data and
pedigree. Recently, with the availability of DNA markers, tree breeding may employ new
methods to integrate marker data in the genomic evaluations. Blending genetic relationships
from pedigree and DNA markers could be an appealing procedure for forest tree breeding
because genotyping cost is still prohibitively expensive to genotype large number of trees.

In creating blended genetic relationship H matrices, different methods were employed in the
literature for estimation of genomic relationships matrices (Forni et al. 2011). The inverse of
these blended matrices are then used in a BLUP approach to predict breeding values of
individuals (Van Raden 2008). One of the criterions used to judge the success of genetic
covariances based on DNA markers is to compare with genetic covariances based on

pedigree for the same individuals.

Using actual and simulated data sets, we found that when genomic relationships were
estimated using observed allele frequencies (GOF), and normalized allele frequencies (GN),
the average diagonal and off-diagonal coefficients were very similar to the pedigree based
coefficients. Forni et al. (2011) also reported similar average diagonal elements between G
and A matrices when observed allele frequencies (GOF) were used for a pig breeding
population. Chen et al. (2011) compared the diagonal and off-diagonal elements of numerator
relationship matrix with the elements of G matrices based on equal allele frequencies (GO5)

and observed allele frequencies (GOF) for broiler chickens. They found that diagonal
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elements were close to 1 and off-diagonal elements were 0, regardless of the threshold set for

the minor allele frequency.

Using actual and simulated data set in this study, we found greater variance among diagonal
coefficients of G than the numerator relationship matrix (Azz), which is a sub matrix of
individuals with marker genotypes. Higher variance among diagonal elements was the case
for all the genomic matrices. Similarly, Forni et al. (2011) found greater variance between
the elements of G than Ay,. The genomic relationship is an estimate of the realized
proportion of the genome shared by two individuals, but the pedigree-based relationship is
the expectation of this proportion (Goddard et al. 2011). Since genomic relationships reflect
the actual fraction of genome shared, greater variance was expected between the elements of

G than Ay, which are predictions (Forni et al. 2011).

The difference between the average diagonal elements of A,, and G matrices is as a result of
additional genomic information in G compared with A,,, and also the noise due to the
number of SNP markers used to construct G and incorrect scaling of G (Chen et al. 2011).
Using correct scaling and large number of SNP markers might help to increase genomic
information and decrease the noise (Chen et al. 2011). Unfortunately we did not have a large
enough number of markers to be able to sub-sample them to see the effect of genomic
information on the predictions accuracies as Chen et al (2011) did. However, in this study,
we looked at the effect of validation population size on the accuracies for the simulated data

set (Table 7). For the simulated data, we found that when we increased the number of
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genotyped individuals from 300 to 600, using the same number of markers, the accuracy of

predictions from HBLUP models increased.

Variances and the effect of scaling G matrices

For the actual data, the additive variance estimates using the HBLUP method were relatively
higher compared with ABLUP method and error variances were similar. For the simulated
data set, ABLUP method gave smaller additive variance and higher error variance estimates
compared to the HBLUP method. The simulation results suggest that as the validation
population increases, additive variances tend to be higher and error variances tend to be
smaller. For genomic relationship matrices, with diagonal elements smaller than 1, additive
genetic variance estimates were larger in a small data set (Forni et al. 2011). The deviation
from 1 is associated with upward biases in estimates of the additive variance. Upward biased
additive genetic variances might cause greater (biased) accuracy values of predictions (less
shrinkage in HBLUP). When we increased the scale factor (o) in HBLUP based on observed
allele frequencies (GOF), the mean EBVs for genotyped individuals increased. However, the
scale factor had no effect on the average difference of EBVs between genotyped and all trees
(Table 4). Genomic and pedigree-based matrices should be compatible in scale to be
integrated (Aguilar et al. 2010, Christensen and Lund 2010, Chen et al. 2011, Vitezica et al.
2011). For the actual data, a had effect on the average breeding values and regression
coefficients but not on the accuracy of predictions and Spearman rank correlations. We did
not observe any effect of scale factor on accuracy of predictions or on the regression

coefficients from the simulated data set. This result might be due to our population structure,
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or also due to lack of selection effect. When genomic relationships were scaled by a constant,
the single-step method was unbiased and the most accurate for a simulation study (Vitezica et

al. 2011), and for broiler chicken (Chen et al. 2011).

Comparison of Models

In any breeding program, the most important aim is increasing genetic gain. Accuracy is
currently used to assess genomic prediction methods in cross-validation studies (VanRaden
et al. 2009). In the presence of bias, genetic gain might be overestimated or underestimated.
Since MSE also includes bias, it should be the criterion of choice (Vitezica et al. 2011).
Although all the phenotypic, pedigree and genomic information are used in HBLUP, only
genotyped (and mostly selected) individuals are included in G. Since genetic values of non-
genotyped animals are conditioned on genetic values of genotyped animals (Legarra et al.,
2009), the bias is decreased but may not be fully corrected (Vitezica et al. 2011). In a single-
step method with correction a, bias is eliminated by referencing genomic and pedigree-based
relationship matrices to the base population (Vitezica et al. 2011). As a result single-step
genomic selection method with scaling gave the most accurate results (Vitezica et al. 2011).
In our study using the actual data set, ABLUP gave smaller MSE than HBLUP methods
regardless of the G matrix used. This could be due to a smaller number of individuals (166)
genotyped, and also smaller number of markers (3461) used to estimate genomic
relationships. In contrast, we observed less bias (smaller MSE) for HBLUP methods using
the simulated datasets. The MSE value decreased as the number of genotyped individuals

increased (300 vs. 600).
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Regression of TBVs on EBVs was used as a measure of the differences in predicted breeding
values from ABLUP and HBLUP methods, where a regression coefficient of 1 indicates no
inflation. In general, the slopes were lower than the expected value of 1 for ABLUP and
HBLUP methods for actual data. For the simulated data HBLUP methods, regardless of the
G matrices used, were superior to the ABLUP method. The number of genotypes used for the
construction of G matrices affected the slopes, MSE, accuracies and Spearman rank

correlations.

Capturing the Mendelian sampling term

In traditional genetic evaluations based on pedigree, Mendelian sampling is ignored among
full-sibs within a family because average additive genetic covariances cannot discriminate
among full-siblings in the absence of phenotype data. However, genomic markers allow us to
capture segregation among full-siblingss even if we do not have phenotype data. Genomic
analysis resulted in higher accuracies due to accounting for Mendelian sampling (VanRaden
et al. 2009, Forni et al. 2011, Wolc et al. 2011, Gray et al. 2012). In another study by
Daetwyler et al. (2007) the accuracy of genomic predicted breeding values were higher as a
result of better estimation of Mendelian sampling. Capturing the Mendelian sampling effect
can be an efficient method to control the average inbreeding level in breeding populations

(Daetwyler et al. 2007).
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Conclusion

The leave-one-out cross validation method of empirical analysis showed that HBLUP
approach based on observed allele frequency matrix (G) gave similar prediction accuracies
and rank correlations of genomic estimated breeding values compare to the ABLUP method.
The blended genetic relationship matrices in a BLUP approach enabled us to capture
segregation of Mendelian sampling effect within full-sib crosses when phenotypes were not
available in validation populations. For simulated data, we observed higher prediction
accuracies, rank correlations and similar bias and less inflation regardless of the choice of
genomic relationship matrix (G) used for the construction of H matrix compare to ABLUP
method. For both empirical and simulated data the scaling factor had no effect on the
prediction accuracies and bias of EBVs. HBLUP uses all the available phenotype, pedigree
and genotype data in a single-step and is easy to implement for genomic predictions.
Blending genetic relationships obtained from pedigree and DNA markers is an attractive
strategy for forest tree breeding evaluations to capture the Mendelian sampling effect, which

IS important to manage inbreeding and maximize genetic gain.
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Table 1. Descriptive statistics of coefficients of relationships estimated using pedigree and

SNP markers from actual data. The coefficients for the A matrix are based on 354 trees,

whereas the coefficients of G matrices are estimated for 166 trees and 3461SNP markers

Diagonal elements

Off diagonal elements

Matrix Mean Min Max Variance Mean  Min Max  Variance
A; 1.000 1.000 1.000 0.000 0.112 0.000 0.500 0.032
GOF 0.962 0.830 1.141 0.007 0.047 -0.188 0.949 0.028
G05 3.378 3.263 3.612 0.002 2950 2274 3.419 0.008
GMF 2.699 2429 3.029 0.018 1935 1688 2.734 0.022
GN 1.025 0.884 1.216 0.008 0.047 -0.205 1.014 0.032
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Table 2. VVariance component obtained from ABLUP and various HBLUP prediction

methods for the complete actual data (354 trees)

Variance components

Prediction Method *G% o’c ide o’

ABLUP 2.81 3.98 10.01
HBLUPgor 10.82 0 10.01
HBLUPGor« 10.81 0 10.01
HBLUPGos 14.88 0 9.98
HBLUPgMme 11.57 0 10.00
HBLUPgy 10.42 0 10.01

*a% is the variance explained by the tree effect, czc_ide is the variance explained by

ide(clone) term in the model to remove genetic relationship matrix from copies of the same

trees (to make the relationship matrix as identity) and o is the residual variance
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Table 3. Mean breeding values (EBVSs), regression coefficients (intercept and slope) of

TBVs on EBVs, mean squared error (MSE), bias (the difference between TBVs and EBVS),

Pearson moment correlations (rp) between TBVs and EBVs and Spearman rank correlations

(rs) for ABLUP and HBLUP prediction methods for the leave-one-out cross validation data

Method Data Ave_EBV Intercept Slope MSE Bias rp rs
ABLUP (ide) all 0.17 0.00 099 038 0.00 079 0.73
geno 0.46 0.10 1.03 011 090 0.85
non-geno -0.08 -0.09 0.81 -0.10 058 0.33
HBLUPGor all -0.23 0.33 068 049 040 0.73 0.68
geno 0.02 0.44 0.64 043 0.79 0.78
non-geno -0.45 0.24 0.71 0.38 057 0.29
HBLUPGora all 0.22 0.02 068 048 -0.04 0.73 0.68
geno 0.46 0.14 0.64 -0.01 0.79 0.78
non-geno 0.00 -0.08 0.72 -0.08 0.58 0.32
HBLUPGgos all 7.41 -4.77 0.67 043 -7.24 0.76 0.77
geno 7.89 -4.52 0.63 -1.44 0.77 0.78
non-geno 6.99 -5.87 0.83 -7.07 0.72 0.67
HBLUPGme all 4.06 -2.63 069 044 -389 0.76 0.75
geno 4.46 -2.47 0.65 -400 0.79 0.76
non-geno 3.71 -2.99 0.79 -3.79 0.65 0.56
HBLUPgn all -0.24 0.34 0.67 049 041 0.72 0.68
geno -0.01 0.46 0.63 046 0.79 0.78
non-geno -0.45 0.24 0.71 0.37 057 0.30

*geno: genotyped

*non-geno: non-genotyped
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Table 4. The effect of scaled GOF matrix, based on observed allele frequencies, on breeding

values. Different a values were used for the same HBLUP model to make the GOF matrix

analogous to the A matrix of the genotyped individuals

i} GOF4-A2 EBVgen EBVai EBVgen-EBVa

ABLUPjge - - 0.46 0.17 0.28
HBLUPgor 0.00 -0.650 0.07 -0.50 0.57
0.06 -0.005 0.37 -0.20 0.57

0.11 0.045 0.58 0.01 0.57

0.12 0.055 0.63 0.06 0.57

0.13 0.065 0.67 0.10 0.57

0.14 0.075 0.72 0.15 0.57

0.15 0.085 0.74 0.17 0.57

0.20 0.105 0.97 0.40 0.57

o, scale parameter

GOF, - A2, The difference between average of off-diagonal elements of scaled GOF and A,
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Table 5. Descriptive statistics of coefficients of relationship estimated using pedigree and

genomic information from simulated data for the construction of H matrix for 300 and 600

genotypes

a) Rep 1: 300 genotypes

Diagonal elements

Off diagonal elements

Matrix Mean Min Max Variance Mean Min  Max Variance
A; 1.000 1.000 1.000 0.000 0.050 0.000 0.500 0.011
GOF 0.996 0.911 1.188 0.002 0.048 -0.142 1.071 0.020
G05 1.503 1.332 1.652 0.003 0.593 0.344 1.583 0.020
GMF  0.004 0.000 0.011 0.000 0.006 -0.005 0.002 0.000
GN 1.025 0.937 1.224 0.002 0.048 -0.148 1.103 0.022

b) Rep 1: 600 genotypes

Diagonal elements

Off diagonal elements

Matrix Mean Min Max Variance Mean Min  Max Variance
A 1.000 1.000 1.000 0.000 0.050 0.000 0.500 0.012
GOF 0.999 0.904 1.183 0.002 0.049 -0.139 1.144 0.020
GO05 1.507 1.333 1.762 0.003 0594 0341 1.704 0.021
GMF 0.005 0.000 0.011 0.000 -0.000 -0.004 0.003 0.000
GN 1.025 0.927 1.215 0.002 0.050 -0.145 1.175 0.022
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Table 6. VVariance component estimates obtained from ABLUP and HBLUP prediction
methods for the complete simulated data using different number of genotyped individuals

(300 genotyped/900 non-genotyped and 600 genotyped/600 non-genotyped) for the

construction of H matrix

300 genotypes 600 genotypes
Prediction Method * 52, G2 G2 o2
ABLUP 0.14 0.90 0.14 0.90
HBLUPGor 0.17 0.89 0.19 0.88
HBLUPGoFa 0.17 0.89 0.19 0.88
HBLUPGos 0.19 0.89 0.20 0.87
HBLUPgme 0.18 0.90 0.18 1.00
HBLUPGN 0.16 0.89 0.19 0.88

* 5%, Where genetic variance due to trees
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Table 7. Mean breeding values (EBVS), regression coefficients (intercept and slope) of

TBVs on EBVs, mean squared error (MSE), bias (the difference between TBVs and EBVS),

Pearson moment correlations (rp) between TBVs and EBVs and Spearman rank correlations

(rs) for ABLUP and HBLUP prediction methods using simulated data used for the

construction of H matrix

a) Rep1 (1200 individuals in total, 300 genotyped and 900 non-genotyped)

Method data intercept Slope  Bias MSE rp rs
ABLUP all 062 105 001 0.092 0.65 0.63
geno 062 098 001 0.66 0.64
non-geno 0.62 1.08 0.01 0.65 0.62
HBLUPgor  all 0.61 1.02 0.01 0.086 0.68 0.65
geno 0.61 0.97 0.01 0.74 0.73
non-geno 0.61 1.05 0.01 0.65 0.63
HBLUPgor, all 0.61 1.02 0.01 0.086 0.68 0.65
geno 0.61 0.97 0.01 0.74 0.73
non-geno 0.61 1.05 0.01 0.65 0.63
HBLUPgos  all 0.54 1.02 0.01 0.086 0.68 0.65
geno 0.54 0.96 0.01 0.74 0.73
non-geno 0.53 1.04 0.01 0.65 0.63
HBLUPgy all 0.61 1.03 0.00 0.086 0.68 0.65
geno 0.61 097 -0.02 0.74 0.73
non-geno 0.61 1.06 0.00 0.65 0.63

*geno: genotyped

*non-geno: non-genotyped
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Table 7. Continued.

b) Repl (1200 individuals in total, 600 genotyped and 600 non-genotyped)

Method data Intercept Slope Bias MSE rp rs
ABLUP all 062 1.05 0.01 0.092 0.65 0.63
geno 0.62 1.06 0.00 0.66 0.64
non-geno 0.63 1.04 0.02 0.65 0.62
HBLUPgor  all 0.62 0.96 0.01 0.073 0.73 0.70
geno 0.62 0.95 0.01 0.81 0.78
non-geno 0.62 0.97 0.01 0.64 0.61
L"BLUPGOF all 062 096 001 0073 073  0.70
geno 0.62 0.95 0.01 0.81 0.78
non-geno 0.63 0.97 0.01 0.64 0.61
HBLUPGgos all 061 0.96 0.01 0.073 0.73 0.70
geno 0.60 0.95 0.01 0.81 0.78
non-geno 0.61 0.97 0.01 0.64 0.61
HBLUPgy  all 0.62 0.96 0.01 0.073 0.73 0.70
geno 0.62 0.95 0.01 0.81 0.78
non-geno 0.62 0.97 0.01 0.64 0.61

*geno: genotyped

*non-geno: non-genotyped
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Figure 1. Pedigree structure of 354 cloned trees (166 genotyped, 188 non-genotyped) used

for the data analysis. Parents 2, 4, 5, 7 and 10 were used as female and male. Letters refer

nine family full-sib ID’s.
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Figure 2. Scatter plots between true breeding values (TBVs) and estimated breeding values
(EBVs) obtained from ABLUP and HBLUP methods using actual data. TBVs were predicted
from complete data and EBVs were obtained using leave-one-out data set (354 trees: 166
genotyped and 188 non-genotyped). Genotyped individuals are in dark blue and non-

genotyped individuals are in gray.
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a) When 300 genotyped and 900 non-genotyped individuals were used for the H matrix
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b) When 600 genotyped and 600 non-genotyped individuals were used for the H matrix
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Figure 3. Scatter plots between true breeding values (TBVs) and estimated breeding values

(EBVs) obtained from ABLUP and HBLUP prediction methods using simulated data (repl).

Genotyped individuals are in dark blue and non-genotyped individuals are in gray.
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Appendix 1. Detail information about the actual data: family ID's, number of clones per

family and number of ramets per family.

#clones # ramet
Fam_ID non-genotyped genotyped total non-genotyped genotyped total
P 5 16 21 69 246 315
R 10 22 32 83 344 427
K 28 3 31 491 145 636
A 10 6 16 171 227 398
N 67 16 83 969 496 1465
L 44 9 53 878 403 1281
J 3 37 40 39 1122 1161
@) 7 27 34 98 780 878
Q 14 30 44 318 793 1111
total 188 166 354 3116 4556 7672
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Appendix 2. Variance component obtained from ABLUP and various HBLUP prediction

methods for the complete actual data (354 trees)

Variance components

Prediction Method o o%

ABLUP 10.54 10.01
HBLUPgor 10.82 10.01
HBLUPGor« 10.81 10.01
HBLUPgos 14.88 9.98
HBLUPgMme 11.57 10.00
HBLUPgn 10.42 10.01

o is the variance explained by the tree effect, and c% is the residual variance
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Appendix 3. Regression coefficients (intercept and slope) of TBVs on EBVs, mean squared

error (MSE), bias (the difference between TBVs and EBVs), Pearson moment correlations

(rp) between TBVs and EBVs and Spearman rank correlations (rs) for ABLUP and HBLUP

prediction methods for the leave-one-out cross validation data

Method data intercept  slope Bias MSE rp rs
ABLUP 0.29
(no. ide) all 0.02 0.87 0.00 484 034
geno 0.37 1.01 037 0.54 0.46
non-geno -0.32 0.28 -0.33 0.08
HBLUPgor all 0.37 0.78 042 475 0.36 0.37
geno 0.74 083 0.74 0.56 0.57
non-geno -0.20 026 0.14 0.07 -0.11
HBLUPGoF« all 0.01 0.79 -0.02 473 0.37 0.37
geno 0.34 0.83 0.30 0.56 0.57
non-geno -0.31 0.32 -031 0.09 -0.08
HBLUPGos all -6.32 0.88 -7.22 443 0.44 0.48
geno -5.50 0.79 -7.13 0.53 0.54
non-geno -6.65 091 -7.30 0.27 0.32
HBLUPgMmE all -3.29 0.86 -387 456 041 0.45
geno -2.96 0.83 -3.70 0.55 0.56
non-geno -2.65 0.63 -4.02 0.18 0.19
HBLUPgn all 0.38 0.78 044 476 0.36 0.37
geno 0.77 0.83 0.77 0.56 0.57
non-geno -0.2 026 0.14 0.07 -0.11
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Appendix 4. Descriptive statistics of relationship coefficients estimated using pedigree and

genomic information from simulated data for the construction of H matrix

Rep 2: 300 genotypes

Diagonal elements

Off diagonal elements

Matrix Mean Min  Max  Variance Mean  Min Max  Variance
A, 1 1 1 0 0.050 0 0.5 0.011

GOF 0999 0.886 1.149 0.002 0.048 -0.131 1.037 0.020

G05 1.509 1.378 1.705 0.002 0595 0.365 1.571 0.019

GMF* 0.004 0.00 0.010 0.000 -0.00 -0.005 0.005 0.000

GN 1.025 0909 1.179 0.002 0.048 -0.136 1.065 0.021

Rep 2: 600 genotypes
Diagonal Off diagonal

Matrix Mean Min  Max  Variance  Mean Min Max  Variance
A, 1 1 1 0 0.050 0 0.5 0.011
GOF 0999 0.899 1.151 0.002 0.049 -0.143 1.129 0.020
GO05 1508 1.356 1.705 0.002 0593 0.365 1.647 0.019
GME* 0.005 000 0.011 0.000 -0.00 -0.000 0.006 0.000
GN 1025 0922 1181 0002 0005 -0.149 1.159  0.021
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Appendix 5. Variance component estimates obtained from ABLUP and HBLUP prediction

methods for the complete simulated data using different number of genotyped individuals

(300 genotyped/900 non-genotyped and 600 genotyped/600 non-genotyped) for the

construction of H matrix (rep2)

300 genotypes 600 genotypes
Prediction Method G2 G2 G2 o2
ABLUP 0.11 0.82 0.11 0.82
HBLUPgor 0.13 0.81 0.11 0.82
HBLUPcors 0.12 0.81 0.11 0.82
HBLUPgos 0.13 0.81 0.11 0.82
HBLUPgny 0.13 0.81 0.30 0.77

*Model did not converge.
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Appendix 6. Mean breeding values (EBVS), regression coefficients (intercept and slope) of

TBVs on EBVs, mean squared error (MSE), bias (the difference between TBVs and EBVS),

Pearson moment correlations (rp) between TBVs and EBVs and Spearman rank correlations

(rs) between TBVs and EBVs for ABLUP and HBLUP prediction methods using simulated

data used for the H matrix

a) Rep2 (1200 individuals in total, 300 genotyped and 900 non-genotyped individuals)

Method data interce;; Slope  Bias MSE rp rs
ABLUP all 0.60 1.07 0.03 0.095 0.58 0.55
geno 0.60 1.04 0.03 0.56 0.51
non-geno 0.60 1.08 0.03 0.59 0.56
HBLUPGor  all 0.60 098 003 0.093 0.60 0.56
geno 0.60 0.88 0.03 0.62 0.56
non-geno 0.60 1.03 0.03 0.59 0.55
HBLUPGgor, all 0.60 0.98 0.03 0.092 0.60 0.56
geno 0.60 0.88 0.03 0.62 0.56
non-geno 0.60 1.03 0.03 0.59 0.55
HBLUPgos  all 0.61 0.98 0.03  0.093 0.60 0.56
geno 0.60 088 0.03 0.62 0.56
non-geno 0.60 1.03 0.03 0.59 0.55
HBLUPgy all 0.61 0.98 0.03  0.093 0.60 0.56
geno 0.61 088 0.03 0.62 0.56
non-geno 0.61 1.03 0.03 0.59 0.55
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Appendix 6. Continued

b) Rep2=in total 1200 individuals, 600 genotyped and 600 non-genotyped individuals

Method data interceri Slope  Bias MSE rp rs
ABLUP all 060 107 003 0095 058 095
geno 061 106 0.04 0.58 0.53
non-geno 059 108 0.2 059 056
HBLUPgor  all 060 101 003 0082 065 061
geno 061 098 004 071 0.6
non-geno 060 1.07 0.02 059  0.56
HBLUPGor, all 061 101 003 0082 o065 061
geno 061 099 0.04 071 0.6
non-geno 061 107 002 059 056
HBLUPGos  all 061 102 003 008 065 060
geno 061 098 0.04 0.71 0.65
non-geno 060 107 0.02 059  0.56
HBLUPgy  all 061 096 003 0083 065 060
geno 061 1.02 0.04 071 0.6
non-geno 060 0.88  0.02 059  0.56
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Appendix 7. Scatter plots between true breeding values (TBVs) and estimated breeding

values (EBVs) obtained from ABLUP and HBLUP prediction methods using simulated data.

Genotyped individuals are in dark blue and non-genotyped individuals are in gray (rep2).

a) When 300 genotyped and 900 non-genotyped individuals were used for the H matrix
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Appendix 8. R script used for the construction of G matrices

# option

# 1= observed allele frequencies, GOF

# 2= normalized matrix having diagonal elements equal to 1,
GN

# 3= allele frequencies fixed at 0.5, GO5

# 4= allele frequencies Tixed at mean for each locus, GMF

function(option,data,ped){

options(warn=-1)

library(MASS)

library(GeneticsPed)

library('corpcor™)

if(option==1){
Ml=data
M= M1[,2:ncol(M1)]-1
pl=round((apply(M,2,sum)+nrow(M))/(nrow(M)*2),3)
p=2*(pl-.5)

P = matrix(p,byrow=T,nrow=nrow(M),ncol=ncol(M))
Z = as.matrix(M-P)
b=1-pl
c=pl*b
d=2*(sum(c))
2zt = Z %*% t(2)
G = (ZZt/d)

}

iT(option==2){

Ml=data

M= M1[,2:ncol(M1)]-1
pl=round((apply(M,2,sum)+nrow(M))/(nrow(M)*2),3)
p=2*(pl-.5)
P = matrix(p,byrow=T,nrow=nrow(M),ncol=ncol(M))
Z = as.matrix(M-P)
727t = Z %% t(2)
tr=sum(diag(ZZt))/n # n number of genotyped
individuals
G = (Zzt/tr)
}

iT(option==3){
Ml=data
M= M1[,2:ncol(M1)]-1
pl=array(0.5,ncol(M))
p=pl
P = matrix(p,byrow=T,nrow=nrow(M),ncol=ncol(M))
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Appendix 8. Continued.

Z = as.matrix(M-P)
b=1-p1
c=pl*b
d=2*(sum(c))
2zt = Z %% t(2)
G = (ZZt/d)

¥
if(option==4){
Ml1=data
M= M1[,2:ncol(M1)]
pl=round((apply(M,2,mean)),3)
p=2*(pl-.5)
P = matrix(p,byrow=T,nrow=nrow(M),ncol=ncol(M))
= as.matrix(M-P)
b=1-p1
c=pl*b
d=2*(sum(c))
77t = Z %% t(2)
G = (ZZt/d)

N
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Appendix 9. R code for the construction of A matrix

ped <- read.table("~/pedigree.txt”, header=F) #pedigree data
s <- ped[,2] # sire (male) vector
d <- ped[,3] # dam (female) vector

“createA” <-
function(s, d){
It (nargs()==1){
stop(''sire vector and dam vector are required'™)

¥
iT (length(s) !'= length(d)){
stop(*'size of the sire vector and dam vector are
different!™)

-’

n <- length(s)
N<-n+1
A <- matrix(0, ncol=N, nrow=N)
S <- (s =0)*N) +s
d <- (d==0)*N +d
for(i in 1:n){
A[i,i] <- 1 + A[s[i], d[i]]/2
for( in (i+1):n){
if (J > n) break
AL1,3]1 <- CALT, s[g1] + AL, dO]] )72
AL 1] <- ALi.]j]
3

return(A[1:n, 1:n])
3
A <- createA(s,d)
A;; <- A[1:201,1:201]
Ay, <- A[202:367,202:367]
A, <- A[1:201,202:367]
Az <- A[202:367,1:201]

# A, Tull pedigree for non-genotyped and genotyped individuals
# Ai11, subset of the A for non-genotyped individuals

# Aoz, subset of the A for genotyped individuals

# Ai12, covariance matrix between non-genotyped & genotyped
individuals

# A1, covariance matrix between genotyped & non-genotyped
individuals
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Appendix 10. R code used for construction of H matrix
G=GenomicRel (option,data,ped) #returns genomic relationship

matrix (G)

Z=solve(A22) #inverse of the Ay
T= (G —A22) *1

A=A1%*%Z%*NT%*%Z%*%A 21

B=A1%*%Z%*%T

C=T%*%Z%*%A21

D=T

E:G%*%Z%*%Azj_

p <- cbind(A,B)

0 <- chbind(C,D)

J <- rbind(p,0)

H=A + J # pedigree & genomic relationship matrix
(H)
Hinv <- solve(H) # 1Inverse of the H matrix

#appropriate format for the ASReml(sparse format)

col1=NA

col2=NA

col3=NA

print(’*'Still working, this takes awhile'™)

for (1 1n 1l:nrow(Hinv)){

for (J 1n 1l:ncol(Hinv)){
it (G >= j){

coll=cbind(coll,i1)
col2=cbind(col2,j)
col3=cbind(col3,Hinv[i,j])

¥
¥
invH=cbind(t(coll),t(col2),t(coll))
row.names(invH)=c(0: (nrow(invH)-1))
write.table(invH,"Hinv.giv",row.names=F,col .names=F,sep="""")

Explanation of the H matrix code

GenomicRel (option,data,ped): creates G matrix using data and
pedigree based on the option
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Appendix 11. ASReml job files for ABLUP and HBLUP (actual data)

1 TARGS 1 HTO5 !'RENAME 2

2 Title: ABLUP for the actual data.

3 #clone,female,male,cross,site,rep,HT05

4 #14,1,2,A,1,2,30.1,5

5 #14,1,2,A,1,6,29.8,5.1

6 clone p

7 #female 1P

8 #male P

9 #Cross TA

10 site 1 ISKIP 3

11 rep Ly |

12 HTO5

13 ped.txt ISORT # pedigree file (A)
14 data.csv ISKIP 1 IDOPART $A # data file
15 IPART 1

16 $B~ mu site !r clone ide(clone)

17 111

18 O O IDEN 1S2=10

19 clone 1

20 clone O AINV 11 IGP

Explanation of the ASREML code for the actual data

1 TARGS 1 changing parts to run. PART 1 is run for HT

(height) trait. RENAME 2 qualifier rename the output files

at two levels.

2 Title, description of the job.

3-5 Field definitions in the data

6 IP qualifier for the corresponding data field is

connected pedigree

10 'l qualifier for the numeric but not iInteger factor.

ISKIP 3 qualifier, skips 3 data fields (female, male and

cross) before reading this field

13 I1SORT the pedigree fTile

14  $A points the part to analyze

16 $B is the trait to analyze. ide(clone) fit the pedigree
factor clone by replacing the genetic relationship matrix

(A) with identity matrix to eliminate relationships between

copies of a clone
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Appendix 11. Continued.

17 is variance header line. 1 R structure for the error

with 1 component and 1 G structure for the genetic
effects
18 defines the dimension of R: number of data points, place
holder for spatial analysis, IDEN (R is an identity matrix

(1ID) across all sites)
19 G structure header line involving 1 variance model
20 AINV relates clone effect with numerator relationship

matrix
1 TARGS 1 HTO5 'RENAME 2
2 Title: HBLUP for the actual data.
3 #clone,female,male,cross,site,rep,HT05
4 #14,1,2,A,1,2,30.1,5
5 #14,1,2,A,1,6,29.8,5.1
6 clone p
7 #female IP
8 #male P
9 #Cross TA
10 site 1 ISKIP 3
11 rep Ly |
12 HTO5
13 ped.txt !SORT # pedigree file (A)
14 Hinv.giv # inverse of the H matrix
15 data.csv !SKIP 1 IDOPART $A # data file
16 IPART 1
17 $B ~ mu site !r clone i1de(clone)
18 111
19 O O IDEN 1S2=10
20 clone 1
21 clone O GIV 11 !GP

Explanation of the ASREML code for the actual data

1-20 Explanation of the HBLUP code is the same as the previous
ABLUP code except explicit H Inverse matrix

14 GIV relates the clone effect with H! matrix prepared
explicitly
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Appendix 12. The following codes for the ASReml job file were used for the data analysis of

simulated data

PPRPOO~NOOR~AWNE

TARGS 1 x IRENAME 2

Title: ABLUP for the simulated data.
#indiv,parl,par2,x
#21,2,14,0.709177

#22,1,17,0.059232

indiv IP

parl P

par2 p

X
ped.txt ISORT # pedigree file (A)
data.csv ISKIP 1 IDOPART $A  # data Tile

IPART 1
$B~ mu I'r indiv
111

O O IDEN 1S82=1

indiv 1
indiv O AINV 1 IGP

TARGS 1 x 'RENAME 2

Title: HBLUP for the simulated data.
#indiv,parl,par2,x
#21,2,14,0.709177

#22,1,17,0.059232

indiv IP
parl 1P
par2 P
X

ped.txt ISORT # pedigree file (A)
Hinv.giv # inverse of the H matrix
data.csv !SKIP 1 IDOPART $A # data fTile

TPART 1

$B~ mu 'r indiv
111

0O O IDEN 1S2=1

indiv 1
indiv O GIV 1 IGP
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