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Abstract Using large numbers of DNA markers to predict genetic merit [genomic
selection (GS)] is a new frontier in plant and animal breeding programs. GS is now
routinely used to select superior bulls in dairy cattle breeding. In forest trees, a few
empirical proof of-concept studies suggest that GS could be successful. However, application of GS in forest tree breeding is still in its infancy. The major hurdle is lack of high
throughput genotyping platforms for trees, and the high genotyping costs, though, the cost
of genotyping will likely decrease in the future. There has been a growing interest in GS
among tree breeders, forest geneticists, and tree improvement managers. A broad overview
of pedigree reconstruction and GS is presented. Underlying reasons for failures of markerassisted selection were summarized and compared with GS. Challenges of GS in forest tree
breeding and the outlook for the future are discussed, and a GS plan for a cloned loblolly
pine breeding population is presented. This review is intended for tree breeders, forest
managers, scientist and students who are not necessarily familiar with genomic or quantitative genetics jargon.
Keywords Genomic selection  Forest tree breeding  Kinship analysis  Pedigree
reconstruction  Marker assisted selection

Genomic selection (GS)
Introduction
Populating the genome with dense marker coverage and exploiting the associations
between markers and phenotype for selection is called genomic selection (GS) (Meuwissen
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et al. 2001). GS has revolutionized cattle breeding in the last few years (Goddard et al.
2011). Crop and tree breeders have enthusiastically embraced the idea since its successful
application in several dairy cattle breeding programs around the world. There has been an
increasing interest in GS among forest geneticists, tree breeders and forest managers
(Grattapaglia and Resende 2011; Resende et al. 2011, 2012a, b; Zapata-Valenzuela et al.
2012, 2013).
Pedigree reconstruction and kinship analyses have also become popular. In recent years,
we have seen an increasing numbers of publications on fingerprinting, pedigree reconstruction and error detection in tree breeding (El-Kassaby and Lstibůrek 2009; El-Kassaby
et al. 2011; Hansen and McKinney 2010; Hansen and Nielsen 2010).
The objectives of this paper were (1) to introduce the concept of GS and pedigree
analysis to forestry and tree breeding communities, (2) discuss the challenges and
opportunities of implementation of GS, and (3) present a GS implementation plan for
loblolly pine (Pinus taeda L.) breeding, one of the most intensively studied tree species.
This review was written for readers who are not intimately familiar with quantitative
genetics, molecular genomics, and statistical applications. Where necessary, the technical
terms are defined. Acronyms are avoided to make the paper easier to read. The discussions
were limited to GS and pedigree reconstruction in forest trees to keep the article short and
help with the flow.
In contrast to marker assisted selection (MAS) which utilizes markers to track small
numbers of loci with large effects, GS relies on the joint analysis of large numbers of DNA
markers to predict breeding values (BV) of individuals (Meuwissen et al. 2001). In GS, there
is no defined small subset of significant markers used for prediction. Instead, all the loci
causing phenotypic variation among individuals are traced with dense marker coverage
(Hayes and Goddard 2010). The sum of the marker effects is used to predict BV of individuals
(Goddard et al. 2011). In GS the prediction of BV is based on markers only without known
phenotype. In MAS, depending on the link between marker and quantitative trait loci
(commonly called QTL), phenotype might be needed to make selection decisions.
Estimated Breeding Value (EBV): Genetic merit of an individual. An individual
passes on a half of its breeding value (genes) to progeny. We never know the actual
breeding value of an individual but we estimate it by measuring the relatives, particularly the progeny of the individual. EBVs are expressed in the same measurement unit
as the recorded trait (e.g. centimeter for height) and they relate to the population mean.

Marker Assisted Selection (MAS): The use of DNA markers to study the inheritance of quantitative trait loci (QTL) with large effects, and use the marker-linked
QTL to make selection decisions in breeding.

Quantitative trait loci (QTL): A locus (gene) that has a large or small effect on a
quantitative trait, such as height.
GS in animal breeding
GS is the new frontier and a paradigm shift for plant and animal breeding programs. Many
dairy cattle breeding programs routinely use single nucleotide polymorphism (SNP)
markers to predict the genetic merit of bulls (Hayes and Goddard 2010). Since 2009,
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artificial insemination companies have shifted towards of marketing genomic bulls. Young
bulls selected based on SNP markers but without milk yield data from their daughters are
referred to as ‘genomic bulls’ (Schefers and Weigel 2012).
Single nucleotide polymorphism (SNP): Nucleotides A, C, T, G are building blocks
of DNA. A difference in a single nucleotide (one of the letters) between individuals
is called Single Nucleotide Polymorphism or SNP (pronounced as snip).
With GS, the potential to increase genetic gain was estimated to be twofold, and savings
in logistical costs were estimated to be 92 % in cattle breeding (Schaeffer 2006). In
Europe, the EuroGenomics consortium has been coordinating the genotyping. About
65,000 animals were genotyped using the Labogena SNP chip between 2008 and 2012, and
the number was expected to increase rapidly in 2012 and beyond (Boichard et al. 2012).
High-density SNP genotyping arrays are available for chicken (Kranis et al. 2013) and for
other major animal breeding programs (Schefers and Weigel 2012).
SNP chip: A small (*1 cm square) silicon glass with a large number of synthetic,
single-stranded DNA nucleotides. DNA of individuals is hybridized on the chip to
identify presence of specific DNA sequences that differ by a single nucleotide. Most
SNP chips are designed to identify 50,000 SNPs (referred as 50K SNP chip). Several
SNP chips together on a slide are called SNP arrays.
In order to understand how GS could be so efficient, we need to take a look at the
response to selection R, using a modification of the traditional breeder’s equation.
R ¼ hrA i=T

ð1Þ

where h is the square root of heritability (proportion of variation in phenotypic variance
explained by the genetic factors) or the correlation between true and predicted BV, rA is
the additive genetic standard deviation, i is the selection intensity, and T is the time per
cycle spent to achieve the response. It is clear that the time is a critical component on the
response. High response (genetic gain) from GS comes mainly from reducing the lengths
of breeding cycle (time) by eliminating costly progeny testing. For example, in dairy cattle,
with GS, genomic bulls are selected at 21 months instead of 54 months using traditional
progeny testing (Schefers and Weigel 2012).
High-throughput genotyping allows higher selection intensities (i) to be applied. In dairy
cattle, about 1 bull is selected for every 20 bulls progeny tested (Schefers and Weigel 2012)
and 30–40 daughters are typically used to evaluate a bull for milk yield. With GS, very large
number of newborn bulls can be screened. For example, in 2012, about 1,000 new-born bulls
were genotyped per month, and about 33,000 bulls have been screened for selection since
2009 (Schefers and Weigel 2012). This is a dramatic increase in selection intensity.
GS could also increase the reliability (h) of predictions of BV and thus may increase the
response to selection. When averaged across 11 traits in dairy cattle, reliabilities of BV
based on genomic data were 23 % greater (50 vs 27 %) than reliabilities based on parental
averages (VanRaden et al. 2009). The increase in reliability of BV was the equivalent of
having data from 11 additional daughters for each bull.
GS in crop breeding
In crop species, breeding cycles are usually much shorter. For example, in maize breeding
it takes about 2 years to finish a cycle of breeding and testing in the field (Heffner et al.
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2009). Major crop breeding programs use winter nurseries in the southern hemisphere to
reduce breeding and field-testing time in half. Still, for many crop species and grasses, the
value of GS is well recognized (Jannink et al. 2010; Heffner et al. 2009). Phenotyping large
numbers of lines is costly and time consuming. In some grass and turf species, a breeding
cycle can take as long as 5 years (Hayes et al. 2013). It is not surprising to see a growing
interest in GS for crop breeding (Zhao et al. 2012; Würschum et al. 2013). Major crop
breeding organizations and private companies have been investing in developing genotyping platforms. For rice and maize, for example, a 60 K SNP arrays was developed
(Gupta et al. 2008). For wheat, a low density (9 K) SNP array was designed (Ganal et al.
2011). Successful application of GS in biparental populations of maize, and barley was
demonstrated (Lorenzana and Bernardo 2009). We should expect a growing number of GS
applications in crop species in the near future.
Enabling technologies
The genomic revolution in breeding is mainly attributed to efficiency in high-throughput
DNA sequencing technologies. Ever-improving technologies have made DNA sequencing
faster, more accurate, and far cheaper. The price to sequence a single nucleotide of DNA
has fallen 100 million fold since 1990 (Eggen 2012). SNP markers have been the choice in
genotyping efforts. They are abundant in plant and animal genomes and have the potential
to produce high throughput data at a moderate cost. Compared to microsatellite markers
they have low mutation rate. A very high majority of SNP markers are biallelic making
them easy to analyze. Next generation sequencing technologies have enabled large panels
of SNPs to be discovered (Perkel 2008). Medium density (50 K) SNP arrays are available
for many livestock animals (Hayes and Goddard 2010). The discovery of high quality
SNPs is still expensive and requires substantial investment and collaboration between
stakeholder and scientists (Davey et al. 2011).
Microsatellites or SSR markers: Simple sequence repeats (SSR) of DNA. They are
usually short, 2 to 8 nucleotides in length. SSR markers are popular in population
genetics, forensic studies, and paternity analyses because they are highly polymorphic or multiallelic (variable).

Looking back: marker assisted selection (MAS)
The idea of using MAS in breeding programs goes back many decades. There has been a
substantial number of studies on discovery and utilization of QTL in breeding (Groover
et al. 1994; Sewell et al. 2000; Jermstad et al. 2001; Emebiri et al. 1997; Guimarães 2007).
QTL mapping played a major role for dissecting the genetic basis of phenotypic variation
in forest trees (Chagné et al. 2003; Lerceteau et al. 2000; Pot et al. 2006). We have better
understating of the effect of individual QTL on phenotype (variation explained) and their
position in the genome (Neale and Savolainen 2004). For example, QTL mapping revealed
a simple inheritance of fusiform rust resistance genes in loblolly pine (Wilcox et al. 2001;
Isik et al. 2012). The idea of discovering QTL and use in MAS was particularly appealing
because forest trees have long (up to 30 years) breeding cycles, and MAS was seen as the
tool to reduce it. Following Bernardo (2008), Google Scholar was used to tally the number
of published papers having all the following words ‘‘QTL, QTLs, forest trees, MAS’’ that
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appear anywhere in a manuscript. For forest trees, there were 560 published manuscripts
from 1970 to 2012. The number of papers spiked between 1990 and 2010 (Fig. 1).
Wood specific gravity was considered an ideal trait to develop a MAS scheme in
loblolly pine because of its high heritability (*0.4) and the long time required to measure
the phenotype (Sewell et al. 2000). In Pinus pinaster, 1–3 QTL were mapped for various
seedling traits, and the percent variance explained by each ranged from 6 to 17 % (Plomion
et al. 1996). Kumar and Garrick (2001) reported that MAS provides an opportunity to
increase the efficiency of within-family selection in forest tree breeding. O’Malley and
McKeand (1994) suggested that MAS for low heritability traits, such as growth, could be
valuable in tree breeding if families for QTL mapping be identified from breeding records.
Using simulation, Wilcox et al. (2001) suggested that significant financial returns from
MAS are possible in Pinus radiata even if selection is based on upon DNA markers linked
to a few loci each of relatively small effect. Williams and Neale (1992) suggested that the
potential of using MAS in interspecific tree breeding programs was higher than in pure
species breeding because of large linkage disequilibrium (LD) and large phenotypic variance observed in F2 and backcross populations. LD is an ambiguous term. A broad
definition is given below to clarify the terminology. In the same study, small populations
with deep pedigrees and high levels of inbreeding were recommended for successful MAS
for conifers. In P. radiata, at least eight QTL explaining a total of 14 % of the variation in
juvenile wood were detected (Devey et al. 2004).
Linkage disequilibrium (LD): LD is the association of alleles. During gamete
formation (e.g. sperm or egg) homolog chromosomes exchange DNA segments, a
process called recombination. Alleles located on the same homolog chromosome
tend to stay together because they are physically linked (they are in LD). Alleles far
apart on a chromosome likely segregate (in linkage equilibrium or LE). For example,
two loci Aa and Bb. If alleles A and B happen to be close to each other on the same
chromosome, then they tend to be associated until recombination occurs. LD is
measured using the frequency of gametes formed by alleles as D = freq(AB)*freq(ab) - freq(Ab)*freq(aB). A commonly used statistic to measure LD in a population is the coefficient of determination (r2). It has a range of 0 to 1. Higher LD
implies markers are tightly linked.
Homolog chromosomes: The two chromosomes, one inherited from the mother and
one from the father, containing the same genetic loci in the same order.
Despite substantial efforts and resources put into discovering QTL and use for selection,
few success stories have been reported in crop and animal breeding programs, mostly for
traits with simple inheritance such as disease resistance (Dekkers 2004; Stuber et al. 1999;
Xu and Crouch 2008). MAS has not been successful in forest trees. The key factors
contributing to the failure of MAS in crop and animal breeding apply to forest trees as well.
Limitations of MAS in forest trees were long ago pointed out (Strauss et al. 1992). One of
the reasons why MAS failed in tree breeding is that QTL discovered in experimental
populations generally explained a small percent (\5 %) of phenotypic variance. For
example, in P. radiata, QTL explained 0.78–3.8 % of variation in juvenile wood density
and diameter (Devey et al. 2004), suggesting a more complex genetic architecture for
traits. In fact, the data and large volume of published papers have consistently suggested
that most of the traits of interest to improve such as growth and yield have complex
inheritance patterns (Hill et al. 2008).
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Fig. 1 Number of hits in Google Scholar searching for ‘QTL, QTLs, forest trees, MAS’ words that appear
anywhere in manuscripts since 1970. There was a spike in the number of publications using these five words
between 1990 and 2000 suggesting large efforts to discover QTLs for use in tree breeding

QTL-marker associations discovered in bi-parental populations were limited to those
specific genetic backgrounds. QTL detection exploits the LD (association) between genetic
markers and trait loci in a segregation population by crossing phenotypically different
individuals (Sewell et al. 2000; Neale and Savolainen 2004). That is, two individuals with
large phenotypic differences are crossed to produce large number of progeny (bi-parental
population) for QTL detections. Marker-trait QTL phase (coupling vs repulsion) was not
repeatable in other crosses.
Coupling: Refers to a case where dominant alleles (e.g. QA) are on the same
homologue chromosome, and both recessive alleles (e.g. qa) are on the other
homologue chromosome. Parental gametes are QA and qa, and the recombinant
games are Qa and qA. In this phase, the A allele (used as a marker) is associated with
the Q allele (the gene affecting phenotype).
Repulsion: Refers to the case where each homologous chromosome has one dominant and one recessive allele from two genes. The parental gametes are qA and Qa,
and the recombinant games are QA and qa. In repulsion phase the A allele (the
marker) is no longer associated with the Q allele (the gene affecting phenotype).
Other potential reasons for inconsistent results across families or populations are; (1)
declaring loci as QTL while they are not (false positive); (2) genotype by environment
interactions, and (3) overestimation of QTL effects (Beavis 1994; Dekkers 2004). Positioning of QTL in the genome has been far from precise (Holland 2004). For example, in
cattle, the approximate confidence intervals for QTL positions are on the order of 20 cM
(Dekkers and Hospital 2002). High-resolution QTL mapping (at least \5 cM away from
gene) was suggested to develop reliable markers for MAS (Collard et al. 2005).
Centimorgan (cM): A unit used to measure genetic linkage. One cM equals 1 %
chance that a marker on a chromosome will become separated from a second marker
on the same chromosome due to crossing over in a single generation.
Forest trees are outcrossed species with large undomesticated breeding populations, and
such populations have very low LD at the population level (Neale and Savolainen 2004).
Low LD coupled with large genome size reduced the power and precision to detect QTLs

123

Author's personal copy
New Forests

in a population of diverse genetic background. Howe et al. (2003) suggested that association studies could be used to detect QTL that are more likely to extend across families.
Genotype by environment interactions further complicated the application of MAS.
Genotype by environment interactions in forest trees can be defined as the change in
relative rank of families in different environments (Howe et al. 2003). In cases of significant genotype by environment interactions, the effect of QTL may need to be verified in
different environments or new QTL need to be identified for several environments (Strauss
et al. 1992). The added cost of QTL verification in several environments has been a major
obstacle for forest tree species to implement MAS (Strauss et al. 1992; Howe et al. 2003).

Candidate gene approach
In recent years, forest geneticists and breeders have shown interest in candidate gene (CG)
approaches. The basic concept of CG is to associate polymorphisms in known (sequenced)
genes to phenotypes (Pflieger et al. 2001). In general, the CG approach follows a case–
control approach that has been used in epidemiological studies. A population is divided
into affected and unaffected groups for a trait. Genes and variants are selected for their
possible roles (a priori hypotheses) in the phenotype, and the associations between DNA
variants and phenotypes are tested (Tabor et al. 2002). The CG approach has been successfully applied in humans and in several animal species to link DNA polymorphisms to
complex diseases (Tabor et al. 2002). With advancement in DNA sequencing technologies,
it is possible to saturate the genome with dense markers and examine causal variation in
genes (Pflieger et al. 2001; Morgante and Salamini 2003). The CG approach will continue
to play a significant role in understanding the genetic basis of phenotypic variation and for
fine mapping QTL. The information produced by the CG approach could transfer to plant
breeding for traits with simple inheritance mechanisms. Neale and Savolainen (2004)
suggested that low LD makes CG approach more feasible than association genetics for
conifer breeding. However, the CG approach is unlikely to play a major role in forest tree
breeding in the near future because of complex inheritance mechanisms observed for
polygenic traits.
Genome-wide association study (GWAS) or association genetics: A method to
dissect the genetic basis of complex traits and fine-scale genetic mapping. Association genetics aims to capture historical linkage disequilibrium (association between
phenotype and markers) occurred throughout the evolutionary history in the undomesticated (natural) population. The method has been popular since availability of
large number of markers to overcome the drawback of traditional QTL mapping
(Ingvarsson and Street 2011).
Despite challenges in utilizing QTL and candidate genes in MAS, there are reasons
to be cautiously optimistic. High throughput genotyping platforms are producing large
number of markers at low cost to develop high-density genetic maps. Whole genome
sequences of major forest tree species is underway (Sederoff 2013) to develop reference genomes of major forest species. With high density genetic maps, reference
genome and increasing computer power; QTL discovery and their individual roles in
controlling phenotype will be greatly facilitated in the near future and could be used
in MAS.
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Pedigree reconstruction in tree breeding programs
Discovery of microsatellite and SNP markers during the last decade opened new opportunities for biologists to study inheritance, evolutionary history, inbreeding, gene flow and
conservation of wild and domesticated populations (Blouin 2003; Pemberton 2008).
Estimation of relatedness (kinship) and parental assignment have been particularly popular
(Blouin 2003). Kinship is a measure of the frequency of alleles (genes) shared by relatives.
The alleles shared are either assumed to be identical by descent (inherited from the same
ancestors) or identical by state (originated from the same locus but not necessarily from the
same ancestor) (Falconer and Mackay 1996). Parentage analysis or pedigree reconstruction involves assigning individuals to a father or/and mother.
Microsatellite markers are preferred for parentage analysis because these markers are
informative (multi-allelic, meaning that they have more than two forms of a gene), codominant (heterozygous individuals can be distinguished from homozygous individuals),
and reliable (Jones et al. 2010). Although not as informative, bi-allelic SNP markers
(having two forms of a gene) have become popular in recent years, because they are easy
and cheaper to produce.
Based on simulation data, Anderson and Garza (2006) suggested that 60–100 SNP
might allow accurate pedigree reconstruction for thousands of individuals. There are large
numbers of statistical methods developed for kinship and parentage analysis from DNA
markers; including parental exclusion, allocation and parental reconstruction (Jones and
Ardren 2003; Jones et al. 2010).
Using DNA markers to correct pedigree errors, reconstruct full pedigree, and evaluate
genetic diversity in domesticated and natural populations of forest trees has gained considerable attention in recent years (Moriguchi et al. 2004; Kumar et al. 2007; El-Kassaby
and Lstibůrek 2009; Hansen and McKinney 2010; Grattapaglia et al. 2004; Doerksen and
Herbinger 2010). I only highlighted a few related to breeding and selection in this section,
since methodologies used in most studies are quite similar if not the same.
The concept of pedigree reconstruction to reduce controlled crossing efforts in forest
tree breeding was first proposed by Lambeth et al. (2001). In the study, individuals are
mated using mixed pollen from large number of trees, and DNA markers are used to
construct the full pedigree. Authors called this system as polymix breeding with parental
analysis. The feasibility of the system was evaluated in a loblolly pine third-generation
breeding population with 45 selections. It was concluded that polymix breeding with
paternity analysis could be a viable alternative to full-sib breeding and testing systems in
loblolly pine. The potential key advantages listed were; simpler and less costly breeding
and testing, correction of pedigree errors and as a result, greater genetic gain.
Microsatellite markers were used to identify superior offspring from a hybrid seed
orchard of one Eucalyptus grandis seed parent and six E. urophylla pollen parents
(Grattapaglia et al. 2004). A total of 14 microsatellite markers and 256 progeny from a
6 year-old stand were used for analyses. The authors reported 29 % pollen contamination.
Based on full pedigree construction, and analysis of phenotype of 256 trees, pollen parents
with poor general combining ability were culled. Offspring of the remaining selections in
the seed orchard were used to establish new plantations. About 24 % more genetic gain in
volume was reported in new stands at age 2–4, compared to before culling the poor pollen
parents.
El-Kassaby and colleagues further developed the idea using real data in several species,
and called the concept ‘Breeding without Breeding’ (El-Kassaby and Lstibůrek 2009; ElKassaby et al. 2010, 2011). Using wind-pollinated seedlings instead of controlled crosses
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for breeding, El-Kassaby and Lstibůrek (2009) reported the utility of full pedigree
reconstruction in a large-scale operational progeny test of Douglas fir (Pseudotsuga
menziesii), with 150 crosses tested on three different locations. They suggested that with
pedigree reconstruction, the breeding cycle could be shortened for 4 years, and 75–85 % of
the genetic response to selection could be captured compared to conventional breeding. In
western larch (Larix occidentalis Nutt.), the effect of full pedigree reconstruction on
variance components, and on accuracy of BV were evaluated using wind-pollinated
progeny of 15 parents in a seed orchard with 41 selections (El-Kassaby et al. 2011). The
authors concluded that, additive genetic variance and thus heritability are inflated upward
in wind-pollinated progeny tests because a proportion of progeny may not be true half-sibs.
Pedigree of 596 individuals from a Abies nordmanniana open-pollinated progeny test
were constructed using six microsatellite markers (Hansen and McKinney 2010). Trees
originated from a seed orchard with 23 clones. Authors reported that, on average about
84 % of trees were true half-sibs, and the rest were either full-sibs, or partially inbred, with
additive genetic relationship of 0.29. However, assuming the entire individual as half-sibs
(the default assumption) did not affect the variance components or accuracy of BV
noticeably. In Picea rubens, pedigree analysis was carried out to determine the male
fertility in open-pollinated families and to correct pedigree errors (Doerksen and Herbinger
2010). Authors observed an increase in heritability with construction of full pedigree but
did not see a significant effect on variance components, and on the accuracy of parental
BV.
Parentage analysis and fingerprinting are not alternative tools to MAS or GS, though,
we should expect that they would likely play a role in managing tree breeding programs.
Forest tree breeders may use small numbers (\200) of SNP markers to correct pedigree
errors, to estimate the amount of pollen contamination and measure genetic diversity. A
more common application would be using mixed pollen collected from a number of trees to
cross mother trees, and reconstruct full pedigree in the progeny tests (e.g. Lambeth et al.
2001, El-Kassaby and Lstibůrek 2009). Such a strategy could reduce breeding efforts and
may improve genetic gain per breeding cycle.

Genomic selection in forest trees
In this section, characteristics and current status of major forest tree breeding programs are
covered and a summary of literature on GS applications in forest trees is presented next.
Challenges and prospects of implementation of GS in forest trees are outlined and are
compared with animal breeding.
Characteristics of major forest tree breeding programs
Before we delve into GS in forest trees, we need to remind ourselves about the characteristics and current status of major forest tree breeding programs. This will help us to
understand the challenges, and opportunities we face in implementation of GS. Compared
to crop and animal breeding programs, forest tree breeding is still at its infancy. The most
advanced programs are in their third or fourth cycle of breeding, with very little differentiation from natural populations. Breeding populations usually have large number of
founders, with shallow pedigree. Progeny tests in breeding populations were not well
connected in order to compare selections across different cycles or different years. Connections often relied on check seedlots composed of mixed unimproved seedlings with
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unknown parents. Forest trees in general, and conifers in particular take many years to
breed (5–15 years) and progeny test (3–15 years). Breeding programs are logistically more
complex and costly. Because of large physical size of trees, it is difficult and expensive to
cross trees. Progeny tests are expensive to establish, manage over many years, and measure. Large tracts of land are needed to test progeny. A vast majority of traits measured are
surrogate traits, measured at early ages (3–15) with the expectations that they represent
actual traits in mature ages (20–50 years).
In some tree breeding programs, genotype by environment interactions could be
important (Wu and Colin 2005) and this needs to be addressed in development of genetic
stock. Forest trees have large genetic variation for almost any trait; providing an opportunity to increase genetic gain considerably. Given the above major characteristics, if
successful, the impact of GS on forest tree breeding would be far greater than in any other
crop or animal breeding programs. GS will potentially impact all aspects of breeding and
testing. However, genetic gain can be realized mainly from by reducing the progeny testing
efforts and time, as we shall see later in an example.
Examples of GS in forest trees
There are relatively few studies on GS in forest trees, but we should expect a large number
in the near future as genotyping platforms become available and the costs decrease. In the
absence of real data, simulations can be helpful to understand various factors that might
affect the outcomes. One of the early studies on GS in forest trees was based on simulations. A deterministic simulation approach was used to examine the effect of effective
population size (Ne), marker density and heritability on the accuracy of genomic estimated
breeding values (GEBV) (Grattapaglia and Resende 2011). It was suggested that a marker
density of 2 markers/cM would be sufficient for a small population (Ne \30) to achieve
accuracy similar to traditional genetic evaluation based on progeny testing. For larger
populations, a density of 10 or more markers/cM was suggested. The authors concluded
that the effects of heritability and the number of QTLs (50 vs 100) on accuracy of prediction accuracies were negligible.
Genomic estimated breeding values (GEBV): Breeding value or genetic merit of
an individual based on DNA markers without phenotype.
Effective population size (Ne): The number of individuals in an ideal population
that would match the inbreeding rate (or loss of heterozygosity) of a given study
population. Sometimes referred to as inbreeding effective population size. One way
to approximate this statistic is through knowing the change in average inbreeding of
the population (DF) from one generation to the next DF = 1/2Ne (Falconer and
MacKay 1996).
Traditional genetic evaluation (BLUP): Breeders typically use progeny data and
relatedness among individuals to predict breeding values. Linear mixed models are
solved for predictions. The statistical method developed by Henderson in 1970s is
called best linear unbiased prediction or BLUP (Henderson 1975).
Since 2011, a few empirical studies on GS in forest trees have been published, and they
are encouraging. It is worth mentioning the contribution of the Conifer Translational
Genomic Network project in the United States. The project was an Integrated Coordinated
Agricultural Project among universities, the US Forest Service, and forest industry funded
by a US Department of Agriculture grant in 2008. The goal was to bring genomic tools to
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conifer breeding programs in the USA. SNP markers were identified through the resequencing of 7,535 amplicons for loblolly pine (Eckert et al. 2010). The project used
Infinium SNP genotyping platform to genotype several thousand loblolly pine trees from
three breeding programs in the USA. The first empirical studies on GS in forest trees came
from the project collaborators.
Amplicons: A piece of DNA or RNA that is artificially amplified using PCR
(polymerase chain reactions) to detect genetic variation among individuals.
Zapata-Valenzuela et al. (2012) used 3,406 SNP markers simultaneously as predictors
in a cloned population of loblolly pine (534 cloned progeny from 13 crosses). In this study,
only 149 clones with genotype data were available. The accuracy of GEBV ranged from
0.61 to 0.83 for cellulose and lignin content. These accuracies were comparable with the
accuracy of BV based on pedigree and phenotype. However, for growth traits, the accuracy
of predictions from markers was slightly lower. The authors suggested that with GS, the
breeding of loblolly pine could be reduced from 15 years to about half that. Given a small
pedigreed population, the authors attributed the success of SNP markers to tracing familial
linkages rather than historical LD between SNP and trait QTL. They concluded that
marker-QTL phase would likely not hold in the next generation because of recombinations,
and because of the small population used to develop marker-trait associations.
Resende et al. (2011) used 800 cloned progeny of a loblolly pine population and 4,825
SNP markers to test the efficiency of GS. In the study, accuracies of GEBV varied between
0.55 and 0.88, matching the accuracies achieved by conventional genetic evaluation. The
authors suggested that with the application of GS, 53–112 % more genetic gain could be
achieved in loblolly pine by reducing breeding cycles in half. The prediction models
developed for ages 1–4 had low predictive ability at age 6 of the same population. Also, a
model developed at one environment did not perform well in another environment, suggesting the effect of genotype by environment interactions and different marker-trait loci
phase at different ages. Resende et al. (2012a, b) used the same population and marker
genotypes to examine the effects of different statistical methods (regression and Bayesian
methods) on 17 different traits. The predictive ability of models differed marginally for
most traits, except for fusiform rust disease. For this trait, Bayesian statistical methods
performed better than random regression method. The disease in loblolly pine is sometimes
controlled by a few genes of large effect (Wilcox et al. 1996).
Resende et al. (2012a, b) examined the effectiveness of GS in two unrelated eucalypt
breeding populations with different effective population sizes (Ne = 11 and 51). Cloned
trees were genotyped with about 3,000 DArT markers. Accuracies of GEBV varied
between 0.55 and 0.88, and were similar to accuracies obtained by traditional genetic
evaluation. The models developed for one population were poor predictors for the other.
The authors attributed poor performance of models across populations to different patterns
of LD, inconsistent allelic effects, and genotype by environment interactions.
DArT markers: A method called Diversity Array Technology to produce markers. A
fraction of genome (0.1 to 10 %) is sequenced to reduce complexity. The presence
and absence of DNA segments are scored in individuals.
In the above applications, markers were fit simultaneously in statistical models and the
effects of markers were summed to estimate GEBV. Another way to obtain GEBV is to
estimate realized genomic relationships (G matrix) using the frequency of alleles shared by
individuals. Then, the additive genetic relationship matrix (A matrix) derived from pedigree can be substituted with the G matrix in mixed models to predict GEBV (VanRaden
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2008). This method is sometimes refereed to as genomic BLUP or GBLUP (VanRaden
et al. 2009).
Additive Genetic Relationships: Relatives resemble to each other because they
share alleles (genes) that can be traced back to a common ancestor. Traditionally,
geneticists have used pedigree to come up with the degree of relationships (measured
as covariances) between relatives. For example, on average, the sibs share about
50 % of genes. The expected genetic relationship (covariance) between sibs would
be 0.5.
Realized Genomic Relationships: The additive genetic relationship estimates based
on pedigree are approximations. We know that some sibs may share more than 50 %
of genes and some share less (not all sibs are alike). DNA markers allow geneticists
to estimate genetic relationship coefficients (covariances) more accurately. Genetic
relationships (sometimes called kinships coefficients) based on DNA markers are
called realized genomic relationships.
The GBLUP method developed by cattle breeders is appealing for forest trees. ZapataValenzuela et al. (2013) used allele frequencies and regression methods suggested by Forni
et al. (2011) to obtain realized genomic relationships matrices for a cloned population of
loblolly pine to predict GEBV (N = 165 clones). The authors reported comparable
accuracy values of GEBV from GBLUP to traditional genetic evaluation. The study
showed that in the absence of phenotype, markers could capture the Mendelian segregation
effect in full-sib families (Fig. 2). In contrast, no segregation was observed among full-sibs
of a cross (x-axis) when pedigree based average additive genetic relationship matrix was
used. In other words, with the A matrix, full-sibs progeny had the same mid-parent BV.
Conversely, when the genomic relationship matrices were used, full-sibs segregated so
each had a different breeding value, and a selection could be made within a cross without
phenotype.
GBLUP could be a powerful tool in forest tree breeding to carry out within-family
selection to optimize genetic gain and co-ancestry. Analysis of GBLUP is not different
from traditional BLUP. Standard software available for linear mixed models can be used to
solve mixed model equations while accounting for experimental design factors and
genotype by environment interactions.
In forest tree breeding, a selection can be represented by large number of progeny
because once breeding is done; hundreds of seeds can be harvested from the mother tree. In
a breeding-testing cycle, tens of thousands of progeny might be available for assessment.
Even if genotyping per individual cost goes down substantially, tree breeders may not be
able to genotype the whole population due to logistical issues. A more realistic scenario
would be genotyping a subset of the population to obtain realized genomic relationships.
This matrix then could be added to the additive genetic relationship matrix of the whole
population derived from pedigree. The hybrid genetic relationship matrix could be used in
a BLUP approach to predict BV as suggested by animal breeders (Legarra et al. 2009;
Forni et al. 2011; Chen et al. 2011; Aguilar et al. 2010).
Like GBLUP, predictions of BV based on hybrid genetic relationship matrices are
expected to be popular in forest tree breeding. Using a cloned loblolly pine population
(N = 354) and 3,461 SNP markers, Ogut (2012) obtained genomic relationship matrices
for a subset of the population (N2 = 166) and blended this with the additive genetic
relationship matrix derived from pedigree of the whole population. Also, a simulation
population mimicking loblolly pine (N = 1,000) was created to examine the effect of
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Fig. 2 Predicted breeding values of full-sibs from nine different crosses in loblolly pine using the pedigree
(x-axis) and genomic predictions (y-axis). In the absence of phenotype, the expected breeding value of sibs
is the same, which is mid-parent breeding value. However, sibs without phenotype can have different
breeding values when markers are used (data from Zapata-Valenzuela et al. 2012)

training population size on accuracy of predictions. The accuracies of predictions from
hybrid genetic relationship matrices were higher than traditional BLUP based on pedigree
for both empirical and simulated data.
Although the above empirical GS studies are encouraging, they are proof of concept. GS
can provide higher accuracies than traditional genetic evaluation if markers are in LD with
QTL controlling phenotypic variation (Calus and Veerkamp 2007). Given the small
population size and low marker density coverage in the above empirical studies, it is likely
that markers are tracing large chromosome haplotypes segregating in these populations. In
other words, markers are reconstructing the pedigrees among individuals coming from a
handful of crosses. In the above studies, the same populations were split for model
development and validation. The marker-trait loci phase does not change by splitting the
populations to validate the predictive power of markers. In order to test the efficiency of
GS in forest trees, the population needs to go through breeding to see the effect of
recombinations on marker-trait phase. In other words, a model developed for the current
generation should be tested in the subsequent generation to test the predictive ability of
markers.
Factors affecting the accuracy GEBV and comparisons with animal breeding
Hayes et al. (2009) listed four factors critical on accuracy of predictions from GS: (1) The
level of LD between markers and QTL, (2) effective population size (Ne), particularly the
number of individuals with phenotype and genotype used to develop prediction model, (3)
marker density, and (4) heritability of the trait. The effects of genotype by environment
interactions on GS accuracy have not been covered as much but it is worth examination.
The population size and marker density are two factors that can be controlled by breeders
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(Hayes et al. (2009). Factors listed above are not necessarily independent from each other,
but they are connected and affect the predictions accuracies together. Comparisons of
factors between tree breeding and animal populations would be helpful to draw some
conclusions about the challenges and opportunities tree breeders may face in implementation of GS.
The extent of Linkage disequilibrium (LD) between markers and QTL is an important
factor in GS. In Holstein–Friesian (black and white) cattle, LD of r2 = 0.2 occurs at
approximately 100 kb (Hayes and Goddard 2010). For GS to be successful, the marker
should explain substantial variance in adjacent QTL. In other words, the level of LD should
be greater than 0.2 (Hayes et al. 2009). In a simulation using single SNP markers, the
accuracy of GEBV increased from 0.68 to 0.82 when the LD among markers increased
from 0.1 to 0.2 (Goddard 2009). In forest trees, genome-wide average LD is low, and
declines rapidly between adjacent loci (Neale and Savolainen 2004). For example, in
loblolly pine, LD decays to less than r2 = 0.2 within 1,500 base pairs (Neale and Savolainen 2004). Markers-QTL linkages may not hold in such populations after breeding
(because of frequent recombinations). Tree breeders will likely need more markers and
larger training populations to develop stable GS prediction models.
The past effective population size (Ne) of a breeding population largely determines the
extent of genome-wide LD (Hayes and Goddard 2010). Animal breeding populations
typically have Ne \100, and Ne of 30–60 are common (Mc Parland et al. 2007). Tree
breeding programs are conservative, and maintain[200 individuals (status number), with a
primary motivation of conserving genetic diversity (White et al. 2007). For example, the P.
radiata breeding population in New Zealand had a target Ne of 400 (Jayawickrama and
Carson 2000). The Ne for hybrid tree breeding populations (e.g. Eucalyptus) are smaller,
with a range of 10–50 (White et al. 2007). For species with large Ne, more markers would
be necessary to establish linkages between marker and QTL, and maintain the predictive
power of markers across populations and environments (Goddard et al. 2011). The size of
the training population had a relatively minor effect on accuracy of GEBV in simulation
studies (Grattapaglia and Resende 2011). When the training population size was increased
from 500 to 1,000, correlations between true BV and GEBV increased by only 0.08
(Meuwissen et al. 2001). However, forest tree breeders will likely need a larger training
population to overcome disadvantages of large Ne, and loose relatedness in their breeding
populations.
Higher marker density increased the prediction accuracies substantially. For example,
increasing the spacing of markers (from 2 to 4 cM) reduced prediction accuracies by
9–13 %, because the LD is reduced (Meuwissen et al. 2001). In a more recent simulation
study, the accuracy of predictions increased from 0.36 at 2 marker/cM density to 0.80 with
20 marker/CM density (Grattapaglia and Resende 2011). In the above scenarios, the Ne
(100) and the heritability (0.2) were kept constant. Tree breeders will likely need a lot more
markers than cattle breeders to cover the large genome of trees and compensate for low
LD, so that the GEBV would be comparable with predictions from progeny testing.
Genetic linkage: The close association of genes or other DNA sequences on the
same chromosome. The closer two genes (or loci) are to each other the more likely
they will be inherited (segregate) together.
Heritability of the trait considered has effect on the accuracy of GEBV, provided that
the markers are dense enough (Goddard 2009; Grattapaglia and Resende 2011). Based on a
deterministic approach, Goddard (2009) demonstrated that heritability affected the accuracy of GEBV, particularly for low heritability traits. Traits with low heritabilities required
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a larger training population than did traits with high heritabilities. For example, in order to
obtain an accuracy of 0.6, almost 3,000 phenotypic records were needed for a heritability
of 0.3. This number decreased to about 1,500 for a heritability of 0.4 (Goddard 2009). In
these scenarios, the effective population size was Ne = 100. Many traits of importance to
tree breeders have low heritability (0.10–0.30) (White et al. 2007). This is also the case for
traits important in animal breeding. The average heritability of 27 traits important in cattle
breeding was 0.25 (VanRaden et al. 2009). Using stochastic simulations, Grattapaglia and
Resende (2011) suggested that the impact of heritability would be small on the predicted
accuracies. Tree breeders still need to use the best experimental practices and data analysis
models to increase the heritability to eliminate noise from phenotypic data. This in turn
would help to develop better prediction models.
Genotype by environment interactions (GxE) affects the structure of breeding programs. In animal breeding, if correlations between two environments are \0.8, different
animals tend to be selected for two environments (Goddard and Hayes 2007). In cattle, a
GS model fit in one population was not successful in another unrelated population (Hayes
et al. 2009). In forest trees, the scales of genotype by environment interactions are generally larger when the individuals are planted on contrasting sites (White et al. 2007).
However, GxE does not appear to be a problem for forest trees as long as environmental
extremes are avoided, e.g. in loblolly pine in the southern USA (McKeand et al. 2006). In a
cloned population of loblolly pine planted across four climatically different sites in the
southern USA, GS prediction models developed for individual sites performed poorly
across the different sites (Resende et al. 2012a, b). In Eucalyptus sp. hybrid populations in
Brazil, when a model developed for one population was tested in another population,
accuracies decreased substantially (Resende et al. 2012a, b). The authors of both studies
attributed the decline in accuracies of predictions to different marker-QTL phase and GxE.
Although, the data on performance of GS models across different environments and
populations are very limited, it is likely that the GS models in forest trees will be population specific.

Outlook for the future
The genomic era is bringing new opportunities to forest tree breeders. Whole genome
sequencing of major forest tree species has been completed or is underway. Populus
trichocarpa was the first forest tree whose genome was sequenced (Tuskan et al. 2006).
The E. grandis genome sequence was released in 2011 (Myburg et al. 2011). The draft
assembly of Norway spruce (Picea abies L.) was completed in May 2013 (Nystedt et al.
2013); the first available genome of any conifer species. The initial draft assembly of the P.
taeda genome was completed in 2014 (http://pinegenome.org/pinerefseq/). White spruce
(Picea glauca) genome sequence was completed in 2013 (Birol et al. 2013). Reference
sequenced genomes of forest trees will serve as invaluable resources for gene discovery,
SNP marker detection, construction of high-density genetic maps, and development of
high-throughput genotyping platforms. Such tools will be invaluable for tree improvement
in the future. It is an exciting time to be a quantitative geneticist and tree breeder.
Routine application of GS in forest trees is yet to be realized. Forest tree breeders need
large number of markers to populate the genome and to explore the LD between markers
and many QTL with small effects. Despite advances in efficiency of genotyping technologies, genotyping is still costly for forest trees. Current commercially available genotyping platforms (Illumina, SNP genotyping platform) cost about $150 per sample, though
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the cost is rapidly decreasing. Elshire et al. (2011) suggested a procedure called ‘genotyping by sequencing’ or GbS to construct libraries based on reducing genome complexity
with DNA restriction enzymes. The method is simple, quick and considered significantly
cheaper compared to SNP chips.
Several labs have been exploring this technology for forest trees. The method employs
methylation-sensitive restriction enzymes to enrich gene regions in the pine genome (Chen
et al. 2013). To reduce costs, the method uses ‘‘barcoded’’ adapters and an index primer set
to allow combining individual samples in a single sequencing lane (Ross Whetten, personal
communication, NC State University). Whetten’s lab also modified a DNA extraction
protocol originally developed by Ivanova et al. (2008) to reduce the cost. With this new
method, the estimated cost for consumables for DNA extraction is about $0.5 per sample.
This is a significant reduction in cost compared to commercially available kits (Ross
Whetten, personal communication, NC State University). GbS and newly developed
genotyping platforms are yet to be tested for their reliability and repeatability. A chip
designed by a consortium to share the cost and to be used by multiple organizations could
be a solution, and was developed for eucalypt species (Dario Grattapaglia, Emprapa,
Brazil, personal communication, July 2013).
The challenge remains to mine very large amounts of data and convert them to
knowledge using statistical algorithms and computing power. Routine application of GS
will require new computing skills to manage and process data. Well-structured (with
known pedigrees) and precisely phenotyped populations are needed to implement GS. In
the meantime, tree breeders should explore strategies about how to utilize large genomic
data for decision-making; from prediction of BV to new breeding, testing, and selection
strategies. A GS selection cycle is presented in Fig. 3. While a single occurrence of model
training is shown, training can be performed iteratively as new phenotype and marker data
accumulate. The only difference from traditional recurrent selection is that progeny testing
is given a minor role for predictions of BV. Progeny testing is still expected to be important
in the first few cycles but should diminish as more trees are genotyped and as the population goes through multiple breeding cycles. By that time we should have inexpensive
whole genome sequencing available for major forest trees.

A GS plan for loblolly pine
It is always dangerous to predict the future, particularly when it comes to predicting
genotyping costs that are changing so quickly. A possible GS plan for a loblolly pine elite
breeding population in the North Carolina State University Cooperative Tree Improvement
Program is given (Fig. 4). The elite breeding populations are subsets of the mainline
population, and are intensively managed for short-term genetic gain.
BASE Population: GS processes start from a base population, and this population should
be precisely phenotyped and should have some history of breeding to build LD. The base
population consists of 21 parents and 50 crosses. Approximately 2,000 progeny were
cloned via rooted cuttings and were field tested in eight locations in 2010. Trees were
measured in the autumn of 2013 for growth and stem quality traits at age four. Since each
progeny is cloned and tested on multiple locations, we expect more reliable phenotypes
compared to seedling progeny. The parents and 2,000 progeny will be genotyped in 2014
using GbS. A GS model (M1) will be developed and validated by drawing random samples
from the population. This will be a proof-of-concept. The top *50 individuals, with a
constraint on coancestry, will be selected to breed for the next cycle.
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Base population

Deployment

Fig. 3 A schematic presentation of GS cycle in forest trees. GS starts with a base population, composed of
*50 individuals with known pedigree and breeding values. Individuals are crossed (breeding), progeny are
genotyped, and selections are made based on markers for next round of breeding. The cycle is repeated
(recurrent selection). The cycle is not different from the recurrent selection well known by breeders, except
that selection is based on markers (GS). GS will have a growing role as the program moves forward. The
dashed lines connecting the progeny testing to the cycle suggest a decreasing role of field progeny testing.
GS increases genetic gain per time by circumventing the progeny testing

Cycle 1 (2014–2025): Top grafting of *50 selections in a breeding center will be
completed in February–March 2014. Development of male and female strobili will take at
least 2 years. Breeding could be completed in the winter of 2016 but will likely take until
2017. Cones will be harvested in October 2018, and seedlings will be raised in 2019. About
7,000 full-sib progeny will be genotyped using [50 K DNA markers (in 2019 and 2020),
and a subset (*2,500) will be field-tested in the winter of 2020. Cloning of progeny is not
envisioned after the base population to save time (2 years). The loss in accuracy in phenotypes could be compensated by using a higher marker density ([50 K) and by genotyping a larger number of progeny (7,000). Progeny will be phenotyped in the autumn of
2023 when they are 4 years old. The model developed for the base population will be
retrained using additional markers and phenotypes (Model 2). The new model will be used
to select *50 individuals to breed in 2025.
Cycle 2 (2026–2032): The top *50 selections will be top-grafted in winter of 2026.
They will be bred 3 years later (winter of 2029) when enough male and female strobili are
available. Cones will be harvested in October of 2031. In subsequent months, seeds will be
germinated to extract DNA for genotyping. No progeny testing is envisioned. Depending
on the genotyping cost, a larger number (*10,000) of progeny could be genotyped using
higher density markers ([100 K). Model 2 will be retrained using additional genotypes. A
new round of selections (*50) will be made in the winter of 2032 for the next cycle of
breeding. The breeding cycle is expected to be 6 years; a substantial decrease compared to
Cycle 1 (11 years or longer).
The plan envisions increasing marker density substantially (more than twofold) after
each breeding cycle commensurate decreases in genotyping costs. After Cycle 1, no further
progeny testing is considered for the future generations, but breeders may progeny test a
subset of individuals to further train the prediction models because as the population goes
through multiple breeding cycles (recombination), the LD between marker and QTL will
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Fig. 4 Genomic selection plan for a loblolly pine breeding population. Base population has 2,000 cloned
progeny from 50 crosses. Population was measured at age four in 2014, and will be genotyped. Progeny
testing efforts are expected to decrease as the markers-based model is retrained. In cycle 2, selections will be
based on GS without phenotype. A small subset of progeny will be field tested to later retrain the model.
Number of trees to be genotyped given in Cycles 1 and 2 are conservative. We should expect larger number
of trees to be genotyped as genotyping platforms become mature with complete genome sequencing of
Pinus taeda

degrade and the predictive power of model will diminish. With GS, the breeding cycle time
drops almost in half, because selection decisions could be made based on markers without
phenotype as soon as seeds are available. This could increase genetic gain twofold per
year.

Conclusions
There are many reasons to be optimistic about GS prospects in forest trees. Abundant and cost
efficient DNA markers will likely to be available to tree breeders, and forest geneticists in the
near future. The impact of GS approaches on forest tree breeding will be much higher than any
crop species because of long cycles of breeding. Still there are hurdles to overcome. A well
organized system, including an efficient database, computing and quantitative skills will be
needed to manage and process large data sets. Forest geneticists should avoid over-promising
GS to the community until all the necessary ingredients are in place.
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