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Abstract

Additive, dominance and epistasis genetic variances were esti-
mated from analysis of a clonally replicated full-sib progeny
test grown in the Republic of Congo. Phenotypic variance com-
ponents were estimated for ages 4 through 25 months for
growth and at ages 8 and 18 months for ecophysiological
traits. The estimation of genetics effects was derived from the
individual mixed model. Genetic structure was incorporated
into variances and covariance’s effects based on markers infor-
mation. The detected genetic effects of epistasis are significant
in some traits. This study shows that epistasis variance can be
non-zero and contribute significantly to the genetic variability
of growth and ecophysiological traits. We conclude that the
epistatic effect for quantitative traits may exist, but estimates
may not be obtained, either because the models used are inap-
propriate or because the epistasis variance is too small relative
to other components of the genetic variance to be estimated.

Keywords: Eucalyptus, Genetic variance partitioning, Epistasis,
SNP marker, Relationship matrix.

Introduction

Study in quantitative genetics has been formulated in terms of
trait variation (Falconer and Mackay 1996). The basic idea being
the partition of this variation into components, each attributa-
ble to a different cause (Fisher 1918). The Genetic variance is
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partitioning into additive (A), dominance (D) and epistasis (I)
components. These effects successively designate the intrinsic
effects of the alleles, the intra-locus interactions, and the inter-
loci interactions. The relative importance of the expected
genetic gain by selecting population, family or clone varieties
depends on the genetic variance components. In plant bree-
ding, plant breeding, non-additive effects are generally neg-
lected and in particular, the effects of interaction of the alleles
between loci (Lynch and Walsh, 1998). The reason for this is due
to the cumbersome and complex experimental designs nee-
ded for the decomposition of the genetic variance to the three
components: additive, dominance and epistasis (Fisher, 1918).
Ignoring non-additive genetic effects distorts the prediction of
crossover values, as well as genetic variance components and
the genetic merit of genotypes (Van der Werf and Boer, 1989;
Shelbourne, 1991; Rosvall et al., 1998; Lu et al., 1999; Carlborg
and Haley, 2004). Epistasis effects can also inflate additive and/
or dominance variances (Goodnight, 1988; Cheverud and
Routman, 1995; Lynch and Walsh, 1998). Epistatic interactions
can occur between additive (AxA...), dominance (DxD...) and
between additive and dominance effects (AxD...). The order of
the interactions is higher as the number of loci involved incre-
ase. Some epistatic components are more important than
others and especially the AXA component is of importance
(Cheverud and Routman, 1996; Wade, 2002) and has been
shown to be heritable (Goodnight, 1988) and thus much atten-
tion has been paid to studying AxA effects in response to
selection and evolution (Goodnight, 2000; Jannink, 2003; Xu
and Jia, 2007).
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Expression of additive and dominance (including epistatic
effects without the possibility to distinguishing the two com-
ponents separately) effects for Eucalyptus urophylla x E. grandis
growth traits has previously been studied (Bouvet et al., 2009).
However, those results were based on the classical quantitative
genetics model (Gallais, 1990). Although this model allows for
the evaluation of assessment genetic gain potential of many
plants of interest. Thus, for a long time, genetic selection of
quantitative traits in animals and plants focused solely on phe-
notypic performances of an individual and its relatives.

Quantitative genetic analyses based on the partition vari-
ances was initially proposed by Fisher (1918) and further deve-
loped by Cockerham (1954) and Kempthorne (1954) who deri-
ved methods that are used today.

Nevertheless, this variance partition does not dependent
on the number of genes or the way they interact; the model is
only tractable when the effects are orthogonal, which requires
many assumptions. Thus, quantitative genetic analysis is
something of a‘black box’ (Hill, 2010). Today, the study of bio-
logical complexity and its applications is a new frontier that
requires high-speed molecular technologies, high-perfor-
mance computers with sufficient memory (Palucci et al., 2007),
new approaches to analyze data (de los Campos et al., 2013), in
short it requires the integration of interdisciplinary skills. With
the availability of dense genome-wide molecular markers,
genomic selection (GS) has now become practical in forestry
breeding. One of the justifications for molecular genetic
research in forestry species is the hope that DNA-level informa-
tion will allow for more rapid genetic gain than what has been
obtained from phenotypic data alone. The availability of mar-
ker genotypes for several thousand loci across the genome
allows GS to predict genetic values more accurately than tradi-
tional breeding methods (Meuwissen et al., 2001; Bernardo
and Yu, 2007; Jannink et al, 2010; Guo et al.,, 2012). Dense
genome-wide markers allow to the incorporation of most vari-
ants using historical linkage disequilibrium in the population
(Hill, 2010). Genomic selection is achieved by capitalizing on
linkage disequilibrium between markers and QTLs but also on
genetic relationships among individuals in the study populati-
on (Luan et al, 2012). In forest tree breeding, estimation of
genetic variance components and prediction of breeding valu-
es are performed by applying the restricted maximum likeli-
hood (REML) (Patterson and Thompson, 1971) and best linear
unbiased prediction (BLUP) methods (Henderson, 1974). Today,
more information is associated with the execution of these
methodologies, such as the matrix of relationships related to
additive, dominance and epistatic effects.

The use of this information increases the accuracy and
precision of genetic selection by eliminating some of the inhe-
rent biases in collected data (Kerr et al., 2012). Relationship
matrices can be constructed from pedigree information or
genome-wide marker information (Habier et al., 2007; Heffner
etal., 2009; Luan et al.,, 2012; Su et al., 2012). Pedigree informa-
tion provides expected exact relationships whereas marker
data provide realized estimated relationships. Relationship
estimates based on markers are more accurate than pedigree-
based estimates (Bouvet et al., 2016). Some mechanisms lead

realized relationships to diverge from their expectations, such
as random Mendelian segregation, segregation distortion,
selection, and pedigree recording errors (Heffner et al., 2009).
The matrix of realized relationship between individuals has as
its elements the realized proportion of the genome that is
identical by descent (IBD) between pairs of individuals (Lynch
and Walsh, 1998; Luan et al., 2012; Garcia-Cortes et al., 2013).
Revisiting additive and non-additive effects in E. urophylla x E.
grandis are done by also considering epistatic variance, explo-
ring variances in ecophysiological traits, and using information
from genetic markers. Knowing that, when non-additive gene-
tic effects have a substantial contribution to genetic variation,
models including both additive and non-additive effects lead
to predicting genetic merit with higher accuracies and with
less bias (An et al., 2009; Su et al., 2012).

The aim of this paper was to determine the importance of
the epistatic variation in the total genetic variation in hybrid E.
urophylla x E. grandis from Congo regarding growth and some
ecophysiological traits.

Materials and Methods

Location

The trial site is located at Kissoko north of Pointe-Noire (11°59°
21 “ E 4°45’ 51 “S). The average rainfall is 1200 mm/year. The
soils are characterized by low water retention, very low organic
matter (Epron et al.,, 2004; d’Annunzio et al., 2008) and low
cation exchange capacity (Nzila et al., 2002).

Plant material and experimental design

An incomplete factorial mating design of 13 (female) x 11
(male) E. urophylla x E. grandis (Table 1) was used and genera-
ted 69 full-sib families by controlled pollination. A clonally
replicated progeny test was planted with 1415 clones at a plan-
ting density of 833 trees ha'. A clonally replicated progeny test
was planted with 1415 clones set up as a randomized block
design at a planting density of 833 trees ha™. This progeny test
was set up as a randomized block design. The experimental
unit was 25 plants, composed of one representative of each of
the 25 full-sib clones. Thus, each plot corresponds to a full-sib
family. Thus, each plot corresponds to a full-sib family. Thus,
each plot corresponds to a full-sib family. The total number of
clones used in this study was reduced to 1415 because of natu-
ral mortality.

Phenotypic and marker data

Tree height (H) and Circumference at breast height (C) was
measured between 4 and 25 months. In addition to these
growth traits, three ecophysiological traits (leaf nitrogen con-
tent, specific leaf area and photosynthic activity of leaves) were
considered at two ages, 8 and 18 months. Ten (10) leaves (5
from the upper crown and another 5 leaves from the lower
crown) were harvested from all the individuals in the trial. Har-
vesting was done in all azimuths of the tree to account possib-
le differences of sunlight. The leaves selected were mature



Table 1
Pedigree and number of clones per family for each cross
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Male (Eucalyptus grandis)

9-101 9111 9113 9115 9118 9131 9-15 9-159 9-21 9-29 9-66 Total

14-109 25 25 25 25 25 24 25 174
14-142 25 25 24 13 25 112
14-144 25 24 13 10 10 25 25 14 146
%: 14-230 23 25 18 9 25 20 25 145
§ 1423 9 14 23
q 14242 20 4 22 10 25 81
% 14-289 25 24 5 25 25 104
E 14-33 23 24 8 55
L 1463 24 4 25 10 25 15 26 129
§ 14-73 4 23 23 25 75
14-74 25 25 24 28 102
14-76 25 25 24 10 25 25 25 159
14-82 25 10 25 25 25 110

Total 4 240 4 19 72 10 122 54 271 166 276 1415

leaves, neither juvenile nor senescent, with completed limb
expansion, free of any pathogen attack. Leaves were brought
back to the laboratory where they were scanned, then oven
dried at 65°C for at least 48h, after which the dry matter mass
was determined. Leaf area and dry matter were used to calcu-
late specific leaf area (SLA). Next, the leaves were powdered
after grinding (< 0.1 mm). and the spectra were taken from
each sample for the determination of predicted leaf nitrogen
content (N) by near-infrared reflectance spectroscopy (NIRS).
The N/SLA ratio was calculated to determine the leaf photo-
synthetic activity (LPA). LPA is the leaf nitrogen concentration
per unit leaf area, which is a good indicator of photosynthetic
potential.

SNP marker data were obtained from 3596 18-month-old
trees that were genotyped using GBS technology implemen-
ted by Diversity Arrays Technology (DART). Of the 20,000 SNPs
identified, 3,303 were selected based on repeatability (Bouvet
etal, 2016).

SNP marker data were obtained from 3596 18-month-old
trees that were genotyped using GBS technology implemen-
ted by Diversity Arrays Technology (DART). Among the 20,000
SNPs identified, 3,303 were selected based on repeatability
(Bouvet et al., 2016), a minor allele frequency > 2.5 % and a rate
of missing data per marker > 5 %. Haplotype phasing and mis-
sing-data inference were done with the localized haplotype
clustering method developed in Beagle version 4.0 (Browning
and Browning, 2007).

Data analysis

Three individual linear mixed model including all genetic
effects were considered. In the individual model, the phenoty-
pe of each everyone is defined in terms of effects, and the
genetic structure is incorporated into the variances and

covariances of these effects (Hill, 2010). The model used is writ-
ten as follow:

= r(b) plot a d i
y llln + Xcol + Zr(b) + Zplot + Za + Zd + Zil te

where y is the vector of observations, X and Z are the
design matrices of fixed and random effects, respectively, col is
the vector of columns effects col ~ N(0; cszcoI Id), r(b) is the vec-
tor of rows in block effects r(b) ~ N(0; ozr(m Id), plot is the vector
of plot effects plot ~ N(0; ozplot Id), a is the vector of additive
genetic effects a ~ N(O; Gcza), d is the vector of dominance
effects d ~ N(O; Dozd), i is the vector of epistatic effects i ~N(0;
G, 0’ ), eis the vector of residual effects e ~ N(0, &° Id), 6°, is
the additive variance, ozd is the dominance variance, G__ is the
epistatic variance, 0’e is the residual variance, Id is an identity
matrix, oza, ozd and G_, are the additive, dominance and epista-
tic genetic relationship matrices, respectively.

The additive genomic relationship matrix was constructed
using SNP marker information, the matrix G is equal to this
ratio:

G=—

> 2pq’

where M is a nxm matrix (n = number of individuals an, m
= number of marker), M’is the inverse of M, p and q are the fre-
quencies of allele 1 and 2 at a locus respectively.

The epistatic genomic relationship matrix was derived
from additive genomic relationship matrix while performing
the Hadamard product operation: G = G#G. The genomic
dominance relationship matrix was calculated as follows

b HH' Do HH'
> 2pa(1-2pq) > 2pg(1-2pq) ,where H s

MM'
2




the nxm matrix of heterozygosity coefficients (H _4
H =—,d = n-dimensional vector of dominance effects and u
= dominance value at single locus). The genomic dominance
relationship  matrix ~ was  calculated as  follows,

p=— HH
D 2pg(1-2pg)

where H is the nxm matrix of heterozygosity coefficients
(H =—, d =n-dimensional vector of dominance effects and u =
domfnance value at single locus). H'is the inverse of H.

The proportions of the following variances were calculat-
ed: proportions of additive (A* = 6?,/6® ), dominance (D* =
o’ /6” ) and epistasis (I = 6° /6 ) components in genetic var-
iance.

Results

Variance components and ratios in growth traits
The variances components of the spatial effects (cszcol and ozx(b))
were close to zero, except the column into blocks variance for
circumference. The plot variance (czplm) increases with age. The
residual component of the phenotypic variance was largest
compared to the other sources of variation in the model (Table
2).Figure 1 shows the increase in genetic variance components
observed for tree height and circumference. At 25 months we
observe that the dominance genetic variance is larger than the
additive and epistatic variances. The general trend is an increa-
se in the ratio c52D/c52G with age, while a sawtooth evolution is
observed in the ratio 0?,/0°_ and 6’ /0”_ for height. Concerning
the circumference, the ratio ozA/crzG increases from 0.28 to 0.34
while the ratio 0°/c®_ ratio decreases from 0.404 to 0.25, this
according to the ages from 18 months to 25 months (Table 2),
respectively. All ratios are close until 18 months; they are mar-
kedly different at 25 months. At this age, the 0° /o®_ ratio (0.41-
0.42) is higher than the ¢°,/0%_ ratio (0.33-0.34) and epistasis
(0.25-0.40), respectively.

Variance components and ratios in ecophysiologi-
cal

The row and column into blocks variances are close to zero for
all traits, except the column into blocks variance for SLA and
LPA. For these two traits, the plot variance is higher than zero.
As with the growth traits, residual variance explains most of the
observed phenotypic variation.

Residual variance decreases with age (Table 2). All causal
components of genetic variance decrease with age. A prepon-
derance of additive variance is observed for SLA while the
three components are nearly equivalent for N and LPA. Table 3
also shows that the ratio csZA/cszG is higher compared to the
other two ratios (0% /0*. and 0°/®_) for SLA. We observed that
0’,/0°. and 0’ /0®_ were equal for N and LPA. The general trend
observed for all traits was an increase in the ratio c;ZA/OZG ratio
then a decrease in 0° /0°_ with age. However, the ratio 0° /0%
remained constant with age.
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Discussion

Additive and non-additive components of genetic
variance

For growth traits, the results showed a preponderance of domi-
nance variance over additive and epistatic variances. Bouvet et
al. (2009) explain this superiority by the effect of overdomi-
nance observed in hybrid population, especially when they are
planted in marginal zones.

The epistatic effect of the genes was significant for some
traits. This result brings us back to the heart of the problem of
detecting epistasis. Paul et al. (1997) found similar results in
two clonally replicated Pinus teada progeny tests, where they
detected epistatic variance in only one of them at 1 and 3
years, while the study was conducted up to 5 years. On the
other hand, Stonecypher and McCullough (1986) on Pseu-
dotsuga menziesii found that dominance and epistatic varian-
ces are twice as large as additive variance in tree height. The
preponderance of dominance variance was also reported by
Tan et al. (2018) for growth in hybrid eucalyptus. The additive
variance is in most cases larger than the dominance and epis-
tasis variances for ecophysiological traits. Additive gene effects
are therefore the main source of variability for these traits.

In general, pleiotropy is an important prerequisite for the
existence of epistasis (de Visser et al., 2011). Functional redun-
dancy can also cause epistasis in the sense that two or more
genes perform a common molecular function (Lehner, 2011).
Jasnos and Korona (2007) suggest that epistasis results from
the buffering effects related to physiological homeostasis.

The consensus in quantitative genetics is that the epistatic
action of genes is weak and transient in response to selection
(Crow, 2008; Crow, 2010; Hill et al., 2008; Hansen, 2013). Inter-
loci interactions are weak and difficult to estimate (Phillips,
2008) while Templeton (2000) suggests that epistasis is com-
monly determined when investigations are properly conduc-
ted. Considering these claims, what is the most appropriate
method for estimating epistasis? The answer to this question is
generally complex, but the research requirements are well
known. First, an adequate experimental design is needed, and
then one or more adequate statistical methods should be
employed. In terms of experimental design, the clonally repli-
cated progeny test used in this study allows for the partitio-
ning of genetic variance into the three causal components (Isik
et al., 2003; Costa e Silva et al., 2004). However, a clonally repli-
cated progeny test is not enough, a good balance between the
number of parents, progeny per family and clones within fami-
lies is also needed. Pichot and du Cros (1989) find that the
number of offspring per family can be reduced to 15 without
affecting the parameter estimates.

However, the genetic parameters are poorly estimated
with the reduced number of parents and the low level of filling
of the mating design.

Nevertheless, the number of offspring per family has a
negligible or at least much smaller influence on the estimation
of the genetic parameters. Our design has about ten parents,
and for most families, the number of offspring is equal to 25
and the filling rate is about 50 %. The experimental conditions
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Phenotypic variance components (VC) and genetic variance ratios of growth and ecophysiological traits

vC Ht4 Ht8 Ht18 Ht25 ci8 c25 SLA8 SLA18 N8 N18 LPAS  LPA18
d*col 0.0 0.0 0.001 0.001 0.005 0.011 0.002 0.001 0.0 00 0001  0.001
a*r(b) 0.004 0.044 0.257 0.583 2762 3.997 0.694 0378 0.023 0.016 0.49 0.334
o*plot 0.009 0.083 0.824 1.796 4.952 8.396 0.965 1122 0.022 0.015 1.08 0719
@A 0.002 0.014 0.200 0437 1.587 3425 0.543 0.468 0.01 0.006 0334  0.185
oD 0.002 0.017 0.237 0.536 1.878 4198 0319 0211 0.011 0.004 0389  0.178
@l 0.003 0.017 0.247 0332 2.269 2484 0.361 0.289 0.009 0.005 0349  0.183
oe 0.043 034 2,576 5619 26.58 55.509 7.639 5.548 0.172 0.122 6795 4785
@G 0.007 0.048 0.684 1.305 5734 10.11 1.22 0.97 0.03 0.015 1.07 0.55
°A/0%G 0.29 0.29 0.29 033 0.28 0.34 0.44 048 0.34 0.40 031 0.34
o*D/0’G 033 035 035 0.41 033 0.42 0.26 0.22 037 0.27 0.36 033
l/0%G 0.37 0.35 0.36 0.25 04 0.25 03 03 0.29 033 033 0.34

Ht: height, C: circumference, o°col: column variance, o°r(b): rows into block variance, 6®plot: plot variance, o°A: additive variance, 6°D: dominance variance, 6°I: epis-
tasis variance, o’e: residual variance, 6°G: genetic variance, 6°A/0°G (additive), 6°D/0°G (dominance), and 6°l/6°G (epistasis) proportion in genetic variance.
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Figure 1

Trend with age of genetic variance components for tree growth

are therefore theoretically promising for obtaining reliable
estimates of genetic parameters. The populations studied do
not always satisfy the hypotheses of an absence of cytoplasmic
effects, of normal diploid behavior, absence of C effect (physio-
logical or morphological characteristics unique to the ortet
because of its specific environment), absence of linkage dise-
quilibrium between different genes controlling the same trait
and interacting with each other. Failure to satisfy these assump-
tions can lead to inconsistent estimates of epistasis. Fisher’s
infinitesimal model separates variances from orthogonal com-
ponents (Falconer and Mackay, 1996; Lynch and Walsh, 1998),
which is not true in most cases (Bernardo, 2020).

With molecular markers, the effects of a gene on a specific
chromosome are well estimated (Hill, 2010; Grattapaglia et al.,

2018). This provides a great improvement over other classical
methods of quantitative genetics. This is because statistical
epistasis is a population phenomenon that depends on the
allele frequencies present in the population, whereas physiolo-
gical epistasis is a genotypic phenomenon that is independent
of allele frequencies. Cordell (2002) and Moore and Williams
(2005) agree that the absence of epistasis in the statistical sen-
se does not mean that there are no significant interactions bet-
ween genes in the narrower biological sense.

In summary, it can be concluded that the estimation of
epistatic variance is an ambivalent issue, due to its generally
small contribution to the variability of traits of interest (Barker,
1979; Crow, 1987) despite its large importance in speciation
and adaptation (Wright, 1980). The quantitative effect of
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Trend with age of genetic variance components for ecophysiological traits

epistasis is difficult to discern because of the complexities in
estimating epistasis properly (Falconer and Mackay, 1996). The
contribution of epistasis as a component of genetic variance
therefore remains somewhat obscure. Nevertheless, statistical
epistasis still does not account for the reality of physiological
epistasis. Gene-gene interactions can be strong and yet gene-
rate little statistical epistasis and large epistatic variance com-
ponents (Maki-Tanila and Hill, 2014). Hill et al. (2008) conclude
that gene-level interactions do not necessarily generate vari-
ance-significant interaction. This means that we may find our-
selves in situations where the statistical approach to estima-
ting epistasis does not clearly elucidate the underlying
biological causes of the interaction between genes (Cordell,
2002). Thus, in terms of interpretating the phenomena, it is dif-
ficult to establish the exact correspondence between the bio-
logical and statistical models of epistasis (Witte, 1998; Cordell,
2002).

Nowadays, biological complexity is studied using geno-
me-wide genotyping, combined with high computational
capacity (Palucci et al., 2007; Paixdo and Barton, 2016) and new
approaches to data analysis (de los Campos et al., 2013).

The lack of epistasis may have several reasons (Okada et
al., 2012; Maki-Tanila and Hill, 2014; Paixdo and Barton, 2016;
Barton, 2017; Bernardo, 2020). For instance, markers are in
imperfect linkage disequilibrium with causal variants, the cur-
se of dimensionality, small effect sizes (Paixao and Barton,
2016; Barton, 2017), integration in higher dimensional gene-
gene interactions (epistasis appears as additive variance),

integration in genexenvironment interactions or population
substructure (heterogeneous integration). Wan et al. (2013)
demonstrated that detection of all epistasis is possible with
genomic studies but generally requires hundreds or thousands
of individuals that are genotyped with several million SNPs.
Mackay (2014) suggests that a better determination of epista-
sis would involve determining the effects of gene pairs, the
effects of the molecular interactions generated, and assessing
their effect on the phenotype. In modeling genomic studies,
incorporating epistasis allows for improved estimation of
genetic parameters (Verhoeven et al., 2010; Su et al., 2012).

Variance’s ratios

The superiority of the ratio o /0®_ over the ratios o°,/0°_ and
crzl/ozG reflects the preponderance of dominance variance in
the total genetic variance for growth traits (Bouvet et al., 2009).
Similarly, the superiority of the ratio 6®,/0  over the ratios o°,/
o’ ratios and ¢°/0”_ indicates the preponderance of additive
variance in the total genetic variance for ecophysiological
traits. These results highlight the importance of the dominance
proportion for growth traits and the additivity proportion for
the ecophysiological traits. The proportion of epistasis is low,
reflecting a small but non-zero contribution of the epistatic
effects in the variation of the studied traits. The decrease of the
ratio ozl/cszA found in growth traits shows that epistatic effects
decrease with age compared to additive effects, which increa-
se.



Conclusion

In the eucalyptus-breeding program in Congo, the contributi-
on of epistatic effects in the variation of traits of interest has so
far been considered to negligible or non-existent. The present
study has showed that epistatic variance may be non-zero and
contribute significantly to the genetic variability of growth
traits (25-40 %) and ecophysiological traits (29-34 %). Additive
gene effects represent only a part of total genetic effects for
growth (28-34 %) and slightly more for ecophysiological traits
(31-48 %). The contribution of dominance effects to the gene-
tic variance is predominant for growth traits (33-42 %) and
much less for ecophysiological traits (22-37 %). When epistasis
contributes significantly to the genetic variability of trait, failu-
re to distinguish the epistatic effect from the dominance effect
leads to upwardly biased estimates of additive and dominance
variances. Given the complexity of understanding the effects
of the underlying genes, the unknown effects of some loci, and
their interactions, quantitative analysis may not help us under-
stand quantitative traits. The level of understanding of quanti-
tative traits is still inadequate. In sum, epistasis for complex
traits may exist but estimates may not be obtained either
because the models used are inadequate, or because epistatic
variance is too small relative to other components of the gene-
tic variance to be estimated.

Acknowledgements

I wish to express my gratitude to the technical CRDPI team for
their valuable contribution related to design experimental and
data harvesting. | also thank the reviewer for the journal whose
suggestions greatly improved the manuscript. This study was
partially supported by the International Foundation for Sci-
ence (IFS) and CIRAD.

References

An P, Mukherjee O, Chanda P, Yao L, Engelman CD, Huang CH, Zheng T, Kovac LP,
Dubé MP, Liang X, Li J, de Andrade M, Culverhouse R, Malzahn D, Manning
AK, Clarke GM, Jung J, Province MA (2009) The Challenge of Detecting Epis-
tasis (GXG Interactions): Genetic Analysis Workshop 16. Genetic Epidemiol-
ogy 33 (01): 58-67. https://doi.org/10.1002/gepi.20474

Barker SF (1979) Interlocus interactions: a review of experimental evidence. The-

oretical Population Biology 16: 323-346.
https://doi.org/10.1016/0040-5809(79)90021-2

Barton NH (2017) How does epistasis influence the response to selection? He-
redity 118: 96-109. https://doi.org/10.1038/hdy.2016.109

Bernardo R (2020) Reinventing quantitative genetics for plant breeding: some-
thing old, something new, something borrowed, something BLUE. Heredity
https://doi.org/10.1038/s41437-020-0312-1

Bernardo R, Yu J (2007) Prospects for genome wide selection for quantitative
traits in maize. Crop Science 47:1082-1090.
https://doi.org/10.2135/cropsci2006.11.0690

Bouvet J-M, Saya A, Vigneron Ph (2009) Trends in additive, dominance and envi-
ronmental effects with age for growth traits in Eucalyptus hybrid popula-
tions. Euphytica 165: 35-54. https://doi.org/10.1007/s10681-008-9746-x

Bouvet J-M, Makouanzi G, Cros D, Vigneron Ph (2016) Modelling additive and
non-additive effects in a hybrid population using genome-wide genotyp-

45

ing: prediction accurary implications. Heredity 116: 146-157.
https://doi.org/10.1038/hdy.2015.78

Carlborg O, Haley CS (2004) Epistasis; too often neglected in complex trait stud-
ies. Nature Reviews Genetics 5: 618-625. https://doi.org/10.1038/nrg1407

Cheverud JM, Routman EJ (1995) Epistasis and its Contribution to Genetic Vari-
ance Components. Genetics 139: 1455-1461.
https://doi.org/10.1093/genetics/139.3.1455

Cheverud JM, Routman EJ (1996) Epistasis as a source of increased additive ge-

netic variance at population bottlenecks. Evolution 50:1042-1051.
https://doi.org/10.1111/j.1558-5646.1996.tb02345 x
Cockerham CC (1954) An extension of the concept of partitioning hereditary

variance for analysis of covariances among relatives when epistasis is pres-
ent. Genetics 39: 859-882. https://doi.org/10.1093/genetics/39.6.859

Cordell HJ (2002) Epistasis: what it means, what it doesn’t mean, and statistical
methods to detect it in humans. Human Molecular Genetics 11 (20): 2463-
2468. https://doi.org/10.1093/hmg/11.20.2463

Costa e Silva J, Borralho NMG, Potts BM (2004) Additive and non-additive genet-
ic parameters from clonally replicated and seedling progenies of Eucalyptus
globulus. Theoretical and Applied Genetics 108:1113-1119.
https://doi.org/10.1007/s00122-003-1524-5

Crow JF (1987) Population genetics history: a personal view. Annual Review of
Genetics 21: 1-22. https://doi.org/10.1146/annurev.ge.21.120187.000245

Crow JF (2008) Maintaining evolvability. Journal of Genetics 87: 9-353.
https://doi.org/10.1007/512041-008-0057-8

Crow JF (2010) On epistasis: Why it is unimportant in polygenic directional se-
lection. Philosophical Transactions of the Royal Society B 365: 1241-1244.
https://doi.org/10.1098/rstb.2009.0275

d’Annunzio R, Conche S, Landais D, Saint-André L, Joffre R, Barthes B (2008) Pair-
wise comparison of soil organic particle-size distributions in native savan-

nas and Eucalyptus plantations in Congo. Forest Ecology and Management
255:1050-1056. https://doi.org/10.1016/j.foreco.2007.10.027

de los Campos G, Hickey JM, Pong-Wong R, Daetwyler HD, Calus MPL (2013)
Whole-Genome Regression and Prediction Methods Applied to Plant and
Animal Breeding. Genetics 193: 327-345.
https://doi.org/10.1534/genetics.112.143313

de Visser JAGM, Cooper TF, Elena SF (2011) The causes of epistasis, rewiew. Pro-
ceedings of Royal Society B: Biological Sciences 278 (1725): 3617-3624.
https://doi.org/10.1098/rspb.2011.1537

Epron D, NouvellonY, Roupsard O, Mouvondy W, Mabiala A, Saint-André L, Joffre
R, Jourdan C, Bonnefond J-M, Berbigier P, Hamel O (2004) Spatial and tem-
poral variation of soil respiration in an Eucalyptus plantation in Congo. For-

est Ecology and Management 202: 149-160.
https://doi.org/10.1016/j.foreco.2004.07.019

Falconer GS, Mackay TFC (1996) Introduction to quantitative genetics. Ed. 4.
Longman group Ltd., Edinburgh, United Kingdom. 464p.

Fisher RA (1918) The correlation between relatives on the supposition of Men-
delian inheritance. Transactions of Royal Society of Edinburgh 52 : 399-433.
https://doi.org/10.1017/s0080456800012163

Gallais A (1990) Théorie de la sélection en amélioration des plantes. Collection
Sciences Agronomiques, Masson, Paris, France. 588p.

Garcia-Cortes LA, Legarra A, Chevalet C, Toro MA (2013) Variance and Covariance
of Actual Relationships between Relatives at One Locus. PLos One 8: 1-5.
https://doi.org/10.1371/journal.pone.0057003

Goodnight CJ (1988) Epistasis and the effect of founder events on the additive
genetic variance. Evolution 42 (3): 441-454.
https://doi.org/10.1111/j.1558-5646.1988.tb04151.x

Goodnight CJ (2000) Quantitative trait loci and gene interaction: the quantita-
tive genetics of metapopulations. Heredity 84: 587-598.
https://doi.org/10.1046/j.1365-2540.2000.00698.x

Grattapaglia D, Silva-Junior OB, Resende RT, Cappa EP, Miller BSF, Tan B, Isik F,
Ratcliffe B, El-Kassaby YA (2018) Quantitative Genetics and Genomics Con-
verge to Accelerate Forest Tree Breeding. Frontiers in Plant Science 9: 1693.
https://doi.org/10.3389/fpls.2018.01693

Guo Z, Tucker DM, Lu J, Kishore V, Gay G (2012) Evaluation of genome-wide se-
lection efficiency in maize nested association mapping populations. Theo-
retical and Applied Genetics 124:261-275.
https://doi.org/10.1007/500122-011-1702-9




Habier D, Fernando RL, Dekkers JCM (2007) The impact of genetic relationship
information on genome-assisted breeding values. Genetics 177:2389-2397.
https://doi.org/10.1534/genetics.107.081190

Hansen TF (2013) Why epistasis is important for selection and adaptation. Evolu-
tion 67-12:3501-3511. https://doi.org/10.1111/evo.12214

Heffner EL, Sorrells ME, Jannink JL (2009) Genomic selection for crop improve-
ment. Crop Science 49: 1-12. https://doi.org/10.2135/cropsci2008.08.0512

Henderson CR (1974) General flexibility of linear model techniques for sire eval-
uation. Journal of Dairy Science 57:963-972.
https://doi.org/10.3168/jds.s0022-0302(74)84993-3

Hill WG (2010) Understanding and using quantitative genetic variation. Philo-
sophical Transactions of the Royal Society B: Biology Sciences 365: 73-85.
https://doi.org/10.1098/rstb.2009.0203

Hill WG, Goddard ME, Visscher PM (2008) Data and theory point to mainly addi-
tive genetic variance for complex traits. Plos Genetics 4(2).
https://doi.org/10.1371/journal.pgen.1000008.eor

Isik F, Li B, Frampton J (2003) Estimates of additive, dominance and epistatic ge-
netic variances from a clonally replicated test of Loblolly pine. Forest Sci-
ence 49 (1): 77-88.

Jannink JL (2003) Selection dynamics and limits under additive x additive epi-
static gene action. Crop Science 43: 489-497.
https://doi.org/10.2135/cropsci2003.0489

Jannink JL, Lorenz AJ, lwata H (2010) Genomic selection in plant breeding: from
theory to practice. Brief Funct. Genomics 9: 166-177.
https://doi.org/10.1093/bfgp/elq001

Jasnos L, Korona R (2007) Epistatic buffering of fitness loss in yeast double dele-
tion strains. Nature reviews Genetics 39: 550-554.
https://doi.org/10.1038/ng1986

Kempthorne O (1954) The correlations between relatives in a random mating
population. Proc. Royal Soc. London B 143: 103-113.
https://doi.org/10.1098/rspb.1954.0056

Kerr RJ, Li L, Tier B, Dutkowski GW, McRae TA (2012) Use of the numerator rela-
tionship matrix in genetic analysis of autopolyploid species. Theor. Appl.
Genet. https://doi.org/10.1007/s00122-012-1785-y

Lehner B (2011) Molecular mechanisms of epistasis within and between genes.
Trends in Genetics 27 (8): 323-331. https://doi.org/10.1016/j.tig.2011.05.007

Lu PX, Huber DA, White TL (1999) Potential biases of incomplete linear models in
heritability estimation and breeding value prediction. Canadian Journal of
Forestry Research 29: 724-736. https://doi.org/10.1139/x99-047

Luan T, Woolliams JA, @degard J, Dolezal M, Roman-Ponce S|, Bagnato A, Meu-
wissen THE (2012) The importance of identity-by-state information for the

accuracy of genomic selection. Genetics Selection Evolution 44 (28): 2-7.
https://doi.org/10.1186/1297-9686-44-28

Lynch M, Walsh B (1998) Genetics and analysis of quantitative traits. Sinauer As-
sociates, pp558-563 and 813-816.

Mackay TFC (2014) Epistasis and quantitative traits: using model organism to
study gene-gene interactions. Nature Reviews Genetics 15: 22-23.
https://doi.org/10.1038/nrg3627

Maki-Tanila A, Hill WG (2014) Influence of gene interaction on complex trait vari-
ation with multilocus models. Genetics 198: 355-367.
https://doi.org/10.1534/genetics.114.165282

Meuwissen THE, Hayes BJ, Goddard ME (2001) Prediction of Total Genetic Value
Using Genome-Wide Dense Marker Maps. Genetics 157: 1819-1829.
https://doi.org/10.1093/genetics/157.4.1819

Moore JH, Williams SM (2005) Traversing the conceptual divide between biolog-
ical and statistical epistasis: systems biology and a more modern synthesis.
Bioessays 27: 637-646. https://doi.org/10.1002/bies.20236

Nzila JDD, Bouillet J-P, Laclau J-P, Ranger J (2002) The effects of slash manage-
ment on nutrient cycling and tree growth in Eucalyptus plantations in the
Congo. Forest Ecology and Management 171: 209-221.
https://doi.org/10.1016/s0378-1127(02)00474-7

OkadaY, Sim X, Go MJ, Wu JY, Gu D, Takeuchi F, Takahashi A, Maeda S, Tsunoda T,
Chen P, Lim S-C, Wong T-Y, Lee J-Y, Han B-G, Chen C-H, Kang D, Tsai F-J,
Chang L-C, Fann S-JC, Mei H, Rao DC, Hixson JE, Chen S, Katsuya T, Isono M,
Ogihara T, Chambers JC, Zhang W, Kooner JS, The KidneyGen Consortium,
The CKDGen Consortium, Albrecht E, The GUGC consortium, Yamamoto K,
Kubo M, NakamuraY, Kamatani N, Kato N, He J, Chen Y-T, Cho Y-S, Tai E-S,
Tanaka T (2012) Meta-analysis identifies multiple loci associated with kid-

46

ney function-related traits in east Asian populations. Nat. Genet. 44(8): 904—
909. https://doi.org/10.1038/ng.2352

Paixaoa T, Barton NH (2016) The effect of gene interactions on the long-term re-
sponse to selection. PNAS 113 (16): 4422-4427.
https://doi.org/10.1073/pnas.1518830113

Palucci V, Schaeffer LR, Miglior F, Osborne V (2007) Non-additive genetic effects
for fertility traits in Canadian Holstein cattle. Genetics Selection Evolution
39:181-193. https://doi.org/10.1186/1297-9686-39-2-181

Patterson HD, Thompson R (1971) Recovery of inter-block information when
block sizes are equal. Biometrika 58: 545-554.
https://doi.org/10.1093/biomet/58.3.545

Paul AD, Foster GS, Caldwell T, McRae J (1997) Trends in genetic and environ-
mental parameters for height, diameter, and volume in a multilocation

clonal study with loblolly pine. Forest Science 43:87-98.

Phillips PC (2008) Epistasis — The essential role of gene interactions in the struc-
ture and evolution of genetic systems. Nature Reviews Genetics 9: 855-867.
https://doi.org/10.1038/nrg2452

Pichot C, Tessier du Cros E (1989) Estimation of genetic parameters in eastern
cottonwood (Populus destoides Bartr.). Consequence for the breeding strat-
egy. Annals of Forest Science 46: 307-324.
https://doi.org/10.1051/forest:19890401

Rosvall O, Lindgren D, Mullin TJ (1998) Sustainability robustness and efficiency
of a multi-generation breeding strategy based on within-family clonal se-
lection. Silvae Genetica 47: 307-321.

Shelbourne CJA (1991) Genetic gains from different kinds of breeding popula-
tion and seed or plant production population. Southern African Forestry
Journal 160:49-65. https://doi.org/10.1080/00382167.1992.9630411

Stonecypher R, Mc Cullough R (1986) Estimates of additive and non-additive ge-
netic variance from a clonal diallel of Douglas-fir Pseudotsuga menziesii
(Mirb). Franco. In Proc. Int. Union For. Res. Org. joint Mtg. Working parties
Breed. Theor. Prg. Test, Seed, Orch. Villiamsburg/VA. Publ by NCJU Industry
Coop. Tree Imp. Prog. pp 211-227.

Su G, Christensen OL, Ostersen T, Henryon M, Mogens S, Lund MS (2012) Esti-
mating Additive and Non-Additive Genetic Variances and Predicting Genet-
ic Merits Using Genome-Wide Dense Single Nucleotide Polymorphism
Markers. Plos One 7 (9): 1-7. https://doi.org/10.1371/journal.pone.0045293

Templeton AR (2000) Epistasis and complex traits. In: Epistasis and the Evolu-
tionary Process. Wolf J, Brodie Il B, Wade M (Eds). New York, Oxford Universi-
ty Press, pp41-57.

Van Der Werf JHJ, de Boer W (1989) Influence of non-additive effects on estima-
tion of genetic parameters in dairy cattle. Journal of Dairy Science 72:
2606-2614. https://doi.org/10.3168/jds.s0022-0302(89)79401-7

Verhoeven KJF, Casella G, Mc Intyre LM (2010) Epistasis: Obstacle or Advantage
for Mapping Complex Traits? Plos One 5 (8): 1-12.
https://doi.org/10.1371/journal.pone.0012264

Wade MJ (2002) A gene’s eye view of epistasis, selection and speciation. J. Evol.
Biol. 15: 337-346. https://doi.org/10.1046/j.1420-9101.2002.00413.x

Wan X, Yang C, Yang Q, Zhao H, Yu W (2013) The complete compositional epista-
sis detection in genome-wide association studies. BMC Genetics 14 (7):
http//www.biomedcentral.com/1471-2156/14/7.

Witte J (1998) Gene-environment interaction. In Armitage P. and Colton T. (Eds),
Encyclopedia of Biostatistics. Wiley, Chichester, pp1613-1614.

Wright S (1980) Genic and organismic selection. Evolution 34:825-843.
https://doi.org/10.1111/j.1558-5646.1980.tb04022.x

Xu S, Jia Z (2007) Genome wide analysis of epistatic effects for quantitative traits
in barley. Genetics 175: 1955-1963.




