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Introduction

The advent of Genomic Selection (Meuwisstral. (2001)) has promoted a renewal of the
basic approach of Quantitative Genetics, givingialctalue to the notion of gene effects
which had remained an abstraction until large sgaeleotyping became available during the
last five years. Developments remain however maieltricted to an additive statistical
framework, allowing improved estimates of genettues to be obtained.

Coping with interactions between gene effects (apis) seems however necessary, given
the biological evidence that genes do not act iaddpntly. Gene regulatory networks, as
well as metabolic networks clearly suggest thastafic interactions should take a significant
role in the statistical setting of genomic selettigjuvsland et al (2007); Fiévet al.
(2010)). Valuable approaches have been proposédetdify sets of loci that exhibit non
additive effects on a trait or on several traitem® current trends are illustrated in the
following.

Population genetics theory has incorporated epgsfas a long time, but did not always
suggest it should contribute much genetic variaflgitl et al. (2008)). Even if the additive
genomic prediction of phenotypes has now proved efficiency, it seems useful to
investigate extensions of the model that could antdor possible interactions between
genes (epistasis) and for possible constrainthemealistic values of traits and relationships
between traits (homeostasis). To do so, we propaggadratic extension of the usual model
and raise the question in a general multitrait esntThe model could be the basis for a
practical extension of genomic prediction, but saafeneral quadratic setting also suggests
how a continuous selection pressure (natural seféctmight lead to some co-adaptation
between genetic variability and the admissible ti@fships between genotypes and
phenotypes in which epistatic interactions plajgaificant role.

Sear ching for epistatic interactions

Many works have been carried out during the lastrgiemaking it difficult to propose a
comprehensive overview of this emerging field. Ofgly examples of current works will be
evoked here. Depending on the objective and oresfperimental design, methodological
efforts have been put on the development of tooled at detecting pairs of loci, or subsets
of independent or linked Single Nucleotide Polyniosms (SNPs), whose interactions
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explain the phenotypic variation of complex chagest All works were faced to the
statistical questions raised by the number of coatimns to explore and by model selection.

In human genetics, focus has been mainly devotethéouse of case-control designs
concerning susceptibility to complex diseases. ieng of methods was given by Heidema
et al. (2006). Special attention was given to the detectf high order interactions. An
approach consists in grouping loci, either singPS or groups of tightly linked markers
(haplotypes), into subsets (“epistatic modules”}sd these subsets would act additively on
the trait while interactions would concern loci it each subset (Targg al, (2009)). Such
approaches may be developed & initio search of interacting loci, or to test candidate
groups of genes identified in a previous analysisrem biological considerations (Zhang
and Liu (2007); Leet al. (2007); Waret al. (2009)). Selection of models remains a concern
in all approaches, and some authors proposed ingplting various scoring methods rather
than proposing their own “best” method (Mechaetial. (2008)).

In mice and in species of agronomic interest, mastrks were devoted to simple
experimental designs (backcross, F2, recombindnehlines, crosses between divergent
lines) for which the standard diallelic genetic rabaf epistasis (Kempthorne (1954);
Cockerham (1954); Mao and Da (2005); Alvarez-Castral. (2008)) can be written down.
In general, detection of significant epistatic matgions followed the preliminary detection
of loci (QTLs) showing significant additive contutions to trait variation. The first selection
of loci is then used either to reduce the searchrf@racting pairs, or to fix a larger but
limited number of loci among which interactions atespected. Model selection were based
either on likelihood ratios (Jannink and Janser02)) permutations (Yangt al. (2007)),
various versions of Bayes Information Criterion €fial. (2005); Yiet al. (2007); Bogdaret

al. (2008); Zhanget al. (2008)) or penalized maximum likelihood (Baatral. (2002); Zhang
and Xu (2005); Xu (2007)). Another approach wasetbsaimed at considering all the
pairwise loci combinations and at searching forttadl possible epistatic interactions effects.
The method requires intensive computation andesilits may be analyzed in a second step
to identify potential interaction networks betwdeoi (Ma et al. (2008)). Significant results
were obtained in various cases, especially in pgwitith a multitrait approach of growth
characters from an F2 design between White Leglzom jungle fowl (Le Rouzicet
al.(2008)) or body composition from an F2 between djeet lines selected for growth rate
(Ankra-Baduet al. (2010)), or in pig (Noguerat al. (2009)).

However such works were mainly focused on the dieteof significant interacting pairs of
loci, rather than on the use of interaction effactsmprove the prediction of phenotypes
from molecular polymorphism. Estimates of globdkmactions between one locus and the
genetic background have been investigated. Jar{@bi7) found that, in a large proportion
of simulated data, this could provide a significanprovement, and Jannirét al. (2009)
have reviewed the question in the context of plaeeding. However, recent investigations
in genomic selection suggested that accountingnteractions between gene effects did not
provide any significant improvement over additivediction (Legarreaet al. (2008); Leeet

al. (2008)).



Theoretical framework: Quadratic Quantitative Genetics

A general quadratic model. We consider a large diploid monoecious populatiowler
random mating. The genetic system is made up aimberL of loci, where genes have
effects distributed in the population accordingatanultinormal distribution, defined among
gametes by a mean vec@®iand a variance covariance mat@x(Lande (1976)). From the
normal model of gene effects, we then turn to aeganquadratic model for phenotypes.
Phenotypes are considered for a numieof traitsx' (i = 1,...N), representative of all
possible phenotypes measurable on an individuala¥¢eme that any phenotygés linked

to gene effect¢a,b) and to environmental effecesby some function x' = P' (a,b) + €',
restricting here the model to an additive and imshglent contribution of environment.
Considering phenotypes as continuous variablesaasdming only small gene effects (as in

the usual setting of quantitative genetics), weumsss that these functions can be
approximated by their second order developmentrataunean genetic values. Assuming

symmetry between sexes, the phenotypef an individual with genotypda + a,a + f3)
is written as
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This is re-written as follows, recalling that theeams p'=p'(g,a) and the partial
derivatives depend on the mean vaiue

X=P +7aB +B8B +%(Ta Ca + 27a DB + BCB)+ €. 1)
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whereB' is a vector of dimensioh; C' andD' are square matrices of dimensianzL; a, #
and ¢ are normal vectors wit® means. In a large population, the first two morseoit
phenotypes are

E(x)=P' +traceg(GC')

Covx,x')=2 "B'GB’ +trace(C'GC'G + D'GD'G) + Cov(€, &').
where "B’ stands for the transpose Bf and G is the variance covariance matrix of gene
effects. Further, expressions of covariances betwests measured in relatives may be
derived using the coefficients of inbreeding andetétionship. Comparing with the standard
settings, terms involving the diagonal elementsnatricesD correspond to dominance

interaction, while other terms D and terms irC correspond to additive x additive epistatic
interactions.

)

Dynamics under selection. Let us assume individuals are submitted to som@iracous
selection process acting between the zygotic siadethe adult stage. We assume optimizing
Gaussian selection characterized by an optimumevala vector of dimension the number
of traitsN, and a positive semi-definite mat® of dimensiondN x N, so that the fitness of a
zygote with phenotypic valuesis proportional to

ex;{—; T(x-1) & (x—A)].

Following relationships for Gaussian genetic modglande (1976,1980); Karlin (1979);
Chevalet (1994)), the dynamical equations relagiagetic parameters in one generation to



those in the next one can be derived, neglectimng trder terms. Assuming that there exists
a non trivial equilibrium in which genetic variatios not exhausted (as would be in general
the case for a purely additive model with no motali a necessary and sufficient condition
for equilibrium can be shown to b8 S =0, where B is the L x N matrix made up of
vectorsB'. This is a significant condition becauBalepends on the mean genetic valueaof
and on the phenotypic functions, whi® is determined by the environmental conditions.
This leads to the definition of two sets of chaeest “fitness traits” and "other traits”, which
are derived from the original phenotypes by a lineansformation. The transformation is
defined so that the selection mati® applied to the new traits can be partitioned as

00
s =
0s

where X is positive definite, and applies only to thendiss traits. Hence, the condition
states that there is no first order (additive) @Beof gene variations on the fitness, the
additive genetic variances of fitness traits am®z&he genetic variability of fitness traits is
all included in the quadratic terms; the genetidarece components for these traits are only
due to the quadratic terms @ andD (Equation 2), giving rise to non zero genetic (non
additive) covariances between relatives for theadst as well as covariances between
fitness traits and other traits.

Qualitative expectations. Although obtained under restrictive assumptioh® previous
result suggests how the relationship between geeoand phenotype may be adapted to
selective forces owing to the maintenance of nodita@ gene effects on traits linked to
fitness. The equilibrium conditions define a sultspaf the genetic space in which the links
between genotypes and phenotypes are adjustee selbction pressure of environment. In
this metaphor of equilibrium between environmerd genetic diversity, any departure from
the equilibrium would promote changes in the gepetghenotype interactions, develop new
additive genetic effects in fitness traits and éase the genetic load. These consequences
can be calculated from the model provided the nidimess traits are identified and the
parameters B, C and D matrices) are known. In particular, the additiwek | between
genotypes and phenotypes is modified under sucepartlure from equilibrium, since the
mean genetic values, hence the values ofBhmatrix, are changed. Such changes are
expected to decrease the efficiency of genomicigtied of phenotypes, a situation that
could result from the use of genomic selection.

Checking the evolutionary relevance of the previqualitative results would need large
scale surveys with phenotypic data on many traitsiany individuals. More generally, the
quadratic model (1) can be used to build a gengmédiction of phenotypes that would
include interaction terms. We discuss in the follggwossible approaches based on genome
wide genotyping and genomic predictions from popoia data rather than from data
collected in structured families.

Genomic prediction

The genomic approach of model (1) raises the ustaistical problem found when the
number of unknown parameters is far larger thamtimaber of data, since we have to deal
with many traits ), many loci () and very many interaction terms. When restridted



additive terms (matriceB'), the model is the usual model for genomic sedecfor which
practical algorithms are available (Leé al. (2008)). The present introduction of a single
“gene effect“a, tranformed to an effect on traits through the rmaB does not change
anything for the additive part. Additional quadcatierms, although potentially very
numerous, should account for both interaction teant for pleiotropic effects. We propose
a combined approach to get computational feagibilit

Haplotypeidentification. A preliminary analysis of the genetic diversitytbé population is
to be carried out to identify shared haplotypes] eeplace genome-wide genotypes (from
large scale SNP chip data, for example) with aoééici, each one being characterized by a
list of haplotypes (Zhangt al. (2006); Suret al. (2007)). Let h'(u) and hj(u) be the

haplotypes carried by individualat locud. At this locus, we assume there are several forms
of the haplotype (looked at as alleles of the Ip¢aswhich “gene effects” will be assigned
after genomic prediction is performed on phenotyfata.

Additive genomic prediction. Based on this reduced genetic characterizationivarsity,

an additive genomic prediction is performed. Thegads extending available methods, such
as described by Lest al. (2008), to the multitrait setting. For traiin individualu, we write
the additive model as:

X (u) =P+ B(a, (), () +a, (] () + £' (u) (3)

where a(h) stands for the gene effect associated to hapdtygt the corresponding locus.
In this multitrait model gene effects are definatt® while effects on traits are obtained

through a single parameteB! per locus and per trait. Without loss of genéyalion zero

values of B! may be scaled so that the variancespfeffects is set td (i.e. the matrix G

becomes a correlation matrix). This is expectedltmwv “gene effects” to be defined for each
haplotype irrespective of any trait, and to provestimates of additive genetic merits of
individuals for all the traits.

Principal Components Analysis. Reducing the size of the model may be obtainemlitih a
Principal Component Analysis (PCA), as suggestetidoRouzicet al. (2008). We propose
to perform the PCA on the predicted additive magftswviduals. From the previous analysis,
each individual is assigned one predicted meritefach trait (even for traits that would not
be available for this individual):

M (u) = P+ B (@ (0, (u) + &, (W (u)), @)
where hats indicate estimated values. A PCA isogpered on theV’s, to get a numbeN’

(N < N) of principal components. Then, if theth componentR’ is written as
Rj:zpri' we define “principal phenotypes’y’ for each individual ) as
i

yl(u) = Zyji X' (u) Where pji are the elements of the orthonormal matrix tramsing the

variance-covariance matrix betweed’'s into a diagonal matrix. Conversely, original



phenotypes can be approximately recovered fromlahgestN' principal components:
_ =N
HOEDWAAOE
=1

From this PCA the first components exhibit the ésmtgadditive genetic variances, as
explained by genomic information, while the lasesnassociated with the smallest eigen
additive variances, would represent “fithess” comgmas in the framework of the previous
genetic model in which “all” traits would be coneidd.

Quadratic genomic prediction of principal phenotypes. The last step is identification of
the parameters in the complete quadratic modelfasethe N' “principal phenotypes'y
identified from the PCA. From Equation (4), the #idd genomic predictions ofs are:

yw=Y, {P + 2B (@ (h, ) +4, (h':(u»)}

=2 Pl Z(Z Vi éij(ﬁl (0, (u)) + @, (0] (u)))
i | i
which may be written shortly as:

9 (u)=9" +> Y (a (u) + B W)

whereY|J ’s take the same role as the elementB’sfin the original setting (1), and where

a's andf’s are the gene effects assigned to the haplotgpésdividual u. Searching for
interaction effects is then performed setting adgatic model to explain the differences

y'(W)-9' () :i{ZZ[(m (W, (W) + 4 (W5, ()i, + 27, (WA (u)an]}eJ‘ W, ©

keeping the same notatiorG, O) for the interaction terms to be estimated.

Discussion

Introducing haplotypes and assigning quantitatistu@s to them is proposed as a way to
extend current approaches to epistasis that hase imainly developed for diallelic models.
It remains however to check if model (1) and itagmic implementation (Equations (3) and
(5)) allows one to define gene effects that wowddrmependent of the traits considered and
that would fit experimental data. A further diffip may arise to assign gene effects to
haplotypes that are not available in the sampld fmeestimation.

Estimating the genetic parameters depends on timputational feasibility of the proposed
approach. Following previous works aimed at idgid epistatic effects, it seems necessary
to limit the search to a restricted number of I&@ne way is to select loci for their likely
involvement in direct (additive) effects, althoughistatic interactions have been reported
between loci with no individual significant effe€ti et al. (2005)). Working with several
traits could however be a way to include all thei khat contribute to phenotypic variation.
One could follow a penalized likelihood method &best loci with a direct effect on at least
one of the traits, and then search for interacgiaigs (Boeret al. (2002); Yiet al. (2007)).
Another approach could rely on an independent bBeaimed at detecting pairs of loci



showing some evidence of interaction, from a syatenpairwise search (Met al. (2008)).
This independent search could be combined withdalitise genomic prediction pointing to
significant loci (Leeet al. (2008)) and — after the PCA is performed - prawgihe residuals
to be analyzed with the quadratic model (Equatipn 5

Proposing a preliminary Principal Components Aniglysay be only an option. In addition
to reducing the number of traits to work on, perforg the PCA on additive genetic effects
should result in uncorrelated residuals, so thaeaimg interaction terms could be more
effective. However the risk is interpreting any w@élon from additivity as evidence of
epistasis. Some traits with high heritability amowwn to be poorly explained by genomic
prediction, such as human height (Aulcherkal. (2009)). It would be interesting to check
if, in such cases, the quadratic prediction tunmmsto provide a better fit.

The proposed model introduces general second amtegactions between gene effects, but
assumes a single independent environment componErtensions dealing with
environmental effects are possible in the same Eflewing for non additive interactions
between genetics and environment (Gimelfarb (1999))

Conclusion

We propose an extension of the usual setting ohtifative genetics, aimed at a systematic
search for second order interactions between giéeet® The importance of epistasis is well
recognized, but its potential use in genomic silactemains to be assessed. From
theoretical considerations (which will be detailel$ewhere), it seems that non additive
effects should play a significant role in the phgpa variation of traits linked to fitness.
The proposed approach needs further works to ctieelumerical feasibility and its ability
to fit actual data.
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