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Abstract Epistasis is defined as interactions between
alleles of two or more genetic loci. Detection of epistatic
interactions is the key to understand the genetic architec-
ture and gene networks underlying complex traits. Here,
we examined the extent of epistasis for seven quantitative
traits with an association mapping approach in a large
population of elite sugar beet lines. We found that cor-
rection for population stratification is required and that in
terms of reducing the false-positive rate the mixed model
approach including the kinship matrix performed best. In
genome-wide scans, we detected both main effects and
epistatic QTL. For physiological traits, the detected digenic
and higher-order epistasis explained a considerable pro-
portion of the genotypic variance. We illustrate that the
identified epistatic interactions define comprehensive
genetic networks, which may serve as starting points
towards a systems-oriented approach to understand the
regulation of complex traits.
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Introduction

Epistasis refers to interactions between alleles from two or
more genetic loci (Carlborg and Haley 2004; Phillips
2008). The consequence of epistasis is that the phenotype
of an individual cannot be predicted simply by the sum of
the single-locus effects, but rather depends on the specific
combinations of loci (Lynch and Walsh 1998). Recent
molecular and biochemical work points to a vast number of
interactions between genes and gene products (Tong et al.
2004; St Onge et al. 2007; He et al. 2010; Costanzo et al.
2010). The complexity of quantitative traits and the
observed extensive interplay of factors implicated in these
pathways suggest that these networks should be reflected in
a similar amount of epistasis on a genetics level. Studies in
animal systems have revealed major effects of epistasis on
the genetic architecture and the variation of complex traits
(Montooth et al. 2003; Carlborg et al. 2006). In plants,
epistasis has been reported only in few studies in barley,
rice and tomato (Li et al. 1997; Eshed and Zamir 1996;
Xu and Jia 2007).

A major limitation of classical linkage mapping is that it
is based on biparental crosses and evaluates only two
alleles at a time. The detection of epistatic interactions
relies on two interacting loci being polymorphic in that
particular cross. In contrast, association mapping is based
on diverse populations with a low frequency of fixed loci.
The statistical power to detect epistasis depends on the size
of the genotypic classes determined by the allele frequen-
cies and subsequently on the population size. Detection of
epistasis in association mapping therefore represents a
complementary approach to linkage mapping studies.

A potential problem of association mapping is that any
non-functional association between the trait and the
underlying population structure will also be detected as
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QTL. Population stratification can therefore lead to the
discovery of many false-positive QTL (Zhao et al. 2007).
Recently, different methods have been suggested which
correct for population structure (P matrix) and familial
relatedness (K matrix) (Price et al. 2006; Yu et al. 2006).
The P matrix uses principal components and the K matrix
is based on kinship estimates. Both, the P and K matrix, are
commonly estimated with marker data, which can lead to
an overcorrection for population stratification resulting in a
low power to detect QTL. Therefore, a careful choice of an
appropriate association mapping method is pivotal.

Sugar beet is of major economical importance for
worldwide sugar production (Draycott 2006) and serves as
an outstanding model crop to study the genetic architecture
of physiological and agronomic traits with varying com-
plexity. Linkage mapping and candidate-region association
mapping approaches have identified main effect QTL
underlying yield and physiological traits such as sodium,
potassium and «-amino nitrogen content (Weber et al.
2000; Schneider et al. 2002; Stich et al. 2008a). Never-
theless, none of the previous studies investigated the con-
tribution of epistasis to the genetic variation of relevant
physiological and agronomic traits.

In this paper, we evaluated the applicability of associ-
ation mapping in a large, experimental data set in sugar
beet. We investigated different methods to correct for
population stratification and found that the mixed model
approach including the K matrix performed best. Main
effect QTL were identified for seven quantitative traits. We
focused on the detection of epistasis and identified two-
and three-way epistatic interactions. We show that the
detection of epistasis can be used to unravel the genetic
architecture and gene networks of complex traits.

Materials and methods

Plant materials, field experiments and molecular
markers

Our study was based on 460 elite sugar beet (Beta vulgaris
L.) inbred lines, which were randomly derived from 112
crosses among 22 diploid sugar beet clones (Supplemen-
tary Figure S1). The number of progenies from each cross
ranged from two to seven. Testcross progenies were pro-
duced by crossing the genotypes to a single diploid tester.
All material used in this study was provided by the
breeding company KWS SAAT AG (Einbeck, Germany).

The 460 genotypes were evaluated in routine plant
breeding trials (a-lattice design) with two replicates at five
locations in Germany in 2008. Data were recorded for
seven traits as percentage of the mean performance of
four checks based on lattice-adjusted entry means. The
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evaluated traits were white sugar yield (WSY), sugar yield
(SY), sugar content (SC), beet yield (BY), potassium (K),
sodium (Na) and x-amino nitrogen (N).

The 460 genotypes were fingerprinted following stan-
dard protocols with 290 single nucleotide polymorphism
(SNP) markers. These markers were randomly distributed
across the sugar beet genome with an average marker
distance of 3.5 cM and a maximum gap between adjacent
markers of 18 cM. Map positions of all markers were based
on the linkage map of KWS SAAT AG with a total map
length of 10.23 M (unpublished data).

Phenotypic data analyses

The analyses were based on adjusted entry means calcu-
lated for each location. The following linear mixed model
was used to estimate variance components of the test-
crosses: y; = i + l; + g + e;; where y;; is the adjusted
entry mean of the ith sugar beet line at the jth location,
u the intercept term, [; the effect of the jth location, g; the
genetic effect of the ith sugar beet line and ¢;; the error term
including the genotype times location interaction effect.
Locations were modeled as fixed effect and the genetic
effect as a random effect. Variance components were
determined by the restricted maximum likelihood (REML)
method. Significance for variance component estimates
was tested by model comparison with likelihood ratio tests
where the halved P values were used as an approximation
(Stram and Lee 1994). Heritability on an entry-mean basis
was calculated as the ratio of genotypic to phenotypic
variance according to Melchinger et al. (1998). Further-
more, genotypes were regarded as fixed effects and best
linear unbiased estimates (BLUEs) were determined for all
genotypes and traits. Phenotypic correlation coefficients
(r) were calculated among all traits based on BLUEs of the
460 genotypes.

A Mantel test (Mantel 1967) was performed between the
phenotypic and genetic distance matrices to estimate the
correlation between the phenotype and the population
structure. The phenotypic distance matrix was estimated as
all pairwise absolute differences between BLUEs of the
460 genotypes. The genetic distances were calculated
based on the modified Rogers’ distances (Wright 1978).

Association mapping

A two-step association approach was applied which has
been shown to posses only a slightly reduced power for the
detection of marker-phenotype associations compared to a
one-step approach (Stich et al. 2008a). The mixed model
for the association mapping approaches was: y;, = u +
l; + a, + g + e, where y;;, is the adjusted entry mean of
the ith sugar beet line at the jth location carrying allele p, u
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the intercept term, /; the effect of the jth location, a, the
effect of allele p, g; the genetic effect of the ith sugar beet
line and ¢, the residual. Locations and a,, were modeled as
fixed effect whereas g; was regarded as random effect.

Association mapping populations often show a non-
functional correlation between the phenotype and the
population structure, which will lead to the detection of
false-positive QTL. Therefore, different methods to correct
for population structure were tested. The P10 model
included the first 10 principal coordinates based on the
modified Rogers’ distances as fixed effects (Price et al.
2006). In the K model, the variance of the random genetic
effect was assumed to be Var(g) = Kaé, where aé refers to
the genetic variance estimated by REML and K was a
460 x 460 matrix of kinship coefficients that define the
degree of genetic covariance between all pairs of entries.
We followed the suggestion of Bernardo (1993) and
calculated the kinship coefficient K; between inbreds
i and j on the basis of marker data as K;; = 1 + (S;; — 1)/
(I — T;), where S;; is the proportion of marker loci with
shared variants between inbreds i and j, and Tj is the
average probability that a variant from one parent of inbred
i and a variant from one parent of inbred j are alike in state,
given that they are not identical by descent. The coefficient
T, was estimated using a REML method suggested by
Stich et al. (2008b) setting negative kinship values between
inbreds to zero. The P10K model included both, the first 10
principal coordinates and the K matrix.

For the detection of main effect QTL, a genome-wide
scan for marker-trait associations was conducted. Markers
with a P value < 0.01 were selected. To correct for co-
linearity, the selected markers were simultaneously fitted in
a final model in the order of their P values. Markers with
significant (P < 0.05) association in the final model were
declared as main effect QTL. A two-dimensional genome
scan was performed and all possible marker—marker
interactions were tested. The model included the detected
main effect QTL as co-factors as well as the main and
interaction effects of the marker pair under consideration.
The Bonferroni—-Holm procedure (Holm 1979) was applied
to correct for multiple testing. Main effect QTL and two-
way interactions, which were significant at a Bonferroni-
corrected P < 0.01 (P < 2.4e—7), were subsequently fitted
in a final model to correct for co-linearity. Marker inter-
actions with significant (P < 0.05) association in the final
model were declared as two-way epistatic QTL. No full
three-dimensional genome scan was done, because of the
immense computational demand. Nevertheless, three-way
interactions were identified based on the results of the two-
dimensional scan. The model included the detected main
effect and two-way epistatic QTL as co-factors, the three-
way interaction to be tested, and the subordinated two-way
interactions and single markers. Three-way interactions,

which were significant at a Bonferroni-corrected P < 0.01
(P < 3.5e—5), were fitted in a final model together with the
detected main and two-way epistatic QTL. Three-way
interactions, which were still significant in the final model
at P < 0.05 were considered three-way epistatic QTL.

The total proportion of genotypic variance (pg)
explained by the detected QTL was calculated by fitting all
QTL simultaneously to obtain Ridj. The ratio pg = Ridj/h2
yielded the proportion of genotypic variance (Utz et al.
2000). The genotypic variance of the epistatic QTL was
obtained as the difference in pg between the full model and
a model without the epistatic QTL. All mixed model cal-
culations were performed using the software ASReml 2.0
(Gilmour et al. 2006).

Linkage disequilibrium (LD) was assessed by the LD
measure 7~ (Weir 1996) and significance of LD was tested
with Fisher’s exact tests (Hill and Robertson 1968). LD
computations were performed with the software package
Plabsoft (Maurer et al. 2008).

Results
Composition of the data set

We analyzed an association mapping data set composed of
460 diploid sugar beet inbred lines. Plants were phenotyped
at five locations resulting in high heritabilities and signif-
icant genotypic variances for the seven traits investigated
in our survey (Table 1). The mapping resolution in our data
set was determined by analyzing the extent of linkage
disequilibrium (LD) in the population of the parental lines.
Analysis of LD revealed a high amount of intrachromos-
omal LD and low interchromosomal LD (Fig. 1a). The plot
of LD versus genetic map distance showed that LD
decayed within approximately 10 cM (Fig. 1b). Conse-
quently, the applied average marker distance of 3.5 cM
provided sufficient marker coverage for genome-wide
association mapping.

Models for association mapping and population
structure

For markers that are unlinked to functional polymorphisms
controlling the trait, it is expected that the P values are
uniformly distributed and, thus, follow the diagonal line
plotting observed versus expected P values (Yu et al.
2006). As markers will also be linked to QTL, we expected
for traits with comparable complexity, a similar magnitude
of the bulge at the beginning of the diagonal. Mantel tests
between phenotypic and genetic distance matrices revealed
for all traits small, yet significant associations (Table 1).
The simple model, which does not include any correction
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Table 1 Mean, minimum and maximum testcross performance of
460 sugar beet genotypes in percentage of the mean performance of
the checks, variances of the testcrosses for genotypes (og) and

residuals (o) and heritabilities (h?) for white sugar yield (WSY),
sugar yield (SY), sugar content (SC), beet yield (BY), potassium
content (K), sodium content (Na), z-amino nitrogen content (N)

Parameter WSY SY SC BY K Na N

Mean 95.66 95.91 103.00 93.18 114.10 104.60 107.30
Min 82.43 81.75 96.40 75.30 96.39 70.85 84.95
Max 106.00 106.40 110.00 107.10 139.90 158.30 143.30
0% 11.78%*%* 13.84%% 6.51%* 32.44%% 36.06%* 145.93%%* 50.31%%*
0% 12.43 11.46 2.13 10.27 29.98 230.34 103.20
" 0.83 0.86 0.94 0.94 0.86 0.72 0.66

r 0.31%%* 0.32%%* 0.25%* 0.34%% 0.09** 0.09%** 0.12%%*

Correlation (r) between pairwise phenotypic differences of all genotypes and the corresponding genetic distances

**Significance at P < 0.01
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Fig. 1 Linkage disequilibrium (LD) structure measured as r* in the
parental population. a Significant LD (P < 0.05, above diagonal) and LD
() between all pairs of loci (below diagonal). The horizontal and
vertical lines separate the chromosomes, red coloring indicates signif-
icant LD and higher R values (R > 0.1), respectively, white indicates

for relatedness, resulted in huge differences with more
pronounced bulges for traits with a higher correlation with
the population structure (Fig. 3). This clearly indicated an
inflated false-positive rate. Therefore, correcting for relat-
edness is mandatory to avoid a high number of false-
positive associations.

The genotypes included in the data set were a sample of
elite lines belonging to the same heterotic group, but
classified either as sugar or yield type. In accordance with
this, principal coordinate analysis revealed no clearly dis-
tinct subpopulations but a family structure of sugar and
yield types (Fig.2). This suggested that correction for
population structure was not necessary but family related-
ness had to be considered (Fig. 3). The use of the P10K
model can potentially result in an overcorrection for pop-
ulation stratification with a reduced power in QTL detec-
tion. Therefore, we based our results on the K model and
not on the P10 or P10K models.
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Genome-wide scan for main effects

The optimum estimate for the identity-by-state probability
for the calculation of the K matrix was 0.475. A genome-
wide scan for main effects identified QTL for all seven
traits, distributed throughout the whole genome (Table 2;
Fig. 4). The number of detected QTL ranged from 4 for
o-amino nitrogen to 21 for sugar content. The proportion of
genotypic variance explained by the detected QTL ranged
from 27.9% for sodium to 82.5% for beet yield. The effect
sizes of the QTL were higher for the quality-related traits
(K, Na, N) compared to yield traits (WSY, SY, SC and BY)
(Fig. 6).

Detection of epistasis

As for the main effects genome scan, the plot of observed
versus expected P values indicated that the model
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Fig. 2 a Principal coordinate analysis of the 22 parents and b of the
460 genotypes of the population, based on modified Rogers’ distance
estimates. Sugar (Z) and yield (E) types are shown. Percentages in
parentheses refer to the proportion of variance explained by the
principal coordinate. ¢ Violin plot showing the density distribution of

including the kinship matrix should also be appropriate for
epistasis scans (Fig. S2). The two-dimensional genome
scan revealed significant two-way interactions for all traits.
The number of identified QTL ranged from one for white
sugar yield to 20 for sugar content. Contribution of epi-
static effects to the genotypic variance was minimum for
WSY (1.1%) and maximum for Na (37.4%) (Table 2).
Most of the two-way interactions are composed of markers,
which do not have a significant individual effect (Fig. 5,
Table S1). For most of the detected interactions no sig-
nificant LD was found suggesting that there is not a high
selection pressure on specific allele combinations.

We searched for higher order epistasis by extending the
detected two-way interactions towards three-way interac-
tions. Significant three-way epistatic QTL were detected
for the four traits, SY, SC, BY and K (Table 2). The
number of detected QTL ranged from one to three,
explaining 0.3-1.9% of the genotypic variance. The main
and the epistatic QTL together explained between 40.5

B * Ztype s>
« ||4 Etype : ::'v:‘: X
> ° .,"o: *q% :A.‘
R -t "'.,"A.A JNE
- % e® - 2&‘:“ A @
L s w02 e Y,
™ H % 2°0 ape. o
o | . ._-A. :‘.A‘ "AAAA
.9 o | . \o.'. S ° ':"’“’,'“ut PN
g o e %3 L) %S wp ou
< o % . oo B4 A
S R R T W % 775
o .: o I 4 ° .-.. .“A&‘#AA
o 5 o % o i‘n % %
o T o0, % PR S 8.0.. . ®
] e . .
o o] ° o %0,%,2° ¢ 0 ‘
S o oo ° °e° b
£ °. o .
o .
[ I Y
4 T T T T T T
-0.3 -0.2 -0.1 0.0 0.1 0.2
Principal coordinate 1 (10.4%)
D 21
° +++++M
o et
c A
c < 4+
= o o
g +"’++
° I
o © | &
.% S |-
-_— I
2 S
o X Fo
o © * 1
= +/+ !
— I
o o | 4{ 1
g o |/ !
5,) + I
1
o +/ !
© T T T T T T
0 10 20 30 40 50

Principal coordinate

the first 10 principal coordinates for the genotypes from the
population. No population structure is apparent. d Sum of the
explained variance of the first 10 principal coordinates (56%) used to
correct for population structure

(N) to 87.2% (BY) of the genotypic variance (Table 2).
The effect sizes of both the two-way and the three-way
epistatic QTL were found to be smaller compared to the
main effects (Fig. 6).

Genetic interaction networks

To illustrate the extent and the range of epistasis, we
visualized the detected two- and three-way interactions
(Figure S3). The two-way interactions define a network of
genetic interactions, which encompasses the whole gen-
ome. Whereas some of the epistatic QTL are intrachrom-
osomal interactions, the majority of the two-way epistatic
QTL reveal interchromosomal interactions. The extension
of the two-way interactions towards higher order epistasis
revealed that the detected interactions extend to loci, which
have not been identified as single or as two-way interac-
tion. Also the three-way interactions define a network
covering the entire genome.
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Fig. 3 Plot of observed versus expected P values for the four
different association mapping models. No correction (simple), first 10
principal coordinates (P10), kinship matrix (K), and first 10 principal
coordinates and kinship matrix (P10K). In each plot all seven traits
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are shown which have different correlations between the phenotype
and the population structure (Table 1). WSY white sugar yield, SY
sugar yield, SC sugar content, BY beet yield, K potassium, Na sodium,
N a-amino nitrogen

Table 2 Number of significant

. WSY SY SC BY K Na N
main, two- and three-way
epistatic QTL and the Main effect QTL
proportion of the genotypic
variance (pg) explained by these Number 8 8 21 19 18 8 4
QTL pa (%) 70.7 69.2 78.4 82.5 51.6 27.9 34.0
Two-way epistatic QTL
Number 1 4 20 8 12 10 2
pc (%) 1.1 4.0 6.7 4.4 9.4 374 6.5
The model including the kinship Three-way epistatic QTL
matrix (K) was used and results
are shown for WSY white sugar Number 0 2 3 3 ! 0 0
yield, SY sugar yield, SC sugar PG (%) 0 0.9 1.9 0.3 0.5 0 0
content, BY beet yield, Combined
K potassium, Na sodium, pe (%) 71.8 74.1 87.0 87.2 61.5 65.3 40.5

N o-amino nitrogen

Discussion
Epistasis is a phenomenon that has been discovered more

than 100 years ago (Carlborg and Haley 2004; Phillips
2008). With the rapidly developing omics technologies, it
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is likely that the concept of epistasis will become even
more central to biology than it used to be (Brem and
Kruglyak 2005; Schadt et al. 2003). Understanding the
essential role of gene interactions and the genetic archi-
tecture of complex traits can build a foundation to examine
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the interplay of components on various levels within bio-
logical systems. We therefore wanted to assess the poten-
tial of association approaches to identify epistasis.

Resolution of association mapping in breeding
populations

The power to detect QTL, especially epistatic QTL, for
quantitative traits in association mapping, greatly depends
on the sample size and the heritability of the traits. Our
study was based on a large experimental data set and
except for the two traits, Na and N, heritability was higher
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separate chromosomes. WSY white sugar yield, SY sugar yield, SC
sugar content, BY beet yield, K potassium, Na sodium, N a-amino
nitrogen, UM unmapped markers

than 0.8 (Table 1), facilitating the detection of epistatic
interactions (Stich et al. 2008c). Association mapping is
expected to enable a higher mapping resolution than tra-
ditional linkage mapping methods, as it employs LD based
on historical recombinations. We found that in our data set
LD decays after approximately 10 cM (Fig. 1). This is in
accordance with results from breeding populations of other
crops such as maize (Stich et al. 2005), barley (Kraakman
et al. 2004), and wheat (Chao et al. 2007). The average r
between adjacent loci was 0.52. Consequently, a higher
power to detect QTL of interest could be achieved by
further increasing the marker density.
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SC sugar content, BY beet yield, K potassium, Na sodium, N a-amino
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Choice of an appropriate model for association
mapping

Correcting for confounding by population structure is
essential for association mapping in plant populations
(Zhao et al. 2007; Yu et al. 2006). An appropriate statistical
model should provide an excellent compromise between
correcting for population stratification to decrease the
probability to detect false-positive marker—trait associa-
tions but still retaining enough information within the
markers for QTL detection. The analysis of the relatedness
of the 460 lines revealed that correction for population
structure is not required whereas familial relatedness
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should be considered (Figs. 2, 3). Therefore, trait-marker
associations were investigated in detail with the K model,
which incorporates estimates of kinship coefficients based
on marker data.

Detection of main effect QTL

The genome-wide scan revealed QTL for all seven traits
(Table 2). The effect sizes of the QTL were considerable
and especially high for sodium (Fig. 6). Especially for
traits with a high heritability, such QTL, which explain a
high proportion of the genotypic variance are good candi-
dates for a map-based cloning approach to identify the
genes and the causative polymorphisms underlying these
QTL.

The proportion of genotypic variance explained by the
detected QTL was high, except for Na and N (Table 2).
Cross-validation experiments in linkage mapping studies
suggest that these values are generally over-estimated (Utz
et al. 2000). Due to the inherent population structure in
association mapping populations a cross-validation strategy
as in linkage mapping is not feasible. We therefore suggest
that validation of the observed QTL should be done in an
independent sample set to obtain unbiased estimates
and realistically assess the prospects of marker-assisted
selection.

The role of epistasis

We performed a two-dimensional genome scan and
detected two-way epistatic interactions for all seven traits
(Table 2). Like previous studies in various organisms
(Montooth et al. 2003; Eshed and Zamir 1996; Xu and Jia
2007), we found that the interacting loci mostly have no
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significant individual main effect (Fig. 5). Consequently,
any epistasis scan limited to testing only those QTL with
significant main effects will fail to detect the majority of
epistatic interactions.

The proportion of genotypic variance explained by the
epistatic interactions was small compared to that explained
by the main QTL (Table 2). The exception to this was
sodium, where more of the genotypic variance was
explained by epistasis than by the main effects. As for the
main effect QTL, the genotypic variance explained by the
epistatic interactions is likely to be over-estimated. We also
identified three-way epistatic interactions for four of the
traits by extending the detected two-way interactions
(Table 2). We speculate that, like for the two-way epistasis,
a full three-dimensional genome scan would identify three-
way epistatic effects, which were missed by the applied
computationally less demanding approach. Parallel com-
puting represents a promising avenue to investigate higher-
order epistasis within a reasonable timeframe.

Our results show that epistasis should not be neglected,
because it contributes substantially to the genotypic vari-
ance of agronomic important traits (Table 2). If epistasis is
not considered, the estimated effects of QTL may be
severely biased resulting in a lower gain in MAS. In con-
trast, incorporating important epistatic effects in MAS
through the targeted combination of specific alleles at
epistatic loci will lead to an improved development of
superior varieties.

Genetic architecture of agronomic important traits

We detected main effect QTL and two- and three-way
epistatic interactions which define the genetic architecture
and allow a first glimpse at the genetic networks shaping
these quantitative traits. The large number of components
involved in the expression of complex traits is reflected by
a considerable amount of interactions in these networks
(Figure S3). Screens for epistasis in association mapping
approaches should therefore be performed as a first step to
identify genetic networks. The epistatic interactions must
then be verified by other experimental approaches.

In conclusion, our results show that association mapping
in applied plant breeding populations provides sufficient
power for the detection of both, main and epistatic QTL.
Whereas linkage mapping offers a high power to detect
QTL due to balanced allele frequencies, the specific design
of association approaches with a low probability of fixed
alleles at each locus and many combinations of these
alleles in different genotypes is advantageous for epistasis
scans. The combination of both as in joint linkage associ-
ation mapping thus holds great potential for the detection
of epistatic QTL. We show, that for physiological traits,
epistasis can be an important contributor to genetic

variation that should be considered in future analyses. This
information on the genetic architecture of agronomic
important traits can then be implemented in breeding
programs to improve knowledge-based breeding of crops,
urgently required in times of increasing human population
size and environmental change.
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