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Abstract

Key message Genetic diversity in worldwide popula-
tion of beets is strongly affected by the domestication
history, and the comparison of linkage disequilibrium
in worldwide and elite populations highlights strong
selection pressure.

Abstract  Genetic relationships and linkage disequilibrium
(LD) were evaluated in a set of 2035 worldwide beet acces-
sions and in another of 1338 elite sugar beet lines, using 320
and 769 single nucleotide polymorphisms, respectively. The
structures of the populations were analyzed using four dif-
ferent approaches. Within the worldwide population, three
of the methods gave a very coherent picture of the popula-
tion structure. Fodder beet and sugar beet accessions were
grouped together, separated from garden beets and sea
beets, reflecting well the origins of beet domestication. The
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structure of the elite panel, however, was less stable between
clustering methods, which was probably because of the high
level of genetic mixing in breeding programs. For the link-
age disequilibrium analysis, the usual measure (%) was
used, and compared with others that correct for population
structure and relatedness (12, %, ri). The LD as measured
by * persisted beyond 10 ¢cM within the elite panel and fell
below 0.1 after less than 2 cM in the worldwide population,
for almost all chromosomes. With correction for relatedness,
LD decreased under 0.1 by 1 ¢cM for almost all chromo-
somes in both populations, except for chromosomes 3 and
9 within the elite panel. In these regions, the larger extent of
LD could be explained by strong selection pressure.

Introduction

All cultivated beets belong to the same subspecies (Beta
vulgaris L. ssp vulgaris), members of the genus Beta L. and
of the family Amaranthaceae (formerly Chenopodiaceae),
and are divided into four groups: leaf beets, garden beets,
fodder beets and sugar beets (Gill and Vear 1958). The
sugar beet crop supplies between a quarter and a third of
the world’s sugar, with sugar cane producing the remainder.
While cane grows in tropical climates, sugar beet is best
suited to continental climates, characterized by moderate
temperatures and uniformly distributed rainfall. The major
areas of sugar beet cultivation are in the US and in Europe
(Russia, Ukraine, Germany, France...). The most important
improvements in sugar beet breeding over the last 50 years
have been the change in breeding methodologies with the
introduction of hybrid varieties and marker-assisted selec-
tion (Biancardi et al. 2005), and the introduction of new
traits in breeding schemes such as pest and disease resist-
ances (rhizomania, sugar beet cyst nematode). The increase
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of sugar yield per hectare in advanced European countries
is about 1.4 % annually (Bosemark 2006), with approxi-
mately one half of this improvement attributed to breeding.
All of today’s commercial sugar beet varieties are hybrids,
made possible by the discovery of cytoplasmic male ste-
rility (CMS) (Owen 1945) which gave the possibility to
develop male-sterile parental lines. Commonly, a main-
tainer (“O-type”) line is hybridized with the male-sterile
(CMS) equivalent of another line to produce a male-sterile
F1. This (male-sterile) F1 will be used as the seed parent in
crosses with pollinator lines (Bosemark 1993). The breed-
ing for CMS lines and pollinator lines is done in separate
breeding programs with regular interaction to evaluate the
performance of the hybrids made between the lines.

The genetic diversity in cultivated sugar beet germplasm
was found to be low compared with other open-pollinated
crops (Bosemark 1979, 1989). Cultivated beets are likely
to originate from wild sea beet (Beta vulgaris L. ssp. marit-
ima) through different selection pressures (Cooke and Scott
1993). Wild beets (i.e., species and subspecies of the genus
Beta outside B. vulgaris ssp. vulgaris) have only been used
as potential sources of specific traits for cultivated beets,
particularly disease resistance characters (Lewellen and
Whitney 1993). Artificial hybridizations between species of
the genus Beta and Corollinae, Nanae and Procumbentes
genera have been tested but have proved very difficult
(McGrath et al. 2007). Genes for nematode resistance have
been introduced into sugar beet from wild beets of the sec-
tion Procumbentes but monosomic addition or transloca-
tion lines, that were obtained, suffered from poor transmis-
sion rates of the resistance genes (Jung et al. 1994).

Agriculturally important traits are mostly controlled
by quantitative trait loci (QTL). Genetic mapping and the
identification of markers linked to these functional loci
facilitate breeding for crop improvement. Linkage analy-
sis, a method for dissecting complex traits, exploits the co-
inheritance of QTL and adjacent markers within biparen-
tal populations. Although based on the same fundamental
principles of genetic recombination as linkage analysis,
association mapping examines this shared inheritance for
a collection of individuals with historical recombination.
The comparatively high resolution provided by association
mapping is dependent upon the extent of linkage disequi-
librium (LD) across the genome (Zhu et al. 2008). Link-
age disequilibrium (LD) is the nonindependence of alleles
between loci (Hedrick 1987). LD will tend to decay with
genetic distance along the chromosome, because geneti-
cally distant loci are more likely to have recombined in the
past than tightly linked loci. LD can be the result of physi-
cal linkage of loci but it can also be due to nonrandom mat-
ing, recent mutation, genetic drift, natural or artificial selec-
tion. Factors affecting LD in plants have been extensively
discussed in many papers (Flint-Garcia et al. 2003; Gaut
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and Long 2003; Gupta et al. 2005; Kim et al. 2007). Link-
age disequilibrium between functional loci and markers
that are physically linked is one of the key to association
mapping success. On a technical level, it determines the
marker density required for association mapping power. If
LD decays rapidly, then a higher marker density is required
to capture the effect of functional causal loci (Yu and Buck-
ler 2006). Among the several LD measures, the most com-
monly used for diallelic loci is 7%, the Pearson squared
correlation between the alleles at two different loci. Its
user-friendliness and the proof by Pritchard and Przeworski
(2001) that it is the measure linked to the resolution power
of association mapping explains a great part of its success.
However, population differentiation and relatedness present
within the sample can lead to biased estimation of linkage
disequilibrium and therefore to an inappropriate choice of
marker density. Population structure due to inbreeding in
many populations is a common source of error in LD map-
ping because the current measure of LD assumes random
mating (i.e., without preferential crossings) between indi-
viduals belonging to the same community. Relatedness
induces correlation between the observed marker geno-
types, and in such situations the Pearson coefficient is no
longer an unbiased estimator of the correlation of the loci
alleles (McDonald 2014).

Three novel LD measures (Mangin et al. 2012) were
derived from the usual 7* measure taking into account the
population structure (%), the population relatedness (13),
or both (r%/s). These corrected 7* measures actually cap-
tured ‘true’ LD, and were proved to be linked to the resolu-
tion power of association mapping when using the unified
mixed model of Yu et al. (2005).

The extent of LD has been investigated in wild beet
accessions (Adetunji et al. 2014). In this study, the LD of
99 wild beet accessions (20 B. vulgaris ssp. maritima and
79 B. vulgaris ssp. vulgaris), covering a wide range of
beet types and geographical origin, was investigated with
498 SNPs. Adetunji et al. (2014) reported that LD decayed
within a map distance of about 1.7 cM without genetic
relatedness correction and within 1.05 cM with correction.
In addition, LD was also analyzed many times in elite sugar
beet lines (Kraft et al. 2000; Li et al. 2010, 2011; Adetunji
et al. 2014). Li et al. (2011) examined a total of 502 sugar
beet inbreds from the pollen parent heterotic pool with 328
SNPs and reported significant LD between pairs of loci that
were 7 cM apart. Adetunji et al. (2014) observed LD in 234
elite sugar beet breeding lines, 139 belonging to the pollen
parent pool and 95 to the seed parent pool, with the same
498 SNP markers used for their analysis in the wild beet
population. When genetic relatedness was not accounted
for, LD extended beyond 50 ¢cM on four chromosomes in
the pollen parent pool and three chromosomes in the seed
parent pool. When genetic relatedness was corrected for,
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LD decayed within a distance of less than 6 and 4 cM on all
chromosomes in the pollen and seed parent pools, respec-
tively. Comparing the extent of LD, with markers that can
be located on the same genetic map, in two different panels
composed of breeding lines and wild beets, respectively,
allowed to highlight breeding patterns caused by high
selection pressure in some regions of the genome.

Structure of a population is an important feature that
can be known when the population is sampled within dif-
ferent geographical regions but is usually unknown when
the population is just a collection of individuals. However,
population structures have a great impact on the results of
association studies as shown by Mezmouk et al. (2011)
and can mislead LD interpretation when the usual 7> meas-
ure is used by showing long-range extent (Mangin et al.
2012) as well as dependencies between unlinked loci. The
most common methods used to infer population structures
are Patterson’s (2006) PCA and the software application
STRUCTURE (Pritchard et al. 2000). They have been
recently put in a unified framework (Engelhardt and Ste-
phens 2010) and compared with simulated and real human
populations. When the set of individuals are descendants
of few well-differentiated ancestral populations, the two
methods give essentially the same results even if the load-
ings of STRUCTURE are more interpretable. In more com-
plex situations, the generality of the above conclusion must
be investigated.

In the present study, population structure and linkage
disequilibrium were analyzed in one set of 2035 world-
wide beet accessions and in one set of 1338 elite sugar beet
lines, with 320 and 769 SNPs, respectively, after filtering
on minor allele frequency (MAF) and missing data. The
worldwide beets set was made up of accessions belonging

to various species and subspecies of the genus Beta, and
the elite panel was composed of lines that are used as pol-
linators in breeding programs.

Materials and methods
Plant material

A total of 1367 elite lines issued from Florimond-Desprez’s
proprietarybreeding pool and a worldwide population
of 2246 accessions were used in this study before data
cleaning.

The 2246 accessions were collected by agricultural
research institutes around the world and maintained in dif-
ferent gene banks. Information on the accessions (mainly
country of origin, species and subspecies) were found in
web databases such as GRIN-ARS (USDA, US, http://
www.ars-grin.gov/npgs/) and EURISCO (ECPGR, Europe,
http://www.ecpgr.cgiar.org/germplasm_databases.html).
The majority of the accessions were maintained in 3 inter-
national gene banks in US, Germany and Greece. This
worldwide set included wild accessions from gene pool I
of genus Beta and cultivated beet accessions (see Table 1).
It covered a broad range of geographical origins. We tried,
where possible, to cover all of the native origins of wild
beets and of growing regions for the cultivated acces-
sions. The collecting sites reported for wild beets ranged
from Atlantic coast of Morocco to Denmark, and along the
Mediterranean coast from Algeria to Israel and Turkey. For
cultivated beets, most regions were represented, including
Western Europe, Southern Europe, Central and Eastern
Europe, Asia, the Middle East, the US.

Table 1 Composition of the

i . X Species Number of accessions

worldwide population according

to species information Betd® 15
Beta macrocarpa 30
Beta vulgaris® 143
Beta vulgaris ssp.adanensis 10
Beta vulgaris ssp.maritima 997
Betavulgaris ssp.vulgaris® 78
Beta vulgaris ssp.vulgaris cultigroup fodder beet 213
Beta vulgaris ssp.vulgaris cultigroup garden beet 293
Beta vulgaris ssp.vulgaris cultigroup sugar beet 420
Beta vulgaris ssp.vulgaris cultigroup leaf beet/swiss chards type® 47

? Accessions classified as Beta but no species specified

b Accessions classified as Beta vulgaris but the subspecies is unknown

¢ Accessions classified as Beta vulgaris ssp.vulgaris but the cultigroup is unspecified

4 Accessions representing only the swiss chards type in the leaf beet cultigroup. This cultigroup is origi-
nally composed of 2 beets types, spinach beets and swiss chards
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The elite sugar beet breeding pool is composed of 1367
proprietary lines, representing the pollinator pool that is
used in breeding programs of Florimond Desprez.

SNP markers and genotyping

The SNP makers used in this study were designed in both
genic and intergenic sequences (cDNAs) in a set of elite
lines and had previously been mapped using three differ-
ent F2 mapping populations, as described by Adetunji et al.
(2014). The length of the total genetic map is 705 cM, with
individual chromosome sizes estimating between 70 cM for
chromosome 5 and 91 c¢M for chromosome 3.

The samples used for DNA fingerprinting profiles were
leaves of one plant per accession or breeding line. Leaf
disks were sampled, frozen at —80 °C and freeze-dried.
DNA extraction was performed using the NucleoSpin®
Plant kit (Machery-Nagel, Diiren, Germany) and genotyp-
ing was performed for individual SNPs using KASP geno-
typing chemistry (LGC Genomics, Teddington Middlesex,
UK).

For genotyping elite material, a total of 836 SNPs were
used. A more restricted set of markers containing 377 SNPs
were used for genotyping of gene bank accessions. The
selection was based on the level of polymorphism and to
obtain a uniform coverage of the sugar beet genome.

Population structure

Several methods were applied to study the subpopulation
structure in the worldwide population and the elite panel.
We used principal component analysis (PCA) proposed by
Patterson et al. (2006), which is a classical centered and
scale PCA where the scale factors are computed assum-
ing the Hardy—Weinberg equilibrium. To deal with missing
observations, we used the package missMDA implemented
in R (http://cran.r-project.org/web/packages/missMDA/
index.html). The function imputes PCA of the above pack-
age handles missing data by a multiple imputation method
that does not have the bias of single imputation methods.
The well-used mean imputation method is known, for
example, to reduce the variability of the data and to distort
their correlation (Josse et al. 2011). As proposed by Patter-
son et al. (2006), the Tracy—Widom test (Tracy and Widom
1994) was applied to the PCA eigenvalues and to decipher
the number of subpopulations as the number of significant
eigenvalues plus 1. We also used the software applica-
tion STRUCTURE (Pritchard et al. 2000) and the Evanno
(2005) criterion to decipher the number of subpopulations.
The results were obtained on Structure Harvester web site
(Earl and vonHoldt 2012) (http://taylorQ.biology.ucla.edu/
structureHarvester/). We ran STRUCTURE for an admix-
ture model with independent allele frequency between
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subpopulations. We varied the number of subpopulations K
from 1 to 10 and we made five replicates for each K. The
simulated MCMC chain had 150,000 iterations with the
first 50,000 used as the burning period. We also investi-
gated community algorithms implemented in the R pack-
age igraph (Csardi and Nepusz 2006) on the graph obtained
using the nearly 10 % higher values of the alike-in-state
(AIS) kinship matrix. Nodes of the graph were the acces-
sions of the worldwide population or the genotypes of the
elite panel. An edge was present between two nodes if and
only if the AIS kinship coefficient between the correspond-
ing individuals was superior to the mean plus 1.64 times
the standard deviation of the AIS kinship coefficients in the
population. The AIS kinship matrix was computed using
the allele-matching kernel and the pairwise complete obser-
vations. Denoting G,and G,, the (0, 1, 2) coded genotype at
each biallelic marker of the individual 1 and 2, respectively,
where O stands for homozygote for the first allele, 1 for
heterozygote and 2 for homozygote for the second allele,
and assuming that the genotypic data do not have missing
observations, the allele-matching kernel was computed by:

GG+ (2—-G)'2—-Gy)
aMi» ’

where M, is the number of completely informative mark-
ers between individual 1 and 2. With igraph, we ran the fast
greedy (Clauset et al. 2004), the leading eigenvector (New-
man 2006), the multilevel (Blondel et al. 2008), the label
propagation (Raghavan et al. 2007), the walktrap (Pons
and Latapy 2006) and the infomap (Rosvall et al. 2009)
algorithms. The first three methods try to optimize the
modularity. Fast greedy is working bottom-up by merging
communities although leading eigenvector is working top-
down by splitting communities. Multi-level uses two fast
greedy steps, the first at the vertex level then at the com-
munity level. The label propagation propagates the most
frequent label among neighborhoods. Both walktrap and
infomap are based on a random walk on the graph. The for-
mer merges communities depending on the results of short
walks, the latter tries to optimize the shortest description
length. Among them, we chose the assignation of the indi-
viduals by the algorithm reaching the maximum of modu-
larity. We finally run a hierarchical clustering method with
a dissimilarity based on the AIS kinship matrix using the R
function hclust and its ward method.

A k-means algorithm on the significant axes of the PCA
was used to assign each individual to a subpopulation. The
R function kmean was used for this purpose. A simple
threshold method that assigns an accession to a sub-popu-
lation if and only if the maximum of the admixture propor-
tions given by STRUCTURE is superior to a threshold was
used on the STRUCTURE results. The community algo-
rithms have an initial goal of assignation to a community so
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Table2 cM length covered, Chromosome Reference map Worldwide population Elite panel
number of SNPs and number
of different loci (same position Length Length # SNP # Loci Length # SNP # Loci
on the genetic map) of each
chromosome for the two 1 74 66 18 18 66 88 33
populations compared to the 2 74 74 32 30 61 63 21
length of the reference map 3 91 9] 69 48 9] 172 50
4 86 83 50 40 83 122 39
5 70 68 37 30 68 116 39
6 79 79 37 23 70 47 21
7 79 66 28 22 64 41 20
8 78 72 32 27 77 71 31
9 74 65 16 15 69 49 24
Mean 78.3 73.8 354 28.1 72.1 84.4 30.9
Total 705 664 319 253 649 769 278

do not need a supplementary step. We cut the hierarchical
tree to obtain the number of subpopulations found by the
Tracy—Widom test using the R function cutree.

Principal component analysis plots were obtained by the
plot3dIndiv function of the mixOmics R package (http:/
cran.r-project.org/web/packages/mixOmics/index.html),
and Venn diagram showing the overlap between cluster-
ing methods was obtained with the VennDiagram R pack-
age (http://cran.r-project.org/web/packages/VennDiagram/
index.html).

Linkage disequilibrium analysis

Linkage disequilibrium (LD) was estimated by the meas-
ures that correct for the population structure and relatedness
implemented in the R package LDcorSV (Mangin et al.
2012; http://cran.r-project.org/web/packages/LDcorSV/
index.html). The genotypic data were first imputed using
fastphase v1.4 (Scheet and Stephens 2006). This allowed
computing the LD measures using a new option of the
LDcorSV package that avoids inverting the kinship matrix
for each marker couple and so performs a quicker compu-
tation. We used two structure matrices when computed the
LD measure corrected for the population structure. One
was a 0—1 matrix obtained by the k-means algorithm on the
PCA for the number of subpopulations found by the Tracy—
Widom test. The second was the admixture proportions
provided by STRUCTURE with a number of subpopula-
tions found by the Evanno criterion.

We also used two variance—covariance matrices to cor-
rect the LD measure for relatedness. The first one was the
AIS kinship matrix; it was used to get an unbiased estima-
tor of the squared correlation between two markers. The
second was equal to / + K,;g where I denotes the identity
matrix and K, the AIS kinship matrix. It was used to be
linked to the power of the association mixed-model test of

Yu et al. (2005) for a trait with a heritability of 0.5 (Mangin
et al. 2012).

The decay of LD was estimated with the model for link-
age decay proposed by Hill and Weir (1988):

ESP(’ ) = ((2+C)(11+c)>

with ¢ = 4N.d. Where N is the sample size, N, is the effec-
tive population size and d the distance in centimorgan
between the two loci.

We also computed the proportion of genome that was
covered by consecutive markers in LD when the LD meas-
ure was greater than a threshold. This proportion is an esti-
mation of the genomic coverage of an association test for a
given minimum power. When several markers were in the
same locus, the maximum of LD measures with other con-
secutive markers were taken.

We did all usual statistics and our own computational
developments on R (R Core Team 2014).

(3+c)(12+ 12c+c2)
NQ2+co)(1l+o¢)

Results
Genotypic data

The genotypic data were filtered to keep markers with a
MAF superior to 0.005 with less than 10 % of missing data
and individuals with less than 10 % of missing data. This
led to keep 2035 accessions for the worldwide population
and 1338 genotypes for the elite panel with 320 and 769
SNPs, respectively. The coverage of the SNPs on the nine
chromosomes of the sugar beet genome are presented in
Table 2 (one marker of the worldwide population was not
located on the map). The standard nomenclature of the nine
chromosomes of sugar beet (Butterfass 1964) is used.
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The marker MAF distribution was quite different
between the worldwide population and the elite panel with
a mean equal to 0.30 and 0.22, respectively, which reflects
a lack of SNPs with rare alleles in the worldwide popula-
tion compared to the elite panel that presents an inflation of
SNPs with rare alleles (see Fig. S1 and Fig. S2 in the Sup-
plementary data).

Population structure

As expected, the relatedness measured by the AIS kinship
coefficients was lower in the worldwide population than
within the elite panel with a mean equal to 0.61 and 0.70,
respectively. However, the dispersion of the above coeffi-
cients was similar in the two populations with a standard
deviation of 0.049 and 0.052, respectively. The distribution
of the AIS kinship coefficients was skewed for the world-
wide population and symmetric for the elite panel (see Fig.
S3 and Fig. S4 in the Supplementary data).

The Tracy—Widom test performed on the PCA matrix
proposed by Patterson et al. (2006) gave four and six sig-
nificant eigenvalues for the worldwide population and the
elite panel, respectively. We thus concluded to five and
seven subpopulations, respectively. The six significant axes
of the elite panel explained 8.65, 6.89, 6.84, 4.31, 4.11 and
3.83 % of the total variability. The percentages were more
contrasted with 10.69, 5.76, 4.10 and 2.76 % for the four
significant axes in the worldwide population. However, the
elite panel was genotyped with nearly 60 % more SNPs
compared to the worldwide population which could explain
a smoother eigenvalue distribution in the elite panel.

The Evanno criterion gave four and six subpopulations
for the worldwide population and the elite panel, respec-
tively (see Fig. S5 and Fig. S6 in the Supplementary data).
In both populations, a large part of accessions was assigned
as admixed by STRUCTURE so the 0.65 threshold method
managed to classify only 67 and 44 % of the worldwide
population and the elite panel, respectively. As expected
the accessions within the worldwide population were less
admixed than within the elite panel.

A large part of the worldwide population was not
included in the community study since 601 among 2035
accessions did not have large enough AIS kinship coef-
ficients. This was completely different for the elite panel
with only 24 among 1338 genotypes isolated by the fil-
ter on AIS kinship coefficients. For both populations, the
optimum community algorithm was the multi-level algo-
rithm. It clustered the worldwide population and the elite
panel in 40 and 13 communities of at least two members,
respectively. Six and seven large communities (>50 mem-
bers) were found for the worldwide population and the elite
panel, respectively. The community algorithm did not cre-
ate new isolated individuals in either population.

@ Springer

Figure 1 shows the classes formed by the four cluster-
ing methods on the first three axes of the Patterson’s PCA
for the worldwide population. Figure 2 presents the same
plots for the elite panel. Only large communities of more
than 50 members were colored for the community method.
Apart from the community method, the results were clear
within the worldwide population, which was made up of
four extreme groups (the cyan, the red, the green and the
yellow colored groups). The central group (blue one) was
composed of admixed accessions for STRUCTURE and
was put in the same group for both the k-means method on
the PCA and the hierarchical clustering method on the AIS
kinship matrix since they do not model admixed individu-
als. The community method had a very different behavior.
It found two extreme groups (the cyan and the green one)
but it extended the yellow colored group, it cut the blue
central group into two parts and found mostly small com-
munities in the extreme red group. Pictures were less clear
for the elite panel. Apart from the two extreme groups (red
and green) that were present for the four methods but that
differed largely in size, all other groups were split or joined
depending on the methods.

The worldwide population was mostly composed (91 %)
of B. vulgaris ssp. vulgaris and B. vulgaris ssp. maritima.
Table 3 presents how those subspecies of B. vulgaris were
classified by the clustering methods, except for the com-
munity method that gave a slightly different picture of the
population structure. The three clustering methods gave
mostly a similar classification of the subspecies. The red
and green groups were mostly composed of B. vulgaris ssp.
vulgaris and the cyan and yellow group of B. vulgaris ssp.
maritima. The last group was a nearly balanced mixture of
the two subspecies. Figure 3 shows the overlap between
the clusterings of the worldwide accessions realized with
the three different methods. In total, 1540 accessions out of
2035 were classified in the same groups by the three clus-
tering methods. The k-means algorithm on the significant
axes of the PCA and the hierarchical clustering on the AIS
matrix seemed to be the closest clustering methods with
1819 accessions clustered in the same groups. Contrary to
k-means algorithm and the hierarchical clustering on the
AIS matrix, the clustering of STRUCTURE leaned to clas-
sify more B. vulgaris ssp. maritima into the cyan group and
less into the central blue one.

Among the worldwide population, 882 accessions of
B. vulgaris ssp. vulgaris had a phenotypic-“type” descrip-
tion (e.g., leaf beet, garden beet, fodder beet and sugar
beet). However, the leaf beet description was visually con-
firmed only for the swiss chard type, so we limited our
classification to garden beet, sugar beet, fodder beet and
swiss chard. Table 4 presents how these accessions were
classified by the k-means algorithm on the PCA matrix
and the AIS matrix with a hierarchical clustering in five
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k-means on PCA

Comp 1 10

STRUCTURE

Hierartical clustering on AIS

Comp 1 10

Communities on AIS

Fig. 1 Plots of the first three axes of Patterson’s principal compo-
nent analysis colored by four different clustering methods within the
worldwide population. Top-left k-means clustering on the significant
axes of Patterson’s principal component analysis. Top-right cut of the
hierarchical clustering tree obtained using the alike-in-state kinship

subpopulations. The two classifications were in good
agreement. Each type of accession clustered mostly within
a single class. Moreover, each type of accession had its
own class except sugar and fodder beets that clustered
in the same class. Sugar beet and swiss chard accessions
were mainly classified into the red and the blue groups,
respectively. Fodder beets were mostly clustered into the
red group, with sugar beets, but they were also into the
green and blue groups. Finally, garden beets were mostly
present into the green group but some of them were clas-
sified into the red and blue groups. The k-means algorithm
classified less fodder beet accessions into the red group

matrix. Bottom-left clustering using the admixture proportions pro-
vided by STRUCTURE. Bottom-right community method on a graph
with accessions linked when having high alike-in-state kinship coef-
ficients

(123) than the hierarchical clustering on the AIS matrix
(166), but on the opposite it clustered more garden beet
accessions into the green group (217/188). The Pearson
Chi? test of independence between the annotation and the
classification had a p value less than 10", This illustrates
that there was a clear genetic structure within the beet
accessions since clusters could be described significantly
by the phenotypic-type description.

The other classifications (threshold on STRUCTURE
admixture proportions or communities) gave similar but
less convincing results since some accessions were not
classified (data not shown).
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k-means on PCA

0
comp 19 2 20
30

Fig. 2 Plots of the first three axes of Patterson’s principal component
analysis colored by four different clustering methods within the elite
panel. Top-left k-means clustering on the significant axes of Patter-
son’s principal component analysis. Top-right cut of the hierarchi-

Linkage disequilibrium (LD)

The LD is largely corrected by the relatedness kinship
matrix alone, as illustrated for chromosome 3 in Fig. 4
within the elite panel. The six heat maps plot the LD as
measured by the usual /> measure, the measure corrected
for the relatedness computed with the AIS kinship matrix
1%, the measure corrected for the population structure r%
for two structure matrices, one computed with k-means on
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Hierartical clustering on AIS

0
Comp 1° 20
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Communities on AIS

0
Comp 10 20

30

cal clustering tree obtained using the alike-in-state kinship matrix.
Bottom-left clustering using the admixture proportions provided by
STRUCTURE. Bottom-right community method on a graph with
accessions linked when having high alike-in-state kinship coefficients

PCA and the other provided by STRUCTURE, and finally
the measure corrected for both relatedness and population
structure rés. The corrections for population structure gave
nearly the same level of LD whichever population structure
matrix we used. Despite that the correction for the popula-
tion structure set to zero the long-ranged 7 level as shown
by the r§ measure plot, the effect of the population structure
correction after the correction using the AIS kinship matrix
seemed negligible. This was true for all the chromosomes
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Table 3 Count table using the subspecies vulgaris or maritima
of B. vulgaris accessions and the classes obtained by the k-means
algorithm on the PCA matrix, the hierarchical clustering on the AIS
matrix and the threshold on STRUCTURE admixture proportions

Class 1 2 3 4 5
Color Red Cyan Green Yellow Blue/white
Ssp. k-means on PCA
Maritima 26 374 10 110 384
Vulgaris 514 5 283 0 151
Ssp. Hierarchical clustering on AIS
Maritima 22 324 6 99 453
Vulgaris 592 4 201 0 151
Ssp. STRUCTURE
Maritima 19 412 38 103 332
Vulgaris 417 6 297 0 233
STRUCTURE k-means on PCA

Hierarchical clustering on AIS

Fig.3 Venn diagram showing the overlap between the clusterings
of the worldwide accessions realized with k-means on the significant
axes of Patterson’s principal component analysis, the hierarchical
clustering on the alike-in-state kinship matrix, and the admixture pro-
portions provided by STRUCTURE

(see Fig. S7 to Fig. S14 in the Supplementary data).
Figure 5 presents the same plots within the worldwide pop-
ulation. With a much lower marker density, the corrections
of the usual 7> measure were less impressive. However, the
same conclusions were still valid, so the following results
used the 7% measure of LD as the corrected one. This was
also true for all the chromosomes (see Fig. S15 to Fig. S22
in the Supplementary data).

Some regions exhibit different LD level between the two
populations that were visible despite their different marker
densities. This was particularly the case of chromosome 3,
for which the elite panel had a region of LD between 46
and 56 cM on the genetic map that was clearly absent in the
worldwide population. This high level of LD on chromo-
some 3 coincides with a region that is known to be under
strong selection pressure in elite sugar beet germplasm.
This chromosome is known to harbor rhizomania resistance
genes that have been strongly selected in elite germplasm
(Biancardi et al. 2002; Scholten et al. 1999).

A global comparison of LD between the worldwide pop-
ulation and the elite panel is shown in Fig. 6. The Hill and
Weir (1988) model of LD decay was adjusted and plotted
for each chromosome with the r* and 13, measures. Clearly
the LD level was largely overestimated when measured with
#* within the elite panel. For almost all chromosomes, the
correction brought by the AIS kinship matrix was sufficient
to get a LD close to that observed within the worldwide
population. Chromosomes 1 and 2 were remarkable with
nearly superposed curves of LD decay when corrected. For
the other chromosomes, the LD level was slightly higher in
the elite panel than in the worldwide population. The high-
est differences were seen in chromosomes 3 and 9.

Mangin et al. (2012) proved that to achieve the same
power at a marker linked to a causal locus with the test
of association in the mixed model of Yu et al. (2005), the
number of genotyped individual has to be increased by

an inflation factor of - s where V is the variance—covari-
rys

ance matrix of the trait 1n2the above model. This V matrix
is proportional to I + () K, where h? denotes the trait
heritability. Let’s suppose tlelat a causal locus has a strong

Table 4 Count table using the

. . k-means on PCA
cultigroup of B. vulgaris ssp.

Hierarchical clustering on AIS

vulgaris accessions and the Class 1 2 4 5 1 2 3 4 5

classes obtained by the k-means

algorithm on the PCA matrix Color Red Cyan Green Yellow Blue Red Cyan Green Yellow Blue

and the hierarchical clustering Culti

on the AIS matrix ultigroup
Sugar beet 343 3 8 0 14 346 3 4 0 15
Fodder beet 123 0 52 0 27 166 O 7 0 29
Garden beet 13 0 217 0 40 35 0 188 0 45
Swiss chard 0 0 0 0 42 3 3 0 0 39
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Fig. 4 Heat maps of linkage
disequilibrium within the elite
panel on chromosome 3. Top-
left ¥* measure. Top-right meas-
ure corrected for the relatedness
7% computed with the alike-in-
state kinship matrix. Middle-
left measure corrected for the
population structure 72 with
structure matrix obtained with
k-means on significant axes of
Patterson’s principal compo-
nent analysis. Middle-right r?
using the admixture proportions
provided by STRUCTURE.
Bottom-left measure corrected
for both the relatedness and the
population structure 77 with
structure matrix obtained with
k-means on significant axes of
Patterson’s principal compo-
nent analysis. Bottom-right rig
using the admixture proportions
provided by STRUCTURE.

Rzl and Rz2 correspond to the
genetic mapping location of
both BNYVYV resistance genes
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Fig. 5 Heat maps of link-

age disequilibrium within

the worldwide population on
chromosome 3. Top-left r
measure. Top-right measure
corrected for the relatedness

r% computed with the alike-in-
state kinship matrix. Middle-
left measure corrected for the
population structure rf with
structure matrix obtained with
k-means on significant axes of
Patterson’s principal compo-
nent analysis. Middle-right r?
using the admixture proportions
provided by STRUCTURE.
Bottom-left measure corrected
for both the relatedness and the
population structure r%s with
structure matrix obtained with
k-means on significant axes of
Patterson’s principal compo-
nent analysis. Bottom-right rig
using the admixture proportions
provided by STRUCTURE
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effect and that it can be detected with a marker in LD
equal to 0.1, if the LD between consecutive markers is
assumed nearly constant in expectation within the inter-
val they flanked, then this causal locus will be detected
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if it is located within intervals with flanking markers in
LD greater or equal to 0.1. This is why we studied the
proportion of genome covered by consecutive markers
in LD greater or equal to a given LD threshold. These
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Fig. 6 Linkage disequilibrium decay adjusted by the Hill and Weir
model (1988) for each of the nine chromosomes. > within the world-
wide population (red), r* within the elite panel (green), measure cor-

proportions of genome coverageare presented in Table 5
for the elite panel and the worldwide population by
chromosome and for the whole genome. We set the LD
thresholds to 0.1, 0.2, and 0.3. We show the coverage for
three different variance—covariance matrices: the identity
matrix which is equivalent to compute the r§ measure and
could correspond to very low heritability trait, / + K,g

@ Springer

rected for the relatedness computed with the alike-in-state kinship
matrix 7% within the worldwide population (blue), r% within the elite
panel (purple)

which corresponds to a trait of middle heritability and
K1 which could correspond to a high heritability trait
(when h? tends toward 1, the V matrix tends to be propor-
tional to K). In all the cases, the STRUCTURE admix-
ture proportions were used to correct for fixed structure
effects to be in the so-called “Q + K association model
of Yu et al. (2005).
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Table 5 Proportion (?f genomic Elite Panel Worldwide population
coverage of consecutive
markers in LD superior to a Var. Cov. I I+ Kyg Kys 1 I+ Kys  Kys
threshold for the elite panel and )
the worldwide population by Threshold 01 02 03 01 02 03 01 02 03 01* 0.1 0.1
chromosome and for the whole
Chromosome
genomes
1 0.71 039 027 059 024 021 024 012 0.2 0.04 0.00 0.00
2 093 060 057 071 054 049 049 032 021 0.08 0.00 0.00
3 050 028 0.17 028 019 009 017 005 005 005 0.01 0.03
4 0.86 0.65 0.60 0.68 0.57 042 043 030 021 0.06 0.00 0.03
5 056 033 033 033 033 014 013 0.07 0.03 001 0.00 0.00
6 0.78 051 030 066 022 0.12 011 0.07 0.02 003 0.02 0.00
7 0.61 052 038 042 030 0.19 0.18 0.09 0.03 0.00 0.00 0.00
8 062 051 032 057 025 0.19 019 0.12 0.06 0.06 0.00 0.00
9 048 033 0.07 031 0.07 005 0.07 003 003 0.00 0.00 0.01
Whole 0.68 047 035 052 031 022 023 014 0.09 0.04 0.00 0.01
Three variance—covariance matrices were used to compute the r7 measure and we set three thresholds. The
S matrix in r¥g computation was the STRUCTURE admixture proportions
# Results for the other thresholds were all close to 0
Discussion Greeks and Romans for medicinally purposes and for their

We have performed a study of population structure and
linkage disequilibrium with two different populations of
beet accessions. The worldwide population, formed of
2246 accessions from all over the world, was genotyped
with 377 SNPs. The elite panel comprised 1367 lines, con-
stituted part of the proprietary breeding program of Flori-
mond-Desprez, and was genotyped with 836 SNPs.

Population structure

We conducted the population structure analysis with four
different approaches: Patterson’s (2006) PCA, the software
application STRUCTURE (Pritchard et al. 2000), a hierar-
chical clustering on a kinship matrix and a community anal-
ysis using a graph built on kinship coefficients. We showed
that within the worldwide population, the three first meth-
ods gave a very coherent picture of the population structure.
The worldwide population was composed of four extreme
populations and accessions that appear to be admixed, on
the basis of the STRUCTURE proportion results. Two of
the four extreme populations contained mostly B. vulgaris
ssp. vulgaris with sugar and fodder beet in one population
and garden beet in the other. B. vulgaris ssp. vulgaris for
leaf was mostly made up of admixed accessions. A third
extreme group comprised mostly B. vulgaris ssp. maritima.
We did not identify a common characteristic for members
of the last extreme group. This structure could be explained
by the origin of beet domestication. The oldest known cul-
tivated beet type was chard (leaf beet), domesticated from
sea beets (Beta vulgaris ssp. maritima) and grown by

dense foliage. All other cultivated groups (garden, fodder
and sugar) are originated from leaf beets with expanded
hypocotyl and root. This ancient origin of leaf beets could
partially explain that swiss chards accessions were only
found in the mixture class with accessions coming from
other cultigroups. Moreover, the first modern sugar beet
came from selections made in the middle of the eighteenth
century from white fodder beets grown in German Silesia
(modern day Poland), described as high-sugar content fod-
der beets (Fischer 1989). The development of sugar beet
from fodder beet could explain their presence in the same
population after population structure analysis.

Adetunji et al. (2014) studied a sugar beet population
composed of elite genotypes and wild accessions. They
observed neither the separation between the two subspecies
of B. vulgaris nor the clustering of the annotated acces-
sions. The fact that they pooled together the elite panel and
the wild accessions could have masked the structure within
the wild population. They also worked on a relatively small
wild population of 91 accessions while we studied a large
population.

The use of SNP markers that were discovered in a set of
elite lines could have been unsuitable for structure analysis
of a worldwide population. The bias brought by the SNPs
origin was a hypothesis proposed by Adetunji et al. (2014)
to explain the absence of clusters found between the wild
beets. However, in our study, the structure observed in the
worldwide population was very coherent with databases
annotation (species, subspecies, and/or groups), suggesting
an interest in using elite SNPs for genetic analyses in exotic
populations. Moreover, the structure of the same worldwide
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population was also analyzed with 4497 DArTs (diversity
arrays technology) markers discovered in this population
and the clustering pattern that was obtained with DArTs
was similar to the one observed with SNPs (K. Henry, per-
sonal communication).

Unlike the worldwide population, the structure of the
elite panel was less stable between the clustering methods,
and it was really difficult to exhibit a coherent picture. This
was probably due to a high level of genetic mixing that reg-
ularly combined the subpopulations that could have been
created.

The community analysis gave results that were slightly
different from the other three clustering methods. Com-
munity analysis looks for networks in the graph that are
densely connected and are more loosely connected to other
parts of the graph. This goal tends to form compact com-
munities, which explains why small communities were
found instead of large groups. The choice of the cutoff on
the AIS kinship matrix was also an issue when building
the graph. We chose a cutoff that seemed reasonable since
it was linked to the more significant AIS coefficients, but
which was to some extent arbitrary.

Spurious associations between a marker and a trait can
be caused in association mapping studies by the existence of
a population structure, which is not controlled in the model,
causing a seeming LD. Within association panels, the real
structure of the material is not totally known. Genetic
structure is inferred with various statistical methods using
molecular markers. However, the structure model might be
mistaken and lead to an under- or overestimation of the true
panel structure. The under- and overstructured models may
either increase the rate of false positives or false negatives
(Mezmouk et al. 2011). Therefore, the choice of the struc-
ture model to use for association mapping is quite difficult
to make. Mezmouk et al. (2011) showed that the differ-
ent structure models did not converge to the same number
of groups and the impact of the models on the association
mapping tests depended on the analyzed traits. In this study,
four different approaches of population structure analysis
were compared in two very different panels, one composed
of elite breeding lines and the other of worldwide acces-
sions. The behavior of the methods to compute genetic
structure was different according to the panel. Our results
were in accordance with the conclusions of Engelhardt and
Stephens (2010). The two most common methods to deci-
pher the population structures (PCA and STRUCTURE
application software) gave very coherent results when
applying to the worldwide population. Unlike natural evolv-
ing populations, artificial elite panels are mixed for breeding
purpose and are selected for breeding objectives. This selec-
tion process hides the ancestral structure of the elite panels
and explains the difficulty of obtaining a coherent picture
with different methods of structure inference.

@ Springer

Linkage disequilibrium

For the linkage disequilibrium analysis, we used the usual
measure 7> of LD and those proposed by Mangin et al.
(2012) to correct for population structure and relatedness.
The new measure r§ that corrects for population structure is
the partial correlation given a structure matrix S. The meas-
ure r‘z, that corrects for relatedness is derived by pre-multi-
plying the genomic data by a matrix V=2 (where V is the
variance—covariance matrix between individuals), to decor-
relate the genotypic observations. If V is not invertible, a
Moore—Penrose generalized inverse can be used (Mangin
et al. 2012). This V matrix can be, for example, a pedigree-
based matrix or a kinship matrix computed with genomic
marker data. The two corrections can be made together to
obtain the measure r3;. We compared two corrections of
the structure, the one obtained with k-means on the Pat-
terson’s PCA and the admixture proportions provided by
STRUCTURE. The LD computed by rsz with each of the
two above matrices gave comparable results within both
the elite panel and the worldwide population. However, the
greatest correction was done by r%,when using the alike-in-
state kinship matrix as V matrix. Moreover, 13 and i gave
similar results within the two populations.

The LD as measured by > and modeled by the Hill and
Weir’s model (1988) extended relatively far, and persisted
beyond 10 cM in the elite panel on almost all chromo-
somes. This was completely different within the worldwide
population as it fell below 0.1 before 2 cM for all the chro-
mosomes. As soon as the LD was corrected for the related-
ness, it decreased extremely rapidly and was below 0.1 by
1 c¢M for almost all the chromosomes in both populations,
except for the chromosomes 3 and 9 within the elite panel
where it persisted a little further. The LD decay curves for
the elite panel were just a little superior to those for the
worldwide population, showing that the genetic improve-
ment process of the elite panel did not create high LD vis-
ible with the marker density that we applied. Adetunji et al.
(2014) found that the LD vanished around six ¢cM in their
elite panel when they corrected the LD measure by the
significant axes of the Patterson’s (2006) PCA which was
equivalent of using the r§ measure. The correction by the
rs measure was not sufficient to remove all the bias due to
relatedness in elite panels which explains why we found a
smaller LD distance when measured with r3. However, in
the worldwide population, both corrections were equiva-
lent and our results and those of Adetunji et al. (2014) were
similar with a LD that did not persist after 1 cM.

Chromosome 3 exhibited a region of LD in the elite
panel, even after correction for structure and relatedness,
and this was clearly absent in the worldwide popula-
tion. These results corroborate those obtained by Adetunji
et al. (2014) on a different and smaller elite population.
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Rhizomania, caused by beet necrotic yellow vein virus
(BNYVYV), is perhaps the most important disease of sugar
beet because it can cause losses of up to 80 % in sugar yield
(McGrann et al. 2009). Nowadays, virtually every commer-
cial variety carries at least one resistance gene located on
chromosome 3, Rz/ (Biancardi et al. 2002; Barzen et al.
1992; Lewellen 1988) from the “Holly” source or Rz2 from
the resistant accession WB42 from Denmark (Scholten
et al. 1996, 1999). These genes have provided strong resist-
ance to BNYVV and have been, therefore, intensively
selected for. The Xx locus involved in restoration of male-
fertility in a sterile cytoplasm (CMS), extensively used in
breeding, has been also located on chromosome 3 (Schon-
delmaier and Jung 1997). This system allows crosses to
be performed easily by male-sterile plants being placed
together with plants that produce pollens, called pollinator.
However, the elite panel of the study included only lines
belonging to the pollinator pool, in which the Xx locus was
not under any selection pressure. Due to the constitution of
the elite panel, the nuclear restorer locus could not be the
cause of a larger LD on chromosome 3 contrary to BNYVV
resistance genes, which were under strong selection pres-
sure. The region of high LD in the elite panel was located
between 46 and 56 cM on chromosome 3, on our reference
map. The resistance gene Rz/ was located at 51 cM on our
reference map, inside the LD block, contrary to the resist-
ance gene Rz2, which is located around 20 cM apart from
RzI as mentioned by Scholten et al. (1999). Based on these
results, we can assume that the LD block found on chromo-
some 3 corresponds to the Rz/ gene.

Just as for chromosome 3, LD persisted a little more
on chromosome 9 in the elite panel than in the worldwide
population. This breeding pattern was more surprising. The
white beet cyst nematode (BCN) resistance genes Hs"?~!
(Cai et al. 1997) and Hs2 (Jager et al. 2012), and the second
bolting locus B2 (Biittner et al. 2010) are mapped on chro-
mosome 9. Nevertheless, these genes are not widespread
in sugar beet breeding germplasm and therefore, they are
unlikely to be the cause of the LD region that is observed
on chromosome 9.

Chromosomes 1 and 2 were different from other chro-
mosomes because their curves of LD decay obtained
within the elite panel could be superimposed on those of
the worldwide population. This observation was not sur-
prising for chromosome 1 for which no a priori informa-
tion was available on presence of important genes. For
its part, chromosome 2 is known to carry the early bolt-
ing gene B (Boudry et al. 1994; Schondelmaier and Jung
1997). The annual habit in Beta vulgaris was shown to be
controlled by a major dominant gene, commonly referred
to as the bolting gene B, which promotes the initiation of
bolting in long days without prior vernalisation. Because
bolting reduces root yield, the occurrence of annual bolting

in sugar beets has been strongly selected against during the
breeding process. Sugar beet cultivars require vernalisation
to bolt and can thus be sown in spring and grown vegeta-
tively until the beets are harvested in the fall. Therefore, we
firstly expected a more extended LD in the elite panel than
in the worldwide population on chromosome 2. However,
nowadays, the selection pressure on this trait in elite mate-
rial must not be strong since the transition from annual to
biennial cultivated beets must have occurred a very long
time ago. Recombination must have had plenty of time to
remove any extended LD around the B locus, contrary to
the much more recent introduction of the rhizomania loci
on chromosome 3.

The corrected LD measure i was proved to be linked
to the power of the association test in the mixed model of
association proposed by Yu et al. (2005). Indeed, there is
an analytical formula, based on y? probability distribution,
to compute the relation between the power of the detection
test at the causal locus and the resulting power at a marker
in LD with the causal locus. Indeed, the association test
follows asymptotically a x? distribution with 1° of freedom
on the null hypothesis and a noncentral x> distribution on
the alternative. The noncentrality parameters at a causal
locus and at a linked marker are proportional, with a pro-
portionality factor equal to the corrected LD measure ri.
This leads, for example, to: if a causal locus has a 90 %
chance of detection with a type I error of 107>, which is
possible with a noncentrality parameter of 32.5, a marker
in LD with ’%/s = (0.6 will be necessary to get a power of
50 % which is not a very high power. A ’%/s = 0.52 will
still be necessary if the type I error is reduced to 1073,
since the noncentrality parameter at the causal locus is then
around 21. We studied the genomic coverage of consecu-
tive markers in LD when LD was superior to a threshold. If
we could have a high coverage of the genome for LD supe-
rior to 0.6, the power of the association analysis along the
genome could surely detect some of the causal loci. With
a genomic coverage of barely 1 % with a LD superior to
0.1, the density of the markers and the LD in the worldwide
population can be judged as really insufficient to conduct
an association analysis. With a genomic coverage between
10 and 35 % depending of the trait heritability with a LD
superior of 0.3, the marker density and the LD in the elite
panel were more adapted to an association study but they
were still limited and could easily lead to a failure to find
an associated SNPs. These results seem counter intuitive as
the genomic coverage for a low heritability trait was larger
than for a high heritability trait, giving the wrong impres-
sion that causal locus for low heritability trait would be
easier to detect than with higher heritability. However, if a
trait has a low heritability, this is because causal loci have
small additive effects and are therefore difficult to detect.
So even if the genomic coverage is larger the power of
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causal loci detection is smaller which resolves the paradox.

In conclusion, the > measure gives an optimistic view of

what could be expected of a future association study, and

the r3with a kinship matrix a more pessimistic view; the

correct compromise is probably the LD measured by ’%/s
with a variance—covariance matrix equal to the identity plus

a kinship matrix.
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