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Abstract Association mapping in multiple segregating

populations (AMMSP) combines high power to detect QTL

in genome-wide approaches of linkage mapping with high

mapping resolution of association mapping. The main

objectives of this study were to (1) examine the applicability

of AMMSP in a plant breeding context based on segregating

populations of various size of sugar beet (Beta vulgaris L.),

(2) compare different biometric approaches for AMMSP,

and (3) detect markers with significant main effect across

locations for nine traits in sugar beet. We used 768 Fn

(n = 2, 3, 4) sugar beet genotypes which were randomly

derived from 19 crosses among diploid elite sugar beet

clones. For all nine traits, the genotypic and genotype 9

location interaction variances were highly significant

(P \ 0.01). Using a one-step AMMSP approach, the total

number of significant (P \ 0.05) marker-phenotype asso-

ciations was 44. The identification of genome regions

associated with the traits under consideration indicated that

not only segregating populations derived from crosses of

parental genotypes in a systematic manner could be used for

AMMSP but also populations routinely derived in plant

breeding programs from multiple, related crosses. Further-

more, our results suggest that data sets, whose size does not

permit analysis by the one-step AMMSP approach, might be

analyzed using the two-step approach based on adjusted

entry means for each location without losing too much

power for detection of marker-phenotype associations.

Introduction

Since the 1990s, a large number of DNA markers has been

available for sugar beet (e.g., Barzen et al. 1992, 1995;

Pillen et al. 1992, 1993). These markers have been used to

map major genes for bolting (El-Mezawy et al. 2002),

fertility restoration (Pillen et al. 1993), hypocotyl color

(Barzen et al. 1992), and resistance against nematodes (Cai

et al. 1997). However, the majority of traits of economic

interest in sugar beet breeding programs such as beet yield,

sugar yield, as well as quality parameters, are quantita-

tively inherited (Weber et al. 2000).

In sugar beet, linkage mapping was employed to dissect

quantitative traits into underlying genetic factors, called

quantitative trait loci (QTL). Weber et al. (1999, 2000)

detected QTL for sugar yield based on two segregating

populations grown in different locations. Schneider et al.

(2002) identified QTL for sugar yield and quality param-

eters based on one segregating population using expressed

sequence tag related markers.

The major limitations of linkage mapping approaches

are the poor resolution in detecting QTL and that only two

alleles at any given locus can be studied in biparental

crosses of inbred lines (Flint-Garcia et al. 2003).
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Association mapping methods, which were successfully

applied in human genetics to detect genes coding for

human diseases (e.g., Ozaki et al. 2002), promise to over-

come these limitations (Kraakman et al. 2004). Therefore,

in plant genetics several attempts have been made for

detecting QTLs by such methods (e.g., Breseghello and

Sorrells 2006; Wilson et al. 2004).

In comparison with linkage mapping approaches, how-

ever, association mapping approaches have a low power to

detect QTL in genome-wide scans (Yu and Buckler 2006).

Yu et al. (2008) proposed the nested association mapping

(NAM) strategy for plants, which combines the high power

to detect QTL in genome-wide approaches of linkage

mapping with the high mapping resolution of association

mapping approaches. This strategy requires the establish-

ment of segregating populations derived from several

crosses of parental inbreds in a systematic manner. For

plant breeders, however, it is an appealing idea to exploit

information on the individuals routinely derived from

multiple, related crosses in plant breeding programs for

QTL detection using a similar approach called association

mapping in multiple segregating populations (AMMSP).

To our knowledge, no study has investigated the applica-

bility of this mapping strategy in a plant breeding context

based on empirical data.

The objectives of our research were to (1) examine the

applicability of AMMSP in a plant breeding context based

on segregating populations of various size of sugar beet, (2)

compare different biometric approaches for AMMSP, and

(3) detect markers with significant main effect across

locations for nine traits in sugar beet.

Materials and methods

Plant materials

Our study was based on 765 F2, two F3, and one F4 sugar

beet (Beta vulgaris L.) genotypes which were randomly

derived from 19 crosses among diploid elite sugar beet

clones. The number of progenies from each cross ranged

from 3 to 72 (Table 1). Testcross progenies were produced

by crossing the 768 Fn genotypes (n = 2, 3, 4), for which

pedigree information was available up to eight generations

back (Fig. 1), to one diploid tester. All plant material used

in this study was provided by the breeding company

Strube–Dieckmann.

Field experiments

In 2004, all 768 testcross progenies were evaluated in a

series of 24 field trials that included a set of four common

checks. Two of the 24 trials were grown in 12 locations and

the others in 11 locations. Not all series of trials were

performed in the same locations and, thus, the total number

of locations was 21 with trials located in France (10

locations), Germany (7 locations), Belgium (2 locations),

and the Netherlands (2 locations). The number of trials per

location ranged from 6 to 24. The experimental design of

each trial was a 6 9 6 lattice design with two replicates per

location. The 32 testcross progenies and four checks of

each trial were grown in three-row plots of 7 m length and

a plant density of 92 063 plants ha-1.

Data was recorded for beet yield (BY; Mg ha-1). Content

of potassium (K; mmol kg-1), sodium (Na; mmol kg-1),

a-amino nitrogen (N; mmol kg-1), and sugar (SC; %) were

measured as described by Burba and Puscz (1976). Impurity

content (IC; %) was calculated as [0.343 9 (K ? Na) ?

(0.094 9 N) ? 0.29]/SC 9 100. White sugar content (WSC;

%), sugar yield (SY; Mg ha-1), and white sugar yield (WSY;

Mg ha-1) were calculated as SC - IC, BY 9 SC, and BY 9

WSC, respectively.

Molecular marker analyses

A subset of the 768 Fn entries comprising 369 F2 progenies

from nine crosses (Table 1) was fingerprinted by

Table 1 Description of the 19 segregating populations underlying

our study

Population Type of

progenies

No. progenies

with phenotypic

data

No. progenies with

geno- and phenotypic

data

1 S1 72 0

2 S1 64 0

3 S1 64 48

4 S1 8 0

5 S1 8 0

6 S1 8 0

7 S1 40 37

8 S1 64 0

9 S1 20 0

10 S1 36 33

11 S1 63 51

12 S1 63 57

13 S2 2 0

S3 1 0

14 S1 45 0

15 S1 51 0

16 S1 61 55

17 S1 42 36

18 S1 22 22

19 S1 34 30

Total 768 369
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Strube–Dieckmann according to standard protocols with 49

simple sequence repeat markers and nine restriction frag-

ment length polymorphism markers. These markers were

randomly distributed across the sugar beet genome with an

average marker distance of 8.4 cM. Map positions of all

markers were based on the linkage map of Strube–Dieck-

mann (unpublished data).

Statistical analyses

The entries of our study were randomly derived from 19

crosses and, thus, main effects for entries as well as their

interaction with the locations were regarded as random in

the one-step joint linkage association analyses. Further-

more, we also performed two-step AMMSP in which

entries were regarded as random in the second-step but

were regarded as fixed in the first step (cf., Piepho and

Möhring 2007).

Phenotypic data analysis

The phenotypic data of each of the 21 locations were first

analyzed separately based on the statistical model:

yikno ¼ lþ gi þ tk þ rnk þ bonk þ eikno; ð1Þ

where yikno was the phenotypic observation for the ith sugar

beet genotype in the oth incomplete block of the nth

replication of the kth trial, l was an intercept term, gi was

the genetic effect of the ith genotype, tk was the effect of

the kth trial, rnk was the effect of the nth replication of the

kth trial, bonk was the effect of the oth incomplete block of

the nth replication of the kth trial, and eikno was the

residual. Except gi, all effects were regarded as random.

For the genotypes (entries and checks), adjusted entry

means were calculated for the jth location according to:

Mij ¼ blj þcgij ; ð2Þ

where blj was the estimate for the intercept at the jth

location and cgij was the estimate of the genetic effect of the

ith sugar beet genotype at the jth location both estimated

based on the statistical model in Eq. (1). A hierarchical

cluster analysis was performed on the correlation coeffi-

cient of adjusted entry means Mij among all pairs of

locations.

A combined analysis of plot-level phenotypic data

across locations was performed based on the statistical

model:

yijkno ¼ lþ ci þ digi þ lj þ ðclÞij þ diðglÞij þ tkj þ rnjk

þ bonjk þ eijkno; ð3Þ

where yijkno was the phenotypic observation for the ith

sugar beet genotype at the jth location in the oth

incomplete block of the nth replication of the kth trial, l
was an intercept term, ci was a factor with a single level for

each check and a single level for all entries, di was a

indicator variable with di = 0 for checks and di = 1 for

entries, gi was the genetic effect of the ith genotype, lj was

the effect of the jth location, (cl)ij was the interaction effect

of the ith check and the jth location, (gl)ij was the

interaction effect of the ith entry and the jth location, tkj

was the effect of the kth trial at the jth location, rnjk was the

effect of the nth replication of the kth trial at the jth

location, bonjk was the effect of the oth incomplete block of

the nth replication of the kth trial at the jth location, and

eijkno was the residual. For details regarding the use of

dummy coding for separating checks and entries see
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Fig. 1 Pedigree relatedness of the 19 segregating populations of sugar beet underlying our study
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Piepho et al. (2006). Because locations were purposefully

selected, lj was regarded as fixed. For estimation of

adjusted entry means over all trials and locations, we

regarded d1ici and d2igi as fixed and all other effects as

random. Error variances were assumed to be heterogeneous

among locations. For each of the 768 entries, an adjusted

entry mean Mi over all trials and locations was calculated

as:

Mi ¼ l̂þ bgi ; ð4Þ

where l̂ was the estimate for the intercept and bgi was the

estimate of the genetic effect of the ith entry, both esti-

mated based on the statistical model in Eq. (3).

For estimation of variance components, the statistical

model in Eq. (3) was used, where lj and d1ici were regarded

as fixed and all other effects as random.In order to consider

the relatedness among entries with (g1) and without (g2)

available marker data, we assumed:

g ¼ g1

g2

� �

�MVN
0
0

� �

;
A11 A12

A21 A22

� �

r2
g

� �

ð5Þ

where A11 and A22 are the matrices of coancestry coeffi-

cients that define the degree of genetic covariance among

entries with (A11) and without available marker data (A22).

A12 is the matrix of coancestry coefficients between entries

with available marker data and entries without available

marker data and A21 = A12

0
. The coancestry coefficients

were estimated based on the available pedigree records,

according to the rules described by Falconer and Mackay

(1996) and using PROC INBREED in SAS (SAS Institute

2004).

To avoid excessive computing time, we neglected the

relatedness of the entries with respect to genotype 9

location interaction and assumed:

ðglÞ ¼ ðg1lÞ
ðg2lÞ

� �

�MVN
0
0

� �

;
I 0
0 I

� �

r2
gl

� �

; ð6Þ

where I was an identity matrix. Heritability on an adjusted

entry mean basis hg
2 was calculated according to Emrich

et al. (2008). qp was calculated as correlation between the

plot-level phenotypic data across locations of two traits and

qg as correlation between the adjusted entry means Mi of

two traits.

One-step approach for AMMSP

In the current study, not only the entries with available

marker data were included in the AMMSP approach but

also the entries without available marker data. This was

due to the fact that based on a statistical model with ran-

dom entries and on the modeling of the relatedness among

the entries of both sets, the phenotypic observations of

the entries without available marker data improve the

estimation of the genotypic value of the entries with

available marker data. Thereby, the power for detection of

marker-phenotype associations is increased.

In studies based on testcross progenies with a common

tester, no dominance effects can be estimated, because the

effects of allele substitution ðaÞ comprise also the domi-

nance effects between parental alleles and those of the

tester (Melchinger 1988). Therefore, we used the following

statistical model for one-step AMMSP:

yijkno ¼ lþ ci þ lj þ ðaþ aljÞ0xi

þ di�gi þ ðclÞij þ dið�glÞij þ tkj þ rnjk þ bonjk þ eijkno;

ð7Þ

where alj were the interaction effects of the allele

substitution effects with the jth location, xi was a column

vector with the number of copies of the corresponding

alleles, and �gi was the residual genetic effect of the ith

entry except for the effect of the marker locus under

consideration. We regarded di�gi; ðclÞij; dið�glÞij; tkj; rnjk; and

bonjk as random and all other effects as fixed. However, the

expected value of the genotypic effects of entries without

available marker data is not zero any longer, when

conditioning on the markers. To overcome this problem,

we used the following definition of the variance-covariance

matrix (for derivation see Appendix):

�g1

�g2

� �

�

MVN
X1a

X2a

� �

;
ð1� pgÞA11 ð1� pgÞA12

ð1� pgÞA21 A22� pgA21A�1
11 A12

 !

r2
�g

" #

;

ð8Þ

where X1 was a 369 9 (p-1) matrix with p being the

number of alleles of the marker locus under consideration

(i.e., the ith row of X1 equalled x0i) and pg the proportion

of the genotypic variance by the marker locus under

consideration. The mth column of this matrix was calcu-

lated as the number of copies of the (m ? 1)th allele

minus the number of copies of the first allele observed for

the corresponding genotypes. The matrix X2 was calcu-

lated as A21A11
-1X1, and pg was the proportion of the

genotypic variance explained by the locus under

consideration.

From Eq. (8) we have Varð�gÞ ¼ K1r2
�g þK2r2

�gpg
; where

�g ¼ ð�g1; �g2Þ;

K1 ¼
A11 A12

A21 A22

� �

; K2 ¼
�A11 �A12

�A21 �A21A�1
11 A12

� �

;

and r2
�gpg
¼ pgr2

�g; such that pg ¼ r2
�gpg
=r2

�g: The proportion of

the genotypic variance explained by the marker locus under

consideration ( bpg) can thus be calculated from variance

component estimates as
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bpg ¼
dr2

�gpg

cr2
�g

: ð9Þ

Two-step approaches for AMMSP

Approach based on adjusted entry means for each location:

This approach, which was designated as two-step approach

A, was based on the adjusted entry means Mij calculated for

each of the 21 locations. These adjusted entry means were

then used in a second step for joint linkage and association

analyses based on the statistical model:

Mij ¼ lþ ci þ lj þ ðaþ aljÞ0xi þ di�gi þ eij; ð10Þ

where all effects except d2i�gi were regarded as fixed. The

assumptions made in the one-step approach for AMMSP

concerning Varð�gÞ were also made in this approach.

Approach based on adjusted entry means over all

locations: This approach, which was designated as two-

step approach B, was based on the adjusted entry means Mi

calculated over all locations. The Mi of the 369 entries with

available marker data were then used in a second step for

joint linkage and association analyses based on the statis-

tical model:

Mi ¼ lþ a0xi þ �g1i þ ei; ð11Þ

where �g1i; the residual genetic effect of the ith entry with

marker data except for the effect of the marker locus under

consideration, was regarded as random and all other effects

were regarded as fixed. We assumed Varð�g1Þ ¼ 2A11r2
�g1
: In

contrast to the two-step approach A, the two-step approach

B does not allow to make inferences about the interaction

effects of the allele substitution effects with the locations.

Weighting method for two-step AMMSP: The covariance

matrix for the vector of residuals e is denoted here as R

(Lynch and Walsh 1998). In two-step mixed-model pro-

cedures, the matrix R may be chosen in different ways to

approximate the actual variance–covariance matrix of

adjusted entry means denoted here as V.

We used for both two-step AMMSP approaches the

weighting method proposed by Smith et al. (2001). For the

two-step approach A, this method is based on the V matrix

calculated for each location (Vj) with Rj
-1 = D(Vj

-1), where

D(Vj
-1) was a diagonal matrix with diagonal elements equal

to those of Vj
-1. The matrix R-1 was then calculated as:

�
21

j¼1
R�1

j : For the two-step approach B, R-1 = D(V-1), where

V was the actual variance–covariance matrix of adjusted

entry means calculated over all locations.

In a linkage mapping context, the use of the false dis-

covery rate to overcome the multiple test problem is

dubious (Chen and Storey 2006). Therefore, for all

abovementioned AMMSP approaches we applied the

Bonferroni–Holm procedure (Holm 1979) to detect mark-

ers with significant (P \ 0.05) (1) main effects across

locations and (2) marker 9 location interactions. The total

proportion of the genotypic variance explained by all

markers with significant main effect was obtained by fitting

a model including all these markers simultaneously. All

mixed-model calculations were performed with ASReml

release 2.0 (Gilmour et al. 2006).

Linkage disequilibrium was assessed by the composite

linkage disequilibrium measure D (Weir 1996). Signifi-

cance of D was tested with v2 tests. LD computations were

performed with the GDA 1.0 software (Lewis and Zaykin

1999).

Results

The coancestry coefficient calculated from pedigree

records (Fig. 1) ranged for the 768 entries from 0.02 to

0.98 with an average of 0.39. The total number of alleles

detected for the 58 molecular markers was 155, with the

number of alleles per locus ranging from 2 to 6. The allele

frequency of the 155 alleles varied between 0.01 and 0.98.

Across the nine segregating populations, the percentage

of SSR loci pairs with significant (P \ 0.05) LD was

76.5% (Fig. 2). Within the segregating populations, the
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Fig. 2 Linkage disequilibrium (LD; D) between pairs of SSR

markers (above the diagonal) and its significance (P \ 0.05) based

on v2 tests (below the diagonal). Dark-gray coloring indicates high D
values and significant LD. White coloring indicates D = 0 and no

significant LD. The thin horizontal and vertical lines mark off the

chromosomes
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percentage of SSR loci pairs with significant (P \ 0.05)

LD was considerably lower and ranged from 2.2 to 48.6%.

For all traits, the cluster analysis based on the correla-

tion coefficient of adjusted entry means among all pairs of

locations revealed the absence of distinct subgroups of

locations (data not shown). Significant (P \ 0.01) geno-

typic variance and significant (P \ 0.01) variance of

genotype 9 location interaction were observed for all nine

traits (Table 2). Heritability on an adjusted entry mean

basis was high for the nine traits and ranged from 0.82

(WSY) to 0.96 (K, IC). Correlations rp ranged from -0.56

(Na/WSC) to 0.99 (SC/WSC, SY/WSY) (Table 3). Like-

wise, correlations rg varied between -0.46 (Na/WSC) and

0.98 (SC/WSC, SY/WSY).

Using the one-step AMMSP approach, the total number

of significant (P \ 0.05) marker-phenotype associations

was 44 (Table 4). The number of markers with significant

main effect varied from three for BY, SY, and WSY to nine

for Na. The proportion of the genotypic variance explained

simultaneously by all markers with significant main effect

was lowest for SY (4.4%) and highest for Na (36.8%). The

proportion of the genotypic variance explained by the

individual markers ranged from 1.5 (Na) to 11.8% (Na).

For all markers identified based on their significant main

effect, significant (P \ 0.05) marker 9 location interac-

tions were observed, which explained between 7.9 (BY)

and 20.8% (SC) of the variance of genotype 9 location

interactions (rgl
2 ).

For the nine traits examined, Spearman rank correlations

between the P values calculated for the 58 marker loci by

using the one-step AMMSP approach and the P values

estimated based on the two-step approach A varied

between 0.972 and 0.996 (Table 5). The correlations

observed between the P values of the one-step procedure

and those of the two-step procedure B were slightly lower

and ranged from 0.942 to 0.996 for the nine traits. The

same trend was observed for the Spearman rank correlation

between the allele substitution effects calculated by using

the one-step approach and those using the two-step pro-

cedures for AMMSP. Two-step approach A failed to detect

two markers with significant (P \ 0.05) main effects,

which were identified using the one-step approach (Fig. 3).

In contrast, the two-step approach B failed to detect five

markers previously identified using the one-step approach,

but detected three marker-phenotype associations, which

were not identified using the one-step approach.

Discussion

The current study was based on 19 segregating populations

which were derived from connected crosses of parental

genotypes (Fig. 1). In previous studies, such populations

were analyzed using linkage mapping methods (e.g., Rebai

and Goffinet 1993). These methods, however, use only the

LD within each segregating population. Yu et al. (2008)

proposed the NAM strategy which in addition to the LD

within each segregating population exploits also the LD

present in the set of parental genotypes.

When genotypes representing global genetic diversity

are used as parents of the segregating populations, NAM

approaches promise to result in a mapping resolution

considerably higher than that obtained with linkage map-

ping approaches (Stich et al. 2007). This is due to the fact

that LD decays in such germplasm over a short physical

distance (Wilson et al. 2004). For AMMSP approaches in a

plant breeding context, however, elite genotypes must be

used as parental genotypes in order to obtain QTL infor-

mation of direct use in elite breeding programs (Crepieux

et al. 2004). This leads to a reduction in the mapping res-

olution in comparison with that in the studies of Stich et al.

(2007) and Yu et al. (2008), because LD is expected to

decay in a set of elite genotypes over a longer physical

distance than in a set of diverse genotypes (cf., Palaisa

Table 2 First- and second-degree statistics for sugar beet testcross progenies for potassium content (K), sodium content (Na), a-amino nitrogen

content (N), proportion of impurities (IC), sugar content (SC), white sugar content (WSC), beet yield (BY), sugar yield (SY), and white sugar

yield (WSY)

Parameter K Na N IC SC WSC BY SY WSY

(mmol kg-1) (mmol kg-1) (mmol kg-1) (%) (%) (%) (Mg ha-1) (Mg ha-1) (Mg ha-1)

Mi 35.0–46.5 3.6–8.9 9.3–15.1 1.7–2.2 16.0–17.9 14.0–16.1 66.9–83.8 11.4–14.1 10.1–12.5

rg
2 2.7** 0.40** 0.77** 0.004** 0.088** 0.11** 6.6** 0.11** 0.084**

rgl
2 0.51** 0.093** 0.20** 0.0007** 0.017** 0.021** 1.0** 0.036** 0.031**

re
2 0.83–3.32 0.11–2.36 0.50–2.76 0.001–0.008 0.030–0.239 0.035–0.227 4.6–49.9 0.14–1.39 0.11–0.99

hg
2 0.96 0.94 0.91 0.95 0.94 0.94 0.90 0.83 0.82

Mi are the adjusted entry means calculated over all locations and rg
2, rgl

2 , and re
2 are the genotypic, genotype 9 location, and error variances,

respectively. hg
2 is the heritability on an adjusted entry mean basis

** Significant at the 0.01 probability level
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et al. 2004). Nevertheless, even in this case exploitation of

the LD present in the set of elite genotypes confers AM-

MSP approaches a mapping resolution which is higher than

that of linkage mapping approaches.

Statistical approaches for AMMSP

In experiments, in which the genome sequence of all

entries is available, the statistical models for AMMSP

differ from those for multi-cross linkage mapping in that

they neither comprise fixed population effects (e.g., Blanc

et al. 2006) nor regard markers as nested within popula-

tions. The results of Yu et al. (2008) suggested that

approaches neglecting population structure provide a

higher power for QTL detection and a lower proportion of

false positives than approaches taking population structure

into account. This observation might be explained by the

fact that differences among the mean performance of seg-

regating populations derived from different crosses of

parental genotypes are caused by QTL. In statistical

approaches which take population structure into account by

fixed population effects, the effects of these QTL are

absorbed in the population effect and, thus, these QTL can

not be detected.

In the current study, however, no genome sequence was

available for the entries and, thus, detection of marker-

phenotype association is based on LD between markers and

trait coding polymorphisms. Therefore, population struc-

ture of the entries must be considered in order to adhere to

the nominal a level. In a AMMSP context, this can be

achieved by regarding entries as random and defining co-

variances among the entries based on a numerator

relationship matrix.

Stich et al. (2008) proposed the use of marker-based

estimates of the numerator relationship matrix optimally

adapted to the phenotypic data for association mapping

approaches. This way of calculating the numerator rela-

tionship matrix also seems to provide the best estimates of

pair-wise coancestry coefficients in the context of AMMSP

with respect to adherence to the nominal a level as well as

the power for QTL detection (Stich et al. 2008). In the

current study, however, the estimation of a marker-based

numerator relationship matrix was not possible as marker

data were not available for all entries. Therefore, we cal-

culated the numerator relationship matrix from pedigree

records.

Comparison of one- and two-step approaches

for AMMSP

In all types of genetic mapping experiments, the one-step

approach, in which the phenotypic and genotypic data

analysis is performed in one step, is the only fully efficient

analysis (Stich et al. 2008). Consequently, P values and

allele substitution effects calculated for the marker loci

under consideration based on such a statistical model are

the reference values (Piepho and Pillen 2004). However,

AMMSP data sets which are currently under development

are of such a size that a one-step analysis of phenotypic and

genotypic data might be either impossible or impractical

due to excessive computing time. As this problem can be

overcome by applying two-step procedures, we examined

the consistency of the results of one- and two-step

approaches for AMMSP.

Spearman rank correlations observed in the current

study between the P values of the two-step approach B

and those of the one-step approach (Table 5) were similar

to those found by Stich et al. (2008) in an association

mapping approach for wheat. Despite the rather high

correlation, the two-step approach B failed to detect five

marker-phenotype associations which were identified

using the one-step procedure (Fig. 3) but identified three

Table 3 Correlation qp between the plot-level phenotypic data

(above diagonal) and correlation qg between the adjusted entry

means cross all locations (below diagonal) for potassium content (K),

sodium content (Na), a-amino nitrogen content (N), proportion of

impurities (IC), sugar content (SC), white sugar content (WSC), beet

yield (BY), sugar yield (SY), and white sugar yield (WSY) based on

768 sugar beet entries

K Na N IC SC WSC BY SY WSY

K 0.08 0.49 0.93 -0.09 -0.25 0.19 0.12 0.01

Na -0.09 0.18 0.42 -0.52 -0.56 0.30 0.01 -0.07

N 0.32 -0.15 0.60 -0.10 -0.20 0.02 -0.04 -0.11

IC 0.91 0.31 0.35 -0.26 -0.42 0.26 0.10 -0.03

SC -0.09 -0.42 0.11 -0.25 0.99 -0.08 0.42 0.51

WSC -0.29 -0.46 0.02 -0.45 0.98 -0.12 0.38 0.48

BY 0.04 0.04 -0.20 0.03 -0.45 -0.42 0.87 0.81

SY -0.01 -0.20 -0.15 -0.11 0.07 0.09 0.86 0.99

WSY -0.15 -0.26 -0.19 -0.28 0.17 0.22 0.79 0.98
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Table 4 Marker loci significantly (P \ 0.05) associated with potas-

sium content (K), sodium content (Na), a-amino nitrogen content (N),

proportion of impurities (IC), sugar content (SC), white sugar content

(WSC), beet yield (BY), sugar yield (SY), and white sugar yield

(WSY), the explained proportion of the genotypic variance ðcpgÞ; the

explained proportion of the genotype 9 location interaction ðdpg�lÞ by

the marker 9 location interaction, and the allele substitution effects

ðbaÞ

Trait Locus Linkage group Position (M) cpg (%) dpg�l (%) da1=2 � SE

(mmol kg-1)

da1=3 � SE

(mmol kg-1)

da1=4 � SE

(mmol kg-1)

K M22 D 0.10 4.0 2.5 -0.23 ± 0.10 -0.20 ± 0.08

M24 D 0.32 2.8 1.0 0.15 ± 0.07

M25 D 0.37 3.0 1.5 -0.35 ± 0.07

M28 D 0.53 4.4 2.5 -0.04 ± 0.10

M51 H 0.56 7.3 5.5 -0.26 ± 0.18 -0.51 ± 0.11 0.26 ± 0.11

Total 16.2 13.2

Na M05 A 0.48 6.0 1.8 0.04 ± 0.07 -0.11 ± 0.05

M10 B 0.32 4.5 6.6 -0.17 ± 0.03

M12 B 0.36 4.9 6.9 -0.19 ± 0.04

M19 C 0.58 11.8 14.1 -0.28 ± 0.03

M21 C 0.60 10.8 4.6 -0.12 ± 0.06 -0.10 ± 0.12 0.03 ± 0.13

M28 D 0.53 2.8 3.5 -0.15 ± 0.05

M38 F 0.28 1.5 11.8 -0.17 ± 0.07 0.43 ± 0.13

M51 H 0.56 7.2 9.0 -0.01 ± 0.08 0.20 ± 0.05 -0.02 ± 0.05

M52 H 0.69 5.4 12.1 0.51 ± 0.08 0.01 ± 0.06

Total 36.8 37.8

N M03 A 0.33 3.3 6.5 0.14 ± 0.13 -0.29 ± 0.08

M05 A 0.48 2.3 0.9 0.13 ± 0.10 0.20 ± 0.06

M17 C 0.53 2.8 5.3 -0.26 ± 0.05

M19 C 0.58 3.4 1.4 0.14 ± 0.05

M21 C 0.60 9.4 5.9 -0.05 ± 0.09 0.44 ± 0.17 0.10 ± 0.19

M28 D 0.53 2.5 1.1 -0.15 ± 0.07

Total 16.8 17.0

Trait Locus Linkage group Position (M) cpg (%) dpg�l (%) da1=2�SE (%) da1=3 � SE (%) da1=4 � SE (%)

IC M22 D 0.10 4.9 3.3 -0.007 ± 0.004 -0.009 ± 0.003

M24 D 0.32 3.6 1.0 0.008 ± 0.003

M25 D 0.37 3.3 2.6 -0.017 ± 0.003

M27 D 0.50 3.3 1.7 0.011 ± 0.003

M28 D 0.53 7.9 1.5 -0.009 ± 0.004

M29 D 0.63 2.4 5.8 -0.005 ± 0.005 0.000 ± 0.005

M46 G 0.42 4.2 0.8 -0.001 ± 0.007 0.004 ± 0.007 -0.028 ± 0.009

M50 H 0.51 3.1 4.8 -0.002 ± 0.004 -0.003 ± 0.005

Total 15.2 12.3

SC M05 A 0.47 6.6 1.4 -0.04 ± 0.02 0.03 ± 0.02

M38 F 0.28 8.3 7.0 -0.04 ± 0.03 -0.04 ± 0.05

M39 F 0.34 3.7 1.2 0.04 ± 0.01

M40 F 0.43 8.8 11.1 -0.09 ± 0.07 0.05 ± 0.14

Total 20.8 12.5

WSC M05 A 0.47 6.2 1.3 -0.04 ± 0.03 0.04 ± 0.02

M22 D 0.10 2.6 6.1 0.02 ± 0.02 0.04 ± 0.01

M38 F 0.28 6.4 7.7 -0.04 ± 0.03 -0.07 ± 0.05

M40 F 0.43 5.5 11.0 -0.12 ± 0.08 -0.10 ± 0.15

Total 15.3 12.7
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markers which were not detected using the one-step

procedure. In addition, a rather low correlation was

observed between the allele substitution effects of the

two-step procedure B and the one-step procedure

(Table 5). These observations suggested that for AMMSP,

use of the two-step approach B, frequently applied in

linkage mapping (e.g., Schön et al. 2004) and association

mapping (e.g., Breseghello and Sorrells 2006) experi-

ments, is questionable.

Spearman rank correlations between P values calculated

using the two-step approach A and the one-step approach

were only slightly higher than the correlation observed

between two-step approach B and the one-step approach

(Table 5). Nevertheless, the two-step approach A failed

only to detect two marker-phenotype associations which

were identified using the one-step approach and detected

only marker-phenotype associations which were also

identified based on the one-step approach. These observa-

tions indicated that the two-step approach A has a

considerably higher power for QTL detection and results in

a lower proportion of false positives than the two-step

approach B. Therefore, for data sets in which the one-step

analysis of phenotypic and genotypic data might be

impossible or impractical, we suggest using the two-step

approach A. Our further discussion, however, is restricted

to results from the one-step approach due to its more

desirable properties.

Detected marker-phenotype associations

In our study, the lowest number of markers with significant

(P \ 0.05) main effect was detected for BY, SY, and

WSY, whereas a considerably higher number of markers

were associated with K, Na, and N (Table 4). This obser-

vation is in accordance with findings of Schneider et al.

(2002) and might be explained by the fact that BY, SY, and

WSY are complex traits for which no QTL with major

effects were expected but rather a large number of QTL

with small individual effects (Moreau et al. 2004). How-

ever, the power to detect such QTL is low. In contrast, for

less complex traits influenced by a low number of QTL,

such as K, Na, and N, the individual QTL explain a high

proportion of the variance and, thus, a high power for QTL

detection is anticipated.

Proportion of the genotypic variance explained by

markers: In the current study, the proportion of the geno-

typic variance explained by the markers with significant

main effect ranged from 1.5 to 11.8% and the proportion

explained by all significant markers together varied for the

nine traits from 4.4 to 36.8% (Table 4). These estimates of

the proportion of the explained variance were considerably

lower than those observed by Schneider et al. (2002) for

Table 5 Spearman rank correlation between P values (qP) and allele

substitution effects (qa) calculated using the one-step AMMSP

approach and the two-step AMMSP approaches A and B

Trait Two-step AMMSP approach

A B

qP qa qP qa

K 0.996 0.853 0.991 0.346

Na 0.993 0.874 0.975 0.870

N 0.978 0.940 0.991 0.583

IC 0.987 0.853 0.942 0.565

SC 0.994 0.934 0.995 0.788

WSC 0.996 0.948 0.996 0.822

BY 0.984 0.876 0.970 0.748

SY 0.983 0.746 0.955 0.473

WSY 0.972 0.763 0.959 0.401

For a detailed description of the different methods see ‘‘Materials and

methods’’

Table 4 continued

Trait Locus Linkage group Position (M) cpg (%) dpg�l (%) da1=2 � SE

(Mg ha-1)

da1=3 � SE

(Mg ha-1)

da1=4 � SE

(Mg ha-1)

BY M05 A 0.47 5.2 1.9 0.36 ± 0.30 -0.57 ± 0.20

M38 F 0.28 4.8 6.5 0.36 ± 0.31 0.18 ± 0.56

M54 I 0.30 3.3 0.5 -0.63 ± 0.20

Total 12.6 7.9

SY M50 H 0.51 3.2 7.5 0.08 ± 0.03 -0.15 ± 0.04

M51 H 0.56 3.5 15.0 0.01 ± 0.06 0.06 ± 0.04 0.01 ± 0.04

Total 4.4 17.1

WSY M49 H 0.42 2.3 3.9 -0.09 ± 0.03

M50 H 0.51 4.1 6.1 0.07 ± 0.02 -0.13 ± 0.03

M51 H 0.56 4.1 14.0 0.02 ± 0.05 0.07 ± 0.03 0.00 ± 0.03

Total 6.4 12.5
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the same traits in a linkage mapping experiment of sugar

beet. This finding might be explained by the different

concepts in choosing the parental genotypes of the segre-

gating populations underlying these studies. In the present

study, current sugar beet elite genotypes were used as

parents of the segregating populations while in the study of

Schneider et al. (2002) the parents of the mapping popu-

lation were chosen in such a way that they maximally

differed for the traits under consideration. The latter

approach increases the probability of detecting QTL

explaining a large proportion of the genotypic variance

(Lander and Botstein 1989). However, in contrast to the

current study, this procedure leads to QTL information

which might be worthless for marker-assisted selection in

elite plant breeding programs because the favorable QTL

allele might already be fixed in the elite germplasm pool.

A further reason for the considerable discrepancy in the

proportion of the explained variance observed in our study

and the biparental cross of Schneider et al. (2002) might be

the difference in allele frequencies expected for the

germplasm in both studies. This is due to the fact that the

proportion of genotypic variance explained by a marker is a

function of the allele frequency and the allele substitution

effect. Under the assumption of a fixed allele substitution

effect, the maximum of the proportion of genotypic vari-

ance explained by a marker is observed for an allele

frequency of 0.5, as expected for the entries derived from a

biparental cross. In contrast, for progenies derived from

several crosses of parental genotypes, like those examined

in our study, the allele frequencies might be considerably

different from 0.5 and, thus, the proportion of the genotypic

variance explained by a marker might be notably lower

despite the same underlying allele substitution effect.

Because allele frequencies of plant breeding populations

are expected to be more similar to that of populations

derived from several crosses of parental inbreds than to

those of a population derived from a biparental cross

(Crepieux et al. 2004), we suggest that in comparison to

the latter approach the former approach leads to a more

representative estimate of the variance accounted for by a

marker in the breeding population.

Furthermore, the differing results between our study and

that of Schneider et al. (2002) with respect to the propor-

tion of the variance explained by markers might be

attributable to the fact that the number of genotypes

underlying the study of Scheider et al. (2002) was con-

siderably lower than that of the current study. With a

limited sample size, however, model selection generally

causes an overestimation of the genotypic variance

explained by markers (Beavis 1994; Utz and Melchinger

1994; Schön et al. 2004).

Markers associated with multiple traits: Our results

suggested that several markers were not only associated

with one trait but with two to five traits (Table 4). This

observation is in accordance with the results of Schneider

et al. (2002) and can be explained by a single gene with

pleiotropic effects on several traits. The same phenomenon

can be the result of tightly linked genes, which due to the

limited mapping resolution are detected as one locus, but

affect different traits. For some markers (e.g., M28), this

discrimination is of less interest to plant breeders if the

same allele affects the phenotype for all traits in the desired

direction. However, for most markers associated with

several traits in our study (e.g., M5), the positive allele for

one trait had a negative effect for the other trait. In this

case, the explanation for colocalization of marker-pheno-

type associations for different traits by pleiotropy or

linkage determines whether marker-assisted selection can

be used to improve both traits concurrently. Based on our

results, however, this discrimination can not be made.

The high extent of LD observed for the markers of our

study across the nine segregating populations suggested

that the marker density should be sufficient for genome-

wide QTL detection. Nevertheless, colocalization of QTL

for different traits might be further analyzed based on the

germplasm of our study genotyped in the identified genome

regions with a higher marker density and applying multi-

variate association mapping approaches. Subsequently,

experiments for a direct proof of the allele function might

be performed, because AMMSP studies provide only sta-

tistical, i.e., indirect evidence for the function of the

identified genome regions (Andersen and Lübberstedt

2003). This can be obtained by comparing isogenic geno-

types which can be produced by recurrent backcrossing or

One-step
approach

Two-step
approach A

Two-step
approach  B

1

4 1

38

30 0

Fig. 3 Number of markers with significant (P \ 0.05) main effect

detected for the nine traits under consideration using the (1) one-step

joint linkage and association mapping (AMMSP) approach and (2)

two-step AMMSP approaches A and B. For a detailed description of

the different methods see ‘‘Materials and methods’’
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based on targeting induced local lesions in genomes (Jung

and Hohmann 2006).

Marker 9 location interactions: For all markers with

significant main effects identified in the current study, also

significant marker 9 location interactions were observed

(Table 4). Our observation is in contrast to results from

most linkage mapping studies reported in the literature

(e.g., Cockerham and Zeng 1996; Melchinger et al. 1998),

which rarely found significant marker 9 location interac-

tions despite the presence of significant genotype 9

location interactions. This difference might be explained

by the fact that in contrast to previous studies the entries of

our study were grown in a large number of locations

allowing a more reliable estimation of marker 9 location

interactions. Furthermore, the high number of entries

examined in our study increases the power for detection of

marker 9 location interactions (cf. Boer et al. 2007).

Marker 9 location interactions can not be directly used in

marker-assisted selection programs. They rather contribute

to the instability of QTL effects across multiple environ-

ments (Piepho 2000) and thereby reduce the efficiency of

marker assisted selection with respect to a broad adaptation

of the germplasm (e.g., Bouchez et al. 2002). One way to use

marker 9 location or genotype 9 location interactions for

breeding progress is the development of specific varieties for

specific groups of locations (Curnow 1988). In contrast to

results of Moreau et al. (2004), however, a clustering

approach did not reveal the presence of distinct subgroups of

locations for any trait. Therefore, we did not further examine

the possibility of unraveling marker 9 location interactions

in marker 9 mega-environment interactions.

Conclusions

We proposed an approach for AMMSP which is not only

based on entries with available marker data but also on

related entries without available marker data. Thereby, the

estimation of the genotypic value of the entries with

available marker data is improved and the power for

detection of marker-phenotype associations is increased.

Based on this approach, we identified several genome

regions associated with the traits under consideration,

which are promising for marker-assisted selection. This

observation indicated that not only segregating populations

derived from crosses of parental genotypes in a systematic

manner, as suggested by Yu et al. (2008), can be used for

QTL detection, but also populations routinely derived in

plant breeding programs from multiple, related crosses.

Furthermore, our results indicate that data sets, which are

of a size that does not permit analysis by a one-step

AMMSP approach, might be analyzed based on the two-

step approach A without losing too much power for

detection of marker-phenotype associations. By contrast,

the commonly employed two-step approach B suffers from

a more severe loss of power.
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Appendix

Statistical models with random effects for genotypes can be

used in AMMSP approaches to model the relatedness

among genotypes. In this context it is assumed that

VarðgÞ�Ar2
g;

where g is the vector containing the genotypic effects of all

entries and A is the numerator relationship matrix.

However, in AMMSP studies in which marker data are

not available for all entries, separate genotypic effects have

to be assumed for entries with (g1) and without (g2)

available marker data:

g ¼ g1

g2

� �

�MVN
0
0

� �

;
A11 A12

A21 A22

� �

r2
g

� �

:

Assume g1 = f1 ? h1, where f1 is the vector of genotypic

effects of the marker locus under consideration, then:

where pg is the proportion explained genotypic variance

of the marker locus under consideration, G = pgA11, H =

(0 pg A12), and

K ¼ ð1� pgÞA11 ð1� pgÞA12

ð1� pgÞA12 A22

� �

:

Based on the formulas for the conditional multivariate

normal distribution (Searle et al. 1992), it can be concluded

that conditioning on f1 leads to:

f1

h1

g2

0

@

1

A�MVN

0
0
0

0

@

1

A;
pgA11 0 pgA12

0 ð1� pgÞA11 ð1� pgÞA12

pgA21 ð1� pgÞA21 A22

0

@

1

Ar2
g ¼

G H
H0 K

� �

r2
g

2

4

3

5;
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ðh1; g1jf1Þ� ðH0G�1f1Þ; ðK�H0G�1HÞr2
g

h i

;

where

H0G�1f1 ¼ 0A21A�1
11 f1

� �

and

K�H0G�1H ¼
ð1� pgÞA11 ð1� pgÞA12

ð1� pgÞA12 A22

� �

�
0 0

0 pgA21A�1
11 A12

� �

¼
ð1� pgÞA11 ð1� pgÞA12

ð1� pgÞA12 A22 � pgA21A�1
11 A12

� �

:

Under the assumption that conditioning on a marker locus

is equivalent to conditioning on f1, this result suggests that

in the conditional density of all entries, the expected value

of the entries without available marker data is shifted by

conditioning on the marker data of the entries with

available marker data. This problem can be overcome by

replacing f1 by a regression approach on the marker ðf1 ¼
X1aÞ; which leads to:

h1; g2jf1 � Markerð Þ�

MVN
0

A21A�1
11 X1a

� �

; K�H0G�1H
� �

r2
�g

� �

and

g1;g2jf1 �Markerð Þ�MVN
X1a

X2a

� �

; K�H0G�1H
� �

r2
�g

� �

;

where X2 = A21A11
-1X1 and r2

�g ¼ ð1� pgÞr2
g:
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