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loci (QTl) and provide insight of the magnitude of QTl 
across different genetic backgrounds. Here, we present an 
improved Bayesian multi-QTl pedigree-based approach on 
an outcrossing species using progenies with different (com-
plex) genetic relationships. Different modeling assump-
tions were studied in the QTl analyses, i.e., the a priori 
expected number of QTl varied and polygenic effects were 
considered. The inferences include number of QTl, addi-
tive QTl effect sizes and supporting credible intervals, 
posterior probabilities of QTl genotypes for all individu-
als in the dataset, and QTl-based as well as genome-wide 
breeding values. All these features have been implemented 
in the FlexQTl™ software. We analyzed fruit firmness in a 
large apple dataset that comprised 1,347 individuals form-
ing 27 full sib families and their known ancestral pedigrees, 
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Abstract Bayesian QTl linkage mapping approaches 
offer the flexibility to study multiple full sib families with 
known pedigrees simultaneously. Such a joint analysis 
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with genotypes for 87 SSr markers on 17 chromosomes. 
We report strong or positive evidence for 14 QTl for fruit 
firmness on eight chromosomes, validating our approach 
as several of these QTl were reported previously, though 
dispersed over a series of studies based on single mapping 
populations. Interpretation of linked QTl was possible via 
individuals’ QTl genotypes. The correlation between the 
genomic breeding values and phenotypes was on average 
90 %, but varied with the number of detected QTl in a 
family. The detailed posterior knowledge on QTl of poten-
tial parents is critical for the efficiency of marker-assisted 
breeding.

Introduction

The ongoing quantitative trait loci (QTl) analyses of com-
plex traits in outcrossing plants and animals contributed 
to the understanding of quantitative trait genetics through 
the discovery of many QTl. However, few of these QTl 
have been adopted by breeders for marker-assisted breed-
ing (MAB) due to various reasons including the following:

•	 The majority of QTl discoveries have been based on 
germplasm with a narrow genetic basis––often just 
a single progeny (King et al. 2000; Maliepaard et al. 

2001; Quilot et al. 2004; Fanizza et al. 2005; Kenis 
et al. 2008; Costa et al. 2010; Pinto et al. 2010; Zhang 
et al. 2010; lerceteau-Köhler et al. 2012)—and prob-
ably only a small proportion of the total number of rel-
evant QTl has been detected which may explain only a 
limited fraction of the total genetic variance present in a 
breeding program.

•	 Many useful alleles are missed as these are not present 
or do not segregate into specific single mapping fami-
lies; application in MAB would thus lead to genetic ero-
sion.

•	 For most QTl little is known of their mode of action 
and their robustness in different genetic backgrounds, 
i.e., the estimated magnitude of the QTl may be differ-
ent for families derived from other parents.

•	 The application of MAB becomes redundant if the 
favorable QTl allele is already present in high fre-
quency in the breeding population. In the latter case, 
MAB may still be applicable when crosses with new 
unrelated germplasm are considered.

•	 The transferability of linkage phase between QTl and 
marker alleles over genetic backgrounds is unclear 
when marker densities are moderate to low. Without 
confirmation in relevant material, MAB approaches 
based on such limited information risk being inefficient 
or even counter-productive. Besides, estimated confi-
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dence intervals for QTl positions are usually large, and 
application would thus result in significant linkage drag.

These issues may be alleviated by QTl mapping in mul-
tiple families from ongoing breeding programs, increas-
ing the probability of identifying critical loci and alleles 
and testing their modes of action in a range of genetic 
backgrounds and environments that are relevant to breed-
ers, making results more generally applicable. The use 
of breeding material in genetic research has several addi-
tional advantages: a major reduction in experimental costs, 
since plant materials and part of the phenotypic measure-
ments are already available. Also, continuously increasing 
numbers of individuals and phenotypic data over time will 
strengthen the statistical power. Moreover, available pedi-
gree records are used to exploit known genetic structures. 
The interest in the use of multiple genetically related plant 
populations in dissecting quantitative trait variation into 
underlying QTls has grown rapidly (Blanc et al. 2006; Yu 
et al. 2008; Huang et al. 2011). In the presence of pedigree 
structures, the explicit modeling of familial relatedness 
in QTl and association mapping approaches may signifi-
cantly improve the power of detection (Bink and Van Aren-
donk 1999; Yu et al. 2006) To date, the experimental setup 
of such QTl studies in plants is often restricted to pre-
defined fixed designs such as factorial or diallel to allow 
standard statistical analyses. To better explore available 
full sib (FS) families, more flexible statistical procedures 
are required to utilize complex pedigree relationships. 
Bayesian approaches to pedigree-based multiple QTl map-
ping have been proposed and applied in human and ani-
mal genetics (Heath 1997; Bink and Van Arendonk 1999; 
Uimari and Sillanpaa 2001). These approaches exploit the 
identity by descent (IBD) principle for linking haplotypes 
over successive generations in known pedigrees (Thomp-
son 2008).

The presence of multiple QTl with minor phenotypic 
effects that usually remain below the detection threshold 
(Hayes and Goddard 2001) is usually referred to as the 
polygenic variance component. Accounting for such poly-
genic effects will likely increase the power and precision to 
detect and locate real QTl and will also avoid false-posi-
tive results (Yu et al. 2006, 2008; Stich et al. 2008).

The european project HiDrAS (‘High-quality Disease 
resistant Apples for a Sustainable agriculture’) (Gianfranc-
eschi and Soglio 2004; Patocchi et al. 2009) was initiated 
in 2003 to deliver proof of concept on the use of integrated 
QTl analyses over multiple pedigreed FS families of an 
outbreeding species. The project included the further devel-
opment of the critical statistical tools (Bink et al. 2008a, 
b; Jansen et al. 2009) and molecular marker infrastructure 
(Silfverberg-Dilworth et al. 2006) as well as the SSr-gen-
otyping procedures (Patocchi et al. 2009), validation of 
pedigrees (evans et al. 2011) and phenotyping for a series 
of fruit quality traits (Kouassi et al. 2009). These data have 
been stored in a dedicated private AppleBreed database 
(Antofie et al. 2007) to facilitate easy access by breeders 
and geneticists. Moreover, software has been developed to 
visualize phenotypic and genotypic data for related individ-
uals (Voorrips et al. 2012). The experimental design com-
prised 350 cultivars and breeding lines and 27 FS families 
interconnected in a complex pedigree that are part of ongo-
ing breeding programs in four european countries.

The main objective of the current paper is to present 
the feasibility and utilization of the integrated QTl analy-
ses of complex traits over multiple FS families of an out-
crossing plant species when dealing with complex datasets 
comprising diverse pedigree structures. Here, we (1) pre-
sent the flexible Bayesian framework for QTl analysis as 
implemented in the FlexQTl™ software (www.flexqtl.nl) 
to study genetic models with additive QTl and polygenic 
effects, (2) perform QTl analyses of a complex trait in 27 
related and pedigreed FS families of apple and (3) illus-
trate how breeders can strengthen their breeding decisions 
by making use of the identified QTl, the individuals’ QTl 
genotypes and their genomic breeding value (GBV) esti-
mates. The analyses are performed for the trait fruit firm-
ness as assessed after 2 months of cold storage, which is 
a major fruit quality trait in apple. The mapped QTl are 
compared to previously reported QTl.

Materials and methodology

HiDrAS data

All marker and phenotypic data have been generated 
and pedigrees validated in the eU project HiDrAS 
(www.hidras.unimi.it) (Gianfranceschi and Soglio 2004) 
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and retrieved from the dedicated private HiDrAS Apple-
Breed database (Antofie et al. 2007). The addition of 
marker data and consistency checking with pedigree 
information are still ongoing; for the current study we 
have taken the data as available on 01 June 2012 (Online 
resource 1).

Germplasm

The plant material used in our study consisted primarily 
of 27 full sib (FS) families (mapping populations), with a 
total of 1,349 individuals. These FS families were created 
by crosses among 33 parents and originated from five dif-
ferent breeding programs from four european countries 
(InrA-France; JKI-Germany; rCl-Italy; rIPF-Poland; 
and SSGW-Poland) (Fig. 1). Their pedigree relationships 
are presented in Online resource 2. The FS families var-
ied in size from 26 to 96 genotyped individuals, but most 
families comprised about 50 individuals. The number of 
individuals is slightly lower and the range of family sizes is 
slightly smaller than in Patocchi et al. (2009), due to exclu-
sion of individuals with erroneous parentage (as revealed 
by the marker data) and of individuals for which pheno-
typic data were lacking. The pedigree records of the FS 
families traced back several generations to 40 founder indi-
viduals, i.e., individuals with both parents unknown. These 
40 founders and the intermediate individuals were also 
included in pedigree data and were genotyped when DnA 
was available.

Phenotypic data

Fruit firmness is a key fruit quality trait of apple (Wei 
et al. 2010; Costa et al. 2012). Firmness after 2 months of 
cold storage is a good indicator for the storability of apple 
(Kouassi et al. 2009). Firmness was instrumentally meas-
ured in three successive years, i.e., 2003, 2004 and 2005, 
and at five different sites (see before) throughout europe. 
The trait values are the means of a total of 20 assessments 
per individual/year at two opposite sides of ten fruits, using 
a penetrometer, the type of which varied among partners. 
Scores correspond to the maximal force required for a 
cylindrical probe of 2 cm long and 1 cm wide to penetrate 
into the peeled fruit up to a depth of 7 mm. The 27 FS fam-
ilies were grown and phenotyped at one of the five different 
locations and in several cases not recorded for all 3 years 
due to bi-annual fruit bearing. A reference set of 30 stand-
ard apple cultivars was present at each of the five locations 
and these individuals were used to pre-adjust the pheno-
typic data for location (including type of technical instru-
ments) and year effects. each observation was modeled as 
a linear function of a grand mean, year, location and geno-
type. We used GenStat software (Genstat Committee 2004) 

to fit a linear model to obtain the best linear unbiased pre-
diction (BlUP) values for all individuals with phenotypes. 
These BlUP values are taken as the trait phenotypes in our 
QTl analysis (available in Online resource 1).

Phenotypic distributions

The distributions of phenotypes across the 27 FS families 
show considerable variation with the largest and small-
est range (and variance) for the FS families derived from 
‘Discovery’ × ‘Prima’ and ‘ligol’ × ‘Alwa’, respectively 
(Fig. 1). no outliers were present that could reduce the 
overall quality of the data.

Marker data

A set of 87 simple sequence repeat (SSr) loci was 
examined covering 17 chromosomes and spanning about 
11 Morgan (Patocchi et al. 2009). The average distance 
between neighboring markers was 13 centiMorgan (cM); 
however, gaps up to 40 cM occurred on chromosomes 
3, 6 and 15 (Online resource 3). Some chromosomal 
regions were not covered, e.g., the lower and upper 
parts of chromosome 7 due to absence of suitable SSr 
markers at the time of genotyping in the HiDrAS pro-
ject. The order and distances of markers on the link-
age map were primarily based on the reference popula-
tion ‘Fiesta’ × ‘Discovery’ (Silfverberg-Dilworth et al. 
2006). The length of the ‘Fiesta’ × ‘Discovery’ map was 
over 1,500 cM and only 73 % thereof was covered in this 
study. Details on the treatment of null alleles and the 
check of consistency of marker data between parents and 
offspring and inheritance patterns are given in Online 
resource 3.

Bayesian modeling for QTl mapping

The dissection of quantitative traits into genetic compo-
nents was explored via a Bayesian approach (Gelman et al. 
2004) as implemented in the FlexQTl™ software (Bink 
et al. 2002, 2008b, 2012). A major feature of this Bayesian 
approach was the implicit exploration of competing mod-
els with respect to different numbers of QTl explaining the 
phenotypic trait variation. In statistical terms, the number 
of QTl is treated as a random variable and the posterior 
distribution is estimated.

Fig. 1  Phenotype histograms for fruit firmness after 2 months of 
cold storage for the 27 full sib families with size ranging from 24 to 
83 (Fig. 1). The names of the parents, the number of progeny with 
phenotypes and the breeding program are given for each family. note 
that several parents were used multiple times (both as father and/or 
mother)

▸
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Quantitative trait loci (QTL)

The Bayesian model takes each QTl to be biallelic, allow-
ing three genotypes to be distinguished, i.e., QQ, Qq, 
and qq, having genotypic values equal to +a, d and −a, 
respectively. The variables a and d represent the additive 
and dominance effects of a single locus. In this study, all 
models excluded dominance, i.e., d = 0, although including 
dominance effects would be straightforward. The positions 
for the putative QTl were denoted by λ and were specified 
in centiMorgan. The QTl genotypes of individuals were a 
priori unknown and modeling was based on the independ-
ent assignment of alleles Q and q to founders (=individuals 
without known parents) and segregation indicators to trace 
transmission from parents to offspring (Thompson 2008). 
note that the software implementation requires that either 
both or none of the parents are known and dummy founders 
were introduced for a small set of single known parents.

Probability model

The full probability model for the vector of phenotypes (y) 
was defined by a linear QTl model with several factors that 
might affect our trait of interest,

where μ is an intercept (overall mean); b are environmental 
effects (if present), and a a vector of regression coefficients 
on the QTl covariates. In addition, X is the design matrix 
for environmental effects and W a design matrix that links 
the QTl effects to the observed phenotypes. note that the 
total number of columns in W is proportional to the num-
ber of QTl (NQTl) and thus its dimension varies with the 
number of QTl in the model along the Markov chain simu-
lation process.

Prior distributions

The Bayesian modeling assigned normal priors to the vec-
tors a and e in eq. (1), i.e., a ∼ N(0, Iσa

2), e ∼ N(0, Iσe
2), σa

2 
is the per QTl explained variance (cf. Bink et al. (2008b)) 
and σe

2 is the residual variance. The variances were esti-
mated in the model using inverse Gamma distributions 
as priors (Bink et al. 2008b). The variables μ and b were 
assigned uniform prior distributions (“fixed effects” in a 
non-Bayesian model). The QTl allele frequency (fa) took 
any value between 0 and 1 with equal prior probability. The 
QTl positions (λ) were assigned a uniform distribution 
along those genome regions covered by markers. A Pois-
son distribution was taken as prior for the number of QTl 
in the model. Different mean values for the Poisson distri-
bution, i.e., e(NQTl) = (1, 5, 10), were evaluated to assess 

(1)y ∼ N
(

1µ + Xb + Wa, σ 2
e

)

sensitivity of posterior inference to the prior assumptions. 
It should be noted that the priors for the number of QTl 
were specified after several (short) preliminary MCMC 
simulation runs. Also, different values may suit other data-
sets as appropriate values will differ from case to case. For 
example, high values may be considered in case of statisti-
cally powerful datasets comprising large numbers of indi-
viduals and high marker density and quality.

The Infinitesimal model (TIM) for polygenic effects

Hayes and Goddard (2001) reported on the distribution of 
the effects of loci affecting quantitative traits and concluded 
that many loci having small contributions will be missed in 
QTl mapping experiments. Furthermore, the genetic map 
in this study contained several chromosomal regions with 
poor or absent marker coverage, and QTl residing in these 
‘unmarked’ regions may also remain undetected in the 
default QTl model. The joint contribution of the group of 
loci with small contributions and the group of ‘unmarked’ 
QTl could be modeled via the inclusion of a polygenic 
component (lynch and Walsh 1998) into the QTl model 
(1). Based on the known genealogy, i.e., each offspring 
had its two parents specified in the dataset, we derived the 
additive genetic relationship matrix A with its entries equal 
to twice the coefficients of coancestry between individu-
als (lynch and Walsh 1998). The full probability model 
of eq. (1) was extended to include polygenic effects, i.e., 
y ∼ N(1μ + Xb + Wa + Zu, σe

2), where u is a vector of 
polygenic effects assuming u ∼ N

(

0, Aσ 2
u

)

 in which σu
2 

is the polygenic variance and Z the design matrix link-
ing the polygenic effects to the observed phenotypes. For 
reasons of comparison, we also fitted the full probability 
model with polygenic effects and without QTl effects, i.e., 
y ∼ N(1μ + Xb + Zu, σe

2).

Posterior sampling by simulation

Markov chain Monte Carlo (MCMC) simulation (Gilks 
et al. 1996) as implemented in the software FlexQTl™ 
(Bink et al. 2002, 2008b) was applied to obtain samples 
from the joint posterior distribution of the variables in the 
probability model (1).

The Monte Carlo accuracy was monitored and the length 
of simulation chains was required to be equivalent to at 
least 100 effective chain samples (Gelman and rubin 1992; 
Sorensen and Gianola 2002). Assessment of convergence 
was also performed via monitoring the mixing between 
competing models with different numbers of QTl (Brooks 
et al. 2003) and confirmed the results for effective samples. 
The FlexQTl™ software produced trace plots similar to 

(2)f (µ, b, a, σ 2
a , σ 2

e , fa, �, NQTL|y)
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the r/coda package (Plummer et al. 2006) to inspect con-
vergence visually. In all analyses, a simulation length of 
500,000 iterations was sufficient. To save computer storage 
space, we applied a thinning of 500 along subsequent sam-
ples. Thus, 1,000 stored samples were available for further 
posterior inferences.

Posterior sampling by simulation

The narrow sense heritability was estimated by

with the percentage of phenotypic variance explained 
by all additive genetic factors in the model jointly and 
σp

2 = σg
2 + σe

2.The genetic variance (σg
2) comprises poten-

tially two components: σg
2 = σ2

QTl + σu
2, i.e., the QTl vari-

ance and the polygenic variance and some of the studied 
models omit one of the variances. The genetic variance 
explained by all QTl jointly may be estimated from

where Hardy–Weinberg equilibrium and linkage equi-
librium among QTl were assumed in the initial founder 
population (Falconer 1989). note that the founder allele 
frequency may be somewhat different from the allele fre-
quency in the dataset when there is unequal representation 
of founder alleles in the FS families.

QTL model selection via Bayes factors 

The use of posterior probabilities on the number of QTl 
is most straightforward, but can be severely affected by 
prior assumptions when there is limited evidence com-
ing from the data. Alternatively, for each chromosome the 
inference on the number of QTl was based on a pairwise 
comparison of models differing by one QTl from each 
other via the use of Bayes factors (BF) (Kass and raftery 
1995). The genome-wide total number of QTls is then 
obtained by the summation of the numbers of QTls for 
the individual chromosomes. Taking two times the natural 
log of Bayes factors, denoted 2lnBF, allowed a more easy 
interpretation as this transformed statistic has a similar 
scale to the likelihood ratio test. A value for 2lnBF that 
was greater than 2, 5 and 10, indicating positive, strong, 
and decisive evidence, respectively, in favor of a second 
QTl model (Kass and raftery 1995). For each of the 17 
chromosomes, we calculated the 2lnBF10 values indicat-
ing the evidence for a 1-QTl model over a 0-QTl model. 
note that negative values for 2lnBF10 indicate the favoring 
of a 0-QTl model. Similarly, we calculated the 2lnBF21 

(3)h2 =

(

σ 2
p − σ 2

e

)/(

σ 2
p

)

,

(4)σ 2
QTL =

NQTL
∑

j

(

2faj
(1 − faj

)
[

aj

]2
)

,

and 2lnBF32 values for chromosomes with evidence for 
multiple QTl.

QTL mapping: bin‑wise evidence

The inferences on plausible QTl positions are based on 
posterior QTl probability (or intensity) estimates (Sil-
lanpaa and Arjas 1998) on a 2 cM binning of the genome. 
The binning size of 2 cM was chosen to obtain a smoothed 
profile and also because of the moderately low marker 
density along the genome. Also, we used Bayes factors 
to identify chromosomal regions with positive QTl evi-
dence (2lnBF ≥ 2). The Bayes factor for a chromosomal 
bin was defined as the ratio of the posterior odds to the 
prior odds for inclusion versus exclusion of the bin (Kass 
and raftery 1995). For a total genome length of 1,133 cM 
and e(NQTl) = (1, 5, 10), the prior probability for a 2 cM 
bin was equal to 1.77 × 10−3, 0.88 × 10−3, 1.77 × 10−2, 
respectively. The threshold of 2lnBF > 2 (positive evi-
dence) yielded the posterior inclusion probability thresh-
olds equal to 0.48 × 10−2, 2.36 × 10−2, 4.86 × 10−2, for 
e(NQTl) = (1, 5, 10), respectively. For example, a particu-
lar chromosomal bin with a posterior probability of 0.04 
would be included for the models with e(NQTl) = (1, 5), 
but not for the e(NQTl) = (10).

QTL effects

For each 2 cM bin that passed the posterior inclusion 
threshold (previous section), we estimated the posterior 
mean and the 90 % credible (or confidence) region that 
was bounded by the 5 and 95 % quantiles. These credible 
regions reflected the remaining uncertainty on the effect 
sizes and were expected to be smaller for QTl that segre-
gated in more FS families.

QTL genotype assignment

For each individual the stored samples of QTl genotypes 
(QQ, Qq, and qq) were used to estimate posterior probabili-
ties of QTl genotypes for those 2 cM bins that exceeded 
the posterior inclusion probability. To examine certainty on 
the posterior genotype probabilities, denoted as p(gtp|y), 
we used,

where p(gtp) denoted the prior genotype probability. 
Again, we applied a Bayes factor threshold of 2lnBF = 2 
(positive evidence). Starting from the prior QTl allele 
frequency (fa) equal to 0.5, the prior QTl genotype prob-
ability distribution of p(gtp = QQ, Qq, qq) = (0.25, 0.50, 
0.25) yielded posterior genotype probability threshold 

(5)
p(gtp|y)

1 − p(gtp|y)
= BF ×

p(gtp)

1 − p(gtp)
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values of p(gtp = QQ, Qq, qq |y) = (0.48, 0.73, 0.48). 
To avoid problems of unique assignment of (homozy-
gous) genotypes, we slightly increased the Bayes factor 
threshold up to 2.2 that gave posterior genotype probabil-
ity threshold values of p(gtp = QQ, Qq, qq |y) = (0.501, 
0.75, 0.501). The colors red (QQ), green (Qq) and blue 
(qq) were used to identify individuals and chromosome 
regions that exceed these thresholds. note that the infor-
mation from QTl genotype probabilities could be used to 
identify individuals of interest for breeding, e.g., passing 
on favorable alleles to offspring, or further experimenta-
tion such as QTl validation studies, e.g., segregating indi-
viduals at interesting QTl to be used as parents of new 
mapping populations.

Genomic breeding values

A new feature to the Bayesian multiple QTl analysis is the 
calculation of breeding values for which all information is 
implicitly available from the MCMC simulation. We will 
first calculate breeding values per chromosomal bin (=indi-
vidual QTl) and then calculate the genomic breeding val-
ues by summing over chromosomal bins. The breeding 
values for individual QTl were calculated from the QTl 
genotype (QQ, Qq, qq) probability and the additive QTl 
effect for each chromosomal bin where a QTl was present 
at iteration t, denoted as I(λq)

(t), along the Markov chain 
Monte Carlo simulation with Nsmpl stored samples. The 
aggregate genomic breeding value for an individual i was 
calculated by summation of the weighted breeding values 
over all chromosomal bins, i.e.,

with wi,q referring to the (i,q) element of design matrix W 
in eq. (1). The calculation of the genomic breeding val-
ues in (6) was identical to Bayesian methods for genomic 
selection (Meuwissen et al. 2001), i.e., the breeding value 
includes all (QTl) effects throughout the genome irre-
spective of their significance. The estimation in (6) was 
extended to calculate genomic breeding values for specific 
chromosome segments, i.e., those bins with increased QTl 
probability

where BF(λq) is an indicator variable with value 1 if the 
positional bin λq has a Bayes factor exceeding a thresh-
old for positive (>2) or strong (>5) evidence and zero oth-
erwise. note that the BF indicator variable is a posteriori 
calculated. excluding the summation along the genome in 
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(7) allowed the calculation of bin-wise breeding values for 
those bins with positive QTl evidence

These bin-wise breeding values were used to track the 
most important regions contributing to the individuals’ 
genomic breeding values. note that the BF(λ) imposed 
an inclusion threshold, while the I(λ)(t) invokes a weight-
ing of the bin-wise breeding values contributing to the total 
genomic breeding values.

The accuracy of prediction was calculated as the cor-
relation between these genomic breeding values and the 
observed trait values. Daetwyler et al. (2008) showed that 
this accuracy could be seen as a function of the product of 
the observed heritability and the ratio of the number of phe-
notypes to the number of loci involved; the accuracy will 
exceed the heritability when the number of phenotypes is 
relatively large. note that no cross-validation was pursued 
to thoroughly evaluate the accuracy of prediction as the pri-
mary aim of this study is QTl analysis.

Results

Heritability estimates

The heritability estimates for the QTl models (1) ranged 
from 0.62 up to 0.67 with increasing values for higher val-
ues of e(NQTl) (Table 1) where the infinitesimal polygenic 
models (TIM_R0 and TIM_R1––used for benchmarking) 
yielded a similar level of estimated heritability, i.e., 0.64. 
The highest estimates for heritability (0.72) were realized 
from the models with both QTl and polygenes. In these 
later models, there was an increasing trend in heritability 
estimates due to QTl with increasing values for higher val-
ues of e(NQTl), and a simultaneous decreasing contribution 
of polygenic effects. The estimated posterior standard devi-
ations were always relatively small for residual variance 
(≤0.10) and larger for QTl variance (≥0.25), especially 
for models that included a polygenic component.

number of QTl

For the inference on the number of QTl, we distinguish 
QTl that have strong to decisive evidence across all models 
(2lnBF ≥ 5), and QTl that have indicative evidence (2lnBF 
between 2 and 5). The chromosome-wide 2lnBF10 values 
(evidence for one QTl versus none) showed mostly consist-
ent patterns across the genetic models (Table 2) with clear 
examples of decisive QTl evidence on chromosomes 1 and 
10 with very high values (around 30). Also for chromosome 

(8)gebvBF
i,�q

= 1
/

Nsmpl

Nsmpl
∑

t=1

BF(�q)I(�q)
(t)w

(t)
i,qa(t)
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15, we found consistent decisive evidence (around 13) for har-
boring 1 QTl. Three chromosomes (3, 6, and 16) showed a 
clear bimodality of the 2lnBF10 values for the models exclud-
ing and including a polygenic component. Chromosome 6 had 
only three markers at fairly large distances which could be 

the cause of the limited power to distinguish the QTl signal 
from polygenic effects. A similar phenomenon was observed 
for chromosome 3, although the variation among the models 
excluding a polygenic component was larger. Also this chro-
mosome suffered from limited marker information, as only 

Table 1  estimated posterior 
mean (p.m.) and standard 
deviation (p.s.d.) of variance 
components due to error (σe

2), 
QTl(σ2

QTl), polygenes (σu
2), 

heritability (h2) and prediction 
accuracy for three additive 
genetic models (QTl [Q], 
QTl + TIM [TIMQ] and TIM) 
with alternative a priori Poisson 
distributions for the number of 
QTl, i.e., e(NQTl) = {1, 5, 10}

each combination had two 
replicates indicated by r0 and 
r1 (differing in starting seeds 
for the MCMC simulation). The 
phenotypic variance was equal 
to 2.80

σ2
QTl σu

2 σe
2 h2

p.m. p.s.d. p.m. p.s.d. p.m. p.s.d. Model QTl

Q1_r0 2.37 0.34 1.06 0.07 0.62 0.62

Q1_r1 1.97 0.25 1.03 0.06 0.63 0.63

Q5_r0 2.16 0.29 0.97 0.07 0.65 0.65

Q5_r1 2.08 0.29 0.96 0.07 0.66 0.66

Q10_r0 2.14 0.28 0.97 0.07 0.66 0.66

Q10_r1 2.27 0.30 0.92 0.07 0.67 0.67

Mean 2.16 0.29 0.99 0.07 0.65 0.65

TIMQ1_r0 2.00 0.35 0.73 0.25 0.82 0.10 0.71 0.45

TIMQ1_r1 1.77 0.30 0.72 0.24 0.81 0.10 0.71 0.46

TIMQ5_r0 2.01 0.30 0.48 0.21 0.82 0.10 0.71 0.54

TIMQ5_r1 2.09 0.32 0.56 0.21 0.80 0.09 0.72 0.52

TIMQ10_r0 2.13 0.32 0.54 0.22 0.81 0.10 0.71 0.52

TIMQ10_r1 2.15 0.31 0.42 0.19 0.78 0.09 0.72 0.57

Mean 2.03 0.32 0.57 0.22 0.81 0.10 0.71 0.51

TIM_r0 1.68 0.25 1.01 0.13 0.64

TIM_r1 1.67 0.25 1.02 0.13 0.64

Table 2  Chromosome-wise 2lnBF values for the NQTl model versus NQTl-1 model (NQTl = 1, 2, or 3) for those chromosomes with increased 
posterior QTl evidence

The 2lnBF values may be interpreted as non-significant (0–2); positive (2–5); strong (5–10); decisive (>10) (cf. Kass and raftery 1995). note 
that the negative values indicate the favoring of the sparser QTl model. Values ≥5 are printed in bold

each combination had two replicates indicated by r0 and r1 (differing in starting seeds for the MCMC simulation)

Values are given for two additive genetic models (QTl [Q] and QTl + TIM [TIMQ]) and alternative a priori Poisson distributions for the num-
ber of QTl, i.e., e(NQTl) = (1, 5, 10)

1 QTl chromosome 2 QTl chromosome 3 QTl chromosome

1 3 6 8 10 14 15 16 1 3 6 10 16 10

Q1_r0 34 8 33 3 32 4 13 7 2 6 1 5 4 2

Q1_r1 34 31 33 2 32 5 12 8 3 9 2 4 3 5

Q5_r0 30 8 12 4 26 4 11 6 3 5 4 5 2 2

Q5_r1 30 13 29 3 24 4 15 5 3 6 2 7 1 3

Q10_r0 30 11 28 4 26 4 9 6 3 5 4 5 2 3

Q10_r1 28 8 26 4 23 4 11 5 3 4 4 5 2 3

Mean 31 13 27 3 27 4 12 6 3 6 3 5 2 3

TIMQ1_r0 33 2 6 0 32 −1 17 32 5 −4 −1 4 7 0

TIMQ1_r1 33 7 12 3 31 4 14 4 5 3 5 7 2 4

TIMQ5_r0 30 5 8 3 27 3 10 6 3 3 2 5 3 2

TIMQ5_r1 30 4 7 2 27 2 13 6 2 1 3 4 5 2

TIMQ10_r0 30 4 8 2 28 1 15 12 2 1 1 2 7 1

TIMQ10_r1 28 6 9 3 24 3 13 5 2 3 2 5 3 2

Mean 31 4 8 2 28 2 14 11 3 1 2 4 4 2
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four markers were available with a large marker gap at the 
end. Chromosome 16 showed variation in 2lnBF10 values, but 
the higher values arose from models including a polygenic 
component. Chromosomes 8 and 14 had consistently positive, 
but limited evidence (2lnBF10 = 2.8 and 3.1, respectively) for 
QTl presence. nine chromosomes (2, 4, 5, 7, 9, 11, 12, 13, 
and 17) always had low values, i.e., near or below 0 indicating 
that the data did not provide evidence for segregating QTl on 
these chromosomes (excluded in Table 2).

The chromosome-wide 2lnBF21 values (evidence for 2 
QTl versus 1 QTl) indicated consistent positive evidence 
for two chromosomes (1 and 10) and variable positive evi-
dence for three chromosomes (3, 6, and 16, Table 2). A 
bimodality in the mean of the 2lnBF21 values was observed 
for the models excluding and including polygenic effects for 
chromosomes 3 and 6 (less strong)––similar to the bimodal-
ity in 2lnBF10 values. nevertheless, the 2lnBF21 value for 
chromosome 6 always passed the threshold for strong evi-
dence. With one exception, the 2lnBF21 values indicated pos-
itive evidence for 2 QTl for chromosome 16. Chromosome 
10 was the only one with positive evidence for a third QTl.

Based on the chromosome-wide Bayes factors, we pos-
tulated 14 QTl for fruit firmness on 8 chromosomes (see 
also Table 3). The next step was to identify the most likely 
QTl positions on these chromosomes.

QTl intensity map profiles

A high level of consistency was present among the QTl 
intensity profiles for the six different models (Fig. 2, 

showing one replicate per model). That is, the chromosome 
regions with positive evidence of QTl presence are very 
similar independent of the inclusion or exclusion of a poly-
genic component or the mean of prior distribution on NQTl. 
Two exceptions are the QTl peak on chromosome 5 in the 
model Q1_r0 and the absence of a QTl peak on chromo-
some 3 in the model TIMQ1_r0. The QTl peak at the end 
of chromosome 16 was only present in the models includ-
ing a polygenic component. The regions comprising con-
secutive bins with posterior intensity exceeding the poste-
rior probability threshold (corresponding with 2lnBF ≥ 2) 
were indicated by gray color filling of the profile. note that 
the number of peaks on a particular chromosome might 
not be indicative of the number of QTl (see below). Based 
on the 2lnBF values of Table 2 and the QTl intensity pro-
files in Fig. 2, we reported in Table 3 six QTl regions with 
strong evidence and eight regions with positive evidence. 
The reported QTl positions were the map positions with 
the highest probability (=posterior modes) within the map-
credible regions in the model Q5_r0. The length of these 
map-credible regions varied from 12 cM (chromosome 1) 
to 52 cM (chromosome 3).

QTl effects

Figure 3 shows the 2 cM bin-wise estimated mean and 
90 % credible regions for QTl effects for those chromo-
somal regions exceeding the posterior thresholds for QTl 
presence in the models Q5_r0 (other models yielded simi-
lar estimates, not shown). The QTl on chromosomes 3 and 

Table 3  Comparison of QTl for fruit firmness after 2 months of storage with strong or positive evidence based on the mean values of test statis-
tic 2lnBF in Table 2 and the QTl intensity profiles of Fig. 2, to previously reported QTl on fruit firmness

The most probable QTl positions (in italic) are provided on chromosome scale and cummulative genome scale

For the HiDrAS population, we state the map positions and the number of segregating parents (for model “Q5_r0”). For the previous stud-
ies, we state the names of the two parents, the size of the family and the number of years with phenotypic data (when underlined the average is 
taken) of the mapping population. The initial of the mapping parent that was segregating for the QTl is given in capital (lowercase) when the 
reported QTl was strongly (weakly) significant
a The number of progeny with phenotypic data may be less and differ among years
b The same population and QTl was reported by Maliepaard et al. (2001)
c Fruit firmness was assessed at harvest

Study Mapping population Sizea nb
years Strong evidence (2lnBF > 5) Positive evidence (2lnBF > 2)

Chromosome Chromosome

1b 3b 6a 10b 15 16a 1a 3a 6b 8 10a 10c 14 16b

Chromosome position (cM) 56 66 32 48 19 19 32 26 54 25 28 70 15 63

Cumulative genome position (cM) 31 169 379 565 895 1005 7 129 401 443 545 587 855 1049

HiDrAS 27 families 3 18 5 7 14 4 6 1 7 6 3 3 4 7 1

King et al. (2000)b Prima × Fiesta 152 2 P P p P

liebhard et al. (2003)c Fiesta × Discovery 300 2 D f, d f

Kenis et al. (2008) Telamon × Braeburn 165 2 T, B t, b t

Costa et al. (2010) Fuji × Gala 176 2 G
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6 had the highest mean estimates for QTl additive effects, 
i.e., 1.2 and 1.4, respectively. However, the associated cred-
ible regions were also very large, i.e., [0.6, 1.7] and [0.5, 
2.2], respectively, which indicated a relatively low accuracy 

of the mean estimates. A large effect was also observed for 
the QTl at the end of chromosome 16 which was only pre-
sent in the models including a polygenic component (not 
shown). On the other hand, the QTl on chromosomes 1, 

Q1_R0

Q5_R0

Q10_R0

TIMQ1_R0

TIMQ5_R0

TIMQ10_R0

Fig. 2  Posterior probability of QTl positions (blue profile 
line) along the genome for additive genetic models (QTl and 
QTl + TIM) with alternative a priori Poisson distributions for the 
number of QTl [e(NQTl) = 1,5, and 10]. The starts and ends of chro-
mosomes are indicated by dashed vertical lines, and marker positions 

are indicated by inner ticks at the horizontal axis. The red dashed 
horizontal line indicates the bin-wise prior probability for QTl 
position (differs with values of [e(NQTl)]. The filled gray areas cor-
respond with regions with positive evidence (2lnBF10 > 2) for QTl 
presence (color figure online)
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10 (middle) and 15 were moderate in size, but the corre-
sponding credible regions were relatively small indicating 
higher accuracy of the estimated effect size, e.g., the QTl 
on chromosome 1 had an estimated effect of 1.0 with a 
credible region equal to [0.8, 1.1].

QTl genotype probabilities

The data comprised 27 FS families derived from crosses 
between 33 parents; evidence of QTl presence is obtained 
from segregation in one or multiple families. Consequently, 
the inferred QTl genotype probabilities of these 33 parents 
will most directly show which FS families contributed to the 
detection, mapping and quantification of segregating QTl for 
fruit firmness. For all regions with QTl evidence, multiple 
parents appeared to be heterozygous and generate segregat-
ing families as indicated by the green bars in Fig. 4. However, 
the number of heterozygous parents varied from few, e.g., 
chromosome 15 and end of chromosome 3, to many, e.g., 
chromosome 1 and chromosome 10. Also, for several QTl 
regions, insufficient evidence was present to infer the QTl 
genotypes, e.g., chromosomes 8 and 16. For the QTl on the 
bottom of chromosome 10 and the top of chromosome 15, 
many FS parents were assigned the homozygous QQ geno-
type (red bars in Fig. 4), indicating that the frequency of the 
allele increasing the phenotypic value is already very high. 
Conversely, mostly homozygous qq genotypes were assigned 
for the QTl at the end of chromosome 3 and the QTl close 
to the center of chromosome 10. Along the ‘individuals’ 
dimension, large variation was also present. For example, 
‘Discovery’ had heterozygous Qq genotypes assigned for 
many regions (chromosomes 1, 3, 6, 10, and 15), while par-
ent ‘Alwa’ had no heterozygous Qq genotypes assigned at all.

Genomic breeding values

The estimated genome-wide bin-wise breeding values of 
the 33 parents indicate that five regions on chromosomes 1, 
3, 6, 10 and 15 contributed most to the individuals’ genomic 
breeding values (Fig. 4b). The majority of parents had neg-
ative and positive breeding values for chromosomes 3 and 
15, respectively. Along the genome, the parents ‘Prima’ and 
‘Discovery’ had breeding values near zero, partly because 
these parents were heterozygous for the important QTl. 
The (total) genomic breeding values of the parents ranged 
from −2.8 (‘rubinette’) to 1.7 (‘X-3318’).

The total genomic breeding values were also estimated 
for all other individuals and on a population level these val-
ues showed high correlation (0.90) with the observed phe-
notypes. However, there was substantial variation among 
the correlations of the 27 FS families for all QTl models 
(model Q5_r0 given in Fig. 5). relatively low correlation 
values pertained to families ‘rubinette’ × ‘X-3305’ (0.57), 
‘ligol’ × ‘Alwa’ (0.61), ‘Alwa’ × ‘Pinova’ (0.64) and 
‘Pinova’ × ‘Gala’ (0.65), which may indicate the presence 
of additional undiscovered QTl or the presence of non-
additive effects of the discovered QTl, while high values 
were obtained for families ‘Discovery’ × ‘Prima’ (0.94), 
‘redwinterX3177’ × ‘Galarina’ (0.93), ‘X-3318’ × ‘Gala-
rina’ (0.92), and ‘X-3318’ × ‘X6564’ (0.92). These corre-
lations align well with the number of QTl that were seg-
regating in the parents of the families [Fig. 4, panel (A)], 
for example, parents ‘Discovery’ and ‘Prima’ were het-
erozygous for at least five QTls. Also, there was no posi-
tive evidence for ‘Alwa’ and ‘ligol’ to be heterozygous at 
the identified QTl; however, the genotype assignment was 
undecided for several QTl regions (allowing parents to 

Fig. 3  Posterior mean (blue dots) and 90 % credible region (gray 
surfaces) estimates (per 2 cM bins) of additive QTl effects along the 
genome for the additive QTl model with the Poisson prior distribu-
tion e(NQTL) = 5 (“Q5_r0”). The 90 % credible region are bounded 
by the 5 and 95 % quantiles and are plotted only for those chromo-

somal 2 cM bins with positive evidence (2lnBF10 ≥ 2) for QTl pres-
ence (as presented in Fig. 2). The starts and ends of chromosomes are 
indicated by dashed vertical lines and marker positions are indicated 
by inner ticks at the horizontal axis (color figure online)
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Fig. 4  Posterior estimates of QTl genotype probabilities [top panel 
(a)] and genome-wide binned breeding values [bottom panel (b)] for 
the 33 parents of the full sib families for the additive QTl model with 
the Poisson prior distribution e(NQTl) = 5 (“Q5_r0”). estimates 
are plotted for those chromosome regions with positive evidence 
(2lnBF10 ≥ 2) for QTl presence (as presented in Fig. 2). The starts 
and ends of chromosomes are indicated by dashed vertical lines, and 
marker positions are indicated by inner ticks at the horizontal axis. 

In the top panel, the blue, green and red colors indicate positive evi-
dence for QTl genotypes qq(−−), Qq(+−) and QQ(++), respec-
tively (the gray color indicates ignorable evidence for any genotype). 
In the bottom panel, a gradual coloring intensity in blue, gray and red 
colors indicate the negative, intermediate and positive breeding val-
ues, and the accumulated (genomic) breeding values are printed on 
the right hand side (color figure online)
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be segregating with low probabilities). Consequently, the 
accuracy of the genomic breeding values of their full sib 
progeny was still moderate.

Discussion

In this paper we present the statistical methodology and 
application to the use of multiple pedigreed FS families 
for the genetic dissection of complex traits of outcrossing 
species. We describe the Bayesian approach for pedigree-
based QTl analysis to discover and characterize multiple 
QTl, while a more detailed description on the modeling 
and prior assumptions has been previously presented (Bink 
et al. 2008b). Here, we provide additional guidelines to 
make statistical inferences on the number of QTl per 
chromosome, the QTl effect sizes and the assignment of 
QTl genotypes to individuals. Finally, we show that the 
Bayesian method implicitly yields estimates of individuals’ 
genome-wide breeding values.

Application: proof of concept and statistical methodology

We applied the Bayesian QTl approach to study the com-
plex trait fruit firmness of apple after 2 months of cold stor-
age in the HiDrAS dataset. The estimated Bayes factors 
for the number of QTl per chromosome combined with the 
robustness of QTl intensity plots across the studied models 
indicated positive or strong evidence for a total of 14 QTl 
(Tables 2, 3). The six QTl with strong evidence have been 
reported in previous studies on fruit firmness, although 
evidence was sometimes less significant (Table 3). These 
previous studies comprised single mapping populations 
and yielded a total of five strongly significant QTl. Four 
of these are confirmed in our study (chromosomes 1b, 3b, 
10b and 15), while the fifth was less supported here (chro-
mosome 10c). This latter QTl is known to be expressed at 
a late stage of maturation, following the then diminishing 
expression of the QTl on chromosome 10b (Costa et al., 
2010). Thus, the poor support of the QTl on chromosome 
10c in our study may thus derive from having less aged 
fruits and its detection might improve for instance with 
more appropriate harvest dates and storage conditions. Our 
study revealed five QTl that were not reported previously, 
while none of the previously reported QTl were missed 
in our study, i.e., no false-negative results. Furthermore, 
there was complete consistency in the parents of the single 

mapping populations that were segregating for the QTl. 
For example, ‘Discovery’, ‘Gala’ and ‘Prima’ were parents 
in our study and were heterozygous with high probability 
(Fig. 4) for all QTl that were reported in previous studies.

Advantages to breeders in the use of multiple families

Using a population of multiple families has several 
advantages over single mapping populations. Firstly, this 
increases the chance of having a good representation of 
available relevant QTl and QTl alleles. Secondly, this 
combines the power of QTl detection and QTl mapping 
accuracy, since QTl often segregate in several families. 
The power to detect QTl is also boosted in our approach 
as the search is for multiple QTl simultaneously; after 
detection and accounting for variance explained by the 
larger QTl, the remaining residual variance is reduced so 
that smaller QTl can also be detected. All these factors 
may jointly explain why this study revealed a substantial 
number of additional QTl for fruit firmness over the pre-
vious studies. For example, we were able to detect two 
QTl on chromosome 6 for which ‘Discovery’ was seg-
regating, while only one QTl was previously reported 
on this chromosome (liebhard et al. 2003). Similarly, in 
our study, we revealed evidence for segregating QTl in 
cultivar ‘Prima’ on chromosomes 1b, 3b, 6a, 10b and 15 
(Fig. 4), three of which were additional to the previously 
reported QTl for this parent (Table 3) (King et al. 2000; 
Maliepaard et al. 2001). Thirdly, the Bayesian approach 
explicitly models the pedigree structure among known 
common ancestors of the mapping populations and trace 
segregating QTl alleles back to the common ances-
tor (founder), and to other related genotyped individuals 
which is highly helpful to select potential parents from 
candidates in germplasm that was not part of the origi-
nal mapping populations (Online resource 4). The latter 
requires densely spaced markers to obtain IBD probabili-
ties for QTl in the candidates. Fourthly, the use of mul-
tiple families provides insight into the QTl contribution 
across different genetic backgrounds. Knowing the QTl 
effects and their variances across a wider genetic back-
ground sustains the prediction and use of breeding values 
in breeding programs.

An important factor in the prioritizing of which QTl to 
develop easy-to-apply markers for will be the frequency of 
the favorable QTl allele in the breeding germplasm. Sup-
pose the 33 parents in this study are representative of a 
breeding program, then the QTl on chromosome 15 may 
be of less interest as the majority of parents are already 
homozygous for the QTl allele increasing fruit firmness 
(still, it would be important to have one or both parents of 
a particular cross carrying the favorable allele). Conversely, 
the QTl on chromosome 1b or 10b segregate in many 

Fig. 5  Correlation (r) between observed phenotypes and predicted 
genomic breeding values for the 27 full sib families for the additive 
QTl model with the Poisson prior distribution e(NQTl) = 5 (“Q5_
r0”). The phenotypic values are along the x-axis to ease comparison 
with the phenotypic histograms (Fig. 1)

◂
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parents and thus we expect marker-assisted selection to be 
more rewarding.

Utilization in breeding programs

Our Bayesian QTl approach also yielded genomic esti-
mated breeding values (GeBV) [Figs. 4, 5, using eqs. (6) 
and (7)] which may be used in breeding programs similarly 
to those obtained from genomic selection methods (Kumar 
et al. 2012). In that case there is no particular interest in the 
underlying model variables (either QTl or markers), but 
selection is solely based on the accumulated sum of effects 
(Meuwissen et al. 2001). Our Bayesian QTl methodol-
ogy shares a common feature with the Bayesian variable 
selection methods for genomic prediction, e.g., BayesB 
(Meuwissen et al. 2001) and BayesC (Habier et al. 2011) 
since they all assume a mixture of two prior distributions of 
allelic effects, i.e., one with substantial effects and another 
that harnesses the effects that are very close or equal to 
zero. However, a major difference is that our method con-
siders QTl as factors in the model, while the other genomic 
selection methods take (SnP) markers as explanatory vari-
ables. Here, we did not apply cross-validation to assess the 
prediction accuracy, and the reported accuracy is actually 
the within the data fit of the QTl-based genomic breed-
ing values. It was not straightforward to apply Bayesian 
genomic prediction methods as the marker data comprised 
multi-allelic SSr markers. Instead, we applied genomic 
prediction (without cross-validation) via G-BlUP breed-
ing values, after obtaining the marker-based relationship 
matrices from six different relatedness estimators (Bink 
et al. 2008a). The resulting prediction accuracies ranged 
from 0.72 up to 0.77, which was clearly lower than those 
obtained in our Bayesian QTl analyses and was likely due 
to the very sparse marker density of the dataset.

Alternatively for selection based on GeBV, breeders can 
capitalize on the discovered QTl through marker-assisted 
breeding. This requires the inference of the marker haplo-
types flanking the favorable QTl alleles, and these marker 
haplotypes may vary among different FS families. How-
ever, having accurate ancestral pedigree and marker data 
on the FS families will allow favorable QTl alleles to be 
traced to one or multiple common founders through iden-
tity by descent probability as to any genotyped relative 
(exemplified in Online resource 4).

Prospects

In this study the marker coverage and density were limited 
and this hampered the accurate assignment of QTl geno-
types to individuals (i.e., the gray lines in Fig. 4) in the addi-
tive models of this study. The restrictions due to marker data 
and low representation for some QTl sources (founders with 

few descendants) were reasons to include polygenic effects 
that may account for QTl in regions with no or limited 
marker data or of limited representation. Inclusion of poly-
genic effects did affect the evidence for some QTl, but not 
for others (Table 2). remarkably, when fitting polygenic 
effects the evidence for a QTl at the end of chromosome 16 
was increased (Fig. 2). Our Bayesian modeling assumed two 
alleles per QTl, but the number of alleles could be modeled 
as a random variable; however, accurate inferences require 
large and designed datasets [e.g., (Jannink and Wu 2003)]. 
Further extensions to non-additive effects such as domi-
nance and epistasis or QTl by genetic background interac-
tions (Jansen et al. 2009) will only be meaningful after the 
genome has been saturated with many more markers using 
SnP-array genotyping (Chagne et al. 2012; Ganal et al. 
2011; Verde et al. 2012; Tung et al. 2010). Increasing the 
quantity of the marker data may also allow a direct inference 
of the number of QTl on the genome level, which was inde-
cisive (probabilities and Bayes factors are provided in the 
Online resource 5) and the inferences were presented via 
Bayes factors on a chromosome level. As part of the euro-
pean FruitBreedomics project (http://fruitbreedomics.com), 
the germplasm of the current paper will soon be genotyped 
with a commercially available Infinium 20K SnP array.

Conclusion

We deliver proof of concept of a Bayesian integrated QTl 
analysis across pedigree-related families from ongoing out-
bred breeding programs. The approach supports efficient 
QTl discovery and characterization in terms of magnitude 
and prevalence and makes these emerging QTl results 
immediately applicable in breeding decisions. Its applica-
tion may considerably accelerate the use of marker-assisted 
breeding for the improvement of quantitative traits.
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