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General introduction

Gibberella ear rot (GER) of maize (Zea mays L.) is a devastating fungal disease in Europe and North
America, since it reduces grain yield and contaminates grains with mycotoxins (Martin et al. 2011; Zila et
al. 2013; Kebede et al. 2016). The most prevalent fungal species in Europe is Fusarium graminearum
Schwabe, with symptoms as red or pink mold covering the tip and ear (Fig. 1, Bolduan et al. 2009). To
protect public health, the European Union enacted a law regulating maximum concentrations for certain
mycotoxins in food (European Commission 2006). In European countries such as Austria, the level of GER
resistance is one criteria for registration of new maize varieties, which further underlines the importance of
containing GER in maize. As agronomic practices and post-harvest measures have limited effect to contain
the infection, development of genetically resistant cultivars is the most effective and ecologically friendly
approach (Martin et al. 2011; Zila et al. 2013). From quantitative genetics perspective, large genetic
variation and high heritabilities of complex GER resistance-related traits observed in elite European maize
germplasm suggest prospects of successful accumulation of resistance alleles through breeding, whilst

retaining good agronomic performance (Bolduan et al. 2009; Martin et al. 2011, 2012).

Fig. 1 Fusarium artificially infected ears (left) and non-infected ear (right) of maize in the breeding program

of the University of Hohenheim, Stuttgart, Germany



To date, three selection approaches have been widely and routinely implemented in plant breeding
sector to select genotypes with superior agronomic characteristics such as yield, disease resistance and
drought tolerance, namely phenotypic selection, marker-assisted selection (MAS) and genomic selection
(GS, Melchinger et al. 1998; Riedelsheimer et al. 2013; Technow et al. 2014a). In brief, phenotypic selection
entails that direct field evaluations of various traits for genotypes (i.e., lines or hybrids) are conducted in
multiple locations of interest and across multiple years in order to select outperforming genotypes that
perform stably across different environments. In comparison, without field testing, MAS and GS indirectly
screen individuals solely based upon molecular markers (e.g., SNP markers), for which associations with
phenotypic variation of target traits across environments have been identified beforehand with respective
statistical analysis in a training population. The major difference between MAS and GS resides in the
number of involved markers. MAS relies on usually a few markers with statistically significant and large
effects on phenotypic variation, termed QTL (quantitative trait locus/loci, depending on the context). In
comparison, GS utilizes all genome-wide markers regardless of the effect size to estimate the breeding value
of individuals (termed genomic prediction GP), upon which selection is subsequently performed (Fig. 2,

Meuwissen et al. 2001; Heffner et al. 2009).

Training Genotyping &
Population Phenotyping

| .| Calculate Make
GEBV Selections

Fig. 2 Diagram of genomic selection (GS) processes starting from construction of the training population

for building the GS model, followed by calculating the genomic estimated breeding value (GEBV) for
untested but genotyped breeding materials with the obtained GS model, based on which selection is

subsequently performed (taken from Heffner et al. 2009)
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The concept of expected genetic gain per unit time is a standard criterion to evaluate and compare
different breeding and selection schemes in the era of molecular breeding (Falconer and Mackay 1996;
Heffner et al. 2010; Xu et al. 2017). It is defined as: R = i r ca/t, where R is the response to selection or
selection gain or genetic gain per unit time, i is the selection intensity (mean deviation of selected individuals
in units of the standard deviation of the selection criterion), r is the correlation between the selection
criterion and the true breeding value, o is the standard deviation of breeding values (Falconer and Mackay,
1996) or genetic standard deviation (the square root of the additive genetic variance), and t is the time length
to complete one breeding cycle. In the context of phenotypic selection, r equals to the square root of narrow-
sense heritability (h), whereas with respect to MAS or GS, r is the prediction accuracy, i.e., the correlation
between true breeding values and QTL-based estimated breeding values or genomic estimated breeding
values (GEBVS). A large number of studies reported higher selection accuracy for GS than MAS, regardless
of the trait thanks to the deployment of genome-wide markers, and results in higher genetic gain, whereas
MAS can be more cost-effective for traits with high heritabilities and large-effect QTL identified (Heffner
et al. 2009; Jannink et al. 2010; Riedelsheimer et al. 2013). Compared with phenotypic selection, MAS and
GS are able to accelerate the breeding process through shortening the generation interval and/or largely
increasing the selection intensity. Previous empirical studies identified QTL with significant effects for GER
resistance in European maize germplasm, which implies feasibility and efficiency of applying MAS and/or
GS to improve this complex trait (Martin et al. 2011, 2012; Riedelsheimer et al. 2013). Moreover, MAS and
GS are less resource-consuming than field testing, considering the continuous drop of genotyping costs.
This is particularly appealing for disease resistance breeding that requires laborious field disease evaluation

and oftentimes expensive laboratory analyses.

Multi-parental QTL mapping and genome-wide association studies

To implement MAS, genetic analysis of relevant traits are prerequisites, including identification of
QTL, precise estimation of QTL effects and positions in the genome as well as investigation of epistasis

(Melchinger et al. 1998; Bernardo 2008). Linkage mapping (i.e., QTL mapping) has been a routine approach
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in the past decades to dissect the genetic architecture of complex traits in crops (Holland 2007). The classical
scheme of bi-parental QTL mapping comprises three steps. First, a bi-parental population is generated by
crossing two phenotypically and genetically divergent inbred parental lines and, afterwards, F1 progenies
are selfed for 6 to 7 generations to obtain a relatively large number (>100) of homozygous inbred lines with
high phenotypic variation of the target trait and segregation at a large number of loci. Depending on the
crop and research interest, the target trait can be line per-se performance or testcross performance in relation
to testers from the opposite heterotic pool (Melchinger et al. 1998). Alternatively for maize, pure-breeding
inbred lines can be developed much faster and more efficient with the doubled-haploid (DH) technology
that has been largely adopted in public and commercial maize breeding programs (Prigge and Melchinger
2012; Melchinger et al. 2013; Melchinger et al. 2016; Chaikam et al. 2019), by which homozygous lines are
developed within two generations. Second, the segregating population is evaluated for phenotypic
performance in the field or greenhouse and in parallel genotyped with molecular markers, e.g., SSR, SNP.
If the target trait is testcross performance, the population is crossed with one or multiple testers to produce
testcross hybrids that are subsequently evaluated. Third, associations between phenotypic variation and
segregating markers are investigated with proper statistical methods (e.g., composite interval mapping) to

detect QTL, localize these on the genetic map and estimate their effects.

This approach has often been criticized for several drawbacks: (i) The allelic diversity and the
number of segregating loci in the mapping population are relatively limited due to narrow representation of
the breeding germplasm by only two parental lines (Xu 1998; Liu and Zeng 2000). (ii) Different QTL and
QTL effects for the same trait were observed between different mapping populations (Beavis 1998;
Melchinger et al. 1998). (iii) The population size, that has large influence on the power of QTL detection,
is usually constrained because of practical reasons. To mitigate these limitations, multi-parental QTL
mapping was proposed to detect QTL jointly from multiple bi-parental families that, as a whole, possess
higher allelic diversity, more complex genetic background and larger population size (Jansen et al. 2003;
Blanc et al. 2006; Bink et al. 2012). These families are routinely tested and genotyped in practical breeding

programs (Bardol et al. 2013). Alternatively, they can be generated in research programs with sophisticated
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mating designs, e.g., nested association mapping population (NAM, Yu et al. 2008), diallel design (Blanc
et al. 2006) and the multi-parent advanced generation intercross design (MAGIC, Huang et al. 2015).

Depending on the number of parents shared between families, they are inter-connected at various levels.

While the set of QTL segregates in only one family for the bi-parental QTL mapping approach, the
multi-parental QTL mapping approach captures QTL that segregate in several families and enables testing
for QTL x genetic background (family) interactions (Blanc et al. 2006). According to Li et al. (2011) and
Ogut et al. (2015), the two mapping approaches are complementary: for a given mapping population size,
the bi-parental QTL mapping approach is generally more powerful to identify rare but large-effect QTL that
have low frequencies in the germplasm and segregate in a limited number of families, whereas the multi-
parental QTL mapping approach is more capable of detecting small-effect QTL if shared by a large number
of families. It is of high interest to investigate which approach is more suitable for dissecting the genetic

architecture of GER resistance traits in European maize germplasm.

Five different biometric models can be applied for QTL mapping with multiple families in plants,
which differ in the underlying assumptions on transferability of QTL effects over parents or families (Table
1): (i) The classical single-family model can be applied within each family, assuming that the marker effect
is specific to each family (Model 1, Blanc et al. 2006). (ii) The QTL allele effect is very much impacted by
family genetic background and varies between different families and, therefore, it is modeled as being nested
within family in the joint analysis (Model 2, disconnected model, Jannink and Jansen 2001; Blanc et al.
2006). (iii) The QTL allele in each parent has a unique effect that persists across different progeny families
sharing this parent and, thus, the number of QTL alleles at one QTL locus equals to the number of inbred
parental lines (Model 3, connected model, Jannink and Jansen 2001; Blanc et al. 2006). (iv) Genome
segments of different parents that trace back to the same ancestor line (i.e., are identical by decent IBD)
have the same alleles and effects, regardless of family genetic background (Model 4, LDLA model, Jansen
et al. 2003; Bardol et al. 2013; Giraud et al. 2014). (v) Genome segments of different parents that have

identical nucleotide sequences (i.e., are identical by state IBS) carry the same alleles with effects identically



expressed in different families (Model 5, LDLA-1-marker model, Bardol et al. 2013; Yu et al. 2008;
Wirschum et al. 2012). Since the number of parameters to be estimated at each locus is reduced from Model
2 to Model 5, the QTL detection power is expected to increase (Rebai and Goffinet 1993, 2000). However,
in experimental studies, the performance ranking of these models depends on traits and populations (Blanc

et al. 2006; Steinhoff et al. 2011; Bardol et al. 2013; Giraud et al. 2014).

Table 1 Overview of the five biometric models for detecting QTL with single or multiple families in Han

et al. (2016)
Model  Model name QTL set Number of alleles ata QTL Reference(s)
1 Single-family model One per Two per family Blanc et al. (2006)
family
2 Disconnected model Joint Two x number of families Blanc et al. (2006)
3 Connected model Joint Number of parents Blanc et al. (2006)
4 Linkage disequilibrium Joint Number of clustered Bardol et al. (2013),
and linkage model ancestral alleles in IBD Giraud et al. (2014)
(LDLA)
5 LDLA-1-marker model Joint Number of marker allelesin ~ Wirschum et al.
IBS, i.e., two (SNP) or at (2012),
least two (SSR) Giraud et al. (2014)

Different from linkage mapping, QTL detection with genome-wide association studies (GWAS) is
conducted on a large collection of genetically diverse lines that can be chosen from various sources or
genetic backgrounds. These lines are phenotyped in multiple environments and genotyped with a large
number of markers across the entire genome. In comparison with linkage mapping populations, the main
merits of GWAS populations include larger allelic diversity, higher recombination frequency between
adjacent markers and being closer to the situation encountered in practice (Yan et al. 2011). Therefore, one

could expect that, in relation to linkage mapping, GWAS has greater power for QTL detection, higher map



resolution and better transferability of QTL results across different genetic backgrounds. However, since
GWAS populations comprises diverse genetic materials, the presence of population structure and cryptic
relatedness could cause confounding effects, leading to spurious positive signals in screening QTL across
the genome with statistical models (Sillanpaa 2011). This is one of the major challenges in implementing
GWAS and for its solution, the unified mixed-model approach has been developed and widely applied with
various options of corrections for confounding effects (Table 2 and Formula 1, Yu et al. 2006; Stich et al.
2008). Investigating the genetic architecture of GER resistance traits with various GWAS models could
enlighten the importance of the genetic background on the expression of these traits and also assess the
effectiveness of these mixed models for correcting confounding effects. To our knowledge, our study is the

first GWAS conducted for GER resistance traits in European maize germplasm.

Table 2 GWAS models with various levels of corrections for population structure and cryptic relatedness

Model Correction for population structure ~ Correction for cryptic relatedness

ANOVA No No

Q3 and Q10 models  Take the first three and ten principal No
components as covariates,

respectively

K model No Use a realized kinship matrix estimated
from markers as variance-covariance

matrix of random genotype effect

Q3+ Kand Q10+ K Take the first three and ten principal Use a realized kinship matrix estimated
models components as covariates, from markers as variance-covariance

respectively matrix of random genotype effect




All these mixed models can be expressed as
y=1p+ QB+ Sa+Zu+e, Q)

where y is a vector of adjusted entry means; W is the overall mean; g is a vector of effects of fixed covariates
correcting for population structure and Q is a design matrix relating y to f; a is the effect of the SNP under
test and S is a vector referring to the number of minor alleles (i.e., 0, 1, 2) of each genotype at this SNP

locus; u ~ N(O, Aaj) is a vector of random polygenic background effects, A is the genomic relationship
matrix of the lines and a; is the additive genetic variance in the respective heterotic pool; Z is a design

matrix of 1s and Os relating y to u; and e is the vector of residuals. In the ANOVA model, Q8 and Zu were

excluded, whereas Q@8 was not included in the K model.

Genomic selection and training set design

In recent years, plant breeding technologies have undergone a revolutionary transformation in
academia and industry, thanks to the dramatic reduction of genotyping cost as well as advancements of
statistical models and computational capability. It centres on development and implementation of GS, which
mainly concerns prediction for performance of individuals solely based on their genotypes (i.e., GP) without
field testing (Fig. 2, Meuwissen et al. 2001; Jannink et al. 2010). Compared with MAS that mainly relies
on major QTL with large effects, GS leveraging all genome-wide markers has the merit of further accounting
for QTL with minor effects and, therefore, has higher prediction accuracy (Meuwissen et al. 2001; Schopp
et al. 2017). It was illustrated in empirical studies to be a powerful approach for predicting complex traits,
for instance, Fusarium ear rot resistance in maize (Riedelsheimer et al 2013), Fusarium head blight
resistance in wheat (Michel et al. 2021; Rutkoski et al. 2012) and barley (Lorenz et al. 2012). In addition,
thanks to the in vivo haploid induction technology and oil content-based haploid sorting system, large DH
populations can be effectively and routinely generated in maize breeding programs (Prigge and Melchinger

2012; Melchinger et al. 2013; Melchinger et al. 2015; Hu et al. 2016). This substantially reduces the time



duration and costs for developing a large number of inbred lines and, meanwhile, makes it possible to largely

increase selection intensity together with the implementation of GS.

To perform prediction for a set of untested individuals (i.e., prediction set (PS)), a training set (TS)
consisting of a number of phenotyped and genotyped individuals should be put in place beforehand in order
to derive a prediction equation that essentially explores the association between phenotypic variation and
genotypic variation at DNA marker level. One important question in GS, and generally in marker-based
prediction such as MAS, is how to design the TS for the purpose of obtaining a high prediction accuracy
(i.e., correlation between predicted and true breeding values). Major influential factors include the size of
the TS, the number of families in the TS as well as the genomic relatedness between TS and PS
(Riedelsheimer et al. 2013; Lehermeier et al. 2014). One approach often applied in practice for increasing
the TS size is to combine different groups or families of small to mediate size, which are historically and
routinely generated in breeding programs and already phenotyped and genotyped (Lorenz et al. 2012;
Technow et al. 2013). This approach has been evaluated across a wide range of genetic materials and traits
with animals and plants, however prediction accuracy was not always increased (Hayes et al. 2009; De Roos
et al. 2009; Lund et al. 2014; Technow et al. 2013; Guo et al. 2014; Lehermeier et al. 2014; Lorenz and

Smith 2015).

To explain this inconsistency, four factors and their interdependency were studied in the literature,
however to our knowledge a systematic and comprehensive investigation of all these factors is still
warranted. These factors include (i) similarity of the segregating QTL across populations that corresponds
to inter-population genetic relationship at the QTL level and therefore positively impacts prediction
accuracy across populations (Goddard 2009; de los Campos et al. 2013; Wientjes et al. 2015; Schopp et al.
2017), (ii) consistency of the linkage disequilibrium (LD) pattern (i.e., both extent and phase of LD) across
populations, because LD between markers reflect that between markers and unknown QTL upon which GP
relies, and inconsistent LD pattern between populations leads to low or even negative prediction accuracy

of GP across populations (Goddard et al. 2006; De Roos et al. 2008), (iii) genomic relationship between the



TS and PS that is associated with inter-population similarity of segregating QTL, consistency of the LD
pattern and resemblance of genetic backgrounds, (iv) statistical models that rely on different assumptions
about the marker effects, including the genomic best linear unbiased prediction (GBLUP) model, the
Bayesian variable selection models (e.g., BayesB) and the multi-trait GBLUP model (Habier et al. 2007,
2013; Lehermeier et al. 2015; Schulz-Streeck et al. 2012; Olson et al. 2012; Zhou et al. 2013). A still open
question was whether increasing the training set size by combining dent and flint materials can improve the

prediction accuracy for GER resistance traits in European maize germplasm.

Objectives

The overall aim of this dissertation was to dissect the genetic architecture of GER resistance related
traits in European maize germplasm with complementary QTL mapping approaches, including bi-parental
QTL mapping, multi-parental QTL mapping and GWAS, and to investigate effective implementation of
QTL-based and genomic selection approaches by better designing the TS. Furthermore, inexpensive
measurements of mycotoxin concentrations such as GER severity visual rating scores and near-infrared
spectroscopy (NIRS) measurement were studied as proxy for the expensive assays of mycotoxins

themselves. In particular, our objectives were to

(1) Detect QTL and estimate QTL effects with five flint interconnected bi-parental families using
classical single-family model and four multi-family models,

(2) Examine various TS compositions for QTL-based prediction that have different levels of relatedness
with the PS and different population sizes,

(3) Identify QTL with GWAS in two diversity panels of European dent and flint DH lines,

(4) Provide insights in optimizing TS composition and size for GP by comparing scenarios with and
without including lines from the opposite pool,

(5) Evaluate the reliability of GER severity visual scoring and NIRS measurements for predicting

mycotoxin concentrations in grain maize.
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Abstract

Recently, QTL mapping has shifted from analysis of single families to multiple, connected families and
several biometric models have been proposed. Using a high-density consensus map consisting of 2,472
marker loci, QTL mapping was performed with five connected bi-parental families with 639 maize flint
doubled-haploid (DH) lines for ear rot resistance and analyzed traits DON, Gibberella ear rot severity
(GER), and days to silking (DS). Five biometric models were compared, which are different in the
assumption about the number and effects of alleles at QTL. Model 2 to 5 performing joint analyses across
all families and using linkage and/or linkage disequilibrium (LD) information detected all and even further
QTL than Model 1 (single family analyses) and generally explained a higher proportion pg of the genotypic
variance for all three traits. For DON and GER, QTL were mostly family-specific, but several QTL for DS
were shared by multiple families. Many QTL had large additive effects and most alleles increasing
resistance originated from a resistant parent. Interactions between detected QTL and genetic background
(family) were rarely identified and effects were comparatively small. Detailed analysis of three fully
connected families obtained higher pc values for Model 3 or 4 than for Model 2 and 5, irrespective of the
size Nrs of the training set (TS). In conclusion, we recommend Model 3 and 4 for QTL-based prediction
with larger families. Including a sufficiently large number of full sibs in the TS resulted in increase of QTL-

based prediction accuracy (rvs) for various scenarios differing in the composition of the TS.
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Abstract

Gibberalla ear rot (GER) is a large threat to European maize, reducing grain yield and contaminating grain
with mycotoxins. Genomic prediction (GP) has great potential to accelerate GER resistance breeding.
However, a large training set (TS) comprising both phenotyped and genotyped individuals is essential for
GP to obtain high prediction accuracy (p), which imposes major challenges for small-size populations. A
possible solution would be combining small-size populations. However, genetic heterogeneities between
populations with regards to segregating QTL, linkage disequilibrium (LD) pattern and genomic
relationships can impair p of this approach. In this study, genetic architectures were investigated for traits
GER severity, deoxynivalenol concentration (DON) and days to silking (DS) with genome-wide association
studies (GWAS) performed separately within the European dent and flint diversity panels. Moreover, we
assessed the consistency of LD pattern between heterotic pools as well as genomic relationship within and
across pools. Subsequently, we compared four GP approaches with cross-validation, which composed the
TS with lines from single or combined pools and deployed statistical models assuming marker effects
identical or different but correlated between pools. For DON, two and six QTL were identified within the
dent and flint pool, respectively; however, none was in common. The LD pattern was consistent between
heterotic pools for marker pairs less than 10 kb apart. GP between pools resulted in low or even negative p.
Combined-pool GP did not yield higher accuracy than within-pool GP regardless of statistical models. Our
findings underline the importance of assessment of genetic heterogeneities between populations prior to

implementing GP using a combined TS.
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Abstract

Gibberella ear rot (GER) caused by Fusarium graminearum is a destructive disease in maize in temperate
regions causing not only yield reduction but also mycotoxin contamination, especially by deoxynivalenol
(DON) and zearalenone (ZON). In EU, both mycotoxins are subjected to strict legislative limits. The
objective of this study was to evaluate whether prediction of DON and ZON concentrations is feasible either
by GER severity visual rating score or by near-infrared spectroscopy (NIRS). We analyzed 80 and 102 lines
developed by backcrossing resistant doubled-haploid lines selected from segregating populations to one
resistant and one susceptible parent, respectively. Artificial infection was conducted at three locations in
Germany and France. Traits evaluated included GER severity visual rating score defined as percentage of
affected ear as well as DON and ZON concentrations measured by immunoassays. All samples were
additionally measured with NIRS. We observed that both backcross (BC) populations had substantial
difference in their means. Genotypic variances within each BC population were significantly larger than
zero (P < 0.01) in all circumstances. Within each BC population, DON and ZON concentrations measured
by immunoassays were significantly (P < 0.01) correlated with each other and with GER severity visual
rating score (0.6 <r <0.9, P <0.01). DON concentration measured by an immunoassay and by NIRS also
had correlation of r = 0.87 and r = 0.90 for the BC population with the resistant and susceptible parent,
respectively. In conclusion, DON and ZON concentrations could be reliably predicted by GER severity
visual rating score. Additional NIRS analysis of DON concentration might be useful for the positively

selected fraction of genotypes.
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5. General discussion

Given a fixed budget and time duration, plant breeders are mainly concerned with the question: how
to improve current breeding schemes in order to obtain higher selection gain? To answer this question in
the context of GER resistance breeding for European maize with the dent and flint heterotic pools, in-depth
studies were conducted in this dissertation on classical phenotypic selection as well as two modern
molecular breeding technologies, namely MAS and GS. With the deployment of DNA markers, the latter
two have revolutionized plant breeding practices in the past decades, particularly for improvement of
polygenic and complex traits such as yield, quality and disease resistances controlled by many genes and
significantly influenced by environmental conditions. More specifically, the aim was to answer the
following questions: (i) Can GER resistance be potentially improved via breeding in European maize
germplasm? (ii) Do mycotoxin concentrations measured by immunoassays correlate well with GER severity
visual rating scores and NIRS measurements? (iii) Does multi-parental QTL mapping perform better than
classical bi-parental QTL mapping in terms of QTL detection and QTL effect estimation for GER resistance
related traits? (iv) Can additional QTL be identified with GWAS in diversity panels of dent and flint lines?
(v) How to better design the training population for the multi-parental QTL mapping approach and GS with

respect to composition and population size, in order to achieve high prediction accuracy?
Gibberella ear rot, genetic variation, heritability and genetic correlation

Fusarium species are common pathogens on maize ears and stalks, reducing vyield and
contaminating grains with mycotoxins that jeopardize safety of human food and animal feed. Therefore, the
Europe Union has set up a maximum level of intake for mycotoxins and Fusarium resistance is considered
for new maize variety registration in European countries such as Austria. One of the most predominant
species in Central Europe is F. graminearum, one major pathogen causing Gibberella ear rot (Pfordt et al.
2020). Its primary ear infection pathway is through the silk channel during the first 6 to 10 days after silking
that normally takes place between beginning and mid of July in Central Europe. Studies have shown that

the range of local Fusarium species is primarily impacted by weather conditions during vegetation period
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and, particularly, GER pathogens, including F. graminearum and F. culmorum, are favored by high
precipitation and low temperature during silking (Pfordt et al. 2020). In this dissertation, an aggressive
isolate of F. graminearum (IFA66) was applied to artificially inoculate our materials, which were tested in
multiple locations. Relevant traits such as visual rating of GER severity, mycotoxin deoxynivalenol (DON)
and zearalenone (ZON) concentrations in grain as well as days to silking (DS) were measured and subject

to phenotypic and genotypic data analysis.

In this dissertation, three different sets of materials were tested and analyzed for different objectives.
In Han et al. (2016), five flint inter-connected DH families sharing parents were generated in an incomplete
half-diallel design with four inbred lines developed by the University of Hohenheim, among which UH006
(R2) is highly resistant against GER, UH007 (R1) is moderately resistant, and UH009 (S1) and D152 (S2)
are highly susceptible (Bolduan et al. 2009). The family size had an average of 128 and ranged from 43 to
204. Consistent with expectation from GER resistance levels of the parents, family R1R2 had the lowest
means (X) of GER and DON, followed by the family R2S1. This result confirms the high interest of using
R1 and R2 lines as resistant donors for developing new resistant lines. For DS, the differences in X between
families were small, suggesting similar maturities of these families. The observed significant (P < 0.01)
genotypic variances for all traits in all families and generally high heritabilities with an average of 0.78 for
DON and GER are in line with previous studies on GER resistance in European maize Germplasm (Martin
et al. 2011, 2012; Bolduan et al. 2009; Riedelsheimer et al. 2013). These indicate good prospects of
resistance breeding and phenotypic selection against GER across different environments in European maize
germplasm. In addition, the extremely high genetic correlations between DON and GER (ry > 0.96) for
almost all families imply that visual evaluation of GER severity with low cost is a reliable indicator for
DON, which enables large-scale screening of materials and increasing selection pressure. Moreover, the
moderately negative genetic correlations (-0.66 < ry < -0.21) for DS with GER and DON show that early-
flowering genotypes have higher chance to be infected by GER and accumulate more mycotoxins than late-

flowering genotypes.
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In the study of Han et al. (2018), two diversity panels consisting of 130 European dent lines and
114 European flint lines, respectively, were evaluated in two years (2010 and 2012) at two locations in
Germany. These lines with diverse genetic background and compositions represent the elite maize breeding
materials of the University of Hohenheim as detailed by Westhues et al. (2017). For GER and DON, dent
and flint lines were not significantly (P < 0.05) different in means, although dent lines flowered on average
about one week later than the flint lines and both traits showed slightly negative correlations with DS within
each pool. Similar to Han et al. (2016), these two diversity panels showed significant genotypic variances
for all traits, moderately high heritabilities for GER and DON (0.73 < h? < 0.78) and tight genetic
correlations between GER and DON (rq > 0.92). Interestingly, estimates of the genomic correlations
between both pools were around zero for DON and DS, and slightly higher for GER, which can be explained
by the large genetic divergence between the two pools and the history of separate and reciprocal
development of dent and flint lines for the purpose of exploring heterosis in a hybrid breeding scheme (Reif

et al. 2005).

In the study of Miedaner et al. (2015), a population of 200 inbred lines was tested, including two
backcross families derived from the recurrent parent lines UH007 (resistant) and UHO09 (susceptible),
respectively. In line with expectation, the means of GER, DON and ZON concentrations were significantly
different between the two BC families, which can be explained by UH007 and UHO09 carrying different
QTL alleles for GER resistance. In both BC populations, the large and positive genetic correlations between
mycotoxin concentrations measured with immunoassays and GER severity visual rating scores and NIRS
measurements imply that mycotoxins can be indirectly and reliably reduced by directional selection for GER

severity ratings and NIRS measurements that are less expensive and less laborious.

Multi-parental QTL mapping, GWAS and genetic architecture of GER resistance in

European maize

The classical approach for analyzing the genetic architecture of quantitative traits in maize is QTL

mapping with bi-parental populations, which are derived from crossing two highly diverse parents and
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therefore embrace a large number of segregating QTL as well as large phenotypic variance of the target trait
(Edwards et al. 1987; Lander and Botstein 1989). However, several problems were reported in the literature
for this approach: (i) Estimated QTL effects are often highly inflated (Utz and Melchinger 1994; Beavis
1998; Xu 2003). (ii) QTL detected in one population are oftentimes not confirmed in other populations
(Melchinger et al. 1998). (iii) The power of QTL detection is limited, when the number of lines in the
mapping population is low (Schén et al. 2004). To overcome these constrains, the multi-parental QTL
mapping approach was investigated in this dissertation by conducting QTL mapping in a joint population
of multiple bi-parental families, which has higher allelic diversity, more complex genetic background and
larger population size than a single bi-parental family. It also has practical advantages, because normally
this type of family is routinely generated, genotyped and evaluated in commercial breeding programs and
no extra cost is needed to apply this approach on already available data to obtain potentially better QTL
results. In addition, cross-validation proposed by Utz et al. (2000) to use separate sets of materials for QTL
detection, corresponding to model selection, and QTL effects estimation was applied and adapted to the
multi-parental population scenario in the present study to obtain unbiased estimation of QTL effects and

compare various biometric models.

Using a high-density consensus map with 2,472 marker loci, Han et al. (2016) compared five
different biometric models with the aim to shed light on the choice of the best fitting model for this approach
as well as to study the genetic architecture of GER resistance related traits including digenic and QTL x
genetic background epistasis. Among these models, Model 1 was the classical bi-parental QTL mapping
model, namely the composite interval QTL mapping model. It was computed separately for each family,
except the smallest family R2S2 with only 43 lines, whereas Model 2 to 5 were computed jointly for all
families with different assumptions and parameterizations of QTL alleles (Table 1). The analyzed traits
included GER, DON and DS. For GER and DON, we identified with Model 1 only a proportion of the QTL
detected previously with the same families (Martin et al 2011, 2012), because a more stringent significance
level (o = 2% vs. 15%) in permutation tests was applied. All detected QTL were adjacent to the flanking

markers of QTL reported previously, indicating that basically the same QTL were identified.
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One interesting finding with Model 1 was that QTL detected in each family for DON were family-
specific and rarely consistent across families, except one common QTL for DON between families R1R2
and R2S1 that explained a high proportion of the genotypic variance (> 20%) and inherited the favorable
resistance allele from the same highly resistant parent line R2 (UHO006). The results of QTL for GER showed
a similar picture as for DON. This is in agreement with the multi-parental QTL mapping study of Blanc et
al. (2006) that congruent QTL between different populations often have large effects and originate from a
shared parental line. In comparison, QTL for DS were more commonly shared between families, suggesting
different genetic architecture for DS and GER or DON. One explanation similar to the hypothesis proposed
by Kemper et al. (2015) is that the adaptation and maturity related trait DS has undergone a longer period
of artificial selection and thus QTL with large effects are most likely fixed and the remaining small-effect
QTL are segregating and commonly shared between different germplasm of similar maturity, whereas the
history of GER resistance breeding is shorter and large-effect QTL are still present but favorable alleles

have low frequency and are mainly embraced by a limited number of materials.

One major challenge in conducting QTL mapping jointly on multiple families is parameterization
of QTL allele effects in biometric models based on different assumptions (Table 1). Accordingly, the
expression of a QTL allele can be determined by its nucleobase or nucleotide sequence (Model 5), ancestral
origin or haplotype (Model 4), donor parental line (Model 3) and/or interactions with population genetic
background (Model 2). From a statistical point of view, the number of parameters to be estimated at each
locus was reduced from Model 2 to Model 5 and, therefore, QTL detection power was expected to increase
given the same size of the mapping population. With all 5 families included in the joint analysis, Model 2
to Model 5 detected all QTL of all traits previously identified by Model 1 as well as additional QTL, all
together explaining a high proportion of genotypic variances (34.4 - 58.3%). This showed clear advantages
of the joint analysis over the single-family analysis that are attributable to a larger mapping population,
more segregating loci and more replicates of QTL genotypes, particularly when QTL are more commonly
shared between families such as DS. To ensure unbiased estimation of QTL effects and a fair comparison

of biometric models, cross-validation was further applied in this study, in which detection of QTL and
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estimation of QTL effects were conducted in a so-called training set (TS) with the same size for all models
and the same number of randomly selected lines from each of three inter-connected families (i.e., R1R2,
R1S1, R2S1), except for a single-family analysis Model 1 with lines from only one family, and the obtained
QTL results were afterwards deployed to predict the performance of lines in a so-called prediction set (PS)
that had the same size for each model and was formed in the same way with the remaining lines. Prediction
accuracy for each family in the PS was calculated and compared for these five models. Different from
expectation and the finding of Ogut et al. (2015), with relatively small sizes of TS and PS (81 and 48,
respectively), prediction for almost all traits and families was less accurate with joint analysis models than
with the single-family analysis Model 1. This implies that given a fixed budget for developing a fixed and
relatively limited number of lines for a mapping population, it is better to construct a classical bi-parental
population, especially for traits with rare but large-effect QTL in the germplasm such as GER and DON.
When increasing TS and PS sizes to 180 and 108, respectively, prediction accuracy of joint analysis models
was increased for all traits and families as expected, and Model 3 generally outperformed other models
except Model 1. In relation to Model 2, this suggested that the genetic background is less influential for
QTL effect expression of the studied traits, which is in agreement with our results of low proportions of the
genotypic variance explained by the detected digenic epistasis and QTL x genetic background (family)
interactions. The reason why Model 4 was generally not better performing than Model 3 as expected could
be that the advantage of reduction of parameters in the model thanks to clustering of ancestral haplotypes
was less obvious with only three parents involved. It could be different in a more practical context with a
large number of populations generated from a higher number of parental lines. The bi-allelic model, Model
5, did not outperform Model 3 either, which is in line with Lu et al. (2012) and Bardol et al. (2013) that a

larger proportion of the genetic variance was captured by multi-allelic models than bi-allelic models.

To dissect the genetic architecture of GER resistance related traits and validate previously detected
QTL in more complex and diverse genetic backgrounds, we applied GWAS separately in European dent
and flint diversity panels of elite inbred lines from the public breeding program of the University of

Hohenheim. Two and six QTL for DON were detected within the dent and flint pool, respectively. Similar
22



to Han et al. (2016), QTL for DON were all specific to each heterotic pool and not commonly shared
between the two pools. This finding is in line with the almost zero genomic correlation estimated for DON
between the two pools as well as large genetic distances observed between pools in this study. No
overlapping QTL for DON was identified in comparison with those detected from European flint
segregating populations by Han et al. (2016) and Martin et al. (2012). Moreover, we did not identify
common QTL for DON with the linkage mapping study of a large Canadian RIL maize population (Kebede
et al. 2016) as well as a GWAS study with US maize diversity panels (Zila et al. 2013, 2014). Although no
QTL was detected for GER, the patterns of Manhattan plots for GER were similar to those for DON,
including those regions with significant SNPs for DON. This is consistent with our finding in Han et al.
(2016) that many congruent QTL were detected between GER and DON. For DS, we did not identify QTL
in the dent and flint pools, which could be due to medium population sizes of these two pools that constrain

the power of QTL detection.

In conclusion, the multi-parental QTL mapping models did not perform better than the classical bi-
parental QTL mapping model for all traits, when given the same population size and compared with cross-
validation. In comparison with QTL results for DON, GER and DS in Han et al. (2016), no common QTL
was detected in Han et al. (2018) by performing GWAS within the dent and flint diversity panels.

Nevertheless, a few new QTL for DON were detected in Han et al. (2018) for each heterotic pool.

Genetic heterogeneity and training population design for QTL-based and genomic prediction

The underlying genetic composition of the training population, which is used for QTL detection and
QTL effect estimation in MAS and establishment of a prediction model in GS, could be different from that
of the targeted prediction population at various levels, depending on which materials, families or populations
are included in the training population. As revealed by our studies (Han et al. 2016, 2018), some traits such
as GER and DON have QTL that are more specific to certain families/pools or even a limited number of
donor lines, whereas QTL for traits like DS are more often shared between families and have higher allele

frequency in the germplasm. This shows that different traits have different genetic architecture and,
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moreover, the genetic composition in terms of presence of QTL can be less consistent between families or
heterotic pools for some traits. In addition, Han et al. (2018) thoroughly studied the genetic heterogeneity
between the European flint and dent pools and reported that: (i) the flint pool was clearly genetically
separated from the dent germplasm based on population structure analysis with SNP markers, which agrees
well with previous studies on European maize (Reif et al. 2005; Fischer et al. 2008), (ii) the LD extent (%),
corresponding to correlations between adjacent markers, had high and similar values in the two heterotic
pools, but the signs of r (i.e., LD phase) for the same marker pairs in the two pools were mostly different
for marker pairs > 10 kb apart. This result is consistent with Technow et al. (2013) and Lehermeier et al.
(2014), who both reported highly inconsistent LD phases between the European dent and flint pools. This
means that even when the same QTL are present in the two pools, their effects estimated by markers can be
often reverse between the flint and dent lines. These findings pointed out potential factors that impact

prediction accuracy of MAS and GS.

The materials and the various levels of inter-connectedness among the five bi-parental families in
our study Han et al. (2016) enabled a comprehensive and systematic investigation of a better design of the
training population for QTL-based prediction (i.e., MAS) for GER resistance related traits. With the
connected model (Model 3) and cross-validation, we evaluated various scenarios of composition of the TS
for predicting performance of the PS that comprised one single family. While the population size was the
same for these TS compositions, they were different in the number of families included, ranging from 1 to
4, and in the relatedness between the TS and PS, including full-sib (highly related), half-sib (related),
unrelated as well as a mixture of these relatedness. In accordance with the GS studies of Riedelsheimer et
al. (2013), Lehermeier et al. (2014) and Foiada et al. (2015), we observed that irrespective of traits, TS sizes
and the number of families in the TS, higher prediction accuracy can be generally achieved, when the TS is
largely composed with materials more closely related to the PS such as full sibs. Furthermore, generally
speaking, the prediction accuracy increased with enlarging the TS size, and the rate of increase was larger
when more closely related materials were added to the TS. These findings imply that the relatedness between

the TS and PS largely and positively impacts the prediction accuracy, which can be explained by (i) more
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related materials share more QTL, particularly for rare QTL that segregate in a limited number of families
or materials such as GER and DON, (ii) LD pattern including LD extent and phase is more consistent
between related materials than less related ones, and (iii) related materials have similar genetic backgrounds,
which could have a significant effect on QTL expression because of digenic epistasis and/or QTL x genetic
background interactions as observed in this study. Therefore, a golden rule for achieving high selection gain
by MAS in practical breeding programs is to warrant a high prediction accuracy by including more related
materials in the TS as well as increasing the TS size. Nevertheless, one should keep in mind that the
prediction accuracy also depends on the genetic architecture of a particular trait and genetic composition of
specific materials, and incorporating more related materials in the TS may not always result in higher
prediction accuracy, as we observed similar prediction accuracies across all scenarios of TS compositions
for DS in family R1R2. This can be explained by our observation that QTL for DS were more commonly

shared between families, and R1S1 harbored both rare and common QTL for DS.

Similar to QTL-based prediction or MAS, TS composition plays an important role in determining
the accuracy of GP and, therefore, has substantial impact on its implementation in plant breeding programs
(Riedelsheimer and Melchinger 2013). In hybrid maize breeding, parental inbred lines are separately
developed within each of the two heterotic pools, for instance flint and dent pools in Europe, with the aim
to maximize and utilize heterosis in hybrids between them (Melchinger 1999). However, within-pool line
development may limit the size of the TS, when populating the TS with lines from only one pool, and
therefore constrain prediction accuracy within each pool. One solution for increase of the TS size is
composing TS with lines from both pools, however genetic divergence and heterogeneity between heterotic
pools may counterbalance its effectiveness, as reflected by the findings in Han et al. (2016). To investigate
this point further for European flint and dent diversity panels, Han et al. (2018) compared with cross-
validation four different GP approaches for GER resistance related traits, namely within-pool prediction
(WP), across-pool prediction (WP), combined-identical prediction (CI) and combined-different prediction
(CD). For the WP and AP approaches, the TS and PS comprised lines from the same (WP) or different (AP)

heterotic pools. For the Cl and CD approaches, the TS and PS were composed in the same way with the TS
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including lines from combined pools and the PS consisting of lines from one of the two pools. However,
the CI approach assumed marker effects to be identical across pools, whereas the CD approach assumed
different but correlated marker effects between pools. In agreement with previous GP studies for various
traits across genetically different populations in maize (Technow et al. 2013; Lehermeier et al. 2014; Schopp
et al. 2017) and cattle (Harris et al. 2008; Hayes et al. 2009; Weber et al. 2012), the AP approach yielded
very low or even negative prediction accuracy for DON and GER, which could be explained by our GWAS
finding that the flint and dent heterotic pools did not have common QTL for DON and the same explanation
holds true for GER that is expected to have similar genetic architecture as DON. Furthermore, even though
the two pools may share some small-effect QTL for DON and GER that were perhaps not identified by our
GWAS due to for instance intermediate population sizes of the two diversity panels, the largely inconsistent
LD phase as well as highly separate genetic backgrounds between pools can lead to very different QTL
effects in the two genetically divergent pools and, therefore, low transferability of GP model equations
across pools. Nevertheless, in line with Lehermeier et al. (2014), we observed higher prediction accuracy
for the AP approach for DS, suggesting that the flint and dent pools share more common QTL for DS than

for DON and GER.

For all traits and TS sizes, the Cl and CD approaches had generally lower or similar prediction
accuracy compared with the WP approach, even when the TS sizes were doubled for the CI and CD
approaches by adding lines from the opposite pool. This is in agreement with the low genomic correlations
between the flint and dent pools for all traits estimated in this study, showing that incorporating genetically
distant lines from the opposite pool does not necessarily accumulate useful information in the TS. When
increasing the TS size, the prediction accuracy was increased as expected for all traits and GP approaches,
however, the increase was marginal for DON and GER compared to DS. Possible reasons are (i) the added
materials in the TS were more genetically distant from the PS for DON and GER than for DS, and/or (ii)
the effective population size for DON and GER is smaller than for DS (Technow et al. 2014b; Technow et

al. 2013; Lorenz et al. 2012).
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For the AP, WP and CI approaches, we compared two frequently-used biometric models for GP,
namely the GBLUP model and one of the Bayesian variable selection models, the BayesB model
(Meuwissen et al. 2001). According to Habier et al. (2007, 2013), the Bayesian models generally outperform
the GBLUP model, if the TS is composed of multiple populations that are not closely related. The GBLUP
model, which assumes that the effects of the genome-wide markers are taken from a normal distribution
with equal variance, is very efficient in capturing relationship information, whereas the Bayesian models
rely more on LD information persisting across less related materials (Weber et al. 2012; De Roos et al.
2009). Contrary to expectation, we observed that the BayesB model did not yield higher predication
accuracy than the GBLUP model for all traits and TS sizes when applied for the AP, WP and ClI approaches,
except for the WP approach with the TS size <92. Furthermore, the CD approach using the multi-trait model
(i.e., MG-GBLUP model) was applied to explore and account for the potential correlations of marker effects
between pools in the combined-pool TS. Different from our expectation, no significant difference in the
prediction accuracy was observed for the Cl and CD approaches, which agrees well with low genetic
correlations estimated for all traits between the flint and dent pools in our study (Wientjes et al. 2016). A
further explanation is that the investigated TS sizes were medium and the power was low to estimate a large
number of population-specific parameters for estimation of inter-pool genetic correlations in the CD

approach.

In conclusion, in order to achieve high prediction accuracy for QTL-based prediction (i.e., MAS)
and GS, the TS should be composed of materials closely related with the PS and the TS size should be large,

irrespective of the trait and statistical model.
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6. Summary

During the last decades, implementation of molecular markers such as single nucleotide
polymorphisms (SNPs) has transformed plant breeding practices from conventional phenotypic selection to
marker-assisted selection (MAS) and genomic selection (GS) that are more precise, faster and less resource-
consuming. In this dissertation, we investigated these three selection approaches for improving the
polygenic trait Gibberella ear rot (GER) resistance in maize (Zea mays L.), which is an important fungal
disease in Europe and North America leading to reduced grain yield and grain contaminated with

mycotoxins such as deoxynivalenol (DON) and zearalenone (ZON).

Three different sets of materials were evaluated in multiple environments and analyzed for different
objectives. In the first study, five flint doubled-haploid (DH) families (with size 43 to 204) inter-connected
at various levels through common parents, were generated in an incomplete half-diallel design with four
parental lines developed by the University of Hohenheim. Significant genotypic variances and generally
high heritabilities were observed for all three traits (i.e., GER, DON and days to silking (DS)) in all families,
implying good prospects for resistance breeding and phenotypic selection against GER across different
environments in European maize germplasm. Genetic correlations were extremely tight between DON and
GER and moderately negative for DS with DON or GER, suggesting that indirect selection against GER
would be efficient to reduce DON, but maturity should be considered in GER resistance breeding. Using a
high-density consensus map with 2,472 marker loci, we compared classical bi-parental mapping of QTL
(quantitative trait locus/loci) with multi-parental QTL mapping conducted with joint families and using four
different biometric models. Multi-parental QTL mapping models identified all and even further QTL than
the bi-parental QTL mapping model conducted within each family. Interestingly, QTL for DON and GER
were mostly family-specific, yet multiple families had several common QTL for DS. Many QTL displayed
large additive effects and most favorable alleles originated from the highly resistant parent. Interactions

between detected QTL and genetic background (family) were rare and had comparatively small effects.
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Multi-parental QTL mapping models generally did not yield higher prediction accuracy than the bi-parental

QTL mapping model for all traits.

In the second study, two diversity panels consisting of 130 elite European dent and 114 flint lines,
respectively, from the University of Hohenheim were evaluated and subject to a genome-wide association
study within each pool. Similar to the first study, highly significant genotypic and genotype % environment
interaction variances were observed for GER, DON and DS. Heritabilities were moderately high for GER
and DON and high for DS in both pools. Estimated genomic correlations between pools were close to zero
for DON and DS, and slightly higher for GER. The detected QTL for DON were all specific to each heterotic
pool and none of them was in common with previously detected QTL. Furthermore, no QTL was detected
for GER and DS in both pools. Genomic prediction (GP) across pools yielded low or even negative
prediction accuracy for all traits. When the training set (TS) size was increased by combining lines from
both heterotic pools, the combined-pool GP approaches had no higher prediction accuracy than the within-
pool GP approach. Different from expectation, method BayesB did not outperform genomic best linear

unbiased prediction (GBLUP).

In the third study, we analyzed two backcross (BC) families derived from a resistant and a
susceptible recurrent parent. Both BC populations differed substantially in their means for all traits,
suggesting that the two recurrent parents have different QTL alleles for GER resistance. Relatively high
correlations were observed between DON and ZON concentrations measured by immunoassays and GER
visual severity scoring and NIRS (near-infrared spectroscopy) within each BC population. Thus, the
mycotoxin content in grain can reliably be reduced by directional selection for GER severity and NIRS

measurements that are less expensive and less laborious.

In conclusion, GER resistance in European maize germplasm can be effectively improved through
breeding with resistant donor lines. GER visual severity scoring and NIRS measurements were found to be
reliable predictors for DON and ZON concentrations in grain. We observed that QTL for GER and DON

are mostly specific to a few families or a limited number of materials, whereas QTL for DS are more

29



commonly shared between families. The multi-parental QTL mapping approach is complementary to the
classical bi-parental QTL mapping in that the latter has generally higher power to identify rare but large-
effect QTL for traits such as GER and DON, whereas the former is superior in detecting common but small-
effect QTL for traits such as DS. Composing the TS with materials more closely related to the prediction
set and increasing the TS size generally resulted in higher prediction accuracy for MAS and GS, irrespective

of the trait and statistical model.
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7. Zusammenfassung

In den letzten Jahrzehnten hat die Anwendung molekularer Markern wie z.B. Single Nucleotide
Polymorphismen (SNPs) die praktische Pflanzenziichtung von der konventionellen ph&notypischen
Selektion hin zur markergestitzten Selektion (MAS) und genomischen Selektion (GS) verandert, da letztere
Methoden oft préaziser, schneller und weniger ressourcenintensiv sind. In dieser Dissertation untersuchten
wir diese drei Selektionsansatze zur Verbesserung des polygenen Merkmals der Gibberella-Kolbenfaule
(GER)-Resistenz bei Mais (Zea mays L.), einer in Europa und Nordamerika bedeutenden Pilzkrankheit, die
zu verringertem Kornertrag und zu kontaminiertem Erntegut fihrt, belastet mit Mykotoxinen wie
Deoxynivalenol (DON) und Zearalenone (ZON).

In dieser Arbeit wurden drei verschiedene Materialsdtze von Maisinzuchtlinien in mehreren
Umwelten evaluiert und fur unterschiedliche Ziele analysiert. In der ersten Studie wurden funf
Doppelhaploiden(DH)-Familien (GroRe 43 bis 204), die durch gemeinsame Eltern untereinander verwandt
waren, in einem unvollstandigen Halb-Diallel-Design mit vier von der Universitat Hohenheim entwickelten
Flint-Elternlinien generiert. Signifikante genotypische Varianzen und allgemein hohe Heritabilitaten
wurden fir alle drei untersuchten Merkmale (GER, DON und Tage bis zur weiblichen Blute (DS)) in allen
Familien beobachtet, was gute Erfolgsaussichten fiir Resistenzziichtung und phéanotypische Selektion gegen
GER in verschiedenen Umwelten im europdischen Zuchtmaterial verspricht. Die genetischen Korrelationen
zwischen DON und GER waren extrem eng und fur DS mit DON oder GER moderat negativ. Dies deutet
darauf hin, dass eine indirekte Selektion gegen GER effizient ware, um die DON-Konzentration zu
reduzieren, jedoch die Reife bei der GER-Resistenzziichtung in Betracht gezogen werden sollte. Unter
Verwendung einer hochdichten Konsensus-Karte mit 2.472 Marker Loci verglichen wir die klassische bi-
parentale Kartierung von QTL (quantitative trait locus/loci) mit der multi-parentalen QTL-Kartierung, wozu
alle Familien and vier verschiedene biometrische Modelle herangezogen wurden. Mit multi-parentale QTL-
Kartierung-Modellen wurden alle und sogar noch weitere QTL identifiziert als mit dem bi-parentale QTL-

Kartierung-Modell, das jeweils innerhalb jeder Familie verwendet wurde. Interessanterweise waren die
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QTL fir DON und GER meist familienspezifisch, wéhrend fir DS verschiedene Familien mehrere
gemeinsame QTL aufwiesen. Viele QTL zeigten bedeutende additive Gen-Effekte und die gunstigsten
Allele stammten vom hochresistenten Elter. Interaktionen zwischen den detektierten QTL und dem
genetischen Hintergrund (Familie) waren selten und hatten vergleichsweise geringe Effekte. Multi-parentale
QTL-Mapping-Modelle ergaben meist keine hohere Vorhersagegenauigkeit als bi-parentale QTL-
Kartierung-Modelle fiir alle Merkmale.

In der zweiten Studie wurden zwei Diversitats-Panels bestehend aus 130 européischen Elite Dent-
bzw. 114 Flint-Linien der Universitat Hohenheim evaluiert und innerhalb jedes Pools einer genomweiten
Assoziationsstudie unterzogen. Ahnlich wie in der ersten Studie wurden fir GER, DON und DS
hochsignifikante genotypische Varianzen und Genotyp x Umwelt-Interaktionsvarianzen beobachtet. Die
Heritabilitaten waren mittelhoch fiir GER und DON und hoch fur DS in beiden Pools. Die geschatzten
genomischen Korrelationen zwischen den Pools waren fur DON und DS nahe Null und fur GER etwas
hoher. Die nachgewiesenen QTL fur DON waren alle spezifisch fur den jeweiligen Pool und verschieden
von zuvor detektierten QTL. Daruiber hinaus wurde in beiden Pools kein QTL fiir GER und DS gefunden.
Die genomische Vorhersage (GP) (ber Pools hinweg ergab eine geringe oder gar negative
Vorhersagegenauigkeit fiir alle Merkmale. Selbst wenn die Grof3e des Training-Satzes durch Kombinieren
von Linien aus beiden heterotischen Pools erhdht wurde, hatten die GP-Ansatze mit kombinierten Pools
keine hohere Vorhersagegenauigkeit als der GP-Ansatz innerhalb eines Pools. Anders als erwartet war beim
Vergleich der statistischen Verfahren die BayesB Methode der genomischen besten linearen unverzerrten
Vorhersage (GBLUP) hinsichtlich der VVorhersagegenauigkeit nicht tiberlegen.

In der dritten Studie analysierten wir zwei Riickkreuzungsfamilien (BC), die von einem resistenten
und einem anfalligen rekurrenten Elter stammten. Beide BC-Populationen unterschieden sich erheblich in
ihren Mittelwerten fir alle Merkmale, was darauf hindeutet, dass die beiden rekurrenten Eltern
unterschiedliche QTL-Allele fir GER-Resistenz besitzen. Zwischen DON- und ZON-Konzentrationen
Relativ wurde hohe Korrelationen beobachtet. Neben Immunoassays wurde auch visuelle Bonituren fir den

Befallsgrad von GER sowie NIRS(Nah-Infrarot-Spektroskopie)-Messungen am Erntegut innerhalb jeder
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BC-Population durchgefiihrt. Danach stellt eine Selektion basierend auf visuellen Bonituren des Befalls von
GER oder NIRS-Messungen am Erntegut einen effizienten und kostenglinstigen Ansatz zur Reduzierung
des Mykotoxin-Gehalts dar.

Zusammenfassend l&sst sich aus den Ergebnissen ableiten, dass die GER-Resistenz im europaischen
Mais durch Ziichtung mit Hilfe resistenter Donoren effektiv verbessert werden kann. Die visuelle Bonitur
des GER-Befallsgrades und NIRS-Messungen am vermahlenen Erntegut erwiesen sich als zuverlassige
Indikatoren fiir die Rangierung von Genotypen hinsichtlich der DON- und ZON-Konzentration in
Maiskornern. Die detektierten QTL fiir GER und DON waren meist spezifisch fir einige wenige Familien,
wahrend fur DS haufiger gemeinsame QTL in mehreren Familien vorlagen. Der Ansatz der multi-parentalen
QTL-Kartierung ergéanzt die klassische bi-parentale QTL-Kartierung insofern, als letztere meist eine hohere
Aussagekraft hat, um seltene QTL-Allele mit groRem Effekt fir Merkmale wie GER und DON zu
detektieren, wahrend erstere bei der Detektion von haufig vorkommenden QTL-Allelen mit geringem Effekt
fir Merkmale wie DS (berlegen ist. Unabhdngig vom Merkmal und dem verwendeten statistischen
Verfahren konnte die Vorhersagegenauigkeit flir MAS und GS durch eine engere Verwandtschaft zwischen
dem zur Selektion vorgesehenen Zuchtmaterial und dem Trainingssatz und einer VergroRerung desselben

verbessert werden.
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