ABSTRACT

BIAN, YANG. Genetic Mappingand Genomic Prediction of Maize Quantitativeits.
(Under the directioof James B. Holland

Genomicdata holds promise to help crop breeders to continue increasing crop
production to keep pace withstgrowingglobalpopulation while minimizing
environmental impact from farming. Effective use of genetic variation for plant breeding
requires an understdimg of the genetic architecture of agronomic traits. In Chapter 2, |
revisited quantitative trait locus (QTL) and genewide associatiofGWA) analyses of
southern leaf blight (SLB) resistance in the maize Nested Association Mapping (NAM)
populations taletermine how sensitive the results of these studies are to changes in input
data. | used an updated NAM linkage map that has-Bokhgreater marker density and
updated founder haplotype data set containing 17 times more (28.5 million) genomic variants
than a previous study. Sensitivity analysis indicated that QTL were relatively stable to
perturbations of data inputSWAS had lower power due to stringent thresholds designed to
minimize false positive associations, resulting in variability of deteettwass studies. The
updated higer density linkage map improv€T L estimation and, along witlnuch denser
SNP HapMap, greatly increasethe likelihood of detecting SNPs in linkage with causal
variants. | recommend use of the updated genetic resourcessaiitd but emphasize the
limited repeatability of smakffect associations.

QTL models can provide useful insights into trait genetic architecture because of
straightforward interpretability, but their accuracy is limited due to difficulty in including
numerous smakffect loci without overfitting. In Chapter 3, | developed a thinning and
aggregating (TAGGING) method as a new ensemble learning approach to QTL mapping.

The original linkage map marker sets were stratified intersaps, QTL mapping models



were trained upon the thinned marker sets as based learners in parallel, and aggregated by
averaging the predictions from the base learners to predict the test data. TAGGING reduces
collinearity problems by thinning dense linkage maps, maintains aspectsier selection

that characterize standard QTL mapping, and by ensembling, incorporates information from
many more marketrait associations than traditional QTL mapping. TAGGING was
compared to standard QTL mapping using cross validation in the mAideppulations.
TAGGING-assisted QTL mapping substantially improved prediction ability for both
biparental and multiparental populations, by reducing both the variance and bias in
prediction. Furthermore, an ensemble model combining predictions from TAG&dsisted

QTL and infinitesimal genetic models improved prediction abilities over the component
models, indicating some complementarity between model assumptions and suggesting that
some trait genetic architectures involve a mixture of a few major QTlpalydenic effects.

GWA typically identifies a number of markénait associations, but top associations
alone have low prediction ability for most trai&enomic prediction (GR)an use the same
genotypic and phenotypic data as GWhBut instead of iderfiring individual polymorphisms
that control traits, GP models emphasize best possible predicted values. Ideally, GP will
become indistingishable from GWATf the identified SNPs are of importance. In Chapter 4,
| developedwo linear mixed models for GW#& maize NAM populations, based on SNPs
having equal or variable effects across families, aiming for mapping reliable associations
outstanding the polygenic background. Byplitly incorporating the GWAliscoveries as
fixed effects into the infinitesimahodel, prediction of two disease resistance traits was
significantly improved. Simulation studies revealed that the effectiveness of this joint

approach depends on the extent of polygenicity of the traits. The refined GWA models can



provide guidelines fodistinguishing the purely polygenicity from the mixture genetic
architecture. The difference in genetic architecture of traits has important implications for
breeding strategies that can benefit from improving the GP models. Some of the best
opportunitiego the future of crop improvement may lie in using genomic modification
technologies to directly target discovery of variation derived from allele mining and

comparative genomics.
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CHAPTER 1: Literature Review

Genetic mapping

Genetic mapping afuantitative traits aims to identify quantitative trait loci (QTL)
underlying phenotypic variation. Two major approaches, linkage analysis (QTL mapping)
and association mapping (linkage disequilibrium mapping), both aim to identify associations
between pheotypes and genotypes by identifying sequence polymorphisms that are
correlated with phenotypic variation through correlation with causal sequence variation.
Adopted from human genetics studies in mid 2000s, ge+vaiohe association study
(GWAS) is widely aplied to identify candidate regions associated with agronomic traits in
maize and emerging as the method of choice in other crop species. The strategy of GWAS is
to genotype enough DNA markers across the genome so that functional loci will likely be in
linkage disequilibrium (LD) with the tested markers.

In maize, a haplotype map (HapMap) Project has generated millions of single
nucleotide polymorphisms (SNPs) and other DNA structural variants

(http://www.panzea.ory{GorE et al.2009;CHIA et al.2012) increasingly satisfying the

necessary amount to cope with the large genome size araetast LD structure for diverse
collections. While genotypirgy-sequencing (GBS) has betr® economic high throughput
genotyping technology thus far, the decreasing costs ofgegdration sequencing (NGS)

will allow future projects to costffectively generate whole sequence for a large sample size,

unlocking all DNA polymorphisms in the mpping population under study.


http://www.panzea.org/

After identifying quantitative trait nucleotides (QTNSs), researchers hope to
understand how the DNA sequence differences result in phenotypic differences. The
dissection of the phenotypic variation due to genetics will not prdvide guidance to the
subsequent functional and pathway analysis, but also lead to more efficient breeding practice
by introducing favorable alleles from new germplasm sources while eliminating deleterious
alleles into or out of the elite variety, whics a particular fortunate task to agriculturalist
(TANKSLEY AND McCouUCH 1997)

Whole genome sequencing promises to provide information on all sequence variants
in the sample under study, but comgplsequence information alone does not result in
identification of the variants causing phenotypic variation. Beyond coverage of all true
sequence polymorphisms, the power and resolution of GWAS is limited by the extent of LD,
allele frequencies, samplesiand genetic architectures. Genetic architecture is the atlas of
gene effects and networks that are responsible for heritable genetic variation in a quantitative
trait, and can be seen as a map of genes locations, effects and relationships. Genetic
archtecture underlying quantitative trait is a critical factor affecting successful detection of
genes, and the one factor that cannot be controlled by the investigator. The power to detect an
association between a functional variant and a phenotype is @fuotthe allele frequency
and the effect that the functional variants have on the phenotypic variation. Numerous QTL
of small effects will be naturally difficult to detect at the gene level than a small number of
QTL of large effects. The vast majoritymaize QTL have small effec(BUCKLER et al.
2009;Kump et al.2011;TiAN et al.2011;0LukoLU et al.2014;WALLACE et al.2014) but

to what extent the genetic architectures differ among traits remains largely unknown. GWAS



models need to be improved for sufficient power to detect ssffaltt QTL, whch can
reveal a better picture of the common phenotypic variation.

Most GWAS analyses proceed first by filtering out the genetic markers that segregate
at low frequency in the mapping population. However, most alleles have low frequency in
diverse maize g@mplasm samplg®RomAY et al.2013) and30% of the polymorphisms in a
diverse panel of 27 maize inbred lines are unique to a singléMyles et al. 2009)If rare
alleles collectively have substaitinfluence on phenotypic variation, we may be missing
many functional variants in GWAS due to a combination of data filtering and low power of
detection of rare allele effects. By making controlled crosses, however, the frequencies of
alleles capturechithe parents are balanced in the progeny, increasing power of detection of

their effects.

Nested association mapping populations

Genetic analysis of quantitative traits using multiparental populations takes advantage
of large sample size by constructiting populations from interconnected related small
biparental familiegChurchill et al. 2004; Kover et al. 2009; McMullen et al. 2009; Mackay
et al. 2012Bauer et al. 2013By tracking identityby-decent (IBD) of linkage markers,
researchers can project extensive sequencing information from founder lines onto their
progenies, based oawer density marker genotypes on the progenies. As a strategy to
control for spurious markgrhenotype associations due to population structure, linear mixed
models (LMM) were introduced into GWAS by taking population memberships, principal

components asxfed-effect covariate and/or kinship relationship as randdi®ct correlation



structure(Yu et al. 2006; Zhang et al. 20l@WAS sample size is largely increased by
combining nultiparental populations, and allele frequencies are pushed away from being
rare. However, all previous GWAS applied biallelic genetic assumption, implying that the
same allele always has the same effect independent of the soorakipdrental
populatios In theory, it is certainly possible for the tested SNPs to have differential effects
across populations. The tested markers may have differential LD with the functional variants
varying by populations, different populations may have different (or fanejional variants,
and QTN may have epistasis. In this dissertation, | therefore explored and evaluated a new
GWAS model based on such populatogpendent genetic assumption.

Maize nested association mapping (NAM) populations provided a community
resaurce for studying quantitative traBUckLER et al.2009) The 25 diverse founder
inbred lines selected to create biparental families in crosses with the common founder B73
were chosen to maximize the genetic diversity representing the global public maize
germplasniLiu et al.2003;BUCKLER et al.2009) The maize NAM populations were
genotyped with a common set of thousands of single nucleotide polymorphism (SNP)
markerg(McMullen et al. 2009and a consensus map was constructed to allow a joint family
QTL analysis. Moreover, all NAM founder lines were whgknome sequenced to produce
maize HapMap, along withtleer important maize inbred lines. The first version of HapMap
(HapMap V1) contained 1.6 million SNSore et al. 2009 HapMapV2 released 26.5 M
SNPs and readepth variantsRDVs) (Chia et al. 2012)currently HapMap V3 is under
release, and thdapMap V4 is under construction. All NAM recombinant inbred lines

(RILs) were grown and phenotyped together across a wide range of geographic and climate



regions for multiple years, and so far at least 41 agronomic traits have been thoroughly
studied usig maize NAM populations (for the list of traits, g¥¢allace etal. 2014). The
NAM design itself has been applied to numerous other plant species, too.

As a genetic mapping system, maize NAM design is particularly advantageous at
high level of genetic diversity, higthensity linkage map, high mapping resolutiare do fast
LD delay, high heritability by repeated environment measures, known population structure,
and nonrare allele frequencig¥ U et al.2008;BUCKLER et al.2009;MCMULLEN etal.
2009) All those merits permit NAM a good detection power and high resolution in
dissection of natural phenotypic variation in complex traits. Key findings from previous
research on the maize NAM population in@utiat the vast majority of maize QTL have
small effects, little evidence of epistasis is found for most maize agronomic traits, and a
significant proportion of the phenotypic variance is explained by the simple additive models
of the detected SNPs. In ation, substantial phenotypic variation is controlled by sets of
common QTL/genes with series of allele effects, indicating of clustered rare alleles
contributing to the genetic variation. As part of this dissertation, | presefaralgsis of the
maizeNAM populations to gain further insights into the genetic architectures of southern
leaf blight, flowering time, gray leaf spot and plant height by developing a few novel
statistical genetic mapping models.

Questions about the optimal experimental deaiggh statistical analysis remain. The
best allocation of germplasm resource in multiparental populations is still a vigorous research
area for experimental design; for NAM design, there has been speculation for doubling the

common founder lines or increagithe alternate founder lines at the expense of reducing



each family sample size. More importantly, while the current NAM studies and other GWAS
studies using the modern maize lines have restrictedly focused on common variants, most of
the rare allele divsity has been left out in describing the basic genetic architecture of traits.
For example, the current breeding germplasm in both public and commercial programs have
a relatively narrow origin and are heavily recycled. Much of publically accessibletfacte
germplasm was reported to originate from seven progenitor lines: B73, LH82, LH123,
PH207, PH595, PHG39, and Mo(Mikel and Dudley 2006)While modern maize inbred

lines developed from pedigree breeding have gone through a strong bottleneck on diversity,
which drove many Isiorical rare alleles to become (nearly) lost, the outcrossing maize
landraces experienced less severe bottlenecks from selection during domestication and
adaption. The maize landraces should have much more prevalent rare alleles across genome;
and througlproper design of mating and contrasting among modern maize and landraces,

they make it a promising genetic modeling system to unravel the biology of rare alleles.

Genomic prediction research

Empirical and simulation evidence suggests that genomic poed{GP) can
produce greater genetic gain per unit time than phenotypic selection in plant breeding with
use of yearound nurseries and highroughput genotyping technolog@ileffner et al. 2011,
Massman et al. 2013GP can utilize all available genomic markersudtaneously to
prediction quantitative traits; many GP models assume that the performance of trait is a

product of all loci in the genome. The implementation of GP in both public and commercial



breeding programs can ultimately deliver higher yielding, nadapted, and most pest and
disease resistant lines at a faster speed.

While both GWAS and GP can use the same data and similar statistical models,
predictionists aim to accurately estimate breeding values without emphasizing genetic
mapping. GP has shovgneat promise for animal breeding programs and is increasingly
being adopted in plant breedifigesLoTet al.2012) Despite varying success in GWAS
gene discovery due to LD structure, rare alleles and other constrains, GP for quantitative
traits seems to work well as long as the marker coverage is extensive and training and test
samples are clety related. For example, in genomic BLUP (GBLUP) model, if marker
based genetics relationships are a good approximation of the additive genetic relationships at
QTL, predictions should be accurate. When the marker alleles have tight LD with causal
alleles GBLUP model promises to result in a good prediction performance, especially when
the phenotypic variation is controlled by numerous QTL with small effect. A mixture of
major and smaléffect QTL would otherwise favor variable selection techniques frem th
Bayesian alphabet ligMEUwWISSENet al.2001;PARK AND CASELLA 2008;GIANOLA et al.
2009;HABIER et al.2011) The Bayesian models tend to require long computation time, so
sometimes it is not practical to cope with thst fdecision making needed in breeding
program. The parameter estimates from Bayesian epacmetric methods (kernel
methods, random forest etc.) are sensitive to priors and unstable across studies, although
good predicted values are of much interesgih In this dissertation, | present some novel
ideas of merging QTL mapping model into GP model by ensemble learning. At the present,

the efficacy of GP is limited by its accuracy and a continuing effect needs to be devoted into



improving methods. In thidissertation, | demonstrate that GP can be indistinguishable from

GWAS, and GP can be further improved by the GWAS discoveries.

Missing pieces and prspectives

GP has proven useful for withfiamily prediction. Crosopulation or crosgamily
prediction is arguably the most difficult hurdle to jump. So far, GP models tuned on one set
of samples are often of little value in predicting unrelated populationsinitied factors to
transferability may include rare alleles, poor estimation, and epistasis, among others. There
have been some GP studies investigating optimally allocating training set germplasms of
multiple related or unrelated small biparental famitepredict progeny from other crosses.
However, further efforts needs to be put into studying the best practice of modeling in cross
population prediction: the statistics and analytics need to be further reformed to tailor the
difference between trainirgnd test sets. Second, it is important to extend the GP framework
into multi-trait joint selectior(Jia and Jannink 2012ecause only the comprehensive
selections can realistically meet the realrld breeding practice. Additiah layers of
genomic information such as RNA profiles, transcriptomic data, epigenetic data,
metabolomic data and other biomarkers may be crucial to broaden the current genetic
variation source and genetic predictabi(iBiedelsheimer et al. 2012)

Finally, large scale genotypic and phenotypic data sets along with appropriate data
analysis methods havied potential to assist continued gains in crop productivity. In the past
several years, there has been increasing interest in high throughput phenotyping platforms

(HTPPs). Aerial and groundbased HTPPs collect continuous, detailed, and massive



information throughout the plant life cycle. Taking advantage of genetic, field, and climate
data, precision agriculture is just around the corner. Last but not leastst¢atgeand cost
effective genomic editing in the future may pave the way to rapidly trartblatgene

discovery, evolution analysis and comparative genomics into targeted modification of plant
genetic makeup. Extremely large numbers of causal variants and limited recombination
hinder the use of conventional breeding techniques to eliminatenialst alleles and
introgress favorable alleles, but genomic editing could shift the paradigm to outpace the
limitation of recombination beyond the biology of the species, permitting unprecedented

advances in the improvement of crops.
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Abstract

Background

A previous study reported a comprehensive quantitative trait locus (QTL) and
genome wide association study (GWAS) of southern leaf blight (SLB) resistance in the
maize Nested Association Mapping (NAM) panel. Since that time, the genomic resources
available 6r such analyses have improved substantially. An updated NAM genetic linkage
map has a nearly siold greater marker density than the previous map and the combined
SNPs and read depth variants (RDVSs) from maize HapMaps 1 and 2 provided 28.5 M
genomic vamnts for association analysis, 17 fold more than HapMap 1. In addition,
phenotypic values of the NAM RILs were-estimated to account for environmespecific
flowering time covariates and a small proportion of lines were dropped due to genotypic data
gudity problems. Comparisons of original and updated QTL and GWAS results confound
the effects of linkage map density, GWAS marker density, population sample size, and
phenotype estimates. Therefore, we evaluated the effects of changing each of these
paramegrs individually and in combination to determine their relative impact on maeker

associations in original and updated analyses.

Results

Of the four parameters varied, map density caused the largest changes in QTL and
GWAS results. The updated Qhhodel had better crosalidation prediction accuracy than
the previous model. Whereas joint linkage QTL positions were relatively stable to input

changes, the residual values derived from those QTL models (used as inputs to GWAS) were
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more sensitive, re#iing in substantial differences between GWAS results. The updated
NAM GWAS identified several candidate genes consistent with previous QTmipping

results.

Conclusions

The highly polygenic nature of resistance to SLB complicates the identificdtion o
causal genes. Joint linkage QTL are relatively stable to perturbations of data inputs, but their
resolution is generally on the order of tens or more Mbp. GWAS associations have higher
resolution, but lower power due to stringent thresholds designethimize false positive
associations, resulting in variability of detection across studies. The updated higher density
linkage map improves QTL estimation and, along with a much denser SNP HapMap, greatly
increases the likelihood of detecting SNPs in lirkagth causal variants. We recommend
use of the updated genetic resources and results but emphasize the limited repeatability of

smalleffect associations.

16



Introduction

Methods for elucidating the genetic architecture underlying quantitative vaiiation
plants have evolved substantially over the last 25 years, following the first report of genome
wide quantitative trait locus (QTL) mapping [1]. The maize nested association mapping
(NAM) population is composed of 5,000 recombinant inbred lines (RILs)etkfrom
crosses between inbred line B73 and 25 other inbred lines of maize [2]. These parents were
selected to capture a maximum amount of molecular genetic diversity present across the
major subpopulations of public maize breeding germplasm [3,4]niEiEee NAM
population has been used to study genetic architectures for a number of quantitative traits of
maize [511], including Southern leaf blight (SLB) resistance [8].

Southern leaf blight is a foliar disease of maize caused by the f@Quginiobolus
heterostrophus The di sease was responsible for a ma
[12] and continues to limit or threaten maize production worldwide. Natural variation in
resistance to SLB is polygenic and may involve a diverse array of funcgenas and
pathways [8,13]. Using joint linkage mapping (JLM) and genentke association study
(GWAS) the genetic architecture of resistance to SLB in the NAM population was associated
with more than 30 loci with small additive effects [8]. With the récelease of maize
HapMap?2 [14] and a denser linkage map based on genotggiagquencing (GBS [15,16])
with markers positioned every 0.2 cM, QTL identified by JLM can be more precisely
localized on the genetic and physical sequence maps. The densge iin&g is also

expected to permit more accurate projection of the more than 28 M SNPs among parental
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lines in maize HapMaps 1 and 2 onto NAM RILs, which should provide mapping precision
to the limits dictated by linkage and disequilibrium in this poputatio

Two-stage regression analysis has been widely used to test SNPs for associations with
guantitative diseases in human{19], and this approach has been adopted for GWAS in
plants. In the first stage, observed phenotypes are regressed on covariasss such
demographic, clinical, and/or environmental factors. In the second stage, the residual values
from the first stage model (6residual outcon
on genetic markers in a simplar multiplelinear regression. Dpite its convenience in
computation, the twstage method can result in a downwardly biased estimate of genotypic
effects and loss of power in detection as a result of dependency between covariates and the
tested SNP genotypes [20,21]. Tstage approackere also used to combine the
complementary advantages of JLM and GWAS in NAM [7,8,10]. In the first stage, JLM is
performed using a consensus linkage map to identify QTL across the genome. In the second
stage, GWAS is performed chromoselechromosomeysing separate input values for
each chromosome that are obtained as residuals from the first stage QTL model, built by
excluding QTL on the chromosome to be tested for GWAS. The purpose of this is to adjust
phenotype values used for association analgsithke effects of QTL on other chromosomes.
This approach is expected to be largely free of the problem of dependency between
covariates (QTL) fit in the first stage and SNPs tested in the second stage, since only QTL on
different chromosomes than the t8§tPs are fit as covariates.

We are working toward identifying the causal variants underlying quantitative

resistance to SLB, relying, in part, on the information provided by NAM. The objective of

18



this study was to ranalyze resistance to SLB in the mai&M panel using the updated

genetic and haplotype maps, to compare the results with those of the previous analysis, and
to determine which results are more reliable. The previous JLM analysis was based on SLB
phenotypes measured on 4694 RILs and a linka@e of 1106 SNPs [2], and the previous
GWAS analysis was based on 1.6 M SNPs of HapMap 1 [22]. Since that analysis, the mixed
model used to produce the phenotypic inputs to the analysis was updated to better adjust for
the effect of flowering time on SLEBesistance phenotypes. The updated #AB8&6ker map

has a uniform density of one marker every 0.2 cM, but the number (4413) of RILs
phenotyped and genotyped with this map is smaller than previously (4694 RILS). Therefore,
a second objective of this studysv@ measure the influence of each of the changes in the
data used for analysis (genetic maps, RIL sample sizes, and phenotype values) on the current
two-stage JLMassociation analysis in the NAM panel, using SLB as an example. Finally,
crossvalidation wa used to compare the prediction power of the original JLM model of

Kump et al. [8] and the updated JLM model in the NAM panel.
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Results

Modeling the effect of flowering time on SLB resistance

The relationship between flowering time and disease resisteaseomplex. Among
the 135 of 156 possible combinations of rating x environment x NAM populations for which
there were sufficient data for analysis, there was no significant relationship between
flowering time and SLB resistance for 56 combinations, tinelationships for 75
combinations, and quadratic relationships for 4 combinatibaisl¢ 1 in File A-1). Only
four populations exhibited a consistent relationship across ratings and environments (no
effect for populations 11 and 22; linear effects fopydations 8 and 26). Thus, the majority
of disease ratings in every population exhibited significant but variable relationships with
flowering time. The flowering time covariate effects were generally sniatiiged from
1% to 22%), however, and the upethcombined mixed model incorporating variation in the
flowering time covariate effect only slightly altered the BLUPSs: the original and updated
BLUPs were highly correlated betweentries in each population ifm= 0.980; nax
=0.997), and there were orsybtle differences in the rankingbpopulation mean effects*(r

=0.983).

Precision of QTL localization and improved QTL prediction power

JLM analysis with the 738farker map, updated BLUPs of 4413 RILs, and iterative
optimization (model 7 ifable21) , i denti fied 33 QTL (referred
associated with variation in resistance to SLB in the NAM panel, with support intervals

averaging 4.6 cM and ranging from 1.8 cM to 14.0 ddle 2-2). Combined, the 33 QTL
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from model 7 were associatasth 84% of the phenotypic and 98% of the genotypic
variation for resistance to SLB. All model 7 QTL had small effects; absolute values of
significant (p <0.05) allele effects averaged 0.14 (range: 0.07 to 0.35) oibtlsedle used
for quantifying resisince [8] Figure 21; Additional file 1: Tables S2 and S3). The two
model 7 QTL with the largest resistance effects across RIL families mapped to 43.4 cM and
54.4 cM on chromosome 3.

The JLM results are generally similar to those reported by Kump[&{,alvho
identified 32 QTL (here, model 1), each of which had relatively small allelic effects of
similar magnitude to model 7 QTL. To directly compare the positions of QTL from models 1
and 7, we interpolated model 1 QTL peak positions onto the-#28ke map according to
the AGP v2 physical positions of the SNPs identified as model 1 QTL pEakke (2-2).
The median distance between the closest matching QTL peaks of model 1 and 7 was 5.6 cM
(Table 2-2). Smallereffect QTL tended to have larger discregas in position between the
models.

Prediction accuracy of JLM QTL models developed from original and updated inputs
were compared by crosglidation. A small number of RILs used in model 7 were not used
in model 1 because of missing data in the originehge map, so we identified a set of 4354
RILs in common between the original and updated data sets. QTL positions from models 1
and 7 were fit to random subsets of these RILs-&stenate the allele effects and predict
phenotypes in the validationtseOn average, across 100 randomly sampled training and
validation sets, model 7 had a significantly (p <0.0001) greater prediction correlation

coefficient (r =0.86 + 0.01) than model 1 (083 + 001; Figure A-1).
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Sensitivity analysis

Seven different QL models (including models 1 and 7 previously described) were
generated using different combinations of model inputs. The inputs that varied included the
genetic map (1106harker map vs. 738ar ker map), phenotypes (Ao
Aupdat ed amd RIUSample)sizes (4354 vs. 4431 vs. 4694 Ribbje 21). QTL
peak locations were generally concordant among the seven models Fegteel 2-2).

Predicted phenotypic values of RILs based on JLM QTL models were also similar among the
models, with dlcorrelation coefficients between model predictions greater than 0.94.

In contrast to the general stability of QTL localization and predicted phenotypic
values observed among models varying for different inputs, we observed substantially lower
correlatiors between chromosonrspecific residual outcomes from these JLM QTL models
(Table 2-3). Genetic map density (1146arker map vs. 738@arker map) had the greatest
impact on the correlation between residual outcomes, followed by sample size (4694 vs.
4354 RLs), and then the different methods for handling the flowering time covariate in
generating the RIL phenotypes (original vs. updated BLUPS). Using identical algorithms and
phenotype inputs but different marker densities (1106 vs. 7386) produced a corr@dati
0.79 (models 2 and 5, models 4 and &ble 23). Dropping 340 RILs (4694 vs. 4354 RILS)
produced a correlation of 0.85 (models 1 and 2, models 3 arable 2-3). The decrease in
correlation due to sample size was attributed to total sample size pad not likely to
representation of particular families, since the proportional representation of each family in
the total NAM family did not change due to gpong lines (Tablé in File A-1). Although

original and updated BLUPs were highly corredbés input values (r 8.99), their small
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differences resulted in QTL model residuals with much greater differences, reflected in
correlations of 0.80 to 0.91 between residual outcomes differing only for original vs. updated
BLUPs (Model comparisons 1 vs 3vs 4, and 5 vs G;able 2-3). When multiple inputs

were changed simultaneously, the correlation between residuals diminished more (r ranging

from 0.77 to 0.85Table 2-3).

GWAS for SLB resistance in the NAM panel

The updated GWAS (model Eable 2-1) was performed using the 28.5 M combined
HapMap 1 and 2 SNPs and RDVs with phenotype values adjusted for unlinked QTL from
model 7. A total of 192 variants were significantly associated with SLB resistance at RMIP
O 0 . Figure 2-8 and Tables in File A-1). Model 7 QTL support intervals were highly
enriched for significant associations: whereas only 17% of all variants tested localized within
the QTL support intervals, 98 of 192 (51%) significantly associated variants were in QTL
intervals, and 32 out of 3Bodel 7 QTL support intervals contained one or more of the
significant associations. Genes containing or adjacent to the 26 significantly associated
variants were identifiedl@ble 2-4). Twentyfour candidate genes underlying 25 variants
were identified fom the B73 reference genome, but no gene was found within 100 kb of
SNP S10 64647379 &ble 2-4). Eighteen of 24 candidate genes were located in model 7

QTL support intervalsKigure 2-3).
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Comparison of multiple NAM GWAS results for SLB resistance
Theoriginal NAM GWAS for SLB resistance used 118Grker map, model 1 QTL

residuals, and 1.6 M HapMap 1 SNPs (GWAS moddale 2-1), and identified 245

significant SNP lociatpxe0 4 wi t h RMI P O0. 05 [8]. Comparin

SNP associations identified with RMIP O0.05
identified in updated model E, only 6% of the total set colocalized withikbMindows
between the two atyses. The threfold enrichment of associations within QTL intervals
compared to all tested variants observed in the updated GWAS model E (51% of associations
vs 17% of all tested) was greater than the-teld enrichment observed in the original
GWAS malel A (31% of associations vs 15% of all tested).

To evaluate NAM GWAS sensitivity to different GWAS inputs i.e. genetic map,
residual inputs, and GWAS marker density, four separate GWAS models were compared
(Table 2-1). The comparisons of GWAS analysesdxhon different input data sets indicate
that both linkage map density (1206. 7386marker map) and GWAS marker density (1.6
M SNPs vs. 28.5 M SNPs and RDVSs) influence the GWAS results dramatitabie(2-5;

Table6 in File A-1). When both linkage npgand HapMap marker densities were changed

simultaneously, | ess than 25% of associati on

RI MP 00.25 Il ocalized withinTalenBs).kb of each
RMIP values for each variant are determined Basethe proportion of data

subsamples in which the variant was selected in a multiple regression model at a given p

value, so RMIP values are subject to stochastic variation in the random sampling of data sets.

Therefore, some of the inconsistency amomgyses may be due simply to the process of
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randomly sampling the complete data set 100 times for each analysis. We estimated the
consistency of RMIP values from NAM GWAS (based oisaepling 80% of RILS) by

conducting five separate model E GWAS analysesll variants on chromosomes 3 and 10,

chosen to represent chromosomes with different numbers of QTL. Each of the five analyses
included a unique set of 100 random data samples of 80% of RILs to calculate RMIP values

from independent runs. Pairwise camnigons of association analyses indicate that 72%

81% of variants wi t1h0 ORMIOFf CSONPOs5 ,wiatnhd RBMBI9%® OO
within 10-kb windows matched between each sampling procedatdd7 in File A-1). To

estimate the consistency of RMIBlues with more subsamples, five separate model E

GWAS analyses were conducted by analyzing sets of 200 samples and 500 samples on
chromosomes 3 and 10. Pairwise comparisons showed that®1% of associations with

RMI P OO0. 05100%af SNPSvEtMI P O0. 25 ove-kbwingopse d wi t h
when 200 subsamples were useddmpute RMIP (Tabl& in File A-1). About 93%- 96%

of variants with RMIP O0.05, and 100-kh of SNF

windows when 500 subsampleere usedl{gble 7 in File A-1).
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Discussion

The maize NAM panel is a community genetic resource for dissecting the genetic
architecture of quantitative traits. It allows for the combination of high power in conventional
QTL linkage mapping and high resolutionganomewide association mapping [23,24]. We
identified 33 QTL with small additive effects across 25 NAM families. The #88fker
map has 6.7 times the marker density of the original -d@&er map, and, importantly, it
has uniform marker spacing at 0] gvithout gaps. The uniform spacing and denser map
improved the power and precision of QTL mapping in our analysis. One of the strongest
effect QTL had a discrepancy in position between QTL models 1 and 7 because it localized
to a >10 cM gap in the 1166aker map. The current study resolved what was previously
mapped as a single QTL detected at 50.0 cM of chromosome 3 (at the edge of the map gap)
into two separate QTL at 43.4 and 54.4 cM. Evidence from fine mapping anrdekightion
bi-parental QTL studis [2527] supports the existence of the two rather than the one QTL.
Thus, it appears that the increased map density improved precision of QTL position estimates
despite the loss of sample size that occurred by dropping 281 RILs in model 7. This study
only evaluated relatively small changes in sample size, we expect much larger effects on
results for more substantial sample size changes, as shown by simulation [28].

The high and uniform density of the 738tarker map eliminates the need for
interval mappig, but increases the risk of selecting collinear markers and overfitting the
QTL models. In this study, we recognized and corrected collinearity problems that occurred
during automated stepwise selection by inspecting results for some diagnostic sigrfatures

collinearity: inflated allele effect estimates at marker pairs within 10 cM of each other, and
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inflated standard errors of the allele effects. Linkage disequilibrium is extensive within
mapping families, such that the increasing power and resolut@i lboimapping plateaus at
some point with increasing numbers of markers [29]. We believe that there would be
diminishing returns from a more dense linkage map than the current, 0.2 cM dense linkage
map (7386émarker map), since we would not expect furthet.@dsolution and predictive
accuracy from more markers, while the collinearity issues and computational burden would
continue to increase [30].

Joint linkagé association mapping has been applied in adtage process. In the
first stage, the phenotypersgressed on genetic markers to identify QTL and estimate their
effects. In the second stage, the residual values adjusted by unlinked QTL are then regressed
on dense HapMap SNP genotypes, one chromosome at a time. Tsag@@pproach has
several practial advantages in that it is convenient to implement as well as computationally
efficient. However, the sensitivity of JLM residual outcomes to-fitage inputs contributes
to variation in secondtage GWAS outputs. In this study, changes in inputs {gees,
phenotypes, sample size, or combinations of them) to the JLM QTL modeling had relatively
minor effects on the QTL position estimatég(re 2-3). The resulting predicted phenotypic
values from the different models had average correlations of 548udthe average
correlations between corresponding residual values were somewhat lower: r =0.82. After
removing QTL effects from 9 out of 10 chromosomes, the chromospewfic residuals are
composed of genetic effecme pbessgent 6) &€fbec
from all chromosomes. The chromosespecific residual values are convenient for SNP

testing, because they remove the effects of QTL on other chromosomes, but as a
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consequence, the residuals represent a lower signal torattiseompared to the original
phenotypic values. This is unavoidable because each chromosome contributes only a fraction
of the total genetic effects to a complex trait. The sensitivity of the residual outcome values

to first-stage inputs highlights thafficulty of identifying individual variant effects that

account for only a small proportion of the total heritability.

GWAS results were unstable due to changes in the initial inputs to the QTL analysis
as well as to the marker set used for associatistmyg. Only about 35% of the associated
variants with RMI P OO0-kiDwindowsbetawden anaydes when tkeo mmo n
HapMap marker set was changed (from 1.6 M SNPs to 28.5 M variants). The proportion of
overlapping significant variants in 18® windows was even lower (280%) when using
different genetic maps but the same GWAS markers. Changing both genetic map and GWAS
marker inputs reduced the proportion of overlapping significant SNPs to between 13 and
21% (Table 2-5). Only four candidate geseontained variants that were significant (RMIP
00.05) across al |l 0kbwndovsVahl& in &ile A-L)yTekees i n a 1
generally poor correspondence between GWAS results of the four analyses may be due in
part to the highly polygenic nature thie trait. If many sequence variants with small effects
control the trait, but only a small proportion of the SNP associations pass stringent
thresholds, then relatively small perturbations in analysis inputs could cause substantial
differences in the padular SNPs declared as significant.

Eighteen of the 24 candidate genes identified with GWAS model E were in QTL
intervals Table 2-4). Most of the candidate gene homologs have been reported to be

involved in disease resistan(eable8 in File A-1). Leuche-rich repeat transmembrane
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protein kinases (LRFPK) regulate a wide range of developmental and defense related
processes, such as hormone perception, host specific aitibsiospecific defense response,
and wounding response [31]. The wetiidied LRRPK genes include ricXa21
(Xanthomonasesistance?l) [32,33], ArabidopsisFLS2(flagellin sensitive?) [34], and the
Arabidopsiselongation factor Tu receptor (EFR) [35]. TAmbidopsis Cytochrome P450
gene was previously identified as associated with resistance to necrotrophic fungi and aphids
[36-38]. The plant Lbox 13 gpotted leafllmutant confers enhanced non rapecific
resistance to fungal and bacterial pathogens in rice [39,40]y3ine hstidine transporter 1
(LHT1) mutant ofArabidopsisaffects resistance to a broad spectrum of pathogens [41].
The SLBassociated variants identified here by HGMWAS were found residing
within some QTLs reported in previous studies. Maize genome bins630d4,and 9.02/03
had been identified from different studies contributing to major effects on SLB resistance
[42-48]. The association with the highest RMIP (0.9) was localized to 32,885,733 bp of
chromosome 3, within a QTL region identified in other pafiahs [42,48]. The nearest
annotated gene to the associated SNP is ~60 kb downstream and encodes an RNA
recognition motif (RRMjcontaining protein (GRMZM2G132936). Another strong variant
association (RMIP = 0.4) was in theiT1 gene (GRMZM2G127342) on aiimosome 6; this
gene was previously suggested to be the causal factor for the classically defiddéocus
based on QTL finenapping [47]. One of the most significant SNPs (RMIP =0.8) is 332 bp
downstream of GRMZM2G099363 encoding a caffedgA O-methyransferase
(CCoAOMT), within a QTL region on chromosome 9 identified in other populations [42,49].

CCoAOMT has been reported to participate in lignin biosynthesis in planr&2]5Qignin
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has a particular role as a physical barrier against external pathdgniting the penetration

of pathogens into host cells. In conclusion, we recommend use of the updated JLM QTL
(model 7) and GWAS (model E) results in the search for candidate genes controlling
resistance to Southern leaf blight. The updated QTL muatkbetter prediction accuracy

than the original model, and the updated GWAS provided substantially higher marker
density, which is expected to provide a better chance of identifying variants in linkage
disequilibrium with causal variants. Further worklaittempt to validate biologically the
effects of candidate genes with the strongest statistical evidence to provide more detailed
insight into the genetic basis of SLB resistance. Finally, our results highlight the difficulties
and contingencies of religbidentifying genomic variants with small effects on quantitative

traits.
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Methods

Analysis of phenotype data

Kump et al. [8] fit a multivariate (repeated measurements) mixed model to phenotype
data collected on resistance of NAM RILs to SLB in threarenments. The data and model
described by Kump et al. (S1 supplement in [8]) were updated for this study, correcting
errors identified in the data file and applying a different approach to modeling the flowering
time covariate.

An error was found in theoding levels or dummy values for incomplete blocks
nested in population blocks to which entries had been assigned in the 07NC trial. Correcting
this led to a significant effect of incomplete blocks in 07NC, which was therefore included in
the updated mod¢BLUPs from the previous analysis are expected to be less precise,
because the random effects of incomplete blocks were confounded with the random effect of
RILs). There were two additional minor errors that were corrected: i) one plot in 06NC was
associted with an incorrect incomplete block; ii) two plots with SLB data from 07NC had
their entry information swapped. Instead of fitting the effect of flowering time on disease
resistance as a quadratic function for the entire dataset [8], the new mode¢mhsie
relationship in a more specific manner. In agnalysis step of the data for each
environment, ANOVA was used to compare the fit of linear, quadratic and cubic functions
relating flowering time (measured as days to anthesis) to disease wesistagach rating x
environment x populatieepecific combination. The final multivariate mixed model was as

follows:

31



YEiwb+ X e Xf 4G BEr®  cF GrstC LT ESEL Pl tdo R HC

wherey =[yl', y2 ' corresponding to the SLB disease ratings 1 and 2, corresponding to

the overall meafixed effects for ratings 1 and 2, and so on for the rest of the terms in the

mo d e | where d = environment fixed effects; «
flowering time fixed effects (linear or linear + quadratic effects [cubic was never sagrtifi

in the preanalysis]); b = population block nested in replication x environment random

effects; i = incomplete block nested in population block x replication x environment random

effects; ¢ = columns nested in environment random effects; r = roveginesgnvironment

random effects; p = population random effect
effects; e = entry (RIL) nested in populatio
(RI'L) nested in popul at i camdom edfectd.@srin [8]fohlyect s; a
those random factors significant (LRT< 0.10) in single environment analyses were

retained in the mukenvironment model. Modeling of variarcevariance structures was

also the same as [8], whereby a bivariate/unstredtaovariance was modeled on all random

terms in an environmesspecific manner for nested design factors (blocking effects, row and

column effects, and residual effects) and across all environments for thelassged

factors (population, populationenvironment, and entries nested in populations [fitted per
population]). For example, the covariance assumed for entries nested in population 1 is as

follows, where i indicates the specific cohort (i = 1 to 2&86Lcorresponds to the biparental

subpopuhtions of NAM):
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The multivariate mixed model was used to estimate BLUPs or phenotypic values as
an equally weighted index of the two scores for the first stage analysis of th&\WAV
procedure. We refer to the BLUPsusefliB] as fAori gi nal BLUPsO and

this study as fiupdated BLUPs. 0

Genotyping and genetic linkage map

NAM RILs were genotyped with the GBS approach by the Institute of Genomic
Diversity and the Buckler Lab at Cornell University [18,53]. A consensus genetic map
was constructed based on 7386 SNPs segregating in the NAM RILs. RILs with high levels of
homozygosity and reliable genotype scores were used in the construction of the updated
genetic map and further genetic analysis. A small ptapoof RILs included in the previous
analysis [8] were excluded from the current analysis because their GBS data were of
insufficient quality to permit reliable genotype calling. A set of markers representing the
linkage map at a uniform distance of ON was retained from the larger set of GBS SNPs
scored, with missing marker data imputed based on linkage intensities and flanking non

missing markers using the Full Sib Family Haplotype Imputation algorithm [54].
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QTL Detection and Mapping

Joint linkagemapping was performed using stepwise selection implemented in Proc
GLMSelect in SAS v9.3. Thresholds for markers to enter and stay in the model at each step
were set at U =0.0001, as wused previously
and marke effects were nested in families. Kump et al. [8] reported no significant epistatic
interactions after accounting for additive effects. We thus modelled the genetic architecture

with a pure additive model:

Y=AnEX p

i=1
where Y is an N x 1 domn vector of the updated SLB resistance best linear unbiased
prediction (BLUP) values; A is an N x P incidence matrix relating each individual RIL to its
corresponding family, € is a P x 1 col umn
relatn g each RI LO6s genotype scor spedfitalldleoc us i
effect, the elements of Xi are coded 0 for lines homozygous for the B73 reference allele, and

2 for homozygotes with the alternate parental allele, 1 for heterozygotes namihteger

[ 5

bet ween 0 and 2 for the i mputed recombinants

vector of the familyspecific additive effects associated with locus i relative to B73, k is the

number of significant loci retained in the finalmodeldanU i s a N x 1 col umn

errors.
High collinearity hinders the selection of markers closest to true QTL positions in
linear regression and may result in the selection of pairs of tightly linked loci, with biased

effect estimates. Collinearity betwegghtly linked markers selected in the model was

34



diagnosed based on inflation of standard errors associated with QTL effects and suspiciously
large magnitudes of QTL effects of opposite signs for markers located within 10 cM of each
other [55]. When obwaus collinearity between a pair of markers was detected, one of the
problematic predictors was removed from the model, and further selection was implemented
with the remaining predictors retained in model. The diagnostic process was repeated until all
predctors were free of collinearity.

After initial model selection, the model was further optimized through an iterative
process in which one candidate marker was dropped from the full model and replaced with
an adjacent marker, and the process was repeagedgtially, fitting each marker within 10
cM of the original peak QTL position one at a time in place of the original marker. The
position that resulted in the maximal R2 was recorded. This process was then repeated for
each QTL, and then the entire prsgavas iterated until the model stabilized (no marker
positions changed). Allele (nested) effects for each QTL within family were estimated in the
final optimized QTL model.

To construct support intervals associated with each QTL, a marker immediately
adjacent to the QTL on the left side was added to the full model, and the p for the QTL peak
itself was noted. Typically, addition of an adjacent collinear marker reduced the Type Il sum
of squares for the tested peak QTL marker, resulting in a p >0.0%fpe#dk marker. An
iterative process was followed by moving the position of the added marker sequentially along
the linkage map to the left side of the QTL peak marker until the tested QTL peak marker
became significant at the p <0.05. The point at whielQfiL peak regained significance

signifies the limit of that QTL effect, so the position of the added marker was considered the
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left boundary of the QTL support interval. The right support interval boundary was identified

the same way.

Internal crossvalidation of QTL model prediction accuracy

To compare the prediction accuracies of the models 1land 7 QTL in the NAM panel,
we estimated prediction accuracies by a cross validation scheme of random subsampling. The
QTL were fixed at the positions selectedhe two final models, but we +@stimated the
allele effects for the two models in each subsample. Models were compared using a subset of
4354 RILs common between the 4694 RILs used by Kump et al. [8] and the 4413 RILs used
in this analysis. Within each riggation of the crossalidation, 80% of RILs (3484) of each
family were randomly sampled without replacement from the 4354 common RILs to use as a
training set. The QTL positions from models 1 or 7 were fit to the data and the QTL allele
effects were egnated for each of the two models using their own linkage maps. The
remaining 20% of the RILs (870) were held out as a validation set, and the prediction
accuracies were estimated asthewithimmi | y Pear sonds correlatior
values and actl&LB resistance BLUP values. Prediction accuracies were then averaged

over 100 random validation sets.

Correlation analysis of JLM residual outcomes and predicted phenotypic values
GWAS is conducted in the NAM panel on a chromostipehromosome basisests
for association of SNPs on a particular chromosome are conducted using residuals values

from the regression of the SLB phenotypes on the final JLM QTL model after dropping any
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QTL markers on the chromosome in question (a reduced JLM QTL model). [Tatevine
sensitivity of JLM residual outcomes to changes in three JLM inputs, we designed a series of
computational experiments controlling for differences in genetic maps, RIL sample sizes and
phenotypic data, and combinations of them. A series of six@ddels were constructed

with those different inputs. Correlations between the chromospmefic residual sets were
computed for all 15 pairs of model comparisons, as well as for the corresponding predicted
phenotypic value sets. Average correlationsrd chromosomes were computed and
compared between residual sets and predicted BLUP values. The QTL peaks and support
intervals for those six models involving the sensitivity analysis and model 7 were positioned

on the 738@marker map to examine conconda of the QTL mapping.

GWAS and identification of candidate genes

The maize HapMap 1 data set includes 1.6 M SNPs polymorphic between B73 and at
least one other founder line. We also used an updated version of the maize HapMap 2 data
set (dated March 22012), which includes 27.3 M SNPs. About 60% of HapMap 1 SNPs
are not included in HapMap2. Therefore, we combined the two SNP data sets and retained
28.2 M unique SNPs. In a few cases, the founder allele calls for the same SNP in the two data
sets differd; we retained the HapMap 1 allele calls in such cases, to permit direct
comparison to HapMap 1 results. We also included 228,212 read depth variant (RDV) calls
reported by Chia et al. [14], resulting in a total of 28.5 M variants tested for associdkion wi
SLB resistance. Each read depth variant represents either an increase or decrease of log2 or

more in read depth along a 10 kb window with respect to the reference B73 genome.
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The RIL residuals from reduced JLM models (dropping QTL from one particular
chromosome) represent the phenotype values for which most of the genetic effects are due to
sequence variation on the chromosome considered. GWAS was performed by randomly
sampling 80% of the RILs from each family and analyzing chromosome by chromosome

with forward stepwise selection of the combined HapMap 1, 2 SNPs and RDVslat p <

10 7 An exception to this was the original GWAS model A, which used a threshold of p <1 x
10 “%or inclusion in the chromosorrspecific model [8]. The much higher number of

variants available for testing in the HapMap 2 data set requires a more stringent threshold to
prevent overfitting of GWAS models. This subsampling and analysis procedure was repeated
100 times. The resample model inclusion probability (RMIP) was calculatedch variant

as the proportion of 100 data samples in which the variant was selected in the regression
model. Candidate genes encompassing or near (within ~100 kb) the variants with strong
association signals (RMI P 73@end@n husingteergenonmed e nt i

browser at http://www.maizegdb.org [56].

GWAS result comparison

SNPs associated with variation in SLB res
0.05 or RMIP O 0.25) wusing GWAS model A were
E. Significant variants from the two GWAS were compared on the basis of their positions on
AGP version 2 maize B73 reference genome. Positions of variants identified in different
analyses were compared using each ekd,0000kb and 20&kb windows. The ariant

match rate was calculated as the ratio of variants from different analyses found within
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common windows to all significant variants for a pair of analyses. To determine the relative
importance of changes in different inputs to GWAS, each combinatiganetic map,

GWAS marker density, and residual inputs were used to perform separate GWAS analyses,
and results were compared on the basis of position matches in windows.

To determine the effect of the number of data on the stability of RMIP estimates, w
analyzed 1000 random samples of 80% of all NAM families and performed model E GWAS
analyses on chromosomes 3 and 10. We chose chromosomes 3 and 10, as they represent with
the range of numbers of QTL mapped on each chromosome while greatly reducing the
computational burden compared to whole genome analyses. We then compared the
consistency of RMIP values from five disjoint samples of 100 resamples each, five disjoint
samples of 200 each, and five random partitionings of the 1000 analyses into pairs of 500
resamples. The rate of matching associations at eachhdf, 1MCGkb, and 20&kb windows
with RMIP O00.05 and RMIP O00.25 was computed

association analyses aah sample size.
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Figure 2-1 Heat map of additive effect estimates of 25 founder parent alés for
QTLs of SLB resistance relative to B73QTL are identified by their genetic locations in the
consensus genetic map (73®@arker map); effect estimates for each parental allele are
indicated by color blocks. Negative cM values for markers inditatiethey are distal to the
first marker from the original NAM linkage map on that chromosome.
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Figure 2-2 QTL positions on the ten maize chromosomes from seven joint
linkage mapping modelsPositions in cM are based on 738@rker map. QTL bar heights
are proportional to their partial R2, btgelored margins denote the QTL support intervals,
and black spikes denote the QTL peak positions. For the definitions of model inputs, see
Table 21.
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Figure 2-3 Manhattan plots from genomewide association analysis for SLB
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resample model inclusion probability (RMIP) thresholds of 0.05 and 0.25. Eighteen
candidatgenes wunderl ing the most robust GWAS hit
intervals are indicated @ble 24).
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Tables

Table 2-1 Inputs for joint linkage mapping QTL analysis and GWAS models

Joint linkage mapping QTL models

QTL Model Phenotype No. markers in linkage magNo. NAM
RILs
12 original 1106 4694
2 original 1106 4354
3 updated 1106 4694
4 updated 1106 4354
5 original 7386 4354
6 updated 7386 4354
7 updated 7386 4413
GWAS models
GWAS QTL model used to adjust Variants tested for associati  p value
Model phenotypes threshold
A? 1 1.6 M HM1 SNPs 1E4
B 1 1.6 M HM1 SNPs 1E-7
C 1 28.2 M HM1/2 SNPs +0.2 M1E-7
RDVs
D 7 1.6 M HM1 SNPs 1E-7
E 7 28.2 M HM1/2 SNPs +0.2 M1E-7

RDVs

4 QTL model 1 and GWAS model A results were previously published [8].

® Original phenotype inputs were RIL BLUPs across 3 environments, based on a model with
a common flowering time covariate; updated phenotype inputs were RIL BLUPs across 3
environments bsed on a model with environmesypecific flowering time covariates
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Table 2-2 Physical and genetic positions for QTL peaks and support intervals (SI) mapped using current
updated phenotypes and linkage map (model 7) and comparison to QTL previously repodémodel 1)

Step included denotes the regression model building step in which each QTL was selected for inclusion in
model 7. Sl overlapped indicates if models 1 and 7 QTL Sl overlapped: yddapped, n for not overlapped
and c for very close (withifi.5 cM) but not overlapped. Distance between QTL indicates the cM distance
between the peaks of nearest QTL from models 1 and 7

Chr Peak position Peak position S| Map Step SI Distance between
(AGP v2 bp) (cM) Position (cM)  Included Overlapped QTL peakgcM)
1 90,443,174 85.2 84.2-86.2 3 y 0.8
1 218,082,692 127.6 125.6- 129.6 8 y 1.9
1 251,723,948 146.8 144.8-147.8 18 y 1.0
1 283,549,061 177 175-179 22 n 29.2
2 7,180,393 21.4 19.4-23.4 21 n 20.2
2 36,838,070 65.4 64.4- 66.4 5 y 2.3
2 206,275,294 111.2 110.2-113.2 23 n 30.8
3 5,348,237 19.6 18.6-22.6 13 y 5.9
3 16,246,035 434 41.4-44.4 1 n 6.6
3 31,533,927 54.4 53.4-55.4 10 c 4.4
3 170,374,260 79.4 78.4-84.4 14 n 12.9
3 214,568,867 124.4 123.4-126.4 26 c 6.8
3 219,498,075 134 132-137 6 y 2.8
4 1,892,489 2.4 -3.6-7.4 29 y 4.6
4 141,422,921 59.8 54.8- 60.8 20 c 7.9
4 181,935,681 94 91-102 17 n 24.2
5 15,138,119 45.2 44.2-49.2 33 y 8.2
5 36,905,989 58 55-59 11 y 4.6
5 158,046,075 74.2 72.2-77.2 19 y 3.0
5 200,161,433 106.6 104.6- 109.6 27 n 18.1
5 214,137,041 144.4 140.4- 154.4 31 n 19.7
6 6,929,855 -0.6 -1.4-0.4 9 y 0.4
6 144,806,691 56.6 53.6- 58.6 28 n 56.8
7 8,270,900 31.2 28.2-34.2 30 y 3.0
7 142,429,440 74.8 73.8-76.8 25 c 5.2
8 36,978,572 51.2 50.2-53.2 4 y 14
8 118,435,453 63.2 61.2-67.2 24 n 10.6
8 166,705,312 102.2 101.2-104.2 15 y 1.3
9 16,361,287 28.4 27.4-29.4 7 y 0.1
9 109,899,486 52.6 51.6-54.6 2 n 5.6
10 2,040,278 -1.6 -2.6-3.4 32 n 38.3
10 75,958,884 37.8 34.8-38.8 12 y 1.1
10 | 135,354,773 59.8 58.8- 60.8 16 n 23.1

45



Table 2-3 Input changes in joint linkage mapping QTL modeling affect the values of the chromosorspecific residuals

more profoundly than the corresponding predicted phenotypic values

Model 1 2 3 4 5 6
4694 RILs
1 original BLUPs, 0.88 0.91 0.81 0.81 0.77
1106 map
4354 RILs,
2 SZ original BLUPs, 0.85 0.87 0.82 0.79
1106 map
4694 RILs,
3 PH PH, SZ updated BLUPs, 0.82 0.79 0.79
1106 map
4354 RILs,
4 PH,SzZ PH Sz updated BLUPs, 0.80 0.77
1106 map
4354 RILs,
5 GN, Sz GN GN, PH, SZ GN, PH original BLUPs, 0.80
7386 map
4354 RILs,
6 GN, PH, SZ GN, PH GN, Sz GN PH original BLUPs,
7386 map

Upper diagonal shows average correlation of residudlome for each chromosome for 15 pairwise model comparisons. Lower

di agonal shows the input(s) that differed

inputs: GN, linkage map (110&s. 7386marker map); PH, pmatype inputs (original vs. updated BLUPS); and SZ, sample size

(4354 vs. 4694 RILs), respectively. Diagonal shows the three inputs for each model.

n
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Table 224 Highlysi gni fi cant GWAS variants (RMIP O 0.25) and thei
Chromosome  Physical  Allele® Effect® P-value RMIP  Genic position Inside Nearest gene ID Position of nearestgene Annotation
position QTL® (AGPv2)
(AGPv2) Start End
1 59772038 T/C 0.09 9.4E10 0.35 Intergenid N GRMZM2G13467. 59764838 59769739 CCT/B-box zinc finger protei
1 90059294 C/T 0.08 85E14 0.35 Intergenic Y GRMZM5G80683¢ 90108398 90107598 AP2 domain containing
protein
2 34246559 A/C  0.11 1.8E16 0.39 Intergenic N GRMZM5G87662. 34361966 34343251 IBR domaincontaining
protein
2 36938074 G/A 0.10 1.4E22 0.53 360UTR Y GRMZM2G02262° 36936010 36938218 Transducin/WD40 repedike
superfamily protein
2 204757213 G/A 0.11 45E09 0.41 Intergenic N GRMZM2G14293: 204771189 204767728 basic helixloop-helix (bHLH)
DNA-binding protein
2 207520001 CNV- 0.11 4.4E09 0.28 Intergenic Y GRMZM2G06215¢ 207635000 207637178  transporter family protein
3 16574125 T/C 0.12 1.8E26 0.43 Non- Y GRMZM2G46358( 16575869 16572429 leucinerich repeat
synonymous_codirfi transmembrane protein kina
3 16575842 C/G 0.15 9.7E14 0.46 56UTR Y
3 32885733 C/T 0.19 9.1E16 0.9 Intergenic Y GRMZM2G13293t 32957454 32949608 RNA recognition motif
(RRM)-containing protein
3 219885527 T/C 1 0. 3.1E12 0.28 Intronic Y GRMZM2G07457: 219900229 219884844 stomatal cytokinesis defectiy
/ SCD1 protein
3 220658469 A/C 1 0. 6.012 0.25 Intronic Y GRMZM2G13037! 220651805 220659525 beta galactosidase 1
4 2046350 CGGt--1 0. 3.8E09 0.26 Non- Y GRMZM2G13144: 2044016 2047386 MYB domain protein 112
synonymous_codin
5 164110001 CNV- 0.10 1.5E11 0.42 Intergenic Y GRMZM2G11187: 164120892 164124546 heavy metahssociated
domain containing protein
6 7001531 AIC 10. 11E15 04 Intergenic Y GRMZM2G12734. 7036171 7039824  lysine histidine transporter :
(LHT1)
7 7958250 +/ 171 0. 19208 0.3 Intergenic Y GRMzZM2G02114¢ 7954180 7955128 LSM domain containing
protein
7 142997161 G/A 0.09 7.3609 0.28 Intergenic Y GRMZM2G09191¢ 143003673 143001781 protein kinase superfamily
protein
8 22229116 G/A 0.13 1.3E08 0.35 Intergenic N GRMZM2G32561: 22249167 22245141 cytokinin oxidase 5
8 62217745 T/A  0.10 6.3E14 0.34 Intergenic Y GRMZM2G13010: 62267220 62273955 Unknown
8 171334544 A/G 1 0. 1.2E09 0.26 Intronic N GRMZM2G47600¢ 171332654 171335508 DNA-directed RNA

polymerases subunit RPAB(
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Table 24 continued

9 16263773 AIG  0.17 9.9E09 0.33 Intergenic Y GRMZM2G30186( 16253405 16252231  AP2 domain containing
protein
9 16317865 G/A 0.10 1.4E15 0.59 Down_stream Y GRMZM2G09936: 16320573 16318197 caffeoytCoA O
methyltransferase

9 106051436 G/A  0.08 1.7E05 0.45 Intergenic Y GRMZM2G10788f 106201175 106203143 CCT/B-box zinc finger protei

9 139547728 CIG 1 0. 3.4E08 0.32 Intergenic N GRMZM2G40201! 139591514 139589475 plant Ubox 13, spotted leaf :

10 3090835 G/A 1 0. 6.2E10 0.47 Intergenic Y GRMZM2G06846! 3066458 3062645 cytochrome P450

10 64647379 GIA  0.06 5.7E09 0.53 Y NA

10 134501142 C/T  0.06 4.4E08 0.77 Intronic Y GRMZM2G06397: 134495450 134504022 heat shock protein DnaJ
Al l el es reported as: A BO7 3r eaplrleesl een/tasl ttehren arteea da | dieepltehd .o fA GGNM i r
® The mean effect of each significant SNP across data subsamples.
‘SNPs | ocated within model 7 QTL SI are indicated as AYO an

dVariants more than 500 bp away from an annotated gene.
®Variation lies in the coding region and results in an amino acid change.
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Table 2-5 Concordance of variants associated with SLB resistance at resample model
inclusion probabilities (RMIPs) of 0.05 and 0.25 from five GWAS analyses

Comparisons ~ GWAS RMIP O 0.05 RMIP O 0.25
models' No. of all Proportion of overlapped No. of all Proportion of overlapped SNPs
significant SNPS SNPs (%Y significant SNPs (%)°
10kb  100kb  200-kb 10-kb 100-kb 200-kb
window window window window window  window
GWAS marker Bvs.C 326 (151,175) 26 36 38 45 (25,20) 13 13 13
density Dvs.E  393(201,192) 22 34 39 54 (28,26) 11 11 15
Genetcmap Cvs.E 367 (175192) 14 21 23 46 (20,26) 9 9 9
density Bvs.D 352 (151,201) 25 29 35 53 (25,28) 26 28 28
GWAS and Cvs.D 376 (175,201) 13 21 22 48 (20,28) 4 8 8
geneticmarker  Bvys.E 343 (151,192) 7 13 15 51 (25,26) 4 4 4
density
GWAS and Avs. E 437 (245,192) 6 12 15 52 (26,26) 4 4 4
genetic marker
density andP-

value
4 SeeTable 21 for details of each GWAS model.
® Total number of all the significant SNPs from a pair of analyses is shown outside of
parentheses and numbers of significant SNPs from each analysis considered separately are
inside the parenthesis .
¢ Proportion of overlapped SNPs was estimated as thertomber of overlapped SNPs from
a pair of analyses/total number of all the significant SNPs from the two analyses.
Comparisons show the input(s) that differed in each pair of GWAS comparisons. No. of
significant GWAS markers denotes the total numbesigiificant unique variants between
the two analyses (with the number of significant variants within each analysis in parenthesis).
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Abstract

Quantitative trait locus (QTL) models can provide useful insightstmit genetic
architecture because of their straightforward interpretability, but are less useful for genetic
prediction due to difficulty in including the effects of numerous small effect loci without
overfitting. Tight linkagebetween markenstroduces neacollinearity among marker
genotypescomplicating detection of QTL and estimation of QTL effects in linkage mapping,
and this problem is exacerbated by very high density linkage maps. Here we developed a
thinning and aggregating (TAGGING)athod as a new ensemble learning approach to QTL
mapping. TAGGINGeduces collinearity problems by thinning dense linkage maps,
maintains aspects of marker selection that characterize standard QTL mapping, and by
ensembling, incorporates information fronamy more markerrait associations than
traditional QTL mapping. The objective of TAGGING was to improve prediction power
compared to QTL mapping while also providing more specific insights into genetic
architecture than genonvede prediction models. TAGING was compared to standard
QTL mapping using cross validation of empirical data from the m@iea ayd..) nested
association mapping population. TAGGINSGSsisted QTL mapping substantially improved
prediction ability for both biparental and mdfiéimily populations, byeducing both the
variance and bias in prediction. Furthermore, an ensemble model combining predictions from
TAGGING-assisted QTland infinitesimal models improved prediction abilities over the
component models, indicating some completaety between model assumptions and
suggesting that some trait genetic architectures involve a mixture of a few major QTL and

polygenic effects.
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Introduction

Massive numbers of molecular markers can now be readily provideexby
generation sequencirand high througiput genotypindDAVEY et al.2011;ELSHIRE et al.
2011;BIAN et al.2014a;GLAUBITZ et al.2014) High density marker maps (with marker
intervals smaller than 1 cM in mapping populatjomgve been available &n increasing
number of plant specigsuch as inArabidopsis thaliangKoVER et al.2009;HUANG et al.

2011) maize(SwARTS et al.2014) rice(Yu et al.2011) and sorghunfZou et al.2012)
Unfortunately, thelramatic increase aharker availabilitymay adversely affect QTL
mappingascollinearity among markers mapmplicate detection and estimation of QTL
Statistical tests to declare a QTL or make QTL inference are conditional on other QTL in
multi-QTL models(ZENG 1994) The value of a test statistic depends on other QTL in the
model if they share some proportion of genetic variation. Strong covariance between tightly
linked markers may increase the risk of selectioginear markers, bias the QTL estimates
and possibly overfit the predictive model, especially when a relaxed selection threshold is
applied(BIAN et al.2014b;OcuT et al.2015)

Ensemble learning is an alternative approach that could improveb@3ed
prediction ability. Ensemble | earning involyv
training data set and predicting unseen observations by a vote or weighted average among the
multiple learner¢DIETTERICH 2000) For example, suppose one has available a vector of
some input variables, associated with a numerical outcome vegtdrhe estimation
process involves finding a function Bfx) that maps values in the spacexab values in the

corresponding space pf F(x) can be estimated in various ways, one of which is by
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ensemble learning. The generic ensemble estimator takes thé@abm: Q@ Qw
whereSi s t he number of ensemble membeQ are( or
functions of x derived from the training data, é2dO is an ensemble learning function. As
one example, the ensemble learner can be estimated simply by model avitreabiage
learners,"Q @ . The base learners can be trained based on rasaimpies from the
original data set or a subsebofCommon ensemble methods include bootstrap aggregation
of predictions (bagging) and random forests, and several features characterize them, such as
loss function, ensemble dispersions, and memory of emmergdHASTIE et al. 2009)
Bagging of regression models is trained by paralleling base regressions with no influence
(zero memory) among them and minimizing squagedr loss function on lmistrap samples
(BREIMAN 19964a) If the bootstrap estimation is roughly correct, then aggregating would
reduce variance without increasing bias. Random fo(BssIMAN 2001) increase ensemble
dispersion over bagging by additionally using a randomly chesleset of the predictors
rather than using all of them, and this method typically solves for paralleled decision or
regression trees (ndimear base learners). The ensembles of base learners produced by
bagging and random forests can be conducted imadlgdananner, meaning that each
individual learner is trained independent of the results from others.

Here, we developed a new ensemble learning approach used in QTL analyses,
referred to as thinning and aggregating (TAGGING) methatle thinned linkagenap
marker sets into suimaps with equally reduced interarker density, built QTL mapping
models upon the thinned marker sets as based learners in parallel, and aggregated by

averaging the predictions from the base learners to predict the tedtidata 3-1). The
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TAGGING method shares some aspects of model averaging with bagging and random forest,
as they all generate multiple predicted values and aggregate prediction by averaging. In
contrast to random forests and bagging, however, TAGGING usefedraimpling of the
linkage map to create disjoint marker sets to generate independent discrete QTL models upon
the unchanged set of observed mapping lines so that prediction variance is expected to decay
faster and bias is not affected by bootstrapparges. By comparison, bagging uses the
original marker set to build prediction models on bootstrapped samples of lines, and random
forests uses randomly sampled linkage markers and bootstrapped samples of lines.

QTL mapping has proven useful for detegtmajor QTL with relatively large
effects, but may lack of power in accurately modeling small QTL effects or polygenic
background effecttHEFFNER et al.2009) QTL models typically nderestimate the number
and overestimate the effects of QTL, reducing the accuracy ofli@¥ed predictions
(BEAVIS 1998;SCHON et al.2004) Predictability and interpretability are two competing
goals and usually compromise each other for predictive machines. The parameters in some
genomic prediction (GP) models are not easily interpretable in terms of genetic theory, and
this problem is compaowed in norparametric model@GIANOLA AND VAN KAAM 2008;
Crossaet al.2010) Such models may serve as good prediction machines, but may provide
no insights into the locations of important QTL or their gene actions. The TAGGING method
presented here is a compromise method that aims to improve theipredislity of QTL
models, while maintaining some of their interpretability in terms of QTL locations and effect
sizes. Furthermore, the ensembling concept is fully general, so predictions can be obtained by

ensembles of models that capture distinct coraptsof the true genetic architecture, for
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example, ensembles of QTL models that are best at identifying genes with larger effects and
polygenic models that capture the Obackgroun
distributed throughout the genomeodiels that can account for two hypotheses may better
approximate the true biological mechanism better than either of the two models individually.

In this study, two QTL mapping models, joilamily (JF) linkage analysis for multi
family mapping populatiamand singldamily (SF) QTL analysis for biparental mapping
populationg OGuUT et al.2015) were tested within the TAGGING framework for maize
complex traits. The new ensemble QTL models were examined for the number of QTL
detected and proportion of genotypic variance explained by the detected QTL. We expect
tha for a highbias base learner (e.g., QTL models based on sparse linkage maps), subset
aggregation ensures model flexibility and therefore protects against high biasness in the
ensemble predictions. For higlariance base learners (e.g., models in which @&
included at low selection stringency with dense maps), ensembling might provide a reduction
in variance of predictions.

The objectives of this study were to: (1) develop a thinning and aggregating
(TAGGING) method as a new ensemble learning appré@acQTL analysis, (2) compare
prediction abilities of TAGGING, QTL models, and standard GP GBLUP models, and (3)
test whether useful complementarity occurs between-gded and polygenic models in
their ensemble learning for GP. We tested these madelg a crosvalidation strategy on
data for three complex traits previously reported for the maize nested association mapping
population (Buckler et al 2009; McMullen et al 2009). At all QTL selection stringency

thresholdsand thinning intensities we tesl, the TAGGING strategy resulted in a better
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prediction result than conventional QTL methods, implying the robustness of this new
method. Results indicate that TAGGING provides information on the position and effect
sizes of QTL (including their precisip, while improving prediction ability compared to
traditional QTL mapping procedures. With very high density linkage maps becoming
increasingly available, we expect the TAGGING method will find use in genetic

investigations and genetic prediction.
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Materials and Methods
Plant phenotypes and genotypes

The maize nested association mapping (NAM) population comprises a set of ~5000
recombinant inbred lines (RILs) derived from crosses between a reference parent, inbred line
B73, and 25 other diverse founder inbred lines of m@eMullen et al. 2009)Three
complex traits: resistance to southern leaf blight (SLB), plant height (PHT), and days to
anthesis (DA) were previously studied for genetic architectures, and the predicted mean
values for NAM RILs acrossultiple environments were previously repor{BdCKLER et
al. 2009;Kump et al.2011;YANG et al.2013;BIAN et al.2014b;PeiFFeret al.2014)(File
B-1, B-2, B-3, B-4, B-5, and B6). A second generation NAM linkage map consisting of
7386 imputed pseudmarkers with a uniform 0.2 cM intenarker distance generated from
genotypingby-sequencing followed by fullib family haplotype imputatio(BwARTS et al.
2014)was used for linkage analysis.

Realized genomic relationship matric€ratrices) wereleveloped for each NAM
family separately using the linkage map markers based on the first method described
(VANRADEN 2008) which track withinfamily identity-by-descent (IBD) for genome
segmentsTable 3-1). The linkage map marker scores do not reflect IBD between families,
however, so a separate relationsmigtrix for the whole NAM paneleveloped from the
maize HapMap v1 of 1.6 million SNRBEIFFERet al.2014)was also used herédble 3-1;

File B-7). ThisG matrix measured the pairwise relationships among all lines with reference
to the hypothetical population that would result from intermating all of the mapping

popul ation F16s. To maintain i defamily c al numb e
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relationshp matrices and the matrix for the whole panel, we extracted 7386 HapMap v2
markers polymorphic in NAM and closest to the 7386 linkage marker in terms of the AGP v2
coordinatesKile B-8, B-9, and B-10) to construct an identitin-state (11IS)G matrix for the

whole NAM panel A total of 4354, 4359 and 4359 RILs with both genotypic and phenotypic

data were available for analyzing SLB, PHT and DA, respectively.

Prediction accuracy calculation

Prediction abilities of models were evaluated both for the whélk! [danel and for
within each of the 25 biparental mapping population using a-saigkation procedure.
Training sets were created by randomly sampi@% of RILs from each of the 25 NAM
families. The remaining lines constituted the validation sampldéosingle family and joint
family QTL models created using the training data set. Wiinily predictions were
evaluated, and prediction abilities were measured as the proportion of total trait variance
explained by the model @Rin the validation sefThe R was used to enable direct
comparison to heritabilities and was esti mat
(R?) between the observed and predicted BLUP values. We converted the vatie bave
a negative sign for a few cases of negatorrelations between predicted and observed line

values.
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QTL Models
Multiple linear regression (MLR) models were first fit within each family
independently (single a mi | y i STalle 34)oFdrea hiwen linkage mapsthe SF

model for familyf is:

w 4 iAo
wherelllis a vector o' length referring to the trait phenotypic values in a given fartily,
isanN'x 1 interce I1fF,1is the ieterctemif]blvis aN x 01 darix of marker
genotypesp!is ay x 1 column vector of the additive effects relative to Bbh-!js the

number of significant loci in stepwise selection, a!(ib aN'x 1 column vector of errors.
The stepwise incorporation and exclusion of markers were bagwé-dafinedalpha
threshold ). After including as many markers as possible based ongwaiiues, the model
was then reduced tsplit-samplecrossvalidation. Specifically, the model selection step with
minimum prediction error variance was chosene-fold split-samplecrossvalidation
within the training set, using the O6choose =
GLMSelect(INsTITUTE 2013) The RIL phenotype values were predicted from the linear
model.
Joint family linkage (JF) models were trained in all 25 families of NAM populations.
For a given linkage mayss JF analysis for the multamily connected populations can be

described as:
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wherelis a vector oN length referring to the trait phenotypic values for all RAs,
is anN x P incidence matrix relating RILs to their corresponding fantlyijs aP x 1
column vector for the family effecté,,;;:igs aNxPmatri x relating each
locusi to its corresponding famitgpecific allele effectly is aP x 1 column vector of the
family-specific additive effects associated with locud yis the number of significant loci in
stepwise selection based on-definedp, £yis aN x 1 column vector of errors. The
prediction ability was then evaluated for each family separately to make a comparable

comparison with biparental scenarios.

Thinning and Aggregating method for QTLalyses

The TAGGING QTL analysis method can be summarized as thinning of dense
marker maps into a set of disjoint maps of lower density, and then aggregating predictions
from paralleled QTL models on the same training data Begarg 3-1). The method begins
by conducting a stratified sampling of the markers on the linkage map, which is simplified in
the case of the maize NAM linkage map which has a uniform density of 0.2 cM between
each pair of adjacent linked markers. The original mapineed intos disjoint sets of

markers, maintaining the linkage map position information for the markers, starting with the

first marker on the first linkage group. This procedure was then repeated by starting selection

at the 39 marker to create a newarsple map, and continuing to initiate selections at
subsequent markers until tdémarker. The result isdisjoint maps, each wits0.2 cM

distance between adjacent markers. Thinning is expected to reduce the extent of covariance
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and collinearity thabtherwise occur in base QTL analyses with the dense maps and/or
relaxed selection stringencies.

JF and SF models for mufamily and biparental mapping populations were fit using
each thinned map separately, and phenotype values for the validatioesetdnme predicted
separately for each reduced m&pg B-11 and B-12). The two types of QTL base learners
were constructed with each subset of markers for the same training samples to estimate the
regression coefficients, and then #eets of SF and Jbredicted values for the test sets were
aggregated to form the ensemble predictieigyre 3-1). The ensembles of QTL models
proposed here were named fAensembl efamiyi nt f an
mapping popul ationamialnyo ieBSEMbadralsy agd ef dr
populations, respectively. Thasemble learnéOw is formed as some linear combination
of predictions of each base learn@w ® B @ Qw, with & being the
coefficients for Q@ . For both EJF and ESF modeling, the coefficients were set toTt
and @ pfi . Essentially, we averaged predictions avarap subsets for each training
set, and the ensemble predictions were an arithmetic mean of those base learners.

To estimatgrecision of QTL localization, the frequencies of QTL positions detected
in JF and EJF across the resampled training sets were summarized to elucidate the QTL
architectures for the three complex traits. Resample Model Inclusion Probability (RMIP)
(VALDAR et al.2009)was computed to measure the power of detection for therteaker
associations across NAM panel. TRBIIP was calculated for each marker as the proportion
of data samples in which the marker was tested and selected in the model of interest at the

givenselectionp.
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To compare the efficiency of the TAGGING ensemble learning method with existing
ones, we implemented subsample aggregating (subagging) of both JF and SF analyses using
the same base learning algothrims as in TAGGING. Subaggirgpisr@uetor subsample
aggregating where simple random sampling (SRS) is used instead of aggregation of
bootstrapped samples implemented by bagging. The basic difference between TAGGING
and subagging is that TAGGING averages over subsamples of markers on atfofed se
RILs, while subagging (subsample aggregating) averages over samples of RILs for a fixed
set of markers. Subagging instead of bagging was used here because subbaging is more
efficient in computation, due to reduction in sample size compared to baggdhg,avoids
collinearity problems induced or aggravated from the increased relatedness among
bootstrapped samples, which is a concern with the dense linkage map usedehierendl
tenSRS subsamples with sample size equal to 80% of each family fadnoeginal
training set. We implemented subbagging of both SF and JF analyses upon the same training
and test sets as used by all other analyses.

SF and ESF models were constructed using selection thresholds ranginpg=frben
4 top=0.05, angp = 1e5 to 0.01 for JF and EJF. Map resolutions used ranged from 0.2 to
20 cM intermarker distances for both. Singe 1e05 was too stringent for SF, ape 0.01
or greater were too relaxed for dging 0.2cM density magOGuT et al.2015) we did not

include them in this study.
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Prediction error decomposition

The crossvalidation experiments allow us to evaluate the mean squared prediction
error (MSPE) and to decompose this into terms due to the bias and variance in prediction.
Suppose there is some underlying true funciido estimated from ensemble or dister
QTL models on the training set T Kyafi'Y. Given a new data point in test séhcy
QW - where- is normally distributed with zero mean and variancea function of 1
heritability. The expected pointwise prediction error cadd@mposed in a familiar form:

0 « Qaiy 0 « O Qdiy 0 QY 'O QafiY h p
whereO denotes expectation over resampled training sets drawn from the same distribution
to estimatad . While the second part of the rigrard side of (1) is prediction variance, the
first part of the right hand side of (1) is the sum of béasl irreducible error variance and
decomposed as:

0 « O QafiyY 0 Q& O QafY 0O & "Q

0 Q& O QY , h q
The TAGGING method estimaté@ahi'Y by averaging oves predictions fron s sets
of thinned marker maps based on a training set T used, and esfnd@daiY by
averaging over all test sets that contain the data point in question. Fameilging over all
points predicted throughout all test sets for their bias and variance gives the more accurate
estimates. Wereferto « 'O "QafiY in (130 asnfibur resul ts,
underlying genetic mechanism is unknown and thus the irreducible error variance could not

be disentangled from the bfds (2). The biaSand variance in prediction were compared
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between single and TAGGIN€Ilied modelsll of which used the same 7386 linkage

marker genotypesn addition, a few predicted values representing the most severe outliers in
prediction ability were excluded from prediction error calculation in order to guard against
artifactual inflation of tle prediction error variance simply due to high collinearity that
occasionally occurred in few cresalidations. The cutoff for excluding an outlier was the

mean predicted value £ 100 times the standard error of the mean.

GBLUP models using 1IS and IBDg&types

The G matrix derived from 1.6 million SNPs in HapMap v1 was used to create a
GBLUP model for whole NAM families (HGBLUP modelBable 3-1) in the same cross
validation setup as in QTL analys&ngle familyGBLUP models (SGBLUP modeTable
3-1) were developed for each NAM biparental mapping family using the 25 di§oint
matricesdeveloped from the original linkage map of 7386 markers. We also extracted the
same number of allele calls as close as possible to the physical positions of thakéRgs |
map pseudanarkers, and with the 116 matrix across whole NAM panel derived from that,
we conducted the joint GBLUP models (JGBLUP modiable 3-1) to compare the

efficiencies of using the same amount of genotypic information in different models.

Ensemble learning of TAGGIN&ssisted QTL models and GP models
To capture the complementary strengths of siaghel jointfamily analyses, we
averaged predictions from EJF and ESF, and referred to this ensemble as the EJF+ESF

model. All pairs of QTL andP models using the same number of 7386 loci were then
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combined in ensemble learning in a linear fashion. We explored ensemble learning by

averaging predictions from either EJF, ESF or EJF+ESF QTL models with predictions from
SGBLUP or JGBLUP models in der to test the hypothesis that mixture of models with

contrasting genetic assumptions can improve genetic prediction by better mimicking genetic
architecturesKile B-13). For simplicity, the coefficients in ensembles of two component

models were set to® Finally, we attempted ensemble learning that combined QTL and

GBLUP models derived from both 7386 marker genotypes and 1.6 M HapMap1l SNP

genotypes. We evaluated the importance of the four participating models to their ensemble
predictionR?, EJF+ESF, 6BLUP, JGBLUP and HGBLUP, by analysis of variance iff a 2

1 factorial experiment, in which 15 possi bl e

absence were included.

Pseudo optimal ensemble coefficients

We tested whether additional tweaking of toefficients of the base leaners in the
ensemble model can improve the ensemble prediction. The base learners can be considered
as input variables to a multiple regression model aimed at predicting the unknown trait
values. Here we introduced pseudo optiomefficients for giving relative weights to each
component model, which we estimated from using evadisation with respect to the true
phenotypic data of test sets to identify a fixed set of ensemble coefficients to minimize the
leastsquare errors fahe test data. The ensemble coefficients were tuned using theiNelder
Mead optimization techniqu@&ELDER AND MEAD 1965) in which average predictid®f

values were dynamically recorded fortezbsets until they (as objective functions)
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converged to a plateau. The sum of coefficients was scaled to one, unsheEgatinity
constraints, as recommended(BREIMAN 1996b) The pseudo optimal accuracies should be
considered as an idealistic upper limit and not likely to occur in a reditpom scenario, as
those predictions were obtained using the phenotypic values in test sets to optimize the
ensemble coefficients. Finally, two sets of natural coefficients were attempted in ensembles
of the above three component models, EJF, ESF, aBidL 3. equal weights of 1/3 for

each, and equal weights between Gddsed models (0.25 for EJF and ESF) and SGBLUP

models (0.5).
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Results

TAGGING of QTL models improves QTL model prediction

EJF models had substantially better prediction R2 compatée tadividual JF
models using either the original or reduced maps for the three Eigitsd 2, B-1, andB-2,
Table B-1, B-2 andB-3). Using the thinned maps of 10 ~ 15 cM intearker distances at
selection p = 0.01 generated the best prediction EJfnfor SLB (R2 = 0.475), PHT
(0.476) and DA (0.445); those best EJF models outperformed the best JF model substantially
[1 cM maps under p = 0.0001 for SLB (R2 = 0.385) and PHT (0.371), and 1 cM maps under
p = 0.001 for DA (0.332)]. The improved predictiabilities of EJF over JF indicated that
the genetic architecture can be better depicted by averaging multiple independent QTL
models developed from disjoint subset maps as achieved by TAGGING. TAGGING of SF
analyses also improved the predictions forltparental mapping populations substantially
compared to the regular SF analyses. The prediction R2 values generated by the optimal ESF
models outperformed those from the best SF models by an average of 0.118, 0.123, and
0.116 across 25 families for SLBIHF and DA, respectely (Figure 3-2, B-1 andB-2;
Table B-1, B-2 andB-3). Among the pure linkage models (SF, JF, ESF, and EJF) and across
all traits, map densities, and selection p thresholds tested, EJF models had the highest
prediction abilitieswhereas SF models always had/ést prediction abilityT{able B-1, B-2
andB-3).

The performances of both discrete and TAGGING QTL models varied with the
densities of maps and selection p. In general, for EJF, sparse maps and relaxed p were

favorable in pediction, and for JF, dense maps and stringent p were favorable. Prediction
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abilities from EJF increased with decreasing p thresholds and decreasing map densities until
the map density reduced down to 15 to 20 cM imtarker distanced=(gure 3-2, B-1 and B-

2). In contrast, for biparental mapping populations, moderate map densities along with
relaxed p were advantageous in prediction using both SF and ESF analyses. In addition,
using linkage maps of 1 cM or 0.2 cM density made little difference in picadi@bilities for

baoth JF and SF QTL modelEigure 3-2, B-1 andB-2).

The efficiency of TAGGING was compared to the previously proposed ensemble
learning method subbagging, both of which were applied in the same inputs and cross
validation schemes. The best prediction R2 values were 0.452, 0.440, and 0.405 using
subbagging ©JF models under selection p = 0.001, and 0.396, 0.378 and 0.391 using
subbagging of SF models under selection p = 0.01 for BEH, and DA, respectively
(Table B-1, B-2 andB-3). In all cases, the optimal prediction abilities of TAGGHd&sisted
QTL modds were superior to the corresporgisubbagging prediction¥ &ble B-1, B-2 and

B-3).

Bias and variance
For all traits and under all selectiprthresholds, TAGGING substantially reduced
prediction variance in both JF and SF modEigyre 3-3 and B-3). Variance in prediction
was basically eliminated when a |l arge (O 10)
TAGGING. TAGGING of JF models always reduced the bias compared to the single JF
models, and thenagnitude of bias in EJF models was roughly equedss a large range of

thinning intensitieseven when the map density was as low as 100 markers pef haap.
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prediction bias in TAGGING of SF analyses can fluctuate compared to that of the individual
SF models, depending on the thinned map densKigsife 3-3 and B-3). When SF models
suffered from severe collinearity at the relaxed selection stringere®.01), thinning

reduced covariance among markers and alleviated model bias. When SF models were based
on high stringency of marker selectignH 1e-04), aggregating of the appropriately thinned
maps (2 ~ 5 cM intemarker distances) seemed to slightly improve model fit by

incorporating more predictors in the ensemble. In general, TAGGING seemed to be more
protective against high bias for JF thanrBédels Figure 3-3 and B-3). By examining the

error compositions, we found that the prediction advantages of TAGGING of JF models over
that of SF models were related to the lower level of bias before using TAGGING and more
stable reduction of bias aftering TAGGING (Figure 3-3 and B-3). In addition, when

comparing across-valuethresholds, prediction bias both TAGGING models decreased

with more relaxegb-valuesbecause of higher model flexibility.

Genetic architecture revealed by markeait associdions

To better understand the trait QTL architectures, the probability of inclusion of a
marker in a JF or EJF models was estimated across the resampled training sets (resample
model inclusion probability, RMIPyaldaret al.2009) RMIP plots visualizedhe
enrichment of marketrait associations within particular genomic regiofigre 3-4, B-4,
and B-5). In general, with the decrease in the thinned map densities used in EJF (which also
reflects the increase in the number of JF models combin@ABGGING), RMIP values

increased substantially and the regions containing marker associations expaguaied34,
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B-4, and B-5). As the selectiop relaxed, the RMIP values in EJF increased and the enriched

regions expanded, especially for sparse majggi(e B-6).

GBLUP model prediction performance

The same marker data used for SF and ESF models were also used to construct
within-family realized genomic relationship matrices. These relationship matrices were used
to implement SF GP models (SGBLUP modéRlble 3-1). Average withiafamily
predictionR? values were 0.460, 0.465, and 0.450 for SLB, PHT and DA, respectively, using
the SGBLUP model. The JGBLUP model, which used an integrated relationship matrix
calculated based on 1IS information of the samamber of marker genotypes that were most
adjacent the linkage marker physical positions, generated best prediction results among EJF,
ESF, SGBLUP and JGBLUP modeTcaple B-4). Similarly, a previous report showed that
joint analyses of several haib families in GP models can increase prediction abilities over
family-specific GP modeld_EHERMEIER et al.2014) In addition, the )M panel was also
analyzed using HGBLUP model for which the relationship matrix was calculated based on
the 1.6 M HapMap v1 SNPs. HGBLUP generated the best prediction abilities of all
component modelsT@ble B-4) probably because of the enormous amougeobtype

information used.
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Ensemble of TAGGINGssisted QTL models and GBLUP models

The SF and JF QTL models were based on different genetic assumptions of genetic
heterogeneity and allele effects, and may be considered complementary in describing QTL
architecturegOGuUT et al.2015) To test the hypothesikdt the combined QTL mapping
results can improve prediction, we ensembled by model averaging to combine results from
EJF and ESF. The EJF+ESF models did not noticeably improve prediction abilities over the
EJF modelsKigure 3-2, B-1 and B-2). The EJF+ESF results indicated that the selegtion
0.001 and 0.01 in EJF and ESF analyses resulted in the optimal preBfotiben 1 cM
reduced maps were employed, @l 0.01 and 0.05 for 20 cM reduced mapgj(re 3-2,
B-1 and B-2, TableB-1, B-2, and B-3). We then restricted our modeling to using thpse
thresholds for the most thinned-2M maps in further ensemble learning.

For ensemble learning between TAGGINGsisted QTL and GBLUP models, first,
we attempted pairwise combinations of the éh@TL models and two GBLUP models that
used the same underlying 7386 marker genotypic information. Adding EJF or EJF+ESF
models substantially increased within family predictidrand generated better prediction
results for at least 2p{value < 0.0005) @t of 25 NAM families, compared to their
ensemble partner SGBLUP or JGBLUP modEig\ire 3-5 and B-7, Table B-4). Second,
the best ensemble combinations of QTL and GBLUP models using the same limited
genotypic information improved prediction abilitiessuting in comparable performance
relative to GBLUP models using much larger scale genotypic information. Specifically,

(EJF+ESF)+JGBLUP models outperformed HGBLUP models (based on > 200 times more
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marker information) by 0.01 ~ 0.02 in withfamily predidion R? for SLB and PHT Eigure
3-5 and B-7, Table B-4).

The high consistency of model prediction abilities between individual component
models and their ensemble models suggested that the ensemble learning performance is
likely predictable. Indeed, lineanodels involving terms of HGBLUP and JGBLUP or
(EJF+ESF)*JGBLUP explained ~72 % to ~84%alfle B-5) of the variance in within family
predictionR? among all combinations of the four tested component models (EJF+ESF,
SGBLUP, JGBLUP, and HGBLUP). The (EXS$F)+HGBLUP+JGBLUP model (based on
equal weights of 1/3 for the three components) resulted in the best preBfctibB16 for
SLB, 0.515 for PHT and 0.512 for DA), which was 0.02 better for SLB and PHT, and
marginally better for DA than the HGBLUP modelalso predicted better in significantly
more families than the HGBLUP modd&lable B-4). The magnitude of the
increasen predictionR? from ensembling TAGGINGassisted QTL models and GBLUP
modelswas smalbut consistent across families. The traitsdsed are highly multigenic, so
the results may be considered as a conservative case for evaluating the utility of the

additional QTL information in GP models.

Pseudo optimal ensemble coefficients
We further searched for a fixed set of optimal coefficients that can maximize the
accuracy from the EJF, ESF and SGBLUP predictions. The prediction accuracy reached

plateau after several rounds of Nelddead optimizations. The resulting average within
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family predicionR®based on the fApseudo optimal o enseml
than 0.01 from the two sets of simple coefficients (1/4)EJF+(1/4)ESF+(1/2)GBLUP and
(1/3)EJF+(1/3)ESF+(1/3)GBLUP we developdalple B-6). The results implied that the

current ensemble learning to combine Qidsed and GP models was efficient in

capitalizing the model complementarities.
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Discussion

Optimizing QTL mapping parameters

Determining the optimal prediction model for a collection of multiple biparental
families, as is commonly encountered in both academic genetic studies and commercial
breeding programs, is important for maximizing precision of QTL mapping and accuracy of
genomeenabled prediction. Our results demonstrate that there is an interaction between map
density and QTL significance threshold on model prediction performance. The optimal
threshold for a given analysis can vary according to map density. In earliessbiidi
prediction accuracy within biparental families from QTL models, accuracy was optimal at
quite relaxeg-value thresholds (HosPITAL et al. 1997;BERNARDO 2004) Those studies
were conducted using linkageaps with substantially lower marker density than the current
study. As genomics technology has made increasingly dense linkage maps available,
however, marker dbnearity becomes problematic for QTL mapping and the relaxed
threshold is no longer optimdtor example, whep = 0.05 were adopted in SF analysis at
the highest map density, average prediction ability was 0.21, and this improved to 0.31 by
increasing the selection stringencypte 0.01 (the first column dfigure 32). Using
appropriately cheen selectiop reduced the propensity to overfitting or underfitting
resulting from the improper marker densities. Neverthetessyerly sparse map used in JF
or SF models may fail to capture the QTL informatorcompromise the precision of QTL
positioningbecause the markers are not in reasonable linkage to many QTL, and therefore

lead to omittedvariable biagFigure B-8). Our JF and SF model results suggest that 1 cM
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density is appropriate for the level of LD that exists within a biparental RILyfammaize.

By comparison, previous research reported that marker densities increasing from 5 cM to 1
cM in a doubled haploid maize population improved neither the overall QTL detection power
nor the proportion of genotypic variance explained by the thet&€@TL (STANGE et al.

2013) Finally, our results confirmed that the optimal selection threshold also differs by QTL
mapping design. SF models are more prone to underfitting (high bias) problems than JF
models, and more stringent selection thresholdlshioe used in multiparental analysis

(BLANC et al.2008) To conclude, it is important to consider the dynamics among map
density, QTL analysis method a@I L detection stringency, the optimization is important to
gain the best performance in QTL analysis based predidtignre 3-2, B-1 and B-2).
Performances of both traditional and TAGGINGsisted QTL models varied with the
densities of maps and selectim However, the prediction ability of TAGGING models was
greater than the respective traditional QTL mapping methods for all selpetr@hthinning
intensities tested.

Bayesian genomic prediction models represent an important class of models to
consder, but the computational difficulty of conducting on many repeated samples with the
millions of markers used in this study (for the HGBLUP models) precluded their inclusion in
the model comparisons in this study. In addition, Bayesian models have sttlevar ho
advantage over GBLUP models in many plant breeding scerfbiissoTet al.2012 Guo

et al.2012)

82



Marker-trait association and genetarchitecture

The EJF models may reflect the true genetic architecture better than discrete models
concerning only a few strong associations. Indeed, the greater number of marker associations
contributing to ensemble predictions is one of the bases fangireved prediction ability.

By using the TAGGING method, association architectures in the EJF models were equipped
with the polygenic feature that can include many more markers linked to QTL, while it also
involved marker selection and differential weiglgtof marker information. The precision of
QTL mapping, however, can be compromised in ensemble mapping. For example, previous
data had indicated with high confidence the presence of two linked QTL on chromosome 3
for genetic resistance to SIBIAN et al.2014b) but the blurring of QTL positions in EJF
resulted in a merging of the two QTL into a singledat peak in the RMIP visualizations

(Figure 3-4). The larger number of marker effects that are ensembled in the TAGGING
method may offer a useful compromise between QTL detection and predictions. We focused
on crossvalidation comparisons based on reabdagre, but simulation studies would be
required to determine the accuracy of Qddsitionand effect estimates from the TAGGING
method.

Ogut et al. (2015) suggested that JF models (which assume common QTL positions
among families) and SF models (whicls@ase independent QTL positions among families)
can complement one another by capturing different aspects of the overall genetic
architecture. We tested this hypothesis by ensembling predictions from the two QTL models
in a single EJF+ESF model. The ESFFBJodel appeared to offer little advantage over

EJF: the relatively poor predictive ability of ESF negated any advantage of complementarity

83



between ESF and EJF models when they were ensembled. A single integrated base learner
model that more flexibly fitallele effects only within families where they are significant
may more effectively achieve the goal of taking advantages of both models in depiction of
genetic architectures. Development of such a model is underway.

Markertrait associations are found hig enriched in some genomic regions, as
indicated by the disjoint TAGGING scans. For a particular region of intengsori, the
RMIP information surrounding that region indicates its importance and the resolution of QTL
information. The associatieeniched regions might represent probable intervals of QTL
effects, that is, QTL or the cluster of QTL may reside in the Argdtis regions or in linkage
with the loci in the regions. Leveraging associaomiched regions may better explain the
underlyinggenetic architectures compared to the traditional point estimates of single QTL
peaks, although further research remains needed to effectively define and set boundaries for
the regions or factor in their kernel density. We suspect that the assceiatidred regions
might be important to reveal hidden genetic variation. Further research will be required to

develop this method and test the model efficiency.

Bias and variance in TAGGING prediction

The prediction ability of ensemble learning is usuallgrsger than that of a single
learner. The first reason is that the training sample size might not be sufficient for
determining a single best base model. In TAGGING, the reduced maps provide similar

information as they only differ by consecutive markers base learners should perform
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similarly well on searching those slightly different hypothesis spaces to fit the same training
data sets. Thus, combining these learners can join the marker information that would
otherwise not be obtained by searching mahginal hypothesis space with a single
algorithm(RokacH 2010) The second reason is that, the search processes of the learning
algorithms might be i mperfect, especially in
becomecommon in genomics. Even if there exists a unique best set of predictors (actual
functions of genes underlying the studied traits), the high dimensionality of dense linkage
maps may hinder this set from being selected by efficient search algorithmsefi$ermbles
can compensate for such imperfect search processes by reducing the hypothesis space. The
third reason is that, the model specification (linear models here) being tested might not
contain the true target function, but ensembles can neverthebesdepbetter
approximations to the true function than a single base learner function can.

The proposed TAGGING r amewor k was successful at st
(two types of QTL models) by first reducing the hypothesis space and then aggrbgating
averaging the base modefsrule of thumb for optimizing TAGGING in QTbased
prediction is to conduct EJF based on heavily thinned maps (more sets to aggregate) under
relaxed selectiop thresholdsThinning alleviates the collinearity within each nker set,
and this allows the selection threshold to be relaxed without overfitting. In addition to
thinning, aggregating across predictions from multiple models also decreases the prediction
variance For example, averaging identical independent modetgalictions would reduce
the resulting prediction variance by a factor df.1h most ensemble learning, including

TAGGING, reduction is obviously less tharNldecause of dependent base predictions.
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Thinning by stratified sampling of markers from the &gk map takes advantage of the
consistent Ospatial é pattern of correlation
spaces defined by thinning represented disjoint representations of the linkage map. By
decomposing the prediction error variancessivewed that the contribution of variance
among prediction sets was reduced to almost zero with large samples of sparser subset maps
(Figure 3-3). Finally, the TAGGING strategy tracks the linkage structure exactly in our case
of a perfectly uniform markereshsity. In more typical QTL mapping situations in which the
markers are not evenly spaced in the linkage map, it is important to stratify maps accounting
for the original marker correlations, instead of just even sampling across chromosomes.
Similarly, ingenomewide association studies for which the correlation structure of marker
set is always not constant, the LD between marker genotypes does not decays monotonically
as their physical distances extend. Special attention needs to be paid to appropteate ma
stratification schemes for these more general situations of uneven marker spacing for QTL
mapping and complex LD structure for association mapping when TAGGING.

The minimum density required for TAGGING to work was around 20 cM in the
thinned maps, anfdirther thinning caused decreased prediction ability in TAGGING. Since
dense maps are expected to be more easily available for many species, the applicability of
TAGGING will only increase over time. Furthermore, most crop plants regularly deal with
mapswith density greater than one marker per 20 cM, so there is already general
applicability at this time.

In addition to reducing the variance by model averagingther motivation of

TAGGING was to alleviate bias in prediction. Fistiarge collection of disjoint predictors
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can be considered and weighted when ensembling them, and therefore more genotypic
information Eigure 3-4, B-4 and B-5) contributes to the ensemble prediction, resulting in
reduced bias in prediction. Moreover, avha few dominating predictors consistently perform
better than their correlated competitors (for example, markers within the same LD block),
they will tend to be selected in prediction models at the expense of those weaker competing
predictors, some of with may provide information about local features of the data.
TAGGING thins the map into equally spaced disjoint maps, providing more opportunity for
predictors to be considered without competition from the dominant predictors, possibly
increasing the chae that weak local features will be represented by some of the base
learners.

We expect that bootstrapping of data samples in addition to TAGGING to generate
even greater numbers of base learners will not result in a substantial decrease in the
predictionerror, as the variance is already nearly eliminated by TAGGING, whereas bias
may increase due to the use of smaller effective training samples for each base learner. As
observed hereg~{gure 3-3 and B-3) and found in many other ensemble studies, the
dominaing error source turns out to be the basd irreducible errofBAUER AND KOHAVI
1999) which suggests necessity of bias reduction in ensemioterigaA better approach
may be to implement TAGGING upon higher variable (lower bias) base leaviw@eover,
bias corrected estimatoflSFRON 1987)can be further incorporateato TAGGING, which
may help reduce the prediction bias due to fisdeple bias in base learner estimators
(Horowi1TZ 2001;ZHANG AND Lu 2012) Similar to bagging and random forest, TAGGING

applied a natural model averaging weight to combine leaseers and did not require a
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tuning process. Another direction of future work could be related to exploring sophisticated
ensemble learning algorithms. Regularized linear regression on the base learners can be
easily implemente@FRIEDMAN AND POPESCU2008) Alternatively, metdearning strategies
such as stack regressiqiBREIMAN 1996b)are approaches based upon the parallel training
of multiple learning programs, followed by a métarning stage to stack them in a

principled fashion.

The prediction ability of TAGGING models is not sufficient to outperform current
standard genomic prediction methods, such as GBLUP. Our results suggest, however, that
TAGGING can simultaneously match the prediction ability of the GBLUP model énliiih
of complementarity that can be exploited in additional ensembling) while also providing
information on important genomic regions, which can be utilized in gene discovery. The
improved prediction ability of the ensemble models over conventional QPpingimply
they can better model the true QTL architecture, for example, by highlighting important
genomic regions instead of relying on point estimates of QTL effects and by ameliorating

collinearity in dense genetic maps.

Oligogenic and polygenic modebmplementation

The high heritabilities (over 85%, line mean based) of the three traits implied a great
proportion of trait variation should be attributable to differences between maize lines after
accounting for known environmental effe(Buckler et al. 2009; Kump et al. 2011; Peiffer

et al. 2014) Traditional additive QTL models nevertheless provide only moderate poedict
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ability. This indicates that the genetic factors underlying these high heritable traits are
complex or might not be approximated well without considering more complex model
hypothesis. No strong specific digenic interaction was found in NAM populdbotise

studied traits, although it is still possible that polygenic additive by additive effect is
important, even if we have not mapped specific interactions so far. Considering the epistasis
may be one piece of the missing components, fitting feasgitasis effects that can

account for moderate or large effects seems practical in improving prediction accuracy,
especially in our TAGGING framework where the hypothesis spaces can now be more easily
searched. Previous studies showed that infinitesirRam@del (GBLUP or ridge regression
models) outperformed QTFhased model in predicting complex traits for both refalbnily
populations(Peiffer et al. 2014and bipaental segregating populatiofisorenzana and

Bernardo 2009; Guo et al. 2012he opposite results were found for traits with major QTL
(Zhaoet al. 2014)In a plant breeding application, linear combinations of different genomic
prediction (including Bayesian) models did not result in noticeable gain in GP accuracy
(Heslot et al. 2012)Our results showed that the ensemble learners among.wed
TAGGING-assisted QTL models and GBLUP models that come from the same genotypic
information improved prediction, which suggests their useful compliatien in prediction

of complex traits. Furthermore, the factorial experiment of combining varied model
predictions suggest that aggregating models that use different genotypic information is
advantageous in GP in the tested NAM populations. Leveragirgpthplementary effects
among model assumptions and/or genetic information provides one more possible solution to

achieve a better model specification in order to approach the ideal heritable variation.
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Figures

Thinning and Aggregating (TAGGING)

PredictionScheme

NAM families
1 80% 20% 3 Aggregating by 4
- .. averaging predicted
Training Prediction values from QTL models
0.2 cM SGBLUP, JGBLUP,
Joint Family (JF) HGBLUP...
llllll" Single Family (SF)
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Figure 3-1 Data sampling, map thinning, model building and ensemble schemedhe

cross validations were repeated 10 timesHRmure 3-2, 3-3 and 3-4, and 50 times for
Figure 3-5. Step 1: Take a stratified random sample 80% of RILs of each NAM families to
use as a training set a@0% as test set. Step 2: Thin the originatéM2resolution map is

into s sets of reduced maps with irt@arker distance 0.2*cM, and calibrate JF and SF
models as base learners on the same training sets with various combinations of reduced maps
and p thresholds. Step 3: Independently predict the same test sets with the parameter
estimates obtaining from training data. Step 4: Generate ensemble predictions for ESF and
EJF models by taking arithmetic means. Step 5: Generate ensemble learning anamredicti
of QTL-based and GP models. Step 6: Evaluate predid®ofor all models including
individual QTL models, TAGGINGssisted QTL models, ensembles of QTL and GBLUP
models, as well as subbagging models (see text for details).
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Figure 3-2 Prediction R? for resistance to SLB in biparental and multiplefamily prediction,
comparing JF, SF and the TAGGINGassisted QTL analyses using multiple map densities

and under multiple selectionp. The number at the top of and dot within each boxplot presents the
meanR? among 25 NAM families for that boxplot. Theaxis represents the densities of linkage
maps used for the JF, SF, and TAGGHs§sisted QTL methods.
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Figure 3-3 Prediction bias’and variance in TAGGING-assisted and single QTL models
for resistance to SLB. X-axes denote the intenarker distances for the genetic maps used:
n0. 20 for single JF or SF models, and others

to within-family R? calcualted based on all RILs in the test sets to permit comparisons of both
mean error measures and mean predidgon
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Figure 3-4 Marker -trait associations identified by JF and EJF models across ten
chromosomes, using different map densities under selectiprat 0.001 for maize SLB
resistance in NAM panel.Blue, cyan and gray peaks denote associations with RMIP greater
than 0.5, 0.30 0.5 and less than 0.3, respectivelyaxes deonte the genetic positions (cM)
across ten chromosomes. RMIP values were summarized at the individual marker (every 0.2
cM) basis.
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Model 0748 B 0‘5“_' ESF EJF EJF+ESF
i T
SGBLUP 0.46 0.47 0.49* 0.48*

JGBLUP 0.48

HGBLUP

Figure 3-5 Ensemble between TAGGINGassisted QTL and GBLUP models showed

their complementary effects on prediction ability. The mean withiffamily predictionR?

values for QTL and GBLUP models were shown in first row and column, and other cells

show theR? values fo ensembles with equal weights for the two models in the corresponding

rows and columns. The thinned maps oftR0inter-marker distances were used for the QTL

models, under the best selectgiringency(p = 0.01 for EJF; 0.05 for ESF). * denofes

value< 0.0005 in the oneided binomial tests with the null hypothesis that the ensemble

mod el predicted the same as the correspondin
TheR? values were estimated from 50 replicates of cross validation. Standasiarror

prediction ability based on variation among families ranged from 0.016 to 0.018.
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Tables

Table 3-1 Description of prediction models compared.

Type Model Model Description

Genotypic input Analysis

(Ensemble) Joint

JFIEJF Linkage analysis

QTL

model  SF/ESF (Ensemble) Single

Family analysis

Ensemble of EJF

EJF+ESF and ESF models

subset(s) of linkage marker (Ensemble of) joint
genotypes in one consensus multiple-family linkage
map analysis

subset(s) of linkage marker
genotypes for each of 25
families

(Ensemble of) single
family analysis

Average prediction of the

As above
two above

linkage mapbased
SGBLUP GBLUP model
(within-family IBD)

Genomic Allele calling-based
prediction JGBLUP GBLUP model
model (crossfamily 11S)

Allele calling-based
HGBLUP GBLUP model
(crossfamily 1IS)

25 G matrices from 25 sets ¢ Single family GP one
linkage marker genotypes  family at atime

OneG matrix based on the
actual genotypes most
adjacent to linkage marker
positions

Joint family GP

OneG matrix based on 1.6 N

HapMap v1 SNPs Joint family GP
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Abstract

Genomewide association mapping using dense marker sets has resulted in
identification of some nucleotide variants affecting complex traits which havevabéated
with fine-mapping and functional analysMany sequence variants associated with complex
traits in maize have small effects and low repeatability, however. In contrast to geaene
association study, genomic prediction is typically based aetadncorporating information
from all available markers, rather than modeling effects of individual loci. In this stedy, w
considered methods to integrate results of generde association studies into genomic
prediction models in the context of mulggnterconnected families. We compared
association tests based on a biallelic additive model constraining the effect of a SNP to be
equal across all families in which it segregates, with those based on a multiallelic haplotype
model in which the effect af SNP can vary across familidssociation SNPs were then
included as fixed effects into a genomic prediction model that also included the random
effects of the whole genome backgrouBamulation studies revealed that the effectiveness
of this joint appoach depends on the extent of polygenicity of the traits. Congruent with this
finding, crossvalidation studies indicated that genomic prediction including the fixed effects
of the most significantly associated SNPs along with the polygenic backgroumdones
accurate than the polygenic background model alone for moderately complex but not highly
polygenic traits measured in the maize nested association mapping population. Individual

SNPs with strong and robust association signals can effectively imgemaenic prediction.
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Introduction

Genomic prediction (GP) based on genemeée markers has emerged as a powerful
supplement to conventional plant and animal bree@ayEs AND GODDARD 2001;
MEuwISSENet al.2001;BERNARDO AND YU 2007;HEFFNERet al.2009;CrosSsAet al.
2014) Exploiting recentramatic decreases in genotypousgts, GP can accelerate selection
cycles or increase effective population sizes under selgdiianG AND HiLL 2000)and is
likely to increase selection gains per unit of ti(hkeFFNERet al. 2010;BUTRUILLE et al.
2015) Most genomic selection models assume
architecturegHiLL 2014) in which each marker is assumed to be associated with very small
genetic effects. In contrast, quantitativetttacus (QTL) mapping and genomede
association studies (GWAS) attempt to find individual markers associated with larger
amounts of genetic variation than expected for a polygenic background effect.

Genomic prediction and GWAS are attempts to modétmiht aspects of genetic

architecture and have complementary advantages. Whereas GWAS may serve as initial

evidence for the role of a particular gene in the inheritance of a complex trait, GWAS models

are generally poor at representing the combined sametius effects of many small effect

ap|

variants. In particular, with dense marker data sets, researchers often have more markers than

observations, resulting in strong dependencies among SNP association tests. In contrast,
common GP models rely on assumptiabsut the genetic architecture that permit
simultaneous modeling of high dimensional SNP data and often good prediction ability, but

high prediction ability usually comes at the expense of low interpretability. Consequently, it
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seems inevitable to trad® onodel interpretability for model complexity in QBIANOLA
AND VAN KAAM 2008; GoNzALEZ-RECIO et al.2008)

Genomic Best Linear Unbiasedddiction (GBLUP), or equivalently, Ridge
regression Best Linear Unbiased Prediction{|RRJP; (HABIER et al.2013) assumes equal
marker variances and no epistasis, but wankl for quantitative trait prediction in practice
(LORENZANA AND BERNARDO 2009;Guo et al.2011;HEFFNERet al.2011;HESLOT et al.

2012) GBLUP hasecome a widely used statistical method to predict genotypiesah

breeding practice witless computational burden than mode complex approaches

(VANRADEN 2008;HAYES et al.2009;PIEPHO 2009) GBLUP uses single nucleotide
polymorphisms (SNPs) to calculate the realized genomic relationships between individuals to
mimic the genetic relationships at quantitative trait loci (QTL) Phediction ability of

GBLUP relies on linkage disequilibrium (LD) between SNP loci and QTL and additive

genetic relationships at QMHABIER et al.2013) GBLUP is expectetb perform well when

the quantitative trait is controlled by a large number of loci dispersed across the genome,
because in the polygenic genetic architecture, the realized relationship matrix serves as a
good approximation of genetic correlation at thenetous QTL.

GP generally outperforms QHhased markeassisted selection (MAS) in animal and
plant breedindgLorenzana and Bernardo 2009; Moser et al. 2009; Heffner et al.. 201l)
poor predictive accuracy of MAS is due to inadequate power to detectedfeatlloci and
treating markers that do not pass stringent thresholds as having zero effect, while conversely
overestimating the effects of markers that are retgiBedvis 1998;Xu 2003;SCHON et al.

2004) GWAS has some limitations similar to QTL mapping due to the common use of
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stringent thresholds designed to minimize false positive associations, resulting in limited
repeatability of dtection results across studies especially for sefedtt associationdIAN
et al.2014;LAzzerRONI et al.2014)

A variety of approaches have been proposed to account for variability in SNP
associated effects in genomic prediction. Bayesian madslsmeéhe genetic architecture
includes amixture of majorandsmall effect QTLand polygenidackgroungdandapply
shrinkage and variable selection techniques, using gsgumption$or marker effect
distributionsand hyper parameters for fine tuning the p(Meuwissenet al.2001;PARK
AND CASELLA 2008;HABIER et al.2011) The Bayesiaapproaches GP are more
computationally intensive and do not scale well to large markesdtgd he parameter
estimates from Bayesian or nparametic methods (kernel methods, random forest etc.) can
be sensitive to priors and unstable across st@iesioLA et al.2009) More
computationally efficient methods have been proposed to weigh the genomic relationship
matrix to represent the relative size of variance explained by the correspondifaglocs
et al.2014;08BER et al.2015;TiIEzz! et al.2015) These methods aim to improve prediction
andare not intended as gene discovery methods.

Methods that specifically integrate GWAS and GP methods might provide a way to
bridge the information coming from opposite ends of the genetic architecture spanttum
provide more robust associations that could aid gene discovery while also improving
genomic prediction. Spindel et al. (2016) proposed combining a small number of significant
SNPs detected with GWAS #sged effects in combination with an RBLUP modelto

capture polygenic effectaodelin a panel of 332 rice breeding lines, resulting in superior
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prediction performancéSPINDEL et al.2016) The objectives of this study were to compare

the prediction ability of models including only polygenic background effedisase

integrating polygenic background effects withGWBS& s ed SNP O6di scoveries
of a large multiple family interconnected population in mafzeimulation study was

conducted to compare the power and false discovery rate of asso@atgartd the

prediction ability of different modeling approaches under two different genetic architectures,
differing by the effect sizes of a subset of makers. Real data from the maize nested

association mapping were analyzed to compare predictive aiilitifferent models for

traits with different genetic architectures.
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Materials and Methods

Plant phenotypes and genotypes

We used the maize nested association mapping (NAM) population comprising a set of
~5000 recombinant inbred lines (RILS) derived from crosses between a reference parent,
inbred line B73, and 25 other diverse founder inbred lines of nisligMULLEN et al. 2009)
Three quantitative agronomic traits in maize: resistanseuthern leaf blight (SLB), Gya
Leaf Spot (GLS), and Plant HeiglRHIT) were previously studied for genetic architectures,
and the predicted mean values for NAM RILs were previously rep(ted et al.2014;
PeEIFFERet al.2014;BENSONet al.2015)and adopted in this study. A second genenat
NAM linkage map consisting of 1476 markers with a uniform 1 cM intarker distance
was used for linkage analygBIAN et al.2014;SwARTs et al.2014) An additive genomic
relationship matrix@ matrix) forthe whole NAM panetomputed from the higbensity
markes in maize HapMap V1 of 1.6 million SNRPEeIFFERet al.2014)was also adopted
hereto represent the polygenic additive genetic relationgMps/RADEN 2008) as
previously used ifBIAN AND HOLLAND 2015) A total of 4354,3225and 4359 RILs with
both genotypic and phenotypic data were available for analyzing SLB, GLS and PHT,
respectively. A total of 1,328,174 singieicleotide markers (most SNPs and small indels) in
Maize HapMapV2 genotypd€HIA et al.2012)had complete and polymorphic loci for 26
NAM lines. Those markers were referred to as SNPs in this study, and their genotypes were
projected into NAM RILs based on the linkagap(BIAN et al.2014)and used for GWAS

of the three agronomic traité/e then sampled one of every ten of the GWAS HapMap V2
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SNPsfor each cM interval, and ensured at least two markers were kept for each isterhal,
thata total of 133,509 SNPsere used for the simulation analyses (described below).
Simulation scheme

We designed simulation of two distinct quantitative traits using the real genotypes in
NAM populations to prelude empirical data analyses. Heritability was assigned at 0.56, with
two sources of variances: additive main effects of causal loci and additive polygenic
backgroundsWith the extensive coverage across the genomé; thatrix accurately
measured the pairwise additive genetic relationships and population structure among all
RILs. For the additional causal effects, ten independent SNPs were randomly chosen from
each of ten chromosomeasdassigned identical additive effects the true variantsor the
contribution from the rest of genome, we gave a random variance compmasebciate
with theG matrix described above. The attributes of the first trait was described as follows:
the overall heritability is 0.56 when having both sources, the proportion of variance
explained (R) by only polygenic effectsq matrix) is 0.32, ad the Raccounted for by the
causal loci is 0.27Since thecausal and background effetimve someorrelaton, their
combined variation is less than the sum of the individual component vasi&mrthe
second trait, we kept the three attributes the same as in the first trait, but increased the
number of causal loci from ten to 100 true variants assigned with equal additive genotypic
values. Every chromosome then had 10 nearly independent cazigbbt were at least 1 cM
apart. We hereafter referred to the first t
the fipolygenic trait o.4394me GRAforSLBnTpe es wer e

simulationdid not include epistatic interactis.
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Genomic BLUP models

Given the massive amount of genotypic data available in this study, any model that
became prohibitively computationally intensive was not employed, because of the need to
conduct many analyses for simulations and cwagislations.We therefore chose to use
GBLUP model to represent a conventional GP model. The GBLUP model was expressed as
follows:

« HH

wherey is then x 1 vector for the trait values of n NAM RILs s then x 1 intercept
vector,6 is an n x 1 vectoof genotype random effects ames covariance structure
OWD "Q ,where, isthe additive varianc& is the realized genomic relationship
matrix as described abov2,s a design matrix (identity matrix here) relating elements of
to elements 0b, andeis ann x1 vector of error and~ N(0, & ). We used the mixed
models to accommodate additive genetic relationships and background polygenic effects by
including random effects to account for correlations among lines.

We tesed an alternative mixed model GBLUP by adding the NAM family indices as
fixed effects into the regular GBLUP model.

« H » H

where the new terrdis the n x 24 incidence matrix for the first 24 of the 25 NAM RIL
families, andJis the 24 x 1 vector for family mean effects relative to the reference family
(H »»used reference coding). This model was

Apopul ationo effects.
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Main effect and nested effect model in GWAS

We aimed taapture reliable gnetic variance for the complex traits with mixed effect
models, using GWAS to directly map outstanding variation dgemomic variantbeyond
polygenic background. Linear mixed model was applied to GWAS framework. The mixed
model GWAS differed from itbaseline GBLUP and PGBLUP model by searching for
additional significant marker effect8he idea of including random effects of line
relationships was to accommodate background effect®te reliably identify loci with
lower false discovery ratéFDR). The main effect GWAS model was described as,

0 H » £ H g

whereX is n x 1 marker genotype vector foRILs at a marker locus, andis the vector of
marker main effect.

For each NAM population, every chromosome pair of a RIL line is samn®f the
two founder haplotypes (one is B73 and the other is an altdmatder). Marker effects at
QTL could vary by populationdue toepistatic interactionbetween theausal variarst and
other factors in the genetimckgroundor due to functioal allelic or haplotypic variation
around the site being testélb allow for the possible patterns of effects, we developed a
nested effect modébr GWAS that included separate coefficients representing the additive
genetic effects of each founderallélor t he founder 6s haplotype t
test locus). Using this nested effect GWAS modelcare estimatéhe effects on the
phenotype contributed by each of the alternate founder alleles. The marker genotype at a
locus, as a continuousitiable, is considered nested within population indsigthe

following mixed model
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« H » s B g

similar to the previous models, but introducipg ann x mdesignmatrix, which are
constructed by multiplying the marker genotype column into the population indices matrix
and excluding theolumns for populations in which the SNP is not segregatimg)z, a
vector of marker nested effect hat 1 s, a s thenarka lbcewitliirsebch p e 0
population.In contrast to the main effect model, this model estinratakele effects per
SNP, wherenranges from 1 to 25 and represents the number of populations in which the
SNP is segregating.

The two GWAS models were inrgmented by a twstage procedure. In the first
stage, restricted maximulikelihood (REML) estimatesf variance componenis and,
werecalculated in thenixed model that omitted the gor fj #term, using EMMA
implementatiofKANG et al.2008). The H » terms were included as fixed effects in
this baseline model, where GLS needed an additional flowering time fixed effect as a
covariate(BENSONet al.2015) In the second stage, the significance of each marker loci was
measured by the additional variatiexplained, with one degree of freedom for the marker

main effect model or witm degrees of freedom for marker effectteelswithin population

model,based on an-Eest conditioning on previously estimatédandA (KANG et al.2010;
SEGURA et al.2012) The variance components were estimated only once, and th&same
matrix was used throughout the genome g&amG et al.2010;ZHANG et al.2010) Thep-
value wagecorded for all markers.

Resamfe Model Inclusion Probability (RMIR)VALDAR et al.2009)was computed

to measure repeatability of detection for GWA&RSBIIP was calculated for each SNP as the
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proportion of croswvalidation training data sets for which the marker was passed a particular
p-value thresholdThe power was estimated by the propertadthe 1-cM intervals to which

the casual loci had been assigned that had significant GWAS associations, and the FDR was
estimated by proportion of thecM intervals that had significant GWAS associations but

had not been assigned with a causal locus.

Three prediction models

We tested the hypothesis that incorporating association mapping discoveries from our
new GWAS models can improve prediction abilities compared to GBLUP models. For the
three agronomic traits SLB, GLS, and PHT, we identified theifstant loci from training
sets (80% of random draws of each population), and predicted the masked phenotypes in test
sets (the rest 20% of RILs). We performed prediction using RiBbed and MCM@ased
linear mixed models for the three traits. First NREbased linear mixed models fit all main
effect GWAS discoveries passing the criteria as the fixed effeetandprediction models
combining nested SNP association discoveries with the genomic background were fit using
REML, however these models oftdid not converge because of collineaotynotin-full -
rankamong fixed marker effects, so we do not report results from this model. Third,
Bayesian linear mixed models fit the same main effect GWAS discoveaesh the
Bayesian linear mixed models meapplied to theamenested effect GWAS discoveries.

For the Bayesian models, a Gaussian prior (Bayesian Ridge Regression, BRR) or a
doubleexponential prior (Bayesian LASSO, BL) was assigned to the significant SNPs from

GWAS modeling(PARK AND CASELLA 2008;DE LosCampPoset al.2009;PEREZ et al.
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2010) R p ac k ®@glLeosCaMBasBt@al.2009)used aGibbs sampler to draw
samplesrom the posterior distribution®egrees of freedomvere set to 5, the hyper
parameter in BL was set to follow a gamma distribution, and we chose the shape (
parameter of the gamma density as 1.01, waildwed a relatively uninformative prior. We
solved for the rater) parameter to match the expected proportion of variance accounted for
by the causal loci. A flat prior was used for all other fixed effects (covariates). The
heritability was assumed be0.85 based on previous analyses of NAM populations, and
80% of thegenetic variance was assigned to@mnatrix term (0.68), and the remainder of
genetic variance was due to the additional causal loci (8.p#pri. A total of 50000

MCMC samples wererdwn from the resulting posterior distribution, the initial 210000
iterations were discarded as banpand the thinning interval was 5. In general, predicted
values should be robust with reasonable hyyaeameters, although estimates of marker
effects ae more sensitive.

To understand the influence of oligogenic versus polygenic architecture on GWAS
performance, we examined power and FDR for the two simulated traits at diffepevaiak
stringencies in 50 runs of cross validation (80% for training2@8d for testing)In the 50
cross validation runs for the three agronomic traits and two simulated traits, we used the most
significant GWAS associations within each cM interval that passeghth®ie stringencies

into the prediction models, avoiding avepresentation of the same genetic information.
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Crossvalidation scheme

Prediction abilities of models were evaluated within each of the 25 biparental
mapping populations using a cresdidation procedurélraining sets were created by
randomly samphg 80% of RILs from each of the 25 NAM families. The remaining lines
constituted the validation sample for the models created using the training data set. Within
family predictions were evaluated, and prediction abilities were measured as the proportion
of total trait variance explained by the modef)(R the validation set. The’Rvas used to
allow direct comparison to heritabilities, and it was estimated by averaging squared
Pear sonds R betweanthadbsewed sind predidtadt values. V& gave a
negative sign to few’ to correct for the wrong direction of correlations between predicted

and observed line values.
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Results

Simuation results: power, FDR andrediction R

The main effect GWAS model was implemented for the two simulated traits. Power
and FDR were computed across a range\edlue significance thresholds. Power to detect
SNRtrait associations in the oligogenic trait was substantially higher than that in the
polygenic trait Figure C-1 and G-2). As thep-value threshold decreased from*16 10-™,
power decreased from 0.89 to 0.36 and FDR dropped from 0.88 to 0.30 in the oligogenic
trait, and for the same amount of change in FDR, the power decreased f8oim @.51 in
the polygenic trait. Power and FDR were highly related, so that there was no clear pptimal
value threshold for GWAS. At the Bonferroni adjuspedalueof 3.7 x 107, an average of 27
SNP loci were discovered, of which about seven were tesa|lting in an FDR of 0.72 and
power of 0.70 for the oligogenic trait. For the polygenic trait FDR was 0.26, and power was
0.01.

Next, we incorporated significantly assoeidBNPs (selecting only the most
significant SNP within icM linkage map intervgiinto the REML:based linear mixed model
to obtain predicted values of the two traits. The prediction abilities of the Riadéd linear
mixed model were compared to other benchmark moBajsie 4-1). The predictiorR? in
the GBLUP model was 0.33 for the oligogenic trait and 0.36 for the polygenic trait. It was
expected that GBLUP model performed better for the polygenic trait because most of the trait
variation was well approximated by the assumptions of the GBLUP Infutl R* were
greater than the simulated proportion of variance truly due to polygenic background (0.32)

becauseth&Emat ri x i s able to absorb some of t he
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We also examined the predicti®in a mixed model that fihe exact causal SNPs
andGmatri x as we had simulated. Because this
specified, it can be considered a theoretica
prediction abilityR? from 14i 15 percentage points lowiran the heritability (0.56).

Although the causal loci were known, the marker effects and background variance
components required-estimation for each training data set. Estimation errors in the causal
model can be due to genetic sampling variancedifig causal allele frequencies and
introducing correlations among causal markers) as well as experimental error. Bernardo
(2001) observed that for polygenic traits, even knowing which genes are causal does not
solve problems in estimating their effects.

The integrate@GWAS-GP model performed well with the oligogenic trait: the
predictionR? increased from 0.33 in the basic GBLUP model to a maximum of 0.41 at the
optimalp-value thresholdp(= 10° Figure 4-1). Within the commonly usep-value range,
from 10“ to 107, the GWASGP model had stable prediction ability, although it began to
decrease as stringency increased furthigiufe 4-1). In contrast, the GWASP model
provided very little improvement over GBLUP at its optirpalalue threshold, and praed
substantially worse prediction ability outside of fhealue range between t@nd 10°. For
both traits, prediction ability was near optimal at the Bonferroni corrgetedue, and

therefore we used this threshold in the analyses of the thresoagmtraits.
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GWAS of the three agronomic traits

We implemented two GWAS models for each of two quantitative disease resistance
traits (SLB and GLS) and plant height (PHT). The main effect model assumed a constant
difference between the SNP alleléects across families, whereas the nested effect model
allowed the allele effects to vary across families. The discoveries from the two models were
obviously clustered in a relatively few genomic regidag\re 4-2, C-3, C-4, G5, C-6, C-
7, and G8). However, main effect SNP GWAS models identified strong and repeatable
associations in chromosome 6 for SLB and chromosome 1 for PHT alone, while nested
GWAS models appeared more powerful for associations on chromosome 4 for GLS and
chromosome 7 for PHT. Tremmplementary discoveries indicate that a mixture of the two
genetic assumptions might be closer to reality.

The average number of discovered SNP loci was 21 for SLB (range from 18 to 25
loci), 14 for GLS (range from 7 to 24) and just 0.9 for PHT (rdng®a O to 5), when fitting
the main effect GWAS model in the 50 training sets. The average number of significant loci
was 21 (18 to 26) for SLB, 23 (13 to 32) for GLS, 1 (0 to 4) for PHT, when fitting the nested
GWAS model in the 50 training sets. The §mamber of PHT associations detected and
their limited repeatability suggest that the infinitesimal genetic model should be sufficient for

PHT (Figure C-7 and G-8).

Prediction R in SLB, GLS and PHT
We investigated the impact of fitting the signifitaepeatable association SNPs into

the GBLUP and PGBLUP models and evaluated the performance relative to these two
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baseline GBLUP model$igure 4-3). For SLB, discoveries from both GWAS models
significantly improved predictioR? over the GBLUP/PGBLUP nuels. For GLS, the nested
GWAS associations increased predicti&frsignificantly over both baseline GBLUP models,
while the main effect model increased prediction ability significantly only over the GBLUP
model but not the PGBLUP model.

For PHT, there gpeared no improvement over the baseline models, although the new
approach did not introduce overfitting or decrease prediction accuracy due to fitting
conservative GWAS discoveries. The true effects of underlying QTL should be small for
PHT, and so the aaracy with which these effects were estimated was expected to be low
although a large sample was used. Being conservative about the GWAS discoveries (< 1 on
average) guarded against overfitting problem common seen in prediction prEoéce.
predictionR? varied by NAM populations for all traits we studiddigure C-9). This
phenomenon may occur because the segregating QTL are population dependent and the

foundersdé genetic relatedness to the common
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Discussion

In this study, we proposed new GWAS models for the maize NAM populations and
tested if their results could be used to enhance genomic prediction. The refined genetic
architectures comprised a polygenic portion with covariance relationships estimated by
genomewide SNPs (and summarized in f@anatrix) and an additional portion due to loci
with individually significant effects. Simulation studies showed the new main effect model
had good detection power in identifying oligogenicity with even small effegfddining ~
3% phenotypic variations). In contrast, polygenes (100 causal loci, each ~ 0.3% phenotypic
variations) were very difficult to detect from the background without a very high false
discovery rate. One way twidge the disconnected interest beén mapping gene and
genomic prediction is to have an integrative modelling systeaheterct repeatable
association loci to exploit them in prediction performaNde.identified reliable associations
for the two disease resistance traits and used thempt@ve prediction accuracy

significantly.

Power in main effect vs nested effect GWAS models

Previous GWAS analyses of multiparental RIL populations aedtimat the same
allele always has the same effect independent of the source of multiparentalipogpuBt
nesting SNP genotypedfectsin founders, we allowheflexibility of allelic effects across
the populations. SNEffecs may vary across families because they may tag different clusters
(haplotypes) of functional variants in different foundersthey may interact epistatically

with the genetic backgroun8iatistically, the new nested effect GWAS model is an
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extensiorof the NAM joint-family linkage model, excephat identity in state between
parents results in zero SNP effect in the new madel the genetic background effects are
controlled with a randorpolygeniceffect rather than bsnodel selection.

Conversely, thadditive SNPeffect modemay be more realistic in some cases
becausé.D among loci is weak in diverse maize, the currentkeracoverage is extremely
high across the genomemnd the importance @pistasisn maize is uncertairFrom those
perspectives, the main effect model should be used tggsaterpower and more precise

estimation of the marker effect.

Geneticarchitecture and implication to breeding practice

Although most agronomic traits are quantitatpveherited relatively large effect
genes may still be involved in their inheritance, and their preseneelaigge impact on
which genomic prediction motes optimal. A previous simulation study showed that when a
few (11 3) major genes are present for a quantitative trait and each major gene accounts for
10% of genetic variance, fitting these major genes as fixed effects are beneficial to the
genomewide prediction mode(BERNARDO 2014) In contrast, with polygenicity, many
genetic effects mugte estimated, and therefore it is unlikely to get good estimates of genetic
effects with even large sample sizes. Our GWAS approach distinguished the purely
polygenic trait (PHT) from the ones that may have major genes, and by explicitly modeling
the effeds of repeatable loci, if any, in addition to the infinitesimal model, the new GP model

achieved good and robust performance across traits.
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The genetic architectures provided by this study imply diverse breeding strategies are
needed. Targetadtrogression of favorable alleles or elimination of deleterious alleles can
be employed in breeding if repeatable maitkait associations are found. If no major
markertrait association is identified, however, phenotypic selection or GP should be given
priority over targeting specific regions or lodilighly repeatable and robust associations are
those that are most likely to improve selection response when incorporated with genomic
prediction models. These associations also can be considered highiey fanigets for high
resolution genetic analysis, to aid in the discovery of genes and genetic pathways underlying
complex traits.

Using an extreme density of genomvele marker set to represent the polygenic
contribution may have costed a reductionl@iection power. If causal loci are in strong LD
with other markers, the relationships modeled byGmeatrix will account for some shared
proportion of genetic variations at major effect loci as well as the polygenic loci, resulting in
a reduction in theower of GWAS. Nevertheless, loci with moderate to strong effects can
still stand out of the background and be captured as fixed effects. In the future, we plan to
remove the local correction during association scan; each cM interval scan is scan@ed with
G matrix calculated on all chromosomes but the curren{lbaeLd AQUA et al.2015) and
the withininterval SNPtrait associations are to be tested with and without the boundary
linkage markers included as covaeis (a threelimensional GWAS scans in the mixed
model context).

Although GWAS had low power of detections for PHT due to more polygenic genetic

architectures, our strategies incorporating the association mapping discoveries into prediction
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did not causeverfitting. It is important to have a robust approach suitable to different traits.
In addition, accounting for the different population mean effects using the PGBLUP model
did not benefit prediction in NAM populationBigure 4-3) beyond the conventioha

GBLUP model, as th& matrix alone appears to mostly account for the effects of variation

among family means.

The Future plans

This study investigated withifamily prediction. Further efforts needs to be put into
studying the best practice of modelimgcrosspopulation predictionHow this strategy
would perform in training on multiple related or unrelated small biparental families to predict
progeny from other crosses is an important question. To address the question, studies need to
be done in ptimizing the allocation of resources in GP using the current method. Second, it
is important to extend the GP framework into mtriit joint selectior(JA AND JANNINK
2012) Higher hierarchical genetic data such as RNA pmfileanscriptomic data, and other
biomarkers may be crucial to enhance the current DNA marker SGUBDELSHEIMEREt al.

2012)
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Availability of supporting data
The data sets supporting the results of this article are awadabiie Panzea.org
repository,
http://panzea.org/db/gateway?file_id=Kump_etal_2011 Nat_Genet_SLB_pheno_data (for
raw data) and at the LabArchives.com repository,
https://mynotebook.labarchives.com/share/SLB%2520GWAS%2520reanalysis/MjluMXw0
MDg20C8xNy9UcmVIrm9kZS80MTgyNjQ1ODhENTYuMQ==

(for updated BLUPs and SAS codes to perform NAM joint linkage analysis).
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Figure B-1 Within -family prediction R?for plant height in biparental and multiple -family prediction, comparing JF, SF and the TAGGING models

Inter-marker Distance (cM) on Maps

using multiple map densities at multiple selectiop. The number at the top of each boxplot was the rfi@among 25 NAM families. The x axis
represents the densities of linkage maps used in either JF, SF and TAGGING models.
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Figure B-2 Within-family prediction R? for days to anthesis in biparental and multiplefamily prediction, comparing JF, SF and the TAGGING
models using multiple map densities at multiple selectiop. The number at the top of each boxplot was the fanmong 25 NAM families. The x axis
represents the densities of linkage maps used in either JF, SF and TAGGING models.
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Figure B-3 Prediction bias and variance in TAGGING and discrete QTL models for plant height (top) and days to anthesis (bottom).
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Resample Model Inclusion Probabilities for NAM PHT with JF and EJF
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Resample Model Inclusion Probabi\ity

Figure B-4 Marker -trait associations identified by JF and EJF models across ten chromosomes, using different map
densities under selectiom at 0.001 for plant height in NAM panel.Blue, cyan and gray peaks denote associations with RMIP
greater than 0.5, 0.3 to 0.5 and less than 0.3, respectivalyedeonte the genetic positions (cM) across ten chromosomes.
RMIP values were summarized at the individual marker (every 0.2 cM) basis
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Figure B-5 Marker -trait associations identified by JF and EJF models across ten chromosomes, using different map
densities under selectiomp at 0.001 for days to anthesis in NAM paneBlue, cyan and gray peaks denote assariatvith
RMIP greater than 0.5, 0.3 to 0.5 and less than 0.3, respectivakes<deonte the genetic positions (cM) across ten

chromosomes. RMIP values were summarized at the individual marker (every 0.2 cM) basis.
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Plant Days to

Model . ESF EJL EJL+ESF
height Model anthesis ESF EIL EJL+ESF

Individual i
Individual
el . 0.466  0.465 Nl - 0.446  0.454

SGBLUP ~ 0.465  0.465 0.483* 0.479* SGBLUP 0.450 0.458 0.465*  0.466*

JGBLUP 0.461 0.485 0.487* 0.490*

HGBLUP

-— e Low to high within family prediction R? values

JGBLUP 0.481

HGBLUP 0.493

Figure B-7 Ensemble of QTL and GBLUP models showed complementary effects on
prediction ability (Left, plant height, right, days to anthesis).The mean withirfamily
predictionR? values for individual QTL and GBLUP models are shown in first row and
column, and the rest of cells show fRfevalues for the equally weighted ensembles of the
two models in the corresponding rows and columns. The thinned map<bf 2der

marker distaces were used for the QTL models, under the best selsttiogency(p = 0.01
for EJF; 0.05 for ESF}. denotep-value< 0.0005 in the onsided binomial tests with the
null hypothesis that the ensemble model predicted the same as the corresponding row
GBLUP model ( O 2 1TheRhvalues Were éherdtea fromI50 repticates of
cross validation descried in the materials and mett®tdsdard errors of prediction ability
based on variation among families ranged from 0.013 to 0.016 for @iyt land from
0.017 to 0.021 for days to anthesis.
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Figure B-8 Resample Model Inclusion Probabilities (RMIP) of JF models that used different linkage map densities under selectipn

1e-3 for for genetic resistance to SLBThe patterns of RMIP landscapeere mostly same among JF using 0.2 ~ 2 cM density maps, while
further reducing map densities compromised precison by losing and merging marker associations of small effects intanavkéable
positions.
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TableB-11 B-6
Available for download as Excel files at
www.g3journal.org/lookup/suppl/doi:10.1534/g3.115.021121DC1
Table B-1 PredictionR2and other statistics for genetic resistance to SLB, comparing JF, SF
and the ensemble QTL analyses using multiple map densities andwitiple selectiorp.
Table B-2 PredictionR2and other statistics for plant height (PHT), comparing JF, SF and
the ensemble QTL analyses using multiple map densities and under multiple sglection
Table B-3 PredictionR2and other statistics for days anthesis (DA), comparing JF, SF and
the ensemble QTL analyses using multiple map densities and under multiple sglection
Table B-4 Prediction results in EJF, ESF, EJF+ESF, SGBLUP, JGBLUP, HGBLUP, and
their ensemble models.
Table B-5 ANOVA for factorial experiment in ensemble learning involving EJF+ESF,
SGBLUP, JGBLUP, and HGBLUP models.
Table B-6 Prediction performance of ensemble of EJF, ESF, SGBLUP models weighted by

two natural coefficients and Neldé&dead optimization toward test set phenotypes.
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Supporting data
File B-1. NAMSLB.RData. figshare.com/s/7dde4a3cedc61lled4ac5606ec4bbcfl4l. Mean
values for Southern leaf blight disease scores and linkage map marker scores for NAM RILs
formatted as an R data object.
File B-2. SLB_genopheno.sas7bdat.digire.com/s/687458c6edc611ed4ae3406ec4bbcfl4l.
Mean values for Southern leaf blight disease scores and linkage map marker scores for NAM
RILs formatted as a SAS data set.
File B-3. NAMPHT.RData. figshare.com/s/b5e82c54edc611e4ae3406ec4bbcfl41l. Mean
valuesfor plant height and linkage map marker scores for NAM RILs formatted as an R data
object.
File B-4. PHT_genopheno.sas7bdat. figshare.com/s/93761014edc611e4b69206ec4bbcfl41.
Mean values for plant height and linkage map marker scores for NAM RILs forraatted
SAS data set.
File B-5. NAMDA.RData. figshare.com/s/c367d258edc611e496ee06ec4bbcfl41. Mean
values for days to anthesis and linkage map marker scores for NAM RILs formatted as an R
data object.
File B-6. DA_genopheno.sas7bdat. figshare.com/s/d6738%611e49c4306ec4bbcf141.
Mean values for days to anthesis and linkage map marker scores for NAM RILs formatted as
a SAS data set.
File B-7. reIMat.RData. figshare.com/s/d6069ea4edc511e49c4306ec4bbcfl4l. Realized
additive genomic relationship matrix fteAM lines based on 1.6M HapMap | markers

(courtesy of Dr. Jason Peiffer).
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File B-8. NAMSLB_IIS.RData. figshare.com/s/cc9cdd00Oedc611e4ae3406ec4bbcfl41l. Mean
values for Southern leaf blight disease scores and Identity In State (1IS) calls for HapMap
markersclosest to NAM linkage map markers for NAM RILs formatted as an R data object.
File B-9. NAMPHT _IIS.RData. figshare.com/s/9bclle3aedc611le4ac5606ec4bbcfl41. Mean
values for plant height and Identity In State (IIS) calls for HapMap markers closest to NAM
linkage map markers for NAM RILs formatted as an R data object.

File B-10. NAMDA_IIS.RData. figshare.com/s/71f708b2edc611e4994406ec4bbcfl141. Mean
values for days to anthesis and Identity In State (lIS) calls for HapMap markers closest to
NAM linkage map mekers for NAM RILs formatted as an R data object.

File B-11. ESF.sas. figshare.com/s/44c43d7eedc611e49c4306ec4bbcfl41. SAS code to
conduct ensemble single family QTL analysis.

File B-12. JSF.sas. figshare.com/s/5dbbl4a6edc611e49c4306ec4bbcfl4l. SAS code
conduct ensemble joint family QTL analysis.

File B-13. GBLUP and ensemble model prediction SLB.R.
figshare.com/s/2d33f2bcedc611e4ae3406ec4bbcfl4l. R code to ensemble GBLUP and

ensembleQTL-based predictions.
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Appendix C: Supplementallnformation for Chapter 4

Enhancing Genomic Prediction with Gencmiele Association Studies in Multiparental
Maize Populations

Yang Biart and James B. Holland*

! Department of Crop Science, North Carolina State University, Raleigh, NC 27695
2 U.S. Dgoartment of Agriculturédgricultural Research Service, Plant Science Research

Unit, Raleigh, NC 27695

Keywords Quantitative trait loci; genora@ide association studies; mixed model; genomic
prediction

*corresponding authofgmes_holland@ncsu.edu

150


mailto:james_holland@ncsu.edu

1.000 - Type

0.975 - FDR 1cM
0.950 ~=— Power 1 cM
0.925 -

0.900 -

08754
0.850 - ™
0.825 - >

0.800 - .
0.775 - N
0.750 - L\
0.725 ~

% 0.700

o 0.675 - ™

>0.650 - b

0 0.625 - N

80.600 - ~

£0.575 4

0.550 - —

£0.525 7 S

L 0.500 < =

50475 -

5 0.450 S

30,425+ —

o 0.400 -
0.375 1 T
0.350 -

0.325
0.300 -
0.275
0.250 -
0.225
0.200 -
0.175
0.150 -
0.125 -
0.100 -

T 1

1 T 1 1 T 1 T 1 1 1 1 U 1 T U 1 1 T T 1 T
40 45 50 55 60 65 70 75 80 85 90 95 100 105 11.0 115 120 125 13.0 135 140 145 150
-log10(p) greater than

Figure C-1 Power and false discovery rate in oligogenic trait simulationX-axis shows
significance claim thresholds in termsiédg10{-value). Dots on lines indicate the
Bonferroni adjusteg-value threshold.
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Figure C-2 Power and false discovery rate in polygenic trait simulationX-axis shows
significance claim thresholds in termsiédg10{-value). Dots on lines indicate the
Bonferroni adjusteg-value threshold.
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Figure C-3 and G4 GWAS Manhattan plots for SLB using main effect and nested
effect models. Averageilogl0(p) shows the average significance over 50 runs, each of
which used random 80% of each NAM population.
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mixed linear model GWAS GLS
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Figure C-5 and G6 GWAS Manhattan plotsfor GLS using main effect and nested
effect models Averagei log10(p) shows the average significance over 50 runs, each of
which used random 80% of each NAM population.
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Figure C-7 and G8 GWAS Manhattan plots for PHT using main effect and nested
effect models Averagei log10(p) shows the average significance over 50 runs, each of
which used random 80% of each NAM population. The green bar shows the threshold at

Bonferroni correcteg@-valueof 0.05.
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