
ABSTRACT 

MERRILL, KEITH RYAN. Population Structure and Association Analysis in a Diverse 
Population of Eastern North American Winter Wheat. (Under the direction of Dr. Gina L. 
Brown-Guedira.) 

Genome-wide association analysis was performed in a diverse panel of 382 eastern 

United States winter wheat landraces, breeding lines, and cultivars for plant height, heading 

date, and resistance to leaf rust (in both field and seedling screening studies), stripe rust, and 

powdery mildew. Traits were evaluated in multiple years and locations and association was 

evaluated with data from 3,492 genetic markers, obtained using the Illumina iSelect HD 

Genotyping BeadChip for wheat with 9000 SNP and individual assays for markers with 

known association with traits of interest.  Population structure was analyzed using both 

principal component analysis and kinship and we demonstrate the skewing effect that alien 

translocations, carried by some lines within the population, have upon both of these 

population structure estimates.  

We demonstrate the utility of using a step-wise approach for association analysis, 

fixing the most significant marker(s) at each step and then reanalyzing the association, 

especially when multiple major genes are present in the population. As expected, we found 

Rht-D1a followed by Rht-B1a to be the most significant and effective alleles at reducing 

plant height; however, we also found a significant and relatively-large height-reducing effect 

of the T2BS-2GS.2GL-2BL translocation. Multiple mutations for both Ppd-B1 and Ppd-D1 

were tested for their effect on heading date as was a deletion in the upstream promoter at 

Ppd-A1. All three loci were significant, however, the different mutations had varying effect 

sizes, with TaPpdDD001 being the largest. The leaf rust seedling screening using four races 

of the pathogen resulted in at least 7 significant regions that were associated with resistance. 



Through the leaf rust seedling screening association analyses, markers were identified that 

are putatively associated with Lr2, Lr24, Lr18, Lr1, and Lr9. Additionally, through the leaf 

rust field trials, the markers putatively associated with Lr18 we observed again, as was 

another QTL on the long arm of chromosome 7B, which we suspect may be linked with 

Lr14. The association analysis for stripe rust revealed that Lr37/Yr17/Sr38 and 

Sr2/Lr27/Yr30 were both significant and highly effective across all or nearly all 

environments. Additionally, we found a region on chromosome 4B that was significant for 

resistance across all environments, even after Yr17 and Yr30 were added to the model. The 

association analyses for resistance to powdery mildew revealed a null allele on the long arm 

of chromosome 7A (IWA179), which was highly significant for resistance in Raleigh, NC in 

both 2012 and 2013. We suspect this to be closely linked with Pm1a. There were additional 

QTL on 1A, 1B, 2B, 4B, and 5B, and two unmapped markers (IWA489 and IWA8488). 

IWA489 was the only marker that was significant across all environments. Broad-sense 

heritability on an entry mean basis for all traits was moderate to high, ranging from 0.53 for 

powdery mildew resistance to 0.739 for heading date. We anticipate the results of these 

studies will provide wheat breeders with additional markers for use with marker-assisted 

selection. Also, because the significant markers were identified from the Illumina BeadChip, 

data already exists for these loci for many lines that have already been genotyped using that 

platform. 
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CHAPTER 1. LITERATURE REVIEW 

I. Wheat 

A. Importance and Domestication 

Since its domestication sometime between seven and nine thousand years ago 

(Janushevich 1984; Feldman 2001), Triticum aestivum L. (A.K.A. common wheat or bread 

wheat) has become one of the most important crops worldwide in terms of both total 

production and human consumption. For example, in 2009 wheat was the single most 

important crop worldwide in terms of both human protein supply (g/capita/day) and total 

consumption (kg/year). It was also the second most important in terms of total food supply 

(kcal/capita/day). In 2011, wheat was the fourth highest total production crop worldwide with 

over 700 million metric tonnes produced, and the United States of America was the third 

largest producer, behind China and India (http://faostat.fao.org/). One of the many reasons 

wheat holds a prominent place in the human food supply is that in addition to its nutritional 

and baking qualities, wheat also has the largest range of cultivation of any crop (Smartt and 

Simmonds 1995). 

Due in large part to wheat’s worldwide economic and nutritional importance, its 

origin has been the subject of much research. Triticum aestivum L. is an inbreeding, 

allohexaploid (2n=6x=42 chromosomes), annual grass species with three distinct genomes, 

individually referred to as the A, B, and D genomes. The A genome donor was originally 

thought to be from Triticum monococcum L.; however, more recent studies have shown that 

the Triticum urartu Tumanian ex. Gandilyan genome matches the A genome more closely 
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and thus, T. urartu is now generally accepted as the correct A genome progenitor (Allaby and 

Brown 2000; Petersen et al. 2006; Gülbıttı-Onarici et al. 2007; Golovnina et al. 2009; Haider 

2013). 

The B genome is the largest of the three genomes (Gustafson et al. 2009) and its 

origin continues to be the subject of some debate. While species from both the Triticum and 

Sitopsis genera have been proposed as the B genome donor, it is generally accepted that 

Aegilops speltoides or a closely related, but now extinct, species was the actual donor of the 

B genome (Haider 2013). One reason for the continued debate as to which species is the true 

donor of the B genome is that the B genome shows a high level of differentiation with any of 

the proposed donors, indicating either that the true donor either is extinct, has not yet been 

identified, or that the B genome has undergone significant differentiation post-

polyploidization (Dvorák and McGuire 1981; Talbert et al. 1995; Sourdille et al. 2001). 

The D genome is the smallest of the three genomes and is generally accepted to have 

come from Aegilops tauschii Coss. (Pathak 1940; Petersen et al. 2006), most likely from the 

subspecies strangulata (Nishikawa 1974; Dvorák et al. 1998). It was the last of the three 

genomes to be added in the evolution of hexaploid wheat and shows the least differentiation 

from its diploid ancestor, when compared with either the A or B genomes.  

During the evolution of modern hexaploid wheat, the A and B genomes were the first 

to be combined, giving rise to Triticum turgidum L. While T. turgidum is widely accepted as 

the tetraploid parent of hexaploid wheat, whether it was a member of the emmer or durum 

subspecies is still a matter of debate (Salamini et al. 2002; Matsuoka and Nasuda 2004). 

Triticum aestivum then arose from the accidental cross between T. turgidum and Ae. tauschii 
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sometime around 7000 years ago (Janushevich 1984). Molecular evidence suggests that this 

hybridization event likely occurred on more than one occasion but only a limited numbers 

times (Tsunewaki 1968; Jaaska 1978; Dvorák et al. 1998; Talbert et al. 1998; Dvorák and 

Luo 2001; Salamini et al. 2002). 

Post-polyploidization, hexaploid wheat underwent a series of domestication events, 

including the development of traits such as free-threshing seed, larger seed size, strong 

rachis, compressed spike length, reduced plant height, shorter time to spike emergence, etc. 

Many of these traits are controlled or at least influence by a single locus known as the Q-

factor, located on the long arm of chromosome 5A (Muramatsu 1963; Salamini et al. 2002; 

Simons et al. 2006). 

During this domestication process, market classes also began to develop, eventually 

giving rise to hard and soft seed, red and white seed, and winter and spring habits. The 

climatic adaptations are due largely to photoperiod and vernalization requirement differences 

controlled by both major genes and many minor effect quantitative trait loci (QTL)(Worland 

and Snape 2001). Today, each of these characteristics has specific markets in which they are 

used and for which they are bred. Hard wheats are known for their high protein content and 

excellent milling and baking properties (Peterson et al. 2001), while the soft wheats generally 

have lower protein levels and are used for cookies, biscuits, cakes, crackers, and flatbreads 

(Busch and Rauch 2001). Red seed color is controlled by three homologous genes on the 

group 3 chromosomes (R1, R2, and R3), which act additively (Sears 1944; Allan and Vogel 

1965; Metzger and Silbaugh 1970). Red seed color is also associated with a slightly more 

bitter flavor and also causes or is tightly linked to a reduction in pre-harvest sprouting (Groos 
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et al. 2002; Bassoi and Flintham 2005). Spring wheats are typically grown in colder regions 

where there is a high risk of winter kill (Busch and Rauch 2001), whereas winter wheats are  

grown in regions with milder winters and in some areas are used in double-cropping systems, 

often with soybean and occasionally with corn. 

B. Gene Pools 

In wheat, perhaps more so than in many other crop species, the definition of the 

primary gene pool is difficult to precisely define. Each market class distinction has certain 

adaptive and/or quality traits associated with it that are generally undesirable in other market 

classes. The implication of this is that in addition to bringing in resistance genes from one 

class to another (e.g. from hard to soft wheat or spring to winter wheat), one must also select 

against these undesirable traits. In addition, even within a given class, differences in 

environmental adaptation due to photoperiod and vernalization requirements can make it 

time consuming and laborious to introgress genes from one breeding program to another.  

The primary gene pool of T. aestivum may be regarded as including hexaploid 

cultivars and landraces, cultivated tetraploids, wild T. dicoccoides and diploid ancestors that 

share the A or D genome. The secondary gene pool includes polyploid Triticum and Aegilops 

species that share one genome with T. aestivum, yet have another genome that is non-

homologous. The secondary gene pool also includes diploid species from the Aegilops 

section Sitopsis (Feuillet et al. 2008), as the S-genome of these species is highly similar to the 

B-genome of wheat (Haider 2013). The tertiary gene pool includes both diploid and 

polyploid species that are distantly related and yet do not share a homologous genome with 
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T. aestivum. (Mujeeb-Kazi and Rajaram 2002). Additionally, it is also possible to create 

synthetic hexaploids by crossing T. turgidum ssp. dicoccoides and Aegilops squarrosa 

followed by chromosome doubling, which has expanded the accessibility of this ancestral 

genetic diversity (Lange and Jochemsen 1992). 

Lastly, introgression of alien genetic material into T. aestivum has been accomplished 

through translocation events. This has been of particular importance with regard to transfer of 

disease resistance from wild relatives. Three of the most widely used translocations in wheat 

are the 1BL1RS and 1AL1RS translocations from Secale cereale (rye), and the 2BS-

2GS2GL-2BL translocation from T. timopheevii. For example, the 1BL1RS translocation 

carries resistance to leaf rust (Lr26), which is caused by P. triticina Erikss., stripe rust (Yr9), 

which is caused by Puccinia striiformis Westend f. sp. tritici, stem rust (Sr31), which is 

caused by Puccinia graminis Pers. f. sp. tritici, and powdery mildew (Pm8 , Ren et al. 2011), 

which is caused by Blumeria graminis f. sp. tritici. The biggest problem with using 

translocations is that they generally have a large amount of linkage drag, i.e. detrimental 

side-effects as a result of undesirable alleles that also on the translocation. For example, the 

1RS translocation also has genes that reduce the milling and baking qualities of lines 

containing that translocation (Bullrich et al. 1998). The linkage drag may be reduced by 

reducing the size of the alien translocation. Homologous recombination is controlled largely 

by the Ph1 locus located on chromosome 5B. By using Ph1 mutants, non-homologous 

recombination can be obtained between the alien segment and the T. aestivum genome, 

though it is laborious and time-intensive to do so (Sears 1977; Sears 1982; Wang et al. 2002; 

Xu et al. 2008). 
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C. Reduced Height Genes 

Certainly the most significant morphological change and one of the most important 

developments in wheat, in terms of increasing yield, in the last 70 years was the reduction in 

the average plant height from an average of approximately 150 cm to an average of about 85 

cm. While it may not at first seem overly significant, this single development allowed 

breeders to break the wheat “yield plateau” of the mid-1900’s. Tall plants are very 

susceptible to lodging, particularly under high fertility conditions. Increasing yield increases 

the weight of the seed heads and so increases the propensity to lodge. While breeding and 

good agronomic practices could increase yields, much of it was lost due to lodging. Another 

advantage of reducing height is the potential of creating a more efficient plant with a greater 

harvest index (R B Austin 1980). Unfortunately, in general there is a negative correlation 

between reduced height and increased yield (Law et al. 1978a). 

The first two reduced height (Rht) genes that were introgressed into North American 

wheat varieties were Rht-B1b (AKA Rht1) and Rht-D1b (AKA Rht2), and they are located on 

the short arms of chromosomes 4B and 4D, respectively (Gale et al. 1975; Gale and Marshall 

1976; McVittie et al. 1978). They were introgressed from a Japanese variety, Norin 10, by 

Orville Vogel. While today there are at least 39 total Rht alleles at 22 loci that have been 

reported in wheat, most of these are of no commercial value due to large negative effects on 

yield. Unfortunately, several of these genes, including Rht-B1 and Rht-D1 function by 

making the plant giberellic acid (GA) insensitive, which also results in a reduction of the 

coleoptile length and results in diminished stand establishment and early seedling vigor in 

drought-stressed environments (Rebetzke et al. 2007). Alternatively, there are GA sensitive 
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dwarfing genes, however, these have not been widely incorporated, with the exception of 

Rht8, which is located on chromosome 2D, and is closely linked to the photoperiod 

insensitivity allele at Ppd-D1. There has recently been an increased effort by breeders at the 

CIMMYT International Maize and Wheat Improvement Center to increase the utility of these 

GA sensitive Rht genes in an effort to breed for drought tolerance (David Bonnett, 

CIMMYT, Personal Communication). 

D. Photoperiod and Vernalization 

The transition from a vegetative to a reproductive stage and then time to flower in 

wheat is controlled by a complex interplay between both photoperiod (Ppd) and vernalization 

(Vrn) genes. Vernalization requirement, or the necessity for a prolonged period of cold 

treatment before flowering will be initiated, is crucial for winter wheat varieties in order to 

avoid cold injury to reproductive structures. It is controlled by four homoeologous sets of 

major genes, designated Vrn-1, Vrn-2, Vrn-3, and Vrn-4. The Vrn-1 and Vrn-2 genes have 

several alleles each that have been reported (McIntosh et al. 2013a) ; however, natural allelic 

variation at the Vrn-2 loci has not been reported in hexaploid wheat (Distelfeld et al. 2009). 

The Vrn-1 loci are located on the long arms of the group 5 chromosomes and are the major 

genes controlling vernalization requirement. The Vrn-A1 locus is completely dominant at 

reducing the vernalization requirement, while the Vrn-B1 and Vrn-D1 loci are only semi-

dominant and lines carrying the dominant allele at these loci generally show some residual 

vernalization requirement (Kosová et al. 2008). The Vrn-1 and Vrn-2 loci are actually 

orthologous series of genes located on the homoeologous group 5 and group 4 chromosomes, 
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respectively (McIntosh et al. 2013b). The reduction of Vrn-2 transcripts accelerates flowering 

(Yan et al. 2004). The Vrn-3 loci are also an orthologous series, but are located on the group 

1 chromosomes. The dominant alleles at Vrn-3 also serve to accelerate flowering under long 

days (Kosová et al. 2008). The Vrn-4 locus is located on chromosome 7B and shows little or 

no variation in T. aestivum. At least one functional copy of Vrn-2 combined with 

homozygous recessive alleles at all three Vrn-1 loci is required to confer winter growth habit 

in hexaploid wheat (McIntosh et al. 2013a).  

Photoperiod response in T. aestivum is controlled mainly by three loci, Ppd-A1, Ppd-

B1, and Ppd-D1, located on the short arms of chromosomes 2A, 2B, and 2D, respectively 

(Welsh et al. 1973; Law et al. 1978b; Scarth and Law 1983). While photoperiod response is 

largely controlled by the Ppd-1 loci, there is also a great deal of variation based on genetic 

background, indicating likely pleiotropic effects. Several other genomic locations have also 

been indicated as playing a role in the photoperiod response (Worland and Snape 2001). 

II. Genetic Marker Technologies 

While selecting individuals based on desirable characteristics has been going on since 

the dawn of agriculture, today the development and use of advanced technology has allowed 

plant breeders and geneticists to increase not only the rate of gain but also the efficiency of 

making selections. Not least of these developments is the development and use of genetic 

markers. Over the last sixty years, many different types of genetic markers have been 

developed, and while this review is certainly not exhaustive of all marker types, the various 

8 



markers can be broken down into three broad categories: protein variants, DNA sequence 

polymorphism, and DNA repeat variation (Schlötterer 2004). 

A. Allozymes 

In the mid 1960s, the first genetic markers to be developed and come into widespread 

use were developed. They were called allozymes, a contraction of ‘allelic variants of 

enzymes’, and were based on detecting protein variation in enzymes as determined by native 

gel electrophoresis, followed by enzyme-specific staining of the gel. Differences in enzyme 

size and charge due to amino acid substitutions would cause the enzyme variants to migrate 

through the gel at different rates, thus allowing detection of each variant allele. While 

allozymes had the advantage of being inexpensive to run with potentially large numbers of 

alleles for any given enzyme, they were difficult to develop, which resulted in too few 

available markers for many applications in plant breeding (Tanksley et al. 1989).  

B. RFLPs 

Then in 1980, human genetics researchers described the use of restriction fragment 

length polymorphism (RFLP) markers in human genetics (Botstein et al. 1980; Wyman and 

White 1980). RFLPs were the first of the DNA sequence polymorphism markers and relied 

on the use of restriction endonucleases to fragment genomic DNA. The fragmented DNA 

was then subjected to agarose gel electrophoresis, and then labeled probes corresponding to 

the loci of interest were hybridized to the gel. Any DNA sequence polymorphism(s) within a 

cut site would result in the restriction endonuclease failing to recognize that site, thus altering 

the banding pattern, as the migration of that band would be retarded. Alternatively, sequence 
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variation within the hybridization target sequence could cause the probe not to hybridize, 

resulting in the absence of that band. With RFLPs, it was also possible, for the first time, to 

assay both coding and non-coding genetic variation. In addition, the number of markers that 

could conceivably be created was limited only by the amount of DNA polymorphism in the 

genome. The earliest genetic maps for wheat were created using RFLP markers (Devos et al. 

1993; Devos and Gale 1997). 

C. Microsatellites/SSRs 

The next major breakthroughs in genetic marker technology came in the mid-to-late 

1980s and were made possible through the development of the polymerase chain reaction 

(PCR) by Kary Mullis and others at the Cetus Corporation in California (Bartlett and Sterling 

2003). The first genetic marker technology to capitalize on PCR technology was 

microsatellites also known as simple sequence repeats (SSRs), in which loci with variable 

numbers of short tandem repeats were amplified by the use of flanking primers and then run 

on a gel to determine their length in base pairs (Litt and Luty 1989; Tautz 1989; Weber and 

May 1989). These loci can be hyper-variable, with many alleles (defined by differing 

numbers of repeats) at a single locus. The hyper-variability arises as a result of the 

theoretically limitless number of times a given motif may be duplicated at a given locus. 

Each different number of repeats creates a new allele. As a result of the potentially high 

polymorphism information content (PIC) at a single locus, as well as the ease, speed, and low 

cost of genotyping, SSRs quickly became the dominant genetic marker type of the time. In 

fact, until recently, the most widely-used, whole-genome genetic map, used by breeders for 
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hexaploid wheat was created using SSRs (Somers et al. 2004), and many laboratories still 

rely on the use of SSR markers. An additional advantage of SSRs is that they are amenable to 

multiplexing multiple assays in a single PCR reaction, further reducing the cost of 

genotyping and making them a good choice for automation.  

It is important to note, however, that SSR markers also have their shortcomings. For 

example, many SSR loci exhibit homoplasy, where alleles appear the same length but 

actually have different sequence variation due to multiple microsatellites within the amplified 

region (called compound or imperfect microsatellites), insertion or deletion events, or both 

(Lia et al. 2007). It has also been documented that inter-lab reproducibility of SSR data can 

be difficult (Pompanon et al. 2005) due to artificial differences in allele length arising from 

differences in the separation matrix, instrumentation, degree of denaturation, temperature, 

fluorescent labels (Vainer et al. 1997; Tu et al. 1998), and even the size standard and DNA 

polymerase used for amplification (Pasqualotto et al. 2007; de Valk et al. 2009). 

Additionally, it is not uncommon for a given SSR allele to arise independently multiple 

times, resulting in identity by state, though not by descent, which may confound estimates of 

relatedness and linkage based on these markers. 

D. RAPDs and AFLPs 

Other marker types capitalizing on PCR technology quickly followed, including, but 

not limited to, random amplified fragment polymorphic DNAs (Williams et al. 1990) and 

amplified fragment length polymorphisms (Marc and Pieter 1993; Vos et al. 1995). Both of 

these markers shared the relative advantages in that they were cheap to use and it was 
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possible to develop hundreds or even thousands of markers for any given species. Other 

advantages included that both RAPDs and AFLPs used the same protocol and primers across 

species, there was no need for libraries of probes, and no need for radioactive-labeling. 

However, in addition to being dominant marker types, they could both be difficult to analyze 

and automate, and they showed low reproducibility in many cases, which made cross-study 

comparisons difficult, especially between labs (Schierwater and Ender 1993; Schlötterer 

2004). 

E. Single Nucleotide Polymorphisms 

In the mid 1990s, technology improved to the point where it was economically 

possible to directly assay single nucleotide polymorphism (SNP) DNA sequence variants in a 

co-dominant manner. Numerous methods have now been developed for assaying SNP loci, 

relying on probe hybridization (microarrays), PCR amplification using fluorescence (FRET) 

based assays, melt-curve analysis, etc. Examples of FRET-based assays include TaqMan 

(Life Technologies, Carlsbad, CA), KASP (LGC Genomics, Hoddersdon, UK), and the EP1 

System (Fluidigm Corp., South San Francisco, CA). One of the major advantages of SNP 

genotyping is that it is highly amenable to high-throughput optimization and automation.  

High throughput SNP genotyping platforms have been designed to analyze tens or 

hundreds of loci as well as high-density genotyping arrays that can assay up to tens of 

thousands of loci. Lower density assays are, in general, more flexible to assay substitution, 

while high-density platforms are much more rigid in terms of changing which loci are 

assayed. Examples of high-density genotyping platforms include Illumina’s iSelect HD 
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Genotyping BeadChips (Illumina Inc., San Diego, CA), and Affymetrix’ Genotyping Arrays 

(Affymetrix Inc., Santa Clara, CA). Both of these platforms are available for use with 

hexaploid wheat. Affymetrix has the GeneChip® Wheat Genome Array, which contains 

61,127 probe sets representing 55,052 transcripts for all 42 chromosomes in the wheat 

genome. There have also been developed Illumina iSelect HD Genotyping BeadChips for 

wheat, one version with 9,000 loci (Cavanagh et al. 2013), and one with 90,000 loci (Wang 

et al. 2014). These high-throughput genotyping arrays and chips have greatly decreased both 

the cost per data point and the time required for genotyping large populations with thousands, 

and even tens of thousands of SNP loci; however, the upfront development cost of these 

arrays is high and there can be a high degree of ascertainment bias (The International 

HapMap 3 Consortium 2010), especially when trying to genotype individuals that are only 

marginally or distantly related to the individuals used to create the array or chip (Wang et al. 

2005b; Clark 2005). Additionally, while the cost per data point is relatively low, the cost per 

sample is relatively high. Thus, using these platforms for routinely evaluating large numbers 

of samples is cost-prohibitive for most programs.  

F. RAD-seq and Genotyping-by-Sequencing 

With the ever-decreasing cost of sequencing, methods have recently been developed 

which capitalize on the use of next-generation sequencing for genotyping sequence variants 

including SNPs, insertion-deletion polymorphisms (indels), and even SSRs among 

individuals within a population. In 2008, the first method to use next-generation sequencing 

for de novo genotyping was published, calling it restriction site associated DNA sequencing 
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or RAD-seq (Baird et al. 2008). The original RAD-seq method used a single restriction 

enzyme to digest the genome. Following digestion, an adapter (designated P1) containing 

forward amplification and Illumina sequencing primer sites as well as a unique barcode 

sequence (tag) of four of five nucleotides in length was ligated onto the DNA fragments from 

each individual. Barcode-ligated fragments were subsequently pooled, randomly sheared, and 

subjected to size-selection. Post size-selection, a second adapter (designated P2), a Y adapter 

that has divergent ends, was ligated onto the size-selected, pooled fragments and the 

fragments were amplified by PCR. The design of the P2 adapter was such that only 

fragments that have the P1 adapter were amplified in this round of PCR. Finally, these 

amplified pools were submitted for next-generation sequencing. The resulting sequences 

were then sorted back to the originating individual based on the barcode sequence. Variants 

were then called based either on alignment to a reference genome or de novo alignment of 

sequences among sequenced individuals. 

Since the original RAD-seq publication, several variations of this method have been, 

and continue to be, created. Elshire et al. (2011) first coined the term genotyping-by-

sequencing (GBS) to describe their modification, which included the use of methylation 

sensitive restriction enzymes to avoid repetitive regions of the genome and thus target lower 

copy regions. This reportedly resulted in a two or three fold increase in coverage in target 

regions. They also reduced the amount of sample handling compared to the RAD-seq method 

and forewent size-selection. Additionally, they used variable-length barcodes, ranging from 

four and eight nucleotides in length. Less than a year later, Poland et al. (2012b) published a 

further modification using two restriction enzymes to digest the genome, which resulted in 
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increased genomic reduction and thus increased the sampling and coverage of targeted loci. 

Essentially these same modifications were published by Peterson et al. (2012) and called 

double-digest RAD-seq, although this group did include a size-selection step in their 

protocol. Another modification to the original RAD-seq protocol to further reduce the 

genome has been to add one or two selective nucleotides to the end of the final common PCR 

primer, thus extending the primer into the genomic sequence and thus, only amplifying those 

fragments that begin with the selective base(s) (Sonah et al. 2013).  

Each of these variations relies on essentially the same basic methodology. First, 

reduce the genomic representation through the use of one or more restriction enzymes. 

Second, attach a unique tag or ‘barcode’ sequence to all restriction fragments from a given 

individual (generally done by ligation). Third, pool together tagged sequences from multiple 

individuals then sequence the combined pool(s) using next-generation sequencing. Fourth, 

de-multiplex the sequence reads into individual groups based on the barcode sequences. 

Fifth, align reads from all individuals either to a reference genome or among themselves and 

call variants among those individuals based on the resulting alignments.  

Both RAD-seq and GBS methods have many advantages, beginning with the low cost 

per data point and the high degree of flexibility. Each step of the pipeline has areas which can 

be custom tailored to each new study, including which, and how many, individuals to 

include, the choice of restriction enzyme(s), how much sequence to obtain, whether or not to 

use size-selection or selective nucleotides in the primer sequences, etc. Additionally, because 

markers are generally obtained de novo in each new population, ascertainment bias is 

expected to be essentially non-existent on a within-population basis (Poland et al. 2012b), 
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though locus sampling based on restriction sites may result in biases when estimating many 

population genetics parameters (Arnold et al. 2013). GBS has been successfully used in 

wheat for high-density genetic map development (Poland et al. 2012b) and  genomic 

selection (Poland et al. 2012a; Dawson et al. 2013). Alternative methods for variant 

genotyping in wheat using next-generation sequencing technology have included 

chromosome-based SNP discovery (Tiwari et al. 2014) and using reduced representation 

libraries of mRNA (Trick et al. 2012).  

One of the largest obstacles to RAD-seq and GBS is analyzing the sequence data, 

which requires at least a basic-level familiarity with bioinformatics tools and programs and 

can be computationally intensive. At least three open-source analysis pipelines are currently 

available for the analysis of RAD-seq and GBS data, Stacks (Catchen et al. 2011; Catchen et 

al. 2013), TASSEL-GBS (Glaubitz et al. 2014), and UNEAK (Lu et al. 2013). The TASSEL-

GBS and UNEAK pipelines are both included with the TASSEL software package (Bradbury 

et al. 2007) with TASSEL-GBS for use with species that have a reference genome and 

UNEAK for species without a reference genome. Other groups have chosen instead to use 

custom perl scripts for their analysis, chaining together various bioinformatics programs for 

barcode splitting, aligning sequences, and comparing alignments (Maughan et al. 2009; 

Chutimanitsakun et al. 2011; e.g. Etter et al. 2011; Deschamps et al. 2012).  

It is worth mentioning that the design of the barcode sequences significantly affects 

the options for downstream analyses. For example, Stacks is for use with bi-parental 

populations and only handles uniform-length barcodes, while TASSEL-GBS can be used 

with breeding populations and will handle variable length barcodes. Additionally, barcodes 
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should be different enough to prevent mistaking one barcode for another, even after 

accounting for possible sequencing errors and n-1 deletions. Two distance metrics are used to 

compare barcode sequences, Hamming and Edit distance. Hamming distance (Hamming 

1950) counts the number of nucleotide substitutions required to convert one sequence into 

another and accounts for possible sequencing substitution errors, but fails to account for 

possible indel errors. Edit distance, or Levenshtein distance (Levenshtein 1966), on the other 

hand, accounts for both types of errors by measuring the minimum number of steps needed to 

convert one sequence into another. The relative use of these two distance measures and their 

application to barcode sequence design was examined recently and a software package 

EDITTAG was created specifically to measure edit distances between uniform-length 

barcodes (Faircloth and Glenn 2012). 

Unfortunately, both RAD-seq and GBS generally result in very large amounts of 

missing data that must be dealt with; hence the aforementioned method variations aimed at 

further reducing the genome, thus increasing coverage and increasing the probability of 

sampling overlapping fragments and thus decreasing the amount of missing data. Several 

different methods for the imputation of alleles in genetic datasets have been designed and 

widely used (reviewed by (Pei et al. 2008) and (Marchini et al. 2007); however, many of 

these require known marker orders, which is unavailable for species without a complete 

reference genome. Recently, Rutkoski et al. (Rutkoski et al. 2013) examined five methods for 

imputing unordered marker data. They were mean imputation (MNI), k-nearest neighbor 

imputation (kNNI) (Troyanskaya et al. 2001), singular value decomposition imputation 

(SVDI) (ibid), expectation maximization imputation (EMI) (Dempster et al. 1977), and 
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random forest imputation (RFI) (Stekhoven and Bühlmann 2011). Ultimately, Rutkoski et al. 

determined that, of the five methods evaluated, RFI provided superior accuracy.  

Finally, inter-study comparison of variants detected by RAD-seq or GBS can be 

problematic, partially because, without a reference genome, only loci that are variant within a 

given population are discovered/reported and partially because not all loci are sampled and 

so the which loci are sampled in any given study will vary greatly, based on the experimental 

design (choice of enzymes, numbers of individuals, amount of sequence, etc.). 

III. Marker Assisted Breeding (MAB) 

Along with the rapid evolution of genetic marker technologies over the last fifty years 

have come new and improved methods of making progress in plant breeding. Collectively 

termed “marker assisted breeding” (MAB), markers have been used in plant breeding to a) 

determine population structure, genetic diversity, relatedness of individuals, etc. within and 

among breeding populations, b) replace phenotypic selection for some traits, c) increase the 

efficiency of making selections, particularly with regard to quantitative or confounded traits, 

and d) increase the rate of gain of selection. Additionally, markers have been used to track 

samples and ensure quality control throughout the development and delivery of lines and 

cultivars. The usefulness of MAB is highly dependent on the availability of genetic markers 

and the level of their association with traits of interest. The development of genetic markers 

for use in plant breeding can be done in several different ways including linkage/association 

mapping, the success of which depends on the population structure and relatedness of the 
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population, amount of linkage disequilibrium (LD) between markers and traits, and the 

experimental design. 

A. Population Structure 

The term population structure includes the overall characteristics of a given 

population including numbers of individuals, composition in terms of sex and age, the state 

of subdivision, allele frequencies, etc. (Wright 1949). Population structure may be created 

and altered through mutation, migration (gene flow), genetic drift, natural or artificial 

selection (including domestication events), and non-random mating (Templeton 2006). In 

breeding populations, the extent of population structure and how it is distributed can vary 

greatly between species. Even within species, structure can vary due to market class 

distinctions, regional consumer preferences, climatic adaptation, individual breeder methods, 

etc. Understanding the underlying structure of a given breeding population is important to the 

appropriate use of genetic markers in plant breeding. 

Early estimates of population structure in plant breeding were based largely on 

pedigree (e.g. Wright’s Fst  (Wright 1949)) and, in some cases, morphology (e.g. (Cooper 

1959)). The incorporation of genetic markers has enabled researchers to look at genetic 

variation directly, facilitating the quantification of genetic diversity, levels of inbreeding, 

allele frequencies, etc. as well as the retracing of historic dispersal patterns and demographic 

events in the domestication process (Holderegger et al. 2006; Kirk and Freeland 2011). In 

population genetics, the use of neutral genetic markers in analyses is encouraged; that is, 

markers that are located in non-coding regions of the genome or whose variants are all 
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phenotypically equal (i.e. silent mutations). Neutral markers are beneficial because 

population structure estimates can be biased if the markers those estimates are made from are 

themselves acted upon by selection. 

Estimates of population genetic parameters can be very useful in a breeding program 

when deciding which groups of lines to cross (e.g. the use of heterotic groups in maize), 

which lines to use as testers in hybrid production systems, where to look for novel traits and 

alleles (introgression of material from other programs and wild ancestors), how to avoid 

inbreeding depression in outcrossing species, and how to preserve genetic diversity within 

breeding populations while restricting the population to a manageable size. Additionally, as 

will be discussed in more detail later on, accounting for population structure is critical when 

looking for maker-trait associations, as spurious associations can result if structure is not 

adequately accounted for. 

How, then, can structure be calculated and accounted for? One of the classic methods 

in population genetics for examining relationships between individuals is creating 

dendrograms, which provide visual representations of those relationships. Numerous 

methods exist for doing this ranging from the relatively straightforward UPGMA 

(unweighted pair group method with arithmetic mean) and neighbor-joining (Saitou and Nei 

1987) methods to the many highly complex Bayesian methods developed more recently (e.g. 

Larget and Simon 1999; Huelsenbeck and Ronquist 2001; Ronquist and Huelsenbeck 2003). 

While dendrograms may provide excellent visual representations, the information contained 

therein is not easily quantified in such a way as to include as covariate in downstream 

analyses. Rather, three other methods for calculating population structure have been favored 
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by plant breeders, especially when looking for marker-trait associations. These are: 1) 

principal component analysis, structured association, and kinship matrices. 

Principal component analysis (PCA) was originally invented in 1901 by Karl Pearson 

(Pearson 1901) as a method to convert a set of possibly correlated variables into a linear 

combination of orthogonal (independent) variables (principal components) such that the total 

original variance is preserved. The principal components are ordered in decreasing order of 

the explained variance by that principal component. In plant breeding, the genetic marker 

data can be subjected to PCA and then the  “top” one or more principal components may be 

included to adjust the genotypes and phenotypes of the population based on coancestry (Zhu 

et al. 2002; Price et al. 2006; Myles et al. 2009; Sneller et al. 2009; Price et al. 2010). As was 

pointed out by Price et al. (2010), it is important to recognize that the top PCs may not reflect 

population structure; rather, they may reflect family relatedness (Patterson et al. 2006), long-

range LD (Tian et al. 2008), or assay artifacts (Clayton et al. 2005). These effects can often 

be eliminated by removing related samples, regions of long-range LD or low-quality data, 

respectively, from the population and genetic data.  

Alternatively, structured association (SA) is an approach first described by Pritchard 

et al. (Pritchard et al. 2000) and the method has now been extended several times (Falush et 

al. 2003; Falush et al. 2007; Hubisz et al. 2009). In short, it uses a Bayesian Monte Carlo 

Chain (MCMC) analysis of multi-locus genotype data to infer the presence of distinct 

populations, assigns individuals to those populations, and evaluate potential hybrid zones and 

admixed individuals. The program STRUCTURE implements these methods and outputs the 

probability of subgroup membership for each individual. Estimating population structure 
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using this method is, however, computationally intensive and designed for unrelated 

individuals from populations in HWE and it is not ideal when there are large numbers of 

subgroups or when multiple numbers of subgroups are equally likely (Balding 2006; Myles 

et al. 2009; Sneller et al. 2009). Whether using SA or PCA to account for population 

structure, the matrix of estimates from these analyses are often referred to as the Q-matrix, 

though if these estimates are based on PCA, it is sometimes referred to as a P-matrix.  

While the SA and PCA methods capture certain aspects of population structure, with 

both of these approaches individuals can only vary along a few axes of differentiation, which 

may or may not fully represent the total structure. It is also beneficial, then, to calculate a 

pairwise relatedness matrix between all individuals, called a kinship matrix or K-matrix. This 

matrix may be based on pedigree, Kotterman Ks, similarity indices, or probabilities that 

alleles are identical by descent (IBD) or identical by state (IBS). However, marker-based 

estimates are highly preferred over pedigree-based estimates (Myles et al. 2009). Ultimately, 

when trying to correct for population structure, it has been shown that the K-matrix alone is 

better than the Q-matrix alone and, in many cases, using both Q and K provides the best 

correction for population structure in downstream analyses (Yu et al. 2006; Zhao et al. 2007; 

Myles et al. 2009). 

B. Linkage Disequilibrium 

Gametic phase disequilibrium, also referred to as gametic phase imbalance, or, more 

commonly, linkage disequilibrium (LD) is the nonrandom association of alleles at different 

loci within a population. Linkage disequilibrium differs from physical linkage, which refers 
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to the physical distance, in nucleotides, between loci on the same chromosome. Physical 

linkage is an absolute property, which, in the absence of chromosomal rearrangements 

(translocations, inversions, etc.) and insertion/deletion events, does not vary by population. 

On the other hand, LD between loci is both population and, by some measures, allele 

frequency dependent and may exist between loci on the same chromosome or between loci 

on different chromosomes (Hedrick et al. 1978). Additionally, loci exhibiting the highest LD 

with one another in a population may not be the closest loci to each other in terms of physical 

linkage.  

The simplest method of measuring LD is D, which is calculated as 

𝐷𝐷 = 𝑔𝑔𝐴𝐴1𝐵𝐵1 − 𝑝𝑝𝐴𝐴1𝑝𝑝𝐵𝐵1 

where 𝑔𝑔𝐴𝐴1𝐵𝐵1 is equal to the observed frequency of gametes with the 𝐴𝐴1𝐵𝐵1 haplotype 

(generally estimated by looking at individuals, rather than gametes) and 𝑝𝑝𝐴𝐴1 and 𝑝𝑝𝐵𝐵1 are the 

observed frequencies of the 𝐴𝐴1 and 𝐵𝐵1 alleles in the population, respectively (Templeton 

2006). The problem with using D as a measure for LD is that the range of this measure is a 

function of the allelic frequencies, which means that comparing values of D for different loci 

is meaningless (Hedrick 1987). Recognizing this, in 1964, Lewontin suggested a normalized 

form for D, called D’, which can be written as 

𝐷𝐷′ =

⎩
⎪
⎨

⎪
⎧ 𝐷𝐷

min (𝑝𝑝𝐴𝐴1𝑝𝑝𝐵𝐵1 ,  𝑝𝑝𝐴𝐴2𝑝𝑝𝐵𝐵2)
        𝐷𝐷 < 0

𝐷𝐷
 min (𝑝𝑝𝐴𝐴1𝑝𝑝𝐵𝐵2 ,  𝑝𝑝𝐴𝐴2𝑝𝑝𝐵𝐵1)

        𝐷𝐷 > 0
⎭
⎪
⎬

⎪
⎫

. 

The other commonly used metric for measuring normalized LD is r2, (occasionally 

written as Δ2), which is defined as 
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𝑟𝑟2 =
𝐷𝐷2

(𝑝𝑝𝐴𝐴1𝑝𝑝𝐴𝐴2  𝑝𝑝𝐵𝐵1𝑝𝑝𝐵𝐵2)
 . 

It has been pointed out that, while it is convenient to think about r2 as the squared correlation 

coefficient between two loci (Hill and Robertson 1968; Nordborg and Tavaré 2002), this is 

technically incorrect because as a value of 1 is only possible if the two loci have identical 

allele frequencies (Flint-Garcia et al. 2003). While several alternative methods exist for 

calculating normalized LD, r2 and D’ are the preferred methods for use in plant breeding 

studies. These alternative measures of LD have been extremely well compared and discussed 

in several reviews (Devlin and Risch 1995; Jorde 2000; Ardlie et al. 2002; Flint-Garcia et al. 

2003; Gaut and Long 2003). Between r2 and D’, D’ is more resistant to differences in allele 

frequencies across loci(Devlin and Risch 1995; Gupta et al. 2005); however, r2 accounts for 

both recombination and mutation history, while D’ accounts only for recombination 

differences (Gupta et al. 2005). 

Linkage disequilibrium in wheat can extend to greater than 40 cM in some areas of 

the genome (Crossa et al. 2007; Somers et al. 2007)and less than 1 cM in others (Breseghello 

and Sorrells 2006; Tommasini et al. 2007), while genome-wide estimates are approximately  

10 cM (Chao et al. 2007; Crossa et al. 2007). As expected and observed with other species 

subjected to large amounts of selection, elite varieties have larger extents of LD than do 

landraces (Steffenson et al. 2007). 

Causes of LD include mutation, nonrandom mating, migration (e.g. gene flow, 

admixture, etc.), natural and artificial selection (including domestication events), finite 

effective population size, population history (e.g. genetic bottlenecks, founding events, etc.), 
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and genetic drift (Templeton 2006).  In the absence of these forces, a population would be in 

HWE and would have all loci in linkage equilibrium (LE). The decay of LD occurs over time 

as a direct result of recombination and the independent assortment of chromosomes, both of 

which are facilitated by random mating. The rate of LD decay is a direct function of 

recombination and the amount of LD in any subsequent generation is measured by  

𝐷𝐷𝑡𝑡 = 𝐷𝐷0(1 − 𝑟𝑟)𝑡𝑡, 

where Dt is the expected LD at generation t, D0 is the amount of LD at time zero, and t is the 

number of generations (Templeton 2006). 

Because the rate of LD decay is calculated directly from the recombination rate, it 

understandably varies across the genome, and even along a given chromosome (Somers et al. 

2007; Gore et al. 2009). In regions that are highly heterochromatic or have reduced 

recombination such as centromeres and telomeres LD will persist much longer than in areas 

of high recombination. For loci on different chromosomes, in the absence of epistasis, only 

one generation of random mating is needed to bring restore HWE and thus eliminate linkage. 

In plant breeding, one of the ultimate goals behind LD analyses is to find genetic markers 

that are in significant LD with beneficial alleles for traits of interest (Sneller et al. 2009). One 

of the primary ways this is done is through linkage/association mapping. 

C. Linkage/Association Mapping 

Linkage, or association, mapping uses both genotypic and phenotypic data from a 

given population and looks for correlations between genetic variants and phenotypic 

variation. Historically, the term “linkage mapping” has been used to describe the use of 
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highly structured and/or biparental breeding populations, where crosses and levels of 

relatedness among individuals are highly controlled by the experimenter. In contrast, the term 

“association mapping” has been used to describe the use of natural or diverse populations in 

which relatedness among individuals is not controlled by the researcher. As has been brought 

up by numerous groups recently, these terms are neither sufficient to describe the range in 

complexity of populations being used, nor are they accurate, as both “linkage mapping” and 

“association mapping” studies rely on finding genetic markers that are in significant LD with 

beneficial alleles for traits of interest, thus looking for association between genetic variants 

and beneficial alleles for traits of interest (Myles et al. 2009; Sneller et al. 2009). Others have 

argued that association mapping looks for a significant association between a given marker 

and a phenotypic trait, linkage mapping refers to mapping the correlation between any two 

molecular makers, genes, or combinations of both. As such, it is argued that association 

mapping is actually contained within linkage mapping as only one aspect of a broader scope 

(Gupta et al. 2005). To avoid confusion, linkage mapping and association mapping will be 

treated herein as synonymous, and instead the term “family mapping” will be used to 

describe mapping conducted in a population consisting of the progeny of either a biparental 

or other controlled crossing populations where exact relationships among individuals are 

known. In contrast, the term  “population mapping” will be used to describe mapping in a 

natural or diverse population in which exact relatedness of individuals is unknown (Myles et 

al. 2009).  

Several excellent reviews have been published comparing and contrasting family and 

population mapping approaches, including the relative statistical power, resolution of loci, 
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and the advantages of each (Gupta et al. 2005; Breseghello and Sorrells 2006; Myles et al. 

2009; Sneller et al. 2009; Benson 2011). The biggest differences between family and 

population mapping studies come down to 1) control over recombination, 2) knowledge of 

the relatedness among individuals, 3) levels of polymorphism in the population, 4) allele 

frequencies, and 5) time and resources required for population development.  

Family mapping experimental designs can range in complexity, from simple bi-

parental populations to very complex, multi-cross and/or multi-family populations. An 

example of more complex family mapping design is the maize nested association mapping 

population (NAM), which was created by crossing each of 25 diverse maize inbred lines to 

the same inbred line (B73) and then selfing the progeny of those crosses to create 

recombinant inbred lines (RILs) with 200 lines per cross (McMullen et al. 2009). In family 

mapping, recombination is generally very restricted, especially if evaluating F2 or doubled 

haploid (DH) populations. Even in RIL populations recombination is generally low, resulting 

in large stretches of the genome in very high LD, which results in low resolution of 

quantitative trait loci (QTL). An advantage of family mapping, however, is that allele 

frequencies are expected to be high for all loci. In biparental mapping populations, all alleles 

are expected to be at a frequency of 0.5. One of the drawbacks to family mapping, however, 

is the large amount of time and resources that have to be put into population development. 

Depending on the species of interest, the development of these populations may take months, 

years, or even decades. 

Accounting for population structure in family mapping analyses is much simpler than 

in population mapping analyses. In a biparental family mapping population there is no 
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structure, as all individuals are equally related, which simplifies the association analysis. 

Even in more complicated family populations (such as the maize NAM population), structure 

is easily accounted for, as structure within each family is non-existent, and the difference 

between founders can be controlled simply by including a population term in the model (Tian 

et al. 2011). In biparental mapping populations, because structure can be disregarded, QTL 

may be mapped using linear regression or an analysis of variance (ANOVA); however, these 

forms of single marker analysis (SMA) cannot separate the effect of the QTL from the 

estimates of recombination (Soller et al. 1976; Doerge et al. 1997). As a result of this 

confounding of QTL effect size and marker distance, the quantification of the true effect size 

can be difficult. For example, the effect estimate would be similar for loose linkage to a large 

effect QTL and tight linkage to a QTL with small effect (Lander and Botstein 1989). 

Alternatives to SMA in biparental populations include interval mapping (IM) (Lander 

and Botstein 1989), composite interval mapping (CIM)(Jansen and Stam 1994; Zeng 1994; 

Xu and Atchley 1995), multiple interval mapping (MIM)(Kao et al. 1999), G model 

(Bernardo 2012), and Bayesian multiple QTL mapping approaches (Satagopan et al. 1996; 

Uimari and Hoeschele 1997; Sen and Churchill 2001; Xu 2003; Bogdan et al. 2004; Wang et 

al. 2005a). Lander and Botstein. (1989) first proposed IM in an effort to overcome the several 

shortcomings of SMA. It uses maximum likelihood to estimate the phenotypic effect and 

LOD score for a putative QTL across the entire genome, because it tests the interval between 

loci, rather than the individual loci. Another advantage to IM over SMA is that it requires 

fewer progeny to be tested. The biggest drawback to IM is, when there are multiple QTL, the 

estimates of locations and effects may be biased, even to the point of detecting a single, 
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nonexistent, “ghost” QTL when, in fact, two loci are segregating (Haley and Knott 1992; 

Martinez and Curnow 1992). Both CIM and MIM also test for significant loci across the 

entire genome in much the same way as IM; however, they attempt to control for the effects 

of multiple QTL by using random markers throughout the genome as covariates in a multiple 

regression model. Bayesian multiple QTL mapping moves away from maximum likelihood 

and the problem of multicolinearity inherent in that approach, limiting the number of QTL 

that can be incorporated in the model at any given time. Bayesian models can tolerate a much 

higher level of multicolinearity and, as a result, can handle highly saturated models (Xu 

2013). Bayesian models have not, as yet, been highly adopted, at least partially due to the 

complexity of computation, the difficulty in choosing distributions for the priors, and the lack 

of user-friendly software (Li et al. 2006). 

While there have now been thousands of studies published employing QTL family 

mapping (mostly in biparental populations), and consequently more than ten thousand 

reported QTL, the vast majority of these QTL have never been used in applied breeding 

(Bernardo 2008). This at least in part due to the fact that while QTL discovered through 

family mapping (particularly with biparental populations) are generally not consistent across 

environments or genetic backgrounds (Holland 2007). Additionally, family mapping studies 

can only identify QTL that were polymorphic in the parents, which likely represents but a 

small fraction of the total variation in the breeding population as a whole. Lastly, many 

reported QTL are of small effect and so their utility in marker-assisted breeding has been 

limited at best due to the difficulty associated with combining many loci in a single 

individual (pyramiding) through conventional breeding (Bernardo 2008). 
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Population mapping, on the other hand, has its own set of advantages and 

disadvantages, as well as some unique considerations. One of the biggest advantages of 

population mapping is that it is able to capitalize on historic meiotic and recombination 

events among all individuals in the population, which leads to greater mapping resolution 

(Breseghello and Sorrells 2006). One drawback to population mapping is that accounting for 

population structure can be extremely complicated, relying on the inclusion of the K-matrix 

and/or the Q-matrix in a mixed linear model (MLM), and even these measures may not 

account for family structure or cryptic relatedness (Price et al. 2010). Between them, the K-

matrix alone has been shown to be superior to the Q-matrix alone; however, in most 

instances, the Q+K model has been shown to be superior at controlling for population 

structure, thus reducing false positives and increasing power (Yu et al. 2006; Zhao et al. 

2007).  

Largely because recombination is greater, population mapping has the potential to 

have much greater statistical power than family mapping; however, if structure and 

relatedness are not adequately controlled, the probability of making both Type I and Type II 

errors increases. Power in population mapping is also dependent on the frequency and 

distribution of allele frequencies. Functional variants at low frequency in the population have 

little chance of being detected, especially if they have smaller effect sizes (de Bakker et al. 

2005; Myles et al. 2009). Alternatively, even if a causal allele is in moderate to high 

frequency, if the distribution of that allele is correlated with population structure (e.g. the 

causal allele is in high frequency in one subpopulation yet low frequency or absent in all 

other subpopulations), the power to detect that allele will be limited.  
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Additional advantages of population mapping over family mapping include the fact 

that significant alleles are already validated in different genetic backgrounds, indicating that 

a given trait is more likely to be persistent when transferred into new genetic backgrounds as 

well. Also, populations for these analyses are generally much easier and more cost-effective 

to construct as it involves collecting already extant individuals, rather than development 

through crossing and subsequent selfing generations. This is particularly important in species 

that cannot be crossed, selfed, or have long generation times (Nordborg and Weigel 2008). 

Disadvantages of population mapping over family mapping include serious practical 

issues with phenotyping diverse germplasm which may arise from different adaptive traits 

such as photoperiod, vernalization requirement, stress tolerance, etc. (Myles et al. 2009). 

Additionally, larger population sizes are needed to reduce error rates, which creates logistical 

concerns for phenotyping. Finally, in diverse populations including both adapted and exotic 

germplasm, significant QTL may reflect variation between adapted and exotic alleles rather 

than QTL which will significantly improve elite germplasm (Holland 2004). It is also 

important to note when analyzing the results of an association analysis that the most 

significant marker is the one in highest LD with the causal polymorphism, which is not 

necessarily the physically closest marker (Breseghello and Sorrells 2006).  

In both family and population mapping, the distance over which LD persists will 

determine the number and density of markers needed to perform association analyses (Flint-

Garcia et al. 2003). There is also a tradeoff between numbers of markers and statistical power 

in association analyses, especially when performing genome-wide association analyses 

(GWAS) using thousands, or even hundreds of thousands of markers. Multiple hypothesis 

31 



testing (MHT) corrections are essential to account for the likelihood of many loci being 

significant by chance alone. The Bonferroni correction is one such MHT correction that sets 

the type I error rate for the entire experiment by taking alpha (e.g. 0.05 or 0.01), and dividing 

by the number of tests. The resultant value then becomes the experiment-wise alpha. This is 

generally far too conservative for association studies and has led researchers to seek 

alternatives. The false discovery rate (FDR) (Benjamini and Hochberg 1995) , q-value 

(Storey 2002; Storey and Tibshirani 2003), or empirically determined thresholds by 

permutation testing of significance after shuffling the phenotypic data (Churchill and Doerge 

1994) are all additional methods aimed at addressing the issues of multiple comparisons.  

A less direct method for increasing power in association studies is to reduce the 

number of tests by reducing the number of markers through elimination of redundancy in the 

genetic data. If LD is great (as in the case of most RIL and inbred populations), high-density 

marker coverage is unnecessary and only serves to increase the number of tests performed, 

thus reducing power. One method to eliminate redundancy, particularly with the use of SNP 

or other biallelic markers, is by binning cosegregating, or nearly cosegregating, markers 

(generally within a chromosome or genetic distance window) and representing each bin by a 

single marker (called a tagSNP). This single tagSNP acts as a proxy in the analysis for all of 

the markers in its bin (Carlson et al. 2004; de Bakker et al. 2005). 

As mentioned previously, in plant breeding, the goal behind association mapping is to 

first, identify markers that are linked to traits of interest and second, make those markers 

available for use with marker assisted breeding. From the early days of genetic markers using 

isozymes and allozymes, through modern day use of high throughput genotyping arrays and 
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next-generation sequencing technology, plant breeders have sought to find genetic markers 

that are in significant LD with phenotypic traits so they could use them as genetic surrogates 

for phenotypic selection. This is termed marker-assisted selection (MAS). 

D. Marker-Assisted Selection 

While the actual term “marker-assisted selection” was coined by Beckman & Soller 

(Beckmann and Soller 1986), the technique had been described previously by several authors 

(Neimann-Sorensen and Robertson 1961; Smith 1967; Soller and Beckmann 1983; Tanksley 

1983). Traditional marker-assisted selection has numerous advantages over phenotypic 

selection. First, MAS enables selection for desirable traits in non-target environments, 

including off-season nurseries, or in the absence of selection pressure (e.g. selecting for 

disease resistance in the absence of disease). Second, MAS enables co-selection of 

confounded traits. Examples of this include when selecting for two or more resistance genes 

for the same disease or when selecting for multiple traits that cannot be phenotypically 

screened for in the same location or individual. Third, MAS is useful in screening traits for 

which phenotyping is destructive. Fourth, MAS enables selection early in a breeding cycle 

for traits that cannot be phenotypically rated until physiological maturity. Fifth, with the 

more recent developments in genotyping and sequencing technology, it is quickly becoming 

faster and cheaper to genotype than to phenotype individuals for many, if not most, traits, 

even for tens, hundreds, or even thousands of genetic markers. This genotyping can result in 

a reduction of time and cost associated with making selections. Finally, MAS may enable 
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enhanced selection for quantitative traits; however, thus far it  has generally been limited to 

only a few genes of major effect. 

In a breeding program, MAS can be implemented using either a backcross or forward 

breeding approach. The use of genetic markers in backcross breeding allows a breeder to 

have much greater control over the donor germplasm, which is particularly important when 

trying to introgress one or a few genes from a less adapted line into an elite line. By using 

markers that are closely linked with the gene(s) of interest breeders may select for 

recombinants that have the target allele and as little of the surrounding donor DNA as 

possible. By including markers that are uniformly distributed throughout the genome, the 

breeder may also select for higher proportions of the recurrent parent DNA. Both of these 

should result in the reduction of “linkage drag”, a reduction in fitness caused by the 

introgression of poor alleles along with the desired allele from the donor parent (Young and 

Tanksley 1989; Holland 2004). Additionally, the time to recovery of an equal percentage of 

the recurrent parent DNA can also be decreased by several generations (Frisch et al. 1999). A 

very important variation of marker-assisted backcrossing is gene pyramiding, where a given 

line is subjected to multiple rounds of backcross MAS, each with a different parent that has 

one or more marker-linked alleles that are all desired in a single line final product. Several 

generations of MAS is known as marker-assisted recurrent selection, or MARS.  

In contrast to backcross MAS, forward breeding MAS involves a cross between two 

elite lines with one or both having marker-linked alleles that are desired in the final product. 

In this case, all progeny from the cross are genotyped and lines that do not carry the 

favorable alleles are discarded in each generation. Selections are then made only from those 
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lines that carry the favorable marker alleles. Forward breeding MAS can be very costly to 

carry out, as all individuals must be genotyped at each generation and populations must be 

large enough to ensure multiple individuals will be carry all favorable alleles. Holland (2004) 

pointed out that examples of successful forward breeding MAS programs have in common 

two factors. First, the markers are tightly linked to a small number of loci with moderate to 

large effect on traits that are difficult or costly to phenotype, and second, that linkage must be 

persistent across all populations that are part of or enter the breeding program. It is also 

important to phenotype all lines coming out of a forward-crossing MAS program to ensure 

that the markers and traits do not end up being broken up due to recombination during the 

breeding process. The choice of whether to adopt a backcross or forward breeding MAS 

approach depends on many factors, including whether your final variety or cultivar is an 

inbred or hybrid, whether your species is sexually or asexually propagated, and the amount of 

inbreeding depression the species exhibits. 

A variation for both backcross and forward breeding MAS is allele enrichment, where 

both homozygous and heterozygous individuals with the target allele(s) are selected in early 

breeding generations (generally the F2 generation). Only in later generations are the 

heterozygous individuals culled from the population. This method has been shown to greatly 

increase the probability of recovering the desirable phenotype while also reducing the 

population size needed to do so (Bonnett et al. 2005).  

Different genetic marker types also have their respective advantages and 

disadvantages in respect to their utility in MAS. For instance, SSRs are rarely found within 

genes and are generally not expected to be causal of any change in phenotype. However, 
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SSRs may have multiple alleles, which can increase the ability to discriminate favorable and 

unfavorable genotypes (Holland 2004). On the other hand, SNP and indel polymorphisms 

may be located within the gene and may be the causal polymorphism (so-called “perfect” 

markers). Dominant markers can be problematic as dominant homozygotes and 

heterozygotes are indistinguishable, making selecting homozygous dominant individuals as 

well as allele enrichment for the recessive allele impossible.  

Ultimately, the biggest factor in the success of any MAS approach lies in both the 

quality of markers (i.e. reproducibility and accuracy of genotyping) and the extent of LD 

between the genetic marker and the allele of interest (Pompanon et al. 2005). If that LD is 

broken or only applicable in select populations, the usefulness of MAS drops off. To ensure 

that recombination does not occur between the marker and the gene, the use of flanking 

markers is extremely efficacious. Selection then, is based on a haplotype of two or more 

markers, ensuring that the markers are selecting for the desirable allele in the absence of a 

double recombination event between the markers, the probability of which is very low.  

Unfortunately, while MAS has been extremely useful in assisting breeders with 

selecting for favorable alleles at major genes (genes that have large effect sizes), it has not 

been very useful with highly quantitative traits that are controlled by many genes, each with 

small or moderate effect. Reasons for this include: 1) highly quantitative traits are often 

inconsistent across years, environments, and genetic background, partially due to having a 

large genotype by phenotype interaction; 2) historically, many breeding programs have found 

it cost prohibitive to genotype large numbers of individuals for many loci; and 3) 

introgressing many QTL of small to moderate effect requires a very large investment of time 
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and resources to develop the populations with sufficiently large numbers of individuals with 

potentially only minimal return. 

Assuming independence of loci (and momentarily ignoring r, the probability of losing 

the target allele due to recombination between the marker and the actual allele of interest), 

the probability of successfully fixing the beneficial allele at two or more QTL from a single 

biparental cross is equal to (1/2)n, where n is equal to the number of QTL. Tables created by 

Bonnet et al. (2005) indicate the population sizes required to fix between one and ten loci in 

both enriched and non-enriched populations, highlighting the advantages of allele 

enrichment. As the number of target loci increases, so too does the needed population size. 

This is further compounded by the fact that a breeder is rarely focusing on a single trait; 

rather, they are also focusing on many agronomic traits that are essential to the successful 

release of a cultivar. When dealing with unadapted germplasm, the issue becomes more 

complex because then, not only is it necessary to select for the alleles of interest, one must 

also select against the rest of the unadapted genome. This does not only pertain to crosses 

between wild and cultivated species. In wheat, for example, many alleles are specific to only 

winter or spring types, which require several genes including those pertaining to 

vernalization and photoperiod to maintain adaptation. Trying to introgress alleles from one 

habit to the other is often challenging, even for simpler traits. 

E. Genomic Selection 

Over that last decade several difficulties in applying MAS have been overcome. Even 

in orphan crops, the development of genetic markers and the use of RAD-seq and GBS are 
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becoming commonplace, facilitating the discovery of markers closely linked with many 

major genes and minor QTL. Whole sequenced genomes of thousands of species are rapidly 

becoming available, bringing with it new knowledge about genomic structuring, genic 

regions, physical linkage, and gene locations. Genotyping hundreds or even thousands of 

individuals for tens to tens of thousands of loci using high throughput genotyping and next-

generations sequencing technologies is also becoming highly economical. However, 

traditional MAS has remained inefficient for use with highly quantitative traits. This has led 

researchers to try and develop methods for genomic selection (GS), which is expected to 

increase genetic gains by increasing selection intensity and accelerating the breeding cycle 

(Windhausen et al. 2012). 

Genomic selection attempts to capture all genetic variation in a given population 

based on genotypic information from genetic markers at high density that are evenly 

distributed throughout the genome. The joint effects of all markers combined are used to 

calculate a genomic estimated breeding value (GEBV)(Meuwissen et al. 2001). The 

necessary marker density is a function of both the extent of LD in the population and the 

heritability of the trait(s) being selected for. Genomic selection for lower heritability traits 

and/or where LD is low requires a higher marker density than for high heritability traits 

and/or where LD is high (Calus and Veerkamp 2007).  Several methods for calculating the 

GEBV have been proposed including ridge regression (RR)(Hoerl and Kennard 1970), 

calculating the best linear unbiased prediction (BLUP) using either ridge regression (RR-

BLUP) (Piepho 2009) or genomic relationships (gBLUP) as well as at least four methods 

based on Bayesian models Bayes A and B (Meuwissen et al. 2001), Bayes C (Habier et al. 
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2011), and Bayesian least absolute shrinkage and selection operator (LASSO)(Tibshirani 

1996; Graziano Usai et al. 2010; Legarra et al. 2011; Tibshirani 2011). All of these were 

reviewed recently, comparing their predictive performance (Ogutu et al. 2012) and an in-

depth comparison will not be given here.  

While these methods differ as to methods and prior assumptions, particularly with 

whether or not all loci are treated equally (RR, RR-BLUP, g-BLUP) or some areas of the 

genome are given more emphasis by allowing variance to differ between SNP loci (Bayesian 

methods), the experimental design is the same. First, a population must be genotyped and 

phenotyped; both datasets are then used to create or “train” the GS model. Subsequent 

generations of individuals are then genotyped and the GEBV for each individual is 

calculated. Selection in those generations is based on the GEBVs. Alternatively, the model 

may be built based on only part of a given population and those values used to calculate the 

GEBV for individuals in the same generation. The accuracy of the prediction of the GS 

models is tested through cross-validation, where a subset of lines have their breeding value 

predicted by the model and calculated empirically. The correlation of these values (GEBV 

and true breeding value) is deemed to be the accuracy of the model. Additional work is also 

being done to incorporate and try to predict genotype by environment interactions, rather 

than simply additive variance (Heslot et al. 2013b; Heslot et al. 2013a). 

Development of the so-called, “training population”, requires a great deal of 

consideration in terms of the accuracy of prediction desired and the level of inference to be 

applied. To this point, Windhausen et al (2012) recently demonstrated that the more distantly 

related the training population is from the predicted population, the poorer the prediction 
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accuracies will be. Additionally, the more diverse the training population is, the poorer the 

prediction accuracies will be, even if predicting lines that are closely related to a subset of the 

training population. The same study emphasized the need of a clear idea of the breeding 

scenario in which GS should be applied (i.e. prediction among or within populations), a 

detailed analysis of the population structure before performing cross-validation, and larger 

training populations that have a strong genetic relationship to the individuals in the prediction 

population.  

The anticipated advantages of GS in plant breeding lie primarily in the ability to 

accelerate the breeding cycle and decrease the need to phenotype every line in every 

generation in order to make gains from selection, particularly for highly quantitative traits. 

Acceleration of the breeding cycle is done by enabling selection in earlier generations in the 

breeding cycle and also by facilitating the selection of individuals in non-target environments 

(e.g. off-season nurseries). It is also possible that the incorporation of GS in making 

selections could reduce the loss of genetic diversity through the breeding process (Daetwyler 

et al. 2007; Heffner et al. 2009). It is important to note here that phenotypic selection almost 

universally outperforms GS. The advantages of GS deal with gain per unit time and 

potentially gain per unit cost, rather than increased gain from selection (Heffner et al. 2010). 

It is also important to note that the majority of the literature on using GS in plant breeding 

has been theoretical, in silico, or cross-validation studies. It remains to be seen whether these 

anticipated benefits of GS can be realized in breeding programs. With that being said, initial 

studies of genomic selection in wheat do show promise (Poland et al. 2012a; Dawson et al. 
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2013), including the potential to use GS in elite inbred multifamily studies with 95% 

accuracy when compared with phenotypic selection (Heffner et al. 2011).  
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CHAPTER 2. THE EFFECTS OF ALIEN TRANSLOCATIONS ON THE 

ESTIMATES OF POPULATION STRUCTURE AND LINKAGE DISEQUILIBRIUM 

IN EASTERN NORTH AMERICA SOFT WINTER WHEAT 

I. Introduction 

Genome-wide association studies (GWAS) within both families and populations 

have, in the last decade, become quite popular for quantitative trail loci (QTL) discovery in 

many plant species. While association mapping within families, particularly bi-parental 

families, is relatively straightforward due to equal allele frequencies, lack of population 

structure, and generally reduced variation in adaptation traits, the development of these 

populations is generally laborious and may be expensive. In contrast, creating diverse 

association mapping populations is much more cost and time-effective, as they are composed 

of extant lines rather than being created through controlled crosses; however, the use of these 

diverse populations introduces unique challenges in terms of dealing with varying allele 

frequencies, potential variation in adaptation traits, and population structure (Myles et al. 

2009; Zhu et al. 2008).  

Recent attempts to account for population structure include the use of a kinship 

matrix (K-matrix) and/or the use of a population substructure matrix. Kinship is calculated as 

a pairwise relatedness measure between and among all individuals in the population. 

Population substructure may be calculated from genetic maker data distributed throughout 

the genome through structured analysis (SA) (Pritchard et al. 2000) or through the inclusion 

of the first one or more eigenvectors from a principal component analysis (PCA)(Patterson et 
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al. 2006; Price et al. 2006). Structure calculated through SA or PCA creates what is termed 

the P-matrix or Q-matrix. Specialized computer programs such as Structure have been 

created to perform SA (Falush et al. 2003; 2007; Hubisz et al. 2009), while PCA can be 

performed by many commercially and publicly available statistical software packages (e.g. 

Program R, SAS, etc.). In some cases, fitting a Q+K model results in a more robust analysis; 

however, in other cases, fitting K alone is equal to Q+K and may even be superior in some 

cases (Myles et al. 2009).  

Regardless of which method is used to calculate population structure, the choice of 

which markers to include in those estimates is one of paramount importance. Commonly, 

researchers will calculate these matrices based on entire marker datasets or on a stratified 

random selection of selection of markers equally distributed throughout the genome. 

However, in some species, the presence of alien introgressions may create regions of long-

range linkage disequilibrium (LD) in individuals carrying the introgression. Tetraploid and 

hexaploid wheat (Triticum aestivum L.), for example, are very resilient to the transfer of alien 

chromosomal segments by means of translocation. This has been the source of many novel 

resistance and adaptation genes. In this study, we demonstrate the biasing effect of three alien 

translocations on the results of both Q and K matrix computations in an eastern North 

America soft winter wheat association mapping population. The implications for association 

analysis are discussed. We also examine the population structure and diversity within this 

population based on year of release or selection, and location of origin, based on genotyping 

data from the Illumina iSelect HD Genotyping BeadChip for wheat, having 9,000 SNP 
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markers and individual marker data for adaptation traits including photoperiod, vernalization, 

and plant height.  

II. Materials and Methods 

A. The Population 

The population in this study consisted of 382 inbred Soft Winter Wheat landraces, 

breeding lines, or cultivars from the eastern United States breeding programs. Selected lines 

included several founding landraces (e.g. Mediterranean, Goens) as well several lines from 

the early and mid 1900’s, with the majority of lines representing more modern, elite material 

(Figure 2.1). Lines were included from most, if not all, of the eastern United States public 

breeding programs and a few private programs also. For a complete description of lines, 

including year of release or selection (if available) and originating breeding program, see 

Appendix A.  

B. Genetic Data Collection 

DNA was extracted from fresh leaf tissue, collected from single plants, using DNEasy 

96 Plant Kits (Qiagen, Venlo, Netherlands). All lines were genotyped using the Illumina 

iSelect HD Genotyping BeadChip for wheat, having 9,000 SNP. Genetic locations for each 

SNP are based on consensus map locations from seven mapping populations (Cavanagh et al. 

2013). In addition to the SNP marker data from the BeadChip, we also genotyped all lines 

with 37 KASP, SSR, and STS markers which have known association with adaptive, quality,  

and disease resistance traits including height (Rht-B1, Rht-D1, and Rht8c), photoperiod 

(PpdA1, PpdB1, and PpdD1), and vernalization (VrnA1 and VrnB1, and VrnD1) (Table 2.1). 
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In addition, markers on the BeadChip had been previously shown to be diagnostic of the 

presence of the T1RS1AL and T1RS1BL alien translocations from Secale cereale and the 

T2BS-2GS2GL-2BL translocation from Triticum timopheevii. Translocation haplotypes 

were identified in the genetic data by visual analysis of individuals carrying each 

translocation. Because all lines in this population are expected to be highly inbred, 

heterozygous calls were set as missing data. Some loci had a null allele. When the presence 

of a null allele for a given marker resulted in a tri-allelic marker (two allele classes and one 

null class), the data for that marker was expanded to three dominant markers, one for each 

allele contrasted with the other two. Markers were removed from the dataset if they had a 

minor allele frequency (MAF) of less than 0.05 or greater than 10% missing. Additionally, 

SNP loci that were monomorphic or had more than two apparent homozygous amplification 

groups were also removed from the dataset. Finally, SNPs on the same chromosome that had 

a correlation equal to one were binned and represented by a single marker using the tagSNP 

algorithm in JMP Genomics 6.0 (SAS Institute, Cary, NC).  

C. Analyses 

We investigated the genetic relatedness and population structure among individuals 

through kinship, cluster and principal component analysis (PCA). All three analyses were 

performed a) including all loci and b) excluding loci that mapped within any of the three 

aforementioned translocation regions. The relationship matrix (K-matrix) was calculated as 

the genome-wide estimate of identity by descent averaged across all markers for all pairs of 

individuals as given by 
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𝐼𝐼𝐵𝐵𝐷𝐷𝑖𝑖.𝑗𝑗 =
(𝑥𝑥𝑖𝑖,𝑙𝑙 − 2𝑝𝑝)(𝑥𝑥𝑗𝑗,𝑙𝑙 − 2𝑝𝑝)

2𝑝𝑝𝑝𝑝
 

for locus l and individuals i, j, where 𝑥𝑥𝑖𝑖,𝑙𝑙 = 0, 1, 2, corresponding to genotype BB, AB, and 

AA at marker l, respectively, and p and q are the allele frequencies of A and B, respectively. 

Cluster analysis was done based on the K-matrix using the JMP Hierarchical Clustering 

Platform in JMP Genomics 6.0 (SAS Institute, Cary, NC). The principal components analysis 

(PCA) was calculated including the EIGENSTRAT adjustment for population stratification 

(Price et al. 2006). Linkage disequilibrium (LD) was calculated as r2 (Hill and Robertson 

1968) on a genome-wide scale between every pair of loci. Decay of LD was evaluated on an 

intra-chromosomal scale for every chromosome. All analyses were calculated using JMP 

Genomics 6.0 (SAS Institute, Cary, NC). 

III. Results 

A. Analysis of SNP Markers 

A total of 8,632 SNP loci were assayed using the Illumina iSelect HD Genotyping 

BeadChip for wheat with 9,000 SNPs. Of those, 74.6% (6,293) had a bi-allelic clustering 

pattern (two homozygous clusters and a heterozygous cluster in-between) and were 

polymorphic in the population. Only this subset was considered in further analyses. Of the 

remaining 25.4% (2,339 markers), which were removed from the dataset, 10% (945 markers) 

were monomorphic, 8.1% (702 markers) appeared to assay multiple polymorphisms, and 

8.0% (692 markers) failed to amplify. Additionally, in the 6,293 markers, there were 122 loci 

that had null alleles. The dataset was then filtered to include only those markers that had a 
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minor allele frequency (MAF) greater than 0.05 and less than 10% missing data. In the 

resulting 3,453 BeadChip marker subset, 3,169 markers had genetic map positions available, 

with the majority of markers mapping to the A and B-genomes (1,503 and 1,554 markers, 

respectively), and the D-genome being represented by only 215 markers (Figure 2.2). With 

the exception of the D-genome chromosomes, which had fewer than 26 mapped loci, on both 

a chromosome and genome-wide scale, MAF was somewhat uniformly distributed over the 

range from 0.05 to 0.5, with a genome-wide mean and median of 0.27, and standard 

deviation of 0.13 (Figures 2.3 and 2.4), After combining data from the 3,453 BeadChip 

markers and 39 additional marker assays, the final dataset contained 3,492 markers. 

Variation was observed in this population at all of the photoperiod, vernalization, and height 

loci assayed by the individual SNP, SSR, and STS assays (Table 2.2). 

B. Alien Translocations 

At least five major wheat alien translocations are present in low to moderate 

frequency in this population (Table 2.3). Two of these translocations were transferred from 

Secale cereale and are located on chromosomes 1A and 1B (T1RS1AL and T1RS1BL). 

Another translocation is located on chromosome 2B, involves almost the entire chromosome, 

and came from Triticum timopheevii (T2BS-2GS2GL-2BL). The fourth translocation is 

located on chromosome 6B and came from Aegilops umbellulata (T6BS.6BL-6U#1L). The 

fifth translocation is located on chromosome 2A and came from Aegilops ventricosa 

T2AS.2NS. Additionally, the Pm1 locus, a resistance gene for powdery mildew, has been 

mapped to the long arm of chromosome 7A and is suspected to be on a translocation of 
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unknown origin (Neu et al. 2002). Haplotype blocks associated with the translocations on 

chromosomes 1A, 1B, and 2B are readily observed in the marker data. There is also an 

observable haplotype block on the end of the long arm of chromosome 7A, which would be 

consistent with an alien translocation. In the filtered genotype dataset, it appears that 98 and 

34 loci mapped within the T1RS1AL and T1RS1BL translocation regions, respectively, 

241 loci mapped within the T2BS-2GS2GL-2BL translocation region, 19 loci mapped 

within the T2AS.2NS translocation region, and 11 loci mapped within the haplotype block on 

7AL. In the original 6,552-marker BeadChip data set there were 84 markers that had alleles 

that appear to be specific to one of the five aforementioned translocations (Table 2.4) eight 

markers each for T1RS1AL (all null) and T1RS1BL (6 null and 2 nucleotide), 42 markers 

for the T2BS-2GS2GL-2BL translocation (14 null and 28 nucleotide), 5 for the T2AS2NS 

translocation (all null), and one within the potential translocation on 7AL (a null allele). 

Additionally, there were 13 loci within the unmapped group that had alleles that were 

specific to one of the translocations. Of those unmapped loci, there were 4 loci with alleles 

that were specific to T1RS1AL (all nucleotide alleles), 5 loci that were specific to 

T1RS1BL (3 nucleotide and 2 null alleles), and 4 loci that were specific to the T2BS-

2GS2GL-2BL translocation (1 nucleotide and 3 null alleles) (Table 2.4). 

C. Evaluation of Linkage Disequilibrium 

Significant intrachromosomal linkage disequilibrium (LD) was present on almost all 

chromosomes, particularly on chromosome 2B when the analysis included all individuals 

(Figure 2.5A). When the LD analysis was rerun after removing individuals that carried one or 
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more translocations, the significance of intrachromosomal LD was reduced slightly along the 

short arms of chromosomes 1A and 1B and reduced greatly along the majority of 

chromosome 2B (Figure 2.5B). Similarly, the analysis of LD decay in this population based 

on all markers indicated that while LD decayed rapidly with increasing genetic distance on 

most chromosomes, the inclusion of lines with alien translocations gave highly deflated 

estimates of LD decay on chromosome 1A and more particularly on chromosome 2B (Figure 

2.6A). Following removal of all lines carrying translocations, LD decay was much more 

rapid on both of these chromosomes and followed the same pattern as the other chromosomes  

(Figure 2.6A). Significant and moderate to high LD existed between many of the loci assayed 

by the KASP, SSR, and STS markers (Table 2.5). 

D. Genetic Relatedness and Population Structure 

Initially, the first four principal components (PCs) from the PCA accounted for a total 

of 15% of the variation and gave evidence for two distinct clusters (lower triangle, Figure 

2.7); however, upon inspection, it was noted that one of the clusters was comprised entirely 

of individuals that carried the T2BS-2GS2GL-2BL translocation. After removing from the 

dataset all loci that mapped within any of the three translocation regions, the first four PCs 

from rerunning the PCA accounted for 14.7% of the total variation and resulted in the 

merging of the original two clusters (upper triangle, Figure 2.7). The small group of lines that 

clusters at the highest PC3 eigenvalues are all soft-white winter wheat lines from the 

Northeastern growing region. Relatedness between pairs of lines as defined by the kinship 

matrices was also highly influenced by the inclusion or exclusion of loci mapping within 
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translocation regions, particularly the T2BS-2GS2GL-2BL translocation. When those loci 

were included in the analysis, at the second dendrogram branch all but six lines carrying the 

T2BS-2GS2GL-2BL translocation grouped together and only lines carrying that 

translocation were included in that group (Figure 2.8A). Removal of the marker data for loci 

located in the translocation regions from the analysis resulted in the redistribution of lines 

carrying the T2BS-2GS2GL-2BL translocation throughout the dendrogram (Figure 2.8B), 

indicating significant rearrangement of the kinship matrix also. These results and the effects 

of removing translocation loci were similar whether performed as described above or when 

performed on a stratified random subset of 873 markers, distributed throughout the genome 

(data not shown).  

In looking at the distribution of lines in the dendrogram by date of line release or 

selection after removal of the translocation loci (Figure 2.8B), it was noted that 16 of the 

earliest lines (Pre-1900 and 1900-1950) grouped together at the fourth-level division (Figure 

2.8B, branch ‘e’), while lines from all other eras appeared to be more or less randomly 

distributed. In looking at the distribution of lines by geographic origin (Figure 2.8B), the two 

branches marked by ‘a’ were comprised mostly of Southeastern lines from Virginia, North 

and South Carolinas, Georgia, and Louisiana. The branch marked by ‘b’ was comprised of 

the cultivar ‘Saluda’ from three sources and a series of backcross lines with Saluda 

developed by Paul Murphy at North Carolina State University to introgress resistance genes 

for powdery mildew resistance (Murphy et al. 1998; 1999). The branch marked by ‘c’ was 

comprised mostly of Midwestern lines from Indiana, Illinois, Kansas, Missouri, and Ohio. 
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The branches marked by ‘d’ and ‘f’ were comprised primarily by Northern lines from 

Canada, New York, Pennsylvania, Wisconsin, and Minnesota. 

IV. Discussion 

The development of high-throughput genotyping arrays and genotyping-by-

sequencing (GBS) technologies have enabled the rapid, cost-effective production of very 

large genetic marker datasets in many species, including those with previously limited or no 

genetic resources. The availability of these datasets has facilitated the rapid adoption of 

genome-wide association studies (GWAS) for many traits. The efficacy of those studies 

relies, in part, upon being able to control for population structure in the model. Genotyping 

arrays have an advantage over current GBS methods for species with moderate to large 

genomes in that all loci on the array are assayed in all individuals. One drawback to high-

throughput arrays is that you must deal with the ascertainment bias introduced when creating 

the array. 

A. SNP Genotyping 

It is interesting to note that only a slight increase in the number of monomorphic loci 

was observed in this population, compared with the BeadChip development paper 

population, which included lines from all over the world. This confirms that the BeadChip 

design was successfully intentionally biased to include SNPs for common alleles (Cavanagh 

et al. 2013). Unfortunately, this means that rare alleles, which are often the source of novel 

disease and insect resistance traits, are not detected. We observed more than twice as many 

markers that appeared to amplify more than one locus compared with the BeadChip 
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development population (702 vs. 332). This could be due to sampling more deeply the 

variation within a more closely related population or due to our calling loci that appeared to 

have a split in one of the homozygous clusters groups as multi-locus.  

While it is important to bear in mind that this population does not represent a random 

sample of geographic origins, years of development, or breeding programs, the allele 

frequencies of the vernalization, photoperiod, translocation, and height loci from the KASP, 

SSR, and STS marker data can provide some insight as to which loci may be more heavily 

favored in which regions. In looking at the individual assay results for these traits, it is 

apparent that variation exists in this population for all of the major loci assayed. The 

distribution of variation at Vrn-A1, Vrn-B1, and Ppd-A1, generally followed a north-south 

pattern, with a higher proportion of northern lines carrying alleles for long-vernalization and 

photoperiod insensitivity than in the southern lines, as is expected due to adaptation to 

climatic differences. It appears that there is a higher reliance on Ppd-A1a alleles for 

photoperiod insensitivity than on Ppd-B1a or Ppd-D1a alleles in this population. Of the 

several alleles at Ppd-D1 that we surveyed, there is a higher frequency of the Mercia type 

insensitive allele (assayed with marker TaPpdDI001) in older lines and a higher of frequency 

of the Ciano67 type insensitive allele (assayed with marker TaPpdDD001) in more recent 

material. All individuals that carried the null allele for markers TaPpdBJ001, a truncated 

copy assay for a photoperiod insensitive allele found in Chinese Spring (Beales 2007), also 

carried the T2BS-2GS2GL-2BL translocation. The converse, however, was not true, 

meaning all lines that carried the T2BS-2GS2GL-2BL translocation did not carry the null 

allele for TaPpdBJ001. This may be indicative of more than one source of the T2BS-
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2GS2GL-2BL translocation, one larger than the other; however, further research is needed 

to verify this. If this is the case, then the TaPpdBJ001 marker could be diagnostic as to which 

version of the translocation a given individual carries. In terms of plant height, the Rht-B1a 

allele was a little more frequent in material from the Midwest, particularly Illinois, and the 

Rht-D1b allele was generally more frequent in southern material.  

B. Population Structure and Linkage Disequilibrium 

Following the exclusion of the translocation regions, PC3 and PC4 did show the 

separation of two small groups away from the general cluster of individuals. One group was 

comprised entirely of soft white winter wheat from northern breeding programs (Figure 2.7, 

a) and that same grouping was supported by the results of the cluster analysis based on the 

kinship matrix (Figure 2.8, f). While the separation of white and red wheat in the PCA is 

consistent with previously reported results (Benson et al. 2012) this separation may also be 

supported by differences in climatic adaptation of those lines compared to the more southern 

material. No clear pattern could be observed in the smaller off-shoot cluster (Figure 2.7, b). 

While these separations are noteworthy, it is important to point out the small fraction of the 

total variation explained by each of these PCs. This is similar to previous studies indicating 

little, if any, significant population structure within elite winter wheat using SNP (Würschum 

et al. 2013; Zhang et al. 2010; Cavanagh et al. 2013) and DArT markers (Benson et al. 

2012). This is further supported by the wide distribution in the dendrogram of lines from 

almost all geographic regions and eras in time, likely as a direct result of the historically, 

relatively free and open exchange of germplasm between and among wheat breeding 
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programs in the United States. The moderate to high levels of LD observed between many of 

the adaptive traits is consistent with the co-selection of many of these traits in the breeding 

programs, or, as is the case with Rht-B1 and Rht-D1, the aversion to co-selection, also 

resulting in higher levels of LD. The implication of this in terms of association analyses in 

this and similar diversity populations is that the effects of these loci become confounded with 

each other, which may lead to an increase in false positive associations between these loci 

and many traits. The rate of LD decay observed in this study is similar to that of other studies 

in wheat (Wang et al. 2014; Joukhadar et al. 2013; Zhang et al. 2010). 

C. The Effect of Alien Introgressions and Their Implications for Association Analyses 

The T2BS-2GS2GL-2BL translocation carries with it resistance to stem rust (Sr36) 

and powdery mildew (Pm6) and has been widely incorporated in the United States soft red 

winter wheat germplasm. However, while the T2BS-2GS2GL-2BL translocation haplotype 

was observed and reported in both the original wheat BeadChip development paper 

(Cavanagh et al. 2013) and subsequent studies, this is the first paper to demonstrate the effect 

of this translocation on many, if not all aspects of population structure estimation. These 

results have particular impact on association studies, where the kinship matrix (K-matrix) 

and/or the PCA matrix (P, or Q-matrix) are commonly used to account for population 

structure in a mixed model approach. We have demonstrated that the estimation of both of 

these matrices is highly and significantly influenced by the inclusion of loci within 

translocation regions, particularly the T2BS-2GS2GL-2BL translocation. The reason this 

translocation was shown to have a much larger effect on population structure estimates than  
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the T1RS1AL, T1RS1BL, or T2AS2NS translocations is likely due to the smaller size 

and fewer number of maker located on these other translocations, and their lower frequency 

in this population. The observed frequency of the translocations in this population were 

similar to those observed in a previous study of a much larger population of Eastern U.S. soft 

winter wheat (Olson et al. 2010), which indicates that it is likely not uncommon to have 

translocation-carrying lines in association mapping populations containing eastern U.S. soft 

winter wheat lines. In order to obtain more accurate estimates of true population structure 

and the level of relatedness among lines, it was necessary to remove all translocation-region 

loci from the dataset prior to estimating these relationships (leaving a single marker to 

represent presence or absence of each given translocation). Additionally, alleles on the 

translocations may be identical in state to alleles in T. aestivum, however they are most 

probably not identical by descent; thus, in association studies, significance tests for T. 

aestivum alleles within these regions should be done on populations that do not carry the 

translocation, or, individuals carrying the translocations should be removed from the 

population prior to testing the markers within the translocation regions for significance. The 

latter would require the original population to contain enough non-translocation carrying 

individuals to remain of sufficient size after removal of the individuals that carry the 

translocation(s). Additionally, with the increasing popularity in GBS genotyping approaches, 

caution should be exercised when including both lines that carry a given translocation and 

lines that do not, as accurately determining which markers are from within the translocation 

region may be difficult. The same likely holds true for alien introgressions of any kind in this 

and other species. 
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D. Conclusions 

The development of high-throughput genotyping platforms, including the Illumina 

iSelect HD Genotyping BeadChip for wheat with 9,000 SNPs and, more recently, with 

90,000 SNPs (Wang et al. 2014), has great potential to enable geneticists and breeders to 

discover novel QTL through association analysis but also to employ newer methods such as 

genotypic selection (GS). The accuracy of these analyses is reliant, in part, on being able to 

correctly account for population structure and relatedness among individuals within the 

population of interest. In this study we have demonstrated the need to evaluate closely the 

inclusion of lines that carry alien introgressions in association mapping or genomic selection 

populations. If carriers are included, loci that lie within those introgression regions may need 

to be excluded from the analyses to avoid biasing the estimation of structure and relatedness 

and thus increasing the risk of false associations or poor predictions.   
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Table 2.1. Individual assays for which data was collected and which have known association with traits of interest. 

Marker Chromosome Locus Description Reference 

Lr37 T2AS.2NS Lr37/Yr17/Sr38 Rust resistance genes transferred from Ae. Ventricosa Helguera et al. 2003. Crop Science 

Sr2 3B Sr2/Lr27/Yr30 Rust resistance genes on the short arm of chromosome 
3B Mago et al. 2011. TAG 

TaSus-2B 2B TaSus2 Sucrose synthase gene USDA Eastern Regional Small Grains 
Genotyping Lab 

IWA8035 1RS.1AL Translocation Translocation of the long arm of chrosomome 1A with 
the short arm of chromosome 1R from Secale cerale 

USDA Eastern Regional Small Grains 
Genotyping Lab 

IWA6110 1RS.1BL Translocation Translocation of the long arm of chrosomome 1B with 
the short arm of chromosome 1R from Secale cerale 

USDA Eastern Regional Small Grains 
Genotyping Lab 

IWA8085 T2BS-
2GS.2GL-2BL Translocation 

Translocation involving both the long and short arms of 
chromosome 2B with the long and short arms of 
chromosome 2G from Triticum timophevii 

USDA Eastern Regional Small Grains 
Genotyping Lab 

cimRht-B1_SNP 4B Rht-B1 Reduced height allele from Norin 10 Ellis et al. 2002. TAG 

Rht-D1 4D Rht-D1 Reduced height allele from Norin 10 Ellis et al. 2002. TAG 

PpdA1_ProDel 2A PpdA1 Photoperiod insensitive allele caused by a lage deletion 
in the 5' upstream region of PpdA1 Nishida et al. 2013. Molecular Breeding 

TaPpdBJ001 2B PpdB1 Chinese Spring truncated copy photoperiod sensitive 
allele; this assay has a null allele also Beales et al. 2007. TAG 

TaPpdBJ003 2B PpdB1 Sonora64/Timstein intercopy assay Beales et al. 2007. TAG 

TaPpdDD001 2D PpdD1 Ciano67 type photoperiod insensitive allele Beales et al. 2007. TAG 

TaPpdDI001 2D PpdD1 Mercia type candidate loss of function allele Beales et al. 2007. TAG 

TaPpdDD002 2D PpdD1 Norstar type candidate loss of function Beales et al. 2007. TAG 

Vrn1_design_3 5A VrnA1 Short vernalization allele in Jagger USDA Eastern Regional Small Grains 
Genotyping Lab 

vrn_A1_ex7 5A VrnA1 Short vernalization allele in Claire Diaz et al. 2012 PLoS ONE 

vrnB1_AGS2K_B 5B VrnB1 Short vernalization allele in AGS 2000 Guedira et al. 2014. Crop Science  

AGS2K_vrnB1_Del 5B VrnB1 Short vernalization allele in AGS 2000 Guedira et al. 2014. Crop Science  

Vrn-D1a 5D VrnD1 Short vernalization allele in Triple Dirk C Fu et al. 2005. Molecular Genetics and 
Genomics 

77 



Table 2.2. Frequencies of marker alleles with known association with traits of interest. 
Darker colored cells correspond to higher frequencies.  
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  N Percent of Individuals 

G
R

O
U

PE
D

 B
Y

 D
A

TE
 R

A
N

G
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Pre-
1900 10 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.40 0.40 1.00 1.00 1.00 1.00 
1901-
1950 16 0.00 0.00 0.00 0.00 0.00 0.00 0.79 0.00 0.07 0.00 0.00 0.86 0.14 1.00 1.00 1.00 1.00 
1951-
1970 19 0.00 0.05 0.00 0.11 0.11 0.00 0.42 0.05 0.00 0.05 0.00 0.74 0.16 0.89 0.89 0.95 0.95 
1971-
1980 29 0.00 0.00 0.00 0.45 0.28 0.31 0.76 0.31 0.14 0.00 0.28 0.52 0.10 0.90 0.93 0.90 0.90 
1981-
1990 43 0.00 0.00 0.00 0.30 0.28 0.56 0.58 0.14 0.16 0.07 0.44 0.42 0.07 0.88 0.93 0.88 0.86 
1991-
2000 89 0.06 0.03 0.19 0.24 0.34 0.52 0.53 0.15 0.09 0.08 0.46 0.26 0.10 0.87 0.98 0.91 0.88 
2001-
2005 93 0.20 0.13 0.20 0.20 0.40 0.54 0.52 0.11 0.12 0.11 0.58 0.19 0.05 0.78 0.92 0.88 0.86 
2006-
Present 79 0.16 0.15 0.13 0.35 0.34 0.54 0.53 0.23 0.22 0.15 0.47 0.24 0.03 0.85 0.94 0.89 0.85 

G
R
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 O
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D

EV
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O
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Canada 7 0.00 0.00 0.00 0.00 0.14 0.57 0.86 0.00 0.00 0.14 0.14 0.14 0.43 0.86 0.86 1.00 1.00 

MI/WI 10 0.00 0.00 0.00 0.30 0.20 0.20 0.80 0.20 0.00 0.00 0.00 0.20 0.80 1.00 1.00 1.00 0.90 

NY/PA 17 0.00 0.00 0.00 0.00 0.00 0.12 0.88 0.00 0.00 0.00 0.06 0.24 0.65 1.00 1.00 1.00 1.00 

OH 16 0.00 0.00 0.06 0.19 0.38 0.19 0.75 0.06 0.13 0.13 0.31 0.13 0.50 0.81 0.88 1.00 1.00 

IN 70 0.10 0.03 0.20 0.16 0.45 0.33 0.57 0.10 0.10 0.04 0.54 0.03 0.20 0.93 0.99 0.99 0.99 

IL 25 0.04 0.00 0.00 0.04 0.76 0.08 0.40 0.24 0.04 0.00 0.16 0.08 0.16 0.92 0.92 0.96 0.96 

MO/KS 13 0.00 0.00 0.00 0.23 0.38 0.31 0.69 0.00 0.00 0.08 0.31 0.15 0.46 0.77 1.00 1.00 1.00 

KY 14 0.00 0.14 0.07 0.29 0.43 0.43 0.64 0.07 0.14 0.00 0.57 0.00 0.21 0.93 0.93 1.00 1.00 

MD 9 0.00 0.22 0.33 0.33 0.00 0.56 0.56 0.11 0.22 0.11 0.44 0.00 0.44 0.89 1.00 0.78 0.67 

VA 37 0.03 0.11 0.24 0.38 0.16 0.70 0.54 0.19 0.22 0.03 0.57 0.11 0.24 0.86 0.97 0.97 0.95 

NC 55 0.07 0.25 0.05 0.47 0.29 0.56 0.64 0.27 0.25 0.04 0.47 0.09 0.29 0.80 0.87 0.98 0.95 

SC 20 0.00 0.00 0.00 0.58 0.26 0.53 0.47 0.21 0.37 0.05 0.26 0.11 0.53 0.95 1.00 0.68 0.63 

AR 17 0.00 0.00 0.00 0.53 0.29 0.41 0.41 0.47 0.12 0.00 0.35 0.12 0.29 0.82 0.94 0.76 0.76 

GA/FL 44 0.36 0.07 0.30 0.11 0.11 0.73 0.50 0.05 0.07 0.34 0.55 0.05 0.34 0.86 1.00 0.64 0.57 

LA 22 0.36 0.05 0.09 0.14 0.36 0.64 0.32 0.14 0.00 0.27 0.59 0.05 0.27 0.50 0.82 0.77 0.77 

Other 2 0.00 0.00 0.00 0.00 0.50 0.50 0.00 0.00 0.00 0.00 0.00 0.00 0.50 0.50 0.50 1.00 1.00 

 
Grand 
Total 378 0.10 0.07 0.12 0.26 0.31 0.46 0.57 0.15 0.13 0.09 0.42 0.08 0.33 0.86 0.94 0.90 0.88 
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Table 2.3. Numbers of lines carrying each translocation known to be present in the 
population and for which there are known markers. 

Translocation Source Number of Carrying 
Lines 

T1RS.1AL Secale cereale 30 
T1RS.1BL Secale cereale 52 
T2BS-2GS•2GL-2BL Trtiticum timopheevii 109 
2AS.2NS Aegilops ventricosa 40 
T6BS.6BL-6U#1L Aegilops umbellulata 19 

 

Total lines carrying 
one or more 

tranlocations: 
199 
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Table 2.4. IWA markers with an allele specific to a given translocation. Which translocation 
and the allele that is specific are provided. 

IWA Index 
Number Marker Name Translocation 

Translocation Specific 
Allele 

IWA1021 wsnp_CAP7_c10073_4468366 T1RS.1AL BB 
IWA6615 wsnp_Ku_c17059_26074584 T1RS.1AL AA 
IWA6983 wsnp_Ku_c38379_47029673 T1RS.1AL BB 
IWA8217 wsnp_RFL_Contig1027_29446 T1RS.1AL AA 
IWA414 wsnp_BF200531A_Ta_2_1 T1RS.1AL Null 
IWA7050 wsnp_Ku_c42878_50516167 T1RS.1AL Null 
IWA4008 wsnp_Ex_c48087_53105842 T1RS.1AL Null 
IWA513 wsnp_BF484606A_Ta_2_3 T1RS.1AL Null 
IWA360 wsnp_BE586140A_Ta_2_1 T1RS.1AL Null 
IWA2922 wsnp_Ex_c24686_33942264 T1RS.1AL Null 
IWA2337 wsnp_Ex_c18662_27538313 T1RS.1AL Null 
IWA1482 wsnp_Ex_c11374_18361760 T1RS.1AL Null 
IWA6942 wsnp_Ku_c3468_6420199 T1RS.1AL Null 
IWA2851 wsnp_Ex_c2389_4478238 T1RS.1AL Null 
IWA3123 wsnp_Ex_c27739_36913084 T1RS.1BL Null 
IWA6129 wsnp_JD_c626_945114 T1RS.1BL BB 
IWA6110 wsnp_JD_c5757_6915127 T1RS.1BL AA 
IWA6541 wsnp_Ku_c14842_23275194 T1RS.1BL BB 
IWA6886 wsnp_Ku_c30910_40695864 T1RS.1BL Null 
IWA6787 wsnp_Ku_c2620_4980121 T1RS.1BL Null 
IWA2577 wsnp_Ex_c2111_3963161 T1RS.1BL Null 
IWA1566 wsnp_Ex_c11976_19193550 T1RS.1BL AA 
IWA7345 wsnp_Ku_c9144_15396815 T1RS.1BL Null 
IWA3738 wsnp_Ex_c4092_7395646 T1RS.1BL Null 
IWA6728 wsnp_Ku_c230_460618 T1RS.1BL Null 
IWA15 wsnp_BE399980B_Ta_2_1 T1RS.1BL Null 
IWA435 wsnp_BF291549B_Ta_1_1 T1RS.1BL One of three clusters 
IWA5423 wsnp_Ex_rep_c67619_66272209 T2AS.2NS Null 
IWA1511 wsnp_Ex_c11560_18632698 T2AS.2NS Null 
IWA5424 wsnp_Ex_rep_c67619_66272272 T2AS.2NS Null 
IWA3468 wsnp_Ex_c342_670243 T2AS.2NS Null 
IWA3469 wsnp_Ex_c342_670415 T2AS.2NS Null 
IWA5276 wsnp_Ex_rep_c66626_64929510 T2BS-2GS.2GL-2BL AA 
IWA1985 wsnp_Ex_c1512_2889138 T2BS-2GS.2GL-2BL Null 
IWA963 wsnp_CAP12_c40_23811 T2BS-2GS.2GL-2BL Null 
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Table 2.4 Continued 

IWA Index 
Number Marker Name Translocation 

Translocation Specific 
Allele 

IWA8056 wsnp_Ra_c7093_12292610 T2BS-2GS.2GL-2BL BB 
IWA8068 wsnp_Ra_c7699_13203536 T2BS-2GS.2GL-2BL BB 
IWA561 wsnp_BG314205D_Ta_2_3 T2BS-2GS.2GL-2BL BB 
IWA575 wsnp_BG606636A_Ta_1_1 T2BS-2GS.2GL-2BL BB 
IWA652 wsnp_CAP11_c114_140053 T2BS-2GS.2GL-2BL Null 
IWA2525 wsnp_Ex_c20323_29388970 T2BS-2GS.2GL-2BL BB 
IWA3678 wsnp_Ex_c3937_7140823 T2BS-2GS.2GL-2BL AA 
IWA3888 wsnp_Ex_c4423_7960102 T2BS-2GS.2GL-2BL AA 
IWA4807 wsnp_Ex_c8505_14301862 T2BS-2GS.2GL-2BL BB 
IWA5155 wsnp_Ex_rep_c107482_91099005 T2BS-2GS.2GL-2BL BB 
IWA5829 wsnp_JD_c13299_13330728 T2BS-2GS.2GL-2BL BB 
IWA5907 wsnp_JD_c20126_17982504 T2BS-2GS.2GL-2BL BB 
IWA6188 wsnp_JD_c8219_9245110 T2BS-2GS.2GL-2BL BB 
IWA6370 wsnp_JG_c950_531626 T2BS-2GS.2GL-2BL BB 
IWA6430 wsnp_Ku_c1176_2350548 T2BS-2GS.2GL-2BL Null 
IWA6446 wsnp_Ku_c11972_19450608 T2BS-2GS.2GL-2BL BB 
IWA7016 wsnp_Ku_c39837_48181388 T2BS-2GS.2GL-2BL BB 
IWA7059 wsnp_Ku_c4373_7947422 T2BS-2GS.2GL-2BL BB 
IWA7163 wsnp_Ku_c5465_9696838 T2BS-2GS.2GL-2BL BB 
IWA7843 wsnp_Ra_c30778_40001466 T2BS-2GS.2GL-2BL AA 
IWA8085 wsnp_Ra_c8567_14485811 T2BS-2GS.2GL-2BL AA 
IWA5149 wsnp_Ex_rep_c106085_90293854 T2BS-2GS.2GL-2BL Null 
IWA3154 wsnp_Ex_c28252_37391595 T2BS-2GS.2GL-2BL AA 
IWA6231 wsnp_JD_c9508_10340547 T2BS-2GS.2GL-2BL AA 
IWA34 wsnp_BE403597B_Ta_1_1 T2BS-2GS.2GL-2BL Null 
IWA4303 wsnp_Ex_c56417_58543388 T2BS-2GS.2GL-2BL AA 
IWA1179 wsnp_CAP8_c303_286918 T2BS-2GS.2GL-2BL Null 
IWA169 wsnp_BE445278B_Ta_2_1 T2BS-2GS.2GL-2BL Null 
IWA2024 wsnp_Ex_c1541_2943368 T2BS-2GS.2GL-2BL Null 
IWA3817 wsnp_Ex_c4218_7618252 T2BS-2GS.2GL-2BL Null 
IWA3453 wsnp_Ex_c3386_6217891 T2BS-2GS.2GL-2BL Null 
IWA2972 wsnp_Ex_c25438_34703568 T2BS-2GS.2GL-2BL Null 
IWA5253 wsnp_Ex_rep_c66524_64798384 T2BS-2GS.2GL-2BL AA 
IWA5260 wsnp_Ex_rep_c66545_64828446 T2BS-2GS.2GL-2BL Null 
IWA8601 wsnp_RFL_Contig454_5360785 T2BS-2GS.2GL-2BL BB 
IWA2955 wsnp_Ex_c25217_34481787 T2BS-2GS.2GL-2BL Null 
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Table 2.4 Continued 

IWA Index 
Number Marker Name Translocation 

Translocation Specific 
Allele 

IWA244 wsnp_BE490763B_Ta_2_3 T2BS-2GS.2GL-2BL BB 
IWA2512 wsnp_Ex_c20169_29215401 T2BS-2GS.2GL-2BL Null 
IWA6047 wsnp_JD_c4243_5350869 T2BS-2GS.2GL-2BL BB 
IWA2261 wsnp_Ex_c17845_26604587 T2BS-2GS.2GL-2BL Null 
IWA3935 wsnp_Ex_c4542_8154800 T2BS-2GS.2GL-2BL Null 
IWA3176 wsnp_Ex_c28627_37743031 T2BS-2GS.2GL-2BL Null 
IWA638 wsnp_BQ172173B_Ta_2_2 T2BS-2GS.2GL-2BL Null 
IWA6561 wsnp_Ku_c15498_24122936 T2BS-2GS.2GL-2BL Null 

IWA179 wsnp_BE445506A_Ta_2_2 Suspected T7AL Null 
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Table 2.5. Linkage disequilibrium (r2, lower left values) values and the significance range for each value {[0.00, 0.01), [0.01, 
0.05), [0.05, 1.00]} between individual assays with known association with traits of interest. The darker the color, the higher the r2 
value or the significance of that value. 
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Lr37 /Yr17 /Sr38 1.0000 [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.00,0.01) [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.00,0.01)

TaSus2_2B_L_H 0.0022 1.0000 [0.05,1.00] [0.05,1.00] [0.00,0.01) [0.05,1.00] [0.05,1.00] [0.00,0.01) [0.00,0.01) [0.01,0.05) [0.05,1.00] [0.05,1.00] [0.00,0.01) [0.01,0.05) [0.05,1.00] [0.05,1.00]

T1RS.1AL 0.0006 0.0001 1.0000 [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.01,0.05) [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.01,0.05) [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00]

T1RS.1BL 0.0001 0.0061 0.0028 1.0000 [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.00,0.01) [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.01,0.05)

T2BS-2GS.2GL-2BL 0.0012 0.7326 0.0000 0.0089 1.0000 [0.05,1.00] [0.05,1.00] [0.00,0.01) [0.00,0.01) [0.01,0.05) [0.05,1.00] [0.05,1.00] [0.01,0.05) [0.00,0.01) [0.05,1.00] [0.05,1.00]

cimRhtB1_SNP_A 0.0001 0.0012 0.0077 0.0012 0.0008 1.0000 [0.00,0.01) [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.00,0.01) [0.01,0.05) [0.01,0.05) [0.05,1.00] [0.00,0.01) [0.05,1.00]

PpdA1_ProDel_A 0.0003 0.0004 0.0103 0.0033 0.0000 0.0870 1.0000 [0.05,1.00] [0.00,0.01) [0.05,1.00] [0.00,0.01) [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.00,0.01)

TaPpdBJ001 0.0015 0.2981 0.0002 0.0043 0.2466 0.0044 0.0050 1.0000 [0.00,0.01) [0.00,0.01) [0.00,0.01) [0.05,1.00] [0.00,0.01) [0.05,1.00] [0.05,1.00] [0.05,1.00]

TaPpdBJ001_Null 0.0026 0.2756 0.0037 0.0093 0.2531 0.0013 0.0218 0.0268 1.0000 [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00]

TaPpdBJ003 0.0029 0.0173 0.0008 0.0353 0.0110 0.0002 0.0066 0.0178 0.0043 1.0000 [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.05,1.00] [0.00,0.01)

TaPpdDD001 0.0228 0.0068 0.0112 0.0024 0.0074 0.0274 0.0568 0.0436 0.0075 0.0052 1.0000 [0.00,0.01) [0.00,0.01) [0.05,1.00] [0.00,0.01) [0.05,1.00]

TaPpdDI001 0.0105 0.0002 0.0003 0.0029 0.0000 0.0123 0.0021 0.0022 0.0000 0.0014 0.0697 1.0000 [0.00,0.01) [0.05,1.00] [0.05,1.00] [0.05,1.00]

TaPpdDD002 0.0092 0.0191 0.0006 0.0004 0.0174 0.0149 0.0078 0.0409 0.0074 0.0031 0.3544 0.0446 1.0000 [0.05,1.00] [0.05,1.00] [0.00,0.01)

Vrn1_design_3 0.0022 0.0109 0.0021 0.0062 0.0180 0.0080 0.0005 0.0016 0.0024 0.0005 0.0001 0.0057 0.0051 1.0000 [0.00,0.01) [0.05,1.00]

vrn_A1_ex7 0.0016 0.0001 0.0034 0.0078 0.0025 0.0299 0.0000 0.0009 0.0002 0.0012 0.0180 0.0004 0.0001 0.3428 1.0000 [0.05,1.00]

vrnB1_AGS2K_B 0.0188 0.0002 0.0012 0.0155 0.0047 0.0072 0.0243 0.0000 0.0000 0.1690 0.0069 0.0013 0.0358 0.0000 0.0015 1.0000
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Figure 2.1 Distribution of lines by the location where each line was developed (y-axis) and 
the year it was released or selected (x-axis).
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Figure 2.2. Number of loci within the final marker dataset previously mapped to each 
chromosome, grouped by A, B, or D-genome. The unknown section includes all loci that did 
not have a chromosomal map position.
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Figure 2.3. Distribution of the minor allele frequencies (y-axis) for all loci in the final 
marker dataset, grouped by chromosome (x-axis).
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Figure 2.4. Number of loci (y-axis) by minor allele frequency (x-axis) for all loci in the final 
marker dataset.
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Figure 2.5. Heatmap of the significance of linkage disequilibrium (r2) between all pairs of 
markers when A) including all individuals and B) excluding individuals known to carry one 
or more alien translocations.
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Figure 2.6. LD (r2)-decay plots for all chromosomes A) including all individuals and B) 
excluding individuals known to carry one or more alien translocations. Colors correspond to 
individual chromosomes. 
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Figure 2.7. Plots of the first four principal components from a principal components analysis 
using EIGENSTRAT. Individuals represented by blue dots carry the T2BS-2GS.2GL-2BL 
translocation. The analysis was performed including all individuals and markers (lower left, 
unshaded plots) and only excluding loci that mapped within known alien translocation 
regions (upper right, shaded plots). The cluster of lines designated by the a-arrow were soft 
winter wheat lines from northern U.S. breeding programs. No clear pattern was observed 
among the lines in the cluster pointed to by the b-arrow.
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Figure 2.8. Kinship matrices generated A) based on the entire marker set and B) excluding 
loci that mapped within known alien translocation regions. Lines carrying the T2BS-
2GS.2GL-2BL translocation are colored blue in the dendrogram, all other lines are colored 
red. Arrows point to clades that were comprised mostly of lines representing a given era or 
geographical region: a) southeastern  U.S. lines; b) Saluda backcross alien introgression 
lines; c) midwestern U.S. lines; d) northern U.S. white winter wheat lines; e) lines from pre-
1950; f) northern U.S. white winter wheat lines.
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CHAPTER 3. GENOME-WIDE ASSOCIATION ANALYSES FOR PLANT HEIGHT 

AND HEADING DATE AND FOR RESISTANCE TO LEAF RUST, STRIPE RUST, 

AND POWDERY-MILDEW IN A DIVERSE POPULATION OF EASTERN UNITED 

STATES WINTER WHEAT 

I. Introduction 

Association analysis, a tool once available only to human geneticists and those 

working on other model species, has quickly become mainstream for many species, including 

those with complex genomes. Methods for performing association analyses have continued to 

be developed which increase statistical power while also decreasing the computational time 

and resources required to perform association analyses, even with thousands of markers 

(Zhang et al. 2010; Zhou and Stephens 2012; Lippert et al. 2011). In wheat, studies using 

association analysis have been published for traits including kernel size and milling quality 

(Breseghello and Sorrells 2006), reaction to leaf rust (P. triticina Erikss), stripe or yellow 

rust, (Puccinia striiformis Westend f. sp. tritici), stem rust (Puccinia graminis Pers. f. sp. 

tritici), powdery mildew (Blumeria graminis f. sp. tritici), and yield (Crossa et al. 2007), 

resistance to Stagonospora nodorum (Tommasini et al. 2007), Fusarium Head Blight 

(Miedaner et al. 2010; Kollers et al. 2013), and preharvest sprouting (Jaiswal et al. 2012), 

seed longevity (Rehman Arif et al. 2011) insect resistance (Joukhadar et al. 2013), and 

numerous other agronomic traits (Reif et al. 2010; Zhang et al. 2011; Neumann et al. 2010). 

The majority of these association studies have used, at most, a few hundred markers, with a 

few exceptions. With the recent development of high throughput genotyping technologies, it 
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is now time- and cost-efficient to genotype large numbers of individuals for thousands, tens 

of thousands, and even hundreds of thousands of loci. These developments have allowed for 

much higher marker densities across the genome; although, in wheat, even at these higher 

marker densities, the D-genome chromosomes remain underrepresented (Cavanagh et al. 

2013; Wang et al. 2014). 

We describe here the use of marker data from the Illumina iSelect HD Genotyping 

BeadChip for wheat, having 9,000 SNP to perform association analyses on a population of 

382 Soft Winter Wheat landraces, breeding lines, and cultivars from the eastern United 

States. Lines were phenotyped and analyses run for plant height, heading date, leaf rust 

resistance both in the field and in seedling screenings with four known races of the pathogen, 

stripe rust resistance, and powdery mildew resistance. These diseases each have the potential 

to significantly decrease wheat yields in susceptible cultivars, and each is a potential threat to 

wheat production in the eastern United States. Additionally, many known resistance genes do 

not have markers associated with them that are easily amenable to high-throughput 

genotyping. Thus, the aims of this study were to not only discover novel QTL, but also to 

find SNP markers that are associated with known traits that could be used directly from the 

BeadChip data and/or converted into single SNP assays for use with marker assisted 

selection.  
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II. Materials and Methods 

A. The Population 

The population in this study consisted of 382 inbred Soft Winter Wheat landraces, 

breeding lines, or cultivars from the eastern United States breeding programs. Selected lines 

included several founding landraces (e.g. Mediterranean, Goens) as well several lines from 

the early and mid-1900’s, with the majority of lines representing more modern, elite material 

(Figure 2.1). Lines were included from most, if not all, of the eastern United States public 

breeding programs and a few private programs also. For a complete description of lines, 

including year of release or selection (if available) and originating breeding program, see 

Appendix A. 

B.  Phenotypic Data Collection 

For all traits, in each environment (year and location combination) lines were planted 

in single head rows, four feet in length, in a split-plot randomized complete block design. 

There were two main-plot levels, based on plant maturity between earlier and later flowering 

lines. In each environment, lines were evaluated in one to three replicates, depending on the 

availability of time to rate and space to plant. Heading date (HD) was recorded as the date on 

which at least 50% of the spikes in the head row had emerged past the flag leaf collar. It was 

measured in one or two years in three locations for a total of five environments (Table 3.1). 

Plant height (Ht) was measured as the average distance (in cm) from the soil level to the tip 

of the spikes on the primary tillers in each head row, rounded to the nearest five-centimeter 

increment. It was recorded in seven locations over one or two years, for a total of nine 
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environments (Table 3.1). Powdery mildew (Pm) was measured on a whole-plot basis using a 

severity scale from 0, denoting no disease, to 9, denoting severe disease, similar to that used 

by Bennett et al. (1982). Ratings were performed in one or two years in three locations for a 

total of four environments (Table 3.1). Leaf rust (Lr) was rated in the field in one or two 

years in two locations for a total of three environments (Table 3.1) using the Cobb scale for 

rating leaf rust severity where the score is between 0 and 100, representing the proportion of 

the flag-leaf covered by rust pustules (Peterson et al. 1948). Additionally, seedling 

screenings were performed at the USDA ARS Cereal Disease Laboratory (CDL), in St. Paul, 

MN on a subset of 325 lines with the following four leaf rust races: Race 1, TNRJ, MLDS, 

and TCRKG. Seedling leaf rust infection types were rated following the method of Stakman 

et al. (1962), on a scale from 0 to 4., with 0 being resistant and 4 being highly susceptible. 

Stripe rust, or yellow rust (Yr) was rated in one or two years in five locations for a total of 

eight environments (Table 3.1). As with leaf rust, stripe rust was scored following the Cobb 

scale for severity as the percent of the leaf covered by pustules on a scale from 0 to 100. With 

the exception of the stripe rust screenings at Spillman Farm and Whitlow, Washington in 

2014, which were supplemented with stripe rust races PSTV 14 and PSTV 37, all 

environments for disease resistance were under natural epidemics and no inoculations were 

performed. 

C. Genetic Data Collection 

DNA was extracted from fresh leaf tissue, collected from single plants, using DNEasy 

96 Plant Kits (Qiagen, Venlo, Netherlands). All lines were genotyped using the Illumina 
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iSelect HD Genotyping BeadChip for wheat, having 9,000 SNP. Genetic locations for each 

SNP are based on consensus map locations from seven mapping populations (Cavanagh et al. 

2013). In addition to the SNP marker data from the BeadChip, we also genotyped all lines 

with 37 KASP, SSR, and STS markers which have known association with adaptive, quality, 

and disease resistance traits including height (Rht-B1 and Rht-D1), photoperiod (Ppd-A1, 

Ppd-B1, and Ppd-D1), and vernalization (Vrn-A1 and Vrn-B1, and Vrn-D1) (Table 2.1). In 

addition, markers on the BeadChip had been previously shown to be diagnostic of the 

presence of the T1RS.1AL and T1RS.1BL alien translocations from Secale cereale and the 

T2BS-2GS.2GL-2BL translocation from Triticum timopheevii. Translocation haplotypes 

were identified in the genetic data by visual analysis of individuals carrying each 

translocation. Because all lines in this population are expected to be highly inbred, 

heterozygous calls were set as missing data. Some loci had a null allele. When the presence 

of a null allele for a given marker resulted in a tri-allelic marker (two allele classes and one 

null class), the data for that marker was expanded to three dominant markers, one for each 

allele contrasted with the other two. Markers were removed from the dataset if they had a 

minor allele frequency (MAF) of less than 0.05 or greater than 10% missing. Additionally, 

SNP loci that were monomorphic or had more than two apparent homozygous amplification 

groups were also removed from the dataset. Finally, SNPs on the same chromosome that had 

a correlation equal to one were binned and represented by a single marker using the tagSNP 

algorithm in JMP Genomics 6.0 (SAS Institute, Cary, NC).  
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D. Analyses 

Broad-sense heritability was calculated based on entry means according to the 

method described by Holland et al. (2003). Because not all locations were analyzed in the 

same years or number of years, each year and location treated instead as a single environment 

in all analyses. Association analyses were performed in R (R Core Team) using a compressed 

mixed linear model (Zhang et al. 2010) implemented in the GAPIT R package (Lipka et al. 

2012). To account for population structure, the Q-matrix was generated in JMP Genomics 6.0 

(SAS Institute, Cary, NC) using principal components analysis (PCA), including the 

EIGENSTRAT adjustment for population stratification (Price et al. 2006). The kinship 

matrix was calculated in GAPIT using the method of VanRaden (2008). Association analyses 

were performed in a step-wise manner. At each step, one or two loci that were either 

significant across multiple environments or highly significant in a single environment were 

added to the cumulative model (base model was Q+K). Significance was defined by 

alpha=0.1 after a Bonferroni correction (Quinn and Keough 2002). 

III. Results 

A. Height 

The distribution of plant height across all locations was right skewed, with means 

between 96 cm and 107 cm and standard deviation between 11 and 20 cm (Figure 3.1). The 

skewedness of the distribution toward taller height was largely due to the inclusion of 

landraces and lines that predated the introduction of the Rht-D1a and Rht-B1a dwarfing 

alleles. In this population, 120 lines had Rht-B1a, 176 lines had Rht-D1a, one line had both 
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Rht-B1a and Rht-D1a, and 88 lines had neither Rht-B1a nor Rht-D1a. The mean heights of 

lines carrying Rht-B1a or Rht-D1a were 91.9 cm and 88.2 cm, respectively. The mean height 

of individuals carrying neither Rht-B1a nor Rht-D1a was 110.3 cm. The mean difference in 

height between individuals that were homozygous for either Rht-B1a or Rht-D1a when 

compared with individuals carrying neither dwarfing Rht allele was -16.5 cm and -20.7 cm, 

respectively (Table 3.2). Broad-sense entry mean heritability across all nine environments 

was 0.689 with standard error 0.017. The correlation of measurements between each pair of 

environments was significant for each pair and ranged from 0.697 to 0.861 with a mean of 

0.783.  

The association analysis for height initially showed Rht-D1 as highly significant 

across all environments and the Ppd-D1a marker as highly significant in all but two 

environments (RAL12 and BEA12). Interestingly, while Rht-B1 was approaching 

significance in a few environments, in most environments, when only including Q and K in 

the model, Rht-B1 was not significant. However, once Rht-D1 was fixed in the model, Rht-

B1 became highly significant across all environments. Fixing Rht-D1 and Rht-B1 in the 

model resulted in a mean r2 for the model across environments of 0.493 and did not 

significantly alter the perceived significance of Ppd-D1, the sensitive allele of which had an 

average estimated effect of -3.426 cm across environments in which it was significant (Table 

3.2).  Additionally, once Rht-D1 and Rht-B1 were fixed, the T2B2G translocation also 

showed a significant effect, with the marker for the sucrose synthase locus (TaSus2) that is 

located on the translocation being the most significant in that region. Following the fixation 

of TaSus2 in the model, assays for two other alleles of the Ppd-D1 locus, TaPpdDD001 and 
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TaPpdDD002 (Beales et al. 2007), became the most significant markers. After fixing all of 

the significant markers (Rht-D1, Rht-B1, TaSus2, Ppd-D1a, TaPpdDD001, and 

TaPpdDD002) in the model the mean r2 for the model across environments was 0.599 and, 

there were no longer any additional markers that were significant at a Bonferroni alpha 0.1 

(Table 3.3, Figure 3.2). 

B. Heading Date 

The distribution of heading date as measured by the day of the year (starting at 1 on 

January 01) across all five locations was right skewed, with means between 100 and 128 days 

(Figure 3.3). The largest range from first to last line flowering occurred in RAL12 with 44 

days. Variation existed within this population for all three of the major photoperiod loci Ppd-

D1, Ppd-B1, and Ppd-A1 and the major vernalization loci Vrn-A1 and Vrn-B1 (Table 3.4). 

Although all lines were winter wheat and none of the dominant VRN1 alleles conferring 

spring growth habit were detected, 96 lines were determined to have vrn-A1 and/or vrn-B1 

alleles associated with short vernalization duration requirement (Diaz et al. 2013; Guedira et 

al. 2014). Lines having one or more alleles conferring insensitivity to photoperiod were 

common (Table 3.4). Broad-sense entry mean heritability across all nine environments was 

0.739 with standard error 0.016. The correlation between each pair of environments was 

significant for each pair and ranged from 0.784 to 0.933 with a mean of 0.877.  

There was a large amount of variation in growing degree day accumulation across 

environments, with FAY13 and FAY14 being the coldest, followed by RAL13, KIN14, and 

then RAL12, when it became warm very early in the year (Figure 3.4). The association 
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analysis for heading date based only on the Q+K model revealed the marker TaPpdDD001, 

an insensitive allele of the Ppd-D1 locus, to be highly significant and the most significant 

locus. Additionally, Ppd-A1 was shown to be significant in two environments (RAL12 and 

FAY13) and approaching significance in a third (KIN14). After fixing both Ppd-D1 and Ppd-

A1 in the model one of alleles at the Ppd-B1locus appeared significant (TaPpdBJ001) Also at 

this point, the vrn-A1 marker reported by Diaz et al. (2013) to be associated in short 

vernalization requirement duration also approached significance in RAL12 and FAY13. 

After adding TaPpdBJ001 to the model, however, there were no additional significant loci 

detected (Table 3.5, Figure 3.5), and the vrn-A1 marker had lost all significance. 

C. Leaf Rust (Brown Rust) Seedling Screening 

The distribution of reactions to race 1 was highly skewed toward resistance, with 151 

lines showing complete resistance. The distribution of reactions to races TNRJ and TCRKG 

were highly inflated for susceptibility, with 227 and 210 lines, respectively, showing 

complete susceptibility (having a score ≥ 3.5 out of 4). The distribution of reactions to race 

MLDS was also inflated for susceptibility, with 145 lines showing complete susceptibility; 

however, there were also more lines with intermediate reactions than for either TNRJ or 

TCRKG (Figure 3.6).  

For Race 1, under a Q+K model in the association analysis, there was a single locus 

on chromosome 5D that was significant for resistance. There were three markers (IWA1427, 

IWA1428, and IWA1429) mapped to that locus and each had an estimated effect size of 1.78 
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(on a scale from 0-4). After adding M_1429 to the model, no further loci were significant for 

resistance to Race 1 (Table 3.9, Figure 3.7). The final model r2 was 0.364. 

For Race MLDS, under a Q+K model in the association analysis, there were loci on 

chromosomes 1A, 1B, 2D, 3D, and four unmapped markers that were significant for 

resistance. The most significant markers were two of the unmapped loci (IWA7842 and 

IWA7416). The significant markers on chromosome 1B were again associated with the 

T1RS.1BL translocation. Fixing the IWA6110 marker in the model resulted in all previously 

significant markers on chromosome 1A and 1B and two of the unmapped markers becoming 

insignificant. The markers on chromosomes 2D, 3D, and the other two unmapped markers 

(IWA7842 and IWA7416) remained significant and one marker on chromosome 3A became 

significant. Adding IWA7416 to the model resulted in the markers on chromosomes 3D, 3A, 

and the other unmapped marker to all become insignificant. The marker on chromosome 2D 

(IWA1975) remained significant, and a null allele at marker IWA0063 (one of two associated 

with the Yr15a haplotype) on chromosome 1B, became significant. When IWA1975 was 

added to the model three markers on chromosome 5B and one unmapped marker gained 

significance. The most significant of the four was a null allele at marker IWA3658. Adding 

this marker to the model left the null allele at IWA0063 as significant, which, when fixed in 

the model, resulted in no more significant markers (Table 3.6, Figure 3.7). The r2 of the final 

model was 0.583. 

For Race TNRJ, under a Q+K model in the association analysis, there were loci on 

chromosomes 1A, 1B, and unmapped markers that were significant for resistance. The most 

significant marker was that for the T1RS.1BL translocation (IWA6110). After fixing this 
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marker in the model, all previously significant markers became insignificant. Under the new 

model, there were loci on 1A, 2A, 5B, and one unmapped marker that were significant for 

resistance. One of the significant markers on chromosome 2A was the marker for Lr37; 

however, the most significant marker was a null allele at an unmapped marker (IWA2931), 

followed by a null allele for marker IWA3658 on chromosome 5B. After adding the null 

allele at marker 3658 to the model, only one marker, on chromosome 1A (IWA3686), 

remained significant. This marker was found to have an allele that was unique to individuals 

carrying the T2AS.2NS translocation and is likely mismapped. After adding this marker to 

the model, no markers remained significant, although one marker on chromosome 1A and 

four markers on chromosome 2A were approaching significance (two of which were null 

alleles), including the marker for Lr37 (Table 3.7, Figure 3.7). The r2 of the final model was 

0.547. 

For Race TCRKG, under a Q+K model in the association analysis, there were loci on 

chromosomes 1A, 3D, 6B, and two unmapped markers that were significant for resistance. 

By far, the most significant markers were the two unmapped markers (IWA7416 and 

IWA7842). After adding IWA7416 to the model, IWA7842 lost significance; however, the 

marker on 1A (IWA4704) remained significant, and another marker on 1A (IWA5702) and 

one unmapped marker (IWA8488) gained significance. After adding IWA5702 to the model, 

no markers remained significant, although, the same marker on chromosome 1A and three of 

the same markers on chromosome 2A that were approaching significance in the final model 

for race TNRJ were also approaching significance after the final model for race TCRKG 

(Table 3.8, Figure 3.7). The r2 of the final model was 0.429. 
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D. Leaf Rust (Brown Rust) Field Study 

The distribution of leaf rust infection severity in the field was variable across the 

three locations. The lowest infection level was in PLY12 where the severity distribution was 

highly skewed toward resistance a mean of rating of 17.7 percent. The distributions of 

severity in PLY13 and KIN14 were more normally distributed with means of 34.3 and 41.4 

percent, respectively (Figure 3.8). Broad-sense entry mean heritability across the three 

environments was 0.63 with standard error 0.022. The correlation between each pair of 

environments was significant for each pair and ranged from 0702 to 0.795, with a mean of 

0.734.  

In PLY12, under the Q+K model in the association analysis, there were two 

significant loci for the first rating, one on chromosome 7B (IWA1649) and a null allele at 

one unmapped marker (IWA2931). At the second rating, there was one locus on chromosome 

5B (IWA196) and the same null allele at the unmapped marker, IWA2931. After adding 

IWA2931 to the model, no loci remained significant at the second rating, but marker 

IWA1649 on chromosome 7B remained significant for the first rating. After adding 

IWA1649 to the model, no markers were significant for either rating at PLY12 (Table 3.9, 

Figure 3.9). The r2 of the final models were 0.334 for the first rating and 0.361 for the second 

rating. 

In PLY13, under the Q+K model in the association analysis, only a single marker was 

significant, located on chromosome 5B (IWA196). After adding this marker to the model, no 

additional markers were significant (Table 3.9, Figure 3.9). The r2 of the final model was 

0.356. 
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In KIN14, under the Q+K model in the association analysis, there were loci on chromosomes 

1A, 2A and two unmapped markers that showed significance for leaf rust resistance. The 

single marker on chromosome 1A was again IWA3686, of which one allele is unique to 

individuals carrying the T2AS.2NS translocation. The markers on chromosome 2A were 

associated with Lr37 and the two unmapped markers were IWA7842 and IWA7416, which 

also showed significance in the seedling screening for races MLDS and TCRKG. After 

adding the marker for Lr37 to the model, only IWA7842 and IWA7416 remained significant. 

After adding IWA7416 to the model, no additional markers were significant (Table 3.9, 

Figure 3.9). The r2 for the final model was 0.375. 

E. Stripe Rust (Yellow Rust) 

The distributions of incidence of severity for stripe rust across all 8 environments 

were highly variable. Within a given environment the distribution shifted toward an increase 

in severity from early to later ratings (Figure 3.10), as is expected due to disease progression. 

Broad-sense entry mean heritability varied greatly from early to later ratings. When 

measured across early ratings (stem elongation) heritability was lower at 0.356 with SE 0.03. 

When measured across mid- ratings (flowering), heritability increased to 0.425 with SE 0.02. 

When measured across late-season ratings (grain-filling), heritability was highest at 0.617 

with SE 0.02. The correlation of early to late ratings within a given environment was 

generally high, though it ranged from 0.44 between the earliest and latest ratings in CF13 to 

0.93 between the mid and late ratings in FAY13. The average within-environment correlation 

was 0.65. The correlation between ratings in different environments were highly variable, 
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ranging from a low of 0.25 between SF14 at flowering and MV14, also at flowering, to 0.81 

between CF13 at grain filling and MV13 at flowering.  

Under the Q+K model, there were many markers on chromosomes 2A, 3B, and 4B 

that were significant in at least one environment. There was also one marker on each of 

chromosomes 1A (IWA3686), 3A (IWA885), and 5A (2352) that were significant. Again, 

marker IWA3686, mapped to chromosome 1A, has an allele that is specific to individuals 

carrying the T2AS.2NS translocation and so can be disregarded. The two markers on 

chromosomes 3A, and 5A were significant in single environments only. The most significant 

marker was a null allele at marker IWA1511 on chromosome 2A. It showed significance in 

every rating in every environment, except in FAY14, where it was approaching significance. 

When this marker was added to the model, all other previously significant loci on 

chromosome 2A became insignificant, as did the markers on chromosomes 3A and 5A. 

Many loci on both chromosomes 3B and 4B remained significant. The most significant 

marker on 3B was IWA3103, which was significant, or approaching significance in all but 

one of the Washington State environments, but not in FAY13 or FAY14. The most 

significant marker on chromosome 4B was IWA813, which was significant in at least one 

rating in five out of eight environments. Adding IWA3103 to the model resulted in all other 

markers on chromosome 3B falling insignificant. All significant markers at this step were all 

mapped to chromosome 4B, with the exception of one unmapped marker, that showed 

significance in only one rating in one environment. The most significant marker at this point 

was IWA813, which, when added to the model, resulted in the loss of significance for all but 

five markers on chromosome 4B that remained significant at the second rating in FAY13. 
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The most significant of those was IWA187. After adding this marker to the model, no 

remaining markers were significant (Table 3.10, Figure 3.11). The r2 of the final model 

ranged from 0.176 at the stem elongation rating in CF13 to 0.493 at the grain-filling rating in 

WHIT14 with a mean of 0.365. 

F. Powdery Mildew 

The distribution of the incidence of severity for powdery mildew across the four 

environments was variable, with the highest degree of severity in RAL13 followed by 

RAL12. Severity in FAY13 and KIN14 was comparable, with the distribution in both 

environments being highly skewed toward resistance (Figure 3.12). The broad-sense entry 

mean heritability was moderate at 0.53 for the early ratings and 0.49 for the later ratings, 

both with SE 0.02. The correlations between the first and second ratings within a given 

environment were significant and very high, ranging from 0.91 to 0.93. The correlations 

between ratings in different environments, however, while significant, were more moderate, 

ranging from 0.41 to 0.74.  

Under the Q+K model, the association analyses across all environments and ratings 

revealed loci on chromosomes 1A, 1B, 2B, 4B, 5B, 7A, and two unmapped markers that 

were significant. One of the unmapped loci (IWA489) was found to be significant for at least 

one rating in every environment, though it was not always the most significant marker. The 

marker on chromosome 7A (a null allele at IWA179) was highly significant at both ratings in 

both RAL12 and RAL13. The marker on 1A (IWA5702), was significant in the first two 

ratings in FAY13 and the first rating in KIN14; however, in both environments, the level of 
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significance appeared to decrease linearly as the season progressed. The marker on 1B 

(IWA3092) and the other unmapped marker (IWA8488) were only significant in the first two 

ratings in FAY13 and lost significance when IWA5702 was added to the model. When 

IWA489, IWA179(null), and IWA5702 were added to the model in any combination, the 

significance of the other two markers was altered, however, these three remained significant 

in at least one environment until all three were fixed in the model, at which point one 

additional marker, located on chromosome 2B appeared significant (IWA2874) at the first 

rating in RAL13. After adding this marker to the model, no additional loci were significant 

(Table 3.11, Figure 3.13). The final model included IWA489, IWA179(null), and IWA5702 

and had r2 values ranging from 0.221 to 0.385 with a mean of 0.283 across all ratings and 

environments. 

IV. Discussion 

A. Height and Heading Date 

The association analyses for both plant height and heading date demonstrate the 

utility and necessity of using a step-wise approach in some circumstances. This is especially 

true when multiple major genes are expected to be present and/or genes are confounded, 

though not necessarily correlated. This is the case with Rht-B1, and Rht-D1 because very few 

lines have been released that have both of these major genes, as the resulting “double-dwarf” 

phenotype is shorter than is generally desirable. To determine whether the masking effect of 

Rht-D1 on Rht-B1 was due to differences in allele frequencies, we explored subsetting the 

original population to create a population with equal numbers of lines with Rht-D1, Rht-B1, 
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or neither. Even in this equal frequency population, the significance of Rht-B1 was not 

observed until Rht-D1 was fixed in the model (data not shown). The masking effect then, is 

likely due to the larger effect size of Rht-D1. When the mean height of lines carrying Rht-D1 

or Rht-B1 are compared to the mean height of lines carrying neither allele, the effects of 

these alleles are readily observed. If instead one compares the mean height of lines carrying 

Rht-B1 to all other lines, the means in this population are almost equal due to the larger effect 

size of Rht-D1; however, when comparing the mean height of lines carrying Rht-D1 to all 

other lines, an effect is still observable, although much smaller, than when compared to lines 

not carrying Rht-B1. This same effect bias is observed in the estimated effects for these two 

alleles in the association analyses, both of which are highly underestimated. The effect of 

Ppd-D1 on plant height was not surprising, given that photoperiod response regulates the 

change from a vegetative to reproductive stage. It was interesting, however that none of the 

alleles for Ppd-A1 nor Ppd-B1 showed significant height reducing effects, even after fixing 

Ppd-D1 in the model. The effect of the T2BS-2GS2GL-2BL translocation has been noted in 

segregating breeding populations and the sucrose synthase gene has previously been found 

significant when looking at plant height in some environments (Jiang et al. 2010). It is 

important to note that, even with 6293 loci from the BeadChip, there were not markers that 

were closely linked to Rht-B1, Rht-D1, Ppd-D1, Ppd-A1, or Ppd-B1. This indicates that there 

are likely other major genes for both agronomic and resistance traits that will require higher 

marker densities to detect.  
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B. Leaf Rust 

Using the known differentials for the four leaf rust races used in the seedling 

screenings (Table 3.12) in combination with the locations of known resistance genes 

expected to be present in this population, it was determined that the significant markers on 

chromosome 1B for resistance against races MLDS and TNRJ are linked to Lr26, which is 

carried on the T1RS.1BL translocation. The significant markers on chromosome 2A for 

resistance against races TNRJ and TCRKG are linked to the Lr37/Yr17/Sr38 gene 

combination, which is carried on the T2AS.2NS translocation (Bariana and McIntosh 1993; 

Jahier et al. 1996). The marker on chromosome 3D (IWA1616), along with the two 

unmapped markers (IWA7842 and IWA7416) that show significance for resistance to MLDS 

and TCRKG are likely linked to Lr24. The marker on chromosome 2D (IWA1975) that 

showed resistance to race MLDS is likely linked with a resistance allele at Lr2. The markers 

on chromosome 5B (IWA3658 and IWA2322) and the unmapped marker IWA2931(null) 

that showed significance to resistance to races MLDS and TNRJ are likely linked to Lr18. 

The markers on chromosome 6B that showed significance to race TCRKG (IWA1513, 

IWA3224, and IWA8441) are likely linked to Lr9. Finally, the markers on chromosome 5D 

that showed significance for resistance to race 1 (IWA1427, IWA1428, IWA1429) are 

possibly linked to Lr1. The marker on chromosome 1A that showed significance for 

resistance to races MLDS, TNJR, and TCRKG (IWA5702) has one allele that is in common 

only with individuals carrying the T1RS.1AL and/or T1RS.1BL translocations, and so the 

significance of this marker is possibly due to its association with Lr26; however, it is 

interesting to note that this marker appeared significant for resistance to race TCRKG, which 
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is virulent against Lr26. Another interesting item of note is that even though race 1 is 

avirulent to most of the major genes that showed significance for resistance to the other 

races, those same markers failed to show significance for resistance to race 1. This is most 

likely due to the fact that so many major genes had significant effects that no single gene was 

able to account for enough variation to breach significance.  

In looking at resistance to leaf rust in the field, the loci determined by the seedling 

screening to be linked to the Lr37 resistance gene were highly significant in KIN14 and 

elevated in PLY13, indicating that Lr37 was at least partially effective in these environments. 

The loci determined to be linked with Lr18, on chromosome 5B, appeared significant in 

PLY12 and PLY13, but insignificant in KIN14. The marker on 7B that showed significance 

for resistance in PLY12 (IWA1649) may correspond to Lr14, but where it was only 

significant in one rating in one environment, further validation of this marker’s effect is 

needed. 

C. Stripe Rust 

There were three genomic regions that were significant for resistance to stripe rust in 

this population. As with leaf rust, the region on 2A corresponds to the Lr37/Yr17/Sr38 and 

appeared to be effective and highly significant across all environments. The significant 

region on chromosome 3B corresponds to the Sr2/Lr27/Yr30 complex and appeared to be 

effective in some environments (CF13, MV13, WHIT13, SF14, WHIT14), though defeated 

in others. It was encouraging to see the significance of markers on chromosome 4B across all 

environments. There have been several QTL previously reported on chromosome 4B for 
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stripe rust resistance in wheat, and this study confirms the presence of effective QTL on that 

chromosome that appear consistent across many environments.   

D. Powdery Mildew 

In both RAL12 and RAL13, mildew pressure was extremely high, particularly in 

RAL13, where some susceptible lines produced very little seed and even that was small and 

only partially viable. Lodging was also very bad at these environments due, in part, to the 

high disease pressure. The marker that showed the highest significance in RAL12 and 

RAL13 is a null allele on 7A. This marker is most likely linked to Pm1a and the null allele 

was confirmed in multiple genotyped individuals of the cultivars NC_Neuse and SS8641, 

both of which are known carriers of Pm1a (Murphy et al. 2004). The null allele would seem 

to agree with the previous determination that Pm1a is likely on a small alien translocation 

(Neu et al. 2002). The marker that showed significance on chromosome 1A (IWA5702) in 

FAY13 and KIN14 was also significant for leaf rust resistance to races MLDS, TNRJ, and 

TCRKG. This marker has an allele that is specific to individuals that carry the T1RS.1AL or 

T1RS.1BL translocations. Additionally, markers IWA3092, which has been mapped to 

chromosome 1B, and IWA8488, which is unmapped, both showed similar levels of 

significance to marker IWA5702. In looking at their allele distributions, they were found to 

be highly similar to IWA5702, having one allele that is almost entirely specific to individuals 

carrying the two aforementioned translocations. The T1RS.1AL and T1RS.1BL 

translocations do carry resistance genes for powdery mildew (Pm17 and Pm8, respectively); 

however, these genes are generally considered to be defeated in most of the southeastern 
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United States (Christina Cowger, North Carolina State University, Personal Communication), 

and neither translocation showed significance for powdery mildew resistance on its own. The 

other marker that showed significance in the first rating in RAL13 (IWA2874), located on 

chromosome 2B is located within the T2BS-2GS.2GL-2BL translocation and does not have 

an allele unique to that translocation. 

V. Conclusions 

We have demonstrated the utility and necessity of the stepwise approach in 

association analyses, particularly when multiple major genes are known to be present in the 

population. However, this stepwise approach does not resolve the bias in the effects estimates 

and may not be effective when too many genes are all conferring large effects, as was the 

case for the leaf rust seedling screening analysis with race 1.  Additionally, although we 

found many markers associated with traits of interest, it is important to note that even at the 

marker density provided by using the Illumina BeadChip for wheat with 9000 markers, there 

were no markers on the chip that were linked to major genes for height or heading date. 

Thus, it is entirely likely that there may be alleles within this population that are significant 

for the traits in this study which have been missed due to insufficient marker coverage.  

Through the use of stepwise association analysis we were able to determine markers 

that are on the Illumina BeadChip for wheat that are associated with disease resistance for 

leaf rust, stripe rust, and powdery mildew. We found many loci that are likely linked to 

known resistance genes and a few potentially novel QTL. It is anticipated that these results 

will not only allow researchers that are using the BeadChips to be able to use this information 
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to select for resistance, but also hopefully convert many of these loci into single-marker 

assays for use in small grains genotyping laboratories.  
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Table 3.1. Locations, years, and traits 

Location Location 
Abbreviation 

Heading Date 
(HD) Height (Ht) Powdery 

Mildew (Pm) Leaf Rust (Lr) Stripe Rust 
(Yr) 

Beaufort County, NC BEA  2012    
Kinston, NC KIN 2014 2014 2014 2014  
Laurel Springs, NC LS  2013    
Plymouth, NC PLY  2013  2012, 2013  
Raleigh, NC RAL 2012, 2013 2012, 2013 2012, 2013   
Salisbury, NC SAL  2013    
Fayetteville, AR FAY 2013, 2014 2013, 2014 2013  2013, 2014 
Central Ferry, WA CF     2013 
Mount Vernon, WA MV     2013, 2014 
Spillman Agronomy Farm, Pullman, WA SF     2014 
Whitlow Agronomy Farm, Pullman, WA WHT     2013, 2014 
USDA ARS Cereal Disease Laboratory, St. 
Paul, MN CDL    2012  
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Table 3.2. Relative effects of the various height allele combinations compared to the mean 
height of lines that do not carry Rht-B1a or  Rht-D1a. 

Gene Combination N -individuals Mean 
Height 

Relative 
Effect 

Rht-D1a Only 127 89.7 -20.7 
Rht-B1a Only 78 93.9 -16.5 
T2B2G Only 24 98.6 -11.7 
Rht-D1a and Rht-B1a 2 76.7 -33.6 
Rht-D1a and T2B2G 45 84.8 -25.5 
Rht-B1a and T2B2G 36 88.3 -22.1 
No Rht-D1a or Rht-B1a 88 110.3 0 
No Rht-D1a, Rht-B1a or T2B2G 62 115.2 4.9 
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Table 3.3. Table listing which markers were significant for height at each step of the stepwise association analysis, grouped by 
step, along with information regarding the location, position, and allele for each marker. Variables that were included as covariates 
in the analysis are listed in the gray box at the top of each group. The number of environments each marker was significant in 
along with the average significane (-Log10(P-value) and average effect across all environments in which that marker was 
significant are also listed. 

IWA Number Marker Chromosome Position (cM) Allele 
Number of 
Significant 

Environments 

Average -Log10(P-value) 
Across Significant 

Environments 

Average Effect 
Across Significant 

Environments (cm) 
Covariates: Q+K 

. Rht-D1a 4D . C 8 9.140 -4.807 

. TaPpdDD001 2D . Sensitive 6 7.036 -4.104 

. TaPpdDD002 2D . Sensitive 2 5.786 -3.590 
IWA5138 wsnp_Ex_rep_c105443_89868548 1A 81.01 A 1 6.079 -5.522 
IWA2141 wsnp_Ex_c16529_25039034 Unmapped . A 1 6.079 5.522 
IWA2147 wsnp_Ex_c16569_25082760 3B 2192.39 T 1 5.090 3.937 

Covariates: Q+K+Rht-D1 
. cimRht-B1a 4B . C 9 9.643 -6.032 
IWA6850 wsnp_Ku_c28756_38667953 4B 2761.26 A 7 5.084 -3.884 
. TaPpdDD001 2D . Sensitive 5 6.208 -3.597 
. TaPpdDD002 2D . Sensitive 3 5.675 2.962 
. TaSus2 2B . T 2 5.080 -3.281 
IWA5138 wsnp_Ex_rep_c105443_89868548 1A 81.01 A 1 4.640 -4.570 
IWA2141 wsnp_Ex_c16529_25039034 Unmapped . A 1 4.640 4.570 

Covariates: Q+K+Rht-D1+Rht-B1 
. TaPpdDD001 2D . Sensitive 5 6.387 -3.426 
. TaSus2 2B . T 4 5.691 -3.617 
IWA5939 wsnp_JD_c2273_3105037 2B 1257.27 T 3 5.718 3.379 
IWA1202 wsnp_CAP8_c607_445315 Unmapped . T 2 5.222 3.168 
. TaPpdDD002 2D . Sensitive 1 6.541 2.892 
IWA2141 wsnp_Ex_c16529_25039034 Unmapped . A 1 5.298 4.533 
IWA5138 wsnp_Ex_rep_c105443_89868548 1A 81.01 A 1 5.298 -4.533 

Covariates: Q+K+Rht-D1+Rht-B1+TaSus2 
. TaPpdDD001 2D . Sensitive 6 6.610 -3.466 
. TaPpdDD002 2D . Sensitive 3 5.893 2.767 
IWA4520 wsnp_Ex_c64815_63464750 7B . A 1 4.843 -3.982 
IWA2141 wsnp_Ex_c16529_25039034 Unmapped . A 1 4.923 4.317 
IWA5138 wsnp_Ex_rep_c105443_89868548 1A 81.01 A 1 4.923 -4.317 

Final Model Covariates: Q+K+Rht-D1+Rht-B1+TaSus2+TaPpdDD001+TaPpdDD002 
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Table 3.4. Relative effects of the several photoperiod loci combinations compared to the 
mean of lines that are photoperiod sensitive at all loci. 

Number of Insensitive Loci N-Ind Mean 
HD 

Relative 
Effect 

Single Locus 156 118.6 -3.2 
Two Loci 146 114.8 -7.0 
Three Loci 50 112.5 -9.4 

Combination of Insensitive Loci N Mean 
HD 

Relative 
Effect 

Ppd-A1 22 116.6 -5.2 
Ppd-B1 9 116.4 -5.4 
Ppd-D1 125 120.7 -1.1 
Ppd-A1 and Ppd-B1 15 113.8 -8.1 
Ppd-A1 and Ppd-D1 72 115.9 -5.9 
Ppd-B1 and Ppd-D1 59 115.3 -6.6 
Ppd-A1, Ppd-B1 and Ppd-D1 50 112.3 -9.6 

Individual Markers for 
Insensitivity N Mean 

HD 
Relative 
Effect 

Ppd-A1_ProDel 22 116.63 -5.2 
TaPpdBJ001 7 115.81 -6.0 
TaPpdBJ003 2 117.05 -4.8 
TaPpdDI001 12 123.81 2.0* 
TaPpdDD001 82 114.46 -7.4 
TaPpdDD002 31 123.95 2.1* 

 

120 



Table 3.5. Table listing which markers were significant for heading date at each step of the stepwise association analysis, grouped 
by step, along with information regarding the location, position, and allele for each marker. Variables that were included as 
covariates in the analysis are listed in the gray box at the top of each group. The number of environments each marker was 
significant in along with the average significance and average effect across all environments in which that marker was significant 
are also listed. 

IWA 
Number Marker Chromosome Position (cM) Allele Number of Significant 

Environments 

Average -Log10(P-value) 
Across Significant 

Environments 

Average Effect Across 
Significant 

Environments (days) 

Covariates: Q+K 

. TaPpdDD001 2D 1465.67 Sensitive 4 8.206 -1.932 

. PpdA1_ProDel 2A 769.73 Sensitive 2 4.529 -1.814 
IWA1170 wsnp_CAP8_c2500_1318263 Unmapped 5447.56 A 1 3.870 2.029 

. TaPpdDD002 2D 1465.67 Sensitive 1 2.513 -0.762 

Covariates: Q+K+TaPpdDD001+TaPpdDD002+PpdA1_ProDel 

. TaPpdBJ001 2B 1093.89 Sensitive 3 4.425 -1.526 

. TaSus2_2B_L_H 2B 1093.89  1 3.523* -2.050 
IWA2163 wsnp_Ex_c16715_25264080 5A 3154.42 A 1 3.449* 2.501 

IWA1829 wsnp_Ex_c13942_21820758 Unmapped 5454.06 A 1 2.005* 1.795 

Covariates: Q+K+TaPpdDD001+TaPpdDD002+PpdA1_ProDel+TaPpdBJ001 

IWA2163 wsnp_Ex_c16715_25264080 5A 3154.42 A 1 3.294* 2.378 

IWA1829 wsnp_Ex_c13942_21820758 Unmapped 5454.06 A 1 2.179* 1.782 

Final Model Covariates: Q+K+TaPpdDD001+TaPpdDD002+PpdA1_ProDel+TaPpdBJ001+IWA2163 
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Table 3.6. Significant markers for resistance to leaf rust race MLDS at each step of the stepwise association analysis, grouped by 
step, along with information regarding the location, position, and allele for each marker. Variables that were included as covariates 
in the analysis are listed in the gray box at the top of each group. In this table, markers that mapped within 15 cM of each other 
were grouped and represented by the most significant marker. 

IWA Number Marker Chromosome Position (cM) Allele -Log10(P-value) Effect 

Covariates: Q+K 

IWA7842 wsnp_Ra_c30647_39882344 Unmapped . T 11.387 1.231 

IWA7416 wsnp_Ku_rep_c104744_91124755 Unmapped . T 11.133 -1.205 

IWA8488 wsnp_RFL_Contig3581_3760519 Unmapped . A 8.296 -0.666 

IWA1975 wsnp_Ex_c15048_23219416 2D 1542.85 A 8.046 0.797 

IWA6110 (T1RS.1BL) wsnp_JD_c5757_6915127 1B 283.00 A 7.385 -0.742 

IWA1616 wsnp_Ex_c12369_19730765 3D 2311.20 A 6.856 -0.735 

IWA5702 wsnp_Ex_rep_c70593_69508988 1A 57.95 A 6.855 -0.588 

IWA5593 wsnp_Ex_rep_c69266_68192954 Unmapped . T 5.673 -0.628 

Covariates: Q+K+IWA6110 

IWA7416 wsnp_Ku_rep_c104744_91124755 Unmapped . T 13.503 -1.277 

IWA7842 wsnp_Ra_c30647_39882344 Unmapped . T 13.917 1.310 

IWA1616 wsnp_Ex_c12369_19730765 3D 2311.20 A 9.014 -0.819 

IWA1975 wsnp_Ex_c15048_23219416 2D 1542.85 A 7.557 0.728 

IWA7157 wsnp_Ku_c5359_9530161 3A 1911.90 A 4.573 0.577 

Covariates: Q+K+IWA6110+IWA7416 

IWA1975 wsnp_Ex_c15048_23219416 2D 1542.85 A 9.390 0.761 

IWA0063 wsnp_BE405834B_Ta_2_2 1B 301.12 Null 5.090 -0.602 

Covariates: Q+K+IWA6110+IWA7416+IWA1975 

IWA3658 wsnp_Ex_c3874_7036132 5B 3418.61 Null 6.039 -0.412 

IWA2931 wsnp_Ex_c2482_4636722 Unmapped . Null 6.049 -0.489 

IWA0063 wsnp_BE405834B_Ta_2_2 1B 301.12 Null 6.150 -0.621 

Covariates: Q+K+IWA6110+IWA7416+IWA1975+IWA3658(null) 

IWA0063 wsnp_BE405834B_Ta_2_2 1B 301.12 Null 4.849 -0.530 

Final Model Covariates: Q+K+IWA6110+IWA7416+IWA1975+IWA3658(null)+IWA0063 
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Table 3.7. Table listing which markers were significant for resistance to leaf rust race TNRJ at each step of the stepwise 
association analysis, grouped by step, along with information regarding the location, position, and allele for each marker. 
Variables that were included as covariates in the analysis are listed in the gray box at the top of each group. In this table, markers 
that mapped within 15 cM of each other were grouped and represented by the most significant marker. 

IWA Number Marker Chromosome Position (cM) Allele -Log10(P-value) Effect 

Covariates: Q+K 

IWA6110 wsnp_JD_c5757_6915127 1B 283.00 A 16.440 -1.070 

IWA5593 wsnp_Ex_rep_c69266_68192954 Unmapped . T 12.943 -0.893 

IWA8488 wsnp_RFL_Contig3581_3760519 Unmapped . A 10.523 -0.693 

IWA5702 wsnp_Ex_rep_c70593_69508988 1A 57.95 A 8.588 -0.590 

IWA3945 wsnp_Ex_c4561_8184576 1B 340.60 A 5.791 0.542 

Covariates: Q+K+IWA6110 

IWA2931 wsnp_Ex_c2482_4636722 Unmapped . Null 7.641 -0.500 

IWA3658 wsnp_Ex_c3874_7036132 5B 3418.61 Null 7.372 -0.399 

IWA3686 wsnp_Ex_c3963_7179957 1A 58.61 A 5.137 0.381 

IWA3469 wsnp_Ex_c342_670415 2A 777.01 Null 4.765 -0.367 

NA Lr37/Yr17/Sr38 2A . A 4.691 0.378 

Covariates: Q+K+IWA6110+IWA3658 

IWA3686 wsnp_Ex_c3963_7179957 1A 58.61 A 4.753 0.348 

IWA3469 wsnp_Ex_c342_670415 2A 777.01 Null 3.956* -0.316 

NA Lr37/Yr17/Sr38 2A . A 3.726* 0.318 

Final Model Covariates: Q+K+IWA6110+IWA3658+IWA3686 
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Table 3.8. Table listing which markers were significant for resistance to leaf rust race TCRKG at each step of the stepwise 
association analysis, grouped by step, along with information regarding the location, position, and allele for each marker. 
Variables that were included as covariates in the analysis are listed in the gray box at the top of each group. In this table, markers 
that mapped within 15 cM of each other were grouped and represented by the most significant marker. 

IWA Number Marker Chromosome Position (cM) Allele -Log10(P-value) Effect 

Covariates: Q+K 

IWA7416 wsnp_Ku_rep_c104744_91124755 Unmapped . T 12.671 -1.206 

IWA7842 wsnp_Ra_c30647_39882344 Unmapped . T 12.024 1.178 

IWA1616 wsnp_Ex_c12369_19730765 3D 2311.20 A 8.870 -0.809 

IWA1513 wsnp_Ex_c11573_18650189 6B 4398.15 Null 5.266 -0.451 

IWA4704 wsnp_Ex_c759_1493846 1A 64.39 T 4.759 -0.574 

Covariates: Q+K+IWA7416 

IWA3224 wsnp_Ex_c293_568283 6B 4400.25 A 4.939 -0.419 

IWA4704 wsnp_Ex_c759_1493846 1A 64.39 T 4.695 -0.527 

IWA1513 wsnp_Ex_c11573_18650189 6B 4398.15 Null 4.606 -0.384 

IWA3382 wsnp_Ex_c322_624793 2A 779.64 Null 4.552 -0.318 

Covariates: Q+K+IWA7416+IWA3224 

IWA5702 wsnp_Ex_rep_c70593_69508988 1A 57.95 A 4.834 -0.420 

IWA8488 wsnp_RFL_Contig3581_3760519 Unmapped . A 4.638 -0.415 

IWA4704 wsnp_Ex_c759_1493846 1A 64.39 T 4.607 -0.506 

Covariates: Q+K+IWA7416+IWA3224+IWA5702 

IWA3686 wsnp_Ex_c3963_7179957 1A 58.61 A 4.226* 0.423 

IWA3382 wsnp_Ex_c322_624793 2A 779.64 Null 4.201* -0.288 

. Lr37/Yr17/Sr38 2A . A 3.716* 0.414 

Final Model Covariates: Q+K+IWA7416+IWA3224+IWA5702+IWA3686 
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Table 3.9. Table listing which markers were significant for resistance to leaf rust in the field at each step of the stepwise 
association analysis, grouped by environment and step, along with information regarding the location, position, and allele for each 
marker. Variables that were included as covariates in the analysis at each step are listed in the gray box at the top of each group. In 
this table, markers that mapped within 100 cM of each other were grouped and represented by the most significant marker. 

IWA Number Marker Chromosome Position (cM) Allele -Log10(P-value) Effect 

ENVIRONMENT: PLY12 

Covariates: Q+K 

IWA2931 wsnp_Ex_c2482_4636722 Unmapped 5466.06 Null 7.488 -9.626 

IWA2238 wsnp_Ex_c176_347707 5B 3405.19 Null 5.178 -9.399 

IWA1649 wsnp_Ex_c12556_19991911 7B 5152.20 A 5.050 -3.446 

Covariates: Q+K+2931(null) 

IWA1649   7B 5152.20 A 5.139 -3.354 

ENVIRONMENT: PLY13 

Covariates: Q+K 

IWA196 wsnp_BE446509B_Ta_2_1 5B 3433.26 T 4.666 7.517 

ENVIRONMENT: KIN14 

Covariates: Q+K 

IWA3469 wsnp_Ex_c342_670415 2A 777.01 Null 7.272 -13.902 

. Lr37/Yr17/Sr38 2A . A 7.093 14.038 

IWA3686 wsnp_Ex_c3963_7179957 1A 58.61 A 6.281 12.289 

IWA7842 wsnp_Ra_c30647_39882344 Unmapped . T 4.803 14.974 

IWA7416 wsnp_Ku_rep_c104744_91124755 Unmapped . T 4.754 -14.709 

Covariates: Q+K+Lr37 

IWA7416 wsnp_Ku_rep_c104744_91124755 Unmapped . T 4.892 -14.318 

IWA7842 wsnp_Ra_c30647_39882344 Unmapped . T 4.762 14.273 

125 



Table 3.10. Table listing which markers were significant for resistance to stripe rust at each step of the stepwise association 
analysis, grouped by step, along with information regarding the location, position, and allele for each marker. Variables that were 
included as covariates in the analysis are listed in the gray box at the top of each group. The number of environments each marker 
was significant in along with the average significance (-Log10(P-value) and average effect across all environments in which that 
marker was significant are also listed. In this table, markers that mapped within 100 cM of each other were grouped and 
represented by the most significant marker. 

IWA Number Marker Chromosome Position (cM) Allele 
Number of 
Significant 

Environments 

Average -Log10(P-
value) Across 

Significant 
Environments 

Average Effect Across 
Significant Environments 

Covariates: Q+K 

IWA3686 wsnp_Ex_c3963_7179957 1A 58.61 A 7 9.879 12.538 

IWA1511 wsnp_Ex_c11560_18632698 2A 774.40 Null 7 10.458 -13.643 

. Lr37/Yr17/Sr38 2A . A 6 10.387 14.231 

IWA885 wsnp_CAP11_rep_c7339_3306558 3A 1775.62 T 2 4.695 5.707 

IWA3103 wsnp_Ex_c2723_5047696 3B 2016.06 A 5 6.319 -7.671 

IWA1910 wsnp_Ex_c1457_2794331 4B 2787.90 A 4 5.729 -7.466 

IWA2352 wsnp_Ex_c1880_3545329 5A 3153.29 A 2 4.661 -9.067 

Covariates: Q+K+Yr17 

IWA3103 wsnp_Ex_c2723_5047696 3B 2016.06 A 5 6.709 -7.032 

IWA813 wsnp_CAP11_c84_120095 4B 2790.40 T 5 6.340 -7.724 

Covariates: Q+K+Yr17+IWA3103 

IWA813 wsnp_CAP11_c84_120095 4B 2790.40 T 5 6.752 -7.534 

IWA8019 wsnp_Ra_c59050_60525086 Unmapped 5534.56 T 3 4.694 -6.189 

IWA2171 wsnp_Ex_c16825_25387841 4B 2795.54 T 3 5.103 -7.370 

IWA1113 wsnp_CAP7_rep_c12539_5292305 4B 2802.89 T 2 4.573 3.813 

Covariates: Q+K+Yr17+IWA3103+IWA813 

IWA187 wsnp_BE446161B_Td_2_2 4B 2794.74 A 1 5.451 7.896 
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Table 3.11. Table listing which markers were significant for resistance to powdery mildew at 
each step of the stepwise association analysis, grouped by step, along with information 
regarding the location, position, and allele for each marker. Variables that were included as 
covariates in the analysis are listed in the gray box at the top of each group. The number of 
environments each marker was significant in along with the average significance (-Log10(P-
value) and average effect across all environments in which that marker was significant are 
also listed. In this table, markers that mapped within 100 cM of each other were grouped and 
represented by the most significant marker. 

 

IWA Number Marker Chromosome Position (cM) Allele
Number of 
Significant 

Environments

Average -Log10(P-value) 
Across Significant 

Environments

Average Effect Across 
Significant 

Environments

IWA0489 wsnp_BF475120B_Td_2_1 Unmapped 5435.56 T 4 5.491 -0.787
IWA0179 wsnp_BE445506A_Ta_2_2 7A 4872.37 Null 2 8.052 -1.628
IWA5702 wsnp_Ex_rep_c70593_69508988 1A 57.95 A 2 5.711 -0.530
IWA3092 wsnp_Ex_c27136_36355033 1B 310.36 A 1 5.813 0.548
IWA8488 wsnp_RFL_Contig3581_3760519 Unmapped 5536.56 A 1 5.612 -0.541
IWA2874 wsnp_Ex_c24135_33382700 2B 1302.58 T 1 4.688 0.528
IWA0429 wsnp_BF202681B_Ta_2_2 2B 1187.90 A 1 4.904 -0.441
IWA1007 wsnp_CAP12_rep_c4278_1949864 4B 2790.40 A 1 4.855 -0.454
IWA6526 wsnp_Ku_c14332_22613741 5B 3560.87 A 1 4.790 0.477

IWA0179 wsnp_BE445506A_Ta_2_2 7A 4872.37 Null 2 9.067 -1.674
IWA2874 wsnp_Ex_c24135_33382700 2B 1302.58 T 1 4.941 0.524
IWA3945 wsnp_Ex_c4561_8184576 1B 340.60 A 1 4.962 0.552

IWA0489 wsnp_BF475120B_Td_2_1 Unmapped 5435.56 T 4 6.007 -0.829
IWA5702 wsnp_Ex_rep_c70593_69508988 1A 57.95 A 2 5.550 -0.534
IWA3092 wsnp_Ex_c27136_36355033 1B 310.36 A 1 5.702 0.559
IWA8488 wsnp_RFL_Contig3581_3760519 Unmapped 5536.56 A 1 5.248 -0.536
IWA2874 wsnp_Ex_c24135_33382700 2B 1302.58 T 1 4.750 0.497
IWA0429 wsnp_BF202681B_Ta_2_2 2B 1187.90 A 1 4.765 -0.426

IWA0489 wsnp_BF475120B_Td_2_1 Unmapped 5435.56 T 2 5.267 -0.727
IWA0179 wsnp_BE445506A_Ta_2_2 7A 4872.37 Null 2 8.101 -1.333
IWA0429 wsnp_BF202681B_Ta_2_2 2B 1187.90 A 1 4.684 -0.200

IWA5702 wsnp_Ex_rep_c70593_69508988 1A 57.95 A 1 5.385 -0.507
IWA8488 wsnp_RFL_Contig3581_3760519 Unmapped 5536.56 A 1 4.846 -0.482
IWA2874 wsnp_Ex_c24135_33382700 2B 1302.58 T 1 5.092 0.501
IWA3092 wsnp_Ex_c27136_36355033 1B 310.36 A 1 5.555 0.530

IWA0179 wsnp_BE445506A_Ta_2_2 7A 4872.37 Null 2 9.017 -1.672
IWA2874 wsnp_Ex_c24135_33382700 2B 1302.58 T 1 4.737 0.506

IWA2874 wsnp_Ex_c24135_33382700 2B 1302.58 T 1 4.899 0.484
Final Model Covariates: Q+K+IWA489+IWA179(null)+IWA5702+IWA2874

Covariates: Q+K+IWA489+IWA5702

Covariates: Q+K+IWA489+IWA179(null)+IWA5702

Covariates: Q+K

Covariates: Q+K+IWA489

Covariates: Q+K+IWA179(null)

Covariates: Q+K+IWA5702

Covariates: Q+K+489+IWA179(null)
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Table 3.12. Rust isolate differentials for the four races of leaf rust used in the seedling 
screenings and the two races of stripe rust used to inoculate in SF14 and WHIT14.  

Leaf Rust (Lr) 

Race Virulent Intermediate Avirulent 

Race_1 Lr: 14a, 14b, 20 Lr23 Lr: 1, 2a, 2c, 3, 9, 16, 24, 26, 11, 3ka, 
17, 30, B, 10, 18, 3bg, 21, 28, 39/41 

TNRJ Lr: 1, 2a, 2c, 3, 9, 24, 3ka, 11, 30, 
10, 14a, 14b, 20, 39/41 Lr: 26, 23 Lr: 16, 17, B, 18, 3bg, 21 

MLDS Lr: 1, 3, 9, 17, B, 10, 14a, 23, 20, 
3bg, 14b, 39/41 Lr21 Lr: 2a, 2c, 16, 24, 26, 3ka, 11, 30, 18, 

28 

TCRKG Lr: 1, 2a, 2c, Lr3, 26, 3ka, 11, 30, 
10, 14a, 18, 28    Lr: 9, 16, 24, 17, B, 21, 3bg, 39/41 

Stripe Rust (Yr) 

Race Virulent Intermediate Avirulent 

PSTV_14 Yr: 1, 6, 7, 8, 9, 17, 26, 27, 43, 44; 
YrTr1, YrExp2, YrTye   Yr: 5, 10, 15, 24, 32; YrSp 

PSTV_37 Yr: 6, 7, 8, 9, 17, 27, 43, 44; 
YrTr1, YrExp2   

Yr: 1, 5, 10, 15. 24, 26, 32; YrTye, 
YrSp 
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Figure 3.1. Distribution of plant height (cm) by environment.
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Figure 3.2 Manhattan plots for each step of the association analysis for plant height. 
Additional covariates were included in the model at each step: A) Q+K only; B) Q+K+Rht-
D1a; C) Q+K+Rht-D1a+Rht-B1a; D) Q+K+Rht-D1a+Rht-B1a+TaSus2; E) Q+K+Rht-
D1a+Rht-B1a+TaSus2+TaPpdDD001 +TaPpdDD002.  
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Figure 3.3. Distribution of the mean heading date by environment. The day of year 
measurement equals the number of days since January 01. Growing degree days (GDD) were 
calculated using a base of zero degrees Celsius.

131 



 

 
Figure 3.4 Growing degree day (base zero degrees C) accumulation by day of year in each 
environment (lower figure). The x-axis scale represents the range of heading dates across all 
environments in which they were measured. The upper graph illustrates how day length 
increased over the flowering period.  
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Figure 3.5. Manhattan plots for each step of the association analysis for heading date. 
Additional covariates were included in the model at each step: A) Q+K only; B) 
Q+K+TaPpdDD001+Ppd-A1_ProDel; C) Q+K+TaPpdDD001+Ppd-
A1_ProDel+TaPpdBJ001; D) Q+K+TaPpdDD001+Ppd-A1_ProDel+PpdBJ001+IWA2163. 
Different symbols represent the different environments: RAL12 (closed circles), RAL13 
(open circles), FAY13 (open triangles), KIN14 (closed triangles), FAY14 (closed squares). 
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Figure 3.6. Distributions of the severity ratings for infection type for each of the four leaf 
rust races used in the seedling screening. 
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Figure 3.7. Combined manhattan plots of the significance of markers for resistance to each 
of the four leaf rust races used in the seedling screening. Markers are ordered by genetic map 
position and grouped by chromosome (x-axis). Colors correspond to the three genomes: A 
(blue), B (orange), and D (green). Unmapped markers are colored in black. Each plot is a 
combination of the all steps in the analysis, with a different symbol for each step: step 1 
(closed circles), step 2 (open circles), step 3 (closed triangles), and step 4 (open triangles). 
Dashed lines represent a significance threshold at a Bonferroni corrected alpha of 0.1.

135 



 
Figure 3.8. Distributions of the incidence severity ratings for leaf rust in each rating and 
environment. Ratings are indicated by the number after the period following the environment 
label.
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Figure 3.9. Combined manhattan plots of the significance of markers for resistance to leaf 
rust in the field at each rating and environment. Markers are ordered by genetic map position 
and grouped by chromosome (x-axis). Colors correspond to the three genomes: A (blue), B 
(orange), and D (green). Unmapped markers are colored in black. Dashed lines represent a 
significance threshold at a Bonferroni corrected alpha of 0.1.  
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Figure 3.10. Distributions of the incidence of severity scores for stripe rust in each rating and 
environment. Ratings are indicated by the number or letter after the underscore following the 
environment label. Rating abbreviations indicate the average maturity at the time of rating as 
follows: stem elongation (SE), flowering (F), flowering-grain filling (FG), and grain filling 
(G).   
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Figure 3.11. Combined manhattan plots of the significance of markers for resistance to stripe 
rust in the field at each rating and environment. Markers are ordered by genetic map position 
and grouped by chromosome (x-axis). Colors correspond to the three genomes: A (blue), B 
(orange), and D (green). Unmapped markers are colored in black. Dashed lines represent a 
significance threshold at a Bonferroni corrected alpha of 0.1. Different symbols represent 
different steps in the association analysis.
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Figure 3.12. Distributions of the incidence of severity ratings for powdery mildew in each 
rating and environment. Ratings are indicated by the number after the period following the 
environment label.   
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Figure 3.13. Combined manhattan plots of the significance of markers for resistance to 
powdery mildew in the field at each rating and environment. Markers are ordered by genetic 
map position and grouped by chromosome (x-axis). Colors correspond to the three genomes: 
A (blue), B (orange), and D (green). Unmapped markers are colored in black. Dashed lines 
represent a significance threshold at a Bonferroni corrected alpha of 0.1. Different symbols 
represent different steps in the association analysis.  
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Appendix A. Line information for each of the lines included in these studies including name, 
accession number (if applicable), year of development or release, location of development, 
developing program, and improvement status (landrace, breeding line, or cultivar). Initials at 
the end of a line name indicate which breeder submitted a particular line, in the event that the 
same line was submitted by more than one breeder. 

Line Ascession Number 
Year of Selection or 

Release Place Program Type 
001169-7E15 . 2000 GA GA AES Breeding Line 
01063-1-3-6-2-G2 . 2001 GA GA AES Breeding Line 
011124-1-42-13 . 2001 GA GA AES Breeding Line 
011388-8-4-5 . 2001 GA GA AES Breeding Line 
031086-44-4-2 . 2003 GA GA AES Breeding Line 
051336-B-B-1 . 2005 GA GA AES Breeding Line 
071628-G3-G1-G4-G1 . 2007 GA GA AES Breeding Line 
071694-G5-G5-G1pub . 2007 GA GA AES Breeding Line 
081515-G1-G2 . 2008 GA GA AES Breeding Line 
09283-G1-G1 . 2009 GA GA AES Breeding Line 
991227-6A33 . 1999 GA GA AES Breeding Line 
Adena PI  481852 1985 OH Ohio State Cultivar 
AG_2020 . 2002 IN Ag Alumni Seeds Cultivar 
AGS_2000_JJ PI 612956 2002 GA GA AES, FL AES Cultivar 
AGS_2010 . 2006 GA GA AES Cultivar 
AGS_2020 . 2008 GA GA AES Cultivar 
AGS_2031 . 2006 GA GA AES Cultivar 
AGS_2060 . 2011 GA LSU, AgSouth Genetics Cultivar 
AGS_2485 . 2002 GA FL AES Cultivar 
AGS_CL7 . 2007 GA GA AES Cultivar 
ARS05-0074 . 2005 NC NC ARS Breeding Line 
ARS05-0241 . 2005 NC NC ARS Breeding Line 
ARS05-0401 . 2005 NC NC ARS Breeding Line 
ARS05-0441 . 2005 NC NC ARS Breeding Line 
ARS07-0046 . 2007 NC NC ARS Breeding Line 
ARS07-0154 . 2007 NC NC ARS Breeding Line 
ARS07-0203 . 2007 NC NC ARS Breeding Line 
ARS07-0404 . 2007 NC NC ARS Breeding Line 
ARS07-0525 . 2007 NC NC ARS Breeding Line 
ARS07-0815 . 2007 NC NC ARS Breeding Line 
ARS07-0912 . 2007 NC NC ARS Breeding Line 
ARS07-1159 . 2007 NC NC ARS Breeding Line 
ARS07-1208 . 2007 NC NC ARS Breeding Line 
ARS07-1243 . 2007 NC NC ARS Breeding Line 
ARS08-0111 . 2008 NC NC ARS Breeding Line 
ARS09-435 . 2009 NC NC ARS Breeding Line 
ARS09-776 . 2009 NC NC ARS Breeding Line 
Arthur_CG Cltr 14425 1968 IN Purdue Cultivar 
Arthur_CS Cltr 14425 1968 IN Purdue Cultivar 
Augusta CItr 14425 1986 MI Michigan State Cultivar 
Baldrock Cltr 11538 1932 MI Michigan State Cultivar 
Baldwin   2009 GA GA AES Cultivar 
Batavia PI 595085 1998 NY Cornell Cultivar 
Becker_CS PI 494524 1985 OH Ohio State Cultivar 
Benhur Cltr 14054 1966 IN Purdue Cultivar 
Blazer PI 477289 1983 IN AgriPro Cultivar 
Blueboy_CS CItr 14031 1967 NC NCSU Cultivar 
Bradford PI 470925 1984 TX Texas AES Cultivar 
Brandy . 1988 OH Steyer Seed Cultivar 
Branson PI-639227 2005 IN AgriPro Cultivar 
Caldwell Cltr 17897 1982 IN Purdue Cultivar 
Caledonia_CS PI 610188 2004 NY Cornell Cultivar 
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Line Ascession Number 
Year of Selection or 

Release Place Program Type 
Cardinal PI 502973 1986 OH Ohio State Cultivar 
Cayuga_CS PI 595848 1998 NY Cornell Cultivar 
Chancellor CItr 12333 1958 GA GA AES Cultivar 
Charmany PI 491537 1984 WI WI AES Cultivar 
Chesapeake PI 643935 2007 MD MD AES Cultivar 
Clark PI 512337 1987 IN Purdue Cultivar 
Clemens PI 583281 1995 IN AgriPro Cultivar 
Clemson_201 PI 585044 1994 SC SC AES Cultivar 
Coker_65-20 CItr 14132 1967 SC Coker Pedigree Seed Co Cultivar 
Coker_68-15_CS CItr 15291 1971 SC Coker Pedigree Seed Co Cultivar 
Coker_747_CG Cltr 17923 1975 SC Coker Pedigree Seed Co Cultivar 
Coker_747_CS Cltr 17923 1975 SC Coker Pedigree Seed Co Cultivar 
Coker_762 Cltr 17924 1980 SC Coker Pedigree Seed Co Cultivar 
Coker_797_JJ Cltr 17722 1980 SC Coker Pedigree Seed Co Cultivar 
Coker_833 PI 601465 1984 SC Coker Pedigree Seed Co Cultivar 
Coker_9134_Syn PI 573034 1992 SC Coker Pedigree Seed Co Cultivar 
Coker_9152 PI 631088 2002 SC Coker Pedigree Seed Co Cultivar 
Coker_916_CG PI 600974 1980 SC Coker Pedigree Seed Co Cultivar 
Coker_916_CS PI 600974 1980 SC Coker Pedigree Seed Co Cultivar 
Coker_916_JJ PI 600974 1980 SC Coker Pedigree Seed Co Cultivar 
Coker_9375 PI 634859 2004 AR Agripro/Syngenta Cultivar 
Coker_9436 PI-639242 2005 AR Agripro/Syngenta Cultivar 
Coker_9553 PI-643092 2006 AR Agripro/Syngenta Cultivar 
Coker_9663_CG PI 596345 1997 AR Northrup King Co Cultivar 
Coker_9766 PI 601429 1987 SC Coker Pedigree Seed Co Cultivar 
Coker_9803_CG PI 548845 1990 AR Northrup King Co Cultivar 
Coker_983 PI 601076 1983 SC Coker Pedigree Seed Co Cultivar 
Coker_9835_CG PI 548846 1990 AR Northrup King Co Cultivar 
Cornell_595 Cltr 12372 1942 NY Cornell Cultivar 
Delaware . 1992 Canada Ag Canada Cultivar 
Delta_King_GR9108 . 2004 AR Univ. Arkansas Cultivar 
Dominion PI 642937 2006 VA VA Tech Cultivar 
Doublecrop Cltr 17349 1975 AR Univ. Arkansas Cultivar 
Dynasty PI 506409 1987 OH Ohio State Cultivar 
Elkhart PI 591626 1996 IN AgriPro Cultivar 
Ernie_AM PI 584525 1994 MO MO AES Cultivar 
Ernie_CS PI 584525 1994 MO MO AES Cultivar 
Fairfield Cltr 12013 1942 IN Purdue Cultivar 
FFR_544W . 1992 IN AgriPro Cultivar 
FFR_555W_CG PI 560318 1991 IN VA Tech Cultivar 
FG95195 . 1995 GA GA AES Breeding Line 
FL_302_CS Cltr 17855 1984 FL Florida State Cultivar 
FL_302_JJ Cltr 17855 1984 FL Florida State Cultivar 
Flint CItr 6307 1919 GA GA AES Cultivar 
Forward CItr 6691 and CItr 11392 1921 NY Cornell Cultivar 
Foster PI 593689 1996 KY AgriPro Cultivar 
Frankenmuth CItr 17830 1979 MI Michigan State Cultivar 
Freedom PI 562382 1991 OH Ohio State Cultivar 
Fulcaster CItr 4862 1886 MD Schindel Cultivar 
GA_1123 CItr 1123 1961 GA GA AES Cultivar 
GA00067-8E35 . 2000 GA GA AES Breeding Line 
GA001138-8E36 . 2000 GA GA AES Breeding Line 
GA001142-9E23 . 2000 GA GA AES Breeding Line 
GA001170-7E26 . 2000 GA GA AES Breeding Line 
GA011493-8E18 . 2001 GA GA AES Breeding Line 
GA021245-9E16 . 2002 GA GA AES Breeding Line 
GA021338-9E15 . 2002 GA GA AES Breeding Line 
GA031238-7E34 . 2003 GA GA AES Breeding Line 
Genesee CItr 12653 1951 NY Cornell Cultivar 
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Line Ascession Number 
Year of Selection or 

Release Place Program Type 
Genesee_Giant  CItr 1744 1893 NY Jones 
Glacier PI 555586 1991 WI WI AES Cultivar 
Glory PI 592750 1992 OH Ohio State Cultivar 
Goens CItr 4857 1808 OH J. Dent, Ohio Cultivar 
Goldfield PI 608672 1999 IN Purdue Cultivar 
Gore_CS PI 561842 1990 GA GA AES Cultivar 
Gore_JJ PI 561842 1990 GA GA AES Cultivar 
GR_860 PI 508288 1986 OH Ohio State Cultivar 
GR_942 PI 508288 1994 OH Ohio State Cultivar 
Grandprize CItr 4876 1900 NY Jones Cultivar 
Hart CItr 17426 1976 PA Penn State Cultivar 
Harus AFRC-8361 1985 Ontario Ag Canada Cultivar 
Harvest_Queen CItr 11611 1897 KS Marshall - Kansas Cultivar 
Hillsdale PI 498686 1983 MI Michigan State Cultivar 
Holley CItr 14579 1970 GA GA AES Cultivar 
Hopewell_CS PI 595678 1995 OH Ohio State Cultivar 
Howell PI 552816 1988 IL Univ. Illinois Cultivar 
Hunter PI 468977 1982 SC Coker Pedigree Seed Co Cultivar 
IL00-8061 . 2006 IL Univ. Illinois Breeding Line 
IL00-8530 . 2008 IL Univ. Illinois Breeding Line 
IL00-8633 . 2006 IL Univ. Illinois Breeding Line 
IL00-8641 . 2000 IL Univ. Illinois Breeding Line 
IL01-34159 . 2001 IL Univ. Illinois Breeding Line 
IL02-18228 . 2010 IL Univ. Illinois Breeding Line 
IL05-4236 . 2005 IL Univ. Illinois Breeding Line 
IL06-13721 . 2006 IL Univ. Illinois Breeding Line 
IL06-14262 . 2006 IL Univ. Illinois Breeding Line 
IL06-23571 . 2006 IL Univ. Illinois Breeding Line 
IL07-14547 . 2007 IL Univ. Illinois Breeding Line 
IL07-19062 . 2007 IL Univ. Illinois Breeding Line 
IL07-20728 . 2007 IL Univ. Illinois Breeding Line 
IL07-24841 . 2007 IL Univ. Illinois Breeding Line 
IL07-4415 . 2007 IL Univ. Illinois Breeding Line 
IL08-24578 . 2008 IL Univ. Illinois Breeding Line 
IL08-8844 . 2008 IL Univ. Illinois Breeding Line 
IL96-6472 . 1996 IL Univ. Illinois Breeding Line 
IL97-1828 . 1997 IL Univ. Illinois Breeding Line 
IL97-6755 . 1997 IL Univ. Illinois Breeding Line 
Illini_Chief CItr 5406 1915 IL Gillham - IL Cultivar 
INW_0101 . 2001 IN Purdue Cultivar 
INW_0303_OHM . 2003 IN Purdue Cultivar 
INW_0411 . 2005 IN Purdue Cultivar 
INW0304 . 2003 IN Purdue Cultivar 
INW0412 . 2004 IN Purdue Cultivar 
INW0731 . 2007 IN Purdue Cultivar 
INW1021 . 2010 IN Purdue Cultivar 
Jackson_CS PI 591479  1993 VA VA Tech Cultivar 
Jamestown_CG PI 653731 2007 VA VA Tech Cultivar 
Jaypee_CG PI 592760 1995 AR Univ. Arkansas Cultivar 
Jaypee_CS PI 592760 1995 AR Univ. Arkansas Cultivar 
Kaskaskia PI 602969 1998 IL Univ. Illinois Cultivar 
Kenosha CItr 14025 1968 WI WI AES Cultivar  
Key CItr 15928 1976 IN  Purdue Cultivar  
Kristy . 2001 KY  Univ. Kentucky  Cultivar 
KY02C-1002-06 . 2002 KY Univ. Kentucky  Breeding Line 
KY02C-1043-04 . 2002 KY Univ. Kentucky  Breeding Line 
KY02C-1058-03 . 2002 KY Univ. Kentucky  Breeding Line 
KY02C-1076-07 . 2002 KY Univ. Kentucky  Breeding Line 
KY02C-1121-11 . 2002 KY Univ. Kentucky  Breeding Line 
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Line Ascession Number 
Year of Selection or 

Release Place Program Type 
KY02C-2215-02 . 2002 KY Univ. Kentucky  Breeding Line 
KY03C-1002-02 . 2003 KY Univ. Kentucky  Breeding Line 
KY03C-1237-39 . 2003 KY Univ. Kentucky  Breeding Line 
KY93C-1238-17-1 . 1993 KY Univ. Kentucky  Breeding Line 
KY94C-0094-11-2 . 1994 KY Univ. Kentucky  Breeding Line 
KY97C-0321-05-2 . 1997 KY Univ. Kentucky  Breeding Line 
KY97C-0519-04-05 . 1997 KY Univ. Kentucky  Breeding Line 
LA01069D-23-4-4 . 2001 LA Louisiana State Univ. Breeding Line 
LA0110D-150 . 2001 LA Louisiana State Univ. Breeding Line 
LA01139D-56-1 . 2001 LA Louisiana State Univ. Breeding Line 
LA01164D-94-2-B . 2001 LA Louisiana State Univ. Breeding Line 
LA02015E42 . 2002 LA Louisiana State Univ. Breeding Line 
LA02015E58 . 2002 LA Louisiana State Univ. Breeding Line 
LA02024E12 . 2002 LA Louisiana State Univ. Breeding Line 
LA03012E-27 . 2003 LA Louisiana State Univ. Breeding Line 
LA03118E117 . 2003 LA Louisiana State Univ. Breeding Line 
LA03136E71 . 2003 LA Louisiana State Univ. Breeding Line 
LA03148E12 . 2003 LA Louisiana State Univ. Breeding Line 
LA03161D-P1 . 2003 LA Louisiana State Univ. Breeding Line 
LA03217D-P2 . 2003 LA Louisiana State Univ. Breeding Line 
LA04013D-142 . 2004 LA Louisiana State Univ. Breeding Line 
LA04041D-10 . 2004 LA Louisiana State Univ. Breeding Line 
LA821 . 2010 LA Louisiana State Univ. Cultivar 
LA841 . 2002 LA Louisiana State Univ. Cultivar 
LA95135 . 1995 LA Louisiana State Univ. Breeding Line 
Lewis CItr 13705 1964 MO MO AES Cultivar  
Logan CItr 14156 1968 OH Ohio State Cultivar  
Longberry_No_1 CItr 5823 1898 NY  Jones Cultivar  
Madison_CG PI 547041 1990 VA VA Tech Cultivar  
Magnolia PI 648024 2007 AR Agripro/Coker Cultivar  
Magnum PI 477285 1983 IN AgriPro Cultivar  
Mallard PI 559928 1991 AR Agripro Cultivar  
Massey_CG CItr 17953 1981 VA VA Tech Cultivar  
McCormick PI 632691 2002 VA VA Tech Cultivar 
McNair_1813 CItr 15289 1975 NC McNair Seed Company  Cultivar  
MD00W16-07-3 . 2000 MD MD AES Breeding Line 
MD01W215-05-10 . 2001 MD MD AES Breeding Line 
MD01W233-06-1 . 2001 MD MD AES Breeding Line 
MD01W28-08-11 . 2001 MD MD AES Breeding Line 
MD99W460-06-31 . 1999 MD MD AES Breeding Line 
MD99W64-05-11 . 1999 MD MD AES Breeding Line 
Mediterranean CItr 5303 1837 NY Gordon Cultivar 
Merl PI 658598 2009 VA VA Tech Cultivar 
Milton . 2009 MO MO AES Cultivar 
Mitchell PI 619197 2001 IN AgriPro Cultivar 
MO_050921 . 2005 MO MO AES Breeding Line 
MO_080104 . 2008 MO MO AES Breeding Line 
MO_94-317_AM . 1994 MO MO AES Breeding Line 
MO_980829 . 1998 MO MO AES Breeding Line 
Moking CItr 12556 1946 KS Kansas State University  Cultivar  
Monon CItr 13278 1949 IN Purdue Cultivar  
Mountain . 1999 Canada Ag Canada Cultivar 
MPV_57_CG . 2005 VA VA Tech Cultivar 
NC-Cape_Fear . 2010 NC NCSU Cultivar 
NC-Neuse_PM PI 633037 2003 NC NCSU Cultivar 
NC-Yadkin . 2011 NC NCSU Cultivar 
NC06-19896 . 2006 NC NCSU Breeding Line 
NC06BGTAG12 . 2006 NC NCSU Breeding Line 
NC07-20850 . 2007 NC NCSU Breeding Line 
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Line Ascession Number 
Year of Selection or 

Release Place Program Type 
NC07-22432 . 2007 NC NCSU Breeding Line 
NC07-23880 . 2007 NC NCSU Breeding Line 
NC07-24445 . 2007 NC NCSU Breeding Line 
NC07-25169 . 2007 NC NCSU Breeding Line 
NC08-21273 . 2008 NC NCSU Breeding Line 
NC08-23090 . 2008 NC NCSU Breeding Line 
NC08-23323 . 2008 NC NCSU Breeding Line 
NC08-23383 . 2008 NC NCSU Breeding Line 
NC08-23925 . 2008 NC NCSU Breeding Line 
NC09BGTS16 . 2009 NC NCSU Breeding Line 
NC09BGTUM15 . 2009 NC NCSU Breeding Line 
NC96BGTA4 . 1996 NC NCSU Breeding Line 
NC96BGTA5 . 1996 NC NCSU Breeding Line 
NC97BGTAB10 . 1998 NC NCSU Breeding Line 
NC97BGTAB9 . 1998 NC NCSU Breeding Line 
NC97BGTD7 . 1998 NC NCSU Breeding Line 
NC99BGTAG11 . 2000 NC NCSU Breeding Line 
Nittany CItr 6962 1918 PA Penn State Cultivar  
Oakes CItr 15929 2006 AR Syngenta Cultivar 
Oasis CItr 15929 1973 IN Purdue Cultivar 
Oglethorpe . 2007 GA GA AES Cultivar 
P0175A1-31 . 2001 IN Purdue Breeding Line 
P03207A1-7 . 2003 IN Purdue Breeding Line 
P03528A1-10 . 2003 IN Purdue Breeding Line 
P04287A1-16 . 2004 IN Purdue Breeding Line 
P0527A1-9 . 2005 IN Purdue Breeding Line 
P0537A1-7 . 2005 IN Purdue Breeding Line 
P0570A1-2 . 2005 IN Purdue Breeding Line 
P07290A1-12 . 2007 IN Purdue Breeding Line 
P07469A1-28 . 2007 IN Purdue Breeding Line 
P9346A1-2 . 1993 IN Purdue Breeding Line 
P99751RA1-6 . 1999 IN Purdue Breeding Line 
P99840C4-8 . 1999 IN Purdue Breeding Line 
Pat PI 631446 2001 AR AR AES Cultivar 
Patterson PI 583825 1995 IN Purdue Cultivar 
Patton . 1999 IN AgriPro Cultivar 
Pembroke . 2008 KY Univ. Kentucky  Cultivar 
Pennoll CItr 12755 1951 PA Penn State Cultivar 
Pike CItr 17878 1980 MO MO AES Cultivar 
Pioneer_2548_CG PI 532913 1988 IN Pioneer Cultivar 
Pioneer_2550 PI 600858 1982 IN Pioneer Cultivar 
Pioneer_2555_CS PI 532914 1986 IN Pioneer Cultivar 
Pioneer_2568 . 1995 IN Pioneer Cultivar 
Pioneer_2580_CS PI 561198 1993 IN Pioneer Cultivar 
Pioneer_25R18 . 1999 IN Pioneer Cultivar 
Pioneer_25R37 . 2000 IN Pioneer Cultivar 
Pioneer_25R47_CG . 2002 IN Pioneer Cultivar 
Pioneer_25R57 . 1996 IN Pioneer Cultivar 
Pioneer_25W60 . 1998 IN Pioneer Cultivar 
Pioneer_2643_CS . 1994 IN Pioneer Cultivar 
Pioneer_2684_CG . 1993 IN Pioneer Cultivar 
Pioneer_26R15 . 2003 IN Pioneer Cultivar 
Pioneer_26R24_CG . 1999 IN Pioneer Cultivar 
Pioneer_26R24_CS . 1999 IN Pioneer Cultivar 
Pioneer_26R31_CS . 2004 IN Pioneer Cultivar 
Pioneer_26R46_CS . 1998 IN Pioneer Cultivar 
Pioneer_26R61_CS . 1998 IN Pioneer Cultivar 
Pioneer_26R61_JJ . 1998 IN Pioneer Cultivar 
Pioneer_S-76 CItr 17608 1976 IN Pioneer Cultivar 
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Year of Selection or 

Release Place Program Type 
Pioneer_S-78 PI 600823 1978 IN Pioneer Cultivar 
Pontiac PI 573038 1993 IN AgriPro Cultivar 
Potomac_CS CItr 15292 1975 VA VA Tech Cultivar 
Progold . 1993 MI Michigan State Cultivar 
Red_May_CS CItr 12023 1929 VA Coker Pedigree Seed Co Cultivar 
Redcoat_CS CItr 13170 1960 IN Purdue Cultivar 
Redhart_Coker CItr 8898 1929 SC Coker Pedigree Seed Co Cultivar 
RL6077 PI 250413 1979 Manitoba Ag Canada Cultivar 
Roane_CS PI 612958 1999 VA VA Tech Cultivar 
Roy CItr 17763 1979 NC NCSU Cultivar 
Royal CItr 12558 1947 IL Univ. Illinois Cultivar 
Rudy CItr 4873 1871 OH Rudy Cultivar 
Sabbe PI 614729 2000 AR AR AES Cultivar 
Saluda_PM PI 480474 1983 VA VA Tech Cultivar 
Sawyer PI 559930 1991 IN AgriPro Cultivar 
Scotty PI 469294 1982 IL Univ. Illinois Cultivar 
Seneca_CS CItr 12529 1950 OH Ohio State Cultivar 
Severn CItr 17939 1981 MD MD AES Cultivar 
Shiloh . 1995 IN AgriPro Cultivar 
Shirley_CG PI 656753 2008 VA VA Tech Cultivar 
Sisson_CG PI 617053 2000 VA VA Tech Cultivar 
Sisson_CS PI 617053 2000 VA VA Tech Cultivar 
SS_520 . 2001 GA Southern States Cultivar 
SS_5205 . 2008 GA Southern States Cultivar 
SS_560 . 2002 GA Southern States Cultivar 
SS8641_Costa . 2006 GA GA AES Cultivar 
Stoddard CItr 15925 1974 MO MO AES Cultivar 
Tecumseh CItr 17287 1973 MI Michigan State Cultivar 
Titan CItr 17762 1978 OH Ohio State Cultivar 
Tribute_PM PI 632689 2002 VA VA Tech Cultivar 
Twain PI 506408 1986 IN AgriPro Cultivar 
Tyler_CG CItr 17899 1980 VA VA Tech Cultivar 
USG_3120 . 2009 VA Unisouth Genetics Cultivar 
USG_3209_CG PI 617055 2003 VA Unisouth Genetics Cultivar 
USG_3555_JJ PI 654454 2007 VA Unisouth Genetics Cultivar 
USG_3592 . 2003 VA Unisouth Genetics Cultivar 
VA_259 . . VA VA Tech Cultivar 
VA_90 . . VA VA Tech Cultivar 
VA00W-38 . 2000 VA VA Tech Breeding Line 
VA01W-476_CG . 2001 VA VA Tech Breeding Line 
VA01W713 . 2001 VA VA Tech Breeding Line 
VA03W-211 . 2003 VA VA Tech Breeding Line 
VA03W-235 . 2003 VA VA Tech Breeding Line 
VA05W-139 . 2011 VA VA Tech Breeding Line 
VA05W-151 . 2005 VA VA Tech Breeding Line 
Vermont_Winter_Reeds . 1894 NY . Landrace 
Vigo CItr 12220 1946 IN Purdue Cultivar 
Wakefield_CG PI 547040 1990 VA VA Tech Cultivar 
Wakeland_CG CItr 13382 1959 NC NCSU Cultivar 
Wakeland_CS CItr 13382 1959 NC NCSU Cultivar 
Warwick . 2003 Canada Hyland Seeds Canada Cultivar 
Wheeler_CS CItr 17900 1980 VA VA Tech Cultivar 
Wilson PI 174703 2002 FRANCE Claude Benoist Cultivar 
Wisdom . 2003 Canada Hyland Seeds Canada Cultivar 
Wonder . 2002 Canada Hyland Seeds Canada Cultivar 
Yorkwin CItr 11855 1935 NY Cornell Cultivar 
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