
 

ABSTRACT 

LAUER, EDWIN. Discovery and Validation of Marker-Trait Associations on Chromosome 
6A for Plant Height and Kernel Weight in U.S. Soft Winter Wheat. (Under the direction of 
Gina Brown-Guedira). 
 
 
In wheat breeding, gibberellic acid sensitive alleles for reduced plant height without negative 

pleiotropic effects on other traits are highly desired. To this end, a genome-wide association 

study was performed using a panel composed of 272 inbred lines from multiple breeding 

programs representing U.S. soft winter wheat germplasm. The panel was grown in five 

locations over two years and genotyped using the Illumina iSelect Wheat 90K SNP chip. The 

genome-wide association study was performed using plant height data from each 

environment separately, as well as pooled-environment best linear unbiased predictions for 

each entry. Significant associations were discovered on chromosome 6A in three of the five 

locations as well as for the pooled analysis, with an experiment-wise Bonferroni-adjusted p 

value of <0.05. In order to validate the effects of the marker trait association, a bi-parental 

recombinant inbred line population derived from the cross SS-MPV57 x Massey, both of 

which were included in the elite panel, was grown over three years in three separate locations 

in North Carolina and Virginia. Quantitative trait locus mapping utilizing a high-density 

genetic map of 4846 Genotyping-by-Sequencing and Kompetitive Allele Specific PCR 

markers indicated a major quantitative trait locus in the centromeric region of 6A, coinciding 

with the location of the marker trait association from the genome-wide association study, 

explaining 13.5% of the phenotypic variation for plant height. The SS-MPV57 allele 

conferred a 3.4 cm height reduction. The same locus was associated with kernel weight, 



 

explaining 19.7% of the phenotypic variation, with the SS-MPV57 allele conferring a 1.6 mg 

reduction in kernel weight. The confidence interval for the co-located plant height/kernel 

weight quantitative trait locus on chromosome 6A spans a physical region from 67.3 Mbp to 

453.5 Mbp, overlapping the most significant marker trait association for plant height from 

the genome-wide association study. The same region encompasses 12.9 cM of the genetic 

map in the proximal part of the chromosome spanning the centromere. Antagonistic 

pleiotropic effects of the quantitative trait locus on 6A are discussed within the context of 

marker-assisted selection in wheat breeding.  
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On Wheat: Origins, Production, and Improvement 

 

Origins 

 

Common wheat, Triticum aestivum L., is the most widely grown of all crops, providing 

one fifth of the human caloric intake (Wiersema 2017, Brenchley et al. 2012). The vast majority 

of wheat grown worldwide is cultivated as a cool-season annual, sown in the winter and 

harvested in the late spring or early summer. A less common form of wheat is sown in the early 

spring and cultivated in the late summer, which is predominantly found in northern latitudes 

where winters are too harsh (Heyne 1987). Most wheat production is concentrated between 30º 

and 60º N, but it has been grown as far north as the arctic circle, and can be cultivated near the 

equator if it is grown at sufficient altitude (Heyne 1987, Curtis 2002). Wheat can be grown in 

areas where average rainfall ranges from 250 to 1750mm, with more than three-fourths of the 

land under wheat cultivation receiving between 375 and 875mm. This is in stark contrast to Zea 

mays, which requires a minimum of 500mm of annual rainfall (Heyne 1987). The broad 

adaptation of hexaploid wheat is due in part to its complex allopolyploid genome, which 

originated as a result of human farming practices in the earliest agricultural communities in the 

Old World. 

Modern bread wheat is an allohexaploid derived from multiple interspecific 

hybridizations among wild and domestic grasses, and has the genome constitution AABBDD. 

The complicated nature of the wheat genome caused debate among taxonomists about the origins 

of wheat. According to Vavilov, modern hexaploid wheat originated in central Asia, in a region 
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stretching from Afghanistan at the east to Transcaucasia at the west (Vavilov 1935). In his theory 

of "Centers of Diversity", the site of origin of a species is likely to contain the highest amount of 

diversity for that species. Vavilov placed the center of origin for wheat in the mountainous 

regions of Afghanistan and Turkmenistan, because morphological diversity of hexaploid wheat 

was highest in these areas (Vavilov 1935). Modern phylogenetics, on the other hand, places the 

center of origin for Triticum aestivum at the far western corner of this range, in present day 

Armenia and the southern Caspian belt. The molecular evidence also contradicted Vavilov's 

hypothesis about centers of origin in that the center of diversity for hexaploid wheat is actually 

southwest of its center origin, closer to modern-day Turkey (Dvorak et al. 2011). 

As noted above, common wheat is hexaploid (6x; 2n=42), having three sub-genomes 

denoted AA, BB, and DD. The diploid progenitor of the AA genome was Triticum Urartu, a 

wild grass which is a close relative of the species previously believed to be the A genome donor, 

Triticum monococcum. Morphologically, Triticum urartu closely resembles Triticum 

monococcum, or einkorn wheat, which has both domesticated and wild forms in the near east. 

However, crossing experiments have indicated these two species are reproductively isolated, as 

crosses between Triticum urartu and Triticum monococcum fail to bear viable seed (Zohary and 

Hopf, 2000). Randomly amplified DNA of a number of representative lines of both cultivated 

and wild Triticum monococcum indicated that the cultivated form comprises a monophyletic 

group derived from a small subpopulation of wild einkorn in the Karacadag mountain range of 

southern Turkey (Zohary and Hopf 2000). This species was long thought to be the donor of the A 

genome in modern wheat. However, molecular evidence suggests that the A genome of 

tetraploid Triticum turgidum, and therefore of Triticum aestivum, has more in common with the 
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wild species Triticum urartu. This species is nearly identical to the two-kerneled forms of 

Triticum monococcum morphologically, but can be distinguished by its spreading awns, grain 

color, and the lack of hairs on the basal leaves (Zohary and Hopf 2000). It is partially sympatric 

with wild einkorn, but is entirely confined to the Near East, with some small populations in 

Armenia (Zohary and Hopf 2000). The formation of the tetraploid Triticum turgidum , a highly 

varied and widespread group of wheats, occurred sometime in the past several hundred thousand 

years, and involved hybridization between Triticum urartu and an as-yet-unidentified close 

relative of Aegilops speltoides (Marcussen et al. 2014, Zohary and Hopf 2000). 

Tetraploid wheat, Triticum turgidum, is typically classified into two forms. The ancestral 

form, or wild emmer wheat (Triticum turgidum L. subsp. dicoccoides), has a hulled grain and a 

non-shattering rachis; upon threshing the heads, the end products are individual spikelets which 

need to be pounded to release the grain. The cultivated form, which comprises a number of 

species including modern Durum wheat (Triticum turgidum conv. durum) has a free-threshing 

grain and a non-shattering rachis. Emmer was the predominant wheat of the Neolithic period and 

was grown widely until the Bronze Age, at which point it was gradually replaced by the more 

convenient free-threshing domesticated varieties (Zohary and Hopf 2000, Salamini et al. 2002). 

Since the classical era, the free threshing tetraploid type was widely grown in the Mediterranean 

basin, which is characterized by a relatively warm climate with dry summers and mild winters. 

The next step in domestication, the hybridization between tetraploid Triticum turgidum and 

diploid Aegilops tauschii, greatly expanded the potential habitat of wheat (Zohary and Hopf 

2000). 
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The genome of hexaploid wheat arose from allopolyploid hybridization between 

domesticated tetraploid Triticum turgidum and the wild diploid Aegilops tauschii Coss. This wild 

grass, also known as “goatgrass”, is a highly variable species, with some forms having slender, 

cylindrical spikes and others having thick, beaded spikes. Its range stretches across a wide area 

of central Asia, from northern Iran to eastern Kazakhstan. Its ecological distribution is as varied 

as its geographical range; it is found in areas with continental climates, such as the sagebrush 

steppes of the Iranian and Afghan plateaus, as well as rainier regions around the southern 

Caspian Sea. Throughout its range, it is an early colonizer of disturbed, secondary habitats, and a 

common weed in agricultural areas. The wide adaptability of Aegilops tauschii likely contributed 

to the extension of the range of cultivated wheat northwards into colder, wetter continental 

climates (Zohary and Hopf 2000). Recent advances in the genome sequence of Aegilops tauschii 

using gene-tree topological analysis revealed that this species arose from homoploid hybrid 

speciation between the two diploid progenitors of Triticum turgidum some 5 million years ago. 

This analysis indicated that the D genome contains roughly equal parts of the A and B genomes, 

with the A and B genomes having more in common with the D genome than they do with each 

other. (Marcussen et al. 2014, Brenchley et al. 2012). 

As with tetraploid wheats, hexaploid wheat falls into hulled and free-threshing categories, 

the former only being found as relic crops and not widely cultivated. Hulled hexaploid wheat, 

also known as spelta wheat, was discovered in archeological sites dating back to the 5th 

millenium b.c. in the Kura river plain of Transcaucasia (Zohary and Hopf 2000). Free-threshing 

wheat, which is the most common form of bread wheat cultivated today, arose from the hulled 

ancestor through only two mutations: one in the Q gene on chromosome 5A, a loss-of-function 
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mutation which creates the free-threshing condition, and another in the Tg gene on chromosome 

2D, a loss-of-function mutation in the gene that confers 'tenacious' or hulled glumes (Zohary and 

Hopf 2000). The archeological evidence , together with the more recent finding that 

subpopulations of Aegilops tauschii from southern Transcaucasia are more genetically similar to 

the D genome of hexaploid wheat than are subpopulations in the center or eastern ends of its 

range, place the likeliest center of origin for hexaploid wheat close to present-day Armenia and 

northwest Iran (Zohary and Hopf 2000).  The lack of correspondence between hexaploid wheat's 

center of origin and its center of molecular diversity (Turkey) likely stems from gene flow 

between tetraploid Triticum turgidum and hexaploid Triticum aestivum, which were cultivated in 

mixed stands in central Turkey (Zohary and Hopf 2000, Dvorak et al. 2011). Gene flow between 

domesticated emmer and hexaploid wheat, through pentaploid hybrid intermediates, allowed 

hexaploid wheat to capture 48% of the molecular diversity present in tetraploid wheat; however, 

the D genome of hexaploid wheat only contains 6% of the molecular diversity of Aegilops 

tauschii (Dvorak et al. 2011). This narrow range of the diversity of Aegilops tauschii present 

among the genomes of wheat cultivars suggests very limited gene flow between Aegilops 

tauschii and Triticum aestivum, and it is tempting to speculate that wild accessions of Aegilops 

tauschii could be a valuable source of new alleles for wheat improvement. 

 

Production 

 

Wheat is cultivated on a total of 240 million ha, comprising more land area than any 

other crop (Curtis 2002).The total world wheat production is around 500 million tons annually, 
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peaking in 1990 at 592 million tons. The rate of production increased drastically during the 

"green revolution" between 1951 and 1990, and worldwide production has been over 500 million 

tons or above since 1986 (Curtis 2002). This production increase was not due to increased land 

devoted to wheat; the total acreage has remained at roughly 240 million ha since 1951. The large 

increase in production is mostly attributed to better management practices and the adoption of 

improved varieties which are better adapted to fertilization and high planting density (Curtis 

2002, CIMMYT 1996). The largest wheat producing countries are China, the United States, 

India, Russia, Kazakhstan, and Canada. China, with the largest land area devoted to wheat at 

over 29 million hectares, produces more than 100 million tons of wheat annually, and far 

outstrips the production of the next two countries India and the US, both of which produce 

roughly 60 million tons on a land area of 25 million hectares (Curtis 2002, CIMMYT 1996).  

The growth of wheat production has been most rapid in the developing world, whose 

share of total production increased from 30% in the 1950s to roughly 45% today (CIMMYT 

1996). The share of total wheat production from high-income countries is steadily declining, 

from 45% in the 1950s to 35% today. The shift in wheat production from the developed to the 

developing world is mainly due to changes in agricultural policy such as land idling requirements 

for soil preservation, as well as export subsidies which are more favorable for other crops 

(CIMMYT 1996, Heyne 1987). Most wheat produced is consumed within its country of origin, 

with about one fifth of the total crop entering the grain market The world wheat trade is 

estimated at around 108 million tons, with the largest exporters being the United States, Canada, 

France, and Australia. These countries' grain exports range from 32.7 to 10.2 million tons, most 

of which is a quality product meant to supplement locally grown wheat in the country of import 
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(CIMMYT 1996, Heyne 1987). The role of imported wheat as a supplement to locally grown 

wheat is supported by the fact that China, the world's largest producer of wheat, is also the 

world's largest importer, importing more than 10 million tons annually; other countries which 

import more than 5 million tons annually include Russia, Egypt, Japan, and Brazil (Heyne 1987).  

Bread wheat is divided into different market classes based on its grain hardness, grain 

color, and growth habit (winter or spring). Grain hardness refers to the resistance of the grain to 

fracturing and reduction to wholemeal flour, a property derived from the way in which grain 

components are packed into the cells of the endosperm (Heyne 1987). Harder grains require 

longer milling times and more energy to produce flour, and produce more damaged starch than 

do softer grains. Damaged starch is a key component of bread flour; the starch components 

amylose and amylopectin interact with other components of the baking recipe to influence water 

absorption and fermentation time requirements of the dough. Damaged starch is undesirable in 

other products such as cookies and cakes, since it may reduce the expansion capacity of the 

dough (Heyne 1987). The genetic control of kernel hardness involves two genes located on the 

short arm of chromosome 5D known as pinA and pinB, which control the production of 

puroindoline proteins. All hard wheat varieties surveyed had one of two mutations: a glycine to 

serine mutation in pinB, or a null mutation in pinA which causes the transcript to not be 

expressed. None of the soft wheats surveyed had either of these two mutations, leading the 

authors to conclude that puroindoline proteins play a direct role in determining grain softness 

(Giroux and Morris 1998). 

The grain color of wheat is a result of polyphenolic compounds produced by the 

flavonoid biosynthetic pathway. The genes controlling the accumulation of these compounds, 
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classically referred to as the “R genes", reside on the long arms of chromosome 3A, 3B, and 3D. 

These genes, named Tamyb10-A1, Tamyb10-B1, and Tamyb10-D1 on chromosomes 3A, 3B, and 

3D, respectively, are Myb-type transcriptional activators which are expressed predominantly in 

the developing grain. They act in a dose-dependent fashion to produce the red coloration of the 

wheat kernel (Himi and Noda 2005, Metzger and Silbaugh 1970). Recessive alleles of these 

genes, such as the r3 allele of Tamyb10-B1, are loss-of-function mutants that result in less red 

pigment accumulation. The additive gene action of these homoeologues produces a wide variety 

of kernel color among different wheat cultivars, which results in different colors of the dough. 

These dough colors suit the grain to different applications and end-products. 

The main market categories in the United States are Hard Red Winter (HRW), Hard Red 

Spring (HRS), Soft Red Winter (SRW), Hard White, Soft White, and Durum. In the United 

States, HRW is planted on 53.1% of wheat acreage, followed by HRS at 21.8%, SRW at 12%, 

White at 8.3%, and finally Durum wheat at 4.8% (USDA-ERS 2016). The largest wheat 

producing area in the United States is the southern and central Great Plains, stretching from 

Texas to North Dakota; this area is the predominant HRW producing region in the US. In the 

northern Great Plains, HRS is grown since winter temperatures are too low for winter wheat 

cultivation (Curtis 2002, Heyne 2987). Soft red wheat is exclusively produced in the eastern part 

of the United States, from Missouri in the west to New York in the east. Durum wheat is mostly 

grown in the northern Great Plains, mainly in North Dakota, as well as irrigated environments in 

Arizona and California. White wheat (which exists in both hard and soft varieties) is grown in 

the Pacific Northwest, with small areas of production in New York and Michigan (Heyne 1987). 

Hard white wheat is a relatively recent addition to the US market categories, and is one of the 
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fastest growing crops in terms of acreage in the northern Great Plains, especially in North 

Dakota. These market classes differ in important end-use characteristics such as protein content, 

carbohydrate profile and dough quality, which suits them for different purposes. For these 

reasons, the market category of a variety of wheat has a direct influence on the breeding 

objectives for varietal improvement (CIMMYT 1996, Heyne 1987). 

The quality of a particular market class of wheat is defined by its conformity to the 

production requirements of its corresponding value chain. For example, hard red wheat varieties 

are meant for hard wheat milling and bread production, so their quality criteria differ from soft 

red varieties, which are used in the production of cakes and cookies (Heyne 1987). Hard varieties 

are judged on their relative hardness or softness, flour ash content, and wheat-to-flour protein 

conversion. Grain that is too soft yields flour with poor sifting qualities, which tends to ball up 

rather than pass through sieves, resulting in more sifting time being required. On the other hand, 

if the grain is too hard, more energy is required to break it into flour. Excessive hardness is also 

associated with excessive ash content (Heyne 1987). The ash content of hard wheat is judged as 

a proportion to the test weight. There is an inverse relationship between flour yield and flour ash 

content as the weight per bushel increases. Therefore, different test weights have different 

expected flour ash contents; a variety with a 60lb per bushel test weight is expected to have an 

ash content of 0.4% and 70% flour yield, whereas a variety with a 50lb per bushel test weight is 

expected to have a 0.6% ash content and 62.5% flour yield. The actual milling quality of a hard 

wheat involves complex measurements in a grain quality lab, but typically if a variety has normal 

sifting qualities, normal flour yield, and normal ash content, it will be suitable for hard wheat 

milling (Heyne 1987). 
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Soft wheat, which is used in cookies and cakes, has a wide variety of different grain 

textures, but are uniformly of lower kernel hardness than hard wheats. This distinction is so clear 

that a simple grinding test can distinguish soft wheat from hard wheat (Heyne 1987). The protein 

content of soft wheat can vary considerably, and this variation is independent of the grinding 

characteristics. Low-protein soft wheat appears mealy and opaque, whereas high-protein soft 

wheat appears translucent. Flour yield is a key characteristic of soft wheats, and has been shown 

to be amenable to improvement through breeding; it typically ranges from between 72% to 79% 

among cultivars (Heyne 1987). Test weight is another important trait of soft wheats, which is 

influenced by the dimensions of the grain as well as the density of the kernel itself. Irregularly 

shaped kernels have lower packing efficiency than regular, prolate spheroid shaped kernels, and 

hence have lower test weight. Packing efficiency has also been a target of selective breeding, 

since it has a drastic impact on the market price of the grain (Heyne 1987). As with hard wheat, 

many sophisticated lab tests exist for the determination of the milling quality and baking quality 

of soft wheats; for example, cookie diameter, alkaline water retention capacity, dough viscosity, 

and cake rising tests (Heyne 1987). 

Durum wheat is converted into a substance known as semolina, which is distinct from 

flour. It consists of coarse-ground middlings of durum grains that will pass through a No. 20 U.S. 

sieve, of which not more than 3% will pass through a No. 100 U.S. sieve. Semolina is used in the 

production of pastas including macaroni, spaghetti, and noodles (Heyne 1987). The kernels of 

Durum wheats are harder than any other class of wheat, which suits them well for the production 

of semolina, which requires coarse grounds instead of finely ground flour. The color of the 

semolina produced from the grain is of key importance in durum wheat quality, since consumers 
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typically expect a yellow-colored noodle. Semolina coloration, derived from xanthophyll 

compounds, is a highly heritable trait resulting from additive gene effects, which has been the 

target of selective breeding (Heyne 1987). After hardness and semolina coloration, amylase 

activity is another important quality characteristic of durum wheat, since amylase breaks down 

starch polymers and therefore adversely effects the quality of the pasta. Pre-harvest sprouting is 

known to result in grain with higher amylase activity, so this trait has been selected against in an 

effort to reduce amylase levels in the grain (Heyne 1987). Other characteristics of durum wheat 

include speck count, cooked weight, and pasta characteristics such as firmness and pasta color 

(Heyne 1987,Curtis 2002). 

Red-colored wheat, including HRW, HRS, and SRW types, was planted on 43.5 million 

acres in the United States in 2016, with a total of 37.5 million acres being harvested. The total 

red wheat output was 1.92 billion bushels across hard and soft types; this equates to an average 

yield of 47.9 bushels per acre across HRW and HRS, and 69.4 bushels per acre for SRW. The 

average bushel per acre yield of HRW, which overwinters and therefore produces more tillers 

than HRS, was 6.6% higher than spring wheat in 2016. In some years, such as 2013 through 

2015, the average yield of HRS was approximately 7.5% higher than winter wheat, which is 

surprising given the longer growing season and higher biomass of winter wheat (USDA-ERS 

2016). Grain protein from hard wheat is typically slightly higher than from soft wheat, but both 

are usually between 11 and 13% protein by weight, with winter and spring varieties showing 

similar protein contents (Maghirang et al. 2006).   

White wheat is planted on roughly 4.2 million acres in the US, of which 3.9 million acres 

is harvested. The total production of white wheat in 2016 was 285 million bushels, a 30% 
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increase from the year before. The yield figures of white wheat closely resemble soft red wheat 

(around 71 bushels per acre in 2016), and most white wheat in the US is soft texture (USDA-

ERS 2016). Soft white wheat is used in Asian noodles, Middle Eastern flat breads, and cakes 

(Heyne 1987). Hard white wheat is a new addition to the US market classes, and enjoys a rapidly 

growing market segment. It is currently grown on 41% of the white wheat acreage in the US 

(Curtis 2002). Flour from hard white grain is highly sought after because its color resembles 

refined flour, making it unnecessary for food processors to add dyes and other additives to the 

dough to make it lighter in color (Ransom et al. 2006). 

Durum wheat is grown on 2.4 million acres in the US, which makes it the smallest market 

category (Curtis 2002, USDA-ERS 2016). Total production in 2016 was 104 million bushels, 

which represents a 23% increase from the year before. The fact that such small acreage is 

devoted to durum wheat contributes to stability in its commodity price. In all other market 

categories of wheat, the average farm price has declined by roughly 13% to 20% per year for the 

last several years; for durum grain, the farm price actually increased by 18% in 2014, and 

showed a moderate decline in 2015 and 2016 (USDA-ERS 2016). Much of the fluctuations in 

grain farm price can be explained by supply and demand economics, which may help to explain 

why production of the specialty grains such as durum and hard white is increasing. 

 

Improvement 

 

Triticum aestivum, which has no wild hexaploid relatives, arose as a species and 

diversified entirely in the context of domestication (Zohary and Hopf 2000, Cavanagh et al. 
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2013). Therefore, humans practiced artificial selection on wheat populations throughout the 

history of the species, producing varieties which were better adapted to the local environment 

and production practices of the community. For most of this history, the breeding of wheat 

consisted of simple mass selection in large populations, selecting desirable plants and 

propagating their seed in the next generation. This passive selection practice gave rise to wheat 

landraces, which consisted of a heterogeneous mixture of homozygous lines. This process 

occurred in more or less the same fashion until the late nineteenth century. The major 

breakthrough resulted from a synthesis of two scientific achievements: R.J. Camerarius's 

demonstration of sexual reproduction between plants in 1694, and Gregor Mendel's 

groundbreaking publication on heredity in 1866 (Camerarius 1694, Mendel 1865, Baenziger and 

DePauw 2009). Mendel's work went largely unnoticed until the 1870's, when it was rediscovered 

by a group of European scientists including Correns, de Vries, and von Tschermark. They began 

selecting within wheat landraces and performing progeny testing in order to identify varieties 

which were superior to the original population. From these early experiments the two general 

concepts of selection were established: first, selection does not create new variation but only acts 

on variation already present in the population, and secondly, selection is only effective on 

heritable traits (Baenziger and DePauw 2009). 

The early selection experiments begged the question of how new variation could be 

created. This led early plant breeders to apply the ideas Camerarius and attempt artificial 

hybridization between wheat varieties. The first intentional wheat hybridizations were performed 

by Vilmorin in France in 1874, and Wilhelm Rampau in Germany in 1875 (Bonjean and Angus 

2001, Baenziger and DePauw 2009). Shortly thereafter, artificial hybridization and selection 



 
 
 

 
14 

 

began in Canada, the US, and Australia (Baenziger and DePauw 2009). These years saw the 

beginning of organized wheat breeding programs, which were predominantly privately owned in 

the European countries. In the New World countries like Canada, the US, and Australia, wheat 

breeding was supported by state and local governments. In these countries, private-sector 

involvement in wheat breeding began with the implementation of intellectual property protection 

on new plant varieties (Baenziger and DePauw 2009). 

The basis for genetic diversity among modern wheat cultivars is hybridization and 

mutation, the former playing a much more important role (Bonjean and Angus 2001). Since 

wheat is a self-pollinating plant, hybridization requires labor-intensive emasculation and 

controlled crossing procedures. After the initial hybrid or F1 plants are produced, the next steps 

of the breeding process depend on the resource availability and selection goals of the breeding 

program. Most wheat breeding programs utilize pedigree or bulk breeding methods, or some 

combination of the two (Fehr 2011). In the pedigree method, F1 plants are self-pollinated to 

produce a segregating F2 population, which are evaluated as single plants to select desirable 

individuals. Selection at this early stage of development is typically done for highly heritable 

traits controlled by major genes, such as qualitative disease resistance or flowering time (Fehr 

2011). Seeds from each selected individual are harvested separately, and the F2:3 lines are planted 

the following year in unreplicated single-row plots. The best rows are selected, and the best 

plants within the best rows are harvested separately to initiate the F3:4 generation. In the F3:4, seed 

derived from plants that grew in the same row from the previous season may be planted as a 

family in adjacent rows , and the same process of within- and among- family selection is 

repeated until desirable, homogenous lines are identified for replicated tests (Fehr 2011). This 
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process requires extensive record keeping and early-generation selection, which may increase the 

labor costs of the breeding program. The bulk method, on the other hand, emphasizes the 

development of homogenous lines, and disregards early-generation testing. Instead of harvesting 

individual desirable plants, entire rows or plots are harvested in bulk for the next generation, and 

no selection or testing is performed until the lines have reached adequate homozygosity. Many 

modifications of these breeding methods are used in wheat breeding. For example, the bulk-

family method consists of selecting desirable F2 plants from a cross, and growing their progeny 

as separate bulks with no within-family selection. The modified bulk method consists of growing 

and harvesting all the F2 individuals from a cross as a single bulk, and continuing to grow and 

harvest the bulk until the F5 or F6 generation, when single heads may be removed from the bulk 

to initiate new inbred lines (Fehr 2011). Regardless of the breeding method used, the end product 

of wheat breeding is almost always homogenous, homozygous inbred lines. 

The genetic basis of wheat improvement remained largely unknown until the twentieth 

century. Farmers and plant breeders were successful in generating locally adapted wheat 

cultivars without any knowledge of the genetic architecture underlying adaptation. Interest in the 

genetics of wheat adaptation surged in the mid twentieth century during the "Green Revolution". 

During this time period new agronomic practices were introduced, including the use of chemical 

fertilizers and herbicides. These management practices required breeding new wheat varieties 

adapted to high levels of nitrogen fertilizers. The new emphasis placed on breeding superior 

cultivars adapted to high-yielding environments, coupled with modern advances in genetics and 

genomics, have helped in unravelling part of the genetic control of adaptation in wheat. This 
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broad adaptation is largely conditioned by genes controlling vernalization response, photoperiod 

sensitivity, and plant stature. 

  

Vernalization Response 

 

The first and most obvious major classification of wheat varieties is their growth habit, 

either spring or winter (Heyne 1987, Bonjean and Angus 2001). Winter wheat varieties are 

typically planted in the autumn, and require a cold treatment to render them competent to flower. 

The duration of this cold treatment differs among cultivars, ranging between 30 to 60 days of 

temperatures between 0ºC and 7ºC (Heyne 1987).  Spring wheat varieties are planted in the early 

spring, and typically require only 5 to 15 days of temperatures between 7ºC and 18ºC for 

flowering competence (Heyne 1987). More is known about the genetic regulation of 

vernalization response than about the physiological mechanism of flower inhibition itself; some 

authors have reported that cold treatment stimulates cell division, which overcomes the 

inhibitory mechanism brought about by high temperatures (Heyne 1987).  

The major loci underlying vernalization response are located on group 5 and group 7 

homoeologous chromosomes, and are labelled Vrn1, Vrn2, and Vrn3. Each of these loci play a 

different role in the regulation of vernalization response, and multiple alleles exist at each locus 

(Bonjean and Angus 2001). For example, at the Vrn1 locus on group 5, represented by three 

homoeoloci labelled Vrn-A1, Vrn-B1, and Vrn-D1, different alleles at Vrn-A1 have been 

associated with different lengths of cold treatment required for flowering. The allele carried by 

Triticum spelta, the ancient hexaploid hulled wheat, confers particularly early flowering, whereas 
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the modern cultivar Cappele-Desprez carries a late-flowering recessive allele (Bonjean and 

Angus 2001). A wide variety of different alleles exists at Vrn-A1, including Vrn-A1a, which 

contains a duplicated promoter sequence, and Vrn-A1b, which differs from the recessive vrn-A1 

in that it contains a 20bp deletion in the TC-repetitive element of the 5' UTR.  Numerous other 

mutations of Vrn-A1 exist, including Vrn-A1c, Vrn-A1d, and Vrn-A1e. These alleles vary in their 

degree of dominance and their effect on vernalization requirement. The other VRN loci, Vrn-B1 

and Vrn-D1, show much less allelic diversity, and without the presence of dominant Vrn-A1 only 

partially reduce the need for a cold treatment (Kiss et al. 2014). This vast allelic diversity at the 

VRN loci gives breeders wide scope in fine-tuning the flowering time of cultivars for particular 

production environments. 

The model of vernalization response in winter wheat has been elucidated through mutant 

studies, transgenic complementation, QTL analysis and positional cloning (Yan et al. 2003, 

Guedira et al. 2014). VRN1 is the main flowering signal which triggers the transition of the shoot 

apex from vegetative to reproductive development (Guedira et al. 2014). VRN2 acts as a 

repressor of VRN1, and is downregulated by vernalization and short days (Guedira et al. 2014). 

Therefore, VRN2 integrates the environmental signal and the expression of VRN1, which is the 

committed step in the pathway. Several mutations in Vrn-A1, including two distinct mutations in 

the promoter region and one in the intron, have been associated with the dominant spring growth 

habit (Fu et al. 2005). Presumably, these mutations release VRN1 from VRN2-mediated 

repression, resulting in a dominant spring phenotype (Yan et al. 2006). The third player in the 

pathway, VRN3, located on chromosome 7B, has been identified as an orthologue of the 

Arabidopsis thaliana flowering promoter gene FT. VRN3, like VRN1, is repressed by VRN2. 
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Under long-day conditions, VRN3 is upregulated, which in turn up-regulates the expression of 

VRN1, resulting in the transition to flowering (Yan et al. 2006). Clearly, VRN2 is the central 

regulatory component in the network connecting environmental cues to initialization of 

flowering; in the absence of a functional VRN2, allelic diversity at VRN1 and VRN3 has no effect 

on flowering time (Yan et al. 2006). 

 

Photoperiod Sensitivity 

 

The main distinction between spring and winter wheats are alleles at the VRN loci. 

However, within the winter or spring wheat categories, a large degree of variation for flowering 

time still exists (Bonjean and Angus 2001). This within-category variation for flowering time 

stems from photoperiod response (PPD) genes, with a smaller contribution from earliness-per-se 

genes (EPS). PPD genes provide a means by which breeders can further fine-tune the maturity of 

varieties within a market category to fit their target production environments. 

Photoperiod insensitive varieties will begin flowering immediately following 

vernalization, in early spring. Photoperiod sensitive varieties will initialize flowering only after 

the day length begins to increase in mid to late spring. The delay in flowering caused by 

photoperiod sensitivity depends on the PPD alleles of the variety and on the latitude at which the 

variety is grown, but ranges on the order of a few days to several weeks (Bonjean and Angus 

2001). In northern latitudes such as the northern Great Plains of the United States, breeders 

typically select for later flowering photoperiod sensitive alleles as a way to avoid frost damage 

caused by long, extreme winters. In southern latitudes, photoperiod insensitive alleles cause a 
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variety to flower earlier, thereby avoiding late-season heat and drought stress (Grogan et al. 

2016). These photoperiod response genes (Ppd-1) are located on the homoeologous group 2 

chromosomes, and are labelled Ppd-A1, Ppd-B1, and Ppd-D1 on chromosomes 2A, 2B, and 2D, 

respectively (Bonjean and Angus 2001, Grogan et al. 2016). 

Hexaploid wheat arose in northwest Iran and the southern Caucasus, near latitude 38ºN, 

where winter temperatures average around -3ºC. Ancestral bread wheat therefore required long 

vernalization periods and was sensitive to changes in day length (Beales et al. 2007). 

Photoperiod insensitive alleles Ppd-A1a, Ppd-B1a, and Ppd-D1a are regulatory mutations that 

confer an early flowering, "day-neutral" phenotype (Grogan et al. 2016). The relative effects of 

the three main photoperiod insensitive alleles are still under debate, but the typical ranking (from 

largest to smallest effect on flowering time) is Ppd-D1a > Ppd-B1a > Ppd-A1a (Bonjean and 

Angus 2001, Kiss et al. 2014). The mutations underlying the most important insensitivity alleles, 

Ppd-D1a and Ppd-B1a, are known at the sequence level. The molecular basis for photoperiod 

insensitivity conferred by Ppd-A1a has been traced to deletions in the 5’ UTR of variable sizes, 

but all these deletions have a core 900bp region that is absent relative to the wildtype allele. Ppd-

A1a alleles carried by 'Cappelle-Desprez' and ‘Chihokukomugi’ have been cloned and 

sequenced. The Ppd-A1a allele carried by ‘Chihokukomugi’ was shown to accelerate flowering 

by 7-9 days relative to the photoperiod sensitive genotype (Beales et al. 2007, Kiss et al. 2014, 

Nishida et al. 2012). 

The polymorphisms underlying the photoperiod insensitive alleles on chromosomes 2D 

and 2B have been well characterized. The largest effect allele of the series, Ppd-D1a, was shown 

to harbor a 2089bp deletion in the promoter region of a Pseudo-Response Regulator (PRR) gene, 
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which are a family of transcription factors distantly related to the well-characterized CONSTANS 

CCT-domain transcription factors from Arabidopsis thaliana (Kiss et al. 2014, Beales et al. 

2007). Ppd-B1a was found to be a copy-number variation on chromosome 2B, with increased 

copy number of the pseudo-response regulator PRR being associated with photoperiod 

insensitivity (Kiss et al. 2014). Day length insensitive PPD alleles are gradually becoming more 

common in U.S. germplasm, which may reflect the need to avoid increasing summer heat stress 

which is worsening under climate change. For example, the photoperiod sensitive allele Ppd-B1b 

has declined in frequency from 89% of U.S. wheat varieties before 1960 to only 48% of entries 

today (Grogan et al. 2016).  

 

Plant Stature 

 

A major component of the Green Revolution was the improvement of the Harvest Index 

(HI), or the ratio of grain yield to vegetative biomass (Berry et al. 2015). Nitrogen fertilizers 

became more common in agriculture in the mid twentieth century following the advent of the 

Haber-Bosch process of chemical nitrogen fixation. Old varieties of staple crops like wheat, 

maize, and rice were selected to be very tall in an effort to maximize yield by maximizing 

biomass. Old wheat varieties grew to an average height of 150 to 170cm, compared to modern 

varieties which tend to range between 70 and 100cm (Law et al. 1978, Berry et al. 2015). Under 

intensive high-input agriculture with nitrogen fertilizer, old varieties would grow excessively tall 

and suffer from lodging (Berry et al. 2015). Due to an increasing demand for shorter-stemmed 

varieties, coupled with reduced demand for long straw used in thatching and animal bedding, the 
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end of the Second World War brought about fundamentally different breeding objectives for 

bread wheat (Law et al. 1978). 

These new breeding objectives were addressed by introgressing several large-effect 

dwarfism alleles from Asian varieties, Rht-B1b, Rht-D1b, and Rht-8. Dwarf wheat had been 

grown in Korea as early as the 4th century C.E., and was brought to Japan during the Korean-

Japanese war of the sixteenth century (Borojevic and Borojevic 2005). Molecular evidence using 

the diagnostic microsatellite marker WMS261 indicated that the major dwarfing genes Rht-B1b, 

Rht-D1b, and Rht-8 were all present in Japanese germplasm by the turn of the twentieth century 

(Borojevic and Borojevic 2005). One variety in particular, Norin 10, carried the WMS 261- 

174bp allele; this line was used as the source of both the major dwarfing genes Rht-B1b and Rht-

D1b in North American wheat cultivars. The third dwarfing gene, Rht-8, which was indicated by 

the WMS 261 - 192bp allele, was found in the cultivar Akakomugi; this was used by Nazareno 

Strampelli in the Italian national breeding program (Borojevic and Borojevic 2005).  

The dwarfing genes Rht-B1b and Rht-D1b are semidominant altered-function alleles 

located on chromosomes 4B and 4D, respectively (Peng et al. 1999, Bonjean and Angus 2001). 

These genes encode DELLA-domain gibberellin response proteins orthologous to the maize gene 

dwarf-8 and the Arabidopsis thaliana gene Arabidopsis Gibberellin Insensitive (GAI). Genes in 

this family are labelled "gibberellic acid insensitive" dwarfing genes since coleoptiles of 

seedlings carrying these alleles do not elongate after exogenous application of gibberellic acid 

(GA) (Bonjean and Angus 2001). Several independent studies have confirmed that both of these 

alleles can reduce height by about 18%, as well as exert positive pleiotropic effects on spikelet 

fertility. In high-yielding environments, GA insensitive lines typically show a 15% yield 
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advantage over non-dwarf varieties (Bonjeand and Angus 2001). The mutations conferring GA 

insensitivity to Rht-B1b and Rht-D1b occur in the N-terminus of the genes, and result in 

premature stop codons immediately following the DELLA domain (Peng et al. 1999). It is still 

undetermined whether the N-terminal peptide upstream of the mutant stop codons confers gene 

repression and dwarfism, or whether ribosome slippage results in translation of an ORF starting 

at a downstream methionine codon, which still has repression activity (Peng et al. 1999). 

Multiple insensitive alleles at the Rht-B1 and Rht-D1 loci have been identified, including Rht-

B1c and Rht-B1d, which reduce height by 50% and 11%, respectively; both of these alleles are 

associated with increased spikelet fertility (Bonjean and Angus 2001). 

A second class of dwarfing genes is defined as "gibberellin sensitive"; these alleles confer 

reduced height, but not through reduced gibberellin perception (Bonjean and Angus 2001). 

Seedlings carrying these alleles elongate normally, and have regular-length coleoptiles; this is 

important in dry environments such as the Mediterranean, where seeds are commonly sown at 

depths of up to 10cm in order to access adequate moisture (Bonjean and Angus 2001, Amram et 

al. 2015). Under these deep sowing conditions, varieties with gibberellin-insensitive alleles tend 

to show reduced stand establishment and consequent yield reduction of up to 37% relative to 

varieties with GA-sensitive alleles (Amram et al. 2015).  The most prominent member of the 

GA-sensitive dwarfism category is Rht-8, derived from the Japanese cultivar 'Akokomugi'. This 

gene is located about 22cM proximal from Ppd-D1 on the short arm of chromosome 2D. Studies 

with recombinant chromosome substitution lines in a Capelle-Desprez background indicated that 

Rht-8c reduces height by an average of 8cm, and in conjunction with Ppd-D1a an 18cm height 

reduction can be achieved (Bonjean and Angus 2001). Several other GA-sensitive alleles have 
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been identified, such as Rht-9 on chromosome 7B, and Rht-12 on chromosome 5A; however, 

both of these alleles have been associated with decreased yield (Bonjean and Angus 2001). A 

multitude of other GA-insensitive dwarfism genes have been identified, many of which are 

small-effect QTL with effects that have not been replicated in multiple populations (Amram et 

al. 2015, Bonjean and Angus 2001). The discovery and deployment of these GA-sensitive 

dwarfing genes is an area of interest to many breeding programs in semiarid or rain-fed 

environments, because of the yield penalty associated with poor stand establishment of the major 

'Green Revolution' dwarfism alleles when seeds are sown at greater depths. 

 

Wheat Genomics 

 

The genome organization of wheat (2n = 6x = 42) was established by Ernie Sears in the 

early 1950s using aneuploid stocks and classical cytogenetic techniques (Sears 1952, Sears 

1966). The pioneering work with aneuploid stocks, together with the study of pairing behavior in 

interspecific hybrids, allowed each of the 21 chromosomes of wheat to be assigned to a specific 

diploid ancestor (Sears 1952, Law et al. 1987). The creation of nullisomic-tetrasomic lines paved 

the way for the mapping of major effect genes (such as the Q gene and the regulator of pairing 

Ph1) to individual chromosomes. All of this pioneering work proceeded using classical 

microscopy and staining techniques combined with careful visual observation, with no 

knowledge of the underlying DNA sequences. The use of molecular biological techniques to 

study the wheat genome began in 1990 with the International Triticeae Mapping Initiative 

(ITMI) (Gupta et al. 2008). 
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The gap between classical cytogenetics and modern genomics was bridged by Bikram 

Gill and Takashi Endo, who began using gel-blot techniques on restricted genomic DNA (RFLP) 

of a series of deletion lines to physically map a large set of cDNA and gDNA clones (Endo and 

Gill 1995, Gill et al. 1996). Genetic maps were also produced with the same markers by 

assessing the RFLP markers on segregating biparental populations. The comparison of genetic 

maps to physical maps allowed for the study of the distribution of recombination frequency over 

physical distance (Gill et al. 1996). Although these studies were pivotal in understanding the 

wheat genome, the laborious nature and expensive infrastructure requirements of RFLP marker 

analysis made them too cost prohibitive to be useful to breeders.  

The development of marker technology after these pioneering steps was exponential- in 

the ten years following the pioneering work with RFLPs, a multitude of marker platforms such as 

SSR, AFLP, SNPs, and DArTs appeared, which greatly increased the throughput and decreased 

the costs associated with DNA genotyping (Gupta et al. 2008). With high-throughput marker 

technology, it was now feasible to identify regions of the genome associated with quantitative 

phenotypes (QTL) at a reasonable cost. Along with the development of marker technology came 

the development of new statistical techniques such as interval mapping for increasing the power 

and precision of QTL localization studies (Lander and Botstein 1988). These parallel 

developments set the stage for an explosion of QTL mapping studies from the mid 1990’s to the 

present day. As markers became more affordable, it became feasible to map QTL using diverse 

populations, exploiting LD between markers and QTL instead of tracing linkage within closed 

biparental populations (Gupta et al. 2008). These association mapping approaches (GWAS) are 

potentially much more powerful than QTL analysis, since diverse germplasm provides more 
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ancestral recombination events between markers and QTL; in one estimate, the association 

mapping approach had 390-fold higher marker resolution compared to QTL analysis within a 

biparental population for detecting Stagonospora nodorum blotch resistance QTL (Tommasini et 

al. 2007). 

The final stage in the development of marker technology arose from the genome 

sequencing efforts of the late 1990’s and early 2000’s. This allowed for variants to be discovered 

through computational analysis of DNA sequence data directly, rather than through costly 

laboratory screening efforts of primer combinations and restriction enzymes. Sequencing 

platforms such as Illumina (Illumina, San Diego, CA) and Pacific Biosciences (Pacific 

Biosciences, Menlo Park, CA) allow for affordable sequencing of multiple genomes in parallel. 

As single-nucleotide polymorphisms (SNPs) are discovered in the sequencing data, they can be 

synthesized as oligonucleotide probes, and embedded on genotyping chips known as DNA 

microarrays.  A number of companies such as Illumina and Affymetrix (Affymetrix, Santa Clara, 

CA) manufacture DNA microarrays using different technologies and materials. 

There are currently two high-density genotyping chips publically available for wheat, 

both of which were manufactured using Illumina bead-chip technology. The first genotyping 

chip, the Inifinium iSelect 9K Wheat chip, was designed by assembling high-confidence 

reference transcript sequences from Roche 454 pyrosequencing reads of RNA extracted from 

nine wheat varieties from Mexico, Australia, and the United States. The allele frequency of SNP 

identified within the reference transcripts was assessed by aligning deep-coverage Illumina 

shotgun reads of DNA extracted from a larger panel of 20 wheat varieties against these reference 

transcript sequences. Variants with a high minor allele frequency (MAF >0.2) were chosen, since 
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common variants have high probability of being polymorphic in any given population. Some 

additional SNP were identified using amplicon sequencing from diverse landraces and a 

sequence capture assay of the parents from a commonly used mapping population (SynOp). 

These sequencing efforts resulted in 9000 SNP that were synthesized using the iSelect beadchip 

technology. Of these 9000 SNP, 8362 were found to be functional after genotyping a diverse 

population (Cavanagh et al. 2013). The second genotyping chip, the Infinium iSelect 90K Wheat 

chip, was designed using the same approach, but with a more diverse germplasm set providing 

the sequencing data. For this chip, 19 hexaploid, 18 durum, and one accession of emmer wheat 

were sequenced via Illumina RNA-seq for building the reference transcript sequences. 

Additional SNP derived from sequencing efforts of the D genome donor Aegilops tauschii were 

added to the list of variants, for a total of 91,829 SNP. Variants were selected on the basis of 

allele frequency and oligo design criteria, which resulted in a final set of 81,587 SNP synthesized 

on a 90K bead-chip. This chip was used to genotype eight doubled-haploid mapping populations, 

which produced a high-density consensus linkage map for 40,267 of the original SNP (Wang et 

al. 2014). 

 A second use of Next-Generation Sequencing is to genotype samples directly through 

reduced-representation, low-depth sequencing of multiplexed samples (Genotyping by 

Sequencing, “GBS”). In GBS, genomic DNA is digested with restriction enzymes, followed by 

ligation of sequence-specific oligonucleotides which contain Illumina sequence-capture adaptors 

to the ends of DNA fragments. The ligation products are amplified by PCR and sequenced on an 

Illumina flow-cell. Multiple samples can be sequenced on the same flow cell through inclusion 

of short barcode sequences on the adaptors specific to each individual sample (Elshire et al. 
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2011, Poland et al. 2012). The multiplexing of multiple samples on the same flow cell allows for 

decreased cost per sample, but with the penalty of a higher proportion of missing data (Elshire et 

al. 2011, Edae et al. 2015). Following sequencing, the reads are aligned to a reference genome, 

and variants are called using automated pipelines which take read depth and sequence quality 

into account.  Low-depth, highly multiplexed sequencing is an affordable solution that allows for 

simultaneous marker discovery and genotyping, as opposed to sequencing in the first step and 

designing a costly genotyping chip in a second step. Moreover, if a quality reference genome is 

available, the variant calling pipeline provides the added benefit of assigning each SNP to a 

location in the genome, facilitating the comparison of GWAS and QTL analysis results across 

different studies. However, the high proportion of missing genotypes in GBS datasets requires 

sophisticated bioinformatics approaches for imputing missing data (Edae et al. 2015).  

 

Genomic Assisted Breeding 

 

Two approaches have been taken in the integration of molecular data into wheat breeding 

programs. The first approach uses information from a small number of markers, usually linked to 

alleles or QTL of large effect, as a selection criterion. These markers are typically discovered 

through QTL analysis or GWAS.  These markers can be used in enriching for these genes in a 

population, or in backcrossing or introgression of a target region from one cultivar into another. 

The marker data for these large-effect genes can also be used in predicting breeding values (BV), 

by summing the cross-products of the additive effect of each marker by the allele content for that 

marker (0, 1, or 2) in the individual or line. In principal, these are different manifestations of the 
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same approach. This approach is known as Marker Assisted Selection (MAS). The second 

approach involves using all available markers simultaneously instead of selecting which markers 

to use based on prior knowledge. In this approach, a statistical model is trained based on 

genotypes and phenotypes from a subpopulation in order to predict the phenotypes of another 

sample which also has genotypes, but no phenotypes. The models take many forms, differing 

principally in their assumptions about the amount of phenotypic variance explained by each 

marker; models such as gBLUP and rrBLUP assume equal variance explained by each marker, 

and other models such as Bayesian models (BayesA, BayesB) allow for some markers to explain 

more phenotypic variance than others (Meuwissen et al. 2001). For the sake of this discussion, 

these models will all be termed Genomic Selection or Genome-Wide Selection (GS). 

Several studies have directly compared MAS and GS within the context of wheat 

breeding programs. In one study comparing GS and MAS in predicting Fusarium head blight 

resistance, the prediction accuracy of GS models (0.4 – 0.9) was much higher than MAS (<0.3). 

It was found that including the markers at known QTL as fixed effects along with the rest of the 

markers as random effects led to an increase in prediction accuracy over using all the markers as 

random effects (Arruda et al. 2016). In a study of 13 agronomic traits including flour yield, 

heading date, height, lodging, and pre-harvest sprouting on a population of 374 winter wheat 

inbred lines, prediction accuracies for multifamily GS models were on average 28% greater than 

for MAS, and were 95% as accurate as phenotypic selection (Elliot et al. 2011). Even within 

biparental populations where the linkage phase between markers and large-effect genes is known 

without error, GS shows superior prediction accuracy to MAS. In a study of two biparental soft 

winter wheat populations, GS prediction accuracy was higher across all nine traits studied, with 
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an average of 30% improvement of GS models over MAS (Heffner et al. 2011). From the studies 

in wheat so far, it seems that GS has great potential for increasing genetic gain per unit time in 

breeding programs. There is still the opportunity to integrate prior knowledge of large-effect 

QTL as fixed-effect covariates in GS models to improve prediction accuracy, as the Arruda et al. 

(2016) study suggests. All these new approaches utilizing molecular information should be 

viewed as tools at the breeder’s disposal, and should not be considered mutually exclusive 

options. 
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Discovery and Validation of Marker-Trait Associations on Chromosome 6A  

for Plant Height and Kernel Weight in U.S. Soft Winter Wheat  

 

Abstract 

 

In wheat breeding, gibberellic acid sensitive alleles for reduced plant height without negative 

pleiotropic effects on other traits are highly desired. To this end, a genome-wide association 

study was performed using a panel composed of 272 inbred lines from multiple breeding 

programs representing U.S. soft winter wheat germplasm. The panel was grown in five locations 

over two years and genotyped using the Illumina iSelect Wheat 90K SNP chip. The genome-

wide association study was performed using plant height data from each environment separately, 

as well as pooled-environment best linear unbiased predictions for each entry. Significant 

associations were discovered on chromosome 6A in three of the five locations as well as for the 

pooled analysis, with an experiment-wise Bonferroni-adjusted p value of <0.05. In order to 

validate the effects of the marker trait association, a bi-parental recombinant inbred line 

population derived from the cross SS-MPV57 x Massey, both of which were included in the elite 

panel, was grown over three years in three separate locations in North Carolina and Virginia. 

Quantitative trait locus mapping utilizing a high-density genetic map of 4846 genotyping-by-

sequencing (GBS) and Kompetitive Allele Specific PCR markers indicated a major quantitative 

trait locus in the centromeric region of 6A, coinciding with the location of the marker trait 

association from the genome-wide association study, explaining 13.5% of the phenotypic 

variation for plant height. The SS-MPV57 allele conferred a 3.4 cm height reduction. The same 
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locus was associated with kernel weight, explaining 19.7% of the phenotypic variation, with the 

SS-MPV57 allele conferring a 1.6 mg reduction in kernel weight. The confidence interval for the 

co-located plant height/kernel weight quantitative trait locus on chromosome 6A spans a physical 

region from 67.3 Mbp to 453.5 Mbp, overlapping the most significant marker trait association 

for plant height from the genome-wide association study. The same region encompasses 12.9 cM 

of the genetic map in the proximal part of the chromosome spanning the centromere. 

Antagonistic pleiotropic effects of the quantitative trait locus on 6A are discussed within the 

context of marker-assisted selection in wheat breeding.  

  

 

Introduction 
 
 
The introgression of the dwarfism alleles Rht-B1b and Rht-D1b from the Japanese wheat variety 

Norin10 into CIMMYT (Centro Internacional de Mejoramiento de Maiz y Trigo) germplasm in 

the mid twentieth century was a watershed moment in wheat cultivar improvement, contributing 

to a 91% increase in wheat production between 1966 and 1999 (Hedden 2003, Khush 2001). 

These new semi-dwarf wheat cultivars were better adapted to fertilizer-intensive agriculture, 

with an estimated 60% improvement in harvest index over non-dwarf cultivars (Hedden 2003, 

Khush 2001). Another important role played by dwarfing genes was to reduce the risk of lodging 

associated with increased yield potential; some estimates show that for every one ton per hectare 

increase in yield potential, a height reduction of 6 cm would be required to offset the additional 

lodging risk (Berry et al. 2015). The final yield of the wheat plant is a complex phenotype with 
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multiple components, and improving grain set or grain weight without also improving the stem’s 

ability to stay erect under the weight of the grain may lead to adverse consequences.  

The dwarfing alleles Rht-B1b and Rht-D1b are classified as gibberellin (GA) insensitive 

dwarfing alleles. These homoeologous genes, located on chromosomes 4B and 4D, encode 

transcription factors which contain a conserved N-terminal DELLA domain which interacts with 

the gibberellin receptor protein GID1 (Peng et al. 1999, Pearce et al. 2011). Both dwarfing 

alleles contain premature in-frame stop codons in their N-terminal DELLA domains. 

Translational re-initiation at one of several downstream methionine residues results in the 

production of a truncated protein lacking the N-terminal GA signaling domain (Peng et al. 1999, 

Hedden 2003). This results in constitutive suppression of cell elongation, causing reduced 

internode length and reduced adult plant height (PH) (Gale et al. 1975, Peng et al. 1999, 

Rebetzke et al. 2011). While reduced adult plant height may be favorable for grain yield, Rht-

B1b and Rht-D1b also suppress juvenile growth, resulting in a 17% to 33% reduction in 

coleoptile length (Amram et al. 2015, Schillinger et al. 1998). In dry areas where seeds may be 

planted at depths between 10 and 20 cm, cultivars containing either Rht-B1b or Rht-D1b display 

a 30% reduction in emergence compared to cultivars lacking these alleles, resulting in a 37% 

decrease in grain yield (Amram et al. 2015). Moreover, the presence of the GA-insensitive 

dwarfing alleles has been associated with reduced kernel weight (KW), kernel number, and grain 

yield in low-nitrogen or drought-stressed conditions (Laperche et al. 2008, Zhang et al. 2013). 

Despite their adverse effects in some environments, the GA-insensitive dwarfing alleles are 

present in about 93% of modern US wheat cultivars, with some differences in frequency among 

market classes. In the hard winter wheat cultivars of the Great Plains, Rht-B1b is the 
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predominant allele, while in the soft winter wheat cultivars of the southeast, Rht-D1b is 

predominant, although Rht-B1b is still common (Guedira et al. 2010). Because of the 

antagonistic pleiotropy associated with Rht-B1b and Rht-D1b, much research has been devoted 

to discovering novel GA-sensitive dwarfism QTL. 

 

In this study, a marker associated with plant height was discovered on chromosome 6A in an 

elite panel of soft winter wheat inbred lines, and was validated with a follow-up QTL analysis in 

a biparental population. Using this approach, it was possible to obtain a more accurate estimation 

of the QTL effects than could be obtained in the diversity panel. The linkage map produced in 

the biparental population also provided important information about the genetic structure of the 

genomic region underpinning the QTL, which has direct bearing on breeding applications such 

as marker-assisted backcrossing and QTL introgression.   

 

Materials and Methods 

 

PLANT MATERIAL 

 

A panel of elite soft winter wheat from the eastern U.S. composed of 272 inbred lines was grown 

over the 2012 and 2013 seasons in Maryland, Virginia, Kentucky, Missouri, and Ohio.  

 

The recombinant inbred line (RIL) population was composed of 122 lines derived by single-seed 

descent from the cross of ‘SS-MPV57’ x ‘Massey’. The cultivar SS-MPV57 was derived from 
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the cross ‘FFR555W’ / ‘VA89-22-52’, developed at Virginia Tech and approved for release by 

the Virginia Agricultural Experiment Station in 2003. SS-MPV57 was bred for both forage and 

grain production, and is noted for its exceptional winter hardiness. SS-MPV57 does not possess 

either the Rht-B1b or Rht-D1b dwarfing alleles. The cultivar Massey was derived from the cross 

‘Blueboy’ / ‘Knox62’. It was released in 1981, contains the Rht-B1b dwarf allele derived from 

‘Norin10’, and is noted as having excellent adult plant powdery mildew resistance and good 

resistance to Fusarium head blight (FHB) and Hessian fly. Since the SS-MPV57 x Massey RIL 

population was developed for the purpose of mapping gibberellic acid sensitive dwarfing genes, 

selection was imposed against the Rht-B1b dwarfing allele during development of the RIL 

population. Genomic DNA isolated from 384 F2 individuals was assayed with the Rht-B1 STS 

marker (Ellis et al. 2002). Plants homozygous for the wild type Rht-B1a allele were retained, 

along with a small number of plants heterozygous at the locus. Plants were inbred to obtain a 

population of 122 F5 RILs enriched for the Rht-B1a allele. Out of 122 genotyped RILs, 117 had 

phenotypic data available, and these were used in QTL analysis. 

 

PHENOTYPIC DATA COLLECTION AND ANALYSIS 

 

The elite panel was grown over 2012 and 2013 at five locations in an augmented incomplete 

block design including five blocks with sixty-four plots per block. At the Ohio and Virginia 

locations, the entire experiment was replicated in low nitrogen and medium nitrogen treatments. 

In the low-nitrogen treatment, two replications of the entire experiment were planted, and in the 

medium nitrogen treatment, one replication was planted. The check variety ‘Branson’ was 
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replicated eight times in each block. Each year x location combination was considered a separate 

environment. For the purpose of this analysis, the separate nitrogen treatments within the OH and 

VA locations were handled as separate environments. This resulted in one replication per entry 

for each environment except for the low-nitrogen treatments which had two replications. Plant 

height measurements were taken on yield plots by measuring the average distance from the soil 

surface to the tip of the spikes, excluding awns, for the entire plot.  

 

To obtain multi-environment best linear unbiased predictions (BLUPs) for each line, a linear 

mixed model was fitted to the phenotypic data using ASReml v.4.1 (Gilmour et al. 2015). The 

model used in the pooled analysis was  

ijkljkijjiijkl EBGEEGy +++++= )(µ  

 

where yijkl is the lth observation in the kth block within the jth environment of the ith entry, µ is the 

overall mean, Gi is the random effect of the ith entry (Gi ~ iid(0, σ2
G)), Ej is the random effect of 

the jth environment (Ej ~ iid(0, σ2
E)), GEij is the random interaction effect of the ith entry with the 

jth environment (GEij ~ iid(0, σ2
GE)), Bk(j) is the random effect of the kth block nested within the jth 

environment (Bk(j) ~ iid(0,σ2
B)), and Eijkl is the residual error term (Eijkl ~ iid(0, σ2

e)). The 

predicted phenotype of each entry was obtained by adding the BLUP for that entry to the overall 

mean.  

 



 
 
 

 
45 

 

A separate analysis was performed for each of the fourteen environments (three locations x 2 

years) + (two locations x two years x two nitrogen treatments). Within-environment BLUPs were 

obtained from a simplified linear model including the terms 

ijkjiijk EBGy +++= µ  

 

where yijk is the kth observation within the jth block for the ith entry, Bj is the random effect of 

the jth block, Gi is the random effect of the ith entry, and Eijk is the residual error term. 

Heritability was calculated on an entry-mean basis using the following formula: 

ℎ"# =
%"#

%"# +	(%")# /+) +	%-#/.+
 

where E is the number of environments and r is the harmonic mean of the number of replications 

in each environment. 

 

The SS-MPV57 x Massey mapping population was grown over three years (2014, 2015 and 

2016) at two locations in North Carolina and one location in Virginia. In each environment, 117 

lines were grown as two replicates in 1 m head-rows. Traits recorded included PH, heading date 

(HD), and KW. PH measurements for each head-row were obtained by measuring the distance 

from the soil to the tip of the spikes, excluding awns. HD was recorded as the date on which 50% 

of the spikes in the head-row had emerged from the flag leaf. KW was measured using a sample 

of 200 kernels from each head-row. QTL analysis was performed using means of two reps within 

each environment, as well as using best linear unbiased estimates (BLUEs) adjusted for 

environment and year effects for each entry. In the within-environment analysis, the simple 
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arithmetic mean of two observations for each family was used in QTL analysis, since the data 

were balanced and complete. For the across-environment analysis of PH and FT, a linear model 

was fitted to the phenotypic data including the terms 

 

ijklkjiijkl EYEGy +++=  

 

where yijkl is the lth observation at the kth year in the jth location for the ith RIL, Gi is the fixed 

effect of the ith RIL, Ej is the fixed effect of the jth location, Yk is the fixed effect of the kth year, 

and Eijkl is the residual error term. The interaction between RIL and environment was 

investigated and found insignificant, so was not included in the final model. The KW phenotype 

was only recorded at the Lake Wheeler location, so the location term was dropped from the 

model for KW.  

 

In order to characterize the gibberellic acid sensitivity of the parents of the mapping population, 

a test was performed on germinated seedlings from a group of ten cultivars in the elite panel, 

which included SS-MPV57 and Massey. Ten uniform-sized seeds of each cultivar with no 

physical damage were germinated in paper towels modified with paper wicks that were partially 

immersed in distilled water (Control) or 10-4 M gibberellic acid (GA3; Cat. No. G-7645; Sigma; 

GA-treatment) and placed in a darkened growth chamber at a constant temperature of 10°C. Ten 

days after germination, coleoptile length was measured from the point where the plumule 

ruptured the pericarp to the tip of the coleoptile.  
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GWAS 

 

The genetic dataset for the panel of 272 elite soft winter wheat lines from the eastern United 

States included 34,138 SNPs from the Illumina Wheat iSelect 90K bead chip. Of the original 

marker dataset, 11,945 SNP were assigned putative map locations based on the consensus map 

published in Wang et al. (2014). SNPs with known map positions were filtered based on linkage 

disequilibrium (LD), identifying bins of markers with r2 =1 and choosing one marker with the 

least amount of missing data and a minor allele frequency > 0.05 to represent each bin. Marker 

binning and filtering was performed in JMP Genomics v.6.0 with SAS version 9.3 (SAS 

Institute, Inc. 2005).  This resulted in a data set of 8,715 SNP. The contextual sequences for the 

tag SNP were then aligned to the IWGSC RefSeq v1.0 (wheat-urgi-versailles.inra.fr/Seq-

Repository/Assemblies) wheat reference genome using the NCBI command-line BLAST utility. 

In cases where multiple alignments were found for a marker, the alignment with 100% identity 

over 100% of the query sequence on the linkage group assigned to that marker by the genetic 

map was used to assign a physical position to the marker. For 1358 markers, no high confidence 

hits were found on the linkage group assigned to the marker. These markers were retained for 

GWAS but excluded from figures and tables. Data obtained for lines in the elite panel for KASP 

markers assaying the causal polymorphisms of major genes with known effects on plant height 

(Rht-B1b, Rht-D1b, and Ppd-D1a) were included in the analysis. Additionally, a KASP marker 

was designed to detect the TaGW2-A1 promoter polymorphism 593 bp upstream of the start 

codon by aligning the primer sequence published in Su et al. (2011) against the IWGSC RefSeq 
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v1.0 reference genome and identifying the location of the start codon of the gene (Supplementary 

Table 5). This KASP marker was run on the entire elite panel. 

 

Genome-wide marker regression on the filtered set of 8,715 Illumina iSelect SNP was carried out 

using the compressed mixed linear model implemented in the R package GAPIT (Lipka et al. 

2012). Association tests were performed for all environments separately, as well as for BLUPs 

computed across environments. Two different p-value thresholds were used to control the 

experiment-wise type I error rate. The Bonferroni threshold was obtained by weighting the 

desired experiment-wise significance threshold by the total number of tests (Benjamini and 

Hochberg 1995, Qu et al. 2010). The false-discovery rate (FDR) method is less conservative but 

has increased power, and consists of ordering all p-values from low to high, and then multiplying 

each p-value by the ratio of the number of tests to the p-value’s rank (Benjamini and Hochberg 

1995,Qu et al. 2010). To control for population structure, the first three principal components 

were used as fixed effects in the linear model, and cryptic relationships among individuals were 

accounted for by including a kinship matrix (Q + K model). For all phenotypes, marker 

regression was performed both with and without a set of KASP marker covariates representing 

major genes with known effects on plant height (Rht-B1b, Rht-D1b, and Ppd-D1a). Genome-

wide analysis of LD between the most significant marker and all other markers was conducted 

using Tassel v.5.2.31 (Bradbury et al. 2007). 
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LINKAGE MAPPING AND QTL ANALYSIS 

 

The recombinant inbred line population SS-MPV57 x Massey was genotyped at the F5 

generation using Genotyping-by-Sequencing (GBS). Tissue was extracted from a single plant of 

each of the 122 lines, and GBS libraries were prepared according to the protocol of Poland et al. 

(2012). Single end reads from GBS libraries were aligned to the IWGSC RefSeq1.0 assembly 

using Burrows-Wheeler aligner (BWA) version 0.7.12, and SNP calling was done in Tassel 

GBSv2 pipeline version 5.2.35. Approximately 122,000 SNP were obtained in the original GBS 

dataset. Variants were filtered by setting heterozygous SNP to missing, and selecting SNP with 

less than 20% missing data and allele frequency between 0.4 and 0.6. This resulted in 6331 

variants to be used in linkage map construction. 

 

In addition to the SNP derived from GBS, the KASP assay for Rht-B1b was assessed on the 

population. Markers from the Illumina 9K Wheat iSelect bead chip corresponding to the 

chromosome region of 6A identified in the GWAS were converted into KASP assays that were 

also assessed on the RILs. Four KASP markers were included in the genetic map along with the 

GBS markers to produce the final map used in QTL analysis (Supplementary Table 5). These 

KASP markers provided a means of connecting the region of 6A identified in GWAS with the 

QTL analysis, as well as providing genotypes for the causal SNP of the major dwarfing allele 

Rht-B1b. The population had undergone selection against Rht-B1b at the F2 generation, and a 

small number of heterozygous individuals were retained for further inbreeding. This major effect 
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dwarfing allele was present at a low frequency of 0.15 in the population. KASP marker data for 

Rht-B1b was used as a covariate in QTL analysis. 

 

All aspects of the QTL analysis, including linkage mapping , QTL localization and modelling of 

effects, were performed using the packages R/QTL and ASMap within the R programming 

environment (Broman et. al. 2003, Taylor et. al. 2017). Information about the physical location 

of each marker, obtained from the variant calling procedure or from the BLAST alignment 

location of the KASP marker sequences, was leveraged during linkage map construction. To do 

this, the minimum-spanning tree (MST) algorithm in ASMap was employed, with the arguments 

“bychr=TRUE” and “anchor=TRUE” (Taylor and Butler, 2017). This effectively ordered 

markers only within their pre-established linkage groups, and caused the algorithm to take into 

account the original physical order of markers within groups. Weakly linked or unlinked markers 

were identified and removed from their original linkage groups, and subgroups were merged 

together following removal of unlinked markers, followed by another iteration of ordering. 

Double crossovers were removed from the genotyping data using the function “cleanGeno”, 

using a maximum distance between two crossovers as 10 cM and a maximum of two typed 

markers between crossovers. Recombination frequencies were converted to map distances using 

the Kosambi mapping function.  

 

Identification of QTL within the mapping population was conducted using interval mapping 

implemented in the R package R/QTL (Broman et al. 2003). The expectation-maximization 

(EM) algorithm implemented in the function “scanone” was used to obtain LOD profiles across 



 
 
 

 
51 

 

the 4846 markers of the linkage map. Genome-wide significance thresholds for declaring QTL 

were obtained empirically through 5000 permutations of the phenotypic data. Maximum-

likelihood locations and effects of each QTL on the phenotype were obtained using the functions 

“refineqtl” and “fitqtl”, respectively.  

 

Results  

 

Diversity Panel- GWAS 

 

A low degree of population structure was observed for the elite panel when assessed with the 

iSelect SNP marker set, with the first three principal components calculated from the genotype 

matrix collectively explaining only 13% of variation in genomic relationships. The most clearly 

differentiated breeding programs were the University of Missouri and Purdue University 

(Supplementary Figure 1). Other breeding programs were less clearly defined, which may be the 

result of germplasm exchange among these programs. 

 

In the multi-environment analysis, entry-mean heritability was very high (0.96). Within-

environment heritability measures were obtained for PH in the within-environment analyses, and 

ranged from 0.49 to 0.97 (Supplementary Table 1).  

 

The KASP marker for Ppd-D1a was significantly associated with PH, surpassing the genome-

wide Bonferroni significance threshold (Figure 1). The KASP marker for Rht-D1b on 
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chromosome 4D surpassed the FDR threshold but not the Bonferroni threshold, while the marker 

for Rht-B1b on chromosome 4B was not in itself significant (Figure1). When two covariates 

(Rht-D1b and Ppd-D1a) were used in the model, there was a significant association between Rht-

B1b and PH. Selection for one or the other dwarfism alleles in breeding populations created 

interchromosomal LD between Rht-B1b and Rht-D1b (r2 = 0.62). For this reason, it was 

necessary to include both dwarfism alleles as fixed effect covariates to detect QTL with smaller 

effects. 

 

The allele frequencies of Rht-B1b, Rht-D1b, and Ppd-D1a differed substantially among the 

breeding programs that contributed inbred lines to the elite panel (Supplementary Table 3). 

Notably, none of the lines from Cornell University contained the Ppd-D1a photoperiod 

insensitivity allele. The allele frequencies of Rht-B1b and Rht-D1b reflect the same trend noted 

in Guedira et al. (2010), with Rht-B1b being the predominant allele in germplasm developed by 

public programs in the Midwest (University of Illinois, Purdue University, University of 

Missouri) and Rht-D1b being more common in germplasm from the Mid-Atlantic (Virginia 

Tech, University of Maryland) (Guedira et al. 2010). A majority of lines possessed a single 

dwarfing allele, with 30 entries having neither Rht-B1b nor Rht-D1b.  The frequency of non-

semi-dwarf genotypes was highest in germplasm from the Ohio State University program (35%), 

followed by germplasm developed at the University of Missouri (19%) and University of 

Kentucky (17%).  
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 In the analysis of combined-environment BLUPs, a single SNP located at base pair 401890292 

of the IWGSC RefSeq v1.0 chromosome 6A pseudomolecule (marker IAAV6992) surpassed the 

Bonferroni experiment-wise significance threshold (p = 2.78e-6) (Figure1, Figure2). A second 

region on chromosome 3B near 164 Mbp contained several SNP that surpassed the FDR 

threshold but not the Bonferroni threshold (Figure 1, Supplementary Table 2). This region of 3B 

was the only marker-trait association (MTA) discovered in the Kentucky environment, and it was 

significant in 2012 but not 2013. Chromosome 3B was also associated with PH in Virginia and 

Ohio, although not in both years and/or both nitrogen treatments (Supplementary Table 2). 

 

In the single-environment analyses, MTAs on chromosome 6A were significant in seven out of 

fourteen environments (Supplementary Table 2).  At the Ohio location, the 6A MTA was 

significant in both nitrogen treatments in 2012 and 2013 (Supplementary Table 2). In Virginia, 

the 6A MTA was significant in the medium nitrogen treatment in 2012 and the low nitrogen 

treatment in 2013. At the Missouri location, the 6A MTA was significant in 2013. In the single-

environment analyses, more markers surpassed the significance threshold on 6A than in the 

combined analysis. The region harboring significant MTAs on chromosome 6A stretched from 

101Mbp to 446Mbp of the chromosome 6A pseudomolecule (Supplementary Table 2) 

 

To characterize the effects of the PH MTA on chromosome 6A in the context of the two large-

effect dwarfing genes, a simple linear model was fit to the PH BLUP data using the three-locus 

genotype at Rht-B1, Rht-D1, and IAAV6992 as a main effect. The PH distributions of the 

different genotype classes were compared (Figure 3). A post-hoc analysis was performed to 
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compare means of IAAV6992 genotypes within each genotypic class. The 6A MTA resulted in a 

significant height reduction in the presence of the Rht-B1b and Rht-D1a gene combination, but 

not in the presence of the Rht-B1a and Rht-D1b combination. The effect of the 6A MTA in Rht-

D1a and Rht-B1a (tall) genotypes was apparent, but not statistically significant (Figure 3, 

Table1).  

 

Because the region of 6A harboring MTAs encompassed a large segment of the chromosome, 

LD analysis was conducted for the most significant marker, IAAV6992. In this LD analysis, the 

original SNP dataset was filtered for markers with known physical position, but no filtering was 

applied for LD. When pairwise r2 values were plotted against physical position, two distinct 

regions of the 6A pseudomolecule showed moderate to high LD with IAAV6992 (Figure 4). The 

region of complete LD (r2 = 1) spans a distance from 320 Mbp to 441 Mbp; a second region of 

moderate LD (average r2 = 0.31) was located between 80 Mbp and 113 Mbp. There was a 

significant gap in marker coverage between 113 Mbp and 411 Mbp of chromosome 6A (Figure 

4). This gap reflected a lack of SNP located in the 90K consensus map in this region. The genetic 

position of IAAV6992 in the 90K consensus map (190.27 cM) contained markers with physical 

locations spanning an interval from 101 Mbp to 448 Mbp (Wang et al. 2014). Several of the 

markers on either side of the gap, between 101 Mbp and 105 Mbp on one side and between 322 

Mbp and 446 Mbp on the other, also showed significant associations with PH in pooled and 

single-environment analyses (Supplementary Table 2). To investigate the possibility that these 

markers represented distinct loci associated with PH, a marker regression scan was performed 

using IAAV6992 as a covariate. With IAAV6992 included as a covariate, none of the other 
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markers on 6A approached the significance threshold. Taken together, these results suggest that 

the broad peak of associations on 6A is caused by long-range LD between markers in the region, 

and may not represent distinct causal loci.  

 

Biparental Population- QTL Analysis 

 

The parental lines Massey and SS-MPV57 showed consistent trends for PH and FT across 

environments. In all but one environment, Massey was 10 cm taller than SS-MPV57, despite the 

fact that Massey contains the dwarfing gene Rht-B1b. Similar trends were seen with the BLUPs 

from the diversity panel data; Massey was taller and earlier than SS-MPV57 (Supplementary 

Table 4).  

 

The results of the seedling GA assay suggested that SS-MPV57 is sensitive to GA, while the 

other parents evaluated, including Massey, are not (Figure 5). SS-MPV57 had the highest mean 

coleoptile length under both treatments, and it was the only cultivar with a significant difference 

in mean coleoptile length between the control and GA treatments (Welch Two-Sample, t=4.7, p 

= 4.32e-05).  With the exception of SS-MPV-57, all cultivars evaluated possessed either Rht-B1b 

or Rht-D1b. Taken together with the phenotypic data from both the diversity panel and the RIL 

population showing that SS-MPV57 is as short or shorter than many semi-dwarf cultivars, as 

well as the genotypic data indicating that SS-MPV57 is wild-type at both Rht-B1 and Rht-D1, 

these results suggest that SS-MPV57 carries a GA-sensitive dwarfism QTL. 
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Plant Height and Kernel Weight 

 

The final genetic map for “SS-MPV57 x Massey” comprised 4846 markers distributed across the 

21 wheat chromosomes, with an average marker density of 1.7 markers per cM and a total map 

length of 3051.1 cM. Three chromosomes (1A , 4B and 6D) contained large gaps; on 

chromosome 4B, selection against Rht-B1b in early generations reduced the amount of 

polymorphism on the short arm. On chromosome 6D, there were no GBS markers between 

23Mb and 456Mb; the large gap on 6D may reflect this lack of marker coverage. Chromosomes 

4B and 4D had the lowest marker coverage, with only 12 and 23 markers, respectively.  

 

Because of the skewed allele frequency of Rht-B1b in the population, the distribution of PH and 

KW was investigated within each genotypic class (Supplementary Figure 2). The dwarf entries 

were normally distributed with a mean height close to 83 cm, while the non-dwarf entries 

showed a broader distribution with a mean around 100 cm and a slight shoulder near 87 cm. For 

KW, the dwarf entries had a mean around 27 mg and a broader distribution than the non-dwarf 

entries, which were closely distributed about the mean of 33 cm. There was a significant effect of 

the Rht-B1b dwarfing allele on both PH and KW (Table3, Supplementary Figure 2, 

Supplementary Figure 3). Because of the pronounced effect of Rht-B1b, it was used as a marker 

covariate in QTL analysis.  

 

A large-effect QTL was seen on chromosome 6A for both PH and KW in almost all 

environments tested, as well as for pooled-environment BLUEs (Figure 6).  The position of the 
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LOD peak on chromosome 6A for PH shifted slightly between environments. The final position 

of the QTL was determined by using the function “refineqtl” on the LOD profile for the BLUEs, 

which placed the peak LOD score at position 71.2 cM (Figure 6). There were 10 markers at the 

same map location, spanning a physical distance from 162.8 Mbp to 442.1 Mbp- a region which 

includes the position of IAAV6992 (401 Mbp). The 1-LOD support interval for the PH QTL 

extended from 59.6 cM (60.5 Mbp) to 95.5 cM (582 Mbp), with the majority of this region 

experiencing no recombination. The 1-LOD support interval for the KW QTL was slightly 

narrower, extending from 60 cM (67.3 Mbp) to 72.9 cM (453 Mbp).  

 

The full QTL model, including the QTL on 6A and Rht-B1b, explained 34.6% of the phenotypic 

variance for PH, and 39.6% of the phenotypic variance for KW. The interaction between Rht-

B1b and the 6A QTL was investigated for PH and KW; for PH, this interaction was insignificant, 

and for KW the interaction term was significant, explaining 4.9% of the phenotypic variance. 

This interaction changed the magnitude of the difference in KW between genotypes at 

chromosome 6A; in Rht-B1b lines, the effect of the 6A QTL was less pronounced than in Rht-

B1a lines.   

 

Flowering Time 

 

The QTL detected for FT corresponded to previously identified genes with large effects, but they 

showed a marked sensitivity to year. GBS markers on the short arm of chromosome 2D between 

23 Mbp and 69.5 Mbp, linked with Ppd-D1a, were associated with FT at all locations tested in 
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2014 and 2015, but only in Kinston NC in 2016. In 2016, flowering time QTL were detected on 

the long arm of chromosome 5A between 569 Mbp and 609 Mbp both at Lake Wheeler NC and 

Kinston NC, which includes the location of the vernalization locus Vrn-A1. This may suggest 

that the vernalization was incomplete in the winter of 2015-2016, such that segregation for 

genetic response to lack of vernalization was measurable in the population. This also suggests 

that photoperiod sensitivity effects may be masked by the much larger effects of the 

vernalization sensitivity loci when vernalization requirements are not met. 

 

Discussion 

 

There are currently twelve named gibberellin-insensitive reduced height alleles at the Rht-B1 and 

Rht-D1 loci (https://shigen.nig.ac.jp/wheat/komugi/genes/). Four of these alleles have been 

cloned (Rht-B1b, Rht-D1b, Rht-B1c, Rht-D1c), and yeast two-hybrid assays confirmed that 

premature stop codons in the DELLA domain reduce or abolish interaction between Rht-B1 and 

the gibberellin receptor TaGID1(Peng et al. 1999, Pearce et al. 2011, Wu et al. 2011).  There are 

twenty-seven named gibberellin-sensitive alleles, none of which have been cloned or 

functionally characterized (https://shigen.nig.ac.jp/wheat/komugi/genes/). Additionally, more 

than fifty QTL have been associated with plant height on a number of different chromosomes 

(Würschum et al. 2015, Tian et al. 2017). The genetic architecture of plant height in Triticum 

aestivum appears to consist of a small number of common large-effect genes, as well as a large 

number of less common small-effect QTL. 
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The GWAS results showed predictably large effects for the major-gene markers (Rht-B1b, Rht-

D1b, Ppd-D1a), but the absence of other significant MTAs on chromosomes 4B, 4D, and 2D 

suggest a lack of LD between the iSelect markers and these major alleles in our panel. This is 

surprising given the fact that the majority of lines contain one of the dwarfing alleles and Ppd-

D1a (Supplementary Table 3). This result may reflect the efficacy of 60 years of breeding and 

recombination in disrupting the LD between these large-effect alleles and their respective 

chromosomes. Interestingly, 30 lines (9.1% of the panel) contained neither Rht-B1b nor Rht-D1b, 

which is higher than the previously reported estimate of 4.5% in a sample of eastern soft winter 

wheat germplasm released between 1990 and 2008 (Guedira et al. 2010). Inspection of the 

genotyping data deposited in the T3 database (https://triticeaetoolbox.org/wheat/) indicates a 

gradual increase in Rht-B1a/Rht-D1a genotypes over the last several years in eastern soft winter 

wheat regional testing programs, which suggests alternative reduced height alleles such as the 

one identified in this study are already being utilized by those breeding programs. 

 

The MTA on 6A discovered in the TCAP elite panel, IAAV6992-Dwarf, conferred significant 

height reduction in an Rht-B1b background, but not in an Rht-D1b background (Table 1).  There 

was an apparent effect in lines lacking the major Rht dwarfing genes as well, but the effect was 

insignificant, likely due to a small sample size of such lines (n=31) in the panel. The allele 

frequency of IAAV6992-Dwarf was high in Midwestern programs, which also have a high 

frequency of Rht-B1b and tall genotypes. The effect of IAAV6992-Dwarf on PH was smaller in 

magnitude than Rht-B1b and Rht-D1b, a result also measured for PH and KW in the QTL 

analysis of the RIL population. In the biparental population, the additive effect of the SS-MPV57 
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dwarfing allele at 6A was -3.4 cm for PH and -1.6 mg for KW, resulting in a 7.8% height 

reduction and a 9.4% decrease in KW in the homozygous condition relative to the population 

mean. The effect of this dwarfing allele was more subtle than Rht-B1b (Table 3). There was a 

strong positive genetic correlation between PH and KW. A Pearson product-moment correlation 

coefficient was computed to measure the relationship between PH and KW(r =0.712, n=117, p < 

2.2 e -6), and the QTL analysis showed that loci controlling PH and KW were located at the same 

positions. What cannot be determined from this data is whether the genetic correlation is caused 

by pleiotropy or from close linkage among alleles at different loci in the non-recombining region 

of 6A. 

 

Multiple investigations have revealed loci on chromosome 6A which effect PH and KW 

(Griffiths et al. 2012, Ellis et al. 2004, Haque et al. 2010, Tian et al. 2017, Su et al. 2011). In 

durum wheat, a locus on the short arm of chromosome 6A linked with microsatellite marker 

Xbarc3 contains at least three separate alleles that have been associated with completely 

dominant GA-sensitive dwarfism, named Rht14, Rht16, and Rht-18. The lines carrying Rht14, 

Rht16, and Rht18 were derived by mutagenesis; linkage with the marker Xbarc3 was 

demonstrated using bulk segregant analysis of F2 populations derived from each of the three 

mutant lines crossed with the same wildtype, and allelism was suggested based on the lack of 

segregation for plant height among the F2 progeny of mutant x mutant crosses (Haque et al. 

2011). The marker Xbarc3 is located at 85.3 Mbp of the 6A pseudomolecule in IWGSC v.1.0 

RefSeq.  In a multi-population meta-QTL analysis in common wheat, PH effects were associated 

with SSR markers localized to the centromeric region of chromosome 6A in three separate DH 
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populations across a range of environments, with additive effects ranging from 2.1 cm to 3.9 cm 

(Griffiths etal. 2012). The most recent addition to the named alternative dwarfism QTL was 

Rht24, which was mapped to the long arm of chromosome 6A between annotated genes TaFAR 

and TaAP2. The authors found that the dwarfing allele contributed to a 6.0 – 7.9 cm reduction in 

height, and also increased KW by 2.0 to 3.4 mg (Tian et al. 2017). On the chromosome 6A 

pseudomolecule of IWGSC v.1.0 RefSeq, these loci correspond to 402 Mbp and 432 Mbp, 

respectively.  

  

There are several independent reports of a kernel weight gene on chromosome 6A named 

TaGW2-A1 (Grain Weight 2), although these reports draw contrasting conclusions about the 

direction of the allelic effect (Su et al. 2011,Yang et al. 2012, Zhang et al. 2013, Simmonds et al. 

2016, Bednarek et al. 2012). The report of Su et al. (2011) found that the wildtype allele “Hap-

6A-A”, which was different from “Hap-6A-G” by only two SNPs in the promoter region, was 

associated with a 3 mg increase in kernel weight, and was also associated with earlier heading 

and maturity. However, a contrasting effect was seen by Zhang et al. (2013); in that study, the 

“Hap-6A-G” allele was superior to “Hap-6A-A” by 8.09 mg. Additionally, RNAi experiments 

have demonstrated the effect of TaGW2-A1 on grain size and grain weight, although with 

contrasting results; in one study, knockdown of TaGW2-A1 resulted in larger and heavier 

kernels, and in another study the result was the opposite (Hong et al. 2014, Bednarek et al. 2012). 

In the context of IWGSC v.1.0 RefSeq, TaGW2-A1 is located at 237.7 Mbp on chromosome 6A.  

None of these reports show a PH effect for TaGW2-A1. Clearly, chromosome 6A has been the 
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focus of many reports of genes influencing height and kernel characteristics, with conflicting 

results recorded by different investigators. 

 

In this study, a region of chromosome 6A was found to be associated with PH, both in a diversity 

panel and in a biparental population.  However, the height reducing QTL from SS-MPV57 was 

also associated with slightly reduced KW in our biparental population, contrasting with the 

results of Tian et al. (2017), who found the height reducing effect of Rht24 was associated with 

increased kernel weight. The 1-LOD support interval of the QTL on 6A identified in this study 

(76.6 Mbp to 473.6 Mbp) overlaps the proposed physical location of Rht24, as well as the known 

position of TaGW2-A1, in the IWGSC RefSeq v.1.0 reference genome. It is also likely that the 

meta-QTL for PH reported in the centromeric region of chromosome 6A in European germplasm 

by Griffiths et al. (2012) is located within this same region. The meta-QTL on 6A was located 

between two flanking microsatellite markers, Xgwm182 and PSP3029. Marker PSP3029 had 

been extensively characterized and sequenced (Bryan et al. 1996). PSP3029 had nine BLAST 

hits on chromosome 6A with locations ranging from 14 Mbp to 594 Mbp, with five of these hits 

occurring between 93 Mbp and 450 Mbp. 

 

The location of the Rht-14/ Rht-16/Rht-18 locus identified in durum wheat (85 Mbp) also lies 

within the 1-LOD support interval for the 6A QTL (Haque et al. 2011). Taken together with the 

results of other authors such as Tian et al. (2017) who measured opposite directions for the PH 

and KW effects on chromosome 6A, it seems that close linkage is a possible explanation for the 

genetic correlation arising from the non-recombining region of 6A; the contrasting effects may 
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arise from distinct haplotypes which formed by rare recombination between loci in the genetic 

centromere of 6A in past generations. 

 

This investigation confirmed that the height reducing QTL on 6A is gibberellin sensitive, making 

it a potentially valuable target well suited for marker-assisted selection. The extensive LD in this 

region, maintained by a lack of recombination, would preserve the linkage phase between marker 

alleles and the dwarfism allele.  However, this comes with the caveat that the SS-MPV57 6A 

haplotype is also associated with a slightly reduced kernel weight. The kernel weight effect 

measured in the mapping population may originate from the dwarfing allele, TaGW2-A1 gene, or 

any other gene located within the non-recombining region of 6A. TaGW2-A1 is located at 237 

Mbp, within the recombination bin spanning from 162.8 Mbp to 442.1 Mbp.  The genotyping 

data from the TaGW2-A1 KASP marker on the TCAP elite panel indicated that SS-MPV57 has 

the rare “Hap-6A-G” allele and Massey has the much more common “Hap-6A-A” allele, while 

marker IAAV6992-Dwarf was present in 41% of lines. In the elite panel, the KASP marker for 

TaGW2-A1 showed a very low minor allele frequency (MAF= 0.026), was not in LD with 

IAAV6992 (r2 = 0.03) and was not significantly associated with PH. The direction of effect on 

KW associated with SS-MPV57 for the 6A QTL is more congruent with the results of Su et al. 

(2011) than those of Zhang et al. (2013). 

 

When the genetic positions of the GBS or 90K SNP are plotted against physical positions in the 

new reference genome (Figure 7), it is apparent that a large region of chromosome 6A, spanning 

from approximately 100 Mbp to 500 Mbp, exhibited depressed recombination frequency in our 
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biparental population as well as the 90K consensus map (Wang et al. 2014). This confounds fine 

mapping efforts in this region of 6A, since variants in this region cannot be considered 

independently. The conclusions drawn from other studies investigating TaGW2-A1 may need to 

take into account the low recombination in this region. Backcrossing a TILLING mutation is 

unlikely to provide the resolution required to conclude that the high grain-weight phenotype is 

caused by a mutation within TaGW2-A1. The sequence for TaGW2-A1within the 6A 

pseudomolecule in IWGSC v.1.0 RefSeq is only 50 Mbp away from the physical centromere, 

which is located at approximately 285 Mbp (Martin Mascher, personal communication). A recent 

report estimates that EMS mutagenesis may produce an average of 5351 mutations in each 

mutant line (Krasileva et al. 2017). If these mutations are distributed randomly across the 21 

chromosomes of wheat, any given chromosome in an individual may contain around 255 

mutations. Since TaGW2-A1 is located within the non-recombining region of 6A, which 

comprises some 65% of the 6A pseudomolecule, there could potentially be over 160 other EMS 

mutations linked to the mutation in TaGW2-A1. The association between the promoter region 

SNP discovered by Su et al. (2011) and KW is confounded by the same problem. It is very 

possible that the high grain weight phenotype is conferred by a different gene in this linkage 

block. The reverse genetics approach used in the RNAi experiments provides more compelling 

evidence as to the function of TaGW2-A1, since an individual transcript was targeted for 

suppression. However, the conflicting results of suppressing TaGW2-A1 possibly suggest that the 

germplasm used for transformation (‘Recital’, ‘Shi 4185’) differed in their haplotypes across the 

non-recombining region of 6A.  
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The paucity of recombination in this region does not preclude the utility of marker-assisted 

selection or QTL introgression. In fact, favorable linkages in this part of 6A are likely to be 

maintained over generations of breeding, facilitating MAS. Unique haplotypes which may have 

been formed by chance recombination many generations ago are likely to be preserved, and the 

LD between any marker in this region and beneficial alleles in the 6A centromere should be 

stable. The SS-MPV57 allele conferring short stature could easily be selected for using one or 

two flanking markers identified in this study. However, in the SS-MVP57 x Massey population, 

the same region was also associated with reduced kernel weight, representing either pleiotropic 

effects of a single allele or, more likely, close linkage between multiple alleles in the 6A 

centromere. Viewed in light of the fact that the region of chromosome 6A from 162 Mbp to 442 

Mbp had no recombination in the biparental population, the finding that SS-MPV57 has the rare 

“Hap-6A-G” allele at TaGW2-A1 (MAF = 0.025 in the elite panel) suggests that it contains an 

uncommon haplotype across this region. For introgressing the GA-sensitive dwarfism QTL on 

6A, either SS-MPV57 or the other six inbred lines in the panel which contained the rare “Hap-

6A-G” allele at TaGW2-A1 may be considered potential donors.  A large-scale study of genetic 

diversity across the 6A genetic centromere in a more diverse germplasm panel, in which both PH 

and KW is measured, may help to elucidate different haplotypes that reduce plant height without 

the deleterious kernel weight effect.  
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Table 1. Effect of the most significant iSelect marker, IAAV6992, on PH of different genotypic 
classes with respect to Rht-B1b and Rht-D1b within the TCAP elite panel. Results from Tukey’s 
HSD test are reported with upper and lower bounds to the 95% confidence interval for the 
difference in means, with the corresponding p-value testing the null hypothesis that the 
difference in means is equal to 0. The number of lines in each genotypic class is in parentheses. 

	
Genotype 1 
(# Lines) 

Genotype 2 
(# Lines) 

Difference(cm) Lower 
Bound 

Upper 
Bound 

P-adj 

Rht-B1a 
Rht-D1a 

IAAV6992-Dwarf 
(15) 

Rht-B1a 
Rht-D1a 

IAAV6992-Tall 
(15) 

-4.58 -9.97 0.79 0.144 

Rht-B1b 
Rht-D1a 

IAAV6992-Dwarf 
(62) 

Rht-B1b 
Rht-D1a 

IAAV6992-Tall 
(70) 

-3.03 -5.61 -0.46 0.01 

Rht-B1a 
Rht-D1b 

IAAV6992-Dwarf 
(30) 

Rht-B1a 
Rht-D1b 

IAAV6992-Tall 
(71) 

0.78 -2.42 3.99 0.98 
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Table 2. Locations and significance of QTLs discovered via interval mapping with a single QTL 
model (scanone) in the SS-MPV57 x Massey RIL population using within-location means as 
well as across-environment best linear unbiased estimates (BLUEs). Map intervals for BLUEs 
are 1-LOD confidence intervals from the function refineQTL. KASP marker data for Rht-B1b 
was used as a covariate for all analyses. 

Trait:Environment† LG LOD 
Peak(cM) 

Max 
LOD 

Map Interval 
(cM) 

Significance‡ 

PH: LW2015 6A 70.8 3.39 61.8-104 * 

PH: LW2016 6A 70.8 4.42 61.8-74.2 ** 

PH: WAR2015 6A 70.8 4.5 59.6-74.2 ** 

PH: BLUEs 6A 71.2 3.71 61.8-74.2 ** 

KW: LW2014 6A 64.8 5.99 60-72.9 ** 

KW: LW2015 6A 64.8 4.15 60-74.2 ** 

KW: BLUEs 6A 69.9 5.81 61.8-72.9 ** 

FT: LW2014 2D 35.5 2.17 0-76.7 ** 

FT: LW2015 2D 35.5 4.21 27.1-60.7 ** 

FT: LW2016 5A 152 9.36 147-156 ** 

FT: KIN2015 2D 35.5 6.03 27.1-56.7 ** 

FT: KIN2016 2D	 35.5	 3.80	 27.1-60.7	 **	

FT: KIN2016 5A 151.6 4.27 142.3-160.9 ** 

FT: WAR2015 2D 35.5 4.48 27.1-60.7 ** 

FT: BLUEs 2D 57.5 5.37 27.1-60.7 ** 

FT: BLUEs 5A 149.4 4.88 145.9-155.7 ** 

† Trait Codes: PH = Plant Height, KW = Kernel Weight, FT = Flowering Time. Environment Codes: LW = Lake Wheeler, NC, 
WAR = Warsaw, Virgina, KIN = Kinston, NC 

‡ Significance Codes: ** = P < 0.05, * = P < 0.1 	
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Table 3. QTL effect estimates computed from multi-environment BLUEs for SS-MPV57 x 
Massey RILs. Additive effects are in units of cm for PH, mg for KW, and days for FT. Effect 
estimates are coded in terms of the SS-MPV57 allele at the locus. 

Phenotype Chromosome Peak 
Position 

(cM) 

Peak 
Position 

(bp) 

Additive 
Effect 

Percent 
Variance 
Explained 

Locus Name 

PH 6A 71.2 162850806 to 
442087078 

-3.4 13.5 MM.PH.6A.71 

PH 4B 92.4 30861515 +12.1 20.8 Rht-B1 

KW 6A 69.9 134546626 to 
440255621 

-1.6 19.7 MM.KW.6A.71 

KW 4B 92.4 30861515 +5.2 21.6 Rht-B1 

FT 2D 57.5 55057832 -1.6 16.7 Ppd-D1 

FT 5A 149.4 585198643 +1.3 10.9 Vrn-A1 
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Supplementary Table 1. Within-environment heritability measures for PH derived from variance 
components calculated from plot-level phenotypic data in ASReml v.4.1.  

Environment VG σ2
e Repeatability 

Kentucky 2012 15.05 0.36 0.97 

Kentucky 2013 6.69 0.68 0.91 

Maryland 2012 12.29 2.43 0.83 

Maryland 2013 5.93 1.51 0.80 

Missouri 2012 10.36 2.08 0.83 

Missouri 2013 4.09 0.47 0.89 

Ohio 2012, Low N 9.10 2.03 0.82 

Ohio 2012, Medium N 7.67 2.57 0.74 

Ohio 2013, Low N 8.55 2.51 0.77 

Ohio 2013, Medium N 5.74 2.94 0.66 

Virginia 2012, Low N 5.96 6.09 0.49 

Virginia 2012, Medium N 9.68 2.2 0.81 

Virginia 2013, Low N 6.54 4.48 0.59 

Virginia 2013, Medium N 4.72 2.93 0.61 
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Supplementary Table 2. Significant marker-trait associations from GWAS on the TCAP Elite 
Panel. Results are presented both for the multi-environment BLUPs (pooled) and single 
environments. The physical positions of each 90K marker within the IWGSC RefSeq v.1.0 
assembly are reported (bp), as well as the map position in the 90K consensus map (cM). The 
range of allelic effects (α) are presented, as well as the range of p-values (P) and minor allele 
frequency (MAF). Three marker covariates were used as fixed effects (Rht-B1, Rht-D1, Ppd-D1) 
for each analysis. For a marker to be included, it had to be significant in more than one 
environment. 

SNP Environment† 
(Signif.)‡ 

α LG bp cM P MAF 

IAAV6992 Pooled (**) 
12OWM(*) 
12OWL(*) 
13OWM(**) 
13OWL(**) 
12VAM(**) 
12VAL(*) 
13MO(*) 
 
  

-2.18 to -0.76 6A 401890292 190.27 5.14e-7  to 0.011  0.41 

GENE-3659_104 Pooled(*) 
12OWM(*) 
13OWM(*) 
13OWL(*) 
 

-2.01 to -0.61 6A 101302640 190.27 2.08e-5 to 0.03 0.43 

wsnp_Ra_c61979_6221
5037 

Pooled(*) 
13MO(*) 
12OWM(**) 
12OWL(*) 
13OWM(**) 
13OWL(*) 
12VAM(*) 
12VAL(*) 
 

-2.18 to -0.66 6A 105022478 190.27 7.7e-7 to 0.03 0.44 

RAC875_rep_c86601_1
64 

Pooled(*) 
13MO(*) 
12OWM(**) 
12OWL(*) 
13OWM(*) 
13OWL(*) 
12VAM(*) 
12VAL(*) 
 
 

-2.18 to -0.66 6A 322703564 190.27 4.0e-6 to 0.02 0.42 

BS00022120_51 Pooled(*) 
12OWM(*) 
12OWL(*) 
13OWM(*) 
13OWL(*) 
 

-2.06 to -0.58 6A 396301381 190.27 2.3e-5 to 0.03 0.43 
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Supplementary Table 2 Continued 

wsnp_JD_rep_c51547_
35074931 

Pooled(*) 
13MO(*) 
12OWM(**) 
12OWL(*) 
13OWM(*) 
13OWL(*) 
12VAM(*) 
12VAL(*) 
 
 

-2.26 to -0.76 6A 420087870 190.27 4.0e-6 to 0.02 0.43 

BS00062619_51 Pooled(*) 
13MO(*) 
12OWM(**) 
12OWL(*) 
13OWM(*) 
13OWL(*) 
12VAM(*) 
12VAL(*) 
 

0.66 to 2.18 6A 420409101 190.27 4.0e-6 to 0.02 0.43 

BS00086046_51 Pooled(*) 
13MO(*) 
12OWM(**) 
12OWL(*) 
13OWM(*) 
13OWL(*) 
12VAM(*) 
12VAL(*) 
 

0.69 to 2.21 6A 425277706 190.27 2.57e-6 to 0.01 0.43 

wsnp_Ku_c3354_62283
93 

Pooled(*) 
13MO(*) 
12OWM(**) 
12OWL(*) 
13OWM(*) 
13OWL(*) 
12VAM(*) 
12VAL(*) 
 
 

-2.21 to -0.71 6A 430933884 191.03 2.57e-6 to 0.01 0.43 

BS00022605_51 Pooled(*) 
13MO(*) 
12OWM(*) 
13OWM(**) 
13OWL(*) 
12VAM(*) 
12VAL(*) 
 

0.71 to 2.06 6A 432248036 190.27 5.13e-6 to 0.03 0.4 
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Supplementary Table 2 Continued	

BS00072945_51 Pooled(*) 
13MO(*) 
12OWM(**) 
12OWL(*) 
13OWM(*) 
13OWL(*) 
12VAM(*) 
12VAL(*) 
 

0.69 to 2.18 6A 439668169 190.27 4.02e-6 to 0.02 0.43 

Excalibur_c49239_97 Pooled(*) 
13MO(*) 
12OWM(**) 
12OWL(*) 
13OWM(*) 
12VAM(*) 
12VAL(*) 
 

-2.18 to -0.69 6A 439668775 190.27 4.02e-6 to 0.02 0.43 

RAC875_c26487_145 Pooled(*) 
12OWM(**) 
12OWL(*) 
13OWM(*) 
13OWL(*) 
 

0.58 to 2.08 6A 441436560 190.27 3.62e-6 to 0.02 0.45 

wsnp_Ex_c35545_4367
7480 

 

Pooled(*) 
12OWM(**) 
12OWL(*) 
13OWM(*) 
13OWL(*) 
 
 

 

0.58 to 2.18 6A 446301538 190.27 2.06e-6 to 0.02 0.44 

wsnp_Ex_c35545_4367
7576 

Pooled(*) 
13MO(*) 
12OWM(**) 
12OWL(*) 
13OWM(*) 
13OWL(*) 
12VAM(*) 
12VAL(*) 
 

0.66 to 2.18 6A 446301634 190.27 4.02e-6 to 0.02 0.43 

Excalibur_c9206_836 Pooled(*) 
12KY(*) 
13OWM(*) 
12VAL(*) 
 

0.86 to 2.18 3B 16443174 121.32 3.56e-5 to 0.08 0.2 
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Supplementary Table 2 Continued	

BS00088683_51 Pooled(*) 
12KY(*) 
13OWM(*) 
12VAM(*) 
12VAL(*) 
 

-1.98 to -0.91 3B 16444207 131.93 1.01e-5 to  0.01 0.29 

IACX22 Pooled(*) 
12KY(*) 
13OWM(*) 
12VAL(*) 
 

-1.93 to -0.91 3B 18503508 205.15 9.9e-6 to 0.02 0.29 

† Environment Codes: Pooled = multienvironment BLUPs ; 12OWM = Wooster Ohio 2012, medium nitrogen; 12OWL = Wooster Ohio 2012, 
low nitrogen; 13OWM = Wooster Ohio 2013, medium nitrogen; 13OWL = Wooster Ohio 2013, low nitrogen; 12VAM = Virginia 2012, medium 
nitrogen; 12VAL = Virginia 2012, low nitrogen; 12KY = Kentucky 2012; 13MO = Missouri 2013 

‡ Significance Codes: ** = Bonferroni-adjusted P-value <0.05; * = FDR-adjusted P-value <0.05 
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Supplementary Table 3. Allele frequencies of dwarfing and photoperiod insensitive alleles by 
breeding program, along with the total number of lines submitted to the panel by each program. 
Thirteen lines did not have an associated breeding program. 

Program RhtB1b RhtD1b PpdD1a IAAV6992

-Dwarf 

# 

Entries 

Cornell University 0.13 0.75 0 0.5 8 

Michigan State 
University 

0 1 0.8 1 5 

Ohio State University 0.56 0.09 0.26 0.41 34 

Purdue University 0.91 0.06 0.56 0.59 34 

University of Illinois 0.97 0 0.27 0.32 37 

University of 
Kentucky 

0.34 0.49 0.71 0.58 36 

University of 
Maryland 

0.03 0.97 0.78 0.19 32 

University of Missouri 0.78 0.03 0.14 0.46 36 

Virginia Tech 0.08 0.86 0.7 0.14 37 

Overall 0.50 0.39 0.51 0.41 259 
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Supplementary Table 4. Summary of parental phenotypes over years and locations for the 
parents of the biparental RIL population. 

Location Year Line Mean PH Mean FT Reps 

Kinston, NC 2015 Massey 78.13 105.6 8 

Kinston, NC 2015 SS-MPV57 76.25 108.5 8 

Kinston, NC 2016 Massey 84.23 99.8 13 

Kinston, NC 2016 SS-MPV57 70.3 106.1 15 

Lake Wheeler, NC 2014 Massey 96.9 115.5 8 

Lake Wheeler, NC 2014 SS-MPV57 96.9 116.0 8 

Lake Wheeler, NC 2015 Massey 100.0 107.1 8 

Lake Wheeler, NC 2015 SS-MPV57 91.3 109.5 8 

Lake Wheeler, NC 2016 Massey 86.2 94.2 13 

Lake Wheeler, NC 2016 SS-MPV57 79.3 104.1 15 

Warsaw, VA 2015 Massey 98.4 126.9 8 

Warsaw, VA 2015 SS-MPV57 92.7 126.3 8 

Combined BLUE 2014-2016 Massey 90.9 110.2 58 

Combined BLUE 2014-2016 SS-MPV57 83.7 113.7 60 

BLUP (Panel) 2012-2013 Massey 97.5 124.7 20 

BLUP (Panel) 2012-2013 SS-MPV57 91.9 126.0 20 
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Supplementary Table 5. Primer sequences for KASP assays used in the genome-wide association 
study and QTL mapping. 

Locus  LG Position 

(Mbp) 

Allele 1 Allele 2 Common 

Ppd-D1 2D 33.9  GAAGGTCGGAGTCAA

CGGATTAAGAGGAA

ACATGTTGGGGTCC 

GAAGGTGACCAAGTTCATG

CTCAAGGAAGTATGAGCAG

CGGTT 

GCCTCCCACTACACTGGGC 

Rht-B1 4B 30.8  GAAGGTGACCAAGTT

CATGCTCCCATGGCC

ATCTCSAGCTG 

GAAGGTCGGAGTCAACGG

ATTCCCATGGCCATCTCSA

GCTA 

TCGGGTACAAGGTGCGGGC

G 

Rht-D1 4D 18.7 GAAGGTGACCAAGTT

CATGCTCATGGCCAT

CTCGAGCTRCTC 

GAAGGTCGGAGTCAACGG

ATTCATGGCCATCTCGAGC

TRCTA 

CGGGTACAAGGTGCGCGCC 

IWA416 

 

 

 

6A 

 
 
 

134.5  

 

 

GAAGGTGACCAAGTT

CATGCTAATCATATA

GCATACATGACCTAT

AAAAGTAAA 

GAAGGTCGGAGTCAACGG

ATTCATATAGCATACATGA

CCTATAAAAGTAAC 

GTGGCTTCTGCTCGTTATGT

TTTGGAT 

TaGW2-A1 6A 237.7   AGGGTGAGACGAAA

ATAAATCGA 

AGGGTGAGACGAAAATAA

ATCGG 

GGACTTGGTAGCTTTCACT

TTATGA 

IWA6084 6A 276.2  GAAGGTGACCAAGTT

CATGCTCACATCACG

TCCAGGGTAGACAT 

GAAGGTCGGAGTCAACGG

ATTACATCACGTCCAGGGT

AGACAC 

GGCGCTGGCGTTTCTTTAG

TGATAA 

      

IWA2416 6A 446.7  GAAGGTGACCAAGTT

CATGCTCCTGACCCG

CAGCGAGGAAT 

GAAGGTCGGAGTCAACGG

ATTCTGACCCGCAGCGAGG

AAG 

GCCAGGCTTCACGACCCTG

TA 



 
 
 

83 

 

 

Figure 1. Manhattan plot showing marker-trait associations between iSelect 90K SNP and the TCAP elite panel plant height BLUPs. Two datasets are presented in blue and 
orange. In blue, GWAS was performed with all markers in the dataset. In orange, GWAS was performed using the three large-effect markers Rht-B1, Rht-D1, and Ppd-D1 as 
fixed-effect covariates. Red dashed line represents the FDR-adjusted significance threshold of 0.05. Black horizontal dashed line represents the Bonferroni-adjusted 
significance threshold of 0.05.
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Figure 2. Manhattan plot showing marker trait associations between iSelect 90K SNP and TCAP elite panel plant height BLUPs, focusing on chromosome 6A. Two datasets 
are presented in blue and orange. In blue, GWAS was performed with all markers in the dataset In orange, GWAS was performed using the three large-effect markers Rht-B1, 
Rht-D1, and Ppd-D1 as fixed-effect covariates. Red dashed line represents the FDR-adjusted significance threshold of 0.05. Black horizontal line represents the Bonferroni-
adjusted significance threshold of 0.05.
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Figure 3. Distributions of plant height for three-locus genotypes are depicted as box-and-whiskers plots to show the effect 
of IAAV6992, the most significant marker trait association on chromosome 6A, in the context of the two large-effect 
dwarfing alleles Rht-B1b and Rht-D1b. 
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Figure 4. Top panel: Genome-wide LD analysis for iSelect SNP with IAAV6992, the most significant marker trait association from GWAS. r2 values of each SNP with 
IAAV6992 are shown in red. Bottom panel: intrachromosomal LD of IAAV6992 with the other iSelect markers on chromosome 6A, where two regions on either side of the 
gap are seen to be in moderate to high LD with IAAV6992. r2 values of each SNP on chromosome 6A with IAAV6992 are shown in red; physical positions are shown along 
the x-axis.
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Figure 5. Gibberellic-acid response assay for testing the sensitivity of the coleoptiles of ten different cultivars to gibberellic 
acid. Blue bars represent the control (-GA) treatment; red bars represent the +GA treatment. Error bars represent the 
standard deviation from the respective group mean. Length of the coleoptile of the germinated seedling, in centimeters, is 
shown on the y axis. 
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Figure 6. Results of QTL analysis in the SS-MPV57 x Massey biparental RIL population. Left panel: Linkage map of the region of chromosome 6A harboring the plant 
height and kernel weight QTLs. The region in yellow represents the approximate location of the genetic centromere (100 Mbp to 550 Mbp). Right panel: The LOD profiles 
across this linkage group obtained by interval mapping using multi-environment BLUEs. Red line shows the LOD profile for kernel weight; blue line shows the LOD profile 
for plant height. Dashed horizontal line represents the LOD threshold established by 5000 permutations of the phenotypic data. Filled boxes under the QTL names represent 
approximate 0.5 LOD intervals; whiskers represent approximate 1-LOD intervals.
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Figure 7. The relationship between genetic and physical positions is plotted to show the distribution of recombination 
relative to the 6A pseudomolecule from the IWGSC RefSeq v.1.0. Top panel: Genetic map location with respect to physical 
location of markers on the chromosome 6A linkage map derived from GBS data on the “SS-MPV57 x Massey” RIL 
population. The blue dots represent the 1-LOD confidence interval for the plant height QTL (60 cM – 73 cM). Bottom 
panel: Genetic map location with respect to physical location of markers on the chromosome 6A consensus map published 
in Wang et al. (2014). The blue dots show the location of IAAV6992, the most significant marker trait association for plant 
height from GWAS, as well as other SNP in high LD (r2 = 1) with IAAV6992.
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Supplementary Figure 1. Eigenvalues for the first two principal components calculated from the 90K iSelect genotype data are plotted to show the differentiation among 
breeding programs. Breeding programs: COR = Cornell University, MSU = Michigan State University, OSU = Ohio State University, PUR = Purdue University, UIL = 
University of Illinois, UKY  = University of Kentucky, UMD = University of Maryland, UMO = University of Misouri, VAT = Virginia Tech



 
 
 

91 
 

 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 
 

92 
 

 
 

 


