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Abstract 

Wild relatives of wheat provide an important reservoir of allelic diversity for crop 

improvement, but their use in elite breeding germplasm is constrained by reduced agronomic 

adaptation, persistent yield disadvantages, and the difficulty of recovering favorable recombinant 

deviates for quantitative traits. Wild emmer (Triticum dicoccoides), the progenitor of 

domesticated tetraploid and hexaploid wheats, carries extensive diversity for disease resistance, 

abiotic stress response, functional quality, phenology, and yield component traits. However, 

systematic introgression of wild emmer diversity into adapted hexaploid wheat backgrounds 

remains challenging, particularly when the breeding objective is improvement of complex 

quantitative traits rather than transfer of major effect loci. This project evaluated the use of a 

wheat-Aegilops tauschii synthetic octoploid amphiploid bridge as a strategy for introducing 

allelic diversity from wild emmer into elite winter wheat germplasm while retaining regional 

adaptation to Kansas production environments.  

Seven BC2-derived Triticum dicoccoides germplasm development (TdGD) populations 

were generated using two adapted hexaploid recurrent parents, two Aegilops tauschii accessions, 

and seven wild emmer accessions representing geographically diverse sources of A and B 

genome variation. High-density sequencing data from population founders were used to perform 

pedigree-based imputation into progeny with low-density SNP data to characterize genome-wide 

introgression architecture and detect donor segments. Across populations, donor introgression 

was successfully recovered on all three wheat subgenomes, with introgressions enriched in distal, 

high recombination regions and reduced in pericentromeric intervals. Chromosome-specific 

patterns were influenced by founder divergence, marker density, and recombination landscape. 

Population structure was driven primarily by recurrent parent background and variation in donor 



  

allele retention. These results demonstrate that the amphiploid bridge strategy can generate wild 

introgression germplasm and allow for quick recovery of an adapted hexaploid wheat 

background. 

To evaluate the breeding potential of this germplasm, one population, TdGD Pop80, was 

phenotyped across six Kansas field environments for agronomic, yield component, functional 

quality, and ionomic traits. Mixed model analyses were used to estimate within- and across- 

environment performance, trait relationships, and repeatability. Despite the observation that wild 

introgression broadly reduced agronomic performance, Pop80 exhibited substantial quantitative 

variation and included lines with favorable combinations of grain yield, kernel traits, protein 

quality, and elemental composition. Trait relationships reflected both expected physiological 

tradeoffs and opportunities for selection, including relationships among phenology, vegetative 

and reproductive performance under drought, grain yield, kernel size, grain protein, functional 

quality, and ionomic traits. Genome-wide association analyses identified marker-trait 

associations across trait groups, including loci corresponding to known developmental, quality, 

kernel size, and ionomic regions, as well as additional regions requiring validation. Overlaying 

association signals with donor introgression profiles provided a framework for distinguishing 

candidate wild-derived regions and for prioritizing loci for future breeding and genetic studies. 

A yield-weighted multi-trait selection index was constructed to identify competitive 

germplasm. Two Pop80 wild introgression lines, KSTdGD80-55 and KSTdGD80-175, were 

selected for germplasm release based on their favorable agronomic performance, yield potential, 

quality traits, and characterized introgression profiles. These lines represent adapted winter 

wheat germplasm carrying defined introgressions from wild emmer and Aegilops tauschii, and 

they provide useful material for continued evaluation of wild-derived alleles in breeding-relevant 



  

backgrounds. Together, this research demonstrates that bridge-mediated introgression can 

broaden the allelic base of elite wheat germplasm while maintaining sufficient agronomic 

performance for selection. The resulting genomic resources, phenotypic datasets, marker-trait 

associations, and released germplasm provide a foundation for future efforts to refine wild 

introgressions, validate candidate loci, and deploy favorable wild alleles for quantitative trait 

improvement in wheat breeding programs.  
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Abstract 

Wild relatives of wheat provide an important reservoir of allelic diversity for crop 

improvement, but their use in elite breeding germplasm is constrained by reduced agronomic 

adaptation, persistent yield disadvantages, and the difficulty of recovering favorable recombinant 

deviates for quantitative traits. Wild emmer (Triticum dicoccoides), the progenitor of 

domesticated tetraploid and hexaploid wheats, carries extensive diversity for disease resistance, 

abiotic stress response, functional quality, phenology, and yield component traits. However, 

systematic introgression of wild emmer diversity into adapted hexaploid wheat backgrounds 

remains challenging, particularly when the breeding objective is improvement of complex 

quantitative traits rather than transfer of major effect loci. This project evaluated the use of a 

wheat-Aegilops tauschii synthetic octoploid amphiploid bridge as a strategy for introducing 

allelic diversity from wild emmer into elite winter wheat germplasm while retaining regional 

adaptation to Kansas production environments.  

Seven BC2-derived Triticum dicoccoides germplasm development (TdGD) populations 

were generated using two adapted hexaploid recurrent parents, two Aegilops tauschii accessions, 

and seven wild emmer accessions representing geographically diverse sources of A and B 

genome variation. High-density sequencing data from population founders were used to perform 

pedigree-based imputation into progeny with low-density SNP data to characterize genome-wide 

introgression architecture and detect donor segments. Across populations, donor introgression 

was successfully recovered on all three wheat subgenomes, with introgressions enriched in distal, 

high recombination regions and reduced in pericentromeric intervals. Chromosome-specific 

patterns were influenced by founder divergence, marker density, and recombination landscape. 

Population structure was driven primarily by recurrent parent background and variation in donor 



  

allele retention. These results demonstrate that the amphiploid bridge strategy can generate wild 

introgression germplasm and allow for quick recovery of an adapted hexaploid wheat 

background. 

To evaluate the breeding potential of this germplasm, one population, TdGD Pop80, was 

phenotyped across six Kansas field environments for agronomic, yield component, functional 

quality, and ionomic traits. Mixed model analyses were used to estimate within- and across- 

environment performance, trait relationships, and repeatability. Despite the observation that wild 

introgression broadly reduced agronomic performance, Pop80 exhibited substantial quantitative 

variation and included lines with favorable combinations of grain yield, kernel traits, protein 

quality, and elemental composition. Trait relationships reflected both expected physiological 

tradeoffs and opportunities for selection, including relationships among phenology, vegetative 

and reproductive performance under drought, grain yield, kernel size, grain protein, functional 

quality, and ionomic traits. Genome-wide association analyses identified marker-trait 

associations across trait groups, including loci corresponding to known developmental, quality, 

kernel size, and ionomic regions, as well as additional regions requiring validation. Overlaying 

association signals with donor introgression profiles provided a framework for distinguishing 

candidate wild-derived regions and for prioritizing loci for future breeding and genetic studies. 

A yield-weighted multi-trait selection index was constructed to identify competitive 

germplasm. Two Pop80 wild introgression lines, KSTdGD80-55 and KSTdGD80-175, were 

selected for germplasm release based on their favorable agronomic performance, yield potential, 

quality traits, and characterized introgression profiles. These lines represent adapted winter 

wheat germplasm carrying defined introgressions from wild emmer and Aegilops tauschii, and 

they provide useful material for continued evaluation of wild-derived alleles in breeding-relevant 



  

backgrounds. Together, this research demonstrates that bridge-mediated introgression can 

broaden the allelic base of elite wheat germplasm while maintaining sufficient agronomic 

performance for selection. The resulting genomic resources, phenotypic datasets, marker-trait 

associations, and released germplasm provide a foundation for future efforts to refine wild 

introgressions, validate candidate loci, and deploy favorable wild alleles for quantitative trait 

improvement in wheat breeding programs.  
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Chapter 1 - Literature review 

Wild emmer as a resource for allelic diversity 

T. dicoccoides (wild emmer) is an invaluable genetic resource for improving the allelic 

diversity of wheat breeding programs. Given the central role of tetraploid wheats in transmitting 

ancestral alleles to modern wheat, wild emmer offers an abundance of allelic diversity that can 

enhance germplasm variation. Alongside other tetraploid wheats (AABB genome) and Ae. 

tauschii (DD genome), T. dicoccoides forms part of the secondary gene pool of hexaploid bread 

wheat, which allows for relatively straightforward introgressions through homologous 

recombination (Hao et al., 2020; Nyine et al., 2020). 

Other hexaploid wheats, such as spelt, are part of the primary gene pool, allowing for 

unrestricted recombination due to complete genome compatibility. In contrast, introgression 

from the secondary gene pool – though highly valuable – can lead to reduced fertility in progeny 

due to unbalanced chromosome constitutions. Despite this, T. dicoccoides and Ae. tauschii are 

prime sources of allelic diversity due to their high nucleotide diversity relative to other species in 

the wheat gene pool (Dreisigacker et al., 2008; Nyine et al., 2020; Zhou et al., 2020). 

There is considerable evidence of historical gene flow between tetraploid wheats, such as 

T. dicoccoides, and hexaploid bread wheat. This has shaped the genetic landscape of germplasm 

currently used in breeding programs worldwide (Blanco-Pastor, 2022; He et al., 2019; Zhou et 

al., 2020). Notably, there is a greater reduction in allelic diversity in the D subgenome of wheat 

compared to the A and B subgenomes. This discrepancy likely arises from the much higher level 

of gene flow from tetraploid wild emmer compared to the D subgenome donor, Ae. tauschii 

(Dvorak et al., 2006; He et al., 2019). 
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Regions of the wheat genome containing introgressions from T. dicoccoides are 

associated with higher regional nucleotide diversity, leading to less differentiation at the 

nucleotide level between hexaploid wheat and wild emmer (He et al., 2019; Zhou et al., 2020). 

However, not all diversity is beneficial. Differentiation between wheat and wild emmer occurred 

for a reason, and the primary focus of breeding programs remains the release of high-yielding 

varieties well-adapted to mechanical harvest. Introgression from wild emmer often results in 

linkage drag, where deleterious alleles from wild relatives reduce yield – the most significant 

area of phenotypic differentiation between wheat and its wild ancestors (Chandrasekhar et al., 

2017; Deblieck et al., 2022). 

Nonetheless, introgressions that have been retained at high frequencies in the wheat 

genome are often linked to traits under improvement selection and local adaptation. This 

indicates that selection against deleterious alleles has been effective in the wheat improvement 

process (Blanco-Pastor, 2022; He et al., 2019). 

The origins of tetraploid and hexaploid wheats 

Wheat's evolution into the hexaploid species we recognize in farmers’ fields today was 

driven by two key allopolyploidization events. Modern hexaploid bread wheat (Triticum 

aestivum, 2n = 6x = 42, AABBDD) evolved through spontaneous hybridizations between wild 

grass species in the Fertile Crescent. The first of these events involved hybridization between the 

wild diploid wheat species Triticum urartu (2n = 2x = 14, AA) and an unknown, likely extinct 

relative of Aegilops speltoides (2n = 2x = 14, BB) (Dvorak et al., 1993; IWGSC, 2014; Li et al., 

2022; Peng et al., 2011; Rahman et al., 2020). This resulted in the formation of the tetraploid 

species Triticum turgidum ssp. dicoccoides (2n = 4x = 28, AABB), hereafter referred to as wild 

emmer wheat or T. dicoccoides. 
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Domestication of wild emmer, likely through selection for a non-shattering spike by early 

human societies, eventually led to the emergence of cultivated emmer (T. turgidum ssp. 

dicoccum). Spike fragility is considered one of the earliest targets of domestication, with brittle 

rachis loci on chromosomes 3A and 3B (Btr-A1 and Btr-B1) controlling the disarticulation of 

spikelets from the spike (Nalam et al., 2006; Peng et al., 2011; Zhao et al., 2019). Although this 

brittleness facilitates seed dispersal in wild species, it would have been disadvantageous during 

intentional cultivation and harvest (Peleg et al., 2011; Peng et al., 2011; Tzarfati et al., 2014). 

Population mapping studies consistently indicate that the non-brittle allele is contributed by the 

domesticated parent, indicating that non-brittle btr alleles had already become somewhat fixed 

during early tetraploid cultivation (Nalam et al., 2006; Peleg et al., 2011). After the selection of 

non-brittle rachis types, cultivated emmer (T. dicoccum) further evolved into the free-threshing 

pasta wheat T. turgidum ssp. durum. This transition was facilitated, at least in part, by a gain-of-

function mutation at the domestication gene Q, which contributes to free-threshing ability and 

exerts pleiotropic effects on spike architecture (Faris et al., 2003; Simons et al., 2006; Tzarfati et 

al., 2014). Btr and Q may participate in a shared developmental pathway, jointly influencing 

spike morphology, glume anatomy, and ultimately grain weight, pointing to coordinated 

regulatory changes during wheat domestication (Tzarfati et al., 2014; Zhao et al., 2019).  

The second allopolyploidization event, crucial to the formation of hexaploid wheat, 

involved hybridization between tetraploid wheat and the wild diploid goatgrass Aegilops tauschii 

(2n = 2x = 14, DD) (Dvorak et al., 1998; McFadden & Sears, 1946; Petersen et al., 2006). The 

free-threshing character of hexaploid bread wheat is also governed by the Q gene, which is 

present in both tetraploid and hexaploid wheat. This indicates that the mutation giving rise to the 

Q gene gain-of-function occurred only once in evolutionary history (Dubcovsky & Dvorak, 
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2007; Simons et al., 2006). As a result, the A and B subgenome donor of bread wheat must have 

already possessed the free-threshing trait conferred by Q and, given the early and widespread 

fixation of non-brittle btr alleles in cultivated tetraploids, most likely displayed a tough, non-

shattering rachis (Peleg et al., 2011; Peng et al., 2011; Tzarfati et al., 2014). Yet, the presence of 

hulled, non-free-threshing hexaploid varieties, such as spelt (Triticum spelta), has led to multiple 

hypotheses regarding the evolution of hexaploid wheat. 

Extensive research by Dvorak and colleagues (1998, 2012) has led to a widely accepted 

model in which free-threshing tetraploid wheat hybridized with Ae. tauschii, producing 

primitive, hulled hexaploid wheat that carried the Q gain-of-function mutation. To achieve full 

free-threshing status, an additional mutation was required in the glume tenacity gene (Tg) from 

Ae. tauschii. The reversion to a hulled phenotype, as seen in spelt wheat, likely arose via 

hybridization with non-free-threshing emmer wheat, reverting back to the ancestral q allele in a 

process known as de-domestication (Dvorak et al., 2012; Jiang et al., 2019; Zhou et al., 2020). 

Thus, T. dicoccoides occupies a pivotal role in the evolution of modern wheat, acting as a 

central conduit of gene flow between its wild ancestors and modern wheat species. Figure 1.1 

diagrams this current model of wheat evolution. Although this widely accepted model of wheat 

evolution posits a linear trajectory from wild emmer to durum wheat (T. turgidum ssp. durum), 

with free-threshing tetraploid wheat donating the A and B subgenomes to hexaploid bread wheat 

(T. aestivum), alternative models challenge this narrative. Some researchers, citing genetic 

similarities between the A and B subgenomes of wild emmer and bread wheat, argue that T. 

dicoccoides itself may be the direct progenitor of T. aestivum’s A and B subgenomes (Cheng et 

al., 2019; Petersen et al., 2006). However, these similarities are more plausibly attributed to 
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historical gene flow between tetraploid and hexaploid wheats, which readily hybridize and 

shared overlapping geographic distributions (Dvorak et al., 2006; Zhou et al., 2020). 

 

Figure 1.1.  Schematic diagram of wheat evolution in terms of time, threshing ability, and 

ploidy level 

Allelic states at the domestication loci Btr, q, and Tg are indicated, where functional Btr alleles confer a brittle 

rachis, the domesticated Q allele promotes free-threshing and compact spike architecture, and the recessive tg allele 

reduces tenacious glumes. 

An alternative hypothesis suggests that durum wheat is the direct progenitor of the A and 

B subgenomes of bread wheat, as its free-threshing character aligns with that of T. aestivum 

(Matsuoka & Nasuda, 2004; Pont et al., 2019). However, the more pronounced reduction in 

allelic diversity in durum wheat compared to bread wheat resulting from domestication 

bottlenecking implies that the two species underwent separate domestication processes. This 

perspective is further supported by debates regarding the origins of durum wheat itself. While 

some researchers propose a linear evolution from cultivated emmer (T. turgidum ssp. dicoccum), 
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others hypothesize parallel domestication pathways for durum wheat and cultivated emmer, both 

diverging independently from wild emmer (He et al., 2019; Zhou et al., 2020). 

Despite these debates, the significant reduction in allelic diversity during the transitions 

from wild emmer to cultivated emmer, and subsequently to durum wheat, supports the likelihood 

of a linear evolutionary trajectory. Tracing these historical events remains challenging due to 

continuous gene flow between tetraploid and hexaploid wheats, as well as genomic similarities 

that blur distinctions between modern and ancestral wheats. These complexities underscore the 

need for further genomic research to unravel the intricate history of wheat domestication and 

evolution. 

The importance of increasing wheat allelic diversity 

There is ample evidence that modern wheat has experienced significant genetic 

bottlenecks during polyploidization and domestication, resulting in a marked loss of nucleotide 

diversity (Akhunov et al., 2010; Fu & Somers, 2009; Haudry et al., 2007). The domestication 

bottleneck was particularly severe in wheat due to the multiple rounds of interspecies 

hybridization that led to the formation of hexaploid wheat. Studies have shown that haplotype 

diversity in T. aestivum is lower than in synthetic hexaploid wheat, which was created through 

artificial crosses between tetraploid wheat and Ae. tauschii. This demonstrates that the 

domestication process unintentionally reduced diversity in wheat (Akhunov et al., 2010; 

Dreisigacker et al., 2008). 

The recombination landscape of wheat further highlights this reduction in diversity. 

Long-range linkage disequilibrium (LD) is more frequent in T. aestivum than in wild emmer, 

indicating fewer recombination events and larger LD blocks in cultivated wheat (Akhunov et al., 

2010; Fu & Somers, 2009; Haudry et al., 2007). The D subgenome of wheat shows particularly 
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large LD blocks compared to the A and B subgenomes, reflecting lower diversity and gene flow 

from Ae. tauschii compared to tetraploid wheats (Akhunov et al., 2010). 

Domestication loci, including the Q gene, are often associated with selective sweeps, 

where purifying selection reduces allelic diversity around loci of interest (Haudry et al., 2007). 

Enriching allelic diversity in highly conserved regions, without eliminating the effects of key 

domestication loci, is therefore a key strategy in breeding programs. One approach is to 

introduce diversity from T. dicoccoides, which lacks extreme long-range LD, enabling breeders 

to restore diversity in critical genomic regions. 

It is also important to note that tetraploid durum wheat (T. turgidum ssp. durum) has an 

even more pronounced reduction in diversity than bread wheat. This suggests that durum wheat 

was not the direct tetraploid progenitor of hexaploid wheat, but that the two types of wheat were 

improved separately but simultaneously (Haudry et al., 2007). This reinforces the importance of 

using T. dicoccoides to increase allelic diversity in both hexaploid and tetraploid wheat. 

T. dicoccoides geographical and ecological adaptation 

The single-origin hypothesis suggests that hexaploid bread wheat emerged through a 

polyploidization event approximately 8,000-10,000 years ago. This event combined the genomes 

of free-threshing tetraploid wheat (AABB) with Aegilops tauschii (DD), resulting in the 

hexaploid genome structure (AABBDD) found in modern bread wheat (Cheng et al., 2019; Pont 

et al., 2019; Z. Wang et al., 2023). Following its formation, T. aestivum spread widely across the 

Fertile Crescent via human migration and trade routes. Archaeological evidence confirms its 

simultaneous emergence in regions such as modern-day Turkey, Israel, and Iran (Cheng et al., 

2019; Luo et al., 2007). 
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The wild progenitor of tetraploid wheats, wild emmer or T. dicoccoides, spans a broad 

range across the Fertile Crescent and has adapted to diverse ecological and geographical 

conditions. Key environmental factors – such as altitude, soil type, water availability, and 

temperature – have driven local adaptation and allelic divergence within T. dicoccoides, resulting 

in substantial diversity across its accessions (Li et al., 2001; Peleg et al., 2008a; Ren et al., 2013; 

Vuorinen et al., 2018). Genetic studies have classified T. dicoccoides into two primary groups: a 

northern population found in northeastern Syria, Turkey, Iraq, and Iran, and a southern 

population concentrated in Israel, Jordan, Lebanon, and southwestern Syria. Northern 

populations, situated in regions of overlap with domesticated wheat, have experienced greater 

gene flow with hexaploid and tetraploid wheats. In contrast, the southern populations, isolated by 

geography, represent a distinct reservoir of allelic diversity, less frequently involved in 

hybridization with domesticated species (Cheng et al., 2019; Luo et al., 2007; Z. Wang et al., 

2023; Zhou et al., 2020). 

The overlapping ranges of Ae. tauschii and northern T. dicoccoides in the Fertile Crescent 

support the hypothesis that the polyploidization event leading to hexaploid wheat likely occurred 

in this region (Zhou et al., 2021). Northern T. dicoccoides populations likely played a critical 

role in this evolutionary process due to their proximity to Ae. tauschii. Meanwhile, the 

geographic isolation of southern populations has preserved alleles adapted to unique 

environments, making these populations particularly valuable for traits essential to future wheat 

improvement, such as drought tolerance and disease resistance (Adhikari et al., 2026; Peleg et 

al., 2005; Vuorinen et al., 2018; Zhou et al., 2020). 

Importantly, ecological conditions exert a stronger influence on allelic divergence within 

T. dicoccoides than geographic distance. Studies from the University of Haifa, Israel, reveal 
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significant differentiation among accessions based on environmental gradients, including altitude 

and seasonal growth habits (spring versus winter), which are shaped by local climatic conditions 

(Cheng et al., 2019; Kato et al., 1997, 1998; Ren et al., 2013). Traits such as nutrient use 

efficiency, drought tolerance, and resilience to extreme temperatures often reflect the specific 

environments in which populations evolved (Vuorinen et al., 2018). For example, accessions 

from arid or high-altitude regions exhibit unique adaptations to water scarcity or cold stress, 

underscoring their potential for breeding climate-resilient wheat varieties (Z. Wang et al., 2023). 

Accessions from environmentally stressful or niche conditions often harbor valuable 

allelic diversity shaped by selective pressures in their habitats. By incorporating these novel 

alleles into hexaploid wheat, breeders can address challenges such as climate variability and 

resource limitations. Southern populations of T. dicoccoides, in particular, are underutilized but 

represent a unique resource for broadening the allelic pool of wheat breeding germplasm and 

enhancing its adaptability to diverse agricultural environments (L. Huang et al., 2019; Li et al., 

2001; Peleg et al., 2008a). 

Overall, T. dicoccoides offers an invaluable genetic reserve, with diversity driven by both 

geographic and ecological factors. While the southern populations are especially distinct due to 

their isolation, accessions from across environmentally challenging habitats hold tremendous 

potential for modern wheat improvement. Leveraging this diversity is critical for equipping 

hexaploid wheat with the resilience needed to thrive in changing climatic pressures. 

Wild emmer as a resource for phenotypic diversity 

Given T. aestivum’s advanced improvement status in terms of yield and agronomic 

stability, the use of T. dicoccoides (wild emmer) as a source of trait diversity must be well-

justified. Introgressions from wild emmer often introduce linkage drag – manifesting as 
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reductions in yield and domestication traits such as seed size and threshability – potentially 

offsetting breeding gains (Bohra et al., 2022; Hao et al., 2020; Huang et al., 2003; Klindworth et 

al., 2013; Liu et al., 2006). Consequently, the incorporation of wild emmer alleles into modern 

wheat must be purposeful, targeting traits with proven potential for agronomic improvement 

rather than introducing alleles with unknown or deleterious functions. 

Fortunately, extensive research by the Institute of Evolution at the University of Haifa, 

Israel, has characterized the phenotypic diversity of T. dicoccoides. Studies have analyzed 

individual accessions as well as recombinant inbred line (RIL) mapping populations derived 

from crosses between T. durum and wild emmer (Peng et al., 2013; Xie & Nevo, 2008). This 

work provides a critical foundation for leveraging wild emmer trait diversity in hexaploid wheat 

breeding. Although hybridization between T. dicoccoides and T. aestivum is complicated by their 

differing ploidy levels, these efforts are essential to harness the genetic potential of wild emmer, 

which is central to wheat’s evolutionary and domestication history. 

Wild emmer as a resource for improving yield and physiological components  

One of the primary challenges in utilizing wild emmer for introgression breeding is its 

frequent association with reduced yield, driven by the co-inheritance of negative alleles and the 

potential disruption of domestication traits such as threshability and rachis robustness (Bohra et 

al., 2022; Hao et al., 2020; Huang et al., 2003; Klindworth et al., 2013; Liu et al., 2006). Wild 

emmer accessions also exhibit markedly greater asynchrony in tiller development, leading to a 

parallel asynchrony in flowering time (Rahman et al., 2023). Such variability poses challenges 

for field management and mechanical harvest, which rely on uniform crop maturity. In addition, 

wild emmer produces a higher proportion of non-fruiting tillers; although these do not contribute 

directly to grain number, they may still contribute positively to photosynthetic capacity by 
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increasing total leaf area and improving radiation interception (Rahman et al., 2023). By 

contrast, yield gains in modern wheat correspond with selection for an erect canopy architecture 

to support increased planting density, promote fewer but more productive tillers, and improve 

fruiting efficiency (Shan & Osborne, 2024; L. Zhao et al., 2023).  

Nevertheless, wild emmer possesses valuable alleles for enhancing yield component 

traits, such as kernel characteristics and biomass production. For example, while domesticated 

wheat grains are generally plump (wide and short), wild grains are often narrower and longer. 

Combining alleles from both wild and domesticated grains may improve grain weight by 

developing kernels that are both long and wide (Golan et al., 2015). Crucially, improvements in 

yield potential are not driven solely by sink traits (e.g., spike architecture and grain 

characteristics). A balance between source and sink traits must be achieved. This balance 

involves sufficient tillering and biomass production to support photosynthetic capacity while 

maintaining the ability to fill sink organs like grains. Excessive biomass production can waste 

energy if the plant cannot efficiently utilize photoassimilates for grain filling (Murchie et al., 

2023; Reynolds et al., 2017; Slafer et al., 2023). Historically, wheat breeding has focused on 

improving sink traits through maximization of harvest index, resulting in domesticated wheats 

with significantly reduced biomass compared to their wild relatives (Katamadze et al., 2023; 

Reynolds et al., 2017). 

Wild emmer, in contrast, offers exceptional potential for improving wheat biomass and 

photosynthetic capacity through its greater leaf area, enhanced canopy development, and 

superior radiation interception (Merchuk-Ovnat et al., 2016b). Although T. dicoccoides produces 

lower grain yields than T. aestivum, the substantial variation it displays in yield component traits 

highlights its capacity to contribute meaningfully to modern wheat breeding. It is important to 
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recognize, however, that yield improvement in wheat is not governed solely by additive genetic 

effects. Combining high-harvest index alleles from T. aestivum with high-biomass alleles from T. 

dicoccoides will not necessarily produce a linear or predictable enhancement of source-sink 

balance. Rather, yield is shaped by a combination of additive and epistatic variation, with allelic 

interactions occurring both within and across subgenomes (Tessele et al., 2025a, 2025b). As a 

result, introducing new alleles for a specific yield component may not express the intended 

phenotype if those alleles disrupt the finely tuned epistatic architecture that has been optimized 

within a particular breeding program. Thus, while targeted introgression of wild emmer diversity 

holds promise for improving yield and agronomic performance, it also carries the risk of 

perturbing established allelic interactions that underpin adaptation and productivity in elite 

germplasm.  

Wild emmer as a resource for disease resistance variation 

While not always directly tied to yield improvements, resistance to pests and diseases is 

an essential component of wheat breeding efforts. Resistance traits can significantly influence 

the final yield outcome, often through their capacity to mitigate losses under biotic stress. 

Complete susceptibility to specific pathogens can drastically reduce yields, particularly in 

environments with high disease pressure or in varieties lacking background resistance. The 

extent of yield loss due to disease often depends on the level of pre-existing breeding progress 

for resistance in the target variety (Barkley et al., 2014; Munaro et al., 2020). Historical yield 

improvements in wheat have often been closely linked to advances in breeding for disease 

resistance, with disease-resistant varieties enabling consistent production across a range of 

growing conditions (Zetzsche et al., 2020). 
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Wheat breeding for disease resistance has traditionally relied on loci with major effects, 

which offer robust and easily traceable resistance. This focus has made introgression breeding 

for disease resistance a primary strategy, as it avoids the complexities associated with 

transferring and tracking numerous minor effect quantitative loci. Instead, the efficient 

introgression of major loci into elite wheat backgrounds reduces the risk of linkage drag and 

allows for faster deployment of resistant varieties (Shahin et al., 2024). 

Wild emmer is an exceptional genetic resource for disease resistance due to its vast allelic 

diversity. This diversity stems from its adaptation to a broad range of environmental conditions 

and pressures across the Fertile Crescent, which has led to the evolution of resistance 

mechanisms against many pathogens. A multitude of resistance genes for critical wheat diseases 

– such as powdery mildew, leaf rust, stripe rust, and Fusarium head blight – have been identified 

in T. dicoccoides accessions, making it a key contributor to modern wheat improvement (Peng et 

al., 2013; Xie & Nevo, 2008). 

Powdery mildew 

Among the diseases affecting wheat, powdery mildew caused by Blumeria graminis f. sp. 

tritici has been a primary focus in resistance breeding efforts. T. dicoccoides has contributed 

extensively to the identification and characterization of powdery mildew resistance genes, many 

of which have been mapped to specific chromosomal regions and are now utilized in wheat 

breeding programs. Early studies, such as those by Reader and Miller (1991), established the 

potential of wild emmer for powdery mildew resistance. Subsequent efforts, including 

collaborations between the University of Haifa in Israel and the China Agricultural University in 

Beijing, have refined this understanding, identifying numerous genes tailored to diverse 

environmental pressures (Chen et al., 2005; Liu et al., 2002). 
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Some powdery mildew resistance genes derived from T. dicoccoides show region-

specific effectiveness, likely reflecting the environmental conditions where the accessions 

evolved or where the mapping was conducted. For example, many genes mapped in China 

exhibit high efficacy under the country’s significant powdery mildew pressure (Chen et al., 

2005). However, broader-spectrum resistance genes – effective across multiple isolates – have 

also been identified. These genes, such as those mapped by Blanco et al. (2008) and Ben-David 

et al. (2010), offer greater potential for global applicability, enabling the development of 

cultivars with more widespread durable resistance under conditions of strategic deployment. 

The ability of wild emmer to provide resistance to a wide array of powdery mildew 

isolates underscores its utility in wheat improvement. Genes like Pm36, mapped to chromosome 

5BL, and PmG16, mapped to chromosome 7AL, exemplify the potential of wild emmer-derived 

alleles to enhance global wheat resilience (Ben-David et al., 2010; Blanco et al., 2008). The early 

mapping of resistance genes, such as Pm16 and Pm30, highlights the historical and ongoing 

importance of wild emmer in resistance breeding (Blanco et al., 2008; Chen et al., 2005). Recent 

cloning of Pm41 on chromosome 3BL has enabled functional validation within a hexaploid 

wheat background and revealed that this resistance gene is unique to southern wild emmer 

populations (M. Li et al., 2020). This finding highlights the importance of tapping into 

geographically isolated and genetically differentiated groups of T. dicoccoides as reservoirs of 

effective and novel disease-resistance alleles.   

Leaf rust 

Wheat rust diseases, including leaf rust, stripe rust, and stem rust, are among the most 

significant threats to global wheat production (Huerta-Espino et al., 2011). Leaf rust, caused by 

Puccinia triticina, is particularly widespread and has severe implications for yield potential, 
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especially in regions like Kansas. In Kansas, where leaf rust frequently exerts high disease 

pressure, foliar fungicides are critical for mitigating yield losses during epidemic years (Barkley 

et al., 2014; Cruppe et al., 2021; Munaro et al., 2020). Globally, leaf rust affects both tetraploid 

and hexaploid wheat production, with durum wheat being especially vulnerable due to limited 

historical breeding for resistance (Knott et al., 2005; Lhamo et al., 2023). 

Although yield losses from leaf rust are typically less severe than those caused by stripe 

rust or stem rust, the disease still accounts for significant annual losses because of its widespread 

prevalence and frequency. Relative to stem rust, specifically, its early onset in the growing 

season allows it to reduce photosynthetic capacity earlier, which can compound its impact on 

overall plant health and productivity (Cruppe et al., 2021; Huerta-Espino et al., 2011). This 

underscores the importance of developing resistant wheat varieties to complement chemical 

control measures. 

Multiple sources of genetic resistance to leaf rust have been identified in wild emmer 

wheat. The first major resistance gene derived from wild emmer for wheat improvement was 

Lr53, located on chromosome 6B (Marais et al., 2005). This gene has been widely used due to its 

broad-spectrum effectiveness against diverse P. triticina pathotypes and its durable protection 

across varied environmental conditions (Knott et al., 2005; Raghunandan et al., 2022). 

Additionally, Lr53 has been successfully deployed in both T. durum and T. aestivum (Knott et 

al., 2005; Marais et al., 2005).  

Despite its success, the emergence of pathogen virulence against Lr53 highlights the 

challenges of relying on single resistance genes. Continuous pathogen evolution can overcome 

such major effect loci, necessitating the pyramiding of Lr53 with other Lr genes. Pyramiding 

involves combining additive and epistatic effects of multiple resistance loci, offering broader and 
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more durable protection against evolving P. triticina pathotypes (Lhamo et al., 2023; 

Raghunandan et al., 2022). 

While wild emmer provides invaluable genetic diversity, introgressing its resistance loci 

can pose challenges. Genes such as Lr53 often exhibit stronger performance in their native 

background or closely related lines than in unrelated breeding populations (Knott et al., 2005; 

Marais et al., 2005); effectiveness of resistance loci is highly dependent on the genetic 

background into which they are transferred. This issue is especially pronounced when 

transferring resistance into hexaploid wheat, where greater background allelic diversity can alter 

or diminish gene expression (Peng et al., 2013). Reports of resistance suppression during 

interspecific crosses, particularly across ploidy levels, add further complexity. In hexaploid 

wheat, resistance dilution is more likely because each of the three subgenomes can carry 

suppressors that attenuate the effect of introgressed genes (Chen et al., 2013; Hiebert et al., 2020; 

Knott et al., 2005; L. Wu et al., 2015). This phenomenon is well documented in rust diseases; 

nevertheless, because leaf rust resistance is comparatively rare in durum wheat, the genetic 

diversity present in wild emmer remains an essential resource for addressing this vulnerability 

(Lhamo et al., 2023).  

Since the identification of Lr53, additional sources of resistance from wild emmer have 

been discovered, including genes conferring both seedling resistance and durable, slow-rusting 

adult plant resistance. The variation in resistance reflects the diversity of P. triticina pathotypes 

and the evolutionary adaptation of wild emmer to different environmental pressures (Huerta-

Espino et al., 2011; Sela et al., 2011; Xie & Nevo, 2008). Breeding programs that rely heavily on 

single genes, such as Lr53, are particularly vulnerable to new virulent strains of P. triticina. 
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Breeding programs that adopt a more diversified strategy – stacking multiple, 

complementary sources of resistance – are better positioned to counter rapidly evolving pathogen 

populations. For instance, Lr67, a race-nonspecific slow-rusting gene introgressed from wild 

emmer to hexaploid T. aestivum, demonstrates strong efficacy in reducing leaf rust severity when 

combined with other Lr genes (Raghunandan et al., 2022; Lhamo et al., 2023). However, 

interpreting its effectiveness is complicated by the expression of leaf tip necrosis (LTN), which 

reduces functional leaf area and is frequently associated with yield penalties (Herrera-Foessel et 

al., 2014; Johnston et al., 2017; Sivasamy et al., 2014). When pyramiding multiple leaf rust 

resistance genes, the appearance of LTN can artificially inflate perceived resistance by simply 

reducing the amount of susceptible leaf tissue. Thus, to effectively harness durable resistance 

from wild emmer, improvements in leaf rust resistance must be disentangled from the 

confounding physiological consequences of LTN.  

Although the potential of wild emmer as a source of durable resistance for modern wheat 

has been recognized, its deployment has been only moderately successful. This is due in part to 

genomic suppressors that reduce the efficacy of transferred resistance genes (Chen et al., 2013; 

Hiebert et al., 2020; Knott et al., 2005; L. Wu et al., 2015) and, additionally, to the yield-

reducing effects of LTN associated with some pyramided leaf rust resistance genes (Herrera-

Foessel et al., 2014; Johnston et al., 2017; Sivasamy et al., 2014). Nevertheless, genes such as 

Lr53 remain promising resources, particularly for enhancing resistance in durum wheat. 

Innovative approaches to resistance breeding remain essential, especially with the high leaf rust 

pathotype diversity and widespread adaptation to many wheat growing regions (Huerta-Espino et 

al., 2011; Llamo et al., 2023; Raghunandan et al., 2022). The discovery, characterization, and 



18 

strategic deployment of novel sources of resistance from wild emmer remains important for 

sustaining long-term progress in improvement of both hexaploid and tetraploid wheats.   

Stripe rust 

Stripe rust, caused by Puccinia striiformis f. sp. tritici (Pst), is one of the most significant 

threats to global wheat production. Unlike leaf rust and stem rust, stripe rust thrives under cooler 

temperatures (7°C–15°C) and humid conditions, making it particularly devastating in temperate 

and high-altitude regions (Chen, 2005; De Wolf et al., 2023). The disease impacts both seedling 

and adult plants, resulting in characteristic yellow-orange pustules arranged in stripes along the 

leaf veins. By disrupting photosynthetic processes, stripe rust reduces grain fill, kernel weight, 

and test weight, leading to substantial yield losses (Chen, 2005, 2013). Severe epidemics can 

result in near-total yield loss in susceptible varieties (De Wolf et al., 2023; Wan et al., 2007). 

In the United States, stripe rust has become increasingly severe and frequent due to the 

emergence of aggressive pathogen races adapted to changing environment conditions. Multiple 

reports indicate emerging races of stripe rust that are now capable of surviving higher 

temperatures that would previously have been lethal, evolving the capacity to enter a dormant 

state and maintain disease proliferation once permissible temperatures are regained (Ali et al., 

2025; Gardner et al., 2023; Milus et al., 2009; Milus & Seyran, 2006; Miñana-Posada et al., 

2025; Zhang et al., 2024). In Kansas and the Central Great Plains, this thermal adaptation has 

contributed to increasingly early-season infections, especially when mild winters and wet springs 

align (Chen et al., 2002; De Wolf et al., 2023). These shifts have enabled stripe rust to spread in 

regions that historically were not well suited for its overwintering or early spring establishment. 

Early-season environmental indicators – particularly temperature and precipitation patterns – are 

therefore critical for predicting epidemic onset and implementing timely management strategies 
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(Chen, 2005; De Wolf et al., 2023). In epidemic years, yield losses can exceed 50% in 

susceptible cultivars, highlighting the importance of genetics-based resistance and integrated 

disease control (Chen, 2013). Indeed, stripe rust susceptibility has been identified as the strongest 

predictor of yield loss among Kansas wheat cultivars (Cruppe et al., 2021).  

T. dicoccoides (wild emmer) has been a foundational source of resistance genes for 

combatting stripe rust. Two of the most significant resistance genes derived from wild emmer are 

Yr15 and Yr36. Found on chromosome 1B, Yr15 provides race-specific resistance through a 

hypersensitive response that limits pathogen growth. This gene is effective against a broad range 

of Pst pathotypes and has been widely used in tetraploid and hexaploid wheat breeding programs 

(Klymiuk et al., 2018; Sun et al., 1997). Advances in molecular tools, such as marker-assisted 

selection (MAS), have facilitated the introgression of Yr15 into elite wheat cultivars without 

significant linkage drag (Peng et al., 2000a; Qie et al., 2019; Yaniv et al., 2015). Located on 

chromosome 6BS, Yr36 confers durable, non-race-specific resistance. This gene encodes a 

kinase-START protein, playing a role in temperature-dependent adult-plant resistance (Fu et al., 

2009). Yr36 is particularly valuable in temperate regions where stripe rust pressure persists 

throughout the growing season, providing sustainable control measures (Chen, 2013). Notably, 

Yr36 was absent in modern bread and pasta wheats until it was reintroduced to T. durum and T. 

aestivum from wild emmer germplasm, highlighting the importance of T. dicoccoides in 

improving stripe rust resistance across diverse wheat varieties (Fu et al., 2009). However, a 

potential yield disadvantage associated with Yr36 has contributed to its limited deployment in 

breeding programs (Brevis & Dubcovsky, 2010; Hale et al., 2012). Additional resistance sources 

from wild emmer continue to be identified. For example, YrH52, also mapped to chromosome 

1B, confers resistance to specific Pst races (Peng et al., 2000b). More recently, genome-wide 
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association studies (GWAS) have uncovered novel stripe rust resistance loci within wild emmer 

populations, offering new opportunities to leverage this diversity for durable resistance in 

modern wheat (Tene et al., 2022). 

The rapid evolution of Pst populations poses a persistent challenge to resistance breeding. 

Historical reliance on single major-effect genes has often led to the emergence of virulent 

pathogen strains capable of overcoming these resistance mechanisms (Chen, 2005; Chen et al., 

2002; Shahin et al., 2024). To address this, breeders are increasingly adopting pyramiding 

strategies, combining multiple resistance genes to provide broad-spectrum and durable protection 

(Klymiuk et al., 2018; Singh et al., 2005). 

A key focus in recent breeding efforts has been the selection of slow rusting, quantitative 

disease resistance alleles. Unlike qualitative resistance, which relies on major-effect genes to 

completely block pathogen growth, slow rusting involves multiple minor-effect genes that 

collectively reduce the rate of infection and disease progression (Chen, 2005, 2013; Shahin et al., 

2024; Singh et al., 2005). This form of resistance, associated with partial tolerance, is more 

durable because it exerts less selection pressure on the pathogen to evolve virulence. Notably, 

cultivars carrying only 4-5 slow rusting genes can achieve high resistance to both leaf and stripe 

rusts (Singh et al., 2005). 

Loci such as the Lr34/Yr18/Sr57/Pm38 complex, located on chromosome 7D, exemplify 

slow rusting resistance mechanisms that span multiple diseases, including leaf rust, stripe rust, 

stem rust, and powdery mildew (Krattinger et al., 2009). These adult-plant resistance (APR) 

genes confer partial, broad-spectrum resistance by slowing disease progression rather than 

completely halting infection. This approach makes them more durable, as the slower resistance 

mechanism imposes less selective pressure on pathogens, reducing the likelihood of resistance 
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breakdown over time. The Lr34/Yr18/Sr57/Pm38 complex encodes an ABC transporter protein 

and has been a cornerstone of rust resistance breeding globally, particularly in hexaploid bread 

wheat (Krattinger et al., 2009; Li et al., 2023). However, its utility in tetraploid species like 

durum wheat is limited by the challenges of transferring D genome sequences, which has 

necessitated alternative strategies such as transgenics or homoeologous recombination for 

introgression into these genetic backgrounds (Li et al., 2023). 

Similarly, the Lr53/Yr35 complex, derived from wild emmer wheat, demonstrates another 

example of co-inherited loci systematically transferred together during introgression into a 

hexaploid background. These loci provide partial resistance to both leaf and stripe rust and 

highlight the value of wild emmer as a reservoir of multi-trait resistance (Marais et al., 2005). 

The co-inheritance of these loci simplifies breeding efforts, as LD ensures their simultaneous 

transfer, facilitating pyramiding strategies to enhance resistance durability. Such linked loci are 

crucial for breeding programs aiming to address the increasing variability of pathogen 

populations driven by climate change and evolving virulence (Shahin et al., 2024). 

Genetic diversity for stripe rust resistance in wild emmer germplasm is closely linked to 

ecogeographical factors. Accessions from regions such as northern Israel, particularly the Mount 

Hermon area, are remarkable sources of resistance due to the high prevalence of Pst-favorable 

climatic conditions in these areas (Sela et al., 2014; L. Huang et al., 2019). This highlights the 

importance of incorporating geographically diverse germplasm into breeding programs to 

address the variability of stripe rust pathotypes. 

Stripe rust remains a significant challenge for wheat production, with wild emmer 

providing an invaluable reservoir of resistance genes that have demonstrated effectiveness in 

both tetraploid and hexaploid backgrounds (Fu et al., 2009; Klymiuk et al., 2018; Marais et al., 
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2005; Shahin et al., 2024; Sun et al., 1997). Advances in molecular tools, such as GWAS and 

MAS, have enabled the efficient utilization of wild emmer-derived genes, such as Yr15 and 

Yr36. These genes, along with slow rusting loci and co-inherited resistance blocks, form the 

cornerstone of modern stripe rust resistance breeding strategies. 

Fusarium head blight 

Fusarium head blight (FHB), primarily caused by Fusarium graminearum, is a 

devastating fungal disease that significantly impacts wheat yield and grain quality. The disease 

thrives under warm and humid conditions during the flowering and grain-filling stages. Losses 

are exacerbated by the accumulation of mycotoxins such as deoxynivalenol (DON), which 

render grain unsuitable for consumption or trade. This dual impact on yield and quality makes 

FHB one of the most economically significant wheat diseases, particularly in North America, 

where favorable environmental conditions frequently lead to outbreaks (Bai et al., 2018; Lemes 

da Silva et al., 2019). While management strategies such as crop rotation and fungicide 

application provide some level of control, breeding for genetic resistance remains the most 

effective and sustainable approach to mitigating FHB. 

Breeding for FHB resistance is exceptionally challenging due to the complex, 

quantitative nature of the trait. Unlike many other wheat diseases where major-effect resistance 

genes have been identified and deployed, FHB resistance is controlled by multiple QTLs, each 

contributing small to moderate effects. Resistance mechanisms in wheat are categorized into five 

types: resistance to initial infection (Type I), resistance to fungal spread within the spike (Type 

II), resistance to mycotoxin accumulation (Type III), resistance to kernel infection (Type IV), 

and tolerance to yield loss (Type V) (Bai et al., 2018; Bai & Shaner, 1994, 2004; Rudd et al., 
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2001). Type II resistance, which limits fungal spread, is the most widely studied and targeted in 

breeding programs due to its relatively higher heritability and ease of phenotypic evaluation. 

The deployment of FHB resistance in breeding programs is complicated by the genetic 

background’s influence on QTL effectiveness and the environment's impact on trait expression. 

Durable resistance often requires the stacking of multiple QTLs, leveraging their additive and 

epistatic effects (Kirana et al., 2023). Advances in molecular tools have facilitated the precise 

identification and deployment of FHB resistance alleles. These technologies are critical for 

integrating resistance genes from diverse sources, including wild emmer wheat, into modern 

wheat germplasm (Kumar et al., 2007; Lemes da Silva et al., 2019; Otto et al., 2002). 

Wild emmer wheat has been prioritized as a resource for improving FHB resistance; 

given its adaptation to diverse environments, a reservoir of alleles associated with resistance to 

both biotic and abiotic stresses has been identified (Garvin et al., 2009; Xie & Nevo, 2008). This 

allelic diversity is particularly valuable for durum wheat, which has limited natural resistance to 

FHB (Buerstmayr et al., 2013; Oliver et al., 2007). The close genetic relationship between wild 

emmer and tetraploid wheat facilitates the transfer of resistance QTLs into durum wheat with 

minimal genetic incompatibility. Indeed, QTLs originating from wild emmer have been validated 

in durum wheat backgrounds, with introgressed mapping populations exhibiting measurable 

improvements in FHB resistance (Buerstmayr et al., 2013; Soresi et al., 2017).   

Resistance loci from wild emmer have been mapped to several chromosomes, with 

significant QTLs identified on chromosomes 1A, 2A, 3A, 5A, and 7A (Garvin et al., 2009; 

Kumar et al., 2007; Otto et al., 2002). Of these, a QTL on chromosome 7A has been particularly 

impactful in reducing susceptibility. This locus confers Type II resistance, limiting fungal spread 

and reducing DON accumulation (Kumar et al., 2007). Another promising QTL on chromosome 
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3A has been associated with reduced disease severity and kernel infection, underscoring the 

potential of wild emmer to contribute diverse resistance mechanisms (Otto et al., 2002). These 

QTLs on chromosomes 7A and 3A with identified allelic diversity in wild emmer have 

established priority for introgression into durum wheat (Buerstmayr et al., 2013; Kumar et al., 

2007; Otto et al., 2002).  

The introgression of FHB resistance from wild emmer to durum wheat is not without 

challenges. Linkage drag – where undesirable agronomic traits are inadvertently co-transferred 

with resistance alleles – remains a significant obstacle (Hao et al., 2020; Summers & Brown, 

2013). Moreover, for FHB specifically, pleiotropic relationships between resistance, maturity, 

and plant height complicate the interpretation of resistance sources and present difficulties for 

commercial deployment of these alleles in adapted backgrounds (Buerstmayr et al., 2013; Kirana 

et al., 2023). The highly polygenic architecture of FHB resistance, coupled with strong 

environmental sensitivity, further underscores the need for advanced genomic approaches 

capable of identifying, resolving, and pyramiding multiple QTLs (Kirana et al., 2023). 

Fusarium head blight remains one of the most challenging diseases for commercial wheat 

production, threatening yield and grain quality worldwide. Wild emmer wheat offers a reservoir 

of allelic diversity for improving FHB resistance, with significant QTLs identified on 

chromosomes 3A and 7A providing valuable contributions to modern durum breeding efforts 

(Buerstmayr et al., 2013; Soresi et al., 2017). In hexaploid wheat, however, effective deployment 

of FHB resistance has been limited, even though resistance does not appear to be suppressed 

when transferred into a synthetic hexaploid background (Hartel et al., 2004). By leveraging the 

genetic resources of wild emmer, breeders can develop wheat cultivars with enhanced resistance, 
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supporting sustainable production and protecting grain quality in the face of ongoing disease 

pressures.  

Wild emmer as a resource for improvement of functional quality  

T. dicoccoides (wild emmer) has been extensively characterized as a valuable genetic 

resource for improving the functional quality of both tetraploid and hexaploid wheats (Peng et 

al., 2013; Xie & Nevo, 2008). While wild emmer generally exhibits lower yield levels compared 

to modern cultivated wheats, the strong inverse correlation between yield and protein content in 

wheat highlights its rich allelic diversity for protein and overall functional quality. Notably, wild 

emmer wheat exhibits distinct quality profiles compared to T. aestivum and T. durum, with wild 

alleles consistently associated with higher grain protein content, both in native germplasm and 

when introgressed into elite breeding lines (Cabas-Lühmann et al., 2023; Peng et al., 2013).  

One of the most significant contributions from wild emmer to cultivated wheat is the 

Gpc-B1 allele on chromosome 6B. This allele not only increases grain protein content but also 

enhances the concentrations of essential micronutrients such as zinc (Zn), iron (Fe), and 

manganese (Mn) (Distelfeld et al., 2007). The underlying mechanism involves nutrient 

remobilization from senescing leaves to developing grains during the filling stage. The role of 

Gpc-B1 in senescence-driven nutrient remobilization underscores the multifaceted benefits of 

wild emmer introgressions in enhancing multiple traits simultaneously. Furthermore, Gpc-B1 is 

genetically linked to Yr36, a high-temperature adult-plant stripe rust resistance gene derived 

from wild emmer, enabling simultaneous improvements in functional quality, disease resistance, 

and yield potential, in both tetraploid and hexaploid wheat backgrounds (Uauy et al., 2005). 

The adoption of Gpc-B1 in breeding programs has been limited; however, its consistently 

elevated expression of grain protein and micronutrient concentrations across diverse 
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environments demonstrates strong genetic control (Distelfeld et al., 2007). Gpc-B1, with its tight 

linkage to Yr36 and the associated reduction in yield, harbors a penalty that is unlikely to be 

tolerated in breeding programs under strong selection for yield productivity (Brevis & 

Dubcovsky, 2010; Hale et al., 2012). The allele itself is unique to wild emmer germplasm and is 

absent from modern breeding pools, underscoring both its value and the historical difficulty of 

overcoming the associated yield disadvantage. Whether the penalty is driven primarily by Gpc-

B1, by Yr36, or by their tight physical linkage remains unclear. Without targeted recombination 

to break this linkage block, it is difficult to determine whether bidirectional selection at the locus 

is feasible. Although historical gene flow between tetraploid and hexaploid wheat has shaped the 

allelic diversity of modern breeding populations, key beneficial alleles such as Gpc-B1 remain 

somewhat exclusive to wild emmer (Distelfeld et al., 2007; Peleg et al., 2009a). This highlights 

the need to continue mining wild emmer diversity – while developing strategies to decouple 

favorable traits from their associated yield penalties during introgression. 

Wild emmer is a vital resource for enhancing macro- and micronutrient concentrations, 

particularly Zn and Fe, which are essential for addressing widespread global nutrient deficiencies 

that disproportionately affect women and children. Genetic approaches are critical in this 

context, as management-based interventions are often limited in regions with nutrient-depleted 

soils (Cakmak et al., 2004; Distelfeld et al., 2007; Peleg et al., 2009a). For example, ZIP1, a gene 

involved in Zn uptake and transport, is upregulated in wild emmer under Zn-deficient conditions, 

reflecting its adaptation to poor soils and its potential for improving Zn homeostasis in cultivated 

wheat (Durmaz et al., 2010). 

In addition to Gpc-B1, wild emmer harbors numerous QTLs associated with quality traits, 

such as those on chromosome 5B, which influence both grain protein content and grain yield 
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(Cakmak et al., 2004; Fatiukha et al., 2020a; Gonzalez-Hernandez et al., 2004; Peng et al., 2013). 

Transgressive segregation for nutrient accumulation in T. durum and T. aestivum introgression 

populations and substitution lines further highlights the feasibility of improving both yield and 

functional quality simultaneously (Cakmak et al., 2004; Fatiukha et al., 2020a; Peleg et al., 

2009a; Xie et al., 2008). However, efforts to decouple beneficial traits, such as Fe and Zn 

accumulation, from undesirable traits, such as toxic metal uptake (e.g., cadmium and arsenic), 

are critical for ensuring sustainable biofortification strategies (Cabas-Lühmann et al., 2023). 

While enhancing protein content is a primary goal, functional protein quality must also be 

addressed to ensure superior end-use performance. Wild emmer introgression lines typically 

exhibit higher protein content, but this does not always translate to improved protein 

functionality. Deeper characterization of gluten proteins – specifically glutenins and gliadins – is 

necessary to link protein quantity with quality (Xu et al., 2004). 

Among wild emmer accessions, there is substantial allelic variation for protein 

functionality. For instance, the Glu-1A and Glu-1B loci each contain multiple unique alleles 

associated with variations in gluten strength and breadmaking performance (Pourmohammadi et 

al., 2023; Xu et al., 2004). Additionally, the high-molecular-weight glutenin subunit Glu-1Ay, 

located on chromosome 1A, is silenced in common hexaploid wheat but active in wild emmer. 

Introgressing an active Glu-1Ay allele into elite tetraploid and hexaploid germplasm has been 

shown to improve flour quality and functionality, demonstrating the potential of wild emmer for 

enhancing wheat quality (Wang et al., 2018). 

The extensive genetic diversity of wild emmer enables the improvement of yield, as well 

as nutritional and functional quality in modern durum and hexaploid bread wheat. The 

integration of traits such as higher grain protein content, increased micronutrient density, and 
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superior gluten functionality offers a pathway to address global challenges in food security and 

malnutrition (Cabas-Lühmann et al., 2023; Peleg et al., 2009a). 

Wild emmer and flowering time variation across vernalization requirements 

Flowering time is a crucial trait for regional adaptation and yield potential. Properly 

timed plant maturation optimizes the balance between biomass development and carbohydrate 

translocation, ultimately influencing final yield outcomes in wheat (Kato et al., 1998; Peng et al., 

2013). Flowering too early may expose plants to early-season cold stress and limit biomass 

accumulation, while flowering too late risks exposure to late-season heat and drought stress, 

reducing the time for grain carbohydrate accumulation. Although developmental timing is a 

quantitative trait, a few major genes related to vernalization and photoperiod account for a 

significant proportion of variation in modern wheat germplasm (DeWitt et al., 2021). 

The primary gene regulating vernalization requirement is Vrn1, located on the 

homoeologous group 5 chromosomes of T. aestivum. Vernalization ensures flowering after cold 

winter temperatures, triggering the transition from vegetative to reproductive growth as 

temperatures rise (Kato et al., 1997; Strejčková et al., 2023). Another key gene group includes 

the photoperiod sensitivity genes (Ppd-1) on homoeologous group 2 chromosomes. 

Overexpression of Ppd-1 loci across all three subgenomes results in photoperiod insensitivity, 

allowing flowering to occur regardless of day length (DeWitt et al., 2021). Photoperiod-

insensitive varieties are valuable in providing stability in flowering time under varying 

environmental conditions, whereas photoperiod sensitivity is beneficial in adaptive genotypic 

response. 

In addition to these major genes, earliness per se (eps) genes also contribute to flowering 

time variation. Unlike Vrn1 and Ppd-1, eps genes function independently of environmental 
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stimuli and have smaller, quantitative effects, modulating flowering time under consistent 

growing conditions. These QTLs are frequent on chromosomes 2B, 3A, 4D, 5A, 5B, and 7B 

(Zhou et al., 2016). 

Wild emmer populations exhibit substantial variation in developmental timing due to 

eco-geographical adaptation to diverse climatic conditions (Peng et al., 2013). Early studies on 

wild emmer classified accessions into four groups based on vernalization requirements: strongly 

spring, moderately spring, moderately winter, and strongly winter types. While facultative 

spring/winter types are widely distributed across the Fertile Crescent, strongly spring types are 

restricted to low-altitude Israeli regions, and strongly winter types are confined to colder, high-

altitude areas. Altitude, temperature, and humidity are the strongest correlators with vernalization 

requirements in wild emmer (Kato et al., 1997). 

In addition to vernalization requirement, there is substantial allelic variation at the Vrn1 

locus in wild emmer, influencing the length of vernalization needed for flowering (Strejčková et 

al., 2023). Beyond vernalization, significant variation exists in flowering time due to QTLs 

associated with Ppd-1 and other loci. This variation allows wild emmer to fine-tune 

developmental timing for regional adaptation (Kato et al., 1998; Peng et al., 2003).  

Wild emmer exhibits high phenological plasticity, enabling it to adapt to climatic 

variability. Nevo et al. (2012) demonstrated this through a 28-year study, showing an average 

8.5-day reduction in flowering time in response to rising temperatures. This adaptive shortening 

highlights wild emmer's value in breeding programs targeting resilience to climate change. 

Notably, QTLs for both earlier and later flowering have been identified in wild emmer. Even on 

the same chromosome (e.g., 2B), flowering can be accelerated or delayed depending on 
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interactions with other loci, providing opportunities for both flexibility and precision in breeding 

strategies (Zhou et al., 2016). 

The allelic diversity present in wild emmer offers extensive opportunities for tetraploid 

and hexaploid wheat improvement, particularly for modifying developmental timing traits. 

Although QTL related to crop maturation have not historically been prioritized for introgression 

from wild emmer, the substantial variability surrounding key developmental loci highlights a 

reservoir of usable diversity (Kato et al., 1997, 1998; Strejčková et al., 2023; Nevo et al., 2012). 

Whether the breeding goal is to accelerate or delay flowering, adjust vernalization requirements, 

or broaden phenological plasticity, wild emmer provides alleles capable of expanding the allelic 

variation available in modern germplasm pools. Such adaptability is increasingly important 

under shifting climatic conditions, positioning wild emmer as a critical resource for future wheat 

breeding efforts.  

Wild emmer as a reservoir of abiotic stress tolerance 

The increasing unpredictability of climatic patterns has necessitated a shift in breeding 

programs toward developing crop varieties with enhanced climate resilience while maintaining 

other desirable agronomic traits. Achieving an optimal balance between yield plasticity – defined 

as a genotype’s ability to respond favorably to improved growing conditions – and yield 

potential is critical for ensuring performance in both stressed and non-stressed environments 

(Peleg et al., 2005). Among abiotic stressors, drought and heat are the most significant threats to 

global food production, driving associated challenges such as soil aridity, salinity, and nutrient 

scarcity (Merchuk-Ovnat et al., 2016a; Peleg et al., 2005, 2009). In this context, wild emmer 

wheat represents an invaluable genetic resource for addressing these challenges (Nevo & Chen, 

2010; Peng et al., 2013). 
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Wild emmer evolved in the Fertile Crescent, an environment dominated by water 

limitation. The extreme and recurrent drought characteristic of this region has driven the 

development of both drought escape and drought tolerance mechanisms in wild emmer 

populations (Lauterberg et al., 2022; Peleg et al., 2005). Drought escape is evident in earlier 

flowering accessions, which accelerates grain-filling to avoid terminal drought stress. Beyond 

escape mechanisms, wild emmer exhibits a suite of refined drought tolerance traits, including 

improved water-use efficiency, osmotic adjustment, and leaf-level adaptations such as rolling 

and higher chlorophyll content (Peleg et al., 2009b). 

Significant variation for traits like carbon isotope ratio (indicative of water-use 

efficiency), harvest index, and total dry matter, has also been identified (Suneja et al., 2019). 

Most drought-adaptive alleles are attributed to wild emmer, although some contributions from 

elite breeding lines have been noted, reflecting the quantitative nature of drought tolerance (Nevo 

& Chen, 2010; Peleg et al., 2009b). The introgression of quantitative, small-effect loci from wild 

emmer into cultivated wheat can lead to linkage drag, complicating breeding efforts (Bohra et 

al., 2022; Hao et al., 2020; Huang et al., 2003; Klindworth et al., 2013; Liu et al., 2006; 

Merchuk-Ovnat et al., 2016a). 

Despite these challenges, several major QTLs from wild emmer have been identified and 

characterized. QTLs on chromosomes 2B, 7A, and 7B have demonstrated improvements in crop 

productivity under water-limited conditions while maintaining performance in non-stressed 

environments (Fatiukha et al., 2021; Peleg et al., 2009b, Peng et al., 2013). However, 

introgressing these QTLs into elite T. durum and T. aestivum backgrounds has had mixed 

success, with some failing to validate attributable to strong linkage drag or unidentified epistatic 

interactions (Lauterberg et al., 2022; Merchuk-Ovnat et al., 2016a). One notable success is a 
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QTL on chromosome 5B, associated with improved nitrogen-use efficiency (NUE) under 

drought conditions. Although this QTL did not directly increase yield, it significantly enhanced 

grain protein content, demonstrating its utility in improving nutrient-use efficiency and 

productivity under stress in a hexaploid wheat background (Govta et al., 2024). 

Salinity stress, exacerbated by drought, is another major abiotic challenge. Unlike 

drought tolerance, salinity tolerance involves simpler genetic control mechanisms, primarily the 

regulation of sodium (Na) accumulation and transport within the plant (Nevo & Chen, 2010). 

Tetraploid durum wheat, lacking the D genome from Ae. tauschii, is particularly vulnerable to 

salinity stress, as major salinity tolerance genes are often absent in modern A and B subgenomes 

(Suneja et al., 2019). Wild emmer, however, exhibits significant variability in Na uptake and 

sequestration, with some accessions demonstrating simultaneous tolerance to both drought and 

salinity. This underscores the interplay between these stressors and the potential of wild emmer 

to improve resilience across multiple abiotic challenges (Shavrukov et al., 2010). 

A critical measurement for salinity tolerance is the K/Na ratio, with higher Na 

accumulation negatively affecting plant growth. Wild emmer accessions with superior salinity 

tolerance maintain a favorable K/Na ratio through mechanisms such as enhanced Na exclusion or 

sequestration in vacuoles (Nevo & Chen, 2010; Shavrukov et al., 2010). These traits are 

invaluable for improving tetraploid wheat’s performance under saline and arid conditions. 

Wild emmer’s adaptability to diverse environmental conditions is further evidenced by its 

plasticity in stress-response. QTLs linked exclusively to plasticity metrics, rather than primary 

indicator traits, highlight its capacity to adjust to fluctuating environmental stresses (Suneja et 

al., 2019; Fatiukha et al., 2021). The broad genetic diversity observed across an ecogeographical 
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gradient offers opportunities for targeted selection of accessions from specific regions for 

introgression breeding (Peleg et al., 2005). 

Wild emmer wheat is a vital reservoir of genetic diversity for abiotic stress tolerance, 

offering solutions to drought, salinity, and nutrient deficiencies. Its mechanisms of stress 

adaptation, rich allelic variability, and potential for introgression into modern tetraploid and 

hexaploid wheat cultivars make it a cornerstone for climate-resilient breeding programs. 

Although challenges such as linkage drag and complex trait inheritance remain, advances in 

genomic tools and precision phenotyping are paving the way for more efficient utilization of 

wild emmer’s genetic resources. By harnessing the adaptive traits of this ancestral wheat, 

breeders can address the pressing need for sustainable and resilient agricultural systems in a 

changing climate. 

Historic prioritization of qualitative traits in introgression breeding 

As highlighted in previous sections, wild emmer carries a wide range of beneficial traits 

that have been well documented with respect to their ecogeographical associations and potential 

value in breeding programs (Peleg et al., 2005, 2008; Peng et al., 2013; Xie et al., 2008). 

However, despite the detailed trait mapping and characterization of allelic diversity, 

introgressions prevalent in modern wheat breeding remain largely confined to loci with large 

effects, particularly those controlling traits under simpler genetic regulation where major genes 

can be identified and mapped (Johansson et al., 2024). Moreover, successful examples of 

introgression from wild emmer are somewhat limited to tetraploid durum wheat, where full 

chromosomal compatibility enables more straightforward gene transfer (Buerstmayr et al., 2013; 

Knott et al., 2005; Lhamo et al., 2023; Soresi et al., 2017).  
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In the case of wild emmer and other species within the wheat gene pool, introgressions 

have historically focused on disease resistance, with only a few exceptions for large-effect QTL 

associated with complex traits, such as Gpc-B1 (grain protein content) and Glu-1Ay (glutenin 

composition), that have been successfully deployed in both tetraploid and hexaploid breeding 

programs (Distelfeld et al., 2007; Peng et al., 2013; Xu et al., 2004). Notably, transferring wild 

emmer-derived disease resistance into hexaploid wheat can be complicated by a reduction in 

resistance efficacy, a phenomenon thought to result from attenuation of expression driven by 

suppressors across the three hexaploid wheat subgenomes (Chen et al., 2013; Hiebert et al., 

2020; Knott et al., 2005; L. Wu et al., 2015). 

One of the primary constraints limiting the broader utilization of wild emmer-derived 

alleles is linkage drag – the introduction of undesirable alleles from donor segments, which 

remain in genetic linkage with the target locus due to large chromosomal introgressions (Li et al., 

2022; Platten & Fritsche-Neto, 2023; Qi et al., 2007; Summers & Brown, 2013). A well-

documented example of linkage drag in wheat breeding is the 1BL.1RS translocation from rye 

(Secale cereale) to wheat. While this introgression conferred increased yield potential and 

enhanced tolerance to abiotic stress and disease through the rye-derived segment, it also resulted 

in a significant reduction in bread-making quality due to the loss of gluten storage protein genes 

(Johansson et al., 2024; Katamadze et al., 2023). Because this segment is a translocation that 

does not freely recombine with wheat chromosomes, it is expected to exhibit especially 

pronounced linkage drag when homologous recombination is restricted (Bohra et al., 2022; Hao 

et al., 2020; Klindworth et al., 2013). Another example previously discussed that arises under 

conditions of free recombination is the reported linkage drag associated with introgressing the 

Gpc-B1/Yr36 complex. Here, a yield penalty is most pronounced in tetraploid materials and is 
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particularly evident in environments conducive to long grain fill periods, as Gpc-B1 accelerates 

senescence, thereby shortening the duration available for grain filling and reducing final grain 

weight (Brevis & Dubcovsky, 2010; Hale et al., 2012). 

In the case of wild emmer, introgressions into wheat often carry linkage drag effects 

related to yield. The introduction of chromosomal segments from wild emmer can disrupt the 

allelic composition and interactions within elite wheat backgrounds, thereby reducing yield 

performance due to the incorporation of unadapted alleles (Bohra et al., 2022; Hao et al., 2020; 

Huang et al., 2003; Klindworth et al., 2013; Liu et al., 2006). As a result, breeding efforts have 

prioritized the transfer of large-effect QTL while utilizing marker-assisted background selection 

to accelerate the introgression process while minimizing unwanted genetic baggage (Li et al., 

2022). This strategy allows for the efficient transfer of beneficial alleles while limiting negative 

trade-offs associated with extensive linkage drag. 

This challenge is exacerbated when making introgressions for traits controlled by 

numerous small-effect QTL distributed across the genome. Unlike single major-effect loci, these 

polygenic traits are difficult to map and selectively introduce without also carrying undesirable 

alleles from the donor genome. Backcrossing and recombination over multiple generations 

remain essential to refining introgressed segments, ultimately selecting for the smallest possible 

chromosomal region that retains a beneficial effect while minimizing disruptions to the genetic 

background (Nyine et al., 2020; Platten & Fritsche-Neto, 2023). 

Despite the challenges, the reintroduction of genetic diversity from less-adapted 

germplasm is sometimes necessary. The trade-off between short-term genetic gains and the long-

term maintenance of genetic variation must be carefully managed. A targeted approach to 

introgression is particularly useful when existing breeding populations lack genetic diversity for 
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a given trait or when new selection pressures arise, such as the emergence of novel diseases (Li 

et al., 2022). In these cases, wild germplasm may provide critical resistance alleles, as has been 

demonstrated through the successful transfer of multiple disease-resistance loci from wild emmer 

into tetraploid and hexaploid wheat (Klymiuk et al., 2018; Knott et al., 2005; M. Li et al., 2020; 

Marais et al., 2005; Peirce et al., 2024; Sun et al.,1997; Tene et al., 2022). 

With the increasing emphasis on quantitative breeding approaches – where selection 

upon genome-wide variation is prioritized rather than focusing solely on individual markers – the 

role of introgression breeding is evolving. If crop improvement strategies rely on the 

accumulation of small-effect alleles and complex genetic interactions, the prioritization of major 

QTL introgression may diminish, especially if those introgressions compromise essential 

agronomic traits such as yield stability. This raises a fundamental question: How can breeding 

programs balance the need for allelic diversity to ensure long-term adaptive potential without 

negatively impacting immediate performance? 

Although introgression breeding in wheat has historically been limited to qualitative 

traits, emerging technologies – such as high-throughput genotyping and phenotyping, improved 

modeling of allelic effects, and haplotype-based selection – offer new opportunities. Future 

breeding programs may increasingly target introgressions to capture a broader spectrum of 

genetic variation, particularly in preparation for climate change challenges. By maintaining 

allelic diversity across numerous small-effect loci, breeders can enhance trait potential and 

stability, ensuring that wheat populations remain resilient to future environmental fluctuations. 

Without these proactive strategies, breeding programs risk facing future scenarios where elite 

germplasm becomes ill-equipped to handle emerging threats or environmental extremes. Wheat 
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improvement programs are thus at the pivotal position of meeting both present and future 

challenges. 

Evaluation of approaches to introgression breeding 

While linkage drag remains a fundamental challenge in utilizing wild relatives for 

introgression, the choice of introgression strategy significantly influences the success and 

effectiveness of the process. Several approaches have been employed in introgression breeding, 

each with its own advantages and limitations. 

The most straightforward approach is direct crossing between the recipient and donor 

germplasm (Katamadze et al., 2023). Kansas State University, through its Wheat Genetics 

Resource Center, has successfully expanded wheat’s allelic diversity via direct crosses with wild 

relatives, producing a collection of introgression germplasm (Cox et al., 2017; Gill et al., 2006). 

This method allows for the rapid transfer of novel genetic material and typically requires 

subsequent backcrossing to recover the recipient background and minimize the size of 

introgressed linkage blocks. 

However, direct crossing is constrained by chromosomal compatibility, as it relies on 

meiotic recombination between homologous genomes. As a result, it is primarily limited to 

species within wheat’s secondary gene pool, such as Ae. tauschii (D subgenome) and T. 

turgidum (A/B subgenomes) (Boehm & Cai, 2024; Katamadze et al., 2023). When chromosomal 

complements do not fully align, issues such as low seed set in F1 progeny arise, requiring 

multiple backcross generations to improve fertility and stability. Furthermore, this approach does 

not facilitate simultaneous introgression across all three wheat subgenomes without elaborate, 

time consuming crossing schemes. The Wheat Genetics Resource Center at Kansas State 

University has strategically emphasized D subgenome introgressions using Ae. tauschii to 
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address the historically low allelic diversity of this subgenome relative to the A and B 

subgenomes (Gill et al., 2006; Cox et al., 2017). As such, the structure of D subgenome diversity 

and the effects of Ae. tauschii introgression into hexaploid germplasm are already well defined in 

prior work (Nyine et al., 2020, 2021, 2025; Singh et al., 2019).  Complementary efforts by the 

USDA-ARS Hard Winter Wheat Genetics Research Unit have focused on directly crossing wild 

emmer with T. aestivum to introduce A and B subgenome alleles for targeted improvement on 

functional quality traits. This foundational work has provided a clearer understanding of ploidy 

alterations that occur during direct crosses between wild emmer and hexaploid wheat, as well as 

recombination patterns in resulting progeny, highlighting regions where large introgressions are 

retained and areas where the T. aestivum background persists due to strong domestication loci 

signatures (Price et al., 2025a, 2025b).  

Another way breeders have achieved widespread introgression across all wheat 

subgenomes is through an indirect approach – the development of synthetic hexaploid wheat. 

This process involves recreating T. aestivum’s hexaploid genome structure through crosses 

between its ancestral species, tetraploid T. turgidum and diploid Ae. tauschii (Warburton et al., 

2006). The resulting synthetic wheat lines introduce a significant increase in genetic diversity 

across all three wheat subgenomes. 

This approach has been extensively employed by CIMMYT, primarily using durum 

wheat as the tetraploid parent, resulting in synthetics that are predominantly of the spring growth 

type (Cox et al., 2017). Unlike direct crosses, which often yield poorly fertile offspring 

segregating for chromosome number, synthetic wheats provide fully meiotically stable lines that 

have full compatibility with any T. aestivum parent. Furthermore, CIMMYT's research on 

synthetic wheat has enhanced understanding of D subgenome variation and helped introduce 
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valuable diversity into genomic regions of historically low nucleotide diversity (Cox et al., 2017; 

Warburton et al., 2006). 

However, the major drawback of synthetic hexaploids is the reliance on unadapted 

genetic material, which lacks key domestication traits. Since these lines originate from deeply 

divergent wild relatives, their agronomic performance can be unpredictable due to disruptions in 

genetic interactions (Katamadze et al., 2023). While direct crosses allow for relatively quick 

recovery of recipient background through backcrossing, synthetic wheats require a longer period 

of selection to re-domesticate and eliminate unfavorable alleles. Therefore, breeders face a trade-

off between the speed of deploying introgressions and the degree of genetic diversity introduced 

(Cox et al., 2017; H. Li et al., 2024). 

Gene editing, particularly CRISPR-based approaches, represents a promising but still 

developing method for gene introgression. However, significant challenges remain, primarily 

regulatory restrictions and public acceptance surrounding gene editing, which have slowed 

research and commercialization efforts (Katamadze et al., 2023). 

While CRISPR offers unparalleled precision for modifying specific genomic regions, its 

application in introgression breeding remains constrained by quantitative genetic complexity. 

Many key agronomic traits are governed by polygenic networks, making it difficult to pinpoint 

and edit individual loci with large enough effects to be meaningful. This limitation is a key 

reason why traditional introgression breeding has focused on large-effect QTL rather than more 

complex, small-effect loci. Until methodologies for selecting and quantifying polygenic variation 

improve, gene editing will remain complementary rather than a replacement for introgression 

breeding (Katamadze et al., 2023). 
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Despite these challenges, CRISPR has already demonstrated its utility in wheat breeding, 

particularly in targeting gluten proteins associated with celiac disease. Researchers have used 

multiplex genome editing to knock out specific gliadin components while preserving gluten 

proteins essential for breadmaking quality (Sánchez-León et al., 2018; Yu et al., 2023). This 

demonstrates CRISPR’s potential for highly targeted modifications with minimal off-target 

effects. As gene editing techniques evolve, their role in introgression breeding is likely to 

expand. 

When gene introgression involves species outside the wheat primary and secondary gene 

pools, an alternative approach is the creation of amphiploid hybrids. Amphiploids result from 

direct crosses between recipient and donor species, followed by chemical chromosome doubling 

to ensure full genomic representation of each species. This method is particularly useful when 

meiotic compatibility between species is limited, allowing breeders to bypass traditional crossing 

barriers (Boehm & Cai, 2024). 

One well-known example of amphiploid utilization in wheat breeding is wheat-rye 

hybrids. These crosses aimed to enhance wheat’s abiotic stress tolerance, biomass production, 

and yield potential by incorporating rye genetic material while maintaining essential wheat traits 

such as breadmaking quality (Boehm & Cai, 2024; Katamadze et al., 2023;). However, a major 

limitation of this approach is unexpected reductions in gluten functionality, leading to lower 

breadmaking quality (Johansson et al., 2024). Despite the benefits of introgressing adaptive traits 

from rye, linkage drag remains a persistent challenge. 

Another application of amphiploid hybrids in wheat breeding involves crossing with Ae. 

tauschii. While direct crosses between hexaploid T. aestivum and Ae. tauschii are feasible, they 

often result in poorly fertile F1 hybrids. Fertility can be restored through backcrossing; however, 
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this process tends to disproportionately favor the T. aestivum D subgenome, leading to a reduced 

contribution from Ae. tauschii as backcrossing progresses (Cox et al., 2017). In contrast, using an 

amphiploid hybrid approach – where embryos from the cross between wheat and Ae. tauschii are 

rescued and subjected to chemical chromosome doubling – creates a synthetic octoploid that 

retains the full genomic complement of both parental D subgenomes. Subsequent backcrossing 

restores hexaploidy while maintaining a higher frequency of Ae. tauschii alleles compared to 

standard direct crosses. While amphiploid hybrids are not strictly necessary for Ae. tauschii 

introgression, they provide a more efficient means of transferring D subgenome diversity, 

ultimately accelerating genetic gain (H. Li et al., 2024; Nyine et al., 2020). 

Conclusion 

The genetic improvement of elite wheat breeding germplasm relies on both maintaining 

high-yielding, well-adapted varieties and ensuring long-term genetic diversity to sustain future 

gains. Wild emmer represents an invaluable reservoir of genetic variation, offering beneficial 

alleles for yield improvement, stress resilience, disease resistance, and functional quality. 

However, challenges such as linkage drag, the complexity of polygenic traits, and disruptions to 

agronomic stability must be carefully managed to maximize the benefits of introgression 

breeding. 

The evolution of hexaploid wheat highlights the crucial role of T. dicoccoides in shaping 

modern wheat’s genetic landscape. While past breeding efforts have primarily focused on major 

qualitative traits, such as disease resistance, advancements in genomic tools and breeding 

strategies now provide an opportunity to integrate T. dicoccoides alleles for the enhancement of 

quantitative traits. For example, the use of synthetic octoploid wheat as a bridge for introgression 

allows for a more efficient transfer of diverse alleles. Although this approach has been prioritized 
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in the genetically constrained D subgenome, its utility lies in circumventing some of the 

traditional limitations of direct crossing, enabling a broader and more effective utilization of 

species like T. dicoccoides in wheat breeding. 

Modern breeding programs face a critical challenge: balancing immediate agronomic 

performance with long-term adaptability. The increasing unpredictability of environmental 

conditions, along with the emergence of new pathogens and changing agricultural demands, 

underscores the necessity of preserving and leveraging genetic diversity. While historical 

selection pressures have favored short-term productivity, future wheat improvement must 

integrate strategies that enhance phenotypic plasticity and ensure stable resilience in dynamic 

growing conditions. 

Ultimately, the successful utilization of T. dicoccoides in modern wheat breeding hinges 

on a strategic, long-term approach – one that balances genetic diversity with agronomic 

performance. By embracing innovative breeding methodologies and maintaining a commitment 

to allelic conservation, wheat improvement programs can secure the resilience, adaptability, and 

productivity necessary to meet global challenges in food production. 
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Chapter 2 - Genomic signals of introgression using a wheat-Aegilops 

tauschii amphiploid bridge to bring allelic diversity from wild 

emmer into adapted hexaploid wheat 

Abstract 

Introgression from wheat wild relatives can broaden the allelic base of breeding 

germplasm, with donor recovery, genome stability, and distribution of retained haplotypes 

influenced by founder divergence and population development strategy. This research 

characterized genome-wide introgression in seven Triticum dicoccoides (wild emmer) 

germplasm development populations produced using a wheat-Aegilops tauschii synthetic 

octoploid amphiploid bridge. Expected donor contributions were 8.33% on the A and B 

subgenomes and 4.17% on the D subgenome. High-density sequencing-derived variants from 

population founders were used to perform pedigree-based imputation into introgression lines 

genotyped using the Illumina Infinium Wheat/Barley 40 K SNP array. Patterns of introgression 

were assessed using founder allele proportions. Observed donor contributions broadly reflected 

the population development scheme. Wild emmer donor proportions on the A and B subgenomes 

ranged from 0.09-0.20, while Aegilops tauschii donor proportions on the D subgenome ranged 

from 0.04-0.07. Introgression was enriched in distal, higher recombination regions and reduced 

in pericentromeric intervals, consistent with known chromosomal recombination landscapes in 

wheat. D subgenome introgressions were less frequent, but often longer, likely reflecting low D 

subgenome progeny marker density, reduced recombination resolution, and greater divergence 

between Aegilops tauschii ssp. tauschii and the recurrent parent D subgenomes. Comparison 

with previous results indicates that amphiploid bridge and direct crossing approaches produce 
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broadly similar landscapes of introgression from wild emmer. The bridge-mediated strategy 

differs by introducing allelic diversity in the D subgenome and by theoretically reducing D 

subgenome aneuploidy expected from direct tetraploid x hexaploid crosses. Overall, this research 

demonstrates that amphiploid bridge-mediated introgression is a viable strategy for generating 

hexaploid wheat breeding germplasm with introgressions across all three subgenomes. 

Introduction 

Bread wheat (Triticum aestivum, 2n = 6x = 42, AABBDD) is an allohexaploid species 

whose genome is composed of three homoeologous subgenomes derived from distinct ancestral 

species. This genomic architecture enables the targeted reintroduction of allelic diversity from 

related taxa in the primary and secondary gene pools – species that share one or more 

homologous subgenomes with wheat and thus permit homologous recombination – through 

conventional crossing approaches (Boehm & Cai, 2024; Hao et al., 2020; Nyine et al., 2020). 

Two such species have been central to wheat introgression breeding: wild emmer (Triticum 

dicoccoides), which carries the A and B subgenomes present in T. aestivum, and Aegilops 

tauschii, the diploid progenitor of the wheat D subgenome.  

Among the three wheat subgenomes, the D subgenome has been recognized as harboring 

relatively low allelic diversity compared with the A and B subgenomes, and has therefore been a 

primary target of introgression breeding (Akhunov et al., 2010; Cox et al., 2017; H. Li et al., 

2024; Zhou et al., 2020). However, direct crosses between hexaploid wheat and Ae. tauschii are 

hindered by poor fertility, as only the D subgenome finds homologous pairing partners during 

meiosis. To overcome this limitation, synthetic hexaploid wheat has been evaluated as an 

alternative strategy. In this approach, Ae. tauschii is crossed with a tetraploid wheat – most 

commonly durum wheat (T. durum) – to recreate a hexaploid genome analogous to the 



45 

evolutionary origin of bread wheat (Cox et al., 2017; Dreisigacker et al., 2008; Warburton et al., 

2006). While synthetic hexaploids can introduce substantial D subgenome diversity, they also 

represent a major reset of breeding progress, producing germplasm that is genetically distant 

from elite hexaploid breeding germplasm.  

The disruption of coadapted allele networks that have been refined through decades of 

selection for agronomic performance has limited the direct use of synthetic hexaploids in 

commercial variety development (Cox et al., 2017; Dreisigacker et al., 2008; H. Li et al., 2024). 

The Wheat Genetics Resource Center (WGRC) at Kansas State University assessed an 

alternative strategy through employment of a wheat-Aegilops tauschii amphiploid bridge. In this 

system, hexaploid wheat is crossed directly with Ae. tauschii, followed by embryo rescue and 

colchicine-induced chromosome doubling to generate synthetic octoploid doubled haploids 

containing two full complements of the D subgenome (Dale et al., 2017; Nyine et al., 2020). 

These octoploids could then be backcrossed to the original hexaploid recurrent parent, 

recovering hexaploidy and an elite background while retaining targeted D subgenome 

introgressions. Germplasm developed through this amphiploid bridge approach has been 

extensively characterized, and its utility for introducing D subgenome diversity into elite wheat 

backgrounds is well established; a detailed discussion of this work is therefore deferred to the 

existing literature (Nyine et al., 2020, 2021, 2025; Singh et al., 2019).  

In contrast to the D subgenome, introgression of allelic diversity on the A and B 

subgenomes is comparatively more tractable due to the availability of tetraploid wheat species 

that share full homology with both subgenomes, including wild emmer (T. dicoccoides), 

domesticated emmer (T. dicoccum), and durum wheat (T. durum). Direct crosses between 

hexaploid and tetraploid wheats avoid the severe fertility penalties associated with the complete 
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absence of homoeologs for two subgenomes, as occurs in direct crosses with Ae. tauschii. 

Nonetheless, much of the existing work on A and B subgenome introgression has focused on 

durum wheat, where complete chromosomal homology with wild emmer and a comparatively 

narrow allelic base have facilitated the identification and deployment of beneficial trait diversity 

(Buerstmayr et al., 2013; Chen et al., 2013; Haudry et al., 2007; Lhamo et al., 2023; Peng et al., 

2013; Soresi et al., 2017; Xie & Nevo, 2008). 

Efforts to introgress A and B subgenome diversity from wild emmer directly into 

hexaploid wheat are comparatively fewer. Outside of synthetic hexaploid-based strategies, which 

primarily emphasize D subgenome variation, notable progress has been made by the USDA-ARS 

Hard Winter Wheat Genetics Research Unit (HWWGRU). In this work, direct crosses between 

adapted hexaploid wheat and tetraploid wild emmer, followed by one backcross to the adapted 

recurrent parent, were used to generate introgression populations in elite backgrounds, enabling 

characterization of wild emmer introgression within agronomically adapted germplasm (Price et 

al., 2025a). These efforts have produced a valuable set of derived materials that retain favorable 

allele combinations already selected for regional performance while incorporating novel 

diversity from wild emmer. A substantial body of related work from the University of Haifa, 

Israel, has also characterized wild emmer diversity and developed introgression populations, 

although those efforts have focused primarily on durum wheat, with relatively few examples 

involving introgression from wild emmer into hexaploid backgrounds (Bacher et al., 2021; 

Chatzav et al., 2010; Fatiukha et al., 2020a, 2021; Hu et al., 2015; Kato et al., 1997, 1998; Li et 

al., 2001; Peleg et al., 2005, 2008a, 2008b, 2009a, 2009b; Peng et al., 2011, 2013; Rahman et al., 

2023; Ren et al., 2013; Xie & Nevo, 2008). 
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The present study builds on and integrates these complementary approaches by 

combining the amphiploid bridge strategy employed by the WGRC with direct crossing with 

wild emmer. This project was initiated concurrently with the work described in Price et al. 

(2025a), which evaluated large-scale, systematic introgression from tetraploid to hexaploid 

wheat through direct crossing. Conducting these efforts in parallel provided a unique opportunity 

to directly compare introgression dynamics arising from two distinct crossing schemes and to 

assess whether patterns of donor genome introgression differ between bridge-mediated and direct 

approaches.  

In the amphiploid bridge design, synthetic octoploid amphiploids were crossed with wild 

emmer accessions to generate wild introgression lines (WILs). This design is intended to 

facilitate introgression across all three wheat subgenomes: D subgenome diversity introduced via 

the amphiploid bridge alongside targeted A and B subgenome diversity derived from wild 

emmer. Although the expected donor contribution on the D subgenome in the resulting WILs is 

relatively low, the presence of duplicated D subgenome homologs in the synthetic octoploid is 

expected to mitigate the D subgenome aneuploidy present in direct hexaploid x tetraploid crosses 

(Price et al., 2025a). Consequently, this bridge-mediated strategy is expected to produce more 

fully hexaploid progeny with improved fertility and reduced chromosomal imbalance relative to 

direct wild emmer crosses. 

The primary objective of this study is therefore to characterize the genome-wide 

architecture of introgression in these WIL populations, with particular emphasis on the 

successful introduction and retention of wild emmer allelic diversity on the A and B subgenomes 

within an adapted hexaploid wheat background. This work aims to map introgressed segments 

across the genome, evaluate differences in introgression patterns among populations, and assess 
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the extent to which this breeding strategy produces mosaics of introgression spanning all three 

subgenomes. Together, these analyses provide a comprehensive framework for evaluating the 

utility of amphiploid bridge-assisted introgression as a means of expanding allelic diversity in 

elite wheat germplasm.  

Methods 

Population development 

Seven BC2F4:5 Triticum dicoccoides germplasm development (TdGD) populations were 

generated using two hexaploid winter wheat (T. aestivum) recurrent parents (KS061406LN~26, 

KS061278M-4), two diploid Ae. tauschii ssp. tauschii accessions (TA 2398, TA 10155), and 

seven wild emmer (T. dicoccoides) accessions (PI 414718, PI 470736, PI 487264, PI 428088, PI 

466984, PI 471815, PI 471021). The recurrent parents (RPs) were selected based on performance 

in yield trials in Kansas, whereas accessions of T. dicoccoides were selected to maximize 

geographic range/diversity. 

Table 2.1. Source information for Triticum dicoccoides accessions used in germplasm 

development populations 

Pedigrees for seven TdGD populations (Pop) are shown, along with geographic origin (source) of the wild emmer 

donor accession (bolded), growth habit (winter or spring), and elevation at the collection site, expressed as meters 

above sea level (masl). 

Pop Pedigree Source Growth habit masl 

30 KS061406LN~26*2/3/KS061406LN~26/TA 2398//PI 414718 Almagor, Israel Spring -74 

32 KS061406LN~26*2/3/KS061406LN~26/TA 2398//PI 470736 Elazig, Turkey Winter 890 

34 KS061406LN~26*2/3/KS061406LN~26/TA 2398//PI 487264 Halab, Syria Winter 350 

41 KS061278M-4*2/3/KS061278M-4/TA 2398//PI 428088 Urfa, Turkey Winter 1200 

42 KS061278M-4*2/3/KS061278M-4/TA 2398//PI 466984 Bet Me'ir, Israel Winter/Spring mix 467 

46 KS061278M-4*2/3/KS061278M-4/TA 2398//PI 471815 Israel Winter Unk 

80 KS061278M-4*2/3/KS061278M-4/TA 10155//PI 471021 Sanhedriyya, Israel Winter 742 

 

The Ae. tauschii accessions chosen in the development of the initial amphiploids were 

selected as a representation of geographic and allelic diversity (Nyine et al., 2020). Of the 
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available amphiploids, only two were used in the development of the populations described here. 

Selected amphiploid plants were visually free of clump dwarfism, a phenotype characterized by 

severe shoot growth reduction, excessive tillering, and delayed flowering. Clump dwarfism has 

been reported in interspecific wheat crosses and is hypothesized to arise from disruption of 

epistatic interactions among subgenomes and chromosomal imbalance associated with 

aneuploidy in diploid x tetraploid crosses (Matsuda et al., 2017; Okada et al., 2017). 

 

Figure 2.1. Schematic overview of the Triticum dicoccoides germplasm development 

pipeline 

Triticum dicoccoides germplasm development (TdGD) populations were developed using an amphiploid bridge 

species for introgression of wild emmer alleles into hexaploid wheat. P0: The hexaploid recurrent parent (T. 

aestivum; genome ATaATaBTaBTaDTaDTa) is crossed with diploid Ae. tauschii (DAtDAt). Colchicine-induced 

chromosome doubling produces an octoploid amphiploid with genome composition ATaATaBTaBTaDTaDTaDAtDAt. 

One to two generations of self-pollination (D0-D2) results in hybrids with an expected allelic contribution of 75% 

from T. aestivum and 25% Ae. tauschii. F1: After selfing generations, the octoploid hybrids are crossed to tetraploid 

wild emmer (T. dicoccoides; genome ATdATdBTdBTd). Although segregation for ploidy level can occur, the F1 

hexaploids theoretically carry an allelic contribution of 50% from T. aestivum, 33.33% from T. dicoccoides, and 

16.67% from Ae. tauschii, with contribution from wild donor alleles on each subgenome. BC1F1 – BC2F4: The F1 

hybrids are backcrossed twice to the same hexaploid T. aestivum recurrent parent, with an expected allelic 

contribution of 87.5% from T. aestivum, 8.33% from T. dicoccoides, and 4.17% from Ae. tauschii after the second 

generation of backcrossing. BC2F4:5: Self-pollination of BC2 progeny and derivation of individual F4:5 wild 

introgression lines (WILs) fixes recombinant inbred chromosomes, with generated WILs harboring mosaic genomes 

combining segments from T. dicoccoides and Ae. tauschii introgressed into the T. aestivum background. 



50 

 

Figure 2.2. Location of origin for accessions used in Triticum dicoccoides germplasm 

development populations 

Elevation is represented as meters above sea level (masl). PI 471815 is not represented due to unknown precise 

location and elevation information.  

Development of synthetic octoploids is detailed in Nyine et al. (2020). Briefly, T. 

aestivum and Ae. tauschii crosses were made, with resulting hybrid plants regenerated from 

rescued embryos treated with colchicine (Dale et al., 2017). After one to two generations of self-

pollination, amphiploids were used as female plants in crosses with T. dicoccoides to produce F1 

seed. To ensure adequate production of BC1F1 seed, a minimum of six crosses were made 

between F1 plants and the respective hexaploid RP. From these, 10-16 BC1F1 plants per 

population were backcrossed again to the RP to generate BC2F1 families. BC2F1 plants were 

selfed to produce BC2F2 seed, and equal numbers of BC2F2’s derived from each BC2F1 family 

were entered into single seed descent, with a target population size of approximately 500 WILs 

per population. Attrition during advancement to BC2F4:5 seed reduced realized population sizes 
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below the target. BC2F4:5 plants were grown under greenhouse conditions to produce pure seed 

and collect leaf tissue for DNA extraction. Figure 2.1 illustrates the population development 

scheme.  

Table 2.1 provides pedigrees for the seven TdGD populations, along with geographic 

details for the T. dicoccoides accessions. To maximize allelic diversity, the accessions were 

chosen from a broad geographic range (Figure 2.2). Wild emmer accessions used in populations 

32, 34, and 41 were sourced from Turkey and Syria, while populations 30, 42, 46, and 80 were 

developed using wild emmer accessions from Israel. Both amphiploids used in population 

development were derived from crosses with Ae. tauschii ssp. tauschii, a lineage distinct from 

ssp. strangulata, which is recognized as the primary donor of the hexaploid wheat D subgenome 

(Dvorak et al., 1998; Nyine et al., 2020; Wang et al., 2013).  

Array-based genotyping 

DNA extraction was performed on greenhouse-grown BC2F4:5 WILs using the BioSprint 

96 DNA Plant Kit, following the Qiagen BioSprint DNA Plant Handbook (2005) protocol. 

Briefly, after grinding the leaf tissue to a fine powder in 96-well plates, lysate was prepared and 

loaded into plates along with the necessary buffers, wash solutions, and magnetic particles for 

automated purification. The protocol was initiated to automate DNA binding to magnetic 

particles, followed by sequential washing with buffer and ethanol to remove contaminants. 

Finally, purified DNA was eluted in distilled water in a fresh plate, yielding DNA suitable for 

downstream applications. 

DNA quantification was conducted using a low-volume PicoGreen assay, automated on 

the Biomek and Mantis systems, with fluorescence measurements taken on the Omega plate 

reader. Each well in a black 384-well plate (shielded from light due to the dye’s sensitivity) was 
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filled with 40 µL of 1x PicoGreen solution, with DNA standards and blanks added manually. 

DNA samples were diluted 10x using the Biomek system before being combined with PicoGreen 

in the plate. After a brief incubation, fluorescence was measured on the Omega reader at the 

appropriate excitation and emission settings. DNA concentrations were calculated using an 

Excel-based calculator provided by the USDA Central Small Grain Genotyping Lab (Manhattan, 

KS), and samples were normalized to approximately 50-100 ng/µL by adding TRIS/Triton X 

buffer via the Mantis dispenser. The buffer helped prevent DNA degradation during shipment to 

the genotyping facility. 

For shipment, 10 µL of each buffered DNA sample at ~50-100 ng/µL was transferred to 

new plates and frozen before being shipped to Agriculture Victoria Research (Bundoora, 

Victoria, Australia) under the care of Dr. Matthew Hayden. The BC2F4:5 WILs were subsequently 

genotyped using the Illumina Infinium Wheat/Barley 40 K SNP array. This multi-species SNP 

array includes 25,363 markers for wheat, developed from exome sequencing of a globally 

diverse wheat germplasm collection. The array is enriched with trait-linked markers, tetraploid-

specific markers (from wild and domesticated emmer, durum landraces, and cultivars), and Ae. 

tauschii-specific SNPs to track D subgenome contributions in synthetic derivatives (Keeble-

Gagnère et al., 2021). 

Quality control and population structuring analysis 

Genotyping results were provided as raw SNP calls for all samples, with each genotype 

coded as 0 (reference), 1 (heterozygous), or 2 (alternate) relative to the IWGSC Chinese Spring 

assembly v1.0 (IWGSC, 2018). SNP clustering and genotype calling were conducted using 

GenomeStudio software, with a minimum SNP score threshold of 0.8 applied to ensure 

clustering accuracy. 
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After organizing the SNP data by population, quality control filtering was conducted 

within each of the seven TdGD populations. Markers with unknown chromosome or position 

were removed, and the resulting matrix was imported into the R package snpReady (Granato et 

al., 2018) for further filtering and an initial population genetic overview. Within each population, 

monomorphic markers and markers with a call rate below 0.9 (indicating more than 10% missing 

calls) were removed. 

Using the popgen function within the snpReady package, population genetics metrics 

were calculated, including major and minor allele frequencies, observed heterozygosity per 

marker, observed heterozygosity per individual, inbreeding coefficients, effective population 

sizes, and polymorphic information content. Individual genotypes with heterozygosity levels 

above 20% were removed on a per-population basis, and markers with heterozygosity levels 

above 10% were also filtered out. Following these filtering steps within each population, the 

results were aggregated to retain all markers that passed the filtering criteria in at least one 

population. 

The final filtered matrix, comprising 19,711 markers across 1,912 WILs, was processed 

in the R package SNPRelate (Zheng et al., 2012) to assess population structure. To facilitate 

efficient analysis, the matrix was first converted to the Genomic Data Structure (GDS) format. 

Principal components analysis (PCA) was performed to examine genetic structuring across 

populations, with the first two principal components (PCs) visualized. SNP correlations with the 

first two PCs were plotted along chromosomes to highlight genome-wide variation patterns and 

regions contributing to population differentiation. PCA was conducted both across all seven 

TdGD populations and within subsets based on RP lines (i.e., KS061406LN~26 for populations 

30, 32, and 34, and KS061278M-4 for populations 41, 42, 46, and 80).  
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Sequencing-based genotyping 

To enable inference of progeny haplotypes based on pedigree, the two T. aestivum RPs, 

two Ae. tauschii accessions, and seven T. dicoccoides accessions were deep sequenced. Whole 

genome shotgun sequencing (WGS) reads for KS061406LN~26 (SRX11411616), KS061278M-

4 (SRX11411617), TA 2398 (SRX11411603), and TA 10155 (SRX11411609) were downloaded 

from NCBI’s Sequence Read Archive (SRA) using SRA Toolkit’s prefetch v2.10.0 

(https://github.com/ncbi/sra-tools). These samples were uploaded by Kansas State University in 

August 2022 as part of a project to increase SNP density in parental lines for imputation into an 

Ae. tauschii introgression population (BioProject ID: PRJNA745927; Nyine et al., 2021). Paired-

end whole genome shotgun libraries enriched for 400-600 bp inserts were prepared using the 

Pipen Prep system on leaf tissue of two-week-old seedlings, then sequenced as 2x150 bp reads 

using the Illumina NovaSeq 6000.  

SRA Toolkit’s prefetch was also used to download raw exome-capture reads for three T. 

dicoccoides accessions – PI 471021 (SRX4978256), PI 428088 (SRX4978292), and PI 487264 

(SRX4978300) from data uploaded to NCBI by Kansas State University in November 2018 as 

part of a wild and domesticated emmer diversity project (BioProject ID: PRJNA503847; Avni et 

al., 2017). Using shoot tissue of two-week-old seedlings, paired-end libraries were constructed 

using a whole exome capture protocol – targeting the non-redundant portion of the genome 

(Jordan et al., 2015) – and sequenced using the Illumina HiSeq2500. 

All downloaded SRA files were converted to FASTQ format using SRA Toolkit’s 

fasterq-dump, trimming adaptors and retaining only properly paired reads. Additional FASTQ 

files for four remaining wild emmer accessions (PI 466984, PI 471815, PI 470736, and PI 

414718) were obtained internally via Kansas State University’s WGRC. These libraries were 
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constructed and sequenced using the same Illumina paired-end whole genome sequencing 

protocol as described by Nyine et al. (2021), with final SRA identifiers pending public release.  

The remaining filtered paired-end reads were aligned to the IWGSC RefSeq v1.0 wheat 

reference genome to maintain coordinate consistency with the array-based markers, which were 

also anchored to Chinese Spring v1.0 (IWGSC, 2018). Alignment was performed with BWA-

MEM v0.7.17 (Li, 2013), supplying sample read-group tags via the - R flag. Resulting SAM files 

were sorted into BAMs with Picard SortSam, and PCR/optical duplicates were flagged using 

Picard MarkDuplicates (v2.25.1; http://broadinstitute.github.io/picard/). To balance accuracy and 

retention of true variants, alignments with mapping quality < 50 were removed with SAMtools 

view v1.16.1 (Li et al., 2009; Danecek et al., 2021). Read-group metadata were standardized via 

Picard AddOrReplaceReadGroups, and per-sample BAMs were indexed (CSI format) using 

SAMtools index. SAMtools depth was used to measure per-base sequencing depth, allowing for 

derivation of a sample-level average depth using all positions with non-zero coverage, 

compensating for differences in sequencing methodology.  

Following alignment and reference-index preparation, variants were jointly called by 

subgenome and chromosome (21 VCFs total) using BCFtools mpileup (Danecek et al., 2021). D 

subgenome calls were restricted to the two hexaploid RPs and the two Ae. tauschii accessions 

(n=4), whereas A and B subgenomes included the two RPs and the seven T. dicoccoides 

accessions (n=9). To minimize spurious pileups in repetitive or misaligned regions, a hard cap of 

250 reads per site was imposed in mpileup. Since the WGS and exome capture approaches were 

targeted for relatively low coverage and observed depths rarely approached this limit, sites 

exceeding 250 reads were interpreted as artifactual alignment rather than true biological 

variation.  
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VCF outputs were then filtered with BCFtools view to (1) retain only biallelic SNPs, (2) 

impose a minimum site-level depth (DP) of 10 – ensuring at least modest support for alternate 

alleles, as DP < 10 typically produced only 1-2 reads for the alternate allele, and (3) enforce a 

maximum DP of 60, chosen at the inflection where heterozygote allele-balance (AD/DP) began 

to deviate from ~0.5 (Appendix Figure A.1). Although most sites exhibited very high quality 

scores (QUAL > 100), a conservative QUAL ≥ 30 filter was applied to remove residual low 

confidence calls. Finally, to guard against sample-specific dropout, variants were required to be 

non-missing in at least half of the samples per subgenome group (≥ 2/4 for D subgenome; ≥ 4/9 

for A/B subgenomes). These sequential filters – biallelic status, depth (10-60), quality (QUAL ≥ 

30), and call rate – yield a high confidence variant set with reliable depth, quality, and 

representation across samples. 

Due to methodological differences in sequencing approaches – specifically differences in 

the targeted genomic space between WGS and exome capture – additional filtering of variant 

sites was performed per population. For each population, markers were retained only if they were 

non-missing, homozygous, and polymorphic in both parents (the recurrent hexaploid and wild 

emmer donor for A and B subgenome chromosomes, and the recurrent hexaploid and Ae. 

tauschii donor for D subgenome chromosomes). This filtering strategy ensured a complete and 

informative marker set that prioritizes per population parental divergence, thereby enabling 

reliable discrimination between recurrent and donor derived alleles in the progeny in downstream 

analyses. 

Despite this filtering, the resulting genotype matrices remained prohibitively large, 

posing substantial computational constraints during matrix transposition prior to imputation. To 

further reduce matrix size, marker thinning was performed using a minimum inter-marker 
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distance criterion. Minimum distances ranging from 50 kb to 250 kb were evaluated to identify a 

computationally tractable, yet informative, subset of markers.  

To independently assess whether KS061278M-4 carries the 1BL.1RS translocation from 

rye (Secale cereale), its WGS reads were additionally aligned using a competitive reference 

approach following methodology of Parker et al. (2026). A composite reference was constructed 

by combining the Jagger genome assembly (Walkowiak et al., 2020) with chromosome 1R from 

the Weining rye assembly (Li et al., 2021). WGS reads for Larry (SRX9970578), a known 

carrier of the 1BL.1RS translocation, were additionally downloaded from the NCBI SRA and 

processed in parallel as a positive control. Alignment coverage was summarized in non-

overlapping 1 Mb windows across wheat chromosome 1B and rye chromosome 1R. The 

1BL.1RS translocation was diagnosed from the combined pattern of reduced coverage across the 

wheat 1BS arm and increased coverage across the corresponding rye 1RS arm, relative to the 

coverage profile of the Larry positive control (Parker et al., 2026).  

Nucleotide diversity between population founders 

Alongside the variant filtering performed for imputation, an additional set of population-

specific parental marker matrices was generated to quantify founder divergence within each 

population. For each population x chromosome x subgenome combination, variants were 

retained only if both founders were non-missing and homozygous at that site. These files were 

used to assess pairwise nucleotide diversity between the RP and the corresponding donor parent 

contributing to each population and subgenome. In contrast to the marker sets curated for 

imputation, these matrices were not filtered for polymorphism between founders, as restricting 

analyses to polymorphic sites would trivially yield complete nucleotide diversity across all 

retained variants. Additionally, marker thinning was not applied, as matrix transposition and 
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downstream computational constraints were not limiting for the calculation of pairwise founder 

divergence. 

For each population, specific parent pair files (RP vs. A/B subgenome donor; RP vs. D 

subgenome donor) were generated and variants were assigned to fixed, non-overlapping physical 

windows of 1 Mb. Within each bin, pairwise nucleotide diversity was estimated as the proportion 

of callable variants for which the RP and donor allele states differed, calculated as the number of 

sites with discordant parental alleles divided by the total number of callable sites in the bin. 

These per-bin values represent local estimates of founder divergence across the genome. 

Founder nucleotide diversity was summarized by averaging per-bin estimates within 

chromosomes, subgenomes, and across the genome for each population. Per-bin divergence 

estimates were additionally plotted by physical position and faceted by chromosome to visualize 

spatial patterns of founder divergence across the A, B, and D chromosomes within each 

population. 

Preparation of sequence- and array-based genotypes for imputation 

Following across- and within-population filtering of the parental sequence data for 

imputation, concordance in physical marker positions between the progeny array data and the 

parental sequence data was limited. To resolve this mismatch and establish a shared marker 

framework, variants were recalled in the parental sequence data at sites corresponding to markers 

retained in the progeny array dataset. Variant recalling was performed using the -R option in 

BCFtools mpileup (Danecek et al., 2021), which restricts variant calling to a user defined set of 

target regions, with a maximum BAM depth capped at 250 reads per site.  

Recalled variants were subsequently used to filter array-based markers across the WIL 

progeny and population founders within each population. Consistent with earlier quality control 
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steps, markers were removed if either of the two parents for a given population and subgenome 

were missing or heterozygous, or if no allelic divergence was observed between the RP and the 

donor. Retention of this shared and informative marker set between founders and progeny is 

essential for accurate imputation; markers that are unobserved in founders limit meaningful 

imputation into sparsely genotyped progeny, as imputation relies on the propagation of founder 

haplotypes through pedigree structure (Calus et al., 2014; Hickey et al., 2012a, 2012b; Whalen et 

al., 2020). Moreover, allelic divergence between the RP and donor enables unambiguous 

discrimination of recurrent- versus donor-derived alleles in the progeny.  

Recalled variants were then merged, per chromosome and population, with the existing 

parental sequence data and the progeny array data to generate a combined genotype matrix. This 

matrix contained complete genotype information for the parental founders, including recalled 

variants introduced to establish positional concordance with the progeny array, while progeny 

genotypes remained sparse and were coded as missing at markers unique to the parental 

sequence data. During merging, reference (REF; defined relative to Chinese Spring v1.0) and 

alternate (ALT) allele identities were retained for both datasets, and any markers exhibiting 

discordance in REF/ALT identity or orientation between parental and progeny sources were 

removed.  

Pedigree-based imputation of sparsely genotyped progeny 

Combined marker matrices contained WILs genotyped at all array SNPs, and population 

founders (RP, wild emmer donor, Ae. tauschii donor) genotyped at sequencing-derived variants 

across the genome as well as at concordant array SNP sites, were used as input for 

AlphaImpute2. AlphaImpute2 is a pedigree-based imputation algorithm that infers missing 

genotypes in low-density individuals by propagating shared haplotype information from high-
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density relatives using an approximate multi-locus iterative peeling framework (Whalen et al., 

2020). This approach was selected for its ability to accommodate complex pedigrees spanning 

multiple breeding generations, which is essential for introgression populations derived through 

repeated backcrossing and selfing (Hickey et al., 2012b). 

Imputation requires a pedigree file specifying parent-offspring relationships for each 

WIL, including population founders and intermediate generations across the breeding scheme. A 

subset of the pedigree structure used is provided in Appendix Table A.1. For each individual at 

each locus, AlphaImpute2 estimates genotype probabilities as the product of three components: a 

penetrance term, an anterior term, and a posterior term (Whalen et al., 2020). The penetrance 

term reflects the likelihood of each genotype given an individual’s observed genetic data. The 

anterior term propagates information from parents to offspring, while the posterior term 

propagates information from offspring back to parents. In this dataset, where progeny are 

sparsely genotyped and founders are densely genotyped, genotype inference for WILs is 

expected to be driven primarily by the anterior term, whereas the posterior term is expected to 

contribute minimally because WILs have no offspring and founders do not have descendants 

with higher marker density.  

To incorporate linkage information, AlphaImpute2 conditions both anterior and posterior 

updates on an individual’s segregation state along the chromosome, defined as the parental 

haplotypes inherited at each locus (Whalen et al., 2020). Segregation probabilities are estimated 

across loci using a hidden Markov model, in which emission probabilities quantify how 

consistent each segregation state is with the current genotype estimates of the individual and its 

parents under Mendelian transmission, while transition probabilities penalize changes in 

segregation state between adjacent loci according to an assumed recombination rate. The 
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recombination model is parameterized by a specified chromosome map length (in Morgans). 

Increasing the map length increases the recombination probability assigned to each marker 

interval, thereby allowing segregation states to change more readily between loci, whereas 

smaller map lengths enforce stronger continuity of segregation state. 

Pedigree structure itself influences the extent to which uncertainty propagates during 

imputation. In pedigrees where founders and WILs are genotyped but intermediate generations 

(e.g., BC1F1, BC2F1) are ungenotyped, uncertainty accumulates across generations. Ungenotyped 

intermediates are frequently imputed as heterozygous or remain unresolved, depending on 

genotype calling thresholds; heterozygosity in this context represents uncertainty in haplotype 

assignment. When segregation states are uncertain and penetrance provides no direct 

information, inheritance from these intermediates is resolved probabilistically based on their 

genotype probabilities, which increasingly reflect the dominant haplotype background as allele 

frequencies across the pedigree become skewed toward the RP. As a result, repeated 

transmission through uncertain intermediates progressively downweights donor inheritance 

unless it is repeatedly re-anchored by observed genotype evidence. Over multiple generations, 

this leads to gradual erosion of donor signal and an apparent collapse toward the RP background. 

 To limit this effect, WILs were represented as being derived directly from the final 

backcross generation rather than explicitly modeling all intervening generations of selfing 

(Appendix Table A.1). This reduces the number of uncertainty resolution steps required during 

peeling and helps preserve donor haplotypes that are supported by empirical markers. Similarly, 

restricting founder marker sets to loci informative for distinguishing donor and RP haplotypes 

reduces reliance on population-level expectations and strengthens segregation state inference.  
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Final genotype calls were generated after multiple peeling cycles using the default 

number of iterations and a specified final peeling threshold (FPEEL). This threshold controls the 

tradeoff between missingness and heterozygosity in the output genotypes. A conservative 

threshold (e.g., FPEEL = 0.95) yields only high-confidence calls but results in substantial 

missing data, whereas the default threshold (FPEEL = 0.1) outputs best guess genotypes, 

producing a complete dataset at the cost of retaining heterozygous calls in regions of unresolved 

haplotype inheritance (Whalen et al., 2020). Because heterozygosity in this context primarily 

reflects uncertainty arising from long stretches of missing data between array anchors, 

heterozygotes were retained in favor of missingness. Therefore, a post imputation heterozygote 

smoothing step was applied, in which stretches between progeny marker anchors were filled with 

donor or RP haplotypes when both flanking markers supported the same ancestry. In regions 

where ancestry could not be determined from flanking markers, heterozygous calls were retained 

and interpreted as reflecting unresolved segregation states. 

Introgression mapping in imputed progeny 

Following pedigree-based imputation of WIL genotypes and ancestry-based heterozygote 

smoothing between flanking anchor markers, donor introgression was quantified in the progeny 

by computing donor allele proportions in fixed physical windows. Each chromosome was 

divided into 1 Mb bins, and within each bin the number of alleles matching the population-

specific donor (by subgenome) was counted and divided by the total number of alleles observed 

in that bin. Homozygous genotype calls therefore contributed two alleles, while heterozygous 

calls contributed one allele to the donor and one to the RP. Under this framework, extended 

stretches of heterozygosity are interpreted as uncertainty in ancestry assignment rather than 

definitive evidence of donor presence/absence, reflecting either low progeny anchor marker 
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density or disagreement between flanking segregation states that prevents confident haplotype 

resolution.  

Although most 1 Mb bins contained sufficient marker support, some bins were sparsely 

populated or empty, making direct classification of individual bins as donor- or RP-derived 

inherently noisy. To stabilize ancestry inference across the genome, a moving average (MA) 

approach adapted from Price et al. (2025a) was used to incorporate information from 

neighboring bins when calling donor segments. For each focal 1 Mb bin, donor proportions from 

flanking bins were averaged to compute a smoothed donor proportion. Donor ancestry was then 

called if this MA value exceeded a specified threshold, using two complementary scales: a short-

range MA with a stringent threshold (0.9) and a long-range MA with a more permissive 

threshold (0.7). For example, donor ancestry could be assigned if the mean donor proportion 

across the 5 bins upstream and downstream of a focal bin (MA10) exceeded 0.9, or if the mean 

across the 20 bins upstream and downstream (MA40) exceeded 0.7. 

These thresholds were intentionally conservative to prevent donor segments from being 

called solely due to heterozygous contributions. Because a series of heterozygous bins would 

yield an expected donor proportion of 0.5, the chosen thresholds ensure that called segments 

reflect consistent donor support rather than propagated uncertainty. Multiple MA window sizes 

were evaluated to assess sensitivity of segment detection to the scale of smoothing. Short-range 

MA windows (threshold = 0.9) were tested at sizes of 2, 6, 10, 20, and 50 bins, while long-range 

MA windows (threshold = 0.7) were tested at sizes of 10, 20, 40, 60, and 100 bins. The smallest 

and largest window sizes represent exploratory extremes, with smaller windows expected to be 

noisier and larger windows increasingly oversmoothed; nonetheless, comparison across 

parameterizations was informative for assessing robustness of inferred introgression patterns. 
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Given the overall concordance among MA window size pairs, MA10/MA40 was selected for 

downstream segment calling as a pragmatic balance between sensitivity and robustness.  

After donor bins were identified under a given parameterization, adjacent donor bins 

were merged to define continuous introgression segments within each WIL. While this MA-

based approach introduces uncertainty in the precise locations of recombination breakpoints, it is 

preferred over bin-level hard calling based on potentially sparse marker information and provides 

stable, genome-wide estimates of donor ancestry. Given that introgression boundaries are 

inferred from imputed data rather than direct empirical observation, some ambiguity in segment 

boundaries is expected, and downstream interpretation of segment locations was therefore 

conducted with appropriate caution. 

Empirical validation of introgression calls was conducted using a KASP assay targeting 

the domestication locus Q/q (Faris et al., 2003; Simons et al., 2006; Zhang et al., 2020). Because 

wild emmer carries the wild type Q allele and the RPs carry the domesticated q allele, WILs with 

a called introgression overlapping the Q/q interval are expected to genotype as Q, whereas WILs 

without an overlapping introgression are expected to genotype as q. Pop30 and Pop41 were 

selected for validation, being the two populations with the most WILs that have segments called 

near or overlapping Q/q.  

Results 

Array-based genotyping 

Array-based SNPs from the Wheat/Barley 40 K SNP chip were filtered within each 

TdGD population to retain polymorphic markers with call rates ≥ 90%, per-marker 

heterozygosity ≤ 10%, and per-individual heterozygosity ≤ 20% (Table 2.2). The retained 

markers and individuals were then examined through distributions of MAF, observed 
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heterozygosity at the marker level, and observed heterozygosity at the individual level. Figure 

2.3 shows the per-population distributions of MAF, which were largely consistent across 

populations and strongly skewed toward low frequency alleles. This pattern is expected for BC2-

derived populations, in which recovery of the RP genome results in low expected donor allele 

frequencies of ~8% on the A and B subgenomes and ~4% on the D subgenome (Figure 2.1). 

Among populations, Pop30 exhibited the highest average MAF (0.12), while Pop32 showed the 

lowest (0.07; Table 2.3).  

Filtering based on average individual heterozygosity removed very few WILs overall, 

reflecting the high degree of homozygosity expected in advanced backcross inbred materials 

(Appendix Figure A.3). Pop80 showed the largest number of individuals exceeding the 

heterozygosity threshold, and correspondingly also exhibited the greatest number of markers 

removed due to excessive marker-level heterozygosity (Appendix Figure A.4). Despite these 

removals, application of polymorphism, heterozygosity, and missingness filters retained a 

substantial proportion of the original 25 K wheat-specific SNPs from the array in each 

population. Pop30 retained the largest number of markers (15.7 K), whereas Pop80 retained the 

fewest (10.6 K).  

The coefficient of inbreeding (F) reflects the degree to which individual WILs are more 

homozygous than expected under a random mating reference model given the observed allele 

frequencies (Granato et al., 2018), and thus serves as a descriptive index of genome-wide 

fixation rather than pedigree-based inbreeding. Effective population size (Ne) is calculated from 

the average inbreeding coefficient and provides a relative measure of overall homozygosity and 

genetic diversity within each population (Granato et al., 2018), rather than a true demographic 

estimate. Polymorphic information content (PIC) describes the informativeness of individual 



66 

markers based on allele frequencies, with higher values indicating more balanced allele 

frequencies and, consequently, greater capacity to distinguish allelic variation among WILs 

(Granato et al., 2018). Together, these metrics provide complementary summaries of genome-

wide fixation within individuals and the distribution of allelic variation across markers and 

populations.  

Table 2.2. Number of array-based markers retained in WIL progeny and TdGD 

population founders  

Counts are summarized by chromosome (Chr) and population. Progeny genotypes derived from the wheat-barley 

SNP array were filtered within each population for call rate ≥ 90%, heterozygosity ≤ 10%, and removal of 

monomorphic markers. The physical positions of retained array markers were then used to define targeted variant 

calling regions in the population founders using BCFtools mpileup. Following merging of parental and progeny 

datasets, markers were further pruned to retain only those that were non-missing, homozygous, and polymorphic 

between the RP and donor for each population x subgenome combination. Variant counts shown represent the final 

shared marker set used for downstream imputation. 

Chr 

Variant Count 

Pop30 Pop32 Pop34 Pop41 Pop42 Pop46 Pop80 

1A 231 258 228 227 172 170 163 

1B 282 165 243 205 192 194 205 

1D 149 125 140 90 121 118 70 

2A 302 283 361 233 217 292 253 

2B 321 290 298 170 195 209 200 

2D 196 160 168 135 132 176 89 

3A 182 228 296 204 212 212 177 

3B 332 284 320 207 215 194 251 

3D 136 70 102 122 88 119 66 

4A 231 188 209 157 143 138 144 

4B 292 191 310 206 265 242 225 

4D 63 65 53 35 69 70 35 

5A 265 237 257 183 204 227 231 

5B 322 296 269 220 248 215 181 

5D 133 104 140 107 103 123 53 

6A 175 147 153 120 149 140 151 

6B 189 196 240 152 205 197 206 

6D 104 86 110 78 74 68 36 

7A 316 256 310 205 193 213 193 

7B 299 260 271 177 217 145 231 

7D 135 68 129 109 96 117 74 
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Figure 2.3. Distribution of MAF across markers for each TdGD population 

MAF was calculated from observed allele frequencies using the R package snpReady (Granato et al., 2018) and 

summarizes the degree of marker polymorphism within populations. 

Population-level differences in these summary statistics were largely consistent with 

patterns of individual heterozygosity, marker allele frequencies, and population size (Table 2.3). 

Pop80, with its highest average individual heterozygosity correspondingly had the lowest 
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average F (0.62), indicating increased genome-wide residual allelic state segregation within 

individual WIL genotypes relative to the other populations. As a result of both its lower F and its 

larger number of retained WILs (334), Pop80 also showed the largest Ne (293). In contrast, 

Pop34 retained the fewest WILs (189) which consequently resulted in the smallest Ne (127). 

Pop30 showed the highest F (0.87), consistent with having the lowest average individual 

heterozygosity; the relatively large number of retained WILs in Pop30 (327) partially offset the 

effect of increased homozygosity, yielding an intermediate Ne (189) rather than the smallest 

among populations. Additionally, Pop30 had the highest PIC (0.16) due to having the highest 

MAF among populations. In contrast, Pop32 had the lowest PIC (0.10), consistent with having 

the lowest MAF. 

Table 2.3. Population genetic summary statistics by TdGD population 

Shown are the number of polymorphic markers per population, the number of markers retained after filtering for 

marker call rate ≥ 90% and marker heterozygosity ≤ 10%, and the number of WILs retained after filtering for 

individual heterozygosity ≤ 20%. Population-level averages of observed individual heterozygosity (Het) and minor 

allele frequency (MAF) are reported, along with the average coefficient of inbreeding (F), effective population size 

(Ne), and polymorphic information content (PIC). Estimates are derived from allele frequency-based calculations. 

Summary statistics were computed using the popgen function in the R package snpReady (Granato et al., 2018). 

Pop 
Marker count - 

polymorphic 

Marker count - 

filtered 
WIL count Het MAF F Ne PIC 

30 20954 15718 327 0.02 0.12 0.87 189 0.16 

32 21516 14585 210 0.03 0.07 0.74 151 0.10 

34 16941 12533 189 0.03 0.08 0.79 127 0.11 

41 17271 11012 278 0.03 0.09 0.78 186 0.12 

42 18143 10633 299 0.03 0.10 0.78 200 0.13 

46 17656 12634 272 0.03 0.09 0.78 181 0.13 

80 19181 10621 334 0.06 0.10 0.62 293 0.13 

 

Sequencing-based genotyping 

Sequencing-based genotyping of TdGD population founders varied across samples in 

both sequencing methodology and depth. The two hexaploid RPs, the two Ae. tauschii D 

subgenome diploid donors, and four of the seven T. dicoccoides tetraploid A and B subgenome 
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donors were sequenced using WGS sequencing, whereas the remaining three wild emmer 

tetraploid donors were sequenced using an exome capture approach. Sequencing depth also 

differed by sample; the hexaploid and diploid parents were sequenced at approximately 8-10x 

coverage, while tetraploid donors were sequenced at approximately 4-5x (Table 2.4).  

Table 2.4. Sequencing information for the founders used in TdGD population development 

Each line is broken down by sample/accession identifier, NCBI source information (when available), sequencing 

methodology (WGS = whole genome shotgun sequencing; EC = exome capture), post-filter read count, in millions 

(M; after adaptor trimming and removal of unpaired reads), mean read length (bp), mapped read count (M), and 

average depth across sequenced positions (X). 

Sample ID NCBI SRA ID Method Read Count Read Length Mapped Read Count Average Depth 

KS061406LN~26 SRX11411616 WGS 901.95 M 144 522.08 M 8.67 

KS061278M-4 SRX11411617 WGS 1248.84 M 144 719.64 M 9.16 

TA2398 SRX11411603 WGS 392.26 M 144 122.59 M 8.54 

TA10155 SRX11411609 WGS 444.55 M 144 145.34 M 10.01 

PI487264 SRX4978300 EC 71.66 M 124 40.10 M 4.11 

PI428088 SRX4978292 EC 28.44 M 94 15.47 M 2.73 

PI471021 SRX4978256 EC 62.05 M 124 34.09 M 3.76 

PI466984 - WGS 485.95 M 144 238.38 M 5.05 

PI471815 - WGS 515.26 M 144 255.92 M 5.15 

PI470736 - WGS 485.48 M 144 263.83 M 5.27 

PI414718 - WGS 377.86 M 144 177.12 M 4.09 

 

Despite these methodological differences, preliminary variant filtering decisions were 

largely consistent across samples. Reads were aligned to the Chinese Spring v1.0 reference 

genome, filtered for mapping quality ≥ 50, and jointly variant called used BCFtools mpileup, 

with a cap of 250 mapped reads per site. Resulting variants were filtered to retain sites with 

depth between 10 and 60, variant quality ≥ 30, and preliminary missingness filtering requiring 

presence in at least half of the samples within a given subgenome. Following these steps, the 

majority of variants were retained across all samples (Appendix Table A.2). Among all founders, 

PI 428088 (the wild emmer donor for Pop41) retained the smallest proportion of variants, 

consistent with it having the lowest average read depth across genotyped sites (Table 2.4, 

Appendix Table A.2). Nevertheless, after further filtering within population for homozygosity, 
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non-missingness, and polymorphism between the RP and donor for each population x 

subgenome combination, approximately 650 K and 720 K variants remained on the A and B 

subgenomes, respectively, for Pop41. Founder variant density in Pop41 remained orders of 

magnitude higher than that available in the WIL progeny. Given that the BC2F4:5 generation has 

undergone relatively few meiotic recombination events, and that pedigree-based haplotypic 

imputation relies largely on flanking informative markers and population-level segregation 

patterns (Hickey et al., 2012a; Whalen et al., 2020), parental marker density was not considered a 

constraint in this population.  

Because imputation accuracy is sensitive to amount of missing data, and redundant 

marker information can proliferate bias (Hickey et al., 2012a, 2012b; Whalen et al., 2020), 

parental sequencing-derived variants were further thinned to improve the relative contribution of 

backbone markers observed in the progeny. Minimum inter-marker distance thinning was 

performed at thresholds of 50, 100, 150, 200, and 250 kb. Prior to thinning, D subgenome 

variants were consistently more abundant than A or B subgenome variants, reflecting the greater 

number of homozygous, non-missing, and polymorphic sites between the hexaploid RPs and Ae. 

tauschii donors compared to the RP x T. dicoccoides pairs (Table 2.5). This disparity was most 

pronounced in populations whose wild emmer donors were sequenced using exome capture, as 

expected given the reduced genome space targeted by that approach (Jordan et al., 2015, 2018). 

Progressive thinning reduced these genome-specific disparities. At a minimum distance of 50 kb, 

fewer D subgenome variants than A or B variants were retained in all populations except Pop41; 

in Pop41, D subgenome counts did not drop below A and B variant counts until a thinning 

threshold of 150 kb. Ultimately, a minimum marker distance of 250 kb was selected for 

downstream analyses. This choice was motivated by the dependence on ancestry-based 
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imputation; beyond a certain density, additional markers contribute redundancy without 

improving resolution of recombination breakpoints in the progeny (Whalen et al., 2020). 

Table 2.5. Variant counts across successive marker thinning steps, by subgenome and 

TdGD population 

Counts are expressed in millions (M) or thousands (K). Initial counts (10 ≤ DP ≤ 60, QUAL ≥ 30, MISS ≤ 50%) 

reflect quality filtered variants across all populations prior to filtering by within population pairs of founders. Per 

population counts following founder filtering include only markers that were homozygous, non-missing, and 

polymorphic between the recurrent hexaploid parent and the appropriate donor parent (wild emmer for A and B 

subgenomes; Ae. tauschii for the D subgenome). Thinned variant counts are shown for minimum inter-marker 

distance thresholds ranging from 50 kb to 250 kb, applied to reduce matrix dimensionality prior to imputation. 

Subg Pop 

Variant Count 

10≤DP≤60, 

QUAL≥30, 

MISS≤50% 

Homozygous, 

non-missing, 

polymorphic 

Thinned 

50kb 100kb 150kb 200kb 250kb 

A All 46.94 M - - - - - - 

B All 55.19 M - - - - - - 

D All 28.45 M - - - - - - 

A 30 - 19.80 M 92.22 K 47.30 K 31.87 K 24.06 K 19.33 K 

B 30 - 22.78 M 93.07 K 48.24 K 32.71 K 24.76 K 19.96 K 

D 30 - 23.64 M 72.73 K 37.63 K 25.42 K 19.21 K 15.45 K 

A 32 - 13.40 M 91.00 K 46.97 K 31.75 K 24.00 K 19.30 K 

B 32 - 15.66 M 92.27 K 48.10 K 32.66 K 24.74 K 19.94 K 

D 32 - 23.64 M 72.73 K 37.63 K 25.42 K 19.21 K 15.45 K 

A 34 - 2.55 M 84.12 K 44.95 K 30.72 K 23.37 K 18.88 K 

B 34 - 2.97 M 84.11 K 45.32 K 31.20 K 23.86 K 19.33 K 

D 34 - 23.64 M 72.73 K 37.63 K 25.42 K 19.21 K 15.45 K 

A 41 - 0.65 M 59.84 K 35.80 K 25.88 K 20.33 K 16.80 K 

B 41 - 0.72 M 61.31 K 36.85 K 26.73 K 21.02 K 17.38 K 

D 41 - 23.75 M 72.88 K 37.69 K 25.45 K 19.24 K 15.46 K 

A 42 - 16.07 M 93.07 K 47.62 K 32.03 K 24.16 K 19.39 K 

B 42 - 19.62 M 94.17 K 48.65 K 32.95 K 24.91 K 20.05 K 

D 42 - 23.75 M 72.88 K 37.69 K 25.45 K 19.24 K 15.46 K 

A 46 - 11.94 M 92.97 K 47.62 K 32.05 K 24.17 K 19.40 K 

B 46 - 14.18 M 94.87 K 48.92 K 33.08 K 25.01 K 20.12 K 

D 46 - 23.75 M 72.88 K 37.69 K 25.45 K 19.24 K 15.46 K 

A 80 - 2.58 M 84.41 K 45.07 K 30.81 K 23.43 K 18.90 K 

B 80 - 3.14 M 84.80 K 45.58 K 31.34 K 23.91 K 19.36 K 

D 80 - 24.04 M 72.98 K 37.74 K 25.47 K 19.25 K 15.47 K 
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Marker thinning disproportionately affected low recombination pericentromeric regions 

of the final imputation matrices, specifically in WGS data. This effect was partially driven by the 

post-thinning re-addition of variants called at array-concordant sites; these array markers are 

biased toward regions of higher recombination and tend to be well captured within the exome, 

while large gaps in array marker coverage persist near centromeres (Appendix Figure A.2; 

Keeble-Gagnère et al., 2021). The effects of thinning under different sequencing methodologies 

are illustrated in Appendix Figure A.5, which compares Pop41 (exome capture) and Pop30 

(WGS). At a 50 kb thinning threshold, Pop41 exhibits pronounced regions of reduced variant 

density on the A and B subgenomes, whereas Pop30 shows relatively uniform coverage, and the 

D subgenome in Pop41 remains comparatively dense. After further thinning to 100 kb, variant 

density in Pop30 begins to concentrate away from centromeres, reflecting uneven removal of 

markers from WGS data. By 250 kb, variant density distributions across chromosomes become 

broadly comparable between sequencing methodologies, with similar marker counts per 5 Mb 

bin between approaches.  

Overall, the combined filtering and thinning strategy produced imputation matrices with 

comparable variant density and genome distribution across populations, regardless of sequencing 

methodology. Importantly, no substantial population-level differences were noticed when 

observing variant density of imputation matrices and the genomic regions where progeny array 

backbone markers are concentrated (Appendix Figure A.2). 

Allelic differentiation between TdGD populations and founders 

Drivers of allelic differentiation within and between TdGD populations, and their 

contribution to observed population structure, were evaluated using two complementary 

approaches: principal component analysis (PCA) based on array SNPs in WIL progeny, and 
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pairwise nucleotide diversity analyses between population founders using sequencing-deriving 

variants. Together, these approaches were used to characterize genome-wide patterns of 

differentiation among populations and to assess whether population structure could be attributed 

to specific genomic regions.  

PCA of progeny genotypes 

Filtered, population specific SNP array datasets were merged to generate a joint genotype 

matrix containing approximately 20 K markers across 1,912 WILs. This matrix was used to 

perform PCA in the R package snpRelate (Zheng et al., 2012). PCA was conducted both across 

all seven TdGD populations and within groups defined by RP: populations derived from 

KS061416LN~26 (Pop30, Pop32, Pop34) and populations derived from KS061278M-4 (Pop41, 

Pop42, Pop46, Pop80).  

Across all populations, the first principal component (PC1) was associated with 9.8% of 

the total genotypic variation, while PC2 accounted for 6.5%, together corresponding with 16.3% 

of the observed variation (Figure 2.4). PCA revealed two distinct clusters corresponding to RP 

background, with PC1 effectively separating populations derived from KS061406LN~26 from 

those derived from KS061278M-4. Within RP groupings, differences in the magnitude of 

population structure were observed. Among the KS061406LN~26 derived populations, PC1 and 

PC2 explained 12.6% and 5.5% of variation, respectively. Among the KS061278M-4 derived 

populations, PC1 and PC2 explained 5.7% and 2.8% of variation, respectively (Figure 2.4). In 

the across population PCA, PC2 further separated a subset of WILs from Pop30 into a cluster 

distinct from the remaining WILs.  

Pop30 is unique among the TdGD populations in that it was derived from a wild emmer 

accession with a spring growth habit and thus, no vernalization requirement (Table 2.1). Allelic 



74 

variation at Vrn-A1 – a major-effect vernalization locus location on chromosome 1A (DeWitt et 

al., 2021; Kato et al., 1997; Strejčková et al., 2023) – was used to assess correspondence between 

vernalization requirement and structuring within Pop30. A trait-linked SNP for Vrn-A1 present 

on the Wheat/Barley SNP array segregated in Pop30 and was used to color PCA loadings by 

genotype class. No clear connection between PCA clustering and Vrn-A1 allelic state was 

observed (Appendix Figure A.6).  

 

 
Figure 2.4. Principal component analysis of WIL progeny across TdGD populations 

The top panel shows PCA results for all seven TdGD populations analyzed jointly, with points colored by 

population and shaped by RP background. The bottom panels show PCA results stratified by RP: populations 

derived from KS061406LN~26 (Pop30, Pop32, Pop34; bottom left) and populations derived from KS061278M-4 

(Pop41, Pop42, Pop46, Pop80; bottom right). PCA was performed using filtered array-based SNPs with the R 

package snpRelate (Zheng et al., 2012). The first two principal components are shown in each panel, with the 

percentage of total variance explained by each component indicated on the axes. 
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Figure 2.5. SNP-PC correlation plots for the first two PCs derived from population 

structure analyses of TdGD WILs 

Absolute correlations between individual SNPs and PC scores are plotted by genomic position along each 

chromosome. The top panel shows SNP-PC correlations calculated across all seven TdGD populations analyzed 

jointly. The bottom panels show SNP-PC correlations stratified by RP background, with populations derived from 

KS061406LN~26 shown on the left, and populations derived from KS061278M-4 shown on the right. SNPs are 

ordered by physical position and colored by subgenome. Analyses were conducted using filtered array-based SNP 

genotypes and the R package snpRelate (Zheng et al., 2012). 

To further investigate the genomic basis of population structure, SNP correlations with 

PCs were calculated (Zheng et al., 2012) to identify genomic regions contributing 

disproportionately to major axes of variation. SNP-PC correlation plots were generated for PCs 1 

and 2 both across all populations and within RP groupings (Figure 2.5). To specifically explore 

the unique structure observed in Pop30, SNP-PC correlation analyses were also performed 
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within Pop30 alone, with no specific genomic region or chromosome exhibiting an unusually 

strong contribution to population structure (Appendix Figure A.6).  

To assess whether structuring within Pop30 corresponded with levels of donor 

introgression, WILs were colored by average donor allele proportions calculated from 1 Mb bins 

derived during introgression mapping. Genome-wide donor proportion showed a gradient of 

distribution along PC2, whereas D subgenome donor proportion showed a similar distribution 

along PC1 (Appendix Figure A.6). Despite this correspondence, SNP-PC correlation profiles 

within Pop30 did not show enrichment of high correlations on D subgenome chromosomes.  

Among KS061278M-4-derived populations, overall structuring was weaker than that 

observed among KS061406LN~26-derived populations. Although a subset of WILs from Pop80 

separated from the main cluster along PC1, SNP-PC correlation analysis for PC1 did not identify 

any genomic region exhibiting disproportionately high correlations (Figures 2.4-2.5). In contrast, 

SNP correlations with PC2 revealed elevated correlations along much of chromosome 2A across 

KS061278M-4-derived populations (Figure 2.5). This observation is biologically plausible given 

that KS061278M-4 carries the 2NS translocation from Aegilops ventricosa, an alien 

introgression known to suppress recombination in affected regions (Gao et al., 2021; Mustahsan 

et al., 2023; Price et al., 2025a). Notably, the chromosome 2A signal was not uniform across all 

KS061278M-4-derived populations. When SNP-PC correlations were examined within 

individual populations, elevated chromosome 2A correlations with PC2 were apparent only in 

Pop41 and Pop80 (Appendix Figure A.7). This effect was particularly pronounced in Pop41, 

whereas Pop80 also exhibited elevated correlations on additional chromosomes, including 

chromosome 7A. 
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To evaluate whether separation along PC2 corresponded with quantitative variation in 

introgression across chromosome 2A, average donor allele proportions on chromosome 2A were 

calculated for each WIL and used the color the PCA for Pop41 and Pop80 (Appendix Figure 

A.7). A continuous gradient was observed, with WILs exhibiting high mean donor proportions 

on chromosome 2A distributed toward one end of PC2 and those with lower donor proportions 

toward the opposite end. This pattern contrasts with the absence of discrete clustering by 2NS 

genotype state.  

Nucleotide diversity between population founders 

In addition to PCA-based assessments of allelic differentiation among WIL progeny 

using array-derived SNPs, allelic differentiation between population founders was evaluated 

using sequencing-based variants through calculation of pairwise nucleotide diversity. For each 

population x subgenome combination, nucleotide diversity was calculated between the RP and 

its corresponding donor parent (wild emmer for the A and B subgenomes; Ae tauschii for the D 

subgenome). Diversity was quantified as the proportion of differing genotype calls among all 

callable sites within non-overlapping 1 Mb genomic bins. Table 2.6 summarizes nucleotide 

diversity values averaged across chromosomes within each subgenome, while Figure 2.6 

visualizes nucleotide diversity along physical positions across chromosomes for each population. 

Across all populations, nucleotide diversity between founders was substantially higher 

for the D subgenome than for the A and B subgenomes. For populations developed using Ae. 

tauschii accession TA 2398, average D subgenome nucleotide diversity was 0.91, while the 

population developed using TA 10155 exhibited a similarly high average of 0.92 (Table 2.6). In 

contrast, A and B subgenome diversity values ranged from 0.22 (B subgenome in Pop41) to 0.49 

(A subgenome in Pop30).  
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Figure 2.6. Pairwise nucleotide diversity between population founders across TdGD 

populations, plotted by genomic position and faceted by chromosome 

For each population, nucleotide diversity was calculated between the recurrent parent and its corresponding donor 

parent as the proportion of differing genotype calls among all callable sites within non-overlapping 1 Mb genomic 

bins. Diversity values are plotted along physical position for each chromosome, with panels arranged by subgenome 

and chromosome. Vertical solid lines indicate centromere positions based on the Chinese Spring v1.0 reference 

genome.  

Within the A and B subgenomes, modest but meaningful differences in nucleotide 

diversity were observed among populations. Notably, the wild emmer accession used to develop 
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Pop30 (PI 414718) exhibited the highest divergence from the RP across populations, with 

average nucleotide diversity values of 0.49 in the A subgenome and 0.48 in the B subgenome 

(Table 2.6). This elevated founder divergence is notable given the pronounced within-population 

structure revealed in Pop30 from PCA (Figure 2.4). In contrast, populations such as Pop41 – 

where A and B subgenome nucleotide diversity averages were substantially lower (0.23 and 

0.22, respectively) – exhibited comparatively weaker population structure.  

Patterns of nucleotide diversity also correspond with the geographic origins of wild 

emmer donors. Populations developed using geographically isolated accessions from Israel 

(populations 30, 42, 46, and 80) exhibited higher A and B subgenome nucleotide diversity (0.33-

0.49) than populations developed using wild emmer accessions from Turkey and Syria 

(populations 32, 34, and 41; 0.22-0.34). Differences in site count among populations reflect 

variation in sequencing methodology, as populations 34, 41, and 80 were sequenced using exome 

capture approaches, yielding lower total site counts relative to populations sequenced using 

WGS strategies.  

Genome-wide visualization of nucleotide diversity further highlights the localized nature 

of founder divergence (Figure 2.6). Across populations, nucleotide diversity was generally 

highest near centromeric regions and decreased toward distal chromosomal regions. This pattern 

was particularly pronounced in the D subgenome, where most chromosomes exhibited uniformly 

high nucleotide diversity, with reduced divergence observed primarily near chromosome ends. In 

contrast, A and B subgenome chromosomes displayed more heterogeneous patterns of diversity.  

Interestingly, several populations exhibited near complete conservation between founders 

in centromeric regions of specific chromosomes. In Pop32 and Pop41, the centromeric regions of 

chromosomes 3A, 5A, 4B, and 5B (and chromosome 7A in Pop32), exhibited markedly low 
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nucleotide diversity with essentially no divergence between RP and donor (Figure 2.6). In 

contrast, Pop30 exhibited no conservation in centromeric regions, with any similarities between 

founders largely restricted to distal, high recombination regions. 

Table 2.6. Pairwise nucleotide diversity between population founders across TdGD 

populations 

Pairwise nucleotide diversity was calculated between each recurrent parent (RP) and its corresponding donor parent 

(wild emmer for the A and B subgenomes, Ae. tauschii for the D subgenome) as the proportion of differing variant 

calls out of all callable variant sites within non-overlapping 1 Mb genomic bins. Reported diversity values represent 

averages across all chromosomes within each subgenome for a given RP-donor pair. Site count indicates the total 

number of variant sites used to estimate diversity within each subgenome.   

Pop Subg RP Donor Diversity Site count 

30 A KS061406LN~26 PI414718 0.49 41.89 K 

30 B KS061406LN~26 PI414718 0.48 48.74 K 

30 D KS061406LN~26 TA2398 0.91 25.70 K 

32 A KS061406LN~26 PI470736 0.30 44.32 K 

32 B KS061406LN~26 PI470736 0.31 51.52 K 

32 D KS061406LN~26 TA2398 0.91 25.70 K 

34 A KS061406LN~26 PI487264 0.32 8.23 K 

34 B KS061406LN~26 PI487264 0.34 9.40 K 

34 D KS061406LN~26 TA2398 0.91 25.70 K 

41 A KS061278M-4 PI428088 0.23 2.85 K 

41 B KS061278M-4 PI428088 0.22 3.40 K 

41 D KS061278M-4 TA2398 0.91 25.83 K 

42 A KS061278M-4 PI466984 0.39 40.88 K 

42 B KS061278M-4 PI466984 0.43 47.02 K 

42 D KS061278M-4 TA2398 0.91 25.83 K 

46 A KS061278M-4 PI471815 0.33 36.14 K 

46 B KS061278M-4 PI471815 0.36 40.64 K 

46 D KS061278M-4 TA2398 0.91 25.83 K 

80 A KS061278M-4 PI471021 0.34 7.68 K 

80 B KS061278M-4 PI471021 0.38 8.73 K 

80 D KS061278M-4 TA10155 0.92 26.05 K 

 

Pedigree-based imputation performance 

Imputation of WIL progeny was performed using AlphaImpute2 using a map length 

parameter of 2 (Morgans) and a final peeling threshold of 0.1 (Whalen et al., 2020). Following 

imputation, an additional ancestry-based heterozygote smoothing step was applied, with 
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downstream segment detection thresholds set to avoid calling donor segments based solely on 

residual heterozygosity.  

Using a map length of 2 Morgans effectively controlled genome-wide excess 

heterozygosity with individual-level heterozygosity being broadly comparable across 

subgenomes (Appendix Figure A.8). Although some WILs still exhibited elevated subgenome-

specific heterozygosity after smoothing, genome-wide average heterozygosity per individual was 

minimized (Appendix Figure A.8). This effect was most pronounced on the D subgenome, where 

marker density is lower and donor allele frequencies are expected to be reduced relative to the A 

and B subgenomes (Figure 2.1). Using the default chromosome length of 1 Morgan, imputation 

on the D subgenome resulted in persistent uncertainty in progeny genotypes, with neither donor 

nor RP alleles being consistently imputed across missing regions. Increasing the assumed map 

length to 2 Morgans mitigated this issue by allowing greater flexibility in segregation state 

transitions.  

Because the set of array markers observed in the progeny is fixed, the density of 

sequencing-derived markers included in the founders has a direct impact on the amount of 

information that must be inferred during imputation. Including a large number of founder-only 

markers, coded as missing in the progeny, increases the proportion of loci for which genotype 

inference relies entirely on pedigree-derived information rather than empirical genotype 

evidence. Conversely, restricting the founder marker set to more widely spaced, informative loci 

reduces the number of uncertain positions that must be imputed and increases reliance on 

emission evidence at observed progeny markers. In practice, increasing marker density in the 

founders by using smaller minimum inter-marker distance thinning thresholds (e.g., 50 kb) 

resulted in reduced donor allele proportions in the imputed progeny, whereas using larger 
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thinning windows (e.g., 250 kb) increased donor allele retention to more biologically plausible 

levels. This reflects the fact that reducing the number of loci requiring inference limits the 

cumulative propagation of uncertainty across the pedigree.  

 Population-level patterns of residual heterozygosity illustrate the dependence of 

pedigree-based imputation on anchor marker availability. Pop30 provides a clear example. An 

extended region on chromosome 3A lacks array-based anchor markers in the progeny (Appendix 

Figure A.2), requiring long-range imputation without direct evidence for changes in segregation 

state. Consequently, this region exhibits elevated mean heterozygosity across WILs in Pop30 

even after smoothing (Appendix Figure A.9). In this case, flanking markers did not consistently 

agree in ancestry across individuals, preventing confident haplotype inference and demonstrating 

the limits of smoothing in regions of marker sparsity. Other regions with elevated population 

wide heterozygosity were generally smaller and may correspond to localized recombination 

events between anchor markers where ancestry state cannot be reliably inferred (Appendix 

Figure A.9).  

Table 2.7 presents average marker heterozygosity and MAF by population and 

subgenome before and after heterozygote smoothing. Average marker heterozygosity predictably 

decreased following smoothing across all populations and subgenomes. In contrast, changes in 

MAF were minimal, indicating that smoothing did not systematically bias genotype resolution 

toward either the RP or donor haplotype. If smoothing preferentially resolved heterozygotes 

toward the donor, MAF would be expected to increase; conversely, smoothing toward the RP 

would decrease MAF. Instead, MAF changes were small and inconsistent in direction across 

population x subgenome, with the largest observed reduction being 0.04 (e.g., from 0.09 to 0.05 

in the D subgenome of Pop30; from 0.11 to 0.07 in the A subgenome of Pop34; and from 0.13 to 
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0.09 in the B subgenome of Pop80; Table 2.7). Distributions of MAF before and after smoothing 

are shown in Appendix Figure A.10.  

Table 2.7. Average marker heterozygosity and minor allele frequency in TdGD WILs 

following imputation 

Heterozygosity (Het) and MAF are summarized after imputation with AlphaImpute2 (Whalen et al., 2020) both 

before and after heterozygote smoothing based on flanking anchor marker ancestry. Statistics are reported by 

population and subgenome. Average marker heterozygosity is calculated as the proportion of individuals 

heterozygous at a given marker, averaged across all markers within each population x subgenome. MAF is defined 

as the frequency of the less common allele at each marker within a population, averaged across markers. 

Pop Subg 
Before het smoothing After het smoothing 

Het MAF Het MAF 

30 A 0.24 0.15 0.11 0.17 

30 B 0.32 0.17 0.12 0.14 

30 D 0.16 0.09 0.09 0.05 

32 A 0.16 0.09 0.09 0.09 

32 B 0.23 0.12 0.11 0.09 

32 D 0.09 0.05 0.07 0.05 

34 A 0.20 0.11 0.12 0.07 

34 B 0.19 0.11 0.11 0.09 

34 D 0.15 0.08 0.09 0.06 

41 A 0.17 0.10 0.09 0.09 

41 B 0.23 0.12 0.11 0.12 

41 D 0.12 0.06 0.09 0.06 

42 A 0.14 0.08 0.09 0.08 

42 B 0.24 0.15 0.12 0.13 

42 D 0.12 0.06 0.08 0.04 

46 A 0.19 0.11 0.09 0.09 

46 B 0.20 0.12 0.11 0.13 

46 D 0.07 0.04 0.07 0.04 

80 A 0.14 0.08 0.09 0.07 

80 B 0.24 0.13 0.11 0.09 

80 D 0.09 0.05 0.08 0.04 

 

Overall, these results indicate that pedigree-based imputation with conservative 

heterozygote smoothing effectively reduced spurious heterozygosity without introducing 

systematic allele frequency distortions. Residual heterozygosity is largely localized to genomic 
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regions where marker density limits inference, reinforcing the interpretation that imputation 

uncertainty is driven by empirical constraints rather than algorithmic bias alone.  

Mapping introgression segments in imputed WILs 

Following pedigree-based imputation and ancestry-based heterozygote smoothing, donor 

allele proportions were calculated in non-overlapping 1 Mb bins as the proportion of called 

alleles matching the population- and subgenome-specific donor. These values were then 

summarized by WIL and averaged within each population x subgenome to estimate genome-

wide donor contribution (Table 2.8).  

Population-level donor proportions varied across populations and subgenomes. Pop30 

exhibited the highest average donor proportions on the A and B subgenomes (0.20 on both; 

Table 2.8). This pattern is consistent with the comparatively higher minor allele frequencies in 

Pop30 (Figure 2.3; Tables 2.3, 2.7). The lowest A and B subgenome donor proportions were 

observed in Pop80 (0.09 in A; 0.10 in B; Table 2.8). Donor proportions on the D subgenome 

were consistently lower than on the A and B subgenomes, ranging from 0.04 in Pop46 to 0.07 in 

Pop34 (Table 2.8).  

To identify contiguous introgressed regions, bin-level donor proportions were smoothed 

using short- and long-range moving averages to reduce noise from bins with limited marker 

support. Multiple window size combinations were evaluated, and consecutive bins classified as 

donor were merged into segments. Predictably, increasing MA window size increased called 

segment lengths (Appendix Table A.3): smaller windows (e.g., MA2) remain sensitive to local 

stochasticity, whereas very large windows (e.g., MA50/MA100) require sustained donor signal 

across large physical regions and therefore preferentially detect only the largest introgressions. 

Across window size pairs, results were broadly concordant in the genomic regions implicated, 
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although inferred segment boundaries shifted with smoothing intensity. Accordingly, called 

segments are best interpreted as in support that introgression is present within a region, rather 

than as precise estimates of recombination breakpoints. 

Table 2.8. Summary of donor introgression in TdGD WILs, aggregated by population and 

subgenome 

Donor allele proportion (DonorProp) represents the mean proportion of alleles matching the donor parent across all 

informative markers and WILs within each population x subgenome combination. Introgression segment lengths are 

summarized as the mean and median length (Mb) of donor derived segments detected across WILs. Segments were 

called using moving average smoothing of donor allele proportions with a short-range window of 10 bins and a 

donor proportion threshold of 0.9, paired with a long-range window of 40 bins and a threshold of 0.7, merging 

consecutive donor bins to determine segments.   

Pop Subg DonorProp 
SegmentLength 

Mean Median 

30 A 0.20 43 18 

30 B 0.20 35 9 

30 D 0.06 40 10 

32 A 0.11 41 9 

32 B 0.12 45 25 

32 D 0.06 80 45 

34 A 0.10 18 7 

34 B 0.11 61 9 

34 D 0.07 78 18 

41 A 0.10 51 13 

41 B 0.14 56 9 

41 D 0.06 70 28 

42 A 0.10 58 22 

42 B 0.15 60 16 

42 D 0.05 39 24 

46 A 0.10 53 14 

46 B 0.15 53 9 

46 D 0.04 34 24 

80 A 0.09 52 14 

80 B 0.10 34 7 

80 D 0.05 68 63 

 

Segment length distributions reflected both biological introgression architecture and 

technical constraints imposed by anchor marker density (Table 2.8; Figure 2.7). In regions with 

sparse progeny marker coverage, fewer empirically supported segregation state transitions are 
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available, increasing the tendency for long continuous haplotype inference. This effect was 

particularly apparent on the D subgenome, where anchor marker density is lowest (Table 2.2). 

For example, mean segment length on the D subgenome reached 80 Mb in Pop32 (Table 2.8), 

consistent with the possibility that multiple introgressions separated by unobserved 

recombination events can be merged into a single long called segment when intermediate anchor 

evidence is absent. In contrast, on the A and B subgenomes, where array-based markers are more 

abundant especially in distal, higher recombination regions, shorter segments were more readily 

detected. Across populations, mean segment lengths ranged from 18-58 Mb (A subgenome), 34-

61 Mb (B subgenome), and 34-80 Mb (D subgenome), while medians ranged from 7-22 Mb (A), 

7-25 Mb (B), and 10-63 Mb (D) (Table 2.8), indicating strong right skew and a general bias 

toward shorter segments (Figure 2.7). Pop30 exhibited a larger number of detected segments 

than other populations (Figure 2.7), consistent with its higher MAF.  

The genomic distribution of introgression was further summarized by the proportion of 

WILs carrying at least one called segment on each chromosome arm (Table 2.9). Across all 

population x arm combinations, the highest prevalence occurred on the short arm of chromosome 

3B in Pop30, where 98% of WILs carried an introgression somewhere along that arm. In 

contrast, many D subgenome chromosome arms showed zero WILs with detected introgressions 

in a given population (Table 2.9), consistent with lower observed D subgenome donor 

proportions (Table 2.8). Where D subgenome introgressions were detected, they were often long 

but comparatively infrequent across individuals; the highest D subgenome donor prevalence was 

observed on the short arm of chromosome 7D in Pop80, where 72% of WILs carried a segment 

on that arm (Table 2.9). Chromosome 6D exhibited the fewest introgressions across populations. 
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Chromosome 4B was also notable for low introgression prevalence; the maximum observed for 

any arm of 4B was 30% (Pop34 long arm; Table 2.9). 

 

 
Figure 2.7. Distributions of donor introgression segment lengths in TdGD WILs 

Lengths are summarized across all populations (left panels) and split by population (right panels). Segments were 

identified by applying moving average smoothing to donor allele proportions using a short-range window of 10 bins 

with a donor proportion threshold of 0.9, paired with a long-range window of 40 bins with a threshold of 0.7, and 

merging contiguous donor classified bins into continuous segments. Segment lengths are displayed both as physical 

length (Mb; top panels) and as a proportion of the total chromosome length (bottom panels). 

Population averaged donor proportion profiles provide a complementary view of 

introgression architecture (Figure 2.8). For each chromosome, mean donor proportion was 

plotted for each 1 Mb bin after averaging across WILs within a population, alongside the 

genomic positions of called introgression segments. Population mean donor proportions tended 

to be higher in distal regions away from centromeres, reflecting both the recombination 

landscape and the concentration of informative progeny anchor markers in higher recombination 

regions; nonetheless, called segments frequently span centromeric regions.  
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Figure 2.8. Population averaged donor introgression profiles across the genome 

Mean donor allele proportions were calculated in 1 Mb bins by averaging across all WILs within each TdGD 

population and are shown as points along each chromosome facet. Vertical dashed lines indicate centromere 

positions based on the Chinese Spring v1.0 reference. Major domestication loci – Q (free threshing), Btr (brittle 

rachis), and Tg (tenacious glume) – are indicated by labeled vertical markers at their physical positions. Horizontal 

boxes at the top of chromosome panels denote regions where introgression segments were called in WILs using a 

moving average framework (MA10 ≥ 0.9 and MA40 ≥ 0.7), summarizing population-level consensus segments 

along each chromosome.  

Several localized deviations from the distal enrichment trend were also observed. For 

example, chromosome 3B exhibited elevated donor signal near the centromere in multiple 

populations, most prominently in Pop30 (Figure 2.8). While this could reflect true introgression 

enrichment, it is also a region where uncertainty may be elevated due to sparser anchor coverage, 

propagating ancestry states across poorly supported intervals, potentially inflating donor 

proportions or extending inferred segments. However, similar centromere proximal elevation is 

not uniformly observed across all chromosomes, arguing against a purely global artifact driven 

by heterozygosity retention.  

Population mean donor proportions across D subgenome chromosomes were lower than 

those on A and B (Figure 2.8; Table 2.8), and chromosome 4B – where few WILs carried called 

segments – also showed correspondingly low mean donor proportion (Table 2.9; Figure 2.8). In 
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several populations, called segments collectively span most or all of a chromosome when 

aggregated across WILs; this reflects population level coverage of introgressions across different 

individuals rather than chromosome-scale introgression within any single WIL. 

Table 2.9. Proportion of WILs with donor introgression segments detected on each 

chromosome arm, summarized by TdGD population 

For each population x chromosome arm combination, proportions were calculated as the number of WILs containing 

one or more introgression segments overlapping the specified arm divided by the total number of WILs evaluated in 

that population. Chromosome arms were defined relative to centromere positions of Chinese Spring v1.0. 

Introgression segments were identified using moving average smoothing of donor allele proportions with a short-

range window of 10 bins and a donor proportion threshold of 0.9, paired with a long-range window of 40 bins and a 

threshold of 0.7.   

Chr 

Proportion of WILs with introgression 

Pop30 Pop32 Pop34 Pop41 Pop42 Pop46 Pop80 

Short Long Short Long Short Long Short Long Short Long Short Long Short Long 

1A 0.19 0.89 0.21 0.28 0.01 0.57 0.06 0.40 0.16 0.37 0.26 0.51 0.22 0.49 

1B 0.17 0.42 0.21 0.36 0.32 0.37 0.15 0.37 0.21 0.48 0.07 0.79 0.07 0.69 

1D 0.31 0.05 0.00 0.00 0.15 0.34 0.25 0.13 0.21 0.09 0.22 0.20 0.10 0.05 

2A 0.45 0.46 0.28 0.37 0.38 0.47 0.24 0.42 0.14 0.26 0.01 0.51 0.64 0.18 

2B 0.82 0.91 0.26 0.03 0.53 0.46 0.33 0.57 0.46 0.47 0.36 0.51 0.24 0.46 

2D 0.12 0.53 0.14 0.00 0.24 0.00 0.15 0.00 0.20 0.18 0.07 0.00 0.00 0.07 

3A 0.76 0.87 0.22 0.64 0.29 0.12 0.38 0.47 0.67 0.28 0.59 0.27 0.08 0.69 

3B 0.98 0.87 0.54 0.48 0.08 0.47 0.65 0.60 0.67 0.68 0.36 0.52 0.48 0.48 

3D 0.11 0.05 0.16 0.23 0.23 0.36 0.14 0.06 0.18 0.14 0.21 0.40 0.24 0.21 

4A 0.39 0.37 0.21 0.21 0.00 0.03 0.12 0.00 0.19 0.11 0.19 0.38 0.12 0.00 

4B 0.16 0.23 0.00 0.06 0.10 0.30 0.00 0.16 0.23 0.00 0.15 0.24 0.17 0.11 

4D 0.19 0.21 0.00 0.16 0.26 0.28 0.31 0.29 0.00 0.00 0.16 0.20 0.00 0.00 

5A 0.86 0.84 0.00 0.78 0.53 0.85 0.12 0.40 0.13 0.24 0.19 0.77 0.00 0.16 

5B 0.69 0.91 0.23 0.22 0.00 0.13 0.00 0.54 0.14 0.68 0.14 0.57 0.39 0.66 

5D 0.00 0.19 0.00 0.28 0.00 0.01 0.00 0.13 0.17 0.10 0.00 0.00 0.19 0.22 

6A 0.88 0.87 0.18 0.35 0.80 0.53 0.00 0.18 0.24 0.40 0.00 0.11 0.05 0.00 

6B 0.91 0.83 0.76 0.34 0.55 0.26 0.25 0.22 0.39 0.05 0.29 0.49 0.31 0.00 

6D 0.15 0.15 0.04 0.01 0.03 0.03 0.14 0.04 0.00 0.02 0.00 0.07 0.00 0.16 

7A 0.48 0.55 0.21 0.37 0.48 0.95 0.20 0.59 0.20 0.44 0.37 0.28 0.26 0.38 

7B 0.37 0.90 0.00 0.23 0.33 0.26 0.31 0.28 0.11 0.55 0.31 0.75 0.11 0.44 

7D 0.06 0.04 0.37 0.30 0.08 0.19 0.10 0.06 0.52 0.02 0.40 0.09 0.72 0.00 

 

Given the low donor proportions observed on the short arm of chromosome 1B in Pop46 

and Pop80 (Table 2.9; Figure 2.8), determining whether the shared RP, KS061278M-4, carried 
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the 1BL.1RS translocation was particularly important. Comparative alignment coverage analysis 

using Larry as a known 1BL.1RS carrier (Parker et al., 2026) provided no evidence that 

KS061278M-4 carries the translocation (Appendix Figure A.11). Therefore, the reduced donor 

representation and limited segment detection on the short arm of 1B in Pop46 and Pop80 cannot 

be readily attributed to suppression of recombination due to translocation. Alternative 

explanations include other structural differences between the respective wild emmer donors and 

the RP, localized suppression of recombination, or stochastic loss of donor haplotypes arising 

from the limited number of BC2F1 families represented among the derived lines. The available 

genotypic data do not permit these possibilities to be distinguished conclusively. Nevertheless, 

the alignment results, together with the detection of donor introgression on the short arm of 1B in 

Pop41 and Pop42 – which were also developed using KS061278M-4 as the RP – support the 

conclusion that KS061278M-4 does not carry the 1BL.1RS translocation (Table 2.9; Figure 2.8; 

Appendix Figure A.11).  

Validation of introgression calls was conducted using a KASP assay targeting the 

domestication locus Q/q. In Pop30, 10 WILs had a called segment overlapping Q/q and 29 had a 

segment within 5 Mb of Q/q; in Pop41, 28 WILs had segments overlapping Q/q and 13 had 

segments within 5 Mb. Founder controls were included to verify assay behavior; all seven wild 

emmer samples assayed were called Q, and 13 of 14 RP samples were called q (one RP control 

was misclassified). KASP genotypes were broadly consistent with segment calls, with stronger 

concordance in Pop41 than in Pop30.  

In Pop30, 7 of 10 WILs with a segment overlapping Q/q were called Q, while 3 were 

called q. Among WILs expected to be q (i.e., without a segment overlapping Q/q), concordance 

was 86% (219/256), with 37 individuals called Q despite expectation of q. Within the 5 Mb 
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window around Q/q, 18 of 29 WILs were called Q and 11 were called q, consistent with 

uncertainty in inferred boundaries under MA-based calling.  

In Pop41, 26 of 28 WILs overlapping Q/q were called Q, and all 13 WILs with a segment 

within 5 Mb were called Q. Among Pop41 WILs expected to be q, concordance was 93% 

(151/163), with 12 called Q despite expectation. Overall, classification concordance for Q/q 

overlap was 70% in Pop30 and 93% in Pop41; within 5 Mb of Q/q, concordance was 62% in 

Pop30 and 100% in Pop41.  

Discussion 

Seven BC2F4:5 TdGD populations were evaluated to characterize patterns of donor 

introgression across the A, B, and D subgenomes of hexaploid wheat. Analytical resolution and 

biological interpretation were closely intertwined with design decisions made during genotypic 

data generation and processing. The interpretation of the resulting mosaic genomes requires 

consideration of both biological and methodological influences. As such, evaluation is made on 

(1) the implications of differing genotyping platforms and marker densities, (2) the performance 

of AlphaImpute2 under uneven marker distribution, a heterogeneous recombination landscape, 

and low donor allele frequencies, (3) founder-level allelic differentiation and patterns of 

population structure, and (4) the correspondence between an amphiploid bridge-mediated versus 

direct crossing approach to introgress diversity from wild emmer.  

Implications of SNP array-based genotyping of introgression germplasm 

The Wheat/Barley 40 K SNP array was selected for its enrichment of markers 

informative for tetraploid and D subgenome tracking (Keeble-Gagnère et al., 2021). However, 

SNP array-based genotyping in wheat introduces important constraints that influence pipeline 

design choices and interpretation of results for introgression mapping. 
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First, SNP arrays are inherently subject to ascertainment bias: only polymorphisms 

included during array development can be detected (Crain et al., 2026; Elbasyoni et al., 2018; 

Keeble-Gagnère et al., 2021; Wang et al., 2014; H. Wang et al., 2023). Because array design was 

based on alignment to Chinese Spring v1.0 reference genome, variant detection is limited to sites 

represented in that assembly. Highly divergent haplotypes contributed by wild emmer or Ae. 

tauschii may therefore be underrepresented by the reference (Parker et al., 2026; Walkowiak et 

al., 2020). In introgression populations derived from wild relatives, this constraint can reduce the 

number of informative ancestry markers in precisely those regions where divergence is greatest.  

Second, probe specificity is complicated by the presence of homoeologous sequences in 

hexaploid wheat. Although probes are designed to preferentially hybridize to a target locus, high 

sequence similarity among A, B, and D homoeologs can permit cross-hybridization (Akhunov et 

al., 2009; Kaur et al., 2012; Keeble-Gagnère et al., 2021; Tiwari et al., 2014; Wang et al., 2014). 

Spot checking nucleotide BLAST alignments of array probe sequences against multiple 

reference assemblies (Chinese Spring v1.0, v2.1, and the tetraploid Zavitan genome; Avni et al., 

2017; IWGSC, 2018; Zhu et al., 2021) confirmed that while probes aligned most strongly to their 

annotated target chromosome, substantial secondary alignments to homoeologous chromosomes 

were common (data not shown). In some cases, probe affinity differed depending on the 

reference genome queried. This raises the possibility that, in regions of high homoeology, allelic 

state may occasionally reflect signal from a non-target homoeolog, particularly in wild-derived 

material where sequence divergence patterns differ from those represented in the reference.  

There is no practical mechanism to eliminate this possibility entirely in array-based 

datasets. In this study, several steps were taken to reduce its impact. Markers exhibiting elevated 

missingness or heterozygosity in the progeny were removed, under the assumption that such 
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patterns reflect poor probe performance or ambiguous hybridization. Concordance in REF/ALT 

identity and orientation between sequencing-derived parental genotypes and array-based progeny 

calls were enforced during merging; markers showing discordance were excluded entirely. 

Additionally, only biallelic sites were retained to avoid complications arising from multi-allelic 

variation that could exacerbate homoeolog misassignment.  

Following application of these filters, the final array-derived anchor marker set in the 

WILs remained sparse and unevenly distributed, particularly in pericentromeric regions of low 

recombination (Appendix Figure A.2). Consequently, imputation resolution was fundamentally 

limited by the density and genomic distribution of these empirical anchor markers (Hickey et al., 

2012a; Whalen et al., 2020). Introgression detection therefore reflects the resolution of the array 

backbone rather than the precise underlying haplotype structure. Regions lacking array anchors 

cannot support exact breakpoint inference, and ancestry interpretation in such intervals is 

necessarily extrapolated from flanking markers.  

These constraints suggest that a sequencing-based approach in the progeny – such as 

skim exome capture or low-coverage WGS – would provide greater flexibility and reduce 

dependence on predefined array targets (Crain et al., 2026; H. Wang et al., 2023). Unlike SNP 

arrays, sequence-based approaches permit variant discovery at sites defined relative to the 

founders themselves. However, the array-derived genotypes represent an existing and substantial 

investment, and the present analyses demonstrate that, when coupled with dense founder 

sequencing and conservative segment calling strategies, meaningful genome-wide introgression 

patterns can still be inferred. 

Overall, while ascertainment bias and homoeolog cross-hybridization are intrinsic 

limitations of SNP arrays in wheat, the design of the Wheat/Barley 40 K array and the filtering 
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strategy implemented here aims to minimize their influence sufficiently to support regional 

introgression inference. Nonetheless, these factors impose a ceiling on haplotype breakpoint 

resolution and must be considered when interpreting genome-wide donor segment architecture.  

Impact of sequencing methodology on founder variant detection 

At face value, heterogeneity of variant density and genomic distribution due to 

sequencing methodology could bias imputation by disproportionately weighting certain founder 

haplotypes or genomic regions. However, in the context of this study, founder marker density 

was not a limitation. Even in populations with the lowest retained A/B subgenome founder 

variant counts, the density of founder genotypes exceeded that of the progeny array anchors by 

many orders of magnitude. Because pedigree-based imputation is constrained primarily by 

empirical marker availability in the progeny rather than founder density per se, the principal 

concern was not insufficient founder resolution, but rather overrepresentation of founder only 

markers that would require inference across excessively large stretches of missing progeny data.  

This consideration motivated the implementation of minimum inter-marker distance 

thinning, which reduced redundancy in founder marker matrices and harmonized variant density 

across populations and sequencing. After thinning and reintroduction of array concordant 

recalled variants, the effective imputation matrices were broadly comparable in genome-wide 

distribution, regardless of whether founders were sequenced via WGS or exome capture. 

Notably, because the SNP array backbone is enriched for exonic and high recombination regions 

(Keeble-Gagnère et al., 2021), even WGS-derived founder variants ultimately contributed 

proportionally more informative markers in distal chromosomal regions than in pericentromeric 

intervals.  
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Importantly, the biological structure of BC2F4:5 populations further mitigates concerns 

about uneven founder sequencing density. These materials derive from a limited number of 

meiotic events and therefore are expected to exhibit long-range linkage disequilibrium, with 

introgressed haplotypes expected to span relatively large genomic intervals (Chao et al., 2010; 

Zhang et al., 2010). Under such conditions, moderate marker density is sufficient to detect major 

introgression blocks. The objective of imputation in this framework was not to infer precise 

recombination breakpoints unsupported by empirical data, but rather to interpolate across 

missing intervals between array anchors and produce complete, genome-wide genotype matrices 

suitable for ancestry estimation.  

Accordingly, while heterogeneity in founder sequencing methodology influenced initial 

variant discovery, it did not substantively constrain the detection of chromosomal introgression 

patterns. The primary resolution ceiling remained the density and distribution of progeny anchor 

markers rather than the absolute depth or platform used for founder sequencing. Nonetheless, 

detection of smaller introgression segments – particularly in regions with sparse anchor marker 

coverage – remains limited under this design.   

Performance of pedigree-based imputation for introgression detection in BC2 

populations 

AlphaImpute2 was originally developed for livestock populations, where recombination 

landscapes are comparatively uniform and allele frequencies are typically moderate (Calus et al., 

2014; Hickey et al., 2012b; Whalen et al., 2020). In contrast, BC2-derived wheat introgression 

populations present a markedly different context: uneven recombination across chromosomes, 

expected long-range linkage disequilibrium, and strongly skewed allele frequencies favoring the 
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RP (Chao et al., 2010; Zhang et al., 2010). These deviations from underlying assumptions 

influence how genotype probabilities are resolved during pedigree-based peeling.  

Although marker spacing is uneven in physical distance across the wheat genome, this 

does not necessarily constitute a strong violation of the algorithm’s assumptions of even genetic 

spacing. Regions with low marker density in physical distance are largely confined to regions 

with suppressed recombination (e.g., pericentromeric regions), whereas regions with higher 

marker density tend to overlap regions with higher recombination rates (Des Déserts et al., 2021; 

Gardiner et al., 2019; Jordan et al., 2015, 2018; Keeble-Gagnère et al., 2021; Shaltouki-Rizi et 

al., 2026). Thus, assuming approximately even spacing in genetic distance is reasonable at the 

scale relevant for pedigree-based haplotype inference. In practice, high recombining regions in 

the WIL progeny are anchored by more observed array genotypes, while low recombining 

regions contain long stretches of missing data that must be imputed based on flanking markers 

and pedigree information alone. In these regions, segregation probabilities are more strongly 

influenced by the assumed recombination rate, making the map length parameter particularly 

relevant.  

In BC2 populations, donor haplotypes are intrinsically rare relative to RP haplotypes. 

Because AlphaImpute2 iteratively updates genotype probabilities using pedigree information, 

segregation state inference is necessarily influenced by the predominance of RP haplotypes 

across related individuals. When anchor marker evidence is sparse or ambiguous, the algorithm 

preferentially resolves toward the more probable RP background or retains uncertainty as 

heterozygosity. This dynamic is particularly pronounced on the D subgenome, where both donor 

allele frequency and empirical anchor marker density are lower than on the A and B 

subgenomes. 
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Independent validation at the Q/q domestication locus supports the overall suitability of 

this approach. Concordance between KASP genotypes and bioinformatically detected 

introgression segments was high, with discrepancies expected due to imprecision in segment 

boundaries rather than systematic misclassification of ancestry. The observation that 

concordance remained strong when segments were called within 5 Mb of Q/q further 

underscores that the principal limitation lies in breakpoint resolution rather than systematic errors 

in ancestry assignment. At the same time, this diagnostic is not without limitations. Population 

size constrains the power of validation, particularly given the small proportion of WILs expected 

to carry the wild type Q allele. This reflects both the population development scheme and 

relatively low donor contribution, but may also have been intensified by attrition during 

population advancement. In particular, advancement through single seed descent may have 

indirectly selected against plants carrying Q, because the bias toward a free threshing spike 

would make seed retention from wild types less likely.  

Genome-wide introgression patterns are also consistent with biological expectations. 

Donor allele proportions were generally higher in distal chromosome regions characterized by 

higher recombination and denser anchor marker coverage, while D subgenome donor proportions 

remained lower across populations. Reduced introgression in centromeric regions has been 

reported previously (Nyine et al., 2020; Price et al., 2025a). Similarly, the low frequency of 

introgression detected on chromosome 4B aligns with previous reports (Marcotuli et al., 2025; 

Price et al., 2025a). Thus, observed introgression profiles are consistent with known 

recombination landscapes and chromosomal architecture rather than being artifacts of imputation 

alone.  
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Although AlphaImpute2 demonstrates sensitivity to uneven marker density and skewed 

allele frequencies – manifested as longer inferred segments and elevated heterozygosity in low 

anchor regions – it remains well suited for this application. Its flexibility in accommodating 

complex pedigrees allows explicit modeling of the breeding scheme and subgenome specific 

donor relationships. Because high-density genotypes were available only for founders, joint 

population-pedigree imputation was not feasible; inclusion of densely sequenced WILs could 

further refine haplotype definition and improve performance in future applications.  

The principal limitation of pedigree-based imputation in this context is not founder 

marker density but the distribution of empirical progeny anchors and the nonuniform 

recombination landscape of wheat. In genomic regions where nucleotide divergence between 

founders is elevated – such as in centromeric intervals or across the D subgenome – effective 

crossover frequency may be reduced (Des Déserts et al., 2021; Gardiner et al., 2019; Jordan et 

al., 2015, 2018; Nyine et al., 2020; Shaltouki-Rizi et al., 2026). Under such conditions, extended 

haplotypes can persist across generations, resulting in long-range linkage disequilibrium and 

larger inherited introgression blocks. This effect, along with fewer empirical anchor markers to 

support segregation state transitions on the D subgenome, is reflected by the relatively large 

mean segment sizes observed on the D subgenome. As long as residual heterozygosity is 

interpreted as uncertainty and conservative thresholds are applied during segment detection, 

pedigree-based imputation provides a robust framework for identifying genome-wide 

introgression in BC2 derived germplasm. Breakpoint precision remains limited, and smaller 

introgressions may be missed; however, detection of major donor segments and genome-wide 

ancestry patterns is well supported under the implemented pipeline.  
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Determinants of population structure in BC2 introgression germplasm 

Across all TdGD populations, the primary axis of differentiation separated WILs 

according to RP background. This pattern is consistent with the BC2 design, in which the 

majority of the genome is expected to derive from the RP. Thus, the dominant component of 

allelic variance reflects recovery of RP haplotypes.  

Pop30 presented a particularly interesting case, exhibiting the greatest founder nucleotide 

divergence, the highest average MAF, and the most pronounced within-population structuring. A 

reasonable hypothesis connecting these observations is that founder divergence sets the upper 

bound on segregating variation entering the BC2 generation. Populations initiated from more 

divergent founders inherently contain a broader pool of polymorphic loci. When a large 

proportion of loci segregate at intermediate frequencies, as reflected in the relatively higher MAF 

of Pop30, more individuals carry the minor allele at any given polymorphic site. This increases 

the contribution of those loci to covariance among WILs and enhances the ability of PCA to 

resolve axes of differentiation (Prokopenko et al., 2016; Turkmen et al., 2019).  

However, founder divergence alone may not fully explain the observed MAF and 

structuring patterns. The number and representation of BC2F1 families within each population 

could also influence allele frequency distributions. If fewer families are disproportionately 

represented within a population, family-specific haplotypes may occur at more moderate 

frequencies population-wide, inflating MAF relative to populations in which more families 

contribute evenly. Conversely, when many families are represented, alleles unique to a single 

family lineage remain at lower frequency. Although Pop30 ultimately maintained a relatively 

large population size, suggesting less fertility-related attrition during single seed descent, it 

remains possible that differential survival occurred between families across generations of 
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advancement. Such family-level effects could have moderating effects on MAF and promote 

covariance among related WILs without requiring strong locus-specific drivers.  

Importantly, structuring within Pop30 could not be attributed to a specific chromosome, 

nor was it explained by allelic state at Vrn-A1, indicating that differentiation was not driven by a 

single major-effect locus. Although vernalization requirement is often attributed to major loci, 

allelic variation persists within wild emmer germplasm and may not be fully captured by a 

biallelic SNP array, particularly when segregation is observed at only one homoeolog (DeWitt et 

al., 2021; Kato et al., 1997; Strejčková et al., 2023). A more definitive evaluation would require 

detailed multi-environment screening of winter tolerance within Pop30. While growth habit 

differences between donor and RP cannot be excluded as a contributing factor, the absence of 

pronounced SNP-PC correlation peaks argues against a dominant vernalization locus underlying 

the pattern. Rather, the data are more consistent with cumulative genome-wide allelic divergence 

generating mosaic haplotypic differentiation among WILs.  

The feature most closely corresponding with PCA axes in Pop30 was donor proportion: 

genome-wide donor proportion aligned approximately with PC2, while D subgenome donor 

proportion aligned with PC1. At first glance, this appears inconsistent with SNP-PC correlation 

plots, which did not show enrichment of high correlations on D subgenome chromosomes. 

However, SNP-PC correlations reflect locus-specific contributions to PCs, whereas donor 

proportion represents a summary of ancestry across many loci. One plausible explanation is that 

D subgenome introgression varies among BC2F1 families and covaries with genome-wide 

haplotypic composition inherited through shared descent. Under this scenario, D subgenome 

donor proportion could serve as a marker of lineage structure rather than a single genomic driver. 
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Dispersed SNP-PC correlations would be expected if many large haplotypes across the genome 

contribute modestly to covariance rather than a single region dominating the signal.  

Pop30 was also unique in lacking conserved centromeric regions between founders. In 

populations where founders share centromeric haplotypes, low recombination intervals 

contribute little segregating variation. In Pop30, divergence extending into centromeric regions 

potentially increases the size and persistence of inherited haplotypes. Elevated nucleotide 

divergence in such regions may reduce effective recombination, allowing longer stretches of co-

inherited alleles to persist within family lineages (Des Déserts et al., 2021; Gardiner et al., 2019; 

Jordan et al., 2015, 2018; Nyine et al., 2020; Shaltouki-Rizi et al., 2026). This would be 

consistent with both the higher MAF and the diffuse but pronounced PCA structure observed. It 

may also help explain why D subgenome introgression – characterized by longer segment sizes 

despite low overall donor proportion – corresponded strongly with PC1. If D subgenome 

haplotypes were inherited as relatively intact blocks early in population development, variation 

in their retention among families could disproportionately influence covariance patterns without 

producing sharp SNP-PC peaks.  

These observations raise the possibility that multilocus interactions contribute to the 

Pop30 pattern. Combinations of alleles retained within families across subgenomes could 

influence viability, fertility, or developmental performance during generation advancement 

(Nyine et al., 2020; Tessele et al., 2025b). If certain D subgenome haplotypes were preferentially 

retained in combination with particular A and B subgenome haplotypes, multilocus effects could 

generate lineage-level differentiation. Such interactions would manifest as genome-wide 

covariance rather than isolated locus-specific signals. While this hypothesis cannot be directly 



105 

tested with the available data, it remains consistent with the observed alignment between donor 

proportion and PCA axes alongside diffuse SNP-PC correlations.  

This interpretation provides context for chromosome-specific signals observed in other 

populations. In KS061278M-4-derived populations such as Pop41 and Pop80, within-group 

structuring was most consistent with variation in donor introgression on chromosome 2A. 

Although chromosome 2A appears to contribute disproportionately to separation along PC2, it 

cannot be definitively concluded that introgression level on 2A directly drives structure. Similar 

to Pop30, chromosome 2A may represent the most visible marker of family-level haplotype 

differentiation rather than the underlying cause. In both cases, donor introgression could be 

tagging broader family structure and multilocus covariance established during population 

development.  

It is therefore important to consider the effect of population development mechanics on 

the observation and interpretation of resulting structuring. Limited numbers of plants were used 

during crossing and advancement, and WILs derived from the same BC2F1 families are expected 

to share haplotypes at a higher frequency. Without complete traceability of family lineages 

across generations, the relative contributions of founder divergence, recombination dynamics, 

and sampling effects cannot be fully disentangled.  

The observed gradients in founder divergence align with the geographic distribution of 

wild emmer. Donor originating from the southern regions exhibited greater divergence from 

hexaploid germplasm, whereas northern accessions – particularly those from Turkey – showed 

reduced divergence, consistent with historical gene flow between tetraploids and hexaploids 

(Cheng et al., 2019; Luo et al., 2007; Zhou et al., 2020). Notably, Pop32 and Pop41, both derived 

from Turkish accessions, shared conservation of centromeric regions on chromosomes 3A, 5A, 
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4B, and 5B, suggesting that haplotypes in these regions in WILs will have little segregating 

variation to use in determining ancestry assignment.  

Overall, population structure within TdGD populations reflects the combined effects of 

RP background recovery, founder nucleotide divergence, quantitative variation in donor 

haplotype retention, and family-level structuring within populations. 

Comparison between amphiploid bridge and direct crossing approaches 

The overarching objective of this work was to evaluate the amphiploid bridge-mediated 

strategy for systematic introgression of allelic diversity from wild emmer into adapted hexaploid 

wheat backgrounds. The parallel implementation of a direct tetraploid x hexaploid crossing 

approach in Price et al. (2025a) provides an opportunity for broad comparison between these 

strategies with respect to introgression frequency and genomic distribution. While differences in 

genotyping platforms and analytical pipelines limit fine-scale equivalence, general patterns of 

introgression architecture can be meaningfully compared.  

At a genome-wide level, both approaches produced similar introgression landscapes. In 

both the present study and Price et al. (2025a), introgression segments were enriched in distal, 

high recombination regions and reduced in pericentromeric intervals. This pattern is consistent 

with known recombination landscapes in wheat and supports the conclusion that both strategies 

are effective for transferring novel A and B subgenome haplotypes in regions where crossover 

frequency is relatively high. 

Markedly reduced introgression on chromosome 4B was observed in both studies; 

however, nuances emerged when considering founder nucleotide divergence. Price et al. reported 

elevated nucleotide diversity on chromosome 4B when summarizing across founders, whereas in 

the present study, conservation of 4B centromeric regions was observed specifically in 
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populations derived from Turkish wild emmer accessions. This discrepancy likely reflects 

population-level heterogeneity that becomes obscured when founder comparisons are aggregated 

across geographic origins. It is reasonable to infer that if nucleotide diversity were partitioned by 

donor origin in Price et al., similar differences might be observed.  

The D subgenome introduces a more substantive biological distinction between 

approaches. The amphiploid bridge strategy inherently introduces D subgenome variation 

derived from Ae. tauschii. In the present study, all amphiploids were derived from ssp. tauschii, 

whereas Nyine et al. (2020) demonstrated that introgression efficiency differs between ssp. 

strangulata and ssp. tauschii, with the latter often producing longer introgression segments, 

particularly in low recombination regions. The longer D subgenome segments observed here are 

consistent with those findings and may reflect elevated nucleotide divergence between the ssp. 

tauschii donor and the ssp. strangulata-derived D subgenome of hexaploid wheat. Greater 

divergence may reduce effective recombination, resulting in extended haplotypes and longer-

range linkage disequilibrium (Jordan et al., 2015, 2018; Nyine et al., 2020).  

Notably, Nyine et al. reported substantial variation in D subgenome introgression levels 

among amphiploids, with retained segments ranging from < 1% to nearly entire chromosome 

lengths. Because only a subset of amphiploids from that study were used to construct the present 

populations, variation in D subgenome haplotypic structure among amphiploid parents likely 

influenced downstream patterns. The D subgenome in the present materials should therefore be 

interpreted as a byproduct of the bridge strategy rather than as a systematically evaluated 

introgression target. Comprehensive assessment of D subgenome introgression was previously 

conducted in Nyine et al. (2020, 2021, 2025), using larger and more diverse amphiploid 

populations representing both subspecies.  
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In contrast, the direct crossing approach of Price et al. (2025a) does not introduce novel 

D subgenome haplotypes but instead conserves the D subgenome of the RP. However, Price et 

al. reported substantial D subgenome aneuploidy in some introgression lines, an expected 

outcome of tetraploid x hexaploid crosses where D chromosomes lack homologous pairing 

partners during meiosis. Aneuploidy screening and selection can mitigate this issue, but it 

represents an inherent challenge of direct crossing. In the amphiploid bridge approach, the 

presence of duplicated D subgenomes prior to the F1 generation theoretically facilitates balanced 

meiotic segregation and restoration of hexaploidy, reducing the likelihood of persistent D 

subgenome aneuploidy. Although explicit aneuploidy screening was not feasible here due to 

limitations in subgenome specificity of the SNP array platform, no evidence suggested 

widespread D subgenome instability. 

From a practical standpoint, the two approaches are broadly equivalent for large scale A 

and B subgenome introgression. Both generate mosaic introgression patterns constrained by 

recombination landscapes and structural features. The amphiploid bridge approach offers 

advantages in maintaining D subgenome stability and enabling simultaneous introgression across 

all three subgenomes. However, it requires prior development of amphiploids, representing 

substantial upfront investment. In contrast, direct crossing is faster to implement in the absence 

of existing amphiploids but may require more intensive selection against aneuploidy.  

Thus, choice of approach depends on breeding objectives and available resources. If the 

goal is systematic A/B subgenome introgression and rapid development of materials, direct 

crossing is sufficient provided aneuploidy is managed appropriately. If amphiploids are already 

developed, the bridge strategy offers a stable mechanism for introducing wild emmer diversity 

while preserving D subgenome integrity and potentially enabling introgression across all three 
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subgenomes. In either case, both strategies demonstrate that systematic, large-scale introgression 

of wild emmer alleles into adapted hexaploid backgrounds is feasible and reproducible across 

independent pipelines.  

Conclusion 

This work characterized genome-wide introgression architecture in seven BC2F4:5 wheat 

wild introgression populations developed through integration of a wheat-Aegilops amphiploid 

bridge with direct crossing to wild emmer. Across all populations, introgression was detected on 

the A, B, and D subgenomes, confirming that this introgression breeding strategy successfully 

introduces a mosaic of allelic diversity while largely restoring the hexaploid RP background.  

Donor allele proportions and segment distributions aligned with expectations derived 

from population design and founder divergence. Introgression was most prevalent on the A and 

B subgenomes, with lower but consistently detectable donor contributions on the D subgenome. 

Genome-wide patterns reflected the recombination landscape of wheat: donor enrichment in 

distal chromosomal regions, reduced introgression in pericentromeric intervals, and low 

representation on chromosomes 4A and 4B consistent with known structural and evolutionary 

features of group 4 chromosomes. 

Pedigree-based imputation enabled genome-wide inference of donor haplotypes from 

sparse progeny genotypes when supported by dense founder sequencing. Conservative 

parameterization and ancestry-based smoothing limited inflation of heterozygosity and reduced 

false positive segment calls. Validation at the Q/q domestication locus demonstrated high 

concordance between inferred introgressions and independent marker assays, supporting the 

reliability of chromosome scale ancestry inference while underscoring the inherent imprecision 

of breakpoint localization under sparse anchor marker density. Thus, while small introgressions 
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may be missed, and exact recombination boundaries remain difficult to resolve, major donor 

haplotypes and population-level ancestry patterns are robustly detected. 

Importantly, these results demonstrate that the amphiploid bridge approach facilitates 

simultaneous introgression across all three wheat subgenomes. The resulting WILs harbor 

mosaic genomes combining elite hexaploid background with targeted wild diversity, and their 

introgression profiles are consistent with known evolutionary relationships and chromosomal 

constraints in wheat. This work establishes a genome-wide framework for interpreting the 

resulting genomic profiles of bridge-assisted introgression from wild emmer in adapted wheat 

germplasm. By defining the distribution and frequency of retained donor haplotypes, it provides 

a critical genomic foundation for evaluating the agronomic and adaptive value of these materials 

in future work. 
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Chapter 3 - Quantitative phenotypic evaluation of wild emmer 

introgression lines developed using an amphiploid bridge for 

breeding germplasm improvement  

Abstract 

Wild emmer wheat provides allelic and trait diversity for wheat breeding germplasm 

improvement, but its use in hexaploid wheat breeding is limited by yield disadvantages, lack of 

regional adaptation, and uncertainty surrounding the value of introgression for complex 

quantitative traits. This research evaluated the phenotypic and genotypic impacts of wild emmer 

introgression using a population developed through a wheat-Aegilops tauschii amphiploid 

bridge. Wild introgression lines (WILs) were evaluated across six Kansas environments from 

2021-2023 for agronomic performance, yield and kernel traits, and functional quality. WILs 

displayed substantially expanded phenotypic variation relative to the recurrent parent and 

performance checks. WILs exhibited an overall yield disadvantage, reflecting the disruption of 

elite allele combinations and strong tradeoffs among developmental timing, biomass production, 

and grain filling dynamics under drought stressed environments. Trait relationships showed that 

timing and intensity of drought stress strongly shaped performance, with drought during 

vegetative development limiting tillering and canopy vigor, and terminal drought compressing 

grain filling with reductions in kernel traits. Nevertheless, transgressive individuals were 

recovered, with several WILs exceeding the recurrent parent and performance checks for yield, 

kernel and canopy traits, and functional quality. WILs generally expressed elevated grain 

protein, although without a corresponding increase in functional quality. Genome-wide 

association mapping identified biologically credible associations despite low donor allele 
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frequencies. Significant regions overlapped known or plausible loci for phenology, plant height, 

canopy traits, kernel size, grain protein, and gluten functionality. Several associations also 

colocalized with donor introgression regions enriched above genome-wide donor averages, 

supporting the contribution of retained donor haplotypes to detectable trait variation. Overall, 

these results indicate that amphiploid bridge-mediated introgression from wild emmer into 

hexaploid wheat can increase useful quantitative variation and identify candidate genomic 

regions for future hypothesis-driven research. 

Introduction 

Triticum dicoccoides (wild emmer) is a valuable genetic resource for broadening the 

allelic diversity available to select upon in wheat breeding programs. As an AABB tetraploid 

within the secondary gene pool of hexaploid bread wheat (Triticum aestivum, AABBDD), wild 

emmer enables the reintroduction of ancestral A and B subgenome variation into modern 

breeding germplasm through homologous recombination (Boehm & Cai, 2024; Hao et al., 2020; 

Nyine et al., 2020; Qi et al., 2007). This potential is relevant given the pronounced allelic 

bottlenecks associated with domestication, polyploidization, and continuous selection, which 

have reduced nucleotide diversity and expanded long-range linkage disequilibrium in modern 

wheat (Akhunov et al., 2010; Fu & Somers, 2009; Haudry et al., 2007). While historical allele 

flow between tetraploid and hexaploid wheats has shaped modern breeding germplasm and 

limited A/B subgenome diversity loss relative to the hexaploid D subgenome (Cheng et al., 2019; 

He et al., 2019; Zhou et al., 2020), it has not eliminated the need to deliberately mine wild 

emmer for alleles absent in elite germplasm pools.  

The value of wild emmer is tempered by a persistent breeding constraint with yield 

remaining the strongest axis of phenotypic differentiation between modern wheat and ancestral 
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germplasm (Chandrasekhar et al., 2017; Deblieck et al., 2022; Hao et al., 2020; Klindworth et 

al., 2013; Summers & Brown, 2013). Consequently, successful deployment of wild emmer 

alleles depends not only on identifying useful trait variation, but also on determining whether 

that variation can be fixed in an adapted background without compromising agronomic 

performance. Historically, introgression efforts have therefore been biased toward large effect 

loci that can be tracked and recovered through backcrossing and marker-assisted selection. In 

contrast, leveraging wild emmer for improvement of quantitative traits is more difficult, because 

favorable alleles are dispersed genome-wide, introgression segments vary in size and location, 

and donor alleles may interact unpredictably with the adapted genetic background across 

environments (Huang et al., 2003; Klindworth et al., 2013; Lauterberg et al., 2022; Li et al., 

2022; Merchuk-Ovnat et al., 2016a; Platten & Fritsche-Neto, 2023; Shahin et al., 2024).  

Accordingly, most applied use of wild emmer has occurred through introgression into 

tetraploid backgrounds, particularly durum wheat (Triticum durum), where full chromosomal 

compatibility minimizes ploidy barriers in tetraploid x hexaploid crosses (Boehm & Cai, 2024; 

Hao et al., 2020; Padmanaban et al., 2017). In that context, wild emmer has been leveraged to 

expand the limited allelic diversity of modern durum germplasm, most notably for disease 

resistance and grain quality. The earliest introgression efforts prioritized qualitative resistance 

traits – such as powdery mildew (Pm16; Chen et al., 2005; Reader & Miller, 1991) and rust 

resistance (Yr15, Yr36, Lr53; Fu et al., 2009; Knott et al., 2005; Marais et al., 2005; Peng et al., 

2000a; Sun et al., 1997; Uauy et al., 2005) – because major genes can be readily selected and 

tracked. Examples of similar deployment into hexaploid T. aestivum are comparatively fewer. 

Interspecific transfer across ploidy levels introduces additional constraints, including reduced 

fertility, chromosome instability, and background-dependent expression that can attenuate the 
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effects of otherwise valuable donor alleles (Boehm & Cai, 2024; Chen et al., 2013; Cox et al., 

2017; Hiebert et al., 2020; Knott et al., 2005; Peng et al., 2013; L. Wu et al., 2015). 

Nonetheless, select cases demonstrate that wild emmer alleles can be introduced to a 

hexaploid background with notable phenotypic effects. The Gpc-B1 allele on chromosome 6B, 

which increases grain protein and micronutrient concentrations through accelerated senescence 

and nutrient remobilization, has been introgressed in both tetraploid and hexaploid wheat 

(Distelfeld et al., 2007). However, its application has been constrained by environment-

dependent tradeoffs, where accelerated senescence can shorten grain fill and reduce yield 

potential in environments where long grain fill periods support high kernel weight (Brevis & 

Dubcovsky, 2010; Hale et al., 2012). Similarly, functional quality improvements have been 

achieved through the transfer of alleles affecting gluten composition, including activation of the 

otherwise silenced Glu-1Ay high molecular weight glutenin subunit, which can improve flour 

functionality (Wang et al., 2018; Xu et al., 2004). Although these alleles are unique to wild 

emmer and have clear effects, net performance across production environments is the most 

relevant metric when making breeding decisions.  

Taken together, prior work establishes two points that motivate the present study. First, 

wild emmer contains allelic variation that can translate into agronomically beneficial phenotypes 

when moved into cultivated backgrounds. Second, the primary barrier to broader utilization is 

not the absence of promising trait variation, but the difficulty of recovering breeding value after 

introgression, particularly in hexaploid wheat. 

At scale, a systematic effort to characterize wild emmer introgression in a hexaploid 

background across a comprehensive suite of traits remains limited. While such evaluations have 

been conducted effectively in durum wheat (Buerstmayr et al., 2013; Otto et al., 2002; Peleg et 
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al., 2009a, 2009b, 2011; Peng et al., 2000b, 2003), comparable large-scale characterization in 

hexaploid T. aestivum is lacking. The goal herein is to conduct a broad phenotypic assessment of 

wild emmer introgression lines developed in an adapted hexaploid background, to evaluate their 

utility for generating high performing breeding germplasm, and to assess quantitative changes in 

trait means and variance while maintaining regional adaptation and yield potential.  

The introgression materials evaluated are BC2F4 derived lines developed by crossing wild 

emmer to a wheat-Aegilops tauschii amphiploid bridge, providing a vehicle for incorporation of 

A and B subgenome diversity into an adapted hexaploid background. Screening these wild 

introgression lines (WILs) across a wide range of traits related to agronomic performance, yield 

and kernel components, functional quality, and ionomics enables robust characterization across 

Kansas environments. The objectives of this work are to (1) characterize WILs for trait means, 

variances, and correlations, (2) associate genomic markers with trait variation using a genome-

wide association study (GWAS), (3) assess overlap between marker-trait associations and 

regions of donor introgression, and (4) evaluate the breeding potential of the developed 

germplasm.  

Methods 

Population development 

Development of the BC2F4:5 WILs is described in Chapter 2. Briefly, wheat-Aegilops 

tauschii synthetic octoploid amphiploids were first generated and used as a bridge to facilitate 

hybridization with wild emmer. Resulting F1s were backcrossed twice to an adapted hexaploid 

recurrent parent (RP) before advancement to the BC2F4:5 generation via single seed descent. 

Using this strategy, seven T. dicoccoides germplasm development (TdGD) populations 

were created, each derived from a distinct wild emmer accession. Given the crossing design, 
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WIL genomes are expected to be mosaic across all three wheat subgenomes, with an 

approximate allelic contribution of 8.33% from wild emmer and 4.17% from Ae. tauschii. The 

remaining genome proportion is derived from the RP background. 

This design preserves the agronomic framework of the adapted hexaploid parent while 

enabling systematic evaluation of wild emmer introgression on the A and B subgenomes and its 

relationship to phenotypic variation. Given the expected low proportion of Ae. tauschii-derived 

alleles, D subgenome introgressions are likely to segregate at low frequency. Alleles at low 

frequency reduce the power of GWAS because the phenotypic variance attributable to a locus 

depends jointly on allele frequency and effect size, and variants present in few individuals are 

more difficult to distinguish from background phenotypic variation (Korte & Farlow, 2013; 

Spencer et al., 2009; Tibbs Cortes et al., 2020). In addition, donor-derived D subgenome markers 

with allele frequencies below the minor allele frequency threshold used for marker filtering 

would be removed prior to association testing. Therefore, the primary analytical focus of this 

work centers on characterizing trait performance as it relates to A and B subgenome diversity 

introduced from wild emmer.  

Seed increase and population selection 

Following three generations of single seed descent and the derivation of BC2F4:5 WILs, 

seeds from a single spike of each WIL were increased during the 2019-2020 growing season in 

individual headrows in Yuma County, Arizona. Harvested headrow grain from all WILs across 

all populations was cleaned and placed into long-term storage, serving as the primary seed 

source for phenotypic trials in the following season.  

Concurrently with the WIL seed increase in Arizona, bulk plots representing each of the 

seven TdGD populations were grown in Thomas County, Kansas, during the same 2019-2020 
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season. These plots allowed for assessment of overall field performance at the population level to 

facilitate selection for further phenotypic testing. Given the large number of derived WILs, 

rigorously testing all lines was not feasible (Table 3.1). Therefore, a visual assessment of each 

population was conducted, evaluating adaptation to the target environment, response to abiotic 

and biotic stresses, plant architecture, and maturity. Based on these criteria, TdGD population 80 

(Pop80) was selected for further in-depth evaluation. 

Table 3.1. Triticum dicoccoides germplasm development (TdGD) populations and 

corresponding number of wild introgression lines (WILs) 

TdGD Population 
Population Size 

(Number of WILs) 

30 327 

32 210 

34 189 

41 278 

42 299 

46 272 

80 334 

 

Prior introgression mapping established that TdGD Pop80 carries detectable donor 

introgression segments across all chromosomes except 4D, with average donor proportions of 

0.09, 0.10, and 0.05 on the A, B, and D subgenomes, respectively (Chapter 2). The pedigree of 

Pop80 is KS061278M-4*2/3/KS061278M-4/TA 10155//PI 471021, where KS061278M-4 serves 

as the RP and PI 471021 is the wild emmer donor accession. PI 471021 originated from 

Sanhedriyya, Israel; wild emmer accessions from Israel showed greater nucleotide divergence 

from the RP than the Turkish and Syrian accessions used to develop other TdGD populations 

(Chapter 2). 

Trialing and phenotypic data collection 

Over three growing seasons from 2020 to 2023, TdGD Pop80 was evaluated using 50% 

partially replicated small-plot yield trials. Although initially consisting of 334 WILs, this set was 
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reduced to 279 phenotypically screened lines after selection against rachis fragility (shattering 

prior to mechanical harvest), poor threshability (spikelet kernel retention over 50%), and lack of 

winter hardiness. Trials consisted of six-row plots with a planted length of 2.44 meters (planted 

area of 3.83 m2), conducted across three Kansas counties: Ellis (EL), Riley (RL), and Thomas 

(THD). Data collection was successful in six of the nine planned testing environments, with the 

remaining three environments experiencing severe environmental stress, compromising reliable 

data collection and analysis. Trial management varied among environments, with details on crop 

rotation, tillage, planting and harvest dates, fertilization, and pesticide applications provided in 

Appendix Table B.1.  

 

Figure 3.1. Schematic of the experimental design for TdGD Pop80 trials conducted from 

2020 to 2023 

Each of the ten blocks (A-J) contained complete replications of all performance checks and the RP, while WILs with 

two replications were evenly distributed across two replicates (Reps 1 and 2).  

The partially replicated experimental design was developed using the R package DiGGer 

(Coombes, 2020). At each trial location, half of the WILs were tested with a single replication, 

while the other half received two replications. To ensure robust phenotypic comparisons, the 

recurrent parent (KS061278M-4) and performance checks – “Billings” (PI 656843; Hunger et al., 

2014), “Joe” (PI 676270; Zhang et al., 2016), “Showdown” (PI 690085), and “SY Monument” 

(PI 672581) – were highly replicated in each trial. Trials were organized into ten blocks, with 

each block containing one replicate of each check and the recurrent parent (RP). WILs receiving 
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two replications were evenly allocated across two major field replicates (Figure 3.1). The 

performance checks were selected for their diverse and broad phenotypic responses, serving as 

benchmarks to evaluate performance of the WILs relative to representative breeding lines. 

Phenotypic data were systematically collected across the six viable environments for traits 

related to agronomic performance, yield and kernel components, functional quality, and 

ionomics.  

Phenological measurements – heading date, senescence date, grain fill period 

Heading date (HD) was recorded when approximately 50% of spikes within each plot 

emerged from the flag leaf sheath (Feekes 10.1–10.5). Senescence date (SD) was recorded when 

approximately 80% of tillers had lost all green tissue in the peduncle, indicating kernels had 

reached maximum dry weight (Feekes 11.3). In trials with both HD and SD measurements, grain 

fill period (GFP) was calculated as the difference between SD and HD (GFP = SD – HD). All 

phenological measurements were reported in Julian days. 

Plant height 

Plant height (PH) was measured at physiological maturity (Feekes 11.3). Height (cm) was 

averaged from representative tillers, measured from the tiller base to the top of the spike 

(excluding awns). 

Tiller count 

Tiller counts (TC) were taken approximately two weeks after heading concluded, near the 

start of grain filling (trial average of Feekes 10.5.4). TC was recorded as the number of 

productive tillers (with spikes) in a representative 30.48 centimeters of row from the center of 

each plot. 
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Drone-based measurements – NDVI, green reflectance 

Spectral reflectance data were collected using unmanned aerial systems (UAS) equipped 

with RGB and spectral sensors (Appendix Table B.2). Flights occurred at five developmental 

stages: tillering (Feekes 3), jointing (Feekes 6), booting (Feekes 10), anthesis (Feekes 10.5.1-

10.5.3), and grain fill/milk (Feekes 11.1-11.3). Normalized Difference Vegetation Index (NDVI) 

data, indicating plant health, canopy vigor, and biomass accumulation, were derived from near-

infrared and red wavelengths. Green reflectance (GR), a quantification of green pixels (~530-570 

nm), was included based on observed mid-season plot color variations during 2021; this metric is 

considered non-standard in the literature but was taken based on visual observations of plant 

color differences. 

Grain yield 

Grain yield (GY) was measured from individual six-row plots using a Zürn small plot 

combine equipped with an onboard weighing system. Plot grain weights were converted to 

kilograms per hectare (kg ha-1) based on the planted plot area. Although grain moisture was 

recorded at harvest, valid moisture readings were not available for all plots, particularly when 

harvested sample size was too small to generate a reliable measurement. Therefore, to avoid 

differential treatment of observations during plot-level moisture correction, unadjusted plot 

weights were retained. A trial average moisture correction could have been applied, however, 

because this would apply a constant correction factor within each environment, it would not alter 

within-environment yield rankings. In addition, standardization of trait values within each 

environment prior to downstream analysis minimized the impact of environment-level 

differences in mean yield scale. Trial average grain moisture at harvest ranged from 8.7-10.5% 

(Appendix Table B.1). Grain was cleaned after harvest using an Almaco seed cleaner.   
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Test weight 

Test weight (TW) was determined gravimetrically using a Perten IM9500 grain analyzer. 

Approximately 450-700 g grain samples per plot were analyzed. TW initially reported in pounds 

per bushel (lb/bu) was converted to kilograms per hectoliter (kg/hL). 

Marvin Kernel Analyzer – kernel width, length, area, TKW 

Kernel dimensions and thousand kernel weight (TKW) were measured using the Marvin 

Kernel Analyzer. A 15-20 g subsample from each harvested plot was weighed and analyzed 

individually using digital imaging to determine kernel length (KL, mm), kernel width (KW, 

mm), and projected kernel area (mm²). TKW (g) was automatically calculated based on the 

subsample weight and digitally counted kernel number. To verify the accuracy of TKW 

measurements from digital analysis, 5% of the samples from Thomas County in 2021 were 

randomly selected for manual kernel counting using an Old Mill Model 900 Seed Counter. A 

strong correlation (0.94) between the manual and digital methods validated the use of the Marvin 

Analyzer, which provided more comprehensive kernel measurements in significantly less time. 

Grain protein 

Grain protein (GP, %) was measured using near-infrared (NIR) spectroscopy on the 

Perten IM9500 grain analyzer, utilizing the same 450-700 g samples analyzed for TW. GP 

measurements were standardized to a moisture content of 12%. To correct potential biases in 

NIR predictions, particularly for non-standard introgression material, approximately 5% of 

samples across all six environments were randomly selected and submitted to the Kansas State 

University Soil Testing Laboratory for total nitrogen (N) determination via dry combustion 

analysis. Comparisons between combustion-based (actual) protein measurements and NIR-

predicted values indicated that the Perten IM9500 tended to overestimate protein content at 
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higher values and underestimate at lower values. Consequently, a linear correction was applied 

to all NIR-based GP measurements using the following formula: 

𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝐺𝑃 =  𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝐺𝑃 −  (𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝐺𝑃 −  𝐶𝑟𝑜𝑠𝑠𝑜𝑣𝑒𝑟 𝑃𝑜𝑖𝑛𝑡) 𝑥 (𝐴𝑐𝑡𝑢𝑎𝑙 𝑆𝑙𝑜𝑝𝑒 −  1) 

The crossover point and slope parameters were derived from regression analysis between 

the combustion-based and NIR-based protein measurements. 

Grain protein deviation 

Grain protein deviation (GPD) was calculated to evaluate the relative GP content 

independent of yield-driven dilution effects. Following methods previously outlined (Haley & 

Stromberger, 2018; Monaghan et al., 2001; Oury & Godin, 2007), GP content was regressed on 

GY data within each environment to characterize the typical negative relationship between these 

traits. For each plot, GPD was defined as the residual, or vertical distance, between the observed 

GP value and the protein value predicted from the yield-based regression. Positive GPD values 

indicated higher than expected GP for a given GY level, while negative values indicated lower 

than expected GP. 

Lactic acid SDS-SRC – protein quality score, solvent retention capacity 

Protein quality score (PQS) and solvent retention capacity (SRC) were determined using 

a modified sodium dodecyl sulfate-solvent retention capacity (SDS-SRC) assay adapted from 

Seabourn et al. (2012). This method represents a small-scale, relatively high-throughput assay 

for predicting end-use breadmaking quality, correlating closely with lower throughput, 

conventional quality tests utilized later in breeding programs. Approximately 6 g of grain per 

harvested plot was milled into whole meal flour using a UDY cyclone mill. Flour samples were 

equilibrated for a minimum of three days in the laboratory, achieving an estimated standard 

moisture content of ~9.9%. For the assay, approximately 1 g of flour per sample was sequentially 

treated with 5 mL of lactic acid, followed by 20 mL of SDS solution. Samples were shaken, 
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centrifuged, and decanted to measure the weight of the resulting wet pellet. SRC was calculated 

as the proportion of solvent retained in the pellet, as influenced by swelling of glutenin 

macropolymers on lactic acid application, providing an estimate of gluten content. PQS was 

computed as the ratio of SRC to GP content, reflecting gluten strength and functionality. Assays 

were run in batches of 12 samples, with technical replicates of the wheat variety “Zenda” (PI 

683512) included every three batches to ensure reproducibility across assay runs.  

Standardization of phenotypic data 

To enable direct comparison of trait values across environments, all phenotypic data were 

standardized within environment using a Z-score transformation. This approach accounted for 

differences in scale and units among traits, as well as environment-specific differences in 

measurement approach, trial management, and harvest conditions, including differences in UAS 

platforms and grain moisture at harvest (Appendix Tables B.1-B.2). Standardizing within 

environment mitigated the influence of these sources of variation while preserving relative 

rankings among plot values within each trial.  

For each trait, observations were centered by subtracting the environment-specific mean 

and scaled by dividing by the environment-specific standard deviation, resulting in standardized 

trait distributions with a mean of 0 and a standard deviation of 1. This transformation allowed 

traits to be meaningfully compared in downstream analyses, while also improving stability and 

convergence in mixed modeling, particularly for traits with very large or very small variances. 

All data transformations were performed using the dplyr package and the base R scale() function 

(Wickham et al., 2023). 
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Within-environment analysis of phenotypic data 

Within-environment analyses were conducted for each trait in each environment to obtain 

best linear unbiased estimates (BLUEs) and corresponding precision weights, thereby 

characterizing genotype performance after accounting for replication and spatial variation. All 

models were executed in Mr. Bean (Aparicio et al., 2024), which interfaces with ASReml-R 

(Butler et al., 2023) to fit: 

𝑍𝑖𝑗𝑘 = 𝐺𝑖𝑘 + 𝜀𝑖𝑗𝑘, 

where 𝑍𝑖𝑗𝑘 is the standardized observation of genotype i in replicate j in environment k, 𝐺𝑖𝑘 is the 

fixed genotype effect (BLUE), and 𝜀𝑖𝑗𝑘 is the residual error. For all environments, except THD 

2022, row and column spatial trends were modelled with an AR1 x AR1 residual covariance 

structure to correct field heterogeneity (Gilmour et al., 1997). Precision weights for each BLUE 

were defined as the inverse of sampling variance, 𝑤𝑖 =
1

𝑉𝑎𝑟̂(𝐺𝑖̂)
, following the two-stage 

weighting scheme as described by Möhring and Piepho (2009).  

In the 2022 THD trial, the residuals did not conform well to the AR1 x AR1 residual 

covariance structure, which warranted re-analysis of that trial data using SpATS (Rodríguez-

Álvarez et al., 2018). BLUEs and weights were extracted using the same linear model, applying 

two-dimensional P-spline smoothing instead of using AR1 x AR1 for spatial correction. The 

outputs of these first-stage analyses – genotype BLUEs and precision weights for each 

environment – provided the inputs for subsequent across-environment modeling. 

Across-environment analysis of phenotypic data 

Across-environment analyses were conducted to obtain best linear unbiased predictions 

(BLUPs) for each genotype using a standard two-stage mixed model framework (Möhring & 

Piepho, 2009; Smith et al., 2001, 2005). In the first stage, within-environment analyses provided 
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estimates (BLUEs) of genotype performance and their corresponding precision weights, 

reflecting the reliability of each estimate after accounting for spatial heterogeneity. These 

weighted BLUEs were then used as input data in a second-stage analysis to forecast overall 

genotypic performance and quantify genotype by environment (GxE) variability across locations 

and years. The second-stage model was fit for each trait in ASReml-R (Butler et al., 2023), 

specified by: 

𝐺̂𝑖𝑘 = 𝐸𝑘 + 𝑔𝑖 + (𝑔𝐸)𝑖𝑘 + 𝜀𝑖𝑘, 

where 𝐺̂𝑖𝑘 is the weighted within-environment estimate (BLUE) of genotype i in environment k, 

𝐸𝑘 is the fixed effect mean of environment k, 𝑔𝑖 is the random effect of genotype i 

(𝑔𝑖 ~ 𝑁(0, 𝜎𝑔
2), (𝑔𝐸)𝑖𝑘 is the random GxE interaction term 𝑁(0, 𝜎𝑔𝐸

2 )), and 𝜀𝑖𝑘 is the residual 

error term. A weighted residual structure was specified such that 𝑉𝑎𝑟(𝜀𝑖𝑘) =
𝜙

𝑤𝑖𝑘
, where 𝑤𝑖𝑘 is 

the first-stage precision weight (the inverse of BLUE sampling variance). The residual scale 

parameter (𝜙) was held constant, resulting in fixation of residual variance (𝜎𝜀
2; Butler et al., 

2023). This weighting approach ensured that more precise environment-specific estimates 

exerted greater influence on the estimation of genotypic and GxE effects, consistent with the 

two-stage analysis framework described by Möhring and Piepho (2009). 

Given the standardization of raw trait values within environment prior to modeling, 

within-environment variance was effectively constrained to a standard deviation of one. 

Consequently, absolute magnitudes of variance components were small, but this did not affect 

the interpretation of variance ratios. Standardization improved comparability among traits of 

differing scales and mitigated heteroscedasticity across environments. Because the use of 

standardized BLUEs (and their precision weights) reduces heterogeneity among environments, a 

simple identity covariance structure was specified for both the genotypic and GxE random 
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effects, assuming equal variance among environments and zero covariance between them. This 

assumption enabled stable model convergence and facilitated straightforward estimation of 

variance components.  

Although more complex covariance structures (e.g., unstructured or factor-analytic) were 

explored for some traits, they frequently resulted in convergence failures or matrix singularities 

due to the low absolute variance of the standardized input data. For traits where convergence was 

achieved, differences in information criteria were negligible and rank correlations among 

genotype BLUPs were nearly identical to those from the simpler identity model (data not 

shown). Therefore, the identity covariance structure was retained for all traits as a parsimonious 

and computationally robust solution. 

Repeatability calculations 

Repeatability (R2) was estimated separately within individual environments and across 

environments to quantify the proportion of phenotypic variation attributable to genotypic 

differences under each modeling context. For within-environment analyses, each trait was refit 

within each environment with genotype treated as a random effect, rather than as a fixed effect 

used for estimating within-environment BLUEs. Within-environment repeatability therefore 

represents the extent to which replicated observations within a given environment consistently 

differentiate genotypes, conditional on the fitted spatial model. Within each environment, 

repeatability was calculated as: 

𝑅𝑤𝑖𝑡ℎ𝑖𝑛
2 =  

𝜎𝑔,𝑘
2

𝜎𝑔,𝑘
2 + 𝜎𝜀,𝑘

2 , 

where 𝜎𝑔,𝑘
2  and 𝜎𝜀,𝑘

2  are the within-environment genotypic and residual variance components, 

respectively. Higher values indicate that a larger proportion of the remaining phenotypic 

variation, after accounting for spatial effects, was explained by genetic differences among 
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entries. Lower values indicate that residual variation was large relative to genotypic variance, 

suggesting reduced precision for distinguishing genotypes within that environment.  

Across-environment genetic repeatability was estimated from the second-stage multi-

environment BLUP model. This model partitioned the variation in weighted BLUEs into a 

genotype variance component (𝜎𝑔
2) and a GxE variance component (𝜎𝑔𝐸

2 ). Because the BLUP 

model was fitted using precision weights derived from the first-stage within-environment 

analysis, uncertainty associated with the estimation of each BLUE was carried forward into the 

BLUP analysis through the weighting structure. Consequently, the residual variance in the BLUP 

model was not freely estimable; rather, the residual scale was fixed in the weighted model, while 

the primary estimable sources of random variation were the genotype and GxE components 

(Butler et al., 2023). Variation not explained by stable genotype performance is primarily 

represented through the GxE term, while first-stage estimation uncertainty is accounted for 

through the precision weights rather than through a freely estimated second-stage residual 

variance component (Damesa et al., 2017; Endelman, 2023; Möhring and Piepho, 2009).  

As such, across-environment repeatability was calculated as: 

𝑅𝑎𝑐𝑟𝑜𝑠𝑠
2  =  

𝜎𝑔
2

𝜎𝑔
2 +  𝜎𝑔𝐸

2  

where 𝜎𝑔
2 represents variance attributable to average genotype differences across environments 

and 𝜎𝑔𝐸
2  represents variation in genotype-specific deviations among environments. Under this 

formulation, R2
across describes the proportion of genotypic variance that is expressed consistently 

across environments, rather than varying by environment. Higher values indicate that genotypic 

differences were primarily expressed as stable main effects across environments, suggesting that 

genotype rankings were relatively consistent and that BLUPs provide a strong prediction of 

genetic value. Lower values indicate that a larger proportion of variation was environment-
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specific, suggesting stronger GxE interaction and reduced consistency of genotype performance 

across environments.  

Because a separate residual variance component was not used in the denominator, R2
across 

should not be interpreted as the proportion of total phenotypic variance explained in the same 

sense as the R2
within calculation. Instead, it is a variance partitioning diagnostic for the BLUP 

model that is used to assess the reliability of across-environment genotype summaries and to 

provide context for interpreting marker-trait associations detected using BLUPs. Traits with 

higher R2
across are expected to have more stable genetic signals across environments, whereas 

traits with lower R2
across may produce associations that are more environment dependent.  

Assessment of trait relationships 

Relationships among traits were assessed using Pearson correlation analysis for 

independent traits. Pearson correlation coefficients were extracted and visualized using the R 

package corrplot to evaluate the direction and magnitude of associations among trait values (Wei 

& Simko, 2024). Correlations were calculated separately for BLUEs and BLUPs. BLUE 

correlations describe relationships among spatially adjusted phenotypic estimates within 

individual environments. BLUP correlations describe relationships among predicted genotypic 

values across environments and were therefore interpreted as Pearson correlations of predicted 

genetic performance.  

Derived traits were not interpreted through simple correlations with the component traits 

from which they were calculated. GFP (derived from HD and SD), GPD (derived from GP and 

GY), and PQS (derived from GP and SRC) could not be assumed independent in relationship to 

their respective component traits. GFP, GPD, and PQS were, however, retained in correlation 

analyses with traits that were independent of their derivation. For GFP, its relationship with HD 
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and SD was assessed using a regression model, GFP ~ HD + SD, describing how variation in 

modeled GFP was associated with the phenological traits from which it was derived after 

standardization and BLUE/BLUP modeling. Similarly, the relationship of PQS with its 

component traits was assessed using a regression model, PQS ~ GP + SRC. For GPD, no 

additional regression with component traits was performed because GPD was itself defined as 

the residual from the GP ~ GY regression, interpreted as GP variation remaining after accounting 

for GY variation.  

SNP genotyping and GWAS 

TdGD Pop80 WILs were genotyped using the Illumina Infinium Wheat/Barley 40 K SNP 

array, as described in Chapter 2 (Keeble-Gagnère et al., 2021). Markers were filtered to remove 

monomorphic loci, markers with >10% missing data, and markers with >10% heterozygosity 

across WILs. After filtering, 10,621 polymorphic SNPs remained, with an average minor allele 

frequency (MAF) of 0.10. These markers were used as the genotypic input for GWAS conducted 

in GAPIT version 3 (Wang & Zhang, 2021). Phenotypic inputs consisted of both across-

environment BLUPs and within-environment BLUEs. 

Marker-trait associations were evaluated using three complementary GWAS models 

implemented in GAPIT: (1) the mixed linear model (MLM; Yu et al., 2006), (2) the multi-locus 

mixed model (MLMM; Segura et al., 2012), and (3) Bayesian-information and Linkage-

disequilibrium Iteratively Nested Keyway (BLINK; M. Huang et al., 2019). Using multiple 

statistical frameworks allowed identification of associations that were consistent across modeling 

assumptions and phenotype parameterizations, thereby increasing confidence in detected signals.  

The MLM was used as the standard single marker testing framework. In this model, each 

SNP is tested individually as a fixed effect while controlling for population structure and 
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relatedness through inclusion of principal components (PCs) as fixed covariates and a kinship 

matrix as a random effect (Yu et al., 2006). By modeling genome-wide relatedness through 

kinship, MLM reduces spurious associations arising from shared ancestry or background genetic 

similarity among WILs.  

Due to the quantitative polygenic architecture of the screened phenotypes, MLMM was 

also implemented to extend the single marker framework. MLMM performs forward-backward 

stepwise mixed model regression, iteratively adding significant SNPs as fixed effect cofactors 

and re-estimating variance components at each step (Segura et al., 2012). By explicitly modeling 

multiple associated loci as fixed effects, MLMM can increase power to detect additional loci 

whose effects may be partially masked under single marker testing while retaining control of 

population structure through the mixed model framework.  

BLINK was included as an alternative multi-locus approach. Unlike MLM and MLMM, 

BLINK replaces the random kinship effect with a set of iteratively selected pseudo quantitative 

trait nucleotides (QTNs) fitted as fixed covariates (M. Huang et al., 2019). Candidate pseudo 

QTNs are selected based on association strength, filtered to avoid redundancy using linkage 

disequilibrium (LD) information, and optimized using Bayesian information criterion (BIC) to 

control model complexity. The framework reduces computational burden and may improve 

power when trait architecture includes multiple moderate to large effect loci, while controlling 

false positives through iterative model updating and penalization.  

All GWAS models were run including two PCs. The number of PCs was determined 

from eigenvalue scree plots (Appendix Figure B.1), where the first two components captured the 

majority of structured allelic variation and subsequent components each explained <5% of 

remaining variance. Limiting the model to two PCs balanced control of population structure with 



131 

retention of power, avoiding excessive covariate inclusion that could reduce sensitivity to true 

associations. A MAF threshold of 0.05 was applied during GWAS, resulting in 3,899 SNPs 

retained for association testing. This reduction from 10,621 implies that most SNPs are retained 

at very low frequency in the population.  

Results 

Characterization of trialing environments 

The TdGD Pop80 trials were conducted across multiple Kansas locations spanning an 

east-west precipitation gradient, generally capturing variation in total precipitation amount 

(Sittel, 2023; Lin et al., 2017; Kansas Mesonet). Although this design was intended to contrast 

environments differing in water availability across the growing season, persistent drought across 

Kansas during the trialing years, 2021-2023, constrained this differentiation (Armstrong et al., 

2025). Nonetheless, variation in the timing and intensity of drought stress can be assessed rather 

than total precipitation amount (Figure 3.2). 

In 2021 THD, drought stress was particularly acute early in the growing season, 

extending from post-vernalization through tillering and jointing. Precipitation improved briefly 

during booting and anthesis but declined again by grain filling. Consequently, 2021 THD 

(21THD) is best characterized as experiencing moderately severe drought stress, driven by early-

season water limitation and late-season dryness. 

In 2022, drought was more extreme and sustained. EL received the lowest growing 

season precipitation of any trial site (Appendix Table B.3), with severe drought persisting 

through both vegetative and reproductive stages and minimal relief from rainfall. Similarly, 2022 

THD (22THD) experienced continuous drought. As such, both 22EL and 22THD represent 
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severely drought stressed environments, particularly during developmental stages highly 

sensitive to water limitation.  

 

Figure 3.2. Ten-day precipitation totals from March 1 through harvest across TdGD 

testing environments 

Precipitation (expressed in millimeters, mm) was summed within calendar intervals corresponding to days 1-10, 11-

20, and 21-end of each month. Intervals are shown for each environment through the respective harvest interval, 

with blank space indicating periods observed outside the trial window. White horizontal bars indicate the range of 

plot-level heading and senescence dates, from the first plot to the last plot recorded for each developmental stage, 

allowing precipitation timing to be compared with key periods of crop development.  

At 2022 RL (22RL), drought stress during vegetative growth paralleled that of 22EL and 

22THD, but relief from precipitation occurred beginning in May and continued through harvest. 

However, the specific area where TdGD Pop80 was planted showed notably greater signs of 

water deficit stress than the surrounding plot area, as evidenced by persistent leaf rolling and 

accelerated senescence among the more sensitive WILs. This observation was likely due to 

variability in soil compaction at 22RL. Thus, 22RL is characterized as a moderate drought stress 

environment. 
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In 2023, drought persisted throughout both vegetative and reproductive phases at RL 

(23RL), with no substantial relief from rainfall. The timing of drought stress resembled that of 

22EL and 22THD, but its severity more closely matched 21THD, as total precipitation was not 

as limited as in the 2022 trials (Appendix Table B.3). Therefore, 23RL can be classified as 

moderately severe in drought stress. 

Finally, 2023 THD (23THD) most closely resembled 22RL in drought pattern, with 

limited precipitation during vegetative development. A rescue irrigation was reportedly applied 

near the end of April or beginning of May, though the exact amount and timing were not 

recorded. Subsequent rainfall later in the season supported crop recovery during critical 

reproductive stages. As a result, 23THD experienced moderately light drought stress overall, 

with conditions representative of near normal yield potential. 

Phenotypic evaluations of TdGD Pop80 

Table 3.2 summarizes results from the second stage of the two-stage mixed model 

analysis for TdGD Pop80 phenotypic data. Because the mixed models were fitted to within-

environment standardized data (mean = 0, SD = 1), the fixed-effect estimates for locations are 

expressed relative to the standard normal distribution. This removes differences among 

environments in overall mean performance and in the absolute magnitude of phenotypic 

variance, allowing for evaluation of trait performance in terms of relative deviations from 

environment-specific means. Under this framework, GxE variance reflects inconsistency in 

relative genotype performance across environments. This includes crossover interaction, where 

genotype rankings change among environments, as well as non-crossover changes in the relative 

spacing among genotypes after standardization. Thus, within-environment standardization shifts 

the interpretation of GxE toward genotype stability and relative performance across 
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environments rather than differences in environmental mean or scale. Interpretation therefore 

focuses on variance component estimates and environment-specific fixed effects rather than on 

raw trait means (Appendix Table B.4).  

Table 3.2. Summary of mixed model results across agronomic performance, yield and 

kernel component, and functional quality traits evaluated in TdGD Pop80 

Fixed environment effects from the across-environment model are reported for each environment, expressed relative 

to a standard normal distribution. Random effect variance components are partitioned into genotypic and genotype x 

environment (GxE) terms. Repeatability (R2
across) was calculated as the proportion of genotypic variance relative to 

total variance. 

Trait 
Fixed Random 

R2
across 

21THD 22EL 22RL 22THD 23RL 23THD Genotype GxE 

Agronomic Performance 

HD -0.395 -0.062 -0.217 -0.092 -0.071 - 0.468 0.185 0.717 

SD -0.252 -0.473 0.131 -0.051 -0.296 0.290 0.336 0.186 0.644 

GFP 0.052 -0.427 0.136 0.049 -0.279 - 0.195 0.299 0.395 

PH 0.202 -0.067 0.248 0.034 0.160 0.260 0.459 0.137 0.770 

Yield and Kernel Components 

TC -0.063 -0.481 -0.083 - - 0.321 0.111 0.186 0.374 

NDVI 0.181 -0.527 0.363 - - - 0.077 0.102 0.429 

GR 0.166 -0.201 0.043 - - - 0.139 0.074 0.652 

GY -0.128 -0.452 0.248 -0.044 -0.007 0.249 0.474 0.173 0.733 

TKW -0.029 -0.190 -0.109 0.009 -0.206 -0.106 0.623 0.122 0.836 

TW -0.068 -0.109 0.036 0.076 -0.031 -0.060 0.656 0.207 0.760 

KA -0.020 -0.196 -0.117 -0.018 -0.171 -0.085 0.764 0.079 0.907 

KL -0.015 -0.196 -0.068 -0.036 -0.134 -0.094 0.856 0.042 0.953 

KW -0.076 -0.167 -0.154 0.019 -0.202 -0.085 0.673 0.150 0.818 

Functional Quality 

GP 0.036 -0.264 -0.086 0.043 -0.013 0.014 0.396 0.272 0.593 

GPD -0.135 -0.461 0.120 0.017 0.059 0.112 0.290 0.347 0.455 

PQS -0.143 -0.026 0.012 -0.081 0.022 -0.117 0.456 0.243 0.653 

SRC -0.158 -0.126 -0.034 -0.064 0.132 -0.163 0.540 0.146 0.787 

 

Agronomic performance – across environments 

Measures of maturity (HD and SD) were relatively stable across environments, with 

R2
across values of 0.717 for HD and 0.644 for SD (Table 3.2). By contrast, GFP exhibited lower 

R2
across (0.395), reflecting a stronger environmental influence on grain fill duration. WILs 
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generally exhibited accelerated maturity overall relative to the RP and checks. For HD and SD 

BLUPs, the RP and checks clustered toward the upper (later) end of the distributions, and were 

centered around the RP for GFP (Figure 3.3). All checks had a longer GFP than the RP except 

for SY Monument (C4), reflecting the consistently later HD of C4 across environments.  

 

Figure 3.3. Distributions of agronomic performance traits in TdGD Pop80 within and 

across environments 

Environment-specific facets are based on BLUEs, while the across-environment facet represents BLUPs. Colored 

vertical lines indicate the recurrent parent (RP=KS061278M-4) and performance checks (C1=Billings, C2=Joe, 

C3=Showdown, C4=SY Monument). Gray shaded areas represent the RP’s approximate 95% confidence intervals 

for BLUEs and prediction intervals for BLUPs, calculated as each estimate ± 2 standard errors. Plots were generated 

in R using the ggplot2 package (Wickham, 2016). 

Multiple linear regression of GFP on its component traits showed that modeled GFP 

retained the expected dependency on HD and SD through the BLUP modeling process. In the 

BLUP model, HD and SD jointly explained 93.7% of the variation in GFP (Table 3.3). The 
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partial regression coefficient for HD was negative (-0.786), while the partial regression 

coefficient for SD was positive (0.941), consistent with the definition of GFP as the interval 

between HD and SD. The slightly larger absolute coefficient for SD suggests that GFP was 

somewhat more strongly aligned with SD than HD in the BLUPs, although both component traits 

contributed strongly to modeled GFP variation.  

For PH, the WILs were generally taller than both the RP and checks – an expected 

pattern given the long-standing selection for reduced plant stature and improved lodging 

resistance in modern breeding through Rht alleles, in contrast to the taller, more elongated 

biomass typical of wheat wild relatives (Bacher et al., 2021; Krugman et al., 2010). Lodging was 

more frequently observed in the WILs than in the RP and checks, particularly following wind or 

heavy rainfall events; however, much of this lodging was temporal. When lodging occurred, it 

was typically observed shortly after anthesis during grain filling, before stems were fully 

desiccated. As plants senesced and lost moisture, most lodged plots recovered, with stems 

regaining upright stature prior to mechanical harvest. Although terminal lodging scores were 

slightly higher in the WILs than the RP and checks, differences were not excessive, likely 

reflecting the relatively dry conditions across trial environments (data not shown).  

Agronomic performance – within environments 

The direction and magnitude of environmental effects on trait performance highlight the 

influence of drought timing (Table 3.2). Environmental sensitivity of GFP appears linked to 

drought conditions during grain filling and senescence, as the most water-limited environment 

(22EL) showed the largest negative effects on both SD and GFP. In 21THD, environmental 

effects on both HD and SD were negative and relatively large, but the negative effect on SD was 

smaller than that on HD, explaining the slight positive increase in GFP. In 22RL, HD also 
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showed a negative environmental effect, whereas SD was positive, likely reflecting the increase 

in late season precipitation that supported continued grain filling and extended GFP. In 23RL, 

both HD and SD exhibited negative environmental effects, though the effect on SD was larger, 

leading to an overall shortening of GFP. 

Table 3.3. Multiple linear regression of GFP on HD and SD 

Grain fill period (GFP) was regressed on heading date (HD) and senescence date (SD) using the model GFP ~ HD + 

SD. Environment indicates whether the regression was fitted using across-environment BLUPs or within-

environment BLUEs. The partial regression coefficients (Slope) and corresponding standard errors (SE) are 

presented for HD and SD. VarianceExplained represents the overall model coefficient of determination.  

Environment 
HD SD 

VarianceExplained 
Slope SE Slope SE 

21THD -0.777 0.013 1.210 0.016 0.945 

22EL -0.906 0.017 0.980 0.018 0.980 

22RL -0.855 0.010 1.240 0.010 0.956 

22THD -1.071 0.017 0.841 0.016 0.986 

23RL -1.152 0.008 0.996 0.009 0.872 

BLUP -0.786 0.027 0.941 0.031 0.937 

 

Multiple linear regression of GFP on its component traits further indicated that the 

relative contribution of HD and SD timing to GFP varied among environments (Table 3.3). In 

22EL, the HD and SD coefficients were similar in absolute magnitude (-0.906 and 0.980, 

respectively), suggesting that GFP variation reflected approximately balanced contributions of 

both component traits under severe, persistent drought. In 21THD and 22RL, the SD coefficients 

(1.210 and 1.240, respectively) exceeded the absolute magnitude of the HD coefficients (-0.777 

and -0.855, respectively), indicating that GFP variation was more strongly aligned with timing of 

senescence. This pattern is consistent with partial late season recovery or precipitation relief 

during grain fill, where delayed senescence could contribute more strongly to longer GFP. In 

contrast, in 22THD and 23RL, the absolute magnitude of the HD coefficients exceeded that of 

the SD coefficients, indicating that GFP variation was more strongly aligned with HD timing. 
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Notably, R2
within was low for maturity traits in 23RL relative to the remaining environments, 

consistent with an overall lower variance explained in 23RL (87.2%; Table 3.3; Appendix Table 

B.6).  

Interestingly, environments where HD contributed more strongly to GFP variation 

(22THD, 23RL) also had lower R2
within for SD (0.64, 0.48, respectively) than HD (0.90, 0.63). 

Conversely, when SD contributed more strongly to GFP variation (21THD, 22RL), R2
within for 

HD (0.84, 0.76) and SD (0.76, 0.79) were more similar. These patterns suggest that GFP 

variation was driven more strongly by HD when SD was less consistently expressed across 

genotypes. Persistent drought during grain filling can accelerate senescence, whereas HD has 

already been established by that point. Thus, lower R2
within for SD in 22THD and 23RL suggests 

that environmental stress weakened the genotypic signal for senescence timing, causing GFP 

variation to be driven more strongly by HD (Appendix Table B.6). 

Although SD was accelerated in the WILs, GFP was not consistently shortened relative to 

the RP (Figure 3.3). The direction and magnitude of WIL GFP responses depended on timing 

and severity of drought stress. In 22EL, the RP had delayed HD relative to the WILs without a 

corresponding delay in SD, resulting in a shorter GFP than most WILs. This suggests that earlier 

HD in the WILs may have allowed grain filling to begin sooner under early-season drought, 

partially buffering GFP duration relative to the RP. In contrast, under moderate drought stress in 

23RL, many WILs had later HD than the RP without delayed SD, resulting in shorter GFP. 

Accelerated senescence of WILs was also evident in 22THD, likely reflecting restricted water 

availability during late grain fill. However, in 21THD and 22RL, WIL GFP values were more 

centered around the RP, suggesting that when precipitation relief better aligned with senescence 
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timing, GFP variation reflected genotypic differences more than stress-induced compression of 

the GFP.  

Plant height was reduced in 22EL (Table 3.2), consistent with drought-related reductions 

in plant height and biomass accumulation (crop stunting) commonly reported in wheat under 

water stress (Bacher et al., 2021; Hu et al., 2006; Krugman et al., 2010; Lauterberg et al., 2022; 

Lollato & Knapp, 2020; Peleg et al., 2005; Wang et al., 2017). In 23RL and 23THD, the RP 

occupied the lower tail of the PH distribution, indicating that WILs maintained grater PH under 

well-watered or moderately dry conditions (Figure 3.3). Although PH does not directly measure 

shoot biomass, the ability to maintain height under water stress can indicate reduced drought-

induced growth limitation. However, under more extreme drought, WIL height declined more 

sharply than the RP’s, suggesting greater plasticity but also greater sensitivity to severe stress, 

highlighting a differential response of WIL plant stature to drought intensity.  

Yield and kernel components – across environments 

Despite its highly quantitative nature and dependence on complex source-sink dynamics 

and environmental variability (Golan et al., 2015; Merchuk-Ovnat et al., 2016b; Murchie et al., 

2023; Reynolds et al., 2017; Slafer et al., 2023), GY exhibited a relatively high R2
across (0.733; 

Table 3.2), underscoring substantial genotypic differentiation among WILs. Across-environment 

repeatabilities for source component traits (TC = 0.374; NDVI = 0.429; GR = 0.652) were lower 

relative to kernel traits (TKW = 0.836; TW = 0.760; KA = 0.907; KL = 0.953; KW = 0.818), 

indicating higher environmental sensitivity of biomass development and consistent with the 

greater genetic control of sink components (Table 3.2; Bacher et al., 2021; Golan et al., 2015; 

Wang et al., 2017). Examining GR and NDVI by growth stage, GR R2
across was the highest mid-

season (GR_joint = 0.610; GR_boot = 0.787; GR_anth = 0.733) and lowest at the beginning 
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(GR_till = 0.226) and end (GR_milk = 0.321) of the growing season (Appendix Table B.5). 

Stage-specific NDVI R2
across steadily increased throughout the growing season (NDVI_till = 

0.251; NDVI_milk = 0.533). This pattern indicates that canopy vigor, as measured by NDVI, 

was most environmentally influenced early in the season but became increasingly stable later in 

development. 
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Figure 3.4. Distributions of yield and kernel component traits in TdGD Pop80 within and 

across environments 

Environment-specific facets are based on BLUEs, while the across-environment facet represents BLUPs. Colored 

vertical lines indicate the recurrent parent (RP=KS061278M-4) and performance checks (C1=Billings, C2=Joe, 

C3=Showdown, C4=SY Monument). Gray shaded areas represent the RP’s approximate 95% confidence intervals 

for BLUEs and prediction intervals for BLUPs, calculated as each estimate ± 2 standard errors. Plots were generated 

in R using the ggplot2 package (Wickham, 2016). 

Traits related to vegetative biomass (TC, NDVI, GR) were generally positively correlated 

with GY, whereas kernel traits were negatively correlated, with the exception of TW, which was 

moderately positively correlated with GY (0.53; Figure 3.6). The highest stage-specific 

correlation between NDVI and GY was at tillering, with correlations decreasing gradually but 

remaining positive through subsequent stages. Green reflectance showed stage-dependent 

directionality across stages, with positive correlations with GY during early vegetative growth 

(tillering), negative correlations mid-season (jointing-booting), and positive again during 

reproductive development (anthesis-milk). Notably, GY correlated more strongly with mean 
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NDVI across stages (0.34) than with GR (0.07), consistent with GR’s variable stage-specific 

relationships. 

Looking more closely at comparison of WILs to the RP and checks, WILs had a 

pronounced yield disadvantage relative to the RP and checks (Figure 3.4). However, several 

WILs outyielded even the top-performing check, demonstrating the potential for favorable allele 

combinations from wild introgression. Across environments (BLUPs), no individual WIL 

exceeded the highest check for TC, though distribution tended to be centered around the RP. For 

kernel traits, values for WILs spanned and often exceeded the range of values for checks (Figure 

3.4). Negative skews relative to the performance checks were observed in WIL distributions for 

TKW, KA, KW, and KL, although no check exceeded the maximum kernel size obtained by any 

individual WIL. Notably, the negative distributional deviations in the WILs were not pronounced 

relative to the RP.   

The WILs had a wider range in GR and NDVI performance relative to the RP and 

checks, with no clear directional skew. Interestingly, C4 consistently scored highest among 

checks for GR despite having a late HD and shortened GFP (Figures 3.3-3.4). The combination 

of high GR, late HD, shortened GFP, and strong tillering capacity suggests that C4 may represent 

a physiologically distinct check, achieving canopy performance through trait combinations not 

observed in most other lines. This supports the suggestion that GR may be capturing canopy or 

photosynthetic traits distinct from biomass accumulation. If GR were solely detecting stay-green 

effects, genotypes with a high GR would be expected to have a longer GFP; instead, C4 

combined high GR with shortened grain fill, indicating that GR perhaps reflects canopy vigor or 

light interception efficiency rather than delayed senescence per se (Christopher et al., 2014, 

2016; Gurumurthy el al., 2023; Langridge & Reynolds, 2021; Latif et al., 2020, Lauterberg et al., 
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2022; Lopes & Reynolds, 2012; Peleg et al., 2005; Shokat et al., 2023). Additional support for 

this observation comes from correlation structure; GR was negatively correlated with TC (-0.17), 

whereas NDVI was positively correlated with TC (0.31; Figure 3.6).  

Yield and kernel components – within environments 

Similar to agronomic performance, variation in yield and kernel component trait 

responses reflected the timing and severity of drought stress across environments. This pattern 

was particularly apparent for GY where the strongest negative environmental effect occurred in 

22EL, the most water limited site (Table 3.2). Conversely, 22RL and 23THD showed the largest 

positive effects, reflecting higher yield potential under more favorable moisture conditions. 

Within-environment repeatability for GY was high across trials, though the lowest occurred in 

23THD (0.70; Appendix Table B.6). 

Traits corresponding to vegetative biomass development (TC, NDVI, GR) mirrored the 

environmental patterns observed for PH (Table 3.2). In 22EL, all three traits showed strong 

negative effects, reflecting the marked reduction in shoot biomass under severe drought stress 

(Bacher et al., 2021; Hu et al., 2006; Krugman et al., 2010; Lauterberg et al., 2022; Lollato & 

Knapp, 2020; Peleg et al., 2005; Wang et al., 2017). Conversely, 23THD had the most positive 

effect on TC, highlighting the capacity of WILs to produce more tillers under adequate water 

availability. Notably, TC displayed its highest R2
within in 23THD (Appendix Table B.6), 

suggesting substantial genotypic variation in tillering capacity that becomes most apparent under 

non-limiting water availability. In both 23THD and 22RL – environments characterized by 

relatively mild drought – the distribution of TC among WILs extended further above the checks 

and RP, with the RP in 22RL specifically positioned toward the lower end of the distribution 
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(Figure 3.4). These patterns demonstrate the considerable potential of WILs for enhanced 

tillering and vegetative vigor when adequate soil moisture supports biomass development. 

When NDVI and GR were evaluated across growth stages (Appendix Table B.5), distinct 

drought-related trends emerged. In 22EL, NDVI effects became progressively more negative 

from tillering through grain fill, mirroring the persistent water deficit throughout the season. In 

contrast, 22RL showed increasingly positive NDVI effects at later stages as precipitation 

improved. Strong positive effects for GR during booting and anthesis were observed in 21THD. 

Stage-specific patterns in R2
within for GR varied by environment. In 22RL, GR R2

within was highest 

at the milk stage (0.84) and lowest during jointing and booting (0.68, 0.73, respectively), 

whereas in 21THD it peaked from jointing through anthesis (0.80-0.85). In contrast, 22EL 

exhibited a steady increase in GR R2
within across growth stages. These contrasting trends 

emphasize that the timing and intensity of drought stress may modulate how consistently 

genotypes express canopy reflectance traits across development. 

Although R2
within was consistently high for kernel traits, timing of drought stress still 

influenced trait expression. In 23RL, for instance, WILs exhibited delayed HD relative to the RP, 

which shortened the GFP (Figure 3.3). This corresponded with strong negative effects on TKW 

and KW (Table 3.2), suggesting that limited time for grain filling constrained final kernel size. 

Although 23RL was not as limited in terms of water availability, delayed heading in WILs under 

moderate drought stress reduced sink development. The RP generally fell within the upper tail of 

the KW distribution in 23RL and 23THD, consistent with longer GFP facilitating greater grain 

filling. In those same environments, the RP was also high for TKW, KA, and KL, whereas in 

other environments (particularly 22EL and 22RL) the RP fell within the lower end of these 

distributions. The high R2
across of TKW, KW, and KL is visually apparent from the consistent 
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ranking of checks and RP within environments. The variable position of the RP relative to WILs 

suggests greater phenotypic plasticity among WILs, reflecting heightened responsiveness to 

environmental variation (Bacher et al., 2021; Peleg et al., 2005; Wang et al., 2017).  

An interesting contrast emerged between 22EL and 22RL, where both environments 

showed large negative effects for TKW and KW, yet their effects on GY diverged – strongly 

negative in 22EL but positive in 22RL. This suggests that GY differences between the two sites 

were driven more by source-related canopy traits or yield component compensation than by 

kernel size alone. Indeed, in 22EL, TC, NDVI, and GR all showed large negative effects, 

indicating drought-induced reductions in canopy development and source capacity. In contrast, 

22RL had a large positive effect for NDVI, a small positive effect for GR, and only a small 

negative effect for TC, suggesting that greater canopy function may have supported higher GY 

despite reductions in kernel size (Table 3.2; Beral et al., 2020; Brancourt-Hulmel et al., 2003). 

This pattern is consistent with GY improvements through greater kernel number per unit area, 

where smaller kernels may be offset by more kernels or improved maintenance of source activity 

during grain filling. The modulating effects of source and sink component traits on GY is further 

supported through correlation, where GY was positively associated with TC, NDVI, GR, and 

TW, and negatively with TKW, KA, KL, and KW (Appendix Figures B.3-B.8). Across all 

environments, KA and KL consistently had negative effects – strongest in 22EL – reinforcing the 

impact of severe drought on grain formation (Table 3.2; Farooq et al., 2011; Pradhan et al., 

2012). 

Functional quality – across environments 

Across-environment repeatability for traits related to functional quality was moderate 

overall (Table 3.2); GP had an R2
across of 0.593, GPD R2

across = 0.455, PQS R2
across = 0.653, and 
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SRC R2
across = 0.787. Notably, R2

across for GP and GPD was slightly lower than previously 

reported (Fatiukha et al., 2020a; Guttieri et al., 2017). This discrepancy implies greater influence 

of GxE relative to genotypic effects, potentially due to variable drought timing and intensity 

among environments. Late-season drought occurring during grain filling when both total grain 

weight and protein proportions are determined, would be expected to have the strongest 

influence (Singh et al., 2012; Yang et al., 2023).  

A pronounced positive tail was observed in the WILs for GP (Figure 3.5), consistent with 

wild emmer’s well-documented contribution to enhanced protein accumulation (Distelfeld et al., 

2007; Fatiukha et al., 2020a; Gonzalez-Hernandez et al., 2004; Govta et al., 2024; Peleg et al., 

2009a; Wang et al., 2018). Similarly, WIL distributions for GPD showed a positive tail; the RP 

had higher GP and GPD BLUPs than the checks. These patterns diverged for the functional 

quality traits (SRC, PQS). In contrast to GP and GPD, relative to the checks or RP, there was no 

distinct tail for SRC or PQS. Few WILs exceeded the check with the highest SRC (C1), and PQS 

values of the best WILs matched those of C1 and C4. Thus, while WILs tended to accumulate 

more protein, that additional protein did not necessarily translate into improved functional 

quality.  

Multiple linear regression of PQS on its component traits indicated that modeled PQS 

was more strongly aligned with SRC than with GP (Table 3.4). In the BLUP model, the partial 

regression coefficient for SRC was positive and larger in magnitude (0.866) than the negative 

coefficient for GP (-0.497), consistent with the calculation of PQS as SRC divided by GP. The 

stronger alignment of PQS with SRC may partly reflect the higher R2
across of SRC relative to GP, 

indicating that SRC contributed a more stable genotypic signal to modeled PQS variation. 

Together, SRC and GP explained 90.7% of the variation in PQS BLUPs, confirming that 
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modeled PQS retained the expected dependency on its component traits after standardization and 

BLUP modeling.  

 
Figure 3.5. Distributions of functional quality traits in TdGD Pop80 within and across 

environments 

Environment-specific facets are based on BLUEs, while the across-environment facet represents BLUPs. Colored 

vertical lines indicate the recurrent parent (RP=KS061278M-4) and performance checks (C1=Billings, C2=Joe, 

C3=Showdown, C4=SY Monument). Gray shaded areas represent the RP’s approximate 95% confidence intervals 

for BLUEs and prediction intervals for BLUPs, calculated as each estimate ± 2 standard errors. Plots were generated 

in R using the ggplot2 package (Wickham, 2016). 

Grain protein and GY BLUPs were negatively correlated (-0.69); GP and SRC BLUPs 

were only weakly correlated (0.20; Figure 3.6). Negative correlations were generally observed 

between functional quality and agronomic performance (Figure 3.6). Senescence date was 

negatively correlated with GP (-0.31), GPD (-0.38), PQS (-0.19), and SRC (-0.38). Grain fill 

period also showed negative correlations with GP (-0.25), GPD (-0.32), and SRC (-0.20), with a 

very weak negative correlation with PQS (-0.06). Heading date correlations were similarly weak 
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but negative across all quality traits. Plant height was negatively correlated with PQS (-0.28) and 

SRC (-0.30), while TC was positively correlated (0.21 and 0.11, respectively). Kernel component 

traits (TKW, KA, KL, KW) were all negatively correlated with PQS, the strongest being KW (-

0.25). Grain protein also had weak negative correlations with TC (-0.25) and NDVI (-0.31). 

Grain protein and GPD were moderately positively correlated with TKW, KA, KL, and KW, and 

negatively with TW (Figure 3.6).  

Table 3.4. Multiple linear regression of PQS on GP and SRC 

Protein quality score (PQS) was regressed on grain protein (GP) and solvent retention capacity (SRC) using the 

model PQS ~ GP + SRC. Environment indicates whether the regression was fitted using across-environment BLUPs 

or within-environment BLUEs. The partial regression coefficients (Slope) and corresponding standard errors (SE) 

are presented for GP and SRC. VarianceExplained represents the overall model coefficient of determination.  

Environment 
GP SRC 

VarianceExplained 
Slope SE Slope SE 

21THD -0.433 0.019 0.868 0.017 0.977 

22EL -0.770 0.010 1.111 0.009 0.922 

22RL -0.617 0.022 1.069 0.020 0.967 

22THD -0.365 0.013 0.901 0.012 0.993 

23RL -0.354 0.005 0.580 0.005 0.352 

23THD -0.396 0.053 0.521 0.050 0.311 

BLUP -0.497 0.056 0.866 0.052 0.907 

 

Grain protein was consistently negatively correlated with NDVI across all growth stages, 

strongest during tillering and jointing (-0.29) and weakest during anthesis (-0.18; Figure 3.6). 

Correlations with GPD were weaker but increased in magnitude through the growing season, 

with the strongest negative association at NDVI_milk (-0.16). Solvent retention capacity and 

PQS were also negatively correlated with NDVI_milk (-0.11 and -0.24, respectively), with 

weaker correlations earlier in development. Correlation patterns for GR by growth stage were 

similar to GY~GR correlations, with shifting directions of correlation depending on growth stage 

(Figure 3.6). Correlations with GP shifted from negative during early growth (GR_till = -0.24) to 
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positive around jointing and booting, and back to negative by anthesis and milk (GR_milk = -

0.21). 

 

Figure 3.6. Pearson correlations among agronomic performance, yield and kernel 

component, functional quality, and extended drone data BLUPs in TdGD Pop80 WILs 

Values within each cell represent the correlation coefficient, with color indicating both magnitude (darker = 

stronger) and direction (orange = negative, purple = positive). Red grid lines delimit groupings of traits separated by 

agronomic performance, yield and kernel components, functional quality, and extended drone data. Correlations 

were computed and visualized in R using the corrplot package (Wei & Simko, 2024). 
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Functional quality – within environments 

Environmental effect estimates align with the influence of drought on grain quality 

(Table 3.2). In 21THD and 22EL, environmental effects across quality traits were generally 

negative, except for GP in 21THD, which was slightly positive. Both environments experienced 

notable terminal drought, though the 22EL drought was more severe overall, with large negative 

effects for GY and correspondingly large decreases for GP (-0.264) and GPD (-0.461). In 

contrast, environments where drought stress was confined to early in the season (22RL, 23THD) 

showed the largest positive effects for GPD (0.120 and 0.112, respectively) and small effects for 

GP (-0.086, 0.014). This temporal distinction supports the interpretation that terminal stress 

limits GP accumulation to a higher degree than drought stress during vegetative development 

(Singh et al., 2012; Yang et al., 2023).  

None of the environments showed a strong positive effect for GP, with the largest being 

22THD. The three environments with positive effects for GP were all located in THD (21THD = 

0.036; 22THD = 0.043; 23THD = 0.014), supporting the idea that local nitrogen availability at 

that site enabled higher protein accumulation relative to yield. Interestingly, 22RL, the 

environment with the highest positive GPD effect (0.120), also had the lowest R2
within for GPD 

(0.64; Appendix Table B.6). For GP, R2
within ranged from 0.86 in 23THD to 0.94 in 21THD. 

Consistently high R2
within across quality traits was observed in 22THD, which included the 

highest R2
within across environments for PQS (0.92) and for SRC (0.91). Because PQS is derived 

from GP and SRC, it follows that when both component traits have high R2
within, PQS R2

within will 

likewise be high. Solvent retention capacity showed negative environmental effects across all 

sites except 23RL, where a relatively large positive effect (0.132) was observed. Protein quality 
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score also had negative effects across most environments, with small positive effects only in 

22RL (0.012) and 23RL (0.022; Table 3.2).  

The positive tails for GP and GPD BLUPs were similarly observed in the BLUEs (Figure 

3.5). The RP exceeded all checks for GP in 21THD, 22EL, and 22THD. The RP was slightly 

outperformed by C1 in 22RL, by C1 and C3 in 23THD, and by C3 in 23RL. For GPD, the RP 

was only outperformed by C1 in 22THD, C3 in 23RL, and both C1 and C3 in 23THD. 

Correlations between quality traits in the BLUEs matched the directions of BLUP 

correlations (Appendix Figures B.3-B.8). Grain protein and SRC were positively correlated in all 

but 21THD and 22THD, where they were uncorrelated. Grain protein and GY had a consistent 

negative correlation in each environment. Multiple linear regression of PQS on its component 

traits in the BLUEs generally matched the pattern observed in the BLUPs; SRC consistently 

showed a positive coefficient and GP consistently showed a negative coefficient, with the SRC 

coefficient being larger in absolute magnitude (Table 3.4). The overall model coefficient of 

determination was greater for each BLUE model than for the BLUP model, except in 23RL and 

23THD. In those environments, SRC and GP jointly explained only 35.2% and 31.1% of the 

variation in PQS, respectively.  

The strongest correlations observed between GP or GPD and maturity traits occurred in 

21THD (GP~SD = -0.57, GP~GFP = -0.46, GPD~SD = -0.48, GPD~GFP = -0.40; Appendix 

Figure B.3). These negative correlations suggest that later senescence and longer GFP were 

associated with lower GP, likely reflecting dilution of grain nitrogen when grain filling was 

extended (Bagherikia et al., 2025; De Oliveira Silva et al., 2026). Conversely, earlier senescence 

or shortened GFP may have increased GP by reducing kernel fill, a pattern commonly observed 

under drought stress. This interpretation is also consistent with timing of GP deposition 
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occurring relatively early during grain fill, whereas terminal stress more strongly limits grain size 

(Guttieri et al., 2001; Martre et al., 2003; Triboï et al., 2003). In contrast, 22EL showed almost 

no correlation between maturity and protein traits, suggesting that uniformly severe drought 

conditions may have reduced variation in developmental timing and weakened genotype-specific 

relationships among these traits (Appendix Figure B.4). Interestingly, functional quality traits 

were not always affected in the same way as GP or GPD. In 21THD, SRC was uncorrelated with 

maturity traits, and PQS was only weakly positively correlated (HD = 0.16, SD = 0.23, GFP = 

0.13; Appendix Figure B.3). This distinction suggests that drought-related increases in GP do not 

necessarily correspond to improved functional quality, likely because stress can alter these 

characteristics differently (Bagherikia et al., 2025; Farooq et al., 2011; Labuschagne et al., 2021).  

Correlation trends in the BLUPs with quality and stage-specific NDVI and GR 

measurements were consistent in the BLUEs. In 21THD, GP had the strongest negative 

correlation with NDVI_joint (-0.31) and the weakest with NDVI_anth (-0.20; Appendix Figure 

B.3). In 22EL, the strongest negative correlation was with NDVI_till (-0.23; Appendix Figure 

B.4), and in 22RL it was with NDVI_milk (-0.26; Appendix Figure B.5). Correlations between 

GPD and NDVI were weaker overall, ranging from -0.17 in 21THD (NDVI_till; Appendix 

Figure B.3) to near zero in 22EL (Appendix Figure B.4).  

Marker-trait associations in TdGD Pop80 

GWAS was conducted to identify genomic regions associated with variation in trait 

performance within TdGD Pop80. Analyses were performed in GAPIT using MLM, MLMM, 

and BLINK (M. Huang et al., 2019; Segura et al., 2012; Wang & Zhang, 2021; Yu et al., 2006). 

For each significant association, results include the physical position of the marker, MAF, and 

estimated effect of allele substitution (based on standardized phenotypes). 
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The allelic states of the RP and donor parents were obtained from the founder genome 

sequence data described in Chapter 2. Associations were further characterized according to the 

alleles associated with lower and higher mean phenotypic values among observed genotype 

classes. Counts of WILs carrying the RP versus donor allele were also recorded when parental 

states could be assigned unambiguously. This framework allowed donor effects to be interpreted 

in terms of observed genotype class means, indicating whether the donor allele was associated 

with an increase or decrease in the trait. For A and B subgenome associations, the donor 

corresponds to wild emmer, whereas for D subgenome associations it corresponds to Ae. 

tauschii.  

Finally, donor allele proportions within the 1 Mb genomic bin containing each associated 

marker, as estimated in Chapter 2, were used to evaluate whether marker-trait associations 

correspond with regions of donor introgression. This integration of GWAS results with 

introgression mapping enables assessment of whether phenotypic effects are directly associated 

with introgressed donor segments.  

Agronomic performance 

The highest confidence associations for agronomic performance were detected on the 

short arm of chromosome 2B for HD and SD. For the BLUPs, SD showed strong support across 

models, with significant markers spanning 45.55-65.23 Mb identified by BLINK, MLM, and 

MLMM (Table 3.5; Figure 3.7). An association for HD was also detected at 45.55 Mb using 

BLINK. Similar signals for both HD and SD were detected within individual environments 

(Appendix Table B.7).  

Interpretation of parental allele effects in this region is limited by incomplete coverage of 

the significant markers in the founder sequencing data. Consequently, it cannot be definitively 
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determined whether the wild emmer donor contributes earlier or later maturity at most loci. 

Variation in donor allele proportions across the region suggests potential recombination within 

the ~20 Mb interval associated with HD and SD. Donor proportions are relatively elevated at 

45.55 Mb (0.31) and 65.23 Mb (0.34), but much lower at 59.10 Mb (0.07) and 63.85 Mb (0.08). 

Among these markers, only the locus at 63.85 Mb contains complete parental allele information; 

comparison of genotype class means indicates that the donor allele is associated with increased 

SD (later senescence).  

  

  

Figure 3.7. GWAS Manhattan plots for HD and SD BLUPs overlaid with mean donor 

proportions in TdGD Pop80 

Significant associations across BLUP models for HD and SD are shown. In each panel, the upper track displays the 

average donor allele proportion across WILs in 1 Mb bins along each chromosome, while the lower track shows the 

corresponding Manhattan plot of GWAS results. Horizontal dashed lines indicate the significance threshold 

determined using a false discovery rate (FDR) of 0.05.  

Two additional BLUP associations for HD were detected on chromosome 3B, located on 

the short arm (68.40 Mb) and long arm (589.54 Mb). The short arm region on 3B also shows 

associations with PH BLUPs, as well as HD BLUEs in 21THD and 22THD and PH BLUEs in 
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23RL (Table 3.5; Appendix Table B.7). The long arm association was additionally detected in 

PH BLUEs from 22RL. Although several other associations for maturity related traits were 

identified in the BLUP analysis, these are considered lower confidence due to limited support 

across models or environments.  

 

Figure 3.8. GWAS Manhattan plot for PH BLUPs overlaid with mean donor proportions in 

TdGD Pop80 

Significant PH associations detected by BLINK are shown. The upper track displays the average donor allele 

proportion across WILs in 1 Mb bins along each chromosome, while the lower track shows the corresponding 

Manhattan plot of GWAS results. Horizontal dashed lines indicate the significance threshold determined using a 

false discovery rate (FDR) of 0.05.  

For PH, several additional associations were identified by BLINK aside from the locus on 

chromosome 3B. Notably, the Rht-B1 region on chromosome 4B was significant in the BLUPs 

and was also detected in BLUEs from 21THD, 22EL, and 22THD (Figure 3.8; Appendix Table 

B.7). Genotype class comparisons at these markers indicate that the donor allele is associated 

with increasing PH. This result is consistent with expectations, as the wild emmer donor lacks 

the Rht-B1b dwarfing allele present in the RP background.  
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Another notable BLUP signal for PH occurs on chromosome 3A at 47.08 Mb. Within this 

region, associations with additional maturity related traits were detected using BLUEs (Appendix 

Table B.7), including GFP in 22EL (40.15 Mb), SD in 22RL (47.83 Mb), and HD in 23RL 

(47.83 Mb).  

Table 3.5. GWAS results summary for agronomic performance using BLUPs 

For each significant association, the chromosome (Chr), physical position in Mb (Pos), trait, model, MAF, and 

estimated marker effect are reported. Marker effects are relative to a standard normal distribution. Allelic 

information includes the allelic states of the RP and donor parents (Don), as well as the alleles associated with the 

lower (L) and higher (H) mean phenotypic values among genotype classes. Genotype_class columns report the 

number of WILs carrying the RP allele (WIL_RP) or the donor allele (WIL_Don) at the marker locus. Donor 

direction (DonDir) indicates whether the donor allele increases or decreases the trait value. Donor allele proportion 

within the 1 Mb genomic bin containing the marker (DonProp) represents the average proportion of donor alleles 

across WILs in that genomic region. NA indicates cases where parental alleles could not be unambiguously 

assigned.  

Chr Pos Trait Model MAF Effect 

Allele Genotype_class 

DonDir DonProp RP Don L H WIL_RP WIL_Don 

7A 596.04 GFP BLINK 0.23 -0.12 NA NA C T NA NA NA 0.27 

2B 45.55 HD BLINK 0.05 -0.43 NA NA A C NA NA NA 0.31 

3B 68.40 HD BLINK 0.25 -0.21 NA NA C T NA NA NA 0.04 

3B 589.54 HD BLINK 0.41 0.35 NA NA A G NA NA NA 0.09 

7A 316.01 HD BLINK 0.48 -0.14 NA NA A C NA NA NA 0.08 

1B 563.45 PH BLINK 0.10 -0.36 NA NA T C NA NA NA 0.33 

2D 28.55 PH BLINK 0.08 0.29 C A A C 207 10 Decrease 0.01 

3A 47.08 PH BLINK 0.06 0.44 G A G A 15 217 Increase 0.60 

3B 68.40 PH BLINK 0.25 -0.22 NA NA C T NA NA NA 0.04 

3B 402.47 PH BLINK 0.44 0.39 NA NA A G NA NA NA 0.17 

4B 26.49 PH BLINK 0.12 -0.21 NA NA C T NA NA NA 0.06 

5B 534.32 PH BLINK 0.07 0.29 T G G T 209 11 Decrease 0.14 

5B 712.60 PH BLINK 0.09 0.31 NA NA G A NA NA NA 0.00 

6A 418.54 PH BLINK 0.07 -0.38 C T C T 211 10 Increase 0.01 

2B 65.23 SD BLINK 0.05 -0.51 NA NA A G NA NA NA 0.34 

3A 151.32 SD BLINK 0.11 0.22 C T T C 199 17 Decrease 0.06 

2B 45.55 SD MLM 0.05 -0.47 NA NA A C NA NA NA 0.31 

2B 59.10 SD MLM 0.06 -0.43 NA NA T C NA NA NA 0.07 

2B 63.85 SD MLM 0.05 -0.49 A C A C 215 7 Increase 0.08 

2B 65.23 SD MLM 0.05 -0.56 NA NA A G NA NA NA 0.34 

2B 65.23 SD MLMM 0.05 -0.56 NA NA A G NA NA NA 0.34 
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Yield and kernel components 

High confidence associations for GR were detected on the distal portion of the short arm 

of chromosome 2B. In the BLUPs, a marker at 18.26 Mb was significant across all models, with 

additional markers detected using MLM from 5.53-23.79 Mb (Table 3.6; Figure 3.9). Similar 

associations were observed in stage-specific models (Appendix Table B.10), first appearing 

during booting (GR_boot), and continuing through anthesis (GR_anth) and senescence 

(GR_milk). Environment-specific BLUEs also supported this region; across all models, growth 

stages, and BLUE and BLUP analyses, the peak GR signal consistently occurs between 5.53-

33.84 Mb on chromosome 2B (Table 3.6; Appendix Tables B.8, B.10-B.11).  

  

 
Figure 3.9. GWAS Manhattan plots for GR and NDVI BLUPs overlaid with mean donor 

proportions in TdGD Pop80 

Significant associations for MLM and BLINK models for GR and NDVI are shown. In each panel, the upper track 

displays the average donor allele proportion across WILs in 1 Mb bins along each chromosome, while the lower 

track shows the corresponding Manhattan plot of GWAS results. Horizontal dashed lines indicate the significance 

threshold determined using a false discovery rate (FDR) of 0.05.  

Within this interval, additional associations were detected for SD and PH in 22RL, and 

for HD in 22THD (Appendix Table B.7). The same region also overlaps associations for NDVI, 
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including NDVI_anth and NDVI_milk in BLUP analyses (Appendix Table B.10), and 

NDVI_boot, NDVI_anth, and NDVI_milk in BLUE analyses (Appendix Table B.11). The 

absence of a strong overall NDVI BLUP signal in this region likely reflects the lower R2
across of 

NDVI relative to GR when averaged across growth stages (Table 3.2). Consistent with this 

interpretation, the growth stages at which GR and NDVI associations are detected generally 

correspond to stages with higher R2
across (Appendix Table B.5).  

A second major region affecting GR occurs on the long arm of chromosome 5A. 

Significant BLUP associations for GR, both averaged across growth stages and evaluated by 

stage, span 408.91-502.79 Mb (Table 3.6; Appendix Table B.10). Environment-specific BLUEs 

extend the associated interval further toward the distal end of the chromosome, with GR 

associations detected up to 671.27 Mb (Appendix Tables B.8, B.11). Across this broader region 

beginning around 403 Mb, BLUP associations were detected for GR, GR_joint, GR_boot, 

GR_anth, GR_milk, NDVI, and NDVI_till (Table 3.6; Figure 3.9; Appendix Table B.10). This 

region is further supported in the BLUEs, with associations detected for GR, NDVI, and multiple 

stage-specific GR and NDVI traits across 21THD, 22EL, and 22RL (Appendix Tables B.8, 

B.11).  

In addition to canopy growth traits, this chromosome 5A region also contains 

associations for several kernel size traits. BLUP analyses identified significant associations for 

KL, KW, KA, and TKW (Table 3.6; Figure 3.10), with additional BLUE support across multiple 

environments for KA, KL, KW, TKW, and TW, and related agronomic traits (Appendix Tables 

B.7-B.8).  

The direction of donor allele effects for GR differs between the two high confidence loci. 

In BLUP analyses, chromosome 2B was associated with decreased GR in the presence of the 
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donor allele, whereas the chromosome 5A association increased GR when the donor allele was 

present. This pattern was generally consistent across growth stages in BLUPs (Appendix Table 

B.10). Overall BLUE analyses averaged across growth stages supported the same pattern, 

although some stage-specific BLUE associations showed deviations; for example, GR_till 

associations in 22EL and 22RL showed negative donor effects on chromosome 5A (Appendix 

Table B.11). Interestingly, NDVI associations in these regions showed the opposite pattern, with 

positive donor effects on chromosome 2B and negative effects on chromosome 5A. Table 3.7 

summarizes donor allele directions for drone-derived traits across BLUP and BLUE analyses.  

Table 3.6. GWAS results summary for yield and kernel components using BLUPs 

For each significant association, the chromosome (Chr), physical position in Mb (Pos), trait, model, MAF, and 

estimated marker effect are reported. Marker effects are relative to a standard normal distribution. Allelic 

information includes the allelic states of the RP and donor parents (Don), as well as the alleles associated with the 

lower (L) and higher (H) mean phenotypic values among genotype classes. Genotype_class columns report the 

number of WILs carrying the RP allele (WIL_RP) or the donor allele (WIL_Don) at the marker locus. Donor 

direction (DonDir) indicates whether the donor allele increases or decreases the trait value. Donor allele proportion 

within the 1 Mb genomic bin containing the marker (DonProp) represents the average proportion of donor alleles 

across WILs in that genomic region. NA indicates cases where parental alleles could not be unambiguously 

assigned.  

Chr Pos Trait Model MAF Effect 
Allele Genotype_class 

DonDir DonProp 
RP Don L H WIL_RP WIL_Don 

1A 372.29 GR BLINK 0.18 0.10 NA NA C T NA NA NA 0.17 

2B 18.26 GR BLINK 0.06 0.26 C T T C 218 14 Decrease 0.16 

3A 713.63 GR BLINK 0.12 0.14 A G G A 199 21 Decrease 0.07 

3A 741.24 GR BLINK 0.36 0.09 NA NA A G NA NA NA 0.37 

5A 412.53 GR BLINK 0.42 -0.13 T C T C 132 97 Increase 0.31 

2B 5.53 GR MLM 0.12 0.20 NA NA C A NA NA NA 0.69 

2B 5.67 GR MLM 0.13 0.17 NA NA A G NA NA NA 0.69 

2B 6.23 GR MLM 0.14 0.16 NA NA T G NA NA NA 0.59 

2B 9.73 GR MLM 0.14 0.17 NA NA G A NA NA NA 0.32 

2B 18.26 GR MLM 0.06 0.25 C T T C 218 14 Decrease 0.16 

2B 23.79 GR MLM 0.08 0.23 A C C A 207 11 Decrease 0.08 

5A 412.53 GR MLM 0.42 -0.15 T C T C 132 97 Increase 0.31 

5A 414.01 GR MLM 0.40 -0.13 A G A G 140 92 Increase 0.37 

2B 18.26 GR MLMM 0.06 0.23 C T T C 218 14 Decrease 0.16 

5A 412.53 GR MLMM 0.42 -0.14 T C T C 132 97 Increase 0.31 

1A 34.16 GY BLINK 0.12 0.23 NA NA A G NA NA NA 0.16 

2B 451.89 GY BLINK 0.11 0.22 NA NA G A NA NA NA 0.06 
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3A 31.66 GY BLINK 0.10 0.31 T C C T 195 11 Decrease 0.15 

4B 34.72 GY BLINK 0.06 0.34 C T T C 209 6 Decrease 0.05 

6B 171.06 GY BLINK 0.28 0.15 G A A G 164 63 Decrease 0.31 

6B 717.92 GY BLINK 0.06 0.32 T G G T 209 7 Decrease 0.01 

7B 622.25 GY BLINK 0.16 0.17 NA NA A C NA NA NA 0.04 

2A 713.93 KA BLINK 0.13 -0.42 G A G A 203 29 Increase 0.20 

3A 164.61 KA BLINK 0.11 -0.24 A G A G 191 12 Increase 0.05 

3D 433.50 KA BLINK 0.15 0.22 G T T G 191 27 Decrease 0.02 

4B 601.75 KA BLINK 0.10 -0.64 A G A G 200 14 Increase 0.04 

5A 595.55 KA BLINK 0.06 -0.41 NA NA G A NA NA NA 0.16 

5A 609.69 KA BLINK 0.48 -0.17 NA NA T C NA NA NA 0.19 

6B 686.80 KA BLINK 0.30 0.20 NA NA C T NA NA NA 0.00 

7B 141.82 KA BLINK 0.08 -0.27 A G A G 212 16 Increase 0.09 

7D 124.50 KA BLINK 0.13 -0.22 T G T G 193 22 Increase 0.01 

2A 83.01 KL BLINK 0.08 -0.41 G A G A 206 11 Increase 0.07 

4B 28.15 KL BLINK 0.08 -0.53 A C A C 206 12 Increase 0.06 

5A 437.21 KL BLINK 0.05 -0.56 NA NA T C NA NA NA 0.42 

5A 442.71 KL BLINK 0.44 0.16 G A A G 130 101 Decrease 0.29 

6B 481.66 KL BLINK 0.13 -0.29 NA NA G T NA NA NA 0.00 

7D 127.14 KL BLINK 0.11 -0.33 NA NA A G NA NA NA 0.00 

1A 8.21 KW BLINK 0.11 -0.26 NA NA C T NA NA NA 0.11 

2A 713.93 KW BLINK 0.13 -0.22 G A G A 203 29 Increase 0.20 

2B 543.71 KW BLINK 0.11 -0.31 NA NA T G NA NA NA 0.12 

3D 200.38 KW BLINK 0.14 0.25 A C C A 199 33 Decrease 0.09 

4A 695.26 KW BLINK 0.09 -0.35 NA NA A C NA NA NA 0.00 

4B 633.62 KW BLINK 0.08 -0.41 G A G A 207 10 Increase 0.03 

5A 1.20 KW BLINK 0.11 0.33 A G G A 205 23 Decrease 0.02 

5A 609.69 KW BLINK 0.48 -0.14 NA NA T C NA NA NA 0.19 

5B 671.71 KW BLINK 0.19 -0.19 NA NA C T NA NA NA 0.00 

5D 191.34 KW BLINK 0.14 -0.24 A C A C 199 31 Increase 0.16 

6B 690.97 KW BLINK 0.35 0.21 NA NA T C NA NA NA 0.00 

6D 3.03 KW BLINK 0.22 -0.20 NA NA G A NA NA NA 0.00 

7A 527.15 KW BLINK 0.10 -0.30 T C T C 208 24 Increase 0.09 

6B 690.97 KW MLMM 0.35 0.25 NA NA T C NA NA NA 0.00 

4B 28.23 NDVI BLINK 0.09 0.14 G T T G 208 16 Decrease 0.06 

5A 463.07 NDVI BLINK 0.09 0.12 NA NA C T NA NA NA 0.09 

7A 112.98 NDVI BLINK 0.08 0.18 NA NA C G NA NA NA 0.29 

4B 629.95 TC MLMM 0.06 0.26 NA NA A G NA NA NA 0.02 

2A 713.93 TKW BLINK 0.13 -0.27 G A G A 203 29 Increase 0.20 

3D 30.24 TKW BLINK 0.16 0.21 A G G A 189 33 Decrease 0.24 

4B 633.62 TKW BLINK 0.08 -0.47 G A G A 207 10 Increase 0.03 

5A 609.69 TKW BLINK 0.48 -0.20 NA NA T C NA NA NA 0.19 

6B 686.80 TKW BLINK 0.30 0.19 NA NA C T NA NA NA 0.00 
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7A 609.55 TKW BLINK 0.08 -0.26 A G G A 17 214 Decrease 0.35 

2A 713.93 TW BLINK 0.13 0.30 G A A G 203 29 Decrease 0.20 

4A 341.07 TW BLINK 0.11 0.37 T C C T 199 16 Decrease 0.04 

4A 695.26 TW BLINK 0.09 0.55 NA NA G A NA NA NA 0.00 

6B 531.53 TW BLINK 0.06 0.61 A G G A 214 11 Decrease 0.01 

2A 713.93 TW MLM 0.13 0.36 G A A G 203 29 Decrease 0.20 

6B 185.67 TW MLM 0.07 0.65 T C C T 211 10 Decrease 0.08 

6B 218.65 TW MLM 0.06 0.68 A G G A 211 9 Decrease 0.05 

6B 333.51 TW MLM 0.07 0.69 A G G A 209 10 Decrease 0.00 

6B 531.53 TW MLM 0.06 0.70 A G G A 214 11 Decrease 0.01 

2A 713.93 TW MLMM 0.13 0.37 G A A G 203 29 Decrease 0.20 

4A 116.47 TW MLMM 0.07 1.25 NA NA C A NA NA NA 0.08 

4A 136.86 TW MLMM 0.06 -0.90 A C C A 218 14 Decrease 0.07 

6B 333.51 TW MLMM 0.07 0.68 A G G A 209 10 Decrease 0.00 

 

Table 3.7. Summary of donor allele direction for GR and NDVI GWAS associations 

For each significant association detected for GR and NDVI, the direction of the donor allele effect is summarized 

across BLUP analyses and within-environment BLUE analyses. Results are shown for associations averaged across 

all growth stages (Overall) and for individual developmental stages. Donor direction is indicated as + when the 

donor allele increases the trait value and - when the donor allele decreases the trait value. Only associations on either 

the short arm of chromosome 2B or the long arm of chromosome 5A, and for which donor direction could be 

unambiguously determined, are included. 

    BLUP 21THD 22EL 22RL 

    Chr2B Chr5A Chr2B Chr5A Chr2B Chr5A Chr2B Chr5A 

GR 

Overall - + - +   + - + 

till         -   - 

joint   +   +       

boot - +   + - + -  

anth - + - +/-    -  

milk - +   +   + -  

NDVI 

Overall       -         

till   -   -   -    

joint             

boot       +     

anth +     +     

milk +       +   +   

 

Additional associations for NDVI were detected outside these major GR regions. An 

NDVI BLUP association on chromosome 4B occurs in the same genomic region as the Rht-B1 
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locus and likely reflects variation in NDVI associated with PH rather than canopy vigor 

independently (Table 3.6; Figure 3.9; Appendix Tables B.7-B.8, B.10-B.11). Another NDVI 

association on chromosome 7A was detected by BLINK in BLUP analyses and was strongly 

supported by 21THD BLUEs. These associations span 112.98-125.49 Mb on the short arm of 

chromosome 7A and include signals for overall NDVI as well as stage-specific NDVI traits 

across multiple growth stages.  

 

  

Figure 3.10. GWAS Manhattan plots for kernel size BLUPs (KL, KW, KA, TKW) overlaid 

with mean donor proportions in TdGD Pop80 

Significant associations for BLINK models for kernel size traits are shown. In each panel, the upper track displays 

the average donor allele proportion across WILs in 1 Mb bins along each chromosome, while the lower track shows 

the corresponding Manhattan plot of GWAS results. Horizontal dashed lines indicate the significance threshold 

determined using a false discovery rate (FDR) of 0.05.  

Beyond canopy traits, several genomic regions were associated with kernel size and 

yield-related traits. A high confidence locus on the long arm of chromosome 2A (713.93 Mb) 

was associated with KA, KW, TKW, and TW, with the donor allele increasing KA, KW, and 

TKW while decreasing TW (Table 3.6; Figures 3.10-3.11). This region also showed associations 



163 

for KL in some environments (Appendix Table B.8). Additional TW associations were detected 

on chromosome 4A at 116.47, 136.86, and 341.07 Mb, while a locus near 695.26 Mb on 

chromosome 4A was associated with both TW and KW BLUPs, although donor direction could 

not be clearly determined.  

 

Figure 3.11. GWAS Manhattan plots for TW BLUPs overlaid with mean donor proportion 

in TdGD Pop80 

Significant TW associations for MLM and BLINK models are shown. In each panel, the upper track displays the 

average donor allele proportion across WILs in 1 Mb bins along each chromosome, while the lower track shows the 

corresponding Manhattan plot of GWAS results. Horizontal dashed lines indicate the significance threshold 

determined using a false discovery rate (FDR) of 0.05. 

In addition to NDVI and PH signals near the Rht-B1 locus, the short arm of chromosome 

4B contains additional BLUP associations for yield and kernel traits, including for KL, with 

donor allele direction being positive (Table 3.6; Figure 3.10). Additionally, an association for 

GY was detected in the BLUPs at 34.72 Mb (Figure 3.12). The presence of a GY association 

near Rht-B1 is consistent with known environment-dependent relationships between PH and GY, 

particularly under varying drought conditions (Bacher et al., 2021; Ihsan et al., 2016; Liu et al., 

2017; Peleg et al., 2005; Wang et al., 2017). This GY signal, however, was poorly supported in 

the BLUE analyses, only reaching significance in 21THD (Appendix Table B.8). Further along 

chromosome 4B, an approximately 30 Mb interval between 601.75-633.62 Mb contains BLUP 

associations for KA, KW, TKW, and TC (Table 3.6; Figures 3.10, 3.13). These associations are 
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supported by BLUEs across multiple environments and additional traits, including KL and GY 

(Appendix Table B.8).  

 

Figure 3.12. GWAS Manhattan plot for GY BLUPs overlaid with mean donor proportion 

in TdGD Pop80 

Significant GY associations detected by BLINK are shown. The upper track displays the average donor allele 

proportion across WILs in 1 Mb bins along each chromosome, while the lower track shows the corresponding 

Manhattan plot of GWAS results. Horizontal dashed lines indicate the significance threshold determined using a 

false discovery rate (FDR) of 0.05.  

Significant BLUP associations for yield and kernel components were also distributed 

along chromosome 6B. The short arm contains associations for GY and TW, while the long arm 

contains associations for KL, KW, KA, TW, TKW, and GY (Table 3.6; Figures 3.10-3.12).  

BLUE analyses support these findings and reveal additional associations for stage-specific GR 

and NDVI traits, as well as SD and GFP (Appendix Tables B.7-B.8, B.11).  

The long arm of chromosome 7A contains associations for KW, TKW, and GFP BLUPs, 

as well as KL, KW, TW, HD, and GFP BLUEs (Tables 3.5-3.6; Figure 3.10; Appendix Tables 

B.7-B.8). Chromosome 7D also contains an association for KL and KA between 124.50-127.14 
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Mb, supported by both BLUPs and KL BLUEs across all environments (Table 3.6; Figure 3.10; 

Appendix Table B.8).  

 

Figure 3.13. GWAS Manhattan plot for TC BLUPs overlaid with mean donor proportion 

in TdGD Pop80 

The significant TC association detected by MLMM is shown. The upper track displays the average donor allele 

proportion across WILs in 1 Mb bins along each chromosome, while the lower track shows the corresponding 

Manhattan plot of GWAS results. Horizontal dashed lines indicate the significance threshold determined using a 

false discovery rate (FDR) of 0.05.  

Although additional associations for yield and kernel traits were detected, the loci 

described above represent the most consistent signals across traits, models, and environments. In 

general, donor alleles tended to increase kernel size traits such as KA, KL, KW, and TKW, albeit 

with some exceptions, whereas donor alleles consistently decrease GY and TW (Table 3.6). This 

pattern is consistent with the yield disadvantage observed in the WILs (Figure 3.4).  

Functional quality 

There is overlap between genomic regions associated with functional quality traits and 

those identified for kernel traits and yield components. This overlap is unsurprising given the 

influence of kernel size and grain filling dynamics on both the quantity and functional properties 
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of wheat storage proteins that ultimately determine quality (Figure 3.6; Distelfeld et al., 2007; 

Singh et al., 2012; Yang et al., 2023). For example, the chromosome 2A locus at 713.93 Mb – 

associated with KA, KW, TKW, and TW BLUPs – is located near a GP association at 700.54 

Mb detected in both BLUPs and BLUEs from 21THD and 22RL (Tables 3.6, 3.8; Figures 3.10-

3.11, 3.14; Appendix Table B.9).  

 

Figure 3.14. GWAS Manhattan plot for GP BLUPs overlaid with mean donor proportion 

in TdGD Pop80 

Significant GP associations detected by BLINK are shown. The upper track displays the average donor allele 

proportion across WILs in 1 Mb bins along each chromosome, while the lower track shows the corresponding 

Manhattan plot of GWAS results. Horizontal dashed lines indicate the significance threshold determined using a 

false discovery rate (FDR) of 0.05.  

Additional colocalized associations occur across chromosome 6B, which was noted as 

harboring signals for multiple maturity, yield, and kernel component traits; GP associations were 

detected along this chromosome as well (Tables 3.6, 3.8; Figure 3.14; Appendix Tables B.7-B.9). 

A marker at 431.80 Mb was significantly associated with GP BLUPs and GP BLUEs in 21THD, 

22EL, and 22RL. The same marker was also associated with GFP, GR_milk, NDVI_milk, SD, 

and TW in 21THD BLUEs (Appendix Tables B.7-B.9, B.11). A second GP BLUP association on 
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the long arm of chromosome 6B occurred at 690.97 Mb, corresponding to the same marker 

associated with KW BLUPs and KW and TKW BLUEs (Tables 3.6, 3.8; Figures 3.10, 3.14; 

Appendix Table B.8). Between these loci, an additional signal at 595.29 Mb was detected for 

SRC BLUPs and SRC BLUEs in 23RL (Table 3.8; Figure 3.15; Appendix Table B.9). Notably, 

the chromosome 6B regions associated with GP and SRC coincide with segments exhibiting low 

donor allele proportions (0-0.02), although the donor allele at these loci was associated with 

increased trait values (Table 3.8).  

  

Figure 3.15. GWAS Manhattan plots for SRC and PQS BLUPs overlaid with mean donor 

proportions in TdGD Pop80 

Significant associations for BLINK models for SRC and PQS are shown. In each panel, the upper track displays the 

average donor allele proportion across WILs in 1 Mb bins along each chromosome, while the lower track shows the 

corresponding Manhattan plot of GWAS results. Horizontal dashed lines indicate the significance threshold 

determined using a false discovery rate (FDR) of 0.05.  

The short arm of chromosome 6B contains the Gpc-B1 allele derived from wild emmer, 

which regulates senescence-driven nutrient remobilization (Distelfeld et al., 2007; Uauy et al., 

2006). Although this locus was not significant in the BLUP analysis, GP BLUEs from 22THD 

revealed an association at 142.23 Mb (Appendix Table B.9). Additional maturity-related 

associations were detected nearby toward the distal end of the chromosome arm, including SD 

and GFP signals in 22EL and SD in 23THD (Appendix Table B.7).  

Additional GP associations were detected on chromosome 6D. Two markers significant 

in the BLUPs were identified at 20.76 and 197.31 Mb, with other GP BLUE associations 
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occurring at 68.33 and 169.64 Mb (Table 3.8; Figure 3.14; Appendix Table B.9). The association 

at 20.76 Mb lies near the Gli-2D locus, which contains α-gliadin alleles involved in wheat 

prolamin expression (Pourmohammadi et al., 2023; Rasheed et al., 2014). The association at 

197.31 Mb showed a positive donor allele effect for GP, consistent with the BLUE associations 

detected in this region (Table 3.8; Appendix Table B.9).  

Associations were also detected for SRC and PQS, traits reflecting gluten quantity and 

functional quality (Blanco et al., 1998; Seabourn et al., 2012). On chromosome 1B, BLUP 

associations for PQS and SRC occurred between 515.05-662.16 Mb, overlapping with a PH 

BLUP association at 563.45 Mb (Tables 3.5, 3.8; Figures 3.8, 3.15). BLUE analyses further 

supported this region, with associations spanning 334.24-662.16 Mb for additional traits 

including GP, GPD, NDVI, and SD (Appendix Tables B.7-B.9, B.10-B.11). This interval 

encompasses the Glu-1B locus encoding high molecular weight glutenin subunits, which exhibits 

substantial allelic diversity relative to homoeologous loci on chromosomes 1A and 1D (Rasheed 

et al., 2014; Pourmohammadi et al., 2023; Y. Li et al., 2020). No functional quality associations 

were detected near the homoeologous locus on chromosome 1A, and the Glu-1Ay marker present 

on the SNP array showed no segregation within Pop80. Patterns of donor allele proportion 

support recombination across the chromosome 1B interval, with elevated donor proportions at 

492.79 Mb (0.37), 532.17-568.53 Mb (0.28-0.33), and 623.67-658.53 Mb (0.20-0.62), while 

donor proportion elsewhere in the region remained low (Tables 3.5, 3.8; Appendix Tables B.7, 

B.9). Where donor effects could be unambiguously determined, the donor allele on chromosome 

1B was associated with reduced functional quality.  

Another notable association occurs on the long arm of chromosome 2B at 451.89 Mb, 

where BLUP associations were detected for both PQS and GY, with additional BLUE 
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associations for KA, KW, and TKW in 23RL and TKW in 23THD (Tables 3.6, 3.8; Figures 3.12, 

3.15; Appendix Table B.8).  

Table 3.8. GWAS results summary for functional quality traits using BLUPs 

For each significant association, the chromosome (Chr), physical position in Mb (Pos), trait, model, MAF, and 

estimated marker effect are reported. Marker effects are relative to a standard normal distribution. Allelic 

information includes the allelic states of the RP and donor parents (Don), as well as the alleles associated with the 

lower (L) and higher (H) mean phenotypic values among genotype classes. Genotype_class columns report the 

number of WILs carrying the RP allele (WIL_RP) or the donor allele (WIL_Don) at the marker locus. Donor 

direction (DonDir) indicates whether the donor allele increases or decreases the trait value. Donor allele proportion 

within the 1 Mb genomic bin containing the marker (DonProp) represents the average proportion of donor alleles 

across WILs in that genomic region. NA indicates cases where parental alleles could not be unambiguously 

assigned.  

Chr Pos Trait Model MAF Effect 
Allele Genotype_class 

DonDir DonProp 
RP Don L H WIL_RP WIL_Don 

2A 700.54 GP BLINK 0.10 -0.23 NA NA T C NA NA NA 0.06 

4B 570.90 GP BLINK 0.07 -0.40 C T C T 212 12 Increase 0.04 

6B 431.80 GP BLINK 0.06 -0.46 T C T C 208 3 Increase 0.02 

6B 690.97 GP BLINK 0.35 0.11 NA NA T C NA NA NA 0.00 

6D 20.76 GP BLINK 0.11 -0.18 NA NA G A NA NA NA 0.00 

6D 197.31 GP BLINK 0.11 -0.27 A C A C 197 18 Increase 0.02 

7A 481.69 GP BLINK 0.11 -0.27 T C T C 204 21 Increase 0.10 

7A 109.48 GPD BLINK 0.13 -0.31 G A G A 201 27 Increase 0.19 

1B 515.05 PQS BLINK 0.11 0.46 T C C T 201 19 Decrease 0.07 

1B 614.50 PQS BLINK 0.06 0.34 NA NA T C NA NA NA 0.03 

2B 451.89 PQS BLINK 0.11 0.22 NA NA G A NA NA NA 0.06 

3A 647.36 PQS BLINK 0.08 -0.38 C T C T 213 19 Increase 0.10 

3B 402.47 PQS BLINK 0.44 -0.39 NA NA G A NA NA NA 0.17 

3D 454.67 PQS BLINK 0.10 -0.27 A G A G 201 17 Increase 0.01 

3A 647.36 PQS MLMM 0.08 -0.40 C T C T 213 19 Increase 0.10 

3D 454.67 PQS MLMM 0.10 -0.40 A G A G 201 17 Increase 0.01 

1B 532.17 SRC BLINK 0.19 0.19 NA NA G A NA NA NA 0.28 

1B 655.76 SRC BLINK 0.42 0.18 NA NA C T NA NA NA 0.20 

1B 662.16 SRC BLINK 0.05 0.29 NA NA T C NA NA NA 0.08 

3A 647.36 SRC BLINK 0.08 -0.37 C T C T 213 19 Increase 0.10 

3B 402.47 SRC BLINK 0.44 -0.45 NA NA G A NA NA NA 0.17 

3D 454.67 SRC BLINK 0.10 -0.35 A G A G 201 17 Increase 0.01 

6B 595.29 SRC BLINK 0.06 -0.28 G A G A 216 11 Increase 0.01 

7A 609.55 SRC BLINK 0.08 -0.25 A G G A 17 214 Decrease 0.35 
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Chromosomal regions on all group 3 chromosomes showed associations for PQS and 

SRC. BLUP signals occurred at 647.36 Mb on chromosome 3A, 402.47 Mb on chromosome 3B, 

and 454.67 Mb on chromosome 3D (Table 3.8; Figure 3.15). The chromosome 3A and 3D 

associations were strongly supported by BLUE analyses from 2021 and 2022 (Appendix Table 

B.9). The chromosome 3B marker was also associated with PH BLUPs, although the direction of 

donor allele effect was ambiguous (Table 3.5). In contrast, the donor allele at the chromosome 

3A and 3D loci was associated with increased functional quality (Table 3.8).  

Discussion 

The results presented here represent a large-scale effort to characterize phenotypic 

performance and variability in WILs developed using an amphiploid bridge to facilitate 

introgression from wild emmer into an adapted hexaploid background. By integrating a broad 

suite of traits across multiple environments with analyses of marker-trait associations, this study 

enables assessment of trait relationships and identification of genomic regions contributing to 

trait variation. 

This work is inherently exploratory in nature, with the primary objective of identifying 

patterns and generating hypotheses for follow-up work, rather than testing predefined 

predictions. Consequently, the strength of causal inference is limited, and the interpretation of 

significant marker-trait associations and phenotypic relationships must be made with appropriate 

caution. The large number of traits evaluated, combined with genome-wide marker density, 

increases the likelihood of spurious associations, and observed signals are contingent upon the 

distribution of allelic variation within the population, the consistency of genotypic performance 

across environments, and the presence of GxE interactions. Trait expression is further influenced 

by variation in drought timing and intensity across environments. 
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Despite these limitations, the breadth of phenotypic characterization across environments 

provides a valuable framework for evaluating overall performance and stability. In a breeding 

context, consistent trait expression across environments is critical, as target environments are 

inherently variable and imperfectly predictable. Traits or indices derived from across 

environment estimates, such as BLUPs and composite selection indices, are therefore 

particularly relevant for identifying germplasm with robust performance. Within this framework, 

the comparison of WILs to the recurrent parent remains essential for identifying favorable 

phenotypic deviations attributable to wild introgressions within an elite genetic background. 

An additional consideration in this population is the balance between maintaining 

sufficient donor introgression to capture novel allelic variation while avoiding excessive linkage 

drag that may compromise adaptation. The relatively low frequency of donor alleles across the 

genome reflects this balance, but also influences the statistical power to detect marker-trait 

associations, as detectable effects depend on allele frequency within the population.  

A key limitation of this study is the variability in drought stress across environments, 

both in timing and severity, which was not explicitly quantified beyond environmental 

classification. More detailed characterization of water availability and stress dynamics would 

improve interpretation of environment-specific responses. However, the range of environmental 

conditions represented here provides an opportunity to evaluate trait behavior across a gradient 

of drought stress scenarios, offering insight into stability of trait expression. 

While more complex analytical approaches could be applied to further interrogate this 

dataset, a parsimonious modeling framework was prioritized to facilitate interpretability, 

particularly given the exploratory objectives of the study. The extensive phenotypic and genomic 
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data generated nonetheless provide a strong foundation for more targeted, hypothesis-driven 

analyses in future research. 

With this context in mind, the remaining discussion focuses on three primary areas: (1) 

the overall feasibility of using an amphiploid bridge to introgress useful allelic variation from 

wild emmer while maintaining adaptive performance, (2) the correspondence between high 

confidence GWAS signals identified here and previously reported results, and (3) the 

implications of these findings for future breeding applications and targeted germplasm 

improvement.  

Feasibility of maintaining adaptive performance in bridge-mediated wheat 

introgression breeding germplasm  

Development of BC2-derived WILs using an amphiploid bridge was broadly effective for 

incorporating wild emmer allelic diversity while retaining a degree of adaptive performance. 

Across traits, WILs exhibited increased phenotypic variance relative to the RP, enabling 

detection of relationships between introgressed alleles and trait expression. Improvements over 

the RP were most consistently observed for GP and GPD, with many WILs also exceeding the 

RP for individual yield components and biomass-related traits. However, these gains were 

accompanied by an overall reduction in GY, indicating a persistent yield disadvantage despite 

recovery of the RP background by the BC2 generation. 

This yield penalty is consistent with expectations for introgressed germplasm, where 

recombination disrupts favorable linkage blocks and co-adapted allele complexes present in elite 

backgrounds (Bacher et al., 2021; Merchunk-Ovnat et al., 2016b; Nyine et al., 2020; Wang et al., 

2017). Yield is inherently governed by tightly coordinated interactions among developmental 

timing, biomass accumulation, and kernel filling, all of which are highly sensitive to 
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environmental conditions (Golan et al., 2015; Merchuk-Ovnat et al., 2016b; Murchie et al., 2023; 

Reynolds et al., 2017; Slafer et al., 2023). In this study, drought timing and intensity strongly 

modulated these relationships, influencing the relative contribution of source (biomass) and sink 

(kernel) components to final yield. Early season drought limited vegetative growth and tillering, 

constraining biomass accumulation, whereas late season stress reduced kernel size and density. 

Under more favorable moisture conditions, WILs frequently expressed increased tillering 

capacity and biomass production, though often at the expense of kernel size, highlighting the 

difficulty of simultaneously optimizing source and sink processes.  

Kernel components further illustrated the conditional nature of these source-sink 

relationships. Although WILs generally had lower TKW, KA, KL, and KW than the 

performance checks, the RP also produced relatively small kernels and occurred near the center 

of the WIL distributions. Consequently, differences between the WILs and unrelated elite checks 

partly reflected the kernel phenotype of the recurrent background and do not indicate that wild 

emmer introgression uniformly reduced kernel size. This interpretation was reinforced by several 

GWAS associations for which the wild emmer allele increased kernel weight or dimensions.  

The relationship between kernel traits and GY was similarly nuanced. Test weight 

represents grain bulk density and is influenced by kernel filling, density, shape, uniformity, and 

packing rather than individual kernel size alone (Petingco et al., 2018). The positive association 

between GY and TW may therefore reflect shared sensitivity to drought, whereby severe stress 

reduced both harvested grain mass and grain soundness, rather than demonstrating a direct yield 

advantage from kernel density. Grain number is generally the more environmentally responsive, 

course regulator of wheat yield, whereas kernel weight provides finer adjustment and can 

compensate for changes in kernel number (Sadras & Slafer, 2011; Slafer et al., 2023). Because 



174 

kernel number was not measured in Pop80, it cannot be determined whether wild emmer alleles 

that increased kernel size were accompanied by fewer kernels or whether their potential effects 

were constrained by insufficient assimilate supply during grain filling. These alleles should 

therefore not be considered inherently unfavorable for yield; rather, their breeding value likely 

depends on combining increased kernel size with sufficient kernel number and source capacity.  

A central factor underlying these dynamics was developmental timing. Maturity traits 

played a dominant role in structuring trait expression across environments, as the timing and 

severity of drought relative to crop development determined whether yield limitations arose 

primarily through reduced biomass or impaired grain filling. Many WILs exhibited extended 

GFP relative to the RP, which supported improved kernel filling in some environments but did 

not consistently offset reductions in yield. Consequently, the results do not support directional 

selection for earlier HD, later SD, or longer GFP as individual traits. Rather, developmental 

timing should be evaluated jointly with yield across environments because the value of a given 

phenological combination depended on when drought occurred. Wild emmer introgression 

therefore provides potentially useful variation in developmental responses to water limitation 

(Fatiukha et al., 2021; Merchuk-Ovnat et al., 2016a; Nevo & Chen, 2010; Peleg et al., 2009b; 

Suneja et al., 2019), but no single phenological ideotype emerged as consistently favorable. 

These results emphasize that successful introgression for yield-related traits requires not only 

favorable alleles for biomass or kernel characteristics, but also appropriate synchronization of 

developmental timing with environmental conditions.  

Taken together, these results illustrate the inherent trade-offs associated with 

introgressing wild alleles into elite germplasm. While introgression can enhance trait variation 

and enable improvements in specific traits or trait groups, overall performance is ultimately 
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determined by the interaction of many small effect loci governing developmental timing, 

biomass accumulation, resource partitioning, and grain composition. Elite germplasm represents 

the outcome of long-term selection for favorable combinations of these loci, particularly under 

regionally relevant stress conditions such as drought. Introducing new diversity disrupts these 

combinations, leading to increased phenotypic variability and, in many cases, reduced 

performance.  

From a breeding perspective, the value of this germplasm lies in its ability to generate 

new allele combinations that expand the available genetic space for selection. Rather than 

expecting immediate improvement in elite performance, introgression populations such as these 

serve as intermediate material for subsequent recombination and selection. Emphasis on stability 

across environments – captured through BLUP-based selection – is particularly important given 

the unpredictability of future production environments. The transgressive phenotypic variance 

observed in WILs, especially under stress, enhances the effectiveness of selection by providing 

greater contrast among genotypes.  

Overall, these findings support the feasibility of using an amphiploid bridge to introgress 

wild emmer diversity into hexaploid wheat, even for highly quantitative traits. While yield 

penalties and trait trade-offs are expected, the identification of high performing WILs and the 

expansion of trait variability demonstrate that adaptive performance can be maintained and, in 

some cases, improved through careful selection. The challenge moving forward lies in efficiently 

identifying and recombining favorable allele combinations to balance productivity, stability, and 

quality in breeding programs.  
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Candidate loci for marker-trait associations identified under an exploratory 

analytical framework 

One of the central goals of this work was to determine whether statistically significant 

marker-trait associations could be detected in a population where donor alleles were expected to 

occur at relatively low frequency. Among BLUP associations, the mean donor allele proportion 

in the 1 Mb bin overlapping significant markers was 0.20 for the A subgenome, 0.18 for the B 

subgenome, and 0.04 for the D subgenome. Comparison to genome-wide mean donor 

proportions, specifically on the A and B subgenomes (0.09 and 0.10, respectively), suggests that 

genomic regions contributing statistically detectable trait variation tend to retain donor 

introgression at frequencies higher than genome-wide donor averages. Thus, although donor 

alleles were generally uncommon, introgressed segments nonetheless contributed enough 

segregating variation to enable detection of marker-trait associations.  

A useful feature of these results is that several high confidence associations occurred near 

loci already known to influence the same or related traits. This does not prove that the significant 

markers tag the causal polymorphisms themselves, but it does provide biological context for the 

plausibility of the GWAS signals. For example, allelic variation around Rht-B1 was associated 

not only with PH, as expected, but also with NDVI, GY, and KL. Such overlap is biologically 

credible given the broad downstream effects of height on canopy architecture and biomass 

partitioning, and grain development (Bacher et al., 2021; Ihsan et al., 2016; Liu et al., 2017; 

Peleg et al., 2005; Wang et al., 2017). Similarly, the high confidence association around Ppd-B1 

for HD and SD is consistent with the established role of this locus in photoperiod sensitivity and 

developmental timing (DeWitt et al., 2021).  
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An interesting result from chromosome 2B was the distal region associated with GR 

BLUPs across the season and from booting through milk, along with NDVI BLUPs from 

anthesis through milk. Previous studies have reported associations in this region for NDVI, 

greenness, and biomass-related traits under drought and heat stress, and importantly, these 

intervals have been distinguished from effects associated with Ppd-B1, including in analyses that 

explicitly controlled for photoperiod-related variation (Condorelli et al., 2018; Pinto et al., 2016). 

Accordingly, the chromosome 2B GR and NDVI signals identified here are plausibly interpreted 

as reflecting biomass- or canopy-related effects that are at least partly distinct from phenology 

per se.  

A similar interpretation applies to the long arm of chromosome 5A, where a high 

confidence region for NDVI and GR also colocalized with kernel size traits. Numerous studies 

have identified chromosome 5AL as a hotspot for yield, biomass, and yield component traits, 

particularly under drought (Bag et al., 2026; Begum et al., 2020; Gahlaut et al., 2017; Krishnan J. 

et al., 2024; Puttamadanayaka et al., 2020; Shi et al., 2017; Sukumaran et al., 2015; Vukasovic et 

al., 2022; Yu et al., 2021). This region overlaps the major vernalization locus Vrn-A1, so 

developmental timing cannot be dismissed as part of the explanation. However, previous work 

has also suggested that at least some 5AL effects on biomass and yield components can be 

separated from Vrn-A1 itself (Shi et al., 2017), and other studies have proposed additional 

candidate loci in the region (Bag et al., 2026; Begum et al., 2020). In Pop80 specifically, 

segregation at Vrn-A1 is essentially negligible, since a trait-linked array marker for the locus fell 

below the MAF threshold used for GWAS. That observation strengthens the interpretation that 

the 5AL associations detected here may reflect loci other than Vrn-A1, even if developmental 

timing still contributes indirectly.   
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Another major hotspot occurred on chromosome 6B, where associations were detected 

for multiple yield and kernel traits as well as GP and SRC. This region has been repeatedly 

implicated in variation for yield components and nitrogen uptake or partitioning, and these 

effects have been reported across normal, drought, heat, and salinity conditions (Garcia et al., 

2019; Habash et al., 2007; Katz et al., 2022; Manjunath et al., 2024; Muhu-Din Ahmed et al., 

2020; Narjesi et al., 2015; Schmidt et al., 2020; Sukumaran et al., 2018). Prior reporting of SRC 

associations on 6B (Jernigan et al., 2017) also aligns well with the results here. Although the 

complexity of GY makes it difficult to resolve exact causal loci across variable environments, 

the recurring implication of chromosome 6B across related traits suggests that this region 

contributes to final yield outcomes through integrated effects on grain size, nitrogen dynamics, 

and grain composition (Garcia et al., 2019; Schmidt et al., 2020). 

For functional quality traits, several signals likewise overlapped biologically credible 

genomic regions. The association of SRC and PQS on chromosome 1B near Glu-B1, as well as 

the GP association on chromosome 6D near Gli-D2, is consistent with the expectation that 

introgression materials can expose substantial variation in storage protein composition and 

related quality traits (Fatiukha et al., 2020a, Nelson et al., 2006; Schaart et al., 2021; Xu et al., 

2004). The 6D GP association is especially notable because it demonstrates that even with 

reduced D subgenome donor proportions, the population development strategy used here still 

retained sufficient power to detect D subgenome effects, including donor alleles from Ae. 

tauschii associated with increased GP.  

Particularly intriguing are the functional quality associations on the long arms of all 

group 3 chromosomes. The donor allele increased PQS and SRC at these loci wherever donor 

direction could be assigned unambiguously, and the 3B association was also pleiotropic for PH. 
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Because similar signals occurred on 3AL, 3BL, and 3DL, these regions raise the possibility of 

homoeologous contributions to functional quality. This interpretation should remain tentative, 

however, as no major effect quality loci analogous to Glu-1 or Gli-2 have been established on the 

long arms of the group 3 chromosomes. Still, chromosome 3B has been implicated repeatedly in 

end-use quality variation, including reports near the region identified here (Hu et al., 2022; Lou 

et al., 2021; Wondifraw et al., 2024; Yang et al., 2020), while other studies using different 

marker systems provide broader but less directly comparable support (Carter et al., 2012; 

Jernigan et al., 2018; Jiang et al., 2017). Chromosome 3A has also been linked to quality-related 

variation, though generally less prominently (Jernigan et al., 2018; Law et al., 2005; Lou et al, 

2021; Wondifraw et al., 2024; Yang et al., 2020). Evidence for chromosome 3D is sparser, but 

some reports do exist (Lou et al., 2021; Yang et al., 2020). The overlap between 3B quality 

associations and PH also has precedent in the literature (Carter et al., 2012), indicating either 

tight linkage or broader pleiotropic relationships between end-use and agronomic traits in this 

region.  

Another quality-related region of interest was the BLUP association for PQS on the long 

arm of chromosome 2B, which overlapped a BLUP association for GY. Because PQS is a 

derived metric rather than a commonly mapped primary phenotype, direct comparison with the 

literature is difficult. Even so, the overlap with GY and with kernel-related BLUEs suggests that 

this region may influence functional quality indirectly through effects on grain filling and kernel 

architecture. This interpretation is consistent with extensive prior evidence that 2BL is a 

pleiotropic hotspot for yield, kernel traits, and quality-related variation (Blanco et al., 2012; Cui 

et al., 2014; El-Feki et al., 2013; Garland Campbell et al., 1999; Groos et al., 2003; Jernigan et 
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al., 2017; Krishnan J. et al., 2024; Marcotuli et al., 2017; Smith et al., 2011; Suprayogi et al., 

2009; Zhang et al., 2021). 

An additional potentially pleiotropic region of strong interest lies on chromosome 2AL, 

where BLUP associations were detected for KA, KW, TW, TKW, and GP. The kernel size traits 

colocalized at the same marker, while GP peaked upstream. This general pattern is well 

supported by prior literature, including reports for GP and kernel traits (Blanco et al., 2012; 

Peleg et al., 2009a). This region is therefore credible as a multi-trait locus, although the exact 

biological basis remains unresolved. TaGS2-A1, a gene implicated in nitrogen uptake and 

accumulation in developing grain and reported to affect both GP and kernel traits under both 

drought and well-watered conditions, lies downstream of the associations reported here and 

therefore offers a plausible biological hypothesis (Bazhenov et al., 2022; Li et al., 2011).  

Chromosome 4B also emerged as a hotspot, with associations for KA, KW, TKW, and 

TC. Prior studies provide substantial support for this region as one affecting biomass and kernel 

traits, including under heat stress and during post-anthesis development (Chen et al., 2021; Deng 

et al., 2011; Guan et al., 2018; H. Li et al., 2024; Xie et al., 2016). Of particular interest is the 

report by Chen et al. (2021) of a wild emmer-derived allele increasing effective tiller number in 

this region, albeit with possible tradeoffs in grain weight and grain number per spike. In the 

present work, donor direction for TC was ambiguous, but the donor-associated increases in KW, 

KA, and TKW are consistent with a possible reallocation tradeoff in which fewer tillers are 

associated with larger grains. This remains speculative, but it is a biologically coherent 

interpretation.  

Test weight associations extended across much of chromosome 4A with additional BLUP 

associations for KW on the distal long arm. Previous reports support 4A effects on yield 



181 

components on both chromosome arms (Ji et al., 2023; Song et al., 2026; Sun et al., 2009; J. 

Zhao et al., 2023), including a long arm TW association under drought (J. Zhao et al., 2023). The 

proximity of TaCwi-4A, a drought-related gene associated with GY and reproductive 

performance under stress, further suggests that the distal 4AL region may contain factors 

relevant to grain size and density, though again positional proximity alone is not sufficient to 

assign causality (Afzal et al., 2019; Jiang et al., 2015). 

Chromosome 7A contained another set of notable associations, with long arm signals for 

KW, TKW, and GFP and a short arm signal for NDVI. The short arm of 7A has been 

characterized as a biomass-related hotspot, consistent with the NDVI signal detected here (Hu et 

al., 2015; Lephuthing et al., 2022; Pretini et al., 2021; Royo et al., 2021), whereas the long arm 

has been associated more specifically with kernel traits such as TKW and KW (Gao et al., 2015; 

Hu et al., 2015; Lephuthing et al., 2022). Reports of drought-related effects on photosynthesis, 

biomass, water use efficiency, and grain filling from wild emmer-derived 7A alleles are 

especially relevant in the present context, since phenotyping was performed across environments 

differing in drought timing and severity (Lauterberg et al., 2022; Merchuk-Ovnat et al., 2016a). 

Thus, chromosome 7A appears to fit well within the broader pattern of drought-responsive loci 

affecting biomass production, grain filling, and final kernel outcomes (Ehdaie et al., 2016; 

Gahlaut et al., 2017; Gao et al., 2015; Grela et al., 2025; Kumar et al., 2024; Lephuthing et al., 

2022; Liu et al., 2023; Maccaferri et al., 2016; McIntyre et al., 2010; Pretini et al., 2021; Xu et 

al., 2025). 

Compared with the A and B subgenomes, fewer associations were detected on the D 

subgenome. In addition to the 6D GP associations, chromosome 7D harbored short arm 

associations for KL and KA. Exact physical overlap with prior reports is limited, but 7D has 
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been implicated previously in kernel shape variation, including traits related to the KL:KW ratio 

and kernel perimeter (Li et al., 2015; Xin et al., 2020).  

Finally, the short arms of chromosomes 3A and 3B contained high confidence PH 

associations, with the 3BS region also associated with HD. On 3BS, Rht5 is an attractive 

candidate because it is a reduced height locus known to influence plant stature and to show 

pleiotropic effects on maturity and spike architecture (Chen et al., 2018; Cui et al., 2022; Daoura 

et al., 2014; Ellis et al., 2005; Rebetzke et al., 2012). Previous reports of PH associations on 3A 

also support the plausibility of the 3AS signal detected here (Rabbi et al., 2021; Sisi et al., 2022; 

Zanke et al., 2014).  

Overall, the associations detected in this work are broadly consistent with previous 

primary literature and demonstrate that GWAS was capable of recovering biologically credible 

signals despite low donor allele frequencies under this bridge-mediated introgression framework. 

Importantly, multiple strong signals occurred near well-characterized loci such as Rht, Ppd, Glu, 

and Gli, while others mapped to genomic regions repeatedly implicated in drought-responsive 

biomass production and grain filling, development, and composition. At the same time, these 

results should be interpreted within the limits of GWAS resolution: associated markers identify 

candidate intervals, not causative genes, and several of the regions discussed here likely contain 

multiple linked loci affecting correlated traits. Even with that caution, the repeated overlap 

between the present results and previously reported QTL-rich regions supports the conclusion 

that the population development and phenotyping strategy used here successfully generated a 

tractable system for dissecting introgressed variation. These results therefore provide a strong 

basis for future fine mapping, haplotype analysis, and targeted drought-specific follow-up in the 

most compelling candidate regions.  
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Future directions for hypothesis testing and application in breeding germplasm 

improvement 

These phenotypic and genomic results identify several clear priorities for additional 

research. One worthy of high priority is more extensive characterization of drought response. In 

this study, drought timing and severity differed across environments and strongly influenced trait 

expression, particularly through effects on maturity, grain filling, and kernel development. These 

patterns were highly informative, but drought itself was not experimentally imposed in a way 

that allowed specific stress response mechanisms to be identified nor quantified. Future work 

would benefit from side by side irrigated and dryland experiments, or from managed stress trials 

designed to impose drought at defined developmental stages. Such work would help determine 

the extent to which performance of individual WILs reflects broad drought stability or more 

specific adaptation to stress occurring during vegetative growth, grain filling, or both. Such 

research under field conditions would not necessarily be straightforward, since natural 

precipitation can obscure treatment effects, but these results indicate that investment in such 

research would be worthwhile. 

The GR phenotype itself also warrants closer study. Because GR was derived from 

quantification of green pixels, GR does not map neatly onto more standard canopy or greenness 

indices, even though it overlaps biologically with NDVI in its apparent capture of canopy 

condition. The colocalization of GR and NDVI suggests some shared underlying signal, but the 

exact basis of variation in GR remains unclear. In principle, GR might reflect stay green 

behavior, canopy density, color differences related to physiology, or some composite of these 

processes. That GR repeatability peaked midseason, whereas NDVI repeatability peaked later, 

suggests that the two traits are not interchangeable and may differ in the developmental window 
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or physiological process they capture. This distinction is further supported by stage-specific 

correlations with GY and GP. Green reflectance was positively correlated with GY but 

negatively correlated with GP at tillering, anthesis, and milk/dough stages, whereas the opposite 

pattern was observed around jointing and booting. This may reflect the changing physiological 

meaning of canopy greenness across development: early- and late-season GR may primarily 

capture canopy vigor and photosynthetic source capacity, while midseason GR may be more 

closely associated with crop nitrogen status during a major period of vegetative nitrogen uptake 

(De Oliveira Silva et al., 2021; Lollato et al., 2019; Sharma et al., 2023). In this context, positive 

midseason GR correlations with GP may reflect greater nitrogen accumulation or remobilization 

potential, whereas positive early- and late-season GR correlations with GY may reflect greater 

biomass production or grain filling capacity that can dilute GP. Determining whether GR 

provides unique predictive information for drought adaptation or yield performance, beyond 

established canopy metrics, would therefore be a useful next step. Of note is that NDVI during 

tillering had the strongest correlation with GY across growth stages, which was unexpected 

given that canopy indices often show strong GY associations near anthesis (Duan et al., 2017; 

Rahman et al., 2021). In this population, however, early NDVI may have captured stand 

establishment, tillering capacity, or early canopy development that contributed more strongly to 

final yield under drought stressed environments.  

Among the genomic regions identified in this research, chromosome 2B appears 

especially worthy of further study. The 2BS associations located distally to Ppd-B1 for GR and 

NDVI suggest canopy- or biomass-related processes that may be at least partly distinct from 

phenology. These signals make chromosome 2B a strong target for follow-up physiological 
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validation to test the hypothesis that the GR and NDVI signals correspond to differences in 

canopy architecture or photosynthetic maintenance.  

Additional genomic regions also merit targeted validation, particularly those that align 

with previous reports of drought-related variation. The associations on 2AL, 4BL, 5AL, 6BL, 

7AS, and 7AL are notable in this regard because they harbor pleiotropic associations across 

biomass, yield components, and kernel traits, and several overlap regions previously implicated 

in drought-responsive performance. The 4BL and 7A regions are especially interesting because 

prior studies have also linked wild emmer-derived alleles in these regions to improved 

performance under drought (Chen et al., 2021; Lauterberg et al., 2022; Merchuk-Ovnat et al., 

2016a). Follow-up studies in managed drought environments could help determine whether these 

loci contribute primarily to drought tolerance, drought escape, plasticity across stress scenarios, 

or more general adaptation. 

Functional quality traits and their relationships represent another potential area of future 

work. Several marker-trait associations detected for quality traits in this work overlap previously 

characterized loci related to glutenin and gliadin composition, supporting the hypothesis that 

wild emmer introgression can broaden allelic diversity for components of end-use quality. 

Particularly interesting, however, is the result that there are associations not well explained by 

known major loci. The PQS and SRC associations detected on the long arms of all group 3 

chromosomes are especially noteworthy. Because comparable signals occur on 3AL, 3BL, and 

3DL, these regions raise the possibility of homoeologous contributions to functional quality, or 

alternatively, multilocus regulation of downstream quality traits. Narrowing these intervals and 

characterizing the underlying haplotypes could be a high value next step. 
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Despite the focus on specific loci, the broader breeding implication remains that final 

utility must be judged primarily by performance for GY and secondary breeding targets. 

Introgression is expected to disrupt co-adapted elite haplotypes, and the overall yield 

disadvantage of the WILs observed in this population is not surprising. That this population 

produced a smaller number of WILs with competitive yield performance is an important contrast, 

indicating that while most recombination events among donor and recurrent alleles will not 

improve elite performance, some rare combinations do bring competitive value. These results 

reinforce the importance of maintaining sufficiently large introgression populations so that 

selection can recover valuable recombinant deviates. The value of introgression is not an 

expectation of average improvement across all derived lines, but rather in increasing the genetic 

variance and effective population size and thereby increasing the probability of identifying 

exceptional lines in the upper tail of the genetic distribution.  

Most importantly, this work establishes a tractable system for generating, prioritizing, 

and assessing hypotheses. The study identified which traits resulted in increased variation via 

introgression, which combinations of traits were most compatible with high yield performance, 

and which genomic regions warrant further validation. Key questions to be answered through 

additional research include whether the group 3 long arm quality signals represent homoeologous 

control, whether GR captures a distinct physiological process, whether specific loci contribute to 

yield stability rather than condition-specific plasticity, and whether the detected Glu and Gli 

region associations reflect known versus novel allelic diversity. These questions could also be 

tied to experiments involving managed drought, physiological phenotyping, haplotype analysis, 

as well as validation of current results through use of other genetic backgrounds.  
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This study should be viewed not as a final dissection of the mechanisms underlying 

introgressed variation, but as a large-scale screening effort that demonstrates both the feasibility 

and the value of bridge-mediated introgression from wild emmer into hexaploid wheat. These 

results show that this breeding strategy can generate statistically detectable allelic variation for 

many critical traits, identify candidate chromosomal regions, and produce genetic deviates in the 

upper tail of genetic distribution that results in lines with strong breeding potential despite the 

presence of population-wide yield disadvantage. That combination of discovery value and 

applied relevance makes this population a useful foundation for future hypothesis-driven 

research as well as germplasm improvement.  

Conclusion 

This work demonstrates that wild emmer introgression into an adapted hexaploid wheat 

background, achieved through a wheat-Aegilops tauschii amphiploid bridge, can generate 

substantial and meaningful phenotypic variation for quantitative traits while maintaining the 

breeding value of current, elite germplasm. Across the range of traits, including agronomic, yield 

component, and functional quality traits, the Pop80 WILs expressed broad variation relative to 

the RP, as well as individuals lines that exhibit performance competitive with current elite 

released varieties, confirming that this breeding strategy successfully expanded the range of 

competitive phenotypes. At the same time, the results also clearly illustrate that introgression in 

of itself does not simply provide useful genetic gains. Population-wide yield disadvantages, 

shifts in developmental timing, tradeoffs between biomass and kernel traits, and strong 

environmental effects on trait expression all underscore the challenge of recovering useful donor 

variation while preserving elite adaptation. In this context, this work answers its motivating 
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hypothesis, but with appropriate nuance: wild emmer can contribute useful diversity in hexaploid 

wheat, but the value depends on recombination, environmental context, and careful selection. 

A major value of this work is that the results clearly expose critical tradeoffs within a 

multivariate framework. Rather than evaluating introgression through single traits in isolation, 

these results clearly show that performance is the result of interactions amongst multiple traits 

such as developmental timing, canopy and biomass traits, grain filling dynamics, and kernel 

composition. Seasonal timing of drought was a component in delineating the structure of these 

relationships. These seasonal fluctuations in drought influenced whether limitations to final yield 

arose more strongly through reduced vegetative growth, shortened grain filling, or otherwise 

altered resource partitioning into the grain. These results and relationships help explain the 

relatively poor performance of many WILs despite favorable values for individual traits, while a 

small subset exhibited strong overall performance across multiple environments.  

Results also showed that GWAS in a bridge-mediated introgression population can 

facilitate the identification of credible marker-trait associations even when donor alleles in the 

resulting breeding population occur at relatively low frequencies. Multiple high confidence 

signals overlapped loci or genomic regions previously implicated in developmental timing, plant 

stature, grain composition, drought-responsive biomass production, and end use quality. Other 

marker-trait associations suggest that introgression populations may also reveal novel sources of 

allelic variation that have not been previously characterized in existing elite germplasm. These 

associations should not be interpreted as proof of causation, but collectively these detected 

signals indicate that the phenotyping and analytical framework was sufficient to detect structured 

biological signals beyond simple noise. This project contributed not only useful results from 
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breeding evaluations, but also a useful map of candidate trait regions as well as creating useful 

hypotheses for future research. 

Ultimately, the broader significance of this research lies in demonstrating that 

introgression breeding should be viewed as a research problem rather than a guarantee of 

immediate improvement. Most introgressed lines will not outperform elite material; in elite 

breeding germplasm, favorable alleles and allelic combinations have been assembled through 

long-term recombination and selection. Yet the purpose of introgression is not to shift the 

population mean upward in a single generation, the purpose of introgression is to expand the 

genetic space available for selection and increase the probability of recovering rare, superior 

combinations that would not otherwise exist. By that standard, this project was successful in 

establishing that bridge-mediated introgression from wild emmer into hexaploid wheat preserves 

sufficient adaptation that results in meaningful field evaluations, generates useful phenotypic and 

genomic variation, and produces a subset of lines with direct breeding application. Equally 

importantly, results from this project provides a foundation for additional research on 

introgression: i.e., targeted validation of identified valuable loci, targeted or managed drought 

phenotyping, and continued recombination and selection to convert wild emmer diversity into 

breeding value. Consequently, this population, and this research that helps delineate the genetic 

structure of the population, represents both an endpoint of one phase of discovery and a 

beginning for more directed use of wild emmer in hexaploid wheat improvement. 
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Chapter 4 - Grain ionomic profiling of wild emmer introgression 

lines developed using an amphiploid bridge 

Abstract 

Wild emmer wheat is an important source of allelic diversity for wheat germplasm 

improvement, but its contribution to the grain ionome in hexaploid breeding germplasm remains 

underexplored. This research evaluated grain elemental variation in introgression lines developed 

using an amphiploid bridge to introduce allelic and trait diversity from wild emmer. Grain 

ionomic profiles were characterized in Thomas County, Kansas under varying timing and 

intensities of natural drought stress. The ionome was interpreted alongside previously measured 

agronomic, yield, kernel, and quality traits. Wild introgression lines expanded variation for 

several beneficial macro- and micronutrients, albeit with correlated increases in toxic elements 

within a codependent ionomic system. Multivariate clustering showed that ionomic traits did not 

behave as a single trait class; instead, different elemental groups aligned with kernel morphology 

and protein traits or with maturity traits. Genome-wide association results further supported this 

integration, with ionomic associations colocalizing with regions affecting phenology, plant 

architecture, canopy performance, kernel traits, and functional quality. These results demonstrate 

that wild emmer introgression can generate substantial variation for the grain ionome. Breeding 

applications will require selection in a multivariate framework for favorable mineral profiles 

while maintaining yield adaptation, employing precision in identification of favorable 

recombinant variants.  
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Introduction 

Wheat wild relatives represent important reservoirs of allelic diversity that can be used to 

expand the phenotypic range of modern breeding germplasm. Triticum dicoccoides (wild emmer, 

AABB) belongs to the primary and secondary gene pools of tetraploid (e.g. Triticum durum, 

AABB) and hexaploid wheats (Triticum aestivum, AABBDD), respectively (Boehm & Cai, 

2024; Hao et al., 2020; Nyine et al., 2020; Qi et al., 2007). As such, wild emmer has been 

investigated as a donor of favorable alleles for agronomic performance, stress adaptation, disease 

resistance, grain quality, and nutritional composition (Bacher et al., 2021; Chatzav et al., 2010; 

Fatiukha et al., 2020a, 2021; Hu et al., 2015; Kato et al., 1997, 1998; Li et al., 2001; Peleg et al., 

2005, 2008a, 2008b, 2009a, 2009b; Peng et al., 2011, 2013; Rahman et al., 2023; Ren et al., 

2013; Xie & Nevo, 2008). In the preceding chapters, wild introgression lines (WILs) developed 

through an amphiploid bridge-mediated approach were evaluated for introgression patterns and 

broad phenotypic performance. This chapter extends that characterization to the grain ionome, 

with the goal of determining whether wild emmer introgression provides useful variation for 

elemental traits in an adapted hexaploid wheat background.  

The grain ionome refers to the full complement of mineral nutrient and trace element 

concentrations measurable in grain tissue (Salt et al., 2008). In wheat, the ionome includes 

essential macro- and micronutrients, elements that may serve as indicators of plant physiological 

processes or environmental conditions, along with elements associated with toxicity. Specific 

elements in the grain ionome have not typically been primary selection targets in wheat breeding 

programs, although relevant in the context of human nutrition (Garvin et al., 2006; Liu et al., 

2021; Peleg et al., 2008b). This is partly because grain elemental composition is governed by 

complex quantitative inheritance influenced by soil properties, water availability, root 
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architecture, xylem and phloem transport, remobilization from vegetative tissues, grain filling 

dynamics, and yield dilution (Carvalho & Vasconcelos, 2013; Fatiukha et al., 2020b; Miner et 

al., 2022, 2024; Watanabe et al., 2022a; Wysocka et al., 2025). As a result, ionomic traits often 

exhibit strong GxE interaction and can be difficult to interpret in isolation. However, this 

complexity also makes the ionome a useful framework for evaluating how wild-derived allelic 

diversity may influence nutrient acquisition, partitioning, and grain composition. 

Wild emmer has been recognized as a source of favorable variation for grain nutrient 

concentrations. The most prominent example is the Gpc-B1 locus on chromosome 6B derived 

from wild emmer, which has been associated with increased grain protein concentration and 

senescence-driven remobilization of iron, zinc, and manganese (Distelfeld et al., 2007). The 

successful introgression of this locus into both tetraploid and hexaploid wheat illustrates the 

potential value of wild emmer for improving grain nutritional quality. However, examples 

comparable to Gpc-B1 remain relatively limited. Although wild emmer accessions have been 

characterized as harboring broad variation for macro- and micronutrient concentrations, fewer 

studies have evaluated this variation after introgression into adapted breeding germplasm, where 

wild alleles can be assessed in an agronomically relevant genetic background (Cakmak et al., 

2004; Chatzav et al., 2010; Fatiukha et al., 2020b; Liu et al., 2021; Pandey et al., 2016; Peleg et 

al., 2008b, 2009a; Xie & Nevo, 2008).  

Among grain ionomic traits, iron (Fe) and zinc (Zn) are the most prominent targets for 

wheat biofortification. Both are essential for human health, and deficiencies in Fe and Zn remain 

major contributors to global micronutrient malnutrition (Cakmak et al., 2004; Carvalho & 

Vasconcelos, 2013; Guttieri et al., 2015b; Pandey et al., 2016; Peleg et al., 2008b). However, 

breeding for increased grain yield has often been associated with reduced concentrations of grain 
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minerals, such as Fe and Zn, due to yield dilution and historical selection on harvest index. 

Under yield dilution, greater grain biomass can reduce nutrient concentration per unit dry weight 

when total nutrient uptake or remobilization does not increase proportionally with grain yield 

(Guttieri et al., 2015b; Miner et al., 2022, 2024; Monasterio & Graham, 2000; Perrier et al., 

2016). Therefore, identifying germplasm that combines acceptable yield performance with 

increased micronutrient concentrations remains a central challenge for biofortification.  

Zinc is additionally relevant from a crop physiology perspective, particularly under 

drought stress. Low soil Zn availability can limit wheat growth and development, and drought 

can further restrict Zn acquisition by reducing mass flow and diffusion of nutrients to the root 

surface. Zinc contributes to enzyme function, membrane stability, oxidative stress mitigation, 

and reproductive development, all of which may influence plant performance under water-

limited conditions (Akbarimehr et al., 2022; Bagci et al., 2007; Cakmak et al., 1996; Karim et al., 

2012; Peleg et al., 2008b). Consequently, genotypic differences in Zn uptake, partitioning, and 

remobilization may be relevant not only for nutritional quality but also for adaptation to stressful 

production environments. Wild emmer has been reported to contain substantial variation for 

grain Zn and Fe (Cakmak et al., 2004; Durmaz et al., 2011; Peleg et al., 2008b, 2009a), making it 

a potentially useful donor for improving these traits in wheat breeding germplasm. 

A major complication in grain biofortification is that beneficial elements do not vary 

independently. Phosphorus (P), for example, is an essential macronutrient and a major 

component of grain reserves, but much of the P in wheat grain is stored as phytic acid. Phytic 

acid chelates mineral cations, including Zn, Fe, magnesium (Mg), calcium (Ca), and potassium 

(K), thereby reducing their bioavailability to humans (Fatiukha et al., 2020b; Frittelli et al., 2023; 

Guttieri et al., 2015a; Peleg et al., 2009a). Because total grain P is often associated with phytate 
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accumulation, increasing micronutrient concentrations without simultaneously increasing 

phytate-associated anti-nutritional effects is an important consideration. In this context, the 

direction and magnitude of correlations among P, Fe, Zn, Mg, Ca, and other cations are 

biologically informative and evaluating the ionome in a multivariate framework is essential in 

addition to considering each element independently. 

Toxic elements, such as cadmium (Cd), arsenic (As), and aluminum (Al), introduce 

another layer of complexity. Cadmium is of particular interest in wheat because it can co-

accumulate with Zn due to overlapping uptake and transport pathways, creating a potential 

tradeoff in which selection for increased Zn could inadvertently increase grain Cd concentration 

(Guttieri et al., 2015b; Perrier et al., 2016; Qin et al., 2021). Arsenic accumulation is similarly 

undesirable because of its toxicity, with additional impacts on plant health and uptake of 

desirable nutrients (Zaheer et al., 2024). Aluminum is a marker of soil acidity, where low pH 

increases soluble Al, which is toxic and inhibits root growth.  

Beyond the major biofortification and toxicity minimization targets, several additional 

elements provide information about plant health, physiology, and environmental response. 

Potassium, Ca, and Mg are essential macronutrients involved in osmotic regulation, enzyme 

activation, membrane function, and structural stability. Potassium is particularly important for 

stomatal regulation and drought response (Akhtar et al., 2022; Patwa et al., 2024; Watanabe et 

al., 2022a), whereas Mg is central to chlorophyll function and enzymatic processes (Peleg et al., 

2009a). Sodium can provide information about ionic balance and stress response, especially 

where salinity or altered K/Na relationships affect plant performance (Hu et al., 2006; Patwa et 

al., 2024; Shelden & Roessner, 2013; Watanabe et al., 2022a). Soil acidification, common in 

intensively managed production systems due to increased nitrogen fertilization (Ballagh et al., 



195 

2023; Lollato et al., 2013, 2019; Schroder et al., 2011), also can reduce the availability of Ca, 

Mg, sodium (Na), and K (Oh et al., 2014; Souza et al., 2023). Rubidium (Rb) is chemically 

similar to K and is broadly interpreted as a tracer of phloem activity, whereas strontium (Sr) is 

chemically similar to Ca and informs xylem activity (Seregin & Kozhevnikova, 2004; 

Shtangeeva et al., 2011; Vallejo et al., 2005; Zeller & Feller, 2000; Ziegler et al., 2017).  

Boron (B), manganese (Mn), copper (Cu), molybdenum (Mo), nickel (Ni), cobalt (Co), 

and selenium (Se) occur at lower concentrations but may still be informative. Boron is involved 

in cell wall structure and reproductive development (Akhtar et al., 2022; Brdar-Jokanović, 2020), 

Mn and Cu participate in redox and enzymatic processes (Karim et al., 2012; Peleg et al., 2009a), 

Mo is required in nitrogen metabolism (Rana et al., 2025; Watanabe et al., 2022a, 2022b), Ni is 

associated with urease activity (Gheibi et al., 2009), and Se, while not essential for higher plants, 

is nutritionally relevant for humans and may vary with soil availability and uptake capacity 

(Iqbal et al., 2015; Schiavon et al., 2020; Sunic & Spanic, 2024). Together, these elements 

provide a broader picture of nutrient acquisition and partitioning. 

The interpretation of grain elemental concentrations is further complicated by 

environmental sensitivity. Soil pH, organic matter, carbon content, fertilizer history, water 

availability, root zone chemistry, and the availability of interacting elements all influence 

elemental uptake and grain deposition (Carvalho & Vasconcelos, 2013; Fatiukha et al., 2020b; 

Miner et al., 2022, 2024; Watanabe et al., 2022a; Wysocka et al., 2025). Therefore, ionomic 

phenotypes observed in grain reflect not only genetic capacity for uptake and remobilization, but 

also the environmental conditions under which plants developed and filled grain. Because of this 

sensitivity, repeatability for the grain ionome is often relatively low. Previous wheat ionomic 

studies have reported substantial GxE interaction and strong environmental effects on elemental 



196 

concentration (Asaro et al., 2016; Guttieri et al., 2015b; Ziegler et al., 2017). Analytical factors 

can also contribute to uncertainty because ionomics measurements are sensitive to sample 

handling, contamination, digestion efficiency, and instrument stability (Miner et al., 2024). 

These challenges make single-environment interpretation difficult and emphasize the need for 

replicated field evaluation, careful outlier control, and statistical models that separate stable 

genotypic effects from environment-specific variation. At the same time, the complexity of the 

ionome makes wild-derived germplasm especially valuable. If the base level of trait variation in 

elite germplasm is narrow, then identifying favorable combinations of high beneficial nutrients, 

low toxic elements, and acceptable agronomic performance may be improbable. Introgression 

populations offer an opportunity to expand the range of segregating variation and potentially 

identify phenotypic deviates that partially decouple unfavorable relationships among elements 

(Liu et al., 2021; Peleg et al., 2009a).  

The WIL population evaluated in this study provides a useful framework for this purpose. 

WILs can be evaluated in relation to both the recurrent parent (RP) background and elite 

performance checks. This allows wild-derived ionomic variation to be assessed within a 

breeding-relevant context rather than only in unadapted wild accessions. In addition, 

characterized introgression segments and genome-wide marker data make it possible to connect 

phenotypic variation in the grain ionome with underlying genomic regions (Chapter 2). When 

ionomic marker-trait associations overlap regions of elevated introgression, they may indicate 

genomic intervals where wild-derived alleles contribute to elemental variation. When ionomic 

associations also overlap agronomic, yield and kernel, or functional quality associations (Chapter 

3), they may reveal regions where selection for ionomic traits could interact with broader 

breeding targets. 
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Therefore, the objectives of this research were to (1) characterize grain ionomic variation 

in WILs relative to the RP and performance checks, estimating the repeatability and correlation 

structure of the ionome across Thomas County, Kansas environments, (2) identify marker-trait 

associations for elemental concentrations using single- and multi-locus models, and (3) assess 

whether ionomic associations overlap introgression regions or genomic regions associated with 

previously characterized phenotypic variation. Collectively, this research evaluates whether 

amphiploid bridge-mediated introgression from wild emmer can contribute useful ionomic 

diversity to hexaploid wheat breeding germplasm and whether that variation can be interpreted in 

the context of broader breeding performance.   

Methods 

Population development and field trialing 

The development of the Triticum dicoccoides germplasm development (TdGD) 

populations, selection of TdGD population 80 (Pop80), and multi-environment field trial design 

are described in detail in Chapters 2 and 3. Briefly, wheat-Aegilops tauschii synthetic octoploid 

amphiploids were generated and used as a bridge to facilitate hybridization with wild emmer. 

The resulting F1 plants were backcrossed twice to an adapted hexaploid recurrent parent (RP), 

followed by advancement to the BC2F4:5 generation through single seed descent. TdGD Pop80 

was selected from the seven derived TdGD populations for comprehensive phenotypic 

evaluation based on population size, broad agronomic performance, and plant and spike 

architecture.  

TdGD Pop80 was evaluated in partially replicated small-plot field trials across six Kansas 

environments from 2021-2023, as described in Chapter 3. For the ionomics analysis, grain 

samples were used from three Thomas County (THD) environments in each of 3 growing 
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seasons: 21THD, 22THD, and 23THD.  Restricting the ionomics analysis to a single county 

reduced broad geographic environmental heterogeneity while retaining year to year variation in 

field conditions. Soil testing results from 22THD and 23THD are presented in Appendix Table 

C.1. The 22THD environment represented the most severe drought stress, with water limitation 

persisting across vegetative and reproductive development. The 21THD environment 

experienced moderately severe drought stress, including limited precipitation during vegetative 

growth and terminal drought stress, although moisture was less limiting near anthesis. The 

23THD environment was the least stressed in terms of drought, with water limitation primarily 

occurring early in vegetative development with more favorable moisture availability during 

anthesis and grain fill (Chapter 3).  

Grain ionomic profiling 

Grain samples from harvested plots in 21THD, 22THD, and 23THD were submitted to 

the Baxter laboratory at the Donald Danforth Plant Science Center, St. Louis, Missouri, for 

ionomic profiling. Ionomics refers to the high-throughput quantitative measurement of elemental 

concentrations in biological samples using inductively coupled plasma mass spectrometry (ICP-

MS) to characterize mineral nutrient and trace element profiles (Asaro et al., 2016; Ziegler et al., 

2017). Grain samples were prepared, digested, and analyzed by ICP-MS following standardized 

protocols as described by Ziegler et al. (2017).  

Elemental concentrations were reported as mg analyte kg-1
 tissue for the following 

elements: boron (B), sodium (Na), magnesium (Mg), aluminum (Al), phosphorus (P), potassium 

(K), calcium (Ca), iron (Fe), manganese (Mn), cobalt (Co), nickel (Ni), copper (Cu), zinc (Zn), 

arsenic (As), selenium (Se), rubidium (Rb), strontium (Sr), molybdenum (Mo), and cadmium 

(Cd). To minimize contamination risk and analytical bias, sample digestion used trace metal 
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grade nitric acid and ultrapure filtered water. Elemental measurements were corrected using 

internal standards and blank samples to account for dilution and background signal during 

digestion and ICP-MS analysis. Pooled digestate controls were included to monitor analytical 

stability within and across ICP-MS runs. 

Because single element outliers within samples are common in ionomics datasets, 

elemental concentrations were screened prior to mixed model analysis. Extreme single element 

outliers were identified using a conservative median absolute deviation (MAD) cutoff of 6 

(Davies & Gather, 1993). Outlier decisions were evaluated in the context of biological 

replication so that genotypes with reproducible high elemental concentrations were not excluded 

solely because they represented potential hyperaccumulating phenotypes. Samples with extreme 

Al concentrations were additionally flagged because elevated Al may indicate sample metal 

contamination. Samples showing extreme Al together with widespread elemental outliers across 

multiple analytes were excluded entirely from downstream analysis. 

Phenotypic analysis of elemental concentrations 

Analyte data were analyzed using the same two-stage phenotypic modeling framework 

described in Chapter 3. For each element, plot-level observations were standardized within 

environment using Z-score transformation prior to modeling, resulting in environment-specific 

distributions with mean 0 and standard deviation 1. This standardization allowed elemental traits 

to be compared across environments and reduced scale differences among elements before 

variance component estimation (Appendix Table C.2).  

In the first stage, within-environment analyses were conducted to obtain best linear 

unbiased estimates (BLUEs) and corresponding precision weights for each genotype in each 

environment. Spatial correction was performed in Mr. Bean (Aparicio et al., 2024) using 
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ASReml-R (Butler et al., 2023) for 21THD and 23THD. For these environments, field 

heterogeneity was modeled using an AR1 x AR1 residual covariance structure (Gilmour et al., 

1997). 22THD was analyzed in Mr. Bean using SpATS because residual patterns did not 

conform well to the AR1 x AR1 structure; two-dimensional P-spline smoothing was therefore 

used for spatial correction in that environment (Rodríguez-Álvarez et al., 2018). Precision 

weights were calculated as the inverse of sampling variance of each BLUE and were carried 

forward into the second stage analysis (Möhring & Piepho, 2009).  

In the second stage, across-environment best linear unbiased predictions (BLUPs) were 

extracted for each genotype in ASReml-R using BLUEs and their corresponding precision 

weights as input data (Butler et al., 2023; Möhring & Piepho, 2009). The model included 

environment as a fixed effect and genotype and GxE as random effects. The residual scale 

parameter was fixed at 1, allowing the precision weights to define the relative contribution of 

each BLUE to the across-environment model (Butler et al., 2023; Möhring & Piepho, 2009). 

Under this framework, more precise BLUEs exerted greater influence on the estimation of 

genotype main effects and GxE variance.  

Repeatability was estimated separately within and across environments. Within-

environment repeatability (R2
within) was estimated by BLUE models in which genotype was 

treated as a random effect. These estimates describe the extent to which replicated observations 

within a given environment consistently differentiated genotypes after accounting for spatial 

heterogeneity. Across-environment repeatability (R2
across) was estimated by the BLUP model as 

the ratio of genotypic variance to the sum of genotype and GxE variance. Therefore, R2
across was 

interpreted as the consistency of genotype performance across years within THD rather than as 

the proportion of total phenotypic variance explained.  
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Assessment of trait relationships 

Relationships among traits within the ionome were assessed using Pearson correlation 

analysis. Correlations among BLUEs were calculated within each environment and interpreted as 

relationships among spatially adjusted phenotypic estimates within a given year. Correlations 

among BLUPs were calculated across environments and interpreted as relationships among 

predicted genotypic values for each element. These analyses were used to evaluate whether 

elements varied independently or as part of a broader ionomic covariance structure.  

To place the grain ionome within the broader phenotypic context of TdGD Pop80, 

hierarchical clustering was conducted across the full set of collected traits. This analysis included 

BLUPs for agronomic performance, yield and kernel components, and functional quality traits 

described in Chapter 3, together with BLUPs for the grain elemental traits analyzed herein. 

When summarizing WIL phenotypic expression across diverse trait classes, interpretation of 

overall performance becomes challenging when traits differ in direction and magnitude of 

correlations. Hierarchical clustering provides a way to visualize broad multivariate structure 

among traits and to identify groups of traits that vary together across genotypes. A dendrogram 

was constructed using correlation distance, calculated as 1 – r, where r is the Pearson correlation 

coefficient among trait BLUPs. Clustering was performed using the Unweighted Pair Group 

Method with Arithmetic Mean (UPGMA), which, while standard in the literature (Datta & Datta, 

2003; Mohammadi & Prasanna, 2003), is intended as an exploratory tool to visualize similarity 

patterns among traits. Traits that are strongly positively correlated merge at low dendrogram 

heights, whereas traits with weak, independent, or negative relationships merge only at larger 

distances.  
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Genome-wide association analysis and introgression overlap 

Genome-wide association studies (GWAS) were conducted using GAPIT version 3 

(Wang & Zhang, 2021) with BLUEs and BLUPs as phenotypic inputs. SNP genotyping, marker 

filtering, and preparation of the genotype matrix are described in Chapters 2 and 3. Briefly, 

TdGD Pop80 WILs were genotyped using the Illumina Infinium Wheat/Barley 40 K SNP array 

(Keeble-Gagnère et al., 2021), and markers were filtered prior to association testing to remove 

low quality and rare variants.  

Marker-trait associations were tested using three complementary models implemented in 

GAPIT: (1) the mixed linear model (MLM; Yu et al., 2006), (2) the multi-locus mixed model 

(MLMM; Segura et al., 2012), and (3) Bayesian-information and Linkage-disequilibrium 

Iteratively Nested Keyway (BLINK; M. Huang et al., 2019). The MLM was used as a single-

locus mixed model framework controlling for population structure and relatedness. MLMM and 

BLINK were included as multi-locus approaches to identify associations that may be partially 

masked in single marker testing and to evaluate consistency of marker-trait signals across model 

structures. Associations detected across multiple models, across multiple traits, or across both 

BLUE and BLUP parameterizations were considered higher confidence signals.  

Introgression segments identified in Chapter 2 were compared with ionomic GWAS 

results to determine whether marker-trait associations overlapped genomic regions carrying wild-

derived introgressions. Ionomic associations were also compared with associations detected for 

agronomic performance, yield and kernel components, and functional quality traits described in 

Chapter 3. These comparisons were used to identify genomic regions where introgression may 

contribute to variation in grain elemental concentration, either independently or in association 

with broader phenotypic effects.  
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Results 

Phenotypic evaluation 

Table 4.1. Summary of mixed model results across ionomic traits evaluated in TdGD Pop80 

Fixed environment effects from the across-environment model are reported for each environment, expressed relative 

to a standard normal distribution. Random effect variance components are partitioned into genotypic and genotype x 

environment (GxE) terms. Repeatability (R2
across) was calculated as the proportion of genotypic variance relative to 

total variance. 

Trait 
Fixed Random 

R2
across 

21THD 22THD 23THD Genotype GxE 

B -0.032 0.002 0.002 0.029 0.231 0.113 

Na -0.049 0.008 0.134 0.037 0.279 0.116 

Mg 0.005 0.061 0.020 0.155 0.108 0.588 

Al -0.107 0.045 0.014 0.058 0.237 0.197 

P 0.063 0.021 -0.018 0.054 0.283 0.161 

K -0.099 -0.058 0.041 0.117 0.181 0.392 

Ca -0.062 0.026 -0.049 0.066 0.164 0.286 

Fe -0.026 0.031 0.085 0.226 0.148 0.605 

Mn 0.109 0.097 0.144 0.204 0.234 0.466 

Co -0.025 -0.015 -0.206 0.099 0.069 0.590 

Ni -0.177 0.005 -0.437 0.160 0.266 0.376 

Cu -0.010 0.068 -0.161 0.191 0.155 0.552 

Zn -0.222 0.027 -0.062 0.046 0.181 0.202 

As 0.196 -0.033 -0.201 0.158 0.107 0.595 

Se -0.188 0.099 0.102 0.025 0.157 0.139 

Rb -0.007 -0.010 0.646 0.136 0.191 0.417 

Sr -0.085 0.064 0.232 0.112 0.312 0.264 

Mo -0.040 0.088 0.016 0.254 0.138 0.647 

Cd 0.002 -0.013 -0.089 0.134 0.174 0.436 

 

Across environments 

In general, R2
across for ionomic traits was (0.113-0.647; Table 4.1) and correlations among 

elements were positive (Figure 4.2), with only a few modest negative correlations (e.g., Rb~Cd = 

-0.18) existing. The observed positive correlations suggest that variation in kernel concentrations 

is driven primarily by overall efficiency of nutrient translocation, where hyperaccumulating 
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genotypes show consistently elevated concentrations across multiple elements with shared 

transport and metabolic pathways.  

Some of the strongest correlations among the BLUPs were between P (R2
across = 0.161), 

Mg (R2
across = 0.588), Fe (R2

across = 0.605), Cu (R2
across = 0.552), Mn (R2

across = 0.466), Mo 

(R2
across = 0.647), Cd (R2

across = 0.436), and Zn (R2
across = 0.202). WIL distributions for these 

elements further highlight shared transport patterns (Figure 4.1). Cadmium exhibited a 

pronounced positive tail in the BLUPs, indicating that many WILs accumulated higher grain Cd 

than the RP and checks; Showdown (C3) was the only check that fell within the upper tail. 

Notably, average grain Cd concentrations in this dataset were low enough to be outside the range 

of practical relevance (Appendix Table C.2; Guttieri et al., 2015a, 2015b). Similar positive tails 

were observed for Zn and Fe, with Fe particularly notable; most WILs exceeded the RP and 

checks for grain Fe. For Zn, C3 was the highest among checks and overlapped with WILs in the 

upper tail. The positive tail was even stronger for Mn, with nearly all WILs accumulating more 

Mn than the RP and checks. WILs also had a large positive tail for Mg, with the RP the highest 

among the checks but still falling below many WILs. Molybdenum stood out as the element with 

the highest R2
across and had a large positive tail similar to the distribution for Mg. The strongest 

correlation in these data was between P and Mg (0.70; Figure 4.2); despite the low R2
across for P 

(Table 4.1), P correlations were relatively strong within the group of metabolic elements. A 

positive tail was similarly observed for P distribution, where the RP was the highest among 

checks in the BLUPs. Copper also showed a pronounced positive tail in WIL distributions, 

consistent with elevated levels of correlated elements in the WILs relative to the checks. 

Selenium also showed moderate positive correlations with this grouping of correlated elements; a 

low R2
across (0.139) and less notable transgressive segregation around the RP and checks indicates 
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low genotypic variation relative to environmental control of Se accumulation (Table 4.1; Figure 

4.1). 

Additional pairings of elements with moderately strong correlations (Figure 4.2) were K 

and Rb (0.68) and Ca and Sr (0.62). Potassium and Rb had R2
across of 0.392 and 0.417, 

respectively (Table 4.1). Calcium and Sr had R2
across of 0.286 and 0.264, respectively. Along with 

being strongly correlated to Ca, Sr was also moderately correlated with Rb (0.45). Sodium 

(R2
across = 0.116) was weakly positively correlated with K (0.23) and Rb (0.20); the strongest Na 

BLUP correlation was with B (0.52). Boron was essentially uncorrelated with K, Rb, Ca, and Sr 

and had the lowest R2
across (0.113) within the ionome. WILs showed segregation for both Na and 

B outside the range captured by the checks, with the RP falling lower on the distributions than 

the remaining checks (Figure 4.1). While the RP was also the lowest check in distributions for K 

and Rb, pronounced negative tails were observed in the WILs for those traits, with few WILs 

exceeding the highest checks for Rb, and no WILs exceeding the highest check for K (Billings, 

C1). For both Sr and Ca, the RP fell in the upper tail of the distribution, with a subset of WILs 

below the lowest checks (SY Monument, C4 for Sr; C1 for Ca).  

In this dataset, Al had low R2
across (0.197; Table 4.1), which likely contributes to its weak 

overall trait correlations (Figure 4.2). Its strongest correlations were with Na (0.32) and B (0.30). 

WIL distributions for Al showed a modest positive tail, with the RP consistently below the mean 

(Figure 4.1). Relative to the ionome, As had high R2
across (0.595) and was correlated most 

strongly to Rb (0.44) and K (0.42). Similar to K and Rb, As showed a pronounced negative 

distributional tail among WILs, with the RP being the highest As accumulator among the checks 

and most WILs accumulating less As than the RP. Similar to As, Co also had high R2
across 



206 

(0.590); Co was most strongly correlated to Ni (0.51). Neither Co or Ni (R2
across = 0.376) had 

clear distributional skews relative to the RP and checks (Figure 4.1). 

Within environments 

Similar to R2
across, R

2
within for ionomic traits were also relatively low (Appendix Table 

C.3). In general, 22THD had the lowest R2
within; this, combined with generally small environment 

effects (Table 4.1), support the interpretation that soil water availability in that year primarily 

constrained nutrient availability rather than revealing consistent genotypic differences in kernel 

accumulation (Singh et al., 2012; Hu et al., 2006). 23THD generally had the largest environment 

effects, while 21THD had the highest R2
within. Similar to the BLUPs, BLUE correlations within 

the ionome were generally positive (Appendix Figures C.1-C.3).  

Consistent with performance in the BLUPs, P (R2
within 0.24-0.50), Mg (R2

within 0.20-0.46), 

Fe (R2
within 0.16-0.45), Mn (R2

within 0.41-0.68), Cu (R2
within 0.30-0.51), Zn (R2

within 0.05-0.40), Cd 

(R2
within 0.32-0.47), and Mo (R2

within 0.28-0.63) were relatively well correlated within each 

environment. Traits with low R2
across could be explained by low R2

within and rank changes among 

the checks in distributions. Zinc, for example, had substantial within-trial heterogeneity in 

22THD in addition to the rank ordering of the RP and checks being inconsistent between 

environments (Figure 4.1; Appendix Table C.3). Low R2
across could likewise be explained by 

directional differences in effects between environments. The low R2
across for Se, for example, is 

consistent with its relatively large negative environment effect in 21THD (-0.188) and positive 

effect in 23THD (0.102; Table 4.1). Although minimally observed in the BLUP distribution, 

WILs have a positive tail for Se grain concentration, most pronounced in 23THD, with the RP 

and all the checks in the lower half of the distribution (Figure 4.1). In contrast, elements with 
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relatively high R2
across and comparably high R2

within were generally consistent in the distributional 

rankings between environments (e.g., Mo, Mg). 

The strongest BLUE correlations were observed for elements involved in vascular 

activity (Appendix Figures C.1-C.3), K~Rb (0.72 and 0.71 in 21 and 22THD, respectively) and 

Ca~Sr (0.73 in 23THD). Consistent with the rest of the ionome, R2
within was notably low for K, 

Rb, Ca, and Sr in 22THD (0.02-0.16), but was reasonably high in 21THD (0.25-0.57) and 

23THD (0.38-0.53). The largest positive environment effect across the ionome was observed for 

Rb in 23THD (0.646); Sr also had a relatively large environment effect in 23THD (0.232). 

Distributions of K and Rb BLUEs were consistent with the corresponding BLUP distributions, 

with negative tails observed for the WILs in each environment (Figure 4.1). Consistent with less 

obvious distributional skews in the WILs for Sr and Ca BLUPs, BLUE distributions for Sr and 

Ca differed in terms of rank changes among checks and direction of skew, when present. For Sr, 

the RP was higher than all checks in 23THD but intermediate among checks in 21 and 22THD; 

most WILs fell below the RP in 23THD, whereas in 21 and 22THD the RP and checks tended to 

fall in the middle or upper part of the distribution. Calcium showed a modest positive tail in 

22THD and a negative tail in 23THD, with the RP above most WILs in 23THD but closer to the 

distribution center in 21 and 22THD. 

The negative distributional skew in the WILs for As BLUPs persisted through the BLUE 

distributions, with the strongest skew in 23THD (Figure 4.1). Consequently, As had a relatively 

large negative environment effect in 23THD (-0.201; Table 4.1). Arsenic also had relatively high 

R2
within in 21 and 23THD (0.44 and 0.45, respectively; Appendix Table C.3).  
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Figure 4.1. Distributions of ionomic traits in TdGD Pop80 within and across environments 

Environment-specific facets are based on BLUEs, while the across-environment facet represents BLUPs. Colored 

vertical lines indicate the recurrent parent (RP=KS061278M-4) and performance checks (C1=Billings, C2=Joe, 

C3=Showdown, C4=SY Monument). Gray shaded areas represent the RP’s approximate 95% confidence intervals 

for BLUEs and prediction intervals for BLUPs, calculated as each estimate ± 2 standard errors. Plots were generated 

in R using the ggplot2 package (Wickham, 2016). 

Multivariate relationships among traits 

Hierarchical clustering was used to place the grain ionome within the broader 

multivariate phenotypic structure of TdGD Pop80. Cluster assignments were evaluated by 

cutting the same dendrogram at k = 2, 3, 4, and 5 clusters (Appendix Figure C.4).  

At the broadest partition, k = 2 separated the trait set into two major clusters. One cluster 

contained grain yield (GY), tiller count (TC), normalized difference vegetation index (NDVI), 

green reflectance (GR), grain fill period (GFP), test weight (TW), protein quality score (PQS), 

and solvent retention capacity (SRC). Within this cluster, PQS and SRC merged at the smallest 

correlation distance, consistent with the derivation of PQS from SRC (Chapter 3). The second 
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major cluster contained the remaining traits, including grain protein traits, kernel size traits, plant 

height, maturity traits, and all measured grain elemental concentrations. 

 

Figure 4.2. Pearson correlations among BLUPs for ionomics traits in TdGD Pop80 WILs 

Values within each cell represent the correlation coefficient, with color indicating both magnitude (darker = 

stronger) and direction (orange = negative, purple = positive). Correlations were computed and visualized in R using 

the corrplot package (Wei & Simko, 2024). 
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When the dendrogram was partitioned at k = 3, GFP and GR separated from the broader 

GY-related cluster and formed a distinct module. These two traits were retained within the same 

major cluster as GY, TC, NDVI, TW, PQS, and SRC at k = 2, but they merged with that group 

only at a larger correlation distance. This indicates that GFP and GR shared some similarity with 

the broader GY trait group, but were less closely related to the other traits in that cluster than 

those traits were to one another.  

At k = 4, the larger cluster containing grain protein, kernel morphology, plant height, 

maturity, and ionomic traits separated into two modules. One group contained grain protein 

(GP), grain protein deviation (GPD), kernel size traits, and a subset of the ionome, including Se, 

Cd, Zn, Mo, Mn, Mg, P, Fe, and Cu. Kernel length (KL), kernel width (KW), thousand kernel 

weight (TKW), and kernel area (KA) merged at relatively small correlation distances, indicating 

the close relationships among kernel morphology traits. Grain protein and GPD also clustered 

within this group, as did several micro- and macronutrients that were positively correlated in the 

phenotypic analysis of the ionome (Figure 4.2).  

The second group formed at k = 4 contained Al, B, Na, Co, Ni, Ca, Sr, As, K, Rb, plant 

height (PH), heading date (HD) and senescence date (SD). Within this cluster, K and Rb merged 

at a small correlation distance, as did Ca and Sr. Heading date and SD also merged with one 

another before joining PH and the surrounding elemental traits. Thus, this cluster contained both 

developmental traits and a subset of elements that showed more similar patterns of co-variation 

with maturity and PH than to the protein, kernel, and highly correlated micronutrient group. 

When the dendrogram was partitioned at k = 5, Al, B, and Na separated from the PH, 

maturity, and partial ionome cluster to form a separate module. These three elements had their 

strongest ionomic correlations with each other (Figure 4.2), although each was characterized by 
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low R2
across. They also showed similar directions of environmental effects in each environment, 

with negative effects in 21THD and positive effects in 22 and 23THD (Table 4.1).  

Overall, the dendrogram showed that ionomic traits did not cluster as a single unified trait 

class. Instead, different subsets of the grain ionome aligned with distinct portions of the broader 

Pop80 phenotypic structure (Appendix Figure C.4).  

Genome-wide association 

Table 4.2. GWAS results summary for ionomics using BLUPs 

For each significant association, the chromosome (Chr), physical position in Mb (Pos), trait, model, MAF, and 

estimated marker effect are reported. Marker effects are relative to a standard normal distribution. Allelic 

information includes the allelic states of the RP and donor parents (Don), as well as the alleles associated with the 

lower (L) and higher (H) mean phenotypic values among genotype classes. Genotype_class columns report the 

number of WILs carrying the RP allele (WIL_RP) or the donor allele (WIL_Don) at the marker locus. Donor 

direction (DonDir) indicates whether the donor allele increases or decreases the trait value. Donor allele proportion 

within the 1 Mb genomic bin containing the marker (DonProp) represents the average proportion of donor alleles 

across WILs in that genomic region. NA indicates cases where parental alleles could not be unambiguously 

assigned. 

Chr Pos Trait Model MAF Effect 
Allele Genotype_class 

DonDir DonProp 
RP Don L H WIL_RP WIL_Don 

5A 572.40 As BLINK 0.23 -0.13 C T C T 177 53 Increase 0.21 

1A 550.30 Ca BLINK 0.11 -0.09 NA NA T C NA NA NA 0.20 

5A 608.88 Ca BLINK 0.44 0.08 C T C T 103 129 Increase 0.24 

5D 502.03 Ca BLINK 0.10 0.12 C T T C 200 13 Decrease 0.02 

7A 30.13 Ca BLINK 0.15 0.10 A G G A 191 28 Decrease 0.09 

5A 608.88 Ca MLMM 0.44 0.07 C T C T 103 129 Increase 0.24 

4B 28.23 Cd BLINK 0.09 -0.28 G T G T 208 16 Increase 0.06 

3D 29.89 Co BLINK 0.37 -0.12 T C C T 85 145 Decrease 0.30 

3D 29.89 Co MLM 0.37 -0.12 T C C T 85 145 Decrease 0.30 

3D 29.89 Co MLMM 0.37 -0.13 T C C T 85 145 Decrease 0.30 

1A 323.90 Fe BLINK 0.11 -0.22 A G A G 195 15 Increase 0.14 

2A 686.70 Fe BLINK 0.36 -0.12 NA NA G T NA NA NA 0.02 

2D 27.46 Fe BLINK 0.10 0.22 T C C T 193 9 Decrease 0.02 

3D 31.69 Fe BLINK 0.38 0.14 NA NA C T NA NA NA 0.31 

4B 34.72 Fe BLINK 0.06 -0.38 C T C T 209 6 Increase 0.05 

1A 62.48 Mg BLINK 0.07 -0.19 NA NA A G NA NA NA 0.16 

1A 323.90 Mg BLINK 0.11 -0.12 A G A G 195 15 Increase 0.14 

4B 19.74 Mn BLINK 0.22 -0.20 NA NA G A NA NA NA 0.10 

4B 614.28 Mn BLINK 0.06 -0.35 G A G A 211 7 Increase 0.02 

5A 502.58 Mn BLINK 0.13 0.21 T C C T 184 13 Decrease 0.11 
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5B 572.39 Mn BLINK 0.10 -0.29 A G A G 206 20 Increase 0.04 

1A 508.84 Mo BLINK 0.42 -0.14 T C T C 130 94 Increase 0.32 

2A 727.62 Mo BLINK 0.47 -0.14 C A A C 100 115 Decrease 0.37 

3A 507.13 Mo BLINK 0.12 0.22 A G G A 195 17 Decrease 0.09 

4A 662.20 Mo BLINK 0.12 -0.24 T C T C 194 16 Increase 0.02 

4B 36.71 Mo BLINK 0.28 -0.15 NA NA G A NA NA NA 0.10 

6B 615.99 Mo BLINK 0.08 -0.27 NA NA A G NA NA NA 0.23 

7D 226.12 Mo BLINK 0.10 -0.25 T C T C 206 19 Increase 0.01 

2B 244.88 Ni BLINK 0.15 -0.19 G A G A 192 29 Increase 0.18 

2D 609.48 Ni BLINK 0.45 -0.13 NA NA G A NA NA NA 0.01 

7A 27.66 Ni BLINK 0.12 0.17 NA NA A G NA NA NA 0.08 

7A 266.64 Ni BLINK 0.23 -0.15 NA NA C T NA NA NA 0.27 

1D 10.54 Rb BLINK 0.11 0.18 T C C T 204 21 Decrease 0.12 

2B 45.55 Rb BLINK 0.05 -0.38 NA NA A C NA NA NA 0.31 

2B 45.55 Rb MLM 0.05 -0.36 NA NA A C NA NA NA 0.31 

2B 63.85 Rb MLM 0.05 -0.32 A C A C 215 7 Increase 0.08 

2B 65.23 Rb MLM 0.05 -0.34 NA NA A G NA NA NA 0.34 

2B 45.55 Rb MLMM 0.05 -0.35 NA NA A C NA NA NA 0.31 

7A 47.04 Se MLMM 0.38 -0.05 NA NA G A NA NA NA 0.05 

2B 63.85 Sr BLINK 0.05 -0.23 A C A C 215 7 Increase 0.08 

7B 602.08 Sr BLINK 0.05 -0.26 NA NA T G NA NA NA 0.03 

 

Significant associations for ionomic traits frequently colocalized with loci identified for 

agronomic and kernel traits (Chapter 3). On the short arm of chromosome 2B, a high confidence 

association for Rb coincides with the identified significant locus for HD and SD, with BLUP 

associations for Rb spanning 45.55-65.23 Mb (Table 4.2; Figure 4.3). A marker at 63.85 Mb is 

also associated with Sr, and for all three traits (SD, Rb, Sr), the donor allele is associated with 

increased trait values (Table 4.2; Chapter 3).  

A second region of overlap occurs on chromosome 3D, where a high confidence Co 

association at 29.89 Mb is detected across MLM, MLMM, and BLINK models (Table 4.2, 

Figure 4.4). This locus lies in close proximity to associations for TKW (30.24 Mb; Chapter 3) 

and Fe (31.69 Mb; Figure 4.5). The donor allele in this region is associated with decreased Co 
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and TKW, while the direction of effect for Fe is ambiguous in BLUPs but is negative in nearby 

BLUE associations (Appendix Table C.4).  

   

Figure 4.3. GWAS Manhattan plots for vascular transport proxy elements, overlaid with 

mean donor proportions in TdGD Pop80 

Significant associations for Rb and Sr BLUPs are shown. In each panel, the upper track displays the average donor 

allele proportion across WILs in 1 Mb bins along each chromosome, while the lower track shows the corresponding 

Manhattan plot of GWAS results. Horizontal dashed lines indicate the significance threshold determined using a 

false discovery rate (FDR) of 0.05.  

  

 

Figure 4.4. GWAS Manhattan plots for trace elements, overlaid with mean donor 

proportions in TdGD Pop80 

Significant associations for Co, Ni, and Se BLUPs are shown. In each panel, the upper track displays the average 

donor allele proportion across WILs in 1 Mb bins along each chromosome, while the lower track shows the 

corresponding Manhattan plot of GWAS results. Horizontal dashed lines indicate the significance threshold 

determined using a false discovery rate (FDR) of 0.05.  
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Figure 4.5. GWAS Manhattan plots for metabolic micronutrients, overlaid with mean 

donor proportions in TdGD Pop80 

Significant associations for Fe, Mn, and Mo BLUPs are shown. In each panel, the upper track displays the average 

donor allele proportion across WILs in 1 Mb bins along each chromosome, while the lower track shows the 

corresponding Manhattan plot of GWAS results. Horizontal dashed lines indicate the significance threshold 

determined using a false discovery rate (FDR) of 0.05. 

Pleiotropy is also observed on the short arm of chromosome 4B, encompassing the Rht-

B1 region (19.74-36.71 Mb). This interval contains BLUP associations for multiple agronomic, 

yield, kernel, and ionomic traits, including PH, KL, NDVI, GY, Mn, Cd, Fe, and Mo (Table 4.2; 

Figures 4.5-4.6; Chapter 3). Environment-specific BLUEs further support this region, with Cu 

associations detected in 23THD and Se associations in 21THD at 38.79 Mb (Appendix Table 

C.4). On the long arm of chromosome 4B, an additional Mn BLUP association at 614.28 Mb – 

where the donor allele increases trait values – coincides with a region significant for KA, KW, 

TKW, TC, along with nearby Fe BLUE associations at 634.32 Mb (Table 4.2; Figure 4.5; 

Appendix Table C.4; Chapter 3).  
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Figure 4.6. GWAS Manhattan plot for Cd BLUPs overlaid with mean donor proportion in 

TdGD Pop80 

The significant Cd association detected by BLINK is shown. The upper track displays the average donor allele 

proportion across WILs in 1 Mb bins along each chromosome, while the lower track shows the corresponding 

Manhattan plot of GWAS results. Horizontal dashed lines indicate the significance threshold determined using a 

false discovery rate (FDR) of 0.05.  

  

Figure 4.7. GWAS Manhattan plots for structural macronutrients, overlaid with mean 

donor proportions in TdGD Pop80 

Significant associations for Mg and Ca BLUPs are shown. In each panel, the upper track displays the average donor 

allele proportion across WILs in 1 Mb bins along each chromosome, while the lower track shows the corresponding 

Manhattan plot of GWAS results. Horizontal dashed lines indicate the significance threshold determined using a 

false discovery rate (FDR) of 0.05.  

Additional overlap between ionomic and other trait groups is evident on chromosome 2A, 

where Fe (686.70 Mb) and Mo (727.62 Mb) associations occur near a major kernel trait and GP 
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locus on the long arm (Table 4.2; Figure 4.5; Chapter 3). Molybdenum also exhibits pleiotropic 

associations on chromosomes 4A (662.20 Mb) and 6B (615.99 Mb), the latter coinciding with a 

region harboring nearby Fe signals in 21THD BLUEs (Table 4.2; Appendix Table C.4).  

On chromosome 1A, a broad interval spanning 323.90-568.47 Mb contains BLUP 

associations for multiple elements, including Fe, Mg, Mo, and Ca, as well as BLUE associations 

for Sr and P in 23THD (Table 4.2; Figures 4.5, 4.7; Appendix Table C.4). This region also 

overlaps loci significant for GR and GR_milk BLUPs, along with stage-specific GR and NDVI 

BLUE associations (Chapter 3).  

Additional ionomic associations are distributed across other chromosomes, including 

chromosome 7A (Ni at 27.66 Mb, Ca at 30.13 Mb, and Se at 47.04 Mb) and the distal long arm 

of chromosome 5A, where BLUP associations for Ca (608.88 Mb), Mn (502.58 Mb), and As 

(572.40 Mb) colocalize with regions controlling GR (overall and separated by growth stage) and 

kernel size traits (Table 4.2; Figures 4.4, 4.7; Chapter 3). 

Discussion 

Impact of wild emmer introgression on grain ionomic variation 

The objective of this research was to determine whether amphiploid bridge-mediated 

introgression from wild emmer contributed useful variation for grain elemental traits in an 

adapted hexaploid wheat background. Overall, the results indicate that introgression altered grain 

ionomic composition, albeit with directional variation that cannot be interpreted as uniformly 

beneficial. WILs generally exceeded the RP and performance checks for a broad group of 

correlated elements, including Fe, Zn, Mn, Mg, Mo, Cu, Cd, and P. WIL distributions suggest 

that allelic variation increased the range of grain elemental concentrations available in this 

population, consistent with previous reports that wild emmer harbors substantial diversity for 
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grain nutritional traits (Cakmak et al., 2004; Chatzav et al., 2010; Distelfeld et al., 2007; 

Fatiukha et al., 2020b; Liu et al., 2021; Pandey et al., 2016; Peleg et al., 2008b, 2009a; Xie & 

Nevo, 2008).  

The positive correlations among Fe, Zn, Mn, Mg, Mo, Cu, Cd, and P suggest that this 

portion of the ionome is influenced by shared physiological processes controlling nutrient 

uptake, remobilization, and grain deposition. From a breeding perspective, this is both useful and 

limiting. The presence of WILs with elevated Fe, Zn, Mn, Mg, and Mo demonstrate that the 

population contains transgressive variation for beneficial grain mineral traits; however, the 

correlated elevation of Cd and P means that simple selection for increased micronutrient 

concentration could inadvertently increase undesirable components. While Cd is directly toxic, P 

is being interpreted as an indirect indicator, rather than a direct measurement, of phytic acid. This 

pattern suggests that future selection would need to consider mineral concentration along with 

bioavailability, rather than treating elevated total concentrations as inherently favorable.  

These results support the value of evaluating the ionome as a multivariate trait system. If 

the goal is biofortification or nutritional improvement, then the most useful WILs are not 

necessarily those with the highest absolute concentration of any single beneficial element. 

Instead, the more valuable materials may be those that partially decouple favorable and 

unfavorable relationships, such as WILs with increased Fe, Zn, Mn, or Mo without 

corresponding increases in Cd or excessive P. Identifying these favorable deviates is precisely 

where introgression populations may be most useful. Even if the average effect of introgression 

is not uniformly favorable, the expanded segregation created by wild-derived haplotypes 

increases the likelihood of recovering rare combinations of alleles that would otherwise be 

difficult to observe with precision in a set of germplasm with a narrower base of trait diversity. 
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In contrast to the broad group of metabolic and micronutrient elements, K/Rb and Ca/Sr 

formed distinct correlated pairs and showed a different relationship to broad effects of 

introgression. Rb and K were strongly correlated, as were Sr and Ca, consistent with their 

chemical similarities and their interpretation as proxy indicators of phloem and xylem transport, 

respectively (Seregin & Kozhevnikova, 2004; Shtangeeva et al., 2011; Zeller & Feller, 2000). 

WIL distributions for K and Rb were generally shifted downward relative to the checks, and Ca 

and Sr also showed evidence that many WILs accumulated less than the RP or highest checks in 

some environments.  

The relative dearth in existing literature regarding grain Rb and Sr concentrations in 

wheat make these patterns particularly interesting. Nonetheless, Rb and Sr should not be 

interpreted as direct measurements of phloem and xylem flux; they are proxy elements whose 

accumulation may reflect transport, uptake tissue partitioning, and environmental availability. 

Therefore, the lower Rb/K and Sr/Ca patterns in WILs should be interpreted cautiously as 

indication of altered transport-associated elemental accumulation, not as direct proof of reduced 

vascular transport. Still, the separation of these elements from the Fe-Zn-Mn-Mg-Mo-Cu-P-Cd 

group suggests that different physiological or developmental processes shape different portions 

of the grain ionome.  

Integration of the grain ionome with broader phenotypic performance 

The full trait dendrogram provided important context for interpreting the grain ionome 

relative to the broader Pop80 phenotype set. Ionomic traits did not cluster as a single group, 

instead, different subsets of elements aligned with different phenotypic modules. The highly 

correlated group containing Fe, Zn, Mn, Mg, Mo, Cu, P, Cd, and Se clustered with GP, GPD, 

and kernel size traits. This supports the interpretation that these elements are tied to grain 
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composition and kernel development rather than representing an independent nutritional 

phenotype. The association of this ionomic group with GP and kernel morphology may partly 

reflect variation in kernel tissue proportions. Because many mineral elements are concentrated in 

the aleurone and embryo, whereas the starchy endosperm constitutes most kernel volume, 

differences in the ratio between kernel surface area and volume, along with relative embryo size, 

could influence whole grain mineral and protein concentrations (De Brier et al., 2015, 2016; 

Singh et al., 2013). Image-based quantification of kernel shape and embryo area, ideally 

combined with cross-sectional imaging of aleurone, embryo, and endosperm proportions, could 

determine whether anatomical differences underlie these relationships. 

A second ionomic group, containing K, Rb, Ca, Sr, As, Co, Ni, B, Na, and Al clustered 

more closely with PH and maturity traits. Within this group, K/Rb and Ca/Sr formed close 

subclusters, consistent with their interpretation as transport-associated elemental pairs. The 

clustering of HD and SD with this group suggests that developmental timing may influence final 

grain concentrations for these elements, either through effects on the timing and duration of 

nutrient uptake (Distelfeld et al., 2007; Uauy et al., 2006) or exposure to drought during key 

reproductive stages. This pattern is suggestive that phenology is correlated specifically with this 

portion of the ionome, especially under the drought stressed environments in which the WILs 

were evaluated.  

The yield-related cluster containing GY, TC, NDVI, TW, PQS, and SRC was largely 

separate from ionomic traits. This separation is consistent with yield dilution and with the 

broader challenge of combining high yield and high mineral concentration (Guttieri et al., 2015b; 

Miner et al., 2022, 2024; Monasterio & Graham, 2000; Perrier et al., 2016). At the same time, 

the clustering of PQS and SRC with the yield-related cluster rather than with GP and the 



222 

metabolic ionome suggests that functional quality in this population was more closely aligned 

with drought-adapted performance and grain filling than with protein concentration alone (Singh 

et al., 2012; Yang et al., 2023). Thus, the dendrogram supports the major theme that performance 

cannot be interpreted on a single trait basis without considering correlated suites of phenotypes 

and the conditions under which they were collected.  

Marker-trait associations for the grain ionome and colocalizations with related 

traits 

The GWAS results further support the conclusion that grain elemental accumulation is 

integrated with broader developmental and physiological processes. Ionomic associations 

frequently colocalized with genomic regions associated with maturity, plant height, yield 

components, or functional quality. Because GWAS identifies marker-trait associations based on 

linkage disequilibrium, these overlaps cannot distinguish pleiotropy from linkage (Lander & 

Schork, 1994; Platt et al., 2010; Tibbs Cortes et al., 2020). However, the repeated coincidence of 

ionomic signals with other trait classes suggests that genomic regions in Pop80 may jointly 

influence developmental timing, biomass production, grain filling, kernel morphology, nutrient 

remobilization, and grain ionomic composition.  

The chromosome 2B region near Ppd-B1 is one of the clearest examples. Associations for 

Rb and Sr colocalized with maturity-related associations described in Chapter 3, and the donor 

allele at the shared Rb/Sr marker was associated with increased concentration. Since Ppd-B1 

affects photoperiod response and maturity timing, a conservative interpretation is that this region 

may influence Rb and Sr accumulation indirectly through altered developmental timing. Changes 

in heading or senescence can affect the timing of nutrient uptake, the duration of grain filling, 

and the environmental conditions experienced during grain deposition (Bagci et al., 2007; 
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Cakmak et al., 1996; Hu et al., 2006; Miner et al., 2024; Singh et al., 2012). Under drought, these 

timing differences may be especially important because water limitation constrains nutrient 

mobility and vascular transport. Therefore, the Rb/Sr signal near Ppd-B1 is likely to reflect the 

interaction of phenology, transport-associated accumulation, and drought response. Notably, a 

similar Rb/Sr association has been reported previously (Yu et al., 2021). Interestingly, this 2B 

association for Rb and Sr provide a useful counterpoint to the overall distributional trend. 

Although many WILs had lower concentrations of these elements, that the donor allele for these 

associations conferred increased concentrations indicates that population-level effect of 

introgression and the locus-specific effect of particular donor alleles are not equivalent.  

A similar interpretation applies to the 4B region encompassing Rht-B1. This interval was 

associated with PH, NDVI, GY, KL, and multiple ionomic traits, including Mn, Cd, Fe, Mo, and, 

in some environments, Cu and Se. The broad trait overlap is biologically plausible because PH 

affects canopy structure, biomass allocation, harvest index, grain filling, and nutrient 

remobilization (Bacher et al., 2021; Ihsan et al., 2016; Jobson et al., 2018; Liu et al., 2017; Peleg 

et al., 2005; Velu et al., 2017; Wang et al., 2017). From a breeding standpoint, the 4B region is 

important because it illustrates how loci already central to adaptation and plant architecture may 

also influence the ionome, either directly or through correlated effects on growth and grain 

development.  

Chromosome 4B also contained a second notable region on the long arm, where a Mn 

association coincided with associations for KA, KW, TKW, and TC (Chapter 3). In addition to 

the hypothesis that this region affects biomass, kernel traits, and effective tiller number under 

heat stress during post-anthesis development (Chen et al., 2021; Deng et al., 2011; Guan et al., 
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2018; H. Li et al., 2024; Xie et al., 2016), the Mn association on 4BL has also been reported 

previously (Bhatta et al., 2018).  

The 5AL region provides another example of ionomic associations occurring within a 

broader performance hotspot. In this population, Ca associations on 5A colocalized with NDVI, 

GR, and kernel size traits described in Chapter 3. Although, the region overlaps with the major 

vernalization locus Vrn-A1, segregation at Vrn-A1 was limited in Pop80 due to low minor allele 

frequency, suggesting that the observed 5AL associations may not be attributable solely to Vrn-

A1. This is additionally supported by previous reports of separation of vernalization effects from 

biomass and yield components and proposition of additional candidate loci in the interval (Bag et 

al., 2026; Begum et al., 2020; Shi et al., 2017). Previous reports of Ca associations in the same 

general region, along with hypothesized cation-transporter candidates, further support the idea 

that 5AL represents a multi-trait hotspot affecting biomass, kernel development, and ion 

accumulation in concert (Alomari et al., 2017; Alqudah et al., 2025). 

Another hotspot occurred on chromosome 6B, with a Mo association overlapping with 

multiple yield, kernel, and functional quality traits. Chapter 3 suggested this region as broadly 

influencing grain size and composition through nitrogen uptake or partitioning dynamics (Garcia 

et al., 2019; Habash et al., 2007; Katz et al., 2022; Manjunath et al., 2024; Muhu-Din Ahmed et 

al., 2020; Narjesi et al., 2015; Schmidt et al., 2020; Sukumaran et al., 2018). The Mo association 

supports this inference in the context of previous reports of pleiotropic elemental associations on 

6BL (Joukhadar et al., 2025) and the documented role of Mo in nitrogen metabolism (Rana et al., 

2025; Watanabe et al., 2022a, 2022b).  

An additional genomic region of overlap with kernel traits and GP lies on chromosome 

2AL, where BLUP associations were detected for Fe and Mo. The signal for Fe peaked close to 
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the GP signal, whereas the Mo signal peaked downstream of the remaining colocalized 

associations. The Mo association in this region has been hypothesized as a candidate for a 

molybdate transporter or molybdopterin biosynthesis protein (Jin et al., 2022). Additionally, the 

Fe association has been reported previously (Alomari et al., 2019; Bashir et al., 2025; Peleg et 

al., 2009a). TaVIT1-2A is relevant to regional interpretation due to its role in Fe transport, 

although it maps substantially upstream of the Fe association detected here and is therefore less 

compelling as a direct positional candidate (Borrill et al., 2014; Connorton et al., 2017). Previous 

2A Fe studies have also proposed NAC transcription factors or transmembrane proteins as 

candidates in nearby intervals (Alomari et al., 2019; Peleg et al., 2009a), and this is especially 

interesting because NAC-regulated remobilization could plausibly connect Fe, GP, senescence 

dynamics, and grain filling (Uauy et al., 2006).  

Another ionomic hotspot occurred on chromosome 1AL, where Fe, Mg, Mo, and Ca 

associations colocalized. Prior literature supports chromosome 1A effects for Fe, Mg, and Ca 

(Cu et al., 2020; Fatiukha et al., 2020b; Ma et al., 2023; Nagi et al., 2025; Srinivasa et al., 2014), 

and 1A has also been implicated in grain phytic acid variation (Fatiukha et al., 2020b; Wen et al., 

2022). Because phytic acid complexes several of these minerals, including Fe, Mg, and Ca, 

overlap between ionomic associations and previously reported phytic acid loci is biologically 

reasonable (Fatiukha et al., 2020b; Frittelli et al., 2023; Guttieri et al., 2015b; Peleg et al., 

2009a). In contrast, the Mo signal on 1AL appears unsupported by previous reports and may 

represent a novel signal.  

The distal long arm of chromosome 4A may carry another novel Mo signal, given the 

lack of prior documentation in terms of positional overlap. The colocalization of TW and KW in 

this region (Chapter 3), along with the repeated colocalization of Mo with kernel traits further 
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emphasizes the role of Mo in metabolic and physiologic processes contributing to grain 

development.  

Chromosome 7AS contained another set of notable associations, with signals for Ni, Ca, 

and Se colocalizing with NDVI. Although the NDVI signal is consistent with the 

characterization of 7AS as a hotspot for biomass-related traits, the ionomic associations are not 

especially well documented, although Potapova et al. (2023) reported a nearby locus associated 

with multiple elemental concentrations, including Ca. 

Collectively, these GWAS results indicate that the grain ionome in Pop80 can be 

localized to genomic regions already implicated in phenology, plant stature, canopy 

performance, kernel morphology, grain protein, or functional quality. This pattern is consistent 

with the phenotypic clustering results, where ionomic traits separated into different modules 

rather than clustering as one unified trait class. For breeding, the key implication is that selection 

for ionomic traits will likely have correlated effects on broader performance; therefore, marker-

trait associations for the ionome should be interpreted in the context of multivariate variation 

rather than as independent nutritional loci.  

Limitations and complications for interpretation 

Several features of the grain ionomics data complicate interpretation. Elemental values 

were measured as concentrations, directly quantifying the amount of each analyte per unit grain 

mass. In that sense, they do not distinguish whether higher concentration reflects greater nutrient 

uptake, more efficient remobilization, altered partitioning to the grain, or reduced dilution by 

grain biomass. Therefore, targeted future research is warranted to better dissect the dynamics in 

individual WILs between elemental acquisition, grain yield, and kernel size. Additionally, 

collection of samples for ionomic profiling across different plant tissues and developmental 
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timing, although labor intensive, would posit a more thorough understanding of the aspects of the 

wheat ionome in Pop80.  

Environmental sensitivity further complicates interpretation. Although restricting 

ionomic profiling to a single research site reduced broad geographic heterogeneity, the three 

years differed substantially in drought timing and intensity. The low R2 observed for multiple 

elements, especially in the most drought stressed environment, highlights the way water 

availability can restrict nutrient mobility in the soil, reduce mass flow and diffusion to the root 

surface, and limit uptake or remobilization during reproductive development (Bagci et al., 2007; 

Cakmak et al., 1996; Hu et al., 2006; Miner et al., 2024; Singh et al., 2012). A useful contrast is 

the observation that the environment with the highest water availability during key growth 

stages, supporting greater yield potential, made yield dilution a plausible contributor to the 

generally negative environmental effects observed in that year. However, this pattern was not 

universal across the ionome, as Rb and Sr showed positive environmental effects in 23THD. 

Thus, final grain elemental concentrations likely reflect interacting effects of drought timing, 

grain biomass, developmental duration, nutrient availability, and element-specific transport or 

partitioning.  

Some interpretations also rely on indirect indicators rather than direct physiological 

measurements. Total grain P was interpreted in relation to phytic acid given the large proportion 

of stored grain P as phytate (Cabas-Lühmann et al., 2023; Fatiukha et al., 2020b; Guttieri et al., 

2015a; Miner et al., 2022; Peleg et al., 2009a), but phytic acid itself was not measured. 

Therefore, elevated P should be treated as a potential anti-nutritional concern rather than as 

direct evidence of increased phytate concentration. Similarly, Rb and Sr were interpreted as 

proxy elements for vascular transport, however, their concentrations do not directly measure 
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phloem or xylem flux. Their accumulation may reflect differences in uptake, transport, tissue 

partitioning, grain loading, or environmental availability. Consequently, the lower K/Rb and 

Ca/Sr patterns observed in many WILs should be interpreted as altered transport-associated 

elemental accumulation, not as direct evidence of reduced vascular transport.  

The GWAS results should be interpreted with similar caution. Marker-trait associations 

identify genomic intervals correlated with phenotypic variation, not causal loci. Colocalization 

between ionomic associations and loci for maturity, plant height, canopy traits, kernel 

morphology, grain protein, or functional quality may reflect pleiotropy, close linkage, shared 

haplotype structure, or correlated phenotypic responses. These overlaps are nonetheless 

meaningful in the context of characterized impacts of broader phenotypic structure on the 

ionome. 

Future work should therefore target validation of the most promising phenotypic and 

genomic signals in ways that disentangle nutrient accumulation from yield dilution, correlated 

performance effects, and potential increases in toxic elements. Among the genomic regions 

identified in this research, the chromosome 2B associations appear especially worthy of further 

study. The region near Ppd-B1, including the overlapping maturity and Rb/Sr associations, raises 

particularly interesting questions about the relationship between developmental timing and 

vascular transport under drought. Future work could test whether the Rb/Sr association is stable 

across different drought scenarios, whether it reflects altered uptake versus altered 

remobilization, or whether it’s merely a consequence of phenotypic correlation outside of direct 

regulation of grain concentrations. Finally, targeted evaluation of recombinants carrying 

favorable donor introgression at major multi-trait regions would help determine whether 



229 

beneficial ionomic effects can be retained without otherwise unacceptable penalties for maturity, 

yield, or kernel traits.  

Breeding implications and conclusions 

The results of this chapter indicate that amphiploid bridge-mediated introgression from 

wild emmer can expand grain ionomic variation in an adapted hexaploid wheat background. The 

breeding value of the ionomic variation observed in Pop80 lies less in identifying WILs with 

uniformly superior elemental profiles and more in demonstrating that wild emmer introgression 

can generate new, selectable combinations of grain elemental traits. The WILs expanded 

variation for several beneficial mineral elements, but this variation occurred within a correlated 

ionomic system and relationships with maturity, yield components, and functional quality. For 

breeding, the relevant target is a balanced profile combining increased beneficial elements with 

low toxic element accumulation, limited anti-nutritional risk, acceptable yield, and acceptable 

end-use quality.  

The marker-trait associations identified here provide a starting point for that type of 

selection, but they are best viewed as prioritization tools rather than immediately deployable 

breeding markers. Additionally, contrasts in average distributional effects of wild introgression 

and locus-specific effects of individual donor alleles highlight the central breeding value of 

introgression populations as allowing unfavorable background effects to be broken apart from 

favorable donor alleles through recombination and selection.  

Overall, this research demonstrates that wild emmer introgression altered the grain 

ionome in ways that are both promising and complex. Although the grain ionome cannot be 

interpreted as a single trait class or improved through simple directional selection, introgression 

provides useful selectable variation for identifying recombinant lines with ionomic profiles 
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outside of what is captured by a current set of elite breeding germplasm. Ultimately, the ionome 

should be treated as a multivariate, environmentally sensitive component of breeding value in the 

aim to combine favorable nutritional profiles with acceptable yield, regional adaptation, and 

grain filling dynamics. 
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Chapter 5 - Multi-trait index selection of amphiploid bridge-derived 

wild emmer introgression lines for wheat improvement 

Abstract 

Wheat wild relatives provide valuable allelic and trait diversity for breeding germplasm 

improvement, but ploidy barriers, yield disadvantage, and multivariate tradeoffs among 

quantitative traits constrain their use. This research evaluated whether yield-weighted multi-trait 

index selection could identify useful germplasm following introgression of wild emmer wheat 

(Triticum dicoccoides) using a wheat-Aegilops tauschii amphiploid bridge species. A population 

of 279 BC2 introgression lines was evaluated across six rainfed Kansas environments for 

agronomic, yield and kernel component, functional quality, and ionomic traits. Across-

environment performance for grain yield and seven complementary target traits were integrated 

using a modified grain yield by trait index that maintained primary emphasis on yield. Eighty-

two introgression lines exceeded the elite recurrent parent, but only KSTdGD80-175 and 

KSTdGD80-55 exceeded all four performance checks, illustrating the rarity of favorable 

recombinant deviates. KSTdGD80-175 ranked first for both grain yield and the overall index and 

performed stably across environments. KSTdGD80-55 ranked second because favorable stature, 

tillering, kernel, protein, and functional quality characteristics complemented its competitive 

yield. Genomic characterization identified distinct wild emmer-derived A and B subgenome 

introgressions and Ae. tauschii-derived D subgenome introgressions in both lines. These results 

demonstrate the value of large populations and index selection for recovering rare, 

agronomically competitive introgression germplasm. The two lines provide characterized 

resources for targeted crossing and validation of wild relative variation across genetic 

backgrounds and environments.   
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Introduction 

Sustained genetic gain in wheat depends on maintaining sufficient allelic diversity to 

respond to changing production environments and breeding priorities. Polyploidization, 

domestication, and continued selection have narrowed portions of the trait and allelic diversity 

available within modern bread wheat (Triticum aestivum, AABBDD) breeding germplasm, 

prompting interest in the deliberate use of wheat wild relatives for germplasm improvement 

(Akhunov et al., 2010; Fu & Somers, 2009; Haudry et al., 2007). Wild emmer wheat (Triticum 

turgidum ssp. dicoccoides, AABB) is particularly valuable because it shares the A and B 

subgenomes of bread wheat, permitting transfer of donor alleles through homologous 

recombination (Boehm & Cai, 2024; Hao et al., 2020; Nyine et al., 2020; Qi et al., 2007). Wild 

emmer has been investigated as a source of diversity for disease resistance, developmental 

timing, biomass production, kernel characteristics, grain protein, functional quality, mineral 

composition, and adaptation to environmental stress (Chen et al., 2005; Distelfeld et al., 2007; 

Dreisigacker et al., 2008; Fu et al., 2009; Fu & Somers, 2009; Golan et al., 2015; Knott et al., 

2005; Lauterberg et al., 2022; Marais et al., 2005; Merchuk-Ovnat et al., 2016b; Nevo & Chen, 

2010; Peleg et al., 2005; Peng et al., 2000a, 2013; Reader & Miller, 1991; Sun et al., 1997; Uauy 

et al., 2005; Wang et al., 2018; Xie & Nevo, 2008; Xu et al., 2004). Consequently, its value 

extends beyond the transfer of individual major effect loci to the broader expansion of 

quantitative variation available for selection.  

The principal constraint to deploying wheat wild relative diversity is not necessarily the 

absence of valuable alleles, but the difficulty of converting those alleles into breeding value. 

Wild accessions lack the major domestication alleles conferring suitability for mechanical 

harvest and are not optimized for yield performance in target environments (Bohra et al., 2022; 
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Faris et al., 2003; Hao et al., 2020; Huang et al., 2003; Klindworth et al., 2013; Liu et al., 2006; 

Peleg et al., 2011; Peng et al., 2011; Simons et al., 2006; Tzarfati et al., 2014; Zhao et al., 2019). 

Introgression can also disrupt favorable linkage blocks and coadapted allele combinations 

assembled through long-term selection, while introducing linked donor alleles with undesirable 

effects. These challenges are especially relevant for quantitative traits, for which performance 

arises from many loci affecting developmental timing, biomass accumulation, resource 

partitioning, grain filling, and grain composition. The value of a donor allele may therefore 

depend on the recurrent background, the size and location of the surrounding introgression, and 

the environments in which it is evaluated (Huang et al., 2003; Klindworth et al., 2013; 

Lauterberg et al., 2022; Li et al., 2022; Merchuk-Ovnat et al., 2016a; Platten & Fritsche-Neto, 

2023; Shahin et al., 2024). Effective utilization of wild relatives requires an intermediate pre-

breeding phase in which donor diversity is recombined into adapted backgrounds, unfavorable 

characteristics are removed, and derived materials are characterized sufficiently to support 

subsequent selection and crossing.  

Several crossing strategies can be used to introduce diversity from the wheat secondary 

gene pool, but each presents different biological and practical constraints. Direct crosses between 

tetraploid wild emmer and hexaploid wheat are possible, although the resulting progeny can 

experience meiotic instability because the D subgenome chromosomes lack homologous pairing 

partners (Price et al., 2025a). Alternatively, synthetic hexaploid wheat can be created by crossing 

tetraploid wheat with Aegilops tauschii (DD), thereby recreating the genomic composition of 

bread wheat, but this approach represents a substantial reset from the cumulative adaptation of 

elite hexaploid germplasm (Cox et al., 2017; Katamadze et al., 2023; Warburton et al., 2006). 

The strategy evaluated here instead used a wheat-Aegilops tauschii synthetic octoploid 
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amphiploid as a bridge. These amphiploids were originally developed by crossing adapted 

hexaploid wheat with Ae. tauschii, followed by embryo rescue and chromosome doubling to 

retain complete chromosome complements from both parents (Dale et al., 2017; Nyine et al., 

2020). The amphiploids were subsequently crossed with wild emmer and the resulting progeny 

backcrossed to the elite hexaploid recurrent parent.  

The distinctive feature of this approach is that it repurposes an amphiploid developed for 

D subgenome introgression as a vehicle for introducing wild emmer diversity on the A and B 

subgenomes. The duplicated D subgenomes of the octoploid theoretically reduce the meiotic 

imbalance associated with direct tetraploid x hexaploid crossing. At the same time, the approach 

enables retention of Ae. tauschii-derived D subgenome diversity alongside wild emmer-derived 

A and B subgenome introgressions. Thus, unlike conventional synthetic hexaploid development, 

the strategy begins with an adapted hexaploid background; and unlike direct wild emmer 

crossing, it uses the amphiploid to support recovery of fully hexaploid progeny while potentially 

introducing diversity across all three subgenomes. Direct crossing and amphiploid bridge-

mediated approaches can produce broadly similar introgression landscapes (Chapter 2), but the 

bridge provides a biologically distinct route where suitable amphiploids have already been 

developed.  

Previous characterization of the resulting T. dicoccoides germplasm development 

(TdGD) populations established that this strategy generated mosaic donor haplotypes in an 

otherwise largely recovered recurrent parent background (Chapter 2). Across seven populations, 

wild emmer introgressions were retained throughout the A and B subgenomes, with lower but 

detectable Ae. tauschii contributions on the D subgenome. One population was subsequently 

selected for comprehensive evaluation because of its size and initial agronomic performance. 



235 

Wild introgression lines (WILs) were evaluated across environments for agronomic 

performance, yield and kernel components, functional quality, and ionomic traits (Chapters 3, 4). 

These analyses showed that the WILs expanded phenotypic variation relative to the recurrent 

parent and performance checks and generated transgressive individuals for individual traits. 

However, introgression also produced a population-wide yield disadvantage, environment-

dependent changes in maturity and grain filling, and tradeoffs among biomass production, kernel 

characteristics, grain quality, and elemental composition. These findings demonstrated that 

bridge-mediated introgression generated meaningful diversity, but also that the value of this 

diversity could not be determined from single traits or population means alone. 

The practical question is therefore whether extensive characterization can be translated 

into selection of WILs that combine wild-derived diversity with sufficient trait performance for 

direct use in breeding. Favorable donor effects are expected to occur at relatively low 

frequencies because recombination must separate useful alleles from linkage drag while restoring 

coordinated performance across multiple quantitative traits. Large introgression populations 

increase the opportunity to recover such favorable recombinant deviates, but their identification 

requires a framework that accounts for correlated traits and prevents improvement in one 

characteristic from obscuring unacceptable performance in another. This is particularly important 

when grain yield remains the primary measure of adaptation but must be balanced with 

developmental timing, performance for individual yield component traits, and functional quality. 

Grain yield by trait selection indices provide one means of integrating these objectives while 

maintaining emphasis on yield performance (Yan & Frégeau-Reid, 2018). Complementary 

evaluation of individual trait profiles and retained donor introgression segments can then 

determine what additional diversity the selected materials make available for breeding. 
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The hypothesis for the present research is that backcrossing and selection following 

amphiploid bridge-mediated introgression from wild emmer would retain sufficient allelic and 

trait diversity while recovering competitive performance for multi-trait index selection to 

identify rare WILs with breeding value. Following the integrated multi-environment 

characterization of the target TdGD population, the objectives of this study were to (1) apply a 

yield-weighted multi-trait selection index to identify WILs combining competitive grain yield 

with favorable performance across complementary breeding targets; and (2) characterize the 

phenotypic profiles and retained wild emmer and Ae. tauschii introgression of selected WILs as 

accessible donor resources for wheat breeding germplasm improvement.  

Methods 

Germplasm development 

The development of the TdGD populations is described in Chapter 2. Briefly, a wheat-

Aegilops tauschii synthetic octoploid amphiploid was used as a bridge to facilitate introgression 

of wild emmer diversity into an adapted hexaploid wheat background. For population 80 

(Pop80), the amphiploid was generated by crossing the hard red winter wheat line KS061278M-4 

with Ae. tauschii accession TA 10155 (Panjakent, Tajikistan), followed by artificial chromosome 

doubling with colchicine. Amphiploid plants visually free of clump dwarfism were crossed as 

female parents with winter-habit wild emmer accession PI 471021, collected near Sanhedriyya, 

Israel, at 742 meters above sea level. The resulting F1 progeny were backcrossed twice to 

KS061278M-4, which was used as the female parent in both backcross generations. 

TdGD Pop80 has the pedigree KS061278M-4*2/3/KS061278M-4/TA 10155//PI 471021. 

The recurrent parent (RP), KS061278M-4, is an unreleased hard red winter wheat line developed 

in the Kansas State University wheat breeding program in Manhattan, KS, with the pedigree 
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Overley*3/Amadina/4/Seri.1B//Kauz/Hevo/3/Amadina/5/Fuller. The RP carries the 2NS 

translocation from Aegilops ventricosa on chromosome 2AS and was chosen because of the 

line’s competitive yield performance and favorable end-use quality profile, providing an elite 

background in which the effects of the introgressed diversity could be evaluated. 

Between 10-15 BC2F1 families were generated, and equal numbers of BC2F2 plants from 

each family were advanced through three generations of single seed descent. Although a 

population size of 500 WILs was targeted, attrition during population advancement resulted in 

334 BC2F4:5 WILs. These lines were increased in headrows in Yuma, AZ, during 2020, with 

concurrent greenhouse increases used for leaf tissue collection. Lines with greater than 50% 

kernel retention in the spike were removed because of poor threshability. Subsequent selection 

against rachis fragility, inadequate seed production, and poor winter survival produced a final set 

of 279 WILs for multi-environment evaluation.  

Field evaluation and selection 

The field trial design and management are described in detail in Chapter 3. Briefly, the 

279 WILs were evaluated in 50% partially replicated small-plot trials across six Kansas 

environments from 2021-2023: Thomas County in 2021 (21THD); Ellis (22EL), Riley (22RL), 

and Thomas (22THD) counties in 2022; and Riley (23RL) and Thomas (23THD) counties in 

2023. Plots consisted of six rows with a planted length of 2.44 meters (m) and planted area of 

3.83 m2.  

The partially replicated designs were generated using the R package DiGGer (Coombes, 

2020). Half of the WILs were evaluated in one plot per environment and half in two plots. Trials 

were organized into 10 blocks, each containing the RP and the performance checks “Billings” 

(PI 656843; Hunger et al., 2014), “Joe” (PI 676270; Zhang et al., 2016), “Showdown” (PI 
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690085), and “SY Monument” (PI 672581). WILs assigned two plots were distributed across 

two major field replicates. The six rainfed environments differed in the timing and severity of 

water limitation, with relative drought severity characterized as 22EL ≈ 22THD > 23RL ≈ 

21THD > 22RL ≳ 23THD based on precipitation and visual observation of trial health (Chapter 

3). 

Phenotypic characterization 

Phenotyping procedures are described in detail in Chapters 3 and 4. Traits related to 

agronomic performance included heading date (HD), senescence date (SD), grain fill period 

(GFP = SD – HD), and plant height (PH). Yield and kernel component traits included tiller count 

(TC), normalized difference vegetation index (NDVI), green reflectance (GR), grain yield (GY), 

test weight (TW), thousand kernel weight (TKW), and kernel area, length, and width (KA, KL, 

and KW). Grain yield was recorded from the onboard weighing system of a Zürn small plot 

combine. Test weight and grain protein concentration (GP) were measured using a Perten 

IM9500 (PerkinElmer) instrument. Kernel traits were measured with a Marvin Kernel Analyzer 

(MARViTECH). Additional functional quality traits included grain protein deviation (GPD), 

calculated as the residual from a regression of GP on GY (Haley & Stromberger, 2018; 

Monaghan et al., 2001; Oury & Godin, 2007), and whole grain solvent retention capacity (SRC) 

and protein quality score (PQS), determined from a lactic acid SDS-SRC assay (Seabourn et al., 

2012; Wilson et al., 2020). Ionomics profiling was conducted on all Thomas County grain 

samples across years using inductively coupled plasma mass spectrometry (ICP-MS) in the 

Baxter Laboratory at the Donald Danforth Plant Science Center, St. Louis, MO (Asaro et al., 

2016; Ziegler et al., 2017).  
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Statistical analysis 

The two-stage mixed model analysis is described in Chapter 3. Plot-level observations 

were standardized within each environment to a mean of 0 and standard deviation of 1 prior to 

analysis. This placed traits on a common scale and improved comparability both among traits 

and among environments in which measurement and trial management differed (Chapter 3). 

Consequently, positive values indicate performance above the corresponding trial mean and 

negative values indicate performance below the trial mean. 

In the first stage, each trait was analyzed separately within environment to estimate 

genotype best linear unbiased estimates (BLUEs) and their sampling variances. Genotype was 

fitted as a fixed effect. Row and column field variation was modeled using and AR1 x AR1 

residual covariance structure, except in 22THD, where two-dimensional P-spline smoothing was 

used because the residual variation did not conform adequately to the AR1 x AR1 structure. 

Analyses were conducted using Mr. Bean, which interfaces with ASReml-R and SpATS 

(Aparicio et al., 2024; Butler et al., 2023; Rodríguez-Álvarez et al., 2018). Precision weights 

were calculated as the inverse of the sampling variance of each BLUE. 

In the second stage, BLUEs and their precision weights were used to estimate across-

environment genotype performance following the two-stage framework (Möhring & Piepho, 

2009; Smith et al., 2001, 2005). Environment was fitted as a fixed effect, whereas genotype and 

genotype x environment (GxE) interaction were fitted as random effects. The residual scale was 

fixed so that the precision weights determined the relative contribution of each BLUE. The 

resulting across-environment best linear unbiased predictions (BLUPs) were used for multi-trait 

index construction and ranking trait performance within Pop80.  
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Grain yield by trait selection index 

A yield-weighted multi-trait selection index was developed by adapting the genotype 

grain yield x trait (GYT) framework of Yan and Frégeau-Reid (2018). The original framework 

combines yield and trait values through multiplication. Direct multiplication was not appropriate 

here because the standardized values were centered on zero; multiplying two negative values 

could produce a positive index component even when both GY and the accompanying trait were 

below their respective population means. Therefore, standardized GY and trait BLUPs were 

combined additively.  

Seven traits were selected to represent complementary components of breeding 

performance: GFP, PH, TC, TKW, TW, GP, and SRC. Longer GFP, greater TC, TKW, TW, GP, 

and SRC, and shorter PH were defined as favorable directions. For genotype 𝑖 and 

accompanying trait 𝑗, the component index was calculated as: 

𝐶𝑖𝑗 = 𝐺𝑖 + 𝑑𝑗𝑇𝑖𝑗,  

where 𝐺𝑖 is the standardized across-environment GY BLUP, 𝑇𝑖𝑗 is the standardized BLUP for 

trait 𝑗, and 𝑑𝑗 defines the desired direction of selection. The value of 𝑑𝑗 was +1 for GFP, TC, 

TKS, TW, GP, and SRC and was -1 for PH. The overall GYT index was the unweighted mean of 

the seven component indices: 

𝐺𝑌𝑇𝑖 =
(𝐺𝑖 + 𝐺𝐹𝑃𝑖) + (𝐺𝑖 − 𝑃𝐻𝑖) + (𝐺𝑖 + 𝑇𝐶𝑖) + (𝐺𝑖 + 𝑇𝐾𝑊𝑖) + (𝐺𝑖 + 𝑇𝑊𝑖) + (𝐺𝑖 + 𝐺𝑃𝑖) + (𝐺𝑖 + 𝑆𝑅𝐶𝑖)

7
 

Per this formulation, high GY remained the primary selection criteria, but genotypes were 

rewarded or penalized according to their broader agronomic, kernel, and functional quality 

profiles. All WILs, the RP, and performance checks were ranked according to the across-

environment index. KSTdGD80-175 and KSTdGD80-55 were selected for detailed 

characterization because they were the first and second-ranked genotypes, respectively, in the 
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overall index. Their index rankings were subsequently interpreted alongside traits not included in 

the index and retained donor introgressions. 

Equivalent indices were calculated within individual environments using standardized 

BLUEs. Because not every component trait was measured in every environment (Chapters 3, 4), 

these indices contained different subsets of traits and therefore did not represent identical 

composite measures. Consequently, within-environment GYT indices were used primarily for 

comparison – to evaluate consistency of WIL rankings across versus within environments – 

rather than as independent selection metrics. 

Genotypic characterization and introgression profiling 

Genotyping, imputation, and donor introgression mapping are described in Chapter 2. 

Briefly, DNA extracted from BC2F4:5 WILs was genotyped using the Illumina Infinium 

Wheat/Barley 40 K SNP array (Keeble-Gagnère et al., 2021). Population founders were deeply 

sequenced, with KS061278M-4 and TA 10155 subjected to whole genome sequencing 

(BioProject ID: PRJNA745927; Nyine et al., 2021) and PI 471021 characterized by exome 

capture (BioProject ID: PRJNA503847; Avni et al., 2017). Founder sequence information and 

WIL array genotypes were integrated through pedigree-based imputation to obtain genome-wide 

marker coverage for introgression analysis (Whalen et al., 2020). Allelic donor proportions were 

calculated in 1 Mb bins across the genome for each WIL. Donor introgression segments were 

then identified using a moving average approach, with segments called when the average donor 

proportion across the five flanking bins on either side of a focal bin was ≥ 0.9 or when the 

average donor proportion across the 20 flanking bins on either side was ≥ 0.7. Introgression calls 

for KSTdGD80-175 and KSTdGD80-55 were used to identify the wild emmer-derived A and B 

subgenome segments and Ae. tauschii-derived D subgenome segments retained by each WIL.  
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Genome-wide association studies (GWAS) of phenotypic traits were previously 

conducted within TdGD Pop80, as described in Chapters 3 and 4. At significant GWAS markers, 

allele states in KSTdGD80-175 and KSTdGD80-55 were classified and evaluated for physical 

overlap with a called donor introgression segment and for agreement between the estimated 

direction of the effect of the donor allele and the corresponding trait value of WIL performance. 

Comparisons outside called introgression segments were retained to account for localized donor 

alleles that did not meet the moving average criteria for segment identification. These 

comparisons were used as supporting evidence of potential relationships between retained wild 

relative diversity and the phenotypic profiles of the selected WILs, rather than as confirmation of 

causal effects.  

Results 

Detailed trait-specific performance of TdGD Pop80 was reported in Chapters 3 and 4. 

Briefly, characterization of the population identified variation across screened traits, while 

multivariate structuring among these traits indicated that performance reflected correlated suites 

of characteristics rather than independent responses. Although favorable and transgressive values 

were observed for individual traits, the WILs exhibited an overall GY disadvantage relative to 

the RP and adapted checks. Consequently, population-wide variation and single trait 

performance alone did not clearly identify which WILs offered the greatest utility for wheat 

breeding. 

The present analysis therefore prioritized a yield-weighted multi-trait index to translate 

the population-level characterization into selection of individual WILs. The index maintained 

GY as the primary selection criterion while incorporating other breeding targets as 

complementary sources of information. This approach was used to identify rare WILs that 
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combined competitive GY with favorable performance across multiple traits despite the broader 

population-level yield disadvantage.  

Grain yield by trait selection index 

Using standardized BLUPs for GY and the traits GFP, PH, TC, TKW, TW, GP, and SRC, 

a yield-weighted selection index was constructed to summarize multi-trait performance and 

identify competitive introgression germplasm. The GYT index differentiated a small subset of 

WILs combining high GY with favorable performance across the traits included in the index 

(Figure 5.1). Of the 279 WILs, 82 exceeded the RP in the across-environment index, whereas 

197 ranked below the RP. The RP ranked 90th overall. Two WILs, KSTdGD80-175 and 

KSTdGD80-55, exceeded all performance checks, with index values of 1.52 and 1.42, 

respectively (Table 5.1; Figure 5.1). Showdown was the highest-ranking check, with an index 

value of 1.06, followed by KSTdGD80-130 at 0.95.  

 

Figure 5.1. Distribution of the BLUP GYT index among TdGD Pop80 WILs 

Histogram bins are colored by the mean standardized GY BLUP of WILs within each bin. Vertical lines indicate the 

recurrent parent (RP=KS061278M-4) and performance checks (C1=Billings, C2=Joe, C3=Showdown, C4=SY 

Monument). Plots were generated in R using the ggplot2 package (Wickham, 2016). 
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KSTdGD80-175 ranked first in both the overall index and the BLUP GY analysis. The 

standardized GY BLUP of 1.31 for KSTdGD80-175 was accompanied by favorable index 

components for GFP, PH, TW, and SRC. KSTdGD80-55 ranked second in the index despite 

having lower GY than KSTdGD80-175, Showdown, and several other WILs. Relative to 

KSTdGD80-175, the lower GY of KSTdGD80-55 was partially compensated by shorter PH, 

greater TC and TKW, and higher GP. KSTdGD80-130 illustrates the distinction between 

selection based on GY alone and selection based on the broader trait profile; although GY of 

KSTdGD80-130 exceeded that of KSTdGD80-55, its taller stature and lower SRC reduced its 

overall index ranking.  

Table 5.1. Subset of grain yield by trait (GYT) index results for RP, performance checks, 

and top three WILs 

Results are ordered by the overall GYT index. Values shown for GY represent standardized BLUPs. Individual GY 

± trait indices were calculated by combining standardized GY with standardized values of each trait, either through 

addition or subtraction depending on the desired direction of improvement. The overall GYT index was calculated 

as the mean of the individual GY ± trait indices for each genotype.  

Genotype GY 

GY ± trait indices 

GYTindex GY + 

GFP 

GY - 

PH 

GY + 

TC 

GY + 

TKW 

GY + 

TW 

GY + 

GP 

GY + 

SRC 

KSTdGD80-175 1.31 1.88 2.13 1.36 0.34 2.75 0.39 1.79 1.52 

KSTdGD80-55 1.05 1.32 2.09 1.25 0.57 2.17 0.81 1.72 1.42 

Showdown (C3) 1.08 1.66 0.71 1.07 1.59 0.86 -0.15 1.66 1.06 

KSTdGD80-130 1.09 1.29 0.46 1.11 0.80 1.71 0.51 0.80 0.95 

Billings (C1) 0.20 0.81 0.47 -0.28 2.08 0.90 -0.48 1.48 0.71 

Joe (C2) 0.80 1.28 0.11 1.60 1.36 0.94 -0.52 -0.11 0.66 

SY Monument (C4) 0.70 -0.13 0.51 1.32 0.90 0.24 -0.47 1.68 0.58 

KS061278M-4 (RP) 0.43 0.27 0.61 0.36 0.29 0.75 -0.09 0.22 0.35 

 

Multi-trait performance of the two highest-ranking WILs was generally consistent across 

environments. KSTdGD80-175 never ranked below sixth in any within-environment index 

constructed using BLUEs (data not shown). KSTdGD80-55 ranked first in 22THD, second in 

21THD, fourth in 22RL, eighth in 23THD, and fifteenth in 22EL. The lowest ranking was 47th in 
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23RL, where KSTdGD80-55 had reduced GFP and TKW relative to its performance in the other 

environments. In comparison, the within-environment index rankings for the RP ranged from 

34th in 23RL to 145th in 22THD.  

Based on the results from the GYT index, KSTdGD80-175 and KSTdGD80-55 were 

prioritized as pre-breeding material offering the greatest immediate value for wheat germplasm 

improvement. The remaining results therefore focus on complementary agronomic, yield, 

quality, and ionomic characteristics of KSTdGD80-175 and KSTdGD80-175 and the donor-

derived introgressions they retain across the A, B, and D subgenomes. 

Characterization of KSTdGD80-175 and KSTdGD80-55 

 

Figure 5.2. Multi-trait profiles of KSTdGD80-175 and KSTdGD80-55 

Bars represent standardized across-environment BLUPs for each WIL, and black diamonds indicate the recurrent 

parent (RP; KS061278M-4). Positive and negative values indicate performance above and below the population 

mean, respectively. Traits are grouped by agronomic performance, yield and kernel components, functional quality, 

and grain ionomic composition.  

Agronomic performance 

KSTdGD80-175 and KSTdGD80-55 are early- to medium-maturing lines characterized 

by earlier HD and SD than the RP and performance checks (Figure 5.2; Appendix Table D.1). 

Relative to the population, HD was proportionally earlier than SD in KSTdGD80-175 and 

KSTdGD80-55, as highlighted by the favorable grain filling periods maintained by both WILs.  
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KSTdGD80-55 had a longer GFP than the RP and SY Monument (Appendix Table D.1). 

The GFP of KSTdGD80-55 was especially notable in the two most drought stressed 

environments, 22EL and 22THD, where the GFP of KSTdGD80-55 exceeded the GFP of all 

checks and the RP (data not shown). This pattern suggests that KSTdGD80-55 maintains grain 

fill under drought stress and supports the line’s value as a potential source of adaptation to 

drought stressed environments. 

KSTdGD80-175 had a longer GFP than all performance checks and the RP, with the 

exception of Billings (Appendix Table D.1). Across environments, KSTdGD80-175 generally 

maintained a longer GFP than KSTdGD80-55, with an especially extended GFP in 22RL and 

23RL (data not shown). Relative to KSTdGD80-55, KSTdGD80-175 is therefore distinguished 

by extended GFP across all environments, whereas KSTdGD80-55 is distinguished by its 

stability of GFP in more severe drought stress.  

Relative magnitudes of lodging resistance were based upon observational field notes, 

with no formal data being collected for analysis. Based upon these observational notes, 

KSTdGD80-55 and KSTdGD80-175 both exhibited good lodging resistance. Lodging events 

occurred primarily mid-season and affected plots showed near complete recovery during grain 

filling. Both WILs were shorter than the RP and all performance checks (Figure 5.2; Appendix 

Table D.1). This reduced stature likely contributed to their good standability under storm events. 

Yield and kernel components 

KSTdGD80-175 and KSTdGD80-55 both exhibited strong GY performance, with 

KSTdGD80-175 showing the highest across-environment GY BLUP among all evaluated entries 

(Figures 5.1, 5.2). KSTdGD80-175 consistently matched or exceeded the RP and checks in 

individual environments, other than Showdown in 21THD, and was distinguished by its 



247 

exceptional and stable yield performance across the full range of environments (Appendix Table 

D.2). KSTdGD80-55 also performed strongly for GY, with especially favorable performance in 

western Kansas environments at THD. Although KSTdGD80-55 had the weakest relative 

performance observed in 22EL, KSTdGD80-55 still exceeded the RP and Billings within each 

environment (Appendix Table D.2). Both WILs consistently and substantially outperformed the 

RP, demonstrating favorable GY performance across the drought stressed environments 

evaluated.  

Neither WIL exhibited large kernel size; both KSTdGD80-175 and KSTdGD80-55 had 

lower BLUPs than the RP and all checks for kernel traits (TKW, KA, KL, and KW; Figure 5.2; 

Appendix Table D.3). In contrast, both WILs had higher TW than the RP and all performance 

checks, supporting an increase in bulk density arising from smaller kernels. 

The two WILs also differed from the RP and checks in other yield component traits. Both 

KSTdGD80-55 and KSTdGD80-175 had higher TC than the RP, Billings, and Showdown, but 

lower NDVI than the RP and all checks (Figure 5.2; Appendix Table D.3). KSTdGD80-55 

exceeded the RP, Joe, and Showdown for the trait GR, whereas KSTdGD80-175 exceeded Joe 

and Showdown.  

Functional quality 

Both KSTdGD80-55 and KSTdGD80-175 exhibited higher functional quality compared 

to the RP (Figure 5.2; Appendix Table D.4). KSTdGD80-175 had lower GP than the RP, but this 

reduction was accompanied by improved SRC and a substantially higher PQS. The combination 

of strong GY gains with reduced GP resulted in a negative GPD, but was still slightly better than 

that of the RP, indicating that reduced GP in KSTdGD80-175 did not result in poorer functional 
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quality. In general, the quality profile of KSTdGD80-175 was comparable to the quality profile 

of Showdown. 

KSTdGD80-55 also exhibited better end-use quality compared to the RP, with higher 

PQS and substantially higher SRC (Figure 5.2; Appendix Table D.4). Of the two WILs, 

KSTdGD80-55 was distinguished by the highest GP and GPD values, exceeding the values of all 

performance checks and the RP. Although SRC in KSTdGD80-55 was slightly higher than 

Showdown, its PQS was lower because of its higher GP. Overall, these results indicate that both 

lines exhibited better functional quality than the RP, despite KSTdGD80-175 having reduced 

GP. Notably, KSTdGD80-55 represented improvements across all grain quality traits.  

Ionomics 

Both KSTdGD80-55 and KSTdGD80-175 generally showed better grain nutrient profiles 

than the RP, although the two WILs differed in their respective balances between favorable and 

toxic elemental accumulation (Figure 5.2; Appendix Tables D.5-D.7).  

Both WILs had higher Na, Mg, and P concentrations than did the RP, whereas Ca was 

lower in both WILs relative to the RP (Figure 5.2; Appendix Table D.5). Both WILs had higher 

Mg and P than did the performance checks. KSTdGD80-175 also had K concentration above that 

of the RP, whereas KSTdGD80-55 had the lowest K concentration among the RP and checks. 

Averaged across macronutrient traits, both WILs generally exceeded the RP, although 

Showdown had a stronger overall macronutrient profile than did KSTdGD80-55.  

KSTdGD80-175 was distinguished by elevated concentrations of B, Mn, Co, Zn, and Se, 

and also had the highest values, compared to the RP and checks, for B, Mn, Co, and Se (Figure 

5.2; Appendix Table D.6). KSTdGD80-55 was distinguished by elevated Fe, Cu, and Mo, 

exceeding the respective values of the RP and all checks. Both WILs had higher average 
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micronutrient and trace element concentrations than the RP, which showed comparatively low 

values across this group of elements. This pattern is particularly notable for Fe and Zn, which are 

important targets in wheat biofortification (Carvalho & Vasconcelos, 2013; Guttieri et al., 2015b; 

Pandey et al., 2016); both WILs had elevated Zn, and KSTdGD80-55 also had elevated Fe. 

KSTdGD80-175 had notably low Rb concentration, a proxy element to trace xylem transport 

(Vallejo et al., 2005; Zeller & Feller, 2000). 

 The improved nutrient profiles of the two WILs differed, however, in their association 

with potentially undesirable elements. KSTdGD80-55 had the highest Al concentration, relative 

to the RP and the performance checks, and also had higher Cd than did the RP (Figure 5.2; 

Appendix Table D.7). Notably, average grain Cd concentrations in this dataset were low enough 

to be outside the range of practical relevance (Appendix Table D.7; Guttieri et al., 2015a, 

2015b). Among the comparison entries, only Showdown had a higher average concentration of 

toxic elements than KSTdGD80-55. By contrast, KSTdGD80-175 had reduced As and Cd 

relative to the RP, although Al for the line was relatively high. KSTdGD80-175 also had lower 

As compared to all performance checks. Overall, KSTdGD80-175 showed a more favorable 

balance between elevated beneficial nutrient concentrations and lower accumulation of toxic 

elements, whereas KSTdGD80-55 combined elevated beneficial nutrient concentrations with less 

favorable accumulation of toxic elements.  

Genomic introgression 

KSTdGD80-55 and KSTdGD80-175 both represent novel sources of allelic diversity for 

wheat breeding programs, with identified introgressions from both wild emmer and Ae. tauschii. 

KSTdGD80-55 carries wild emmer introgressions on chromosomes 1B, 3A, 3B, 4B, and 7A, and 

Ae. tauschii introgressions on chromosomes 3D and 7D (Figure 5.3). The largest introgression in 
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KSTdGD80-55 occurs on chromosome 3D, spanning much of the short arm and centromeric 

region, whereas the 7D introgression is also substantial, extending approximately 63 Mb. The 

smallest introgressions are located near the distal ends of the long arms of chromosomes 1B and 

3A. Within subgenomes, average donor proportions in KSTdGD80-55 were 6.2% for the A 

subgenome, 5.1% for the B subgenome, and 8.9% for the D subgenome. 

 

Figure 5.3. Genome-wide introgression profile for KSTdGD80-55 

Donor allele proportions were calculated in 1 Mb bins and are shown as points along each chromosome facet. 

Vertical dashed lines indicate centromere positions based on the Chinese Spring v1.0 reference. Major 

domestication loci – Q (free threshing), Btr (brittle rachis), and Tg (tenacious glume) – are indicated by labeled 

vertical markers at their physical positions. Vertical boxes within chromosome panels denote regions where 

introgression segments were called using a moving average framework (MA10 ≥ 0.9 and MA40 ≥ 0.7). 

KSTdGD80-175 carries wild emmer introgressions on chromosomes 1A, 1B, 2A, 3A, 

5B, 6B, and 7A, and Ae. tauschii introgressions on chromosomes 2D, 3D, and 5D (Figure 5.4). 

As in KSTdGD80-55, the largest introgression occurs on chromosome 3D, where a donor 

segment extends to approximately 64 Mb and spans the centromeric region. The smallest 

introgressions are located on the long arms of chromosomes 1A and 5B. Average donor 
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proportions within subgenomes for KSTdGD80-175 were 9.8% for the A subgenome, 6.1% for 

the B subgenome, and 13.2% for the D subgenome. These values indicate that KSTdGD80-175 

carries a greater overall donor contribution than KSTdGD80-55 across all three subgenomes.  

 

Figure 5.4. Genome-wide introgression profile for KSTdGD80-175 

Donor allele proportions were calculated in 1 Mb bins and are shown as points along each chromosome facet. 

Vertical dashed lines indicate centromere positions based on the Chinese Spring v1.0 reference. Major 

domestication loci – Q (free threshing), Btr (brittle rachis), and Tg (tenacious glume) – are indicated by labeled 

vertical markers at their physical positions. Vertical boxes within chromosome panels denote regions where 

introgression segments were called using a moving average framework (MA10 ≥ 0.9 and MA40 ≥ 0.7). 

Allele states in KSTdGD80-175 and KSTdGD80-55 were examined at marker-trait 

associations previously identified within TdGD Pop80 (Chapters 3, 4). These comparisons 

identified several instances in which a selected WIL carried a donor allele within or near a 

mapped introgression segment and the direction of the previously estimated donor effect was 

consistent with its phenotype. However, concordance varied among traits and loci, emphasizing 

that the GWAS results provide hypotheses grounded in linkage disequilibrium about the 
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contributions of retained donor diversity, rather than causal explanations of overall WIL 

performance. 

The clearest concordance occurred within the shared Ae. taushcii-derived introgression 

on chromosome arm 3DS. At 30.24 Mb, both WILs carried the donor allele previously 

associated with reduced TKW, KW, and KA, consistent with their smaller kernels relative to the 

RP and performance checks (Figure 5.2; Appendix Table D.3). Nearby elemental associations 

differentiated the two WILs. At 29.89 Mb, KSTdGD80-55 carried the donor allele associated 

with lower Co concentrations, whereas KSTdGD80-175 carried the RP allele associated with 

higher Co concentration, consistent with the comparatively high Co concentration of 

KSTdGD80-175 (Figure 5.2; Appendix Table D.6).  

Table 5.2. High confidence marker-trait association regions containing typed donor alleles 

in KSTdGD80-175 or KSTdGD80-55 

Regions were included when at least one selected WIL carried a typed donor allele at one or more high confidence 

marker-trait associations within the region. DonDir indicates the direction of the donor allele effect relative to the 

RP allele. Allele states are designated as donor (Don), recurrent parent (RP), or heterozygous (Het). Segment 

indicates whether a called introgression segment directly overlapped the association region.  

Region Trait DonDir KSTdGD80-175 KSTdGD80-55 

Allele Segment Allele Segment 

Chr1A, 323.90-568.47 Mb GR - RP Yes RP No 

NDVI + RP RP 

Fe + RP RP 

P + Don RP 

Mg + RP RP 

Mo + Don RP 

Sr + RP RP 

Chr3A, 40.15-69.67 Mb GFP + RP No RP No 

PH + Don Don 

GR + Don Don 

NDVI + Don Don 

Chr3D, 29.89-31.69 Mb TKW - Don No Don Yes 

KA - Don Don 

KW - Don Don 

Co - RP Don 

Fe - RP Don 
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Chr3D, 454.67 Mb PQS + Het No Don No 

SRC + Het Don 

Chr4A, 662.20 Mb HD - Het No Don No 

GFP + Het Don 

Mo + Het Don 

Chr5A, 403.35-671.27 Mb GR + RP No RP No 

NDVI - RP RP 

TKW - Don Don 

TW - RP RP 

KA + RP RP 

KL - Don Don 

As + Don Don 

Ca + Don Don 

Mn - RP RP 

Chr7A, 527.15-609.55 Mb TKW - Don Yes Don Yes 

KW + RP RP 

SRC - Don Don 

 

Additional comparisons also illustrated the quantitative nature of the selected traits. On 

chromosome arm 7AL, both WILs carried the wild emmer allele at 609.55 Mb, which was 

associated with reduced TKW and SRC. The reduced TKW of both lines was consistent with this 

association, whereas their favorable overall SRC performance – particularly that of KSTdGD80-

55 – were not (Figure 5.2). On chromosome arm 1AL, KSTdGD80-175 carried donor alleles at 

508.84 and 568.01 Mb, which were previously associated with increased Mo and P 

concentrations, respectively, and occurred near localized donor ancestry in that line. 

KSTdGD80-55 retained RP alleles at these positions and had no called introgression in the 

region, although its elevated Mo concentration again indicated contributions from other loci or 

genomic regions.  

The functional quality associations similarly did not provide a single locus explanation 

for the favorable performance of both WILs. At the chromosome 3D marker at 454.67 Mb 

associated with PQS and SRC, the genotype call for KSTdGD80-175 was heterozygous, whereas 
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KSTdGD80-55 carried the donor allele associated with increased functional quality. This marker 

was outside the called 3D introgression segments in both lines. Neither WIL carried that donor 

allele at the chromosome 3A functional quality association, despite both exhibited higher SRC 

and PQS than the RP (Figure 5.2). Thus, the functional quality profiles of the selected WILs 

likely reflects multilocus variation that was not fully captured by individual GWAS markers or 

the smoothed introgression calls.  

Several additional donor alleles were detected at associations on chromosomes 3A and 

4A despite the absence of called introgression segments at those positions. Because introgression 

segments were defined from moving averages of donor ancestry, isolated donor marker states do 

not necessarily meet the criteria for a segment call. Table 5.2 summarizes high confidence 

association regions in which at least one selected WIL carried a typed donor allele at one or more 

associated markers, together with other associations colocalized within those regions. Regions 

where both lines carried only RP alleles were excluded because they were less informative for 

characterizing the donor diversity retained by the selected WILs. Collectively, these comparisons 

demonstrate that the selected WILs retain donor alleles associated with multiple traits relevant to 

breeding, while also showing that neither individual marker effects nor broad introgression 

segments fully explain their integrated trait profiles.  

Discussion 

Multi-trait selection translated introgression-derived variation into breeding utility 

The principal outcome of this research was not simply the generation of additional 

phenotypic variation, but the recovery of individual WILs in which wheat wild relative diversity 

was combined with competitive performance across several breeding targets. Introgression 

populations frequently exhibit greater phenotypic variance while remaining agronomically 
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inferior on average due to inheritance of unfavorable linked variation alongside useful donor 

alleles, and because introgression can disrupt allele combinations assembled through long-term 

selection in adapted germplasm (Huang et al., 2003; Klindworth et al., 2013; Lauterberg et al., 

2022; Li et al., 2022; Merchuk-Ovnat et al., 2016a; Platten & Fritsche-Neto, 2023; Shahin et al., 

2024). That pattern was evident in TdGD Pop80, where trait-specific characterization identified 

transgressive variation, but the population-wide yield disadvantage and correlated structure 

between developmental, yield component, and functional quality traits made the breeding utility 

of individual WILs difficult to determine from population means or single trait rankings alone 

(Chapters 3, 4).  

The yield-weighted multi-trait index provided a practical means of resolving this 

ambiguity. Its value arose from maintaining yield as the central measure of adaptation while 

allowing complementary selection targets to differentiate lines having similar performance for 

yield. This approach was appropriate for pre-breeding germplasm because favorable secondary 

characteristics have limited immediate value if accompanied by an unacceptable yield penalty, 

but yield alone is insufficient to describe the suitability of a line for advancement.  

The rankings of the leading WILs demonstrate that the index operated as intended rather 

than simply reproducing the yield ranking. It preserved yield priority but changed rankings when 

performance across the accompanying traits provided a defensible reason to do so. KSTdGD80-

175 ranked first for both yield and the overall index, confirming that the index retained the 

highest yielding line when its broader trait profile was also favorable. By comparison, 

KSTdGD80-55 ranked second in the index despite lower GY than Showdown and several WILs, 

harboring compensatory advantages in agronomic and quality characteristics.  
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The index also identified WILs that were competitive relative to elite germplasm rather 

than merely favorable within an introgression population. Out of 279 WILs, 29% exceeded the 

RP in the index, demonstrating that the variation generated by introgression was not limited to 

recovery of the RP genetic background. More importantly, KSTdGD80-175 and KSTdGD80-55 

exceeded all four performance checks. This comparison is especially meaningful because the 

checks represent elite, adapted, winter wheat germplasm against which the practical value of the 

WILs can be judged. The results therefore support the central hypothesis that competitive multi-

trait performance can be recovered following amphiploid bridge-mediated introgression, despite 

the unfavorable average yield response of the population. 

Use of across-environment BLUPs further increased the relevance of the index by 

emphasizing performance across the target set of rainfed Kansas environments rather than 

performance within single trials. KSTdGd80-175 remained among the six highest ranking entries 

in every within-environment index, while KSTdGD80-55 ranked within the top 15 in five of six 

environments. Although the within-environment indices are not formal estimates of stability, 

they show that the high across-environment rankings were not driven entirely by exceptional 

performance in one environment. In particular, the consistency of KSTdGd80-175 supports its 

use as a source of broadly competitive yield, whereas the performance of KSTdGD80-55 

indicates a favorable but somewhat more environmentally responsive combination of target 

traits.  

These results establish the internal validity and practical utility of the index for 

prioritizing WILs from this population, but they should not be interpreted as independent 

predictive validation. The same multi-environment dataset contributed to index construction and 

WIL selection, and standardized values describe performance relative to the germplasm and 
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environments evaluated. Moreover, this index permits compensation among traits and does not 

impose minimum thresholds for characteristics that may be non-negotiable in a particular 

breeding program. The index should therefore be viewed as a prioritization tool rather than a 

complete product profile. Validation across additional environments and genetic backgrounds, as 

well as evaluation of ranking sensitivity to alternative trait sets and weights, would further 

establish the portability of the selection framework.  

Population size influenced the opportunity to recover rare favorable recombinants 

The low frequency of WILs surpassing all elite checks illustrates the combinatorial 

challenge of introgression breeding. Recovery of the two best performing WILs required 

recombination to retain useful donor variation while removing domestication-related 

deficiencies, reducing yield disadvantage, and restoring coordinated performance across 

numerous quantitative traits. Each requirement may be achievable independently, but their 

simultaneous occurrence is probabilistically less frequent.  

Consequently, population size is an important design consideration when introgression is 

intended to improve quantitative trait combinations rather than transfer a single major effect 

allele. Larger populations increase the number of recombination events sampled and therefore 

the opportunity to recover favorable combinations of donor and RP alleles. The present results 

do not define a universal minimum population size, because the required number will depend on 

donor divergence, backcross generation, introgression size, selection intensity, and the 

complexity of the target profile. They do, however, demonstrate the risk of judging an 

introgression strategy from population means or a small sample of derivatives. Had TdGD Pop80 

been evaluated at substantially smaller scale, the two most favorable recombinant profiles could 

feasibly have been missed. 
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This distinction is particularly important for interpreting the yield disadvantages of 

introgression breeding populations. The unfavorable population mean accurately describes the 

general consequence of introgression, but it does not determine the upper limit of performance 

among recombinant individuals. For pre-breeding, the relevant outcome is whether sufficiently 

favorable individuals can be recovered and made accessible to breeding programs. The selection 

of KSTdGD80-175 and KSTdGD80-55 shows that the amphiploid bridge approach produced 

such individuals, although at a frequency that reinforces the need for population-scale 

development, empirical evaluation, and multi-trait selection. 

Selected introgression lines provide complementary breeding resources 

KSTdGD80-175 and KSTdGD80-55 should be viewed as complementary rather than 

interchangeable resources. KSTdGD80-175 represents a strongly yield-oriented selection. The 

combination of excellent GY, reduced PH, extended GFP, high TW, and favorable SRC despite 

lower GP is particularly useful because it demonstrates that donor ancestry can be retained 

without preventing recovery of competitive regional performance. KSTdGD80-175 may 

therefore be most immediately useful where breeders seek wild-derived diversity in an adapted 

background that has already been characterized for improved agronomic and yield component 

traits under drought stressed environments.  

KSTdGD80-55 represents a different balance of traits. Although its GY was lower than 

that of KSTdGD80-175, its index ranking reflected favorable PH, TC, TW, GP, GPD, and SRC, 

together with strong performance in several drought stressed western Kansas environments. Its 

combination of competitive GY and improved functional quality characteristics makes it 

especially relevant in the context of breeding for improved end-use quality. The favorable SRC 

of both WILs, despite their differing GP responses, also illustrates why GP alone is an 
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incomplete measure of end-use potential. The lines therefore offer different starting points for 

further investigation into the genetic relationship among yield, protein concentration, and protein 

functionality.  

The rainfed environments used in this research differed in the timing and severity of 

water limitation (Chapter 3). Accordingly, the selected WILs are useful resources for continued 

investigation of performance under drought-affected production conditions. Their results do not, 

however, demonstrate drought tolerance as a distinct physiological mechanism because the 

experiment did not include paired drought stressed and well-watered treatments, and water 

limitation was not imposed uniformly. The defensible conclusion is that both lines retained 

favorable performance across the variable rainfed environments evaluated. Controlled or paired 

field experiments would be necessary to determine whether these responses reflect drought-

specific adaptation, general yield potential, drought escape, maintenance of grain filling, or 

combinations of these processes.  

Characterized introgressions increase the value of germplasm releases 

The breeding value of KSTdGD80-175 and KSTdGD80-55 extends beyond their 

phenotypic performance. Both retain wild emmer-derived diversity on the A and B subgenomes 

and Ae. tauschii-derived diversity on the D subgenome, but they carry distinct combinations of 

introgressions. KSTdGD80-175 retained greater donor proportions across all three subgenomes, 

whereas KSTdGD80-55 carried a smaller and partially different set of donor segments. Their 

competitive performance therefore did not arise simply through complete recovery of the RP 

genome. Instead, the two WILs demonstrate that appreciable donor-derived allelic diversity can 

remain in agronomically competitive BC2-derived germplasm. 
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This genomic characterization makes the selected WILs more immediately useful than 

uncharacterized wild accessions. Breeders can select between the lines based on both their trait 

profiles and the donor regions they contain, use them as parents in direct hexaploid crosses, and 

follow donor segments during subsequent recombination. The lines therefore reduce – although 

they do not eliminate – the time, population size, and phenotyping required to deploy the original 

wild emmer and Ae. tauschii diversity.  

Comparison with previously identified GWAS regions (Chapters 3, 4) further increases 

the research value of KSTdGD80-175 and KSTdGD80-55, but does not provide a simple causal 

explanation for their phenotypes. Several donor alleles were directionally consistent while others 

were discordant with overall trait performance. Such results are expected for quantitative traits 

governed by multilocus effects and interactions, linkage disequilibrium, and environmental 

response. They reinforce the interpretation that the value of these lines resides in their integrated 

allele combinations rather than any single marker or introgression.  

For that reason, KSTdGD80-175 and KSTdGD80-55 can serve two related purposes. 

First, they are practical breeding resources for programs seeking regionally competitive yield 

performance under drought, variation in developmental timing, improved functional quality, and 

allelic diversity from wheat wild relatives. Second, they are resources for further research testing 

whether marker-trait associations and donor allele effects remain consistent after transfer into 

different genetic backgrounds and environments. Crossing each WIL to multiple adapted parents 

would permit evaluation of background dependence, while recombination within retained 

segments could refine their relationships with trait performance.  
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Conclusion 

Amphiploid bridge-mediated introgression generated expanded phenotypic and allelic 

variation with directed breeding value becoming apparent after selection prioritized multi-trait 

performance. The modified GYT index provided an effective framework for this purpose by 

maintaining strong emphasis on yield while distinguishing WILs according to complementary 

agronomic, kernel component, and functional quality characteristics. The recovery of only two 

WILs that exceeded all elite performance checks illustrates the rarity of favorable recombinant 

deviates and the practical importance of developing and evaluating sufficiently large 

introgression populations.  

KSTdGD80-175 and KSTdGD80-55 provide characterized wild emmer and Ae. tauschii 

introgressions in an elite winter wheat background while retaining competitive yield and 

favorable target trait profiles. Their performance across drought stressed environments supports 

their use in continued evaluation for yield stability under drought. As germplasm releases, these 

WILs provide resources for targeted crossing, refinement of donor segments, and validation of 

wild-derived trait and allelic variation across additional environments and genetic backgrounds. 

In this way, they move the value of wild relative diversity beyond discovery and toward practical 

deployment in wheat improvement.  

Availability 

Breeder seed of KSTdGD80-55 and KSTdGD80-175 will be maintained by the Kansas 

State University wheat breeding program in Manhattan, KS. Seed is immediately available upon 

direct request in 2 g quantities for research and breeding purposes. Additionally, seed of both 

WILs will be available from the USDA-ARS National Laboratory for Genetic Resources 

Preservation upon publication.   
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Appendix A - Supplementary tables and figures for Chapter 2 

Appendix Table A.1. Subset of a pedigree input file for TdGD population 80 used for 

imputation with AlphaImpute2 

Hierarchical structure for two WILs is shown within each breeding generation, using parentage assignments to 

define family structure and inform genotype imputation through pedigree-based inference. 

Name ID Female Male 

KS061278M-4 RP1 0 0 

PI471021 WE80 0 0 

TA10155 TA1 0 0 

DH.80 DH.80 RP1 TA1 

F1.80 F1.80 DH.80 WE80 

BC1F1.80 BC1F1.80 RP1 F1.80 

BC2F1.80 BC2F1.80 RP1 BC1F1.80 

KSTdGD80.130 WIL80.130 BC2F1.80 BC2F1.80 

KSTdGD80.55 WIL80.55 BC2F1.80 BC2F1.80 
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Appendix Table A.2. Variant counts for TdGD population founders across successive 

filtering steps 

Counts are expressed in millions (M) per sample at successive filtering steps: raw count of biallelic SNPs, count 

within depth window (10≤ DP ≤60), and count of variants with QUAL ≥ 30 and missingness (MISS) ≤ 50%. 

 

Sample ID 

Variant Count 

Biallelic SNPs 10≤DP≤60 
QUAL≥30, 

MISS≤50% 

KS061406LN~26 178.52 M 165.34 M 128.65 M 

KS061278M-4 180.23 M 166.56 M 129.11 M 

TA2398 31.82 M 29.64 M 27.01 M 

TA10155 32.28 M 30.04 M 27.27 M 

PI487264 27.63 M 24.11 M 18.32 M 

PI428088 10.76 M 8.44 M 6.50 M 

PI471021 25.33 M 21.93 M 17.03 M 

PI466984 136.65 M 126.56 M 98.32 M 

PI471815 141.77 M 131.00 M 100.16 M 

PI470736 138.77 M 128.63 M 98.84 M 

PI414718 129.25 M 119.98 M 93.93 M 
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Appendix Table A.3. Mean and median lengths of donor introgression segments detected in 

WILs within each TdGD population under moving average (MA) based segment calling 

parameterizations 

Segments were identified using paired short- and long-range MA smoothing windows applied to donor allele 

proportions along the genome. Short-range MA windows were evaluated at sizes of 2, 6, 10, 20, and 50 bins using a 

donor proportion threshold of 0.9, while long-range MA windows were evaluated at sizes of 10, 20, 40, 60, and 100 

bins using a threshold of 0.7. Each column reports the mean and median segment length (Mb) across all WILs 

within a population for a given short-/long-range MA window combination. 

Pop 
MA2/MA10 MA6/MA20 MA10/MA40 MA20/MA60 MA50/MA100 

Mean Median Mean Median Mean Median Mean Median Mean Median 

30 21 8 30 10 39 11 60 17 113 53 

32 25 7 37 15 48 21 67 24 105 49 

34 22 9 29 11 38 9 71 16 119 32 

41 30 10 45 15 56 12 88 38 137 67 

42 27 8 41 15 56 20 85 35 117 52 

46 30 10 40 13 51 11 87 42 119 56 

80 26 11 36 13 44 11 73 41 106 57 
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Appendix Figure A.1. Representative depth thresholding analyses on chromosome 3B, used 

to inform VCF DP filters 

Although only 3B is shown here, identical patterns of alternate allele depth support and allele balance decay were 

observed across all 21 chromosomes. Left: Percentage of variant sites with ≥ 3 reads supporting the alternate allele, 

plotted against total site depth (DP; log10 scale). Right: Percentage of variant sites with balanced allele ratios 

(alternate allele count/total depth; between 0.25-0.75), plotted against total site depth (DP; log10 scale). 
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Appendix Figure A.2. Marker density of genotypic matrices used for pedigree-based 

imputation in TdGD populations 

Progeny array marker density (left panels) shows the distribution of SNP array-derived markers genotyped in WILs, 

summarized in 1 Mb physical windows along each chromosome. These markers provide the primary empirical 

anchors for segregation state inference in the progeny. Imputation marker density (right panel) shows the 

distribution of markers observed in the population founders, including sequencing-derived variants and array SNPs 

concordant between founders and progeny, summarized in 5 Mb windows. These markers define the set of loci 

available for propagating founder haplotypes through the pedigree during imputation. Marker densities are plotted 

along physical chromosome lengths using the R package CMplot (Yin et al., 2021). Differences in marker density 

between panels highlight regions where haplotype inference in the progeny relies primarily on pedigree-based 

propagation rather than direct genotype observation. All markers are homozygous, non-missing, and polymorphic 

with respect to population founders, with REF/ALT concordance between array- and sequence-derived markers. 

Sequencing-derived variants are thinned to a minimum distance of 250 kb. 
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Appendix Figure A.3. Distribution of observed heterozygosity per WIL across markers 

within each TdGD population 

Individual heterozygosity was calculated from observed heterozygous genotype calls using the R package snpReady 

(Granato et al., 2018). The dashed vertical line indicates the heterozygosity threshold above which individuals were 

classified as excessively heterozygous and removed from downstream analysis. 
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Appendix Figure A.4. Distribution of observed heterozygosity per marker across WILs 

within each TdGD population 

Marker heterozygosity was calculated from observed heterozygous genotype calls using the R package snpReady 

(Granato et al., 2018). The dashed vertical line indicates the heterozygosity threshold above which markers were 

classified as excessively heterozygous and removed from downstream analysis. 
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Appendix Figure A.5. Marker density of imputation genotype matrices for TdGD Pop31 

and Pop41 

Pop30 is shown on the left panels and represents a whole genome shotgun sequencing approach. Pop41 is shown on 

the right panels and represents an exome capture sequencing approach. Sequencing-derived variants were filtered 

and thinning using a minimum inter-marker distance of 50, 100, 150, 200, or 250 kb (top to bottom). At each 

thinning threshold, additional variant sites recalled based on physical overlap with progeny array SNPs are included. 

Marker density is summarized in 5 Mb physical windows along each chromosome and plotted using the R package 

CMplot (Yin et al., 2021). 
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Appendix Figure A.6. PCA results for TdGD Pop30 

Analyses were conducted using filtered array-based SNPs and the R package snpRelate (Zheng et al., 2012). The top 

left panel shows the first two PCs, with points colored by allelic state at the major vernalization locus Vrn-A1. 

Genotype classes are coded as 0 for the homozygous allele matching the RP (KS061406LN~26), 2 for the alternate 

homozygous allele, and 1 for heterozygotes. The top right panel shows absolute correlations between individual 

SNPs and the first two PCs, plotted by physical genomic position along each chromosome. The lower panels display 

PC1 and PC2 with WILs colored by average donor allele proportion calculated from 1 Mb introgression mapping 

bins, shown genome-wide (bottom left) and restricted to the D subgenome (bottom right).  
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Appendix Figure A.7. PCA and SNP-PC correlation results for TdGD populations derived 

from KS061278M-4 

PCA was conducted using filtered array-based SNPs in WIL progeny with the R package snpRelate (Zheng et al., 

2012). For each population (Pop41, Pop42, Pop46, and Pop80), SNP correlation plots display the absolute 

correlations between individual SNPs and the first two PCs, plotted by genomic position across chromosomes to 

identify genomic regions contributing to within population structure. Elevated correlations with PC2 are observed on 

chromosome 2A in Pop41 and Pop80. PCA plots, subset to Pop41 and Pop80, are shown colored by results from a 

competitive allele-specific PCR (KASP) assay targeting the 2NS translocation (lower left) and by average donor 

proportion across chromosome 2A calculated from 1 Mb introgression mapping bins (lower right). 
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Appendix Figure A.8. Per-individual heterozygosity in TdGD WILs following imputation 

Individual heterozygosity is defined as the proportion of heterozygous sites among all callable sites. Heterozygosity 

is summarized by population x subgenome and genome-wide. The top panel shows heterozygosity prior to 

heterozygote smoothing, in which heterozygous calls are retained regardless of flanking marker ancestry. The 

middle panel shows heterozygosity after conservative heterozygote smoothing, applied only when flanking anchor 

markers agree in ancestry state, illustrating the reduction in residual heterozygosity following this step. The bottom 

panels present genome-wide heterozygosity aggregated across all chromosomes, shown before smoothing (left) and 

after smoothing (right).   
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Appendix Figure A.9. Mean marker heterozygosity in TdGD Pop30 following imputation 

and heterozygote smoothing 

Mean heterozygosity at each marker is calculated as the proportion of individuals heterozygous at that site among all 

WILs in population 30. Values are plotted by physical position along each chromosome and faceted by chromosome 

to highlight genomic regions exhibiting elevated residual heterozygosity across the population after heterozygote 

smoothing.   
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Appendix Figure A.10. Marker MAF in TdGD WILs following imputation, summarized by 

population and subgenome 

For each marker, MAF is defined as the frequency of the less common allele within a population. The top panel 

shows MAF distributions prior to ancestry-based heterozygote smoothing, and the bottom panel shows MAF 

distributions after heterozygote smoothing within each population. 
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Appendix Figure A.11. Comparative alignment coverage profiles to assess 1BL.1RS 

presence in KS061278M-4 

Whole genome sequencing reads from Larry (top), a known 1BL.1RS-positive control, and KS061278M-4 (bottom) 

were aligned to a composite reference containing Jagger and Weining rye chromosome 1R. Points represent mean 

read depth within non-overlapping 1 Mb windows.  
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Appendix B - Supplementary tables and figures for Chapter 3 

Appendix Table B.1. Trial management details for TdGD testing environments 

Trial information is shown for Thomas (THD, 2021-2023), Ellis (EL, 2022), and Riley (RL, 2022-2023) Counties, Kansas. Information is provided for crop 

rotation, tillage practices, soil type, planting date, pre-planting seed treatment, grams of seed planted per plot (g plot-1; 3.83 m2 planted plot area), fertilizer inputs, 

herbicide and fungicide applications, harvest date, and trial mean grain moisture at harvest. Gaucho XT Flowable (imidacloprid, matalaxyl, and tebuconazole; 

Bayer Crop Science) was applied with Impress IR, a red seed treatment additive that improves treatment coverage and retention (KALO). Powerflex 

(pyroxsulam; Corteva Agriscience), Zidua (pyroxasulfone; BASF), and MCPA (2-methyl-4-chlorophenoxyacetic acid) were used for weed control. Nexicor 

(fluxapyroxad, pyraclostrobin, and propiconazole; BASF) was used for foliar disease control. DAP (diammonium phosphate) fertilizer was applied at planting 

(in-furrow). Seed treatment rates are expressed as milliliters of product per kilogram of seed (mL kg-1). Fertilizer and pesticide application rates are expressed as 

dry weights, in kilograms per hectare (kg ha-1). Fungicide applications were timed according to crop developmental stage and recorded as “flag leaf fully 

exposed” when calendar date information was unavailable. Soil information for each trial location was obtained from the USDA Natural Resources Conservation 

Service Web Soil Survey (Soil Survey Staff).  

Trial 21THD 22EL 22RL 22THD 23RL 23THD 

Rotation Wheat-Fallow  Sorghum-Fallow-Wheat Soybean-Soybean-Wheat Wheat-Fallow Soybean-Soybean-Wheat Wheat-Fallow 

Tillage Conventional till Conventional till No till Conventional till No till Conventional till 

Soil type Richfield silty clay loam 63% Harney silt loam 

37% Crete silty clay loam 

Reading silt loam 87% Keith silt loam 

13% Richfield silty clay loam 

Reading silt loam Richfield silty clay loam 

Planting Date 9/22/2020 10/5/2021 10/19/2021 9/28/2021 10/17/2022 9/28/2022 

Seed 

treatment 

2.40 mL kg-1 Gaucho XT 

1.20 mL kg-1 Impress IR 

2.40 mL kg-1 Gaucho XT 

1.20 mL kg-1 Impress IR 

2.40 mL kg-1 Gaucho XT 

1.20 mL kg-1 Impress IR 

2.40 mL kg-1 Gaucho XT  

1.20 mL kg-1 Impress IR 

2.40 mL kg-1 Gaucho XT 

1.20 mL kg-1 Impress IR 

2.40 mL kg-1 Gaucho XT 

1.20 mL kg-1 Impress IR 

g plot-1 45 35 35 35 30 30 

Pre-planting 

fertilizer 

- 67.25 kg ha-1 N 56.04 kg ha-1 N - 56.04 kg ha-1 N - 

In-furrow 

fertilizer 

30.30 kg ha-1 DAP 30.30 kg ha-1 DAP 30.30 kg ha-1 DAP 30.30 kg ha-1 DAP 30.30 kg ha-1 DAP 30.30 kg ha-1 DAP 

Fall 

herbicide 

Timing - - 11/16/2021 - - - 

Info - - 0.14 kg ha-1 PowerFlex - - - 

Spring 

herbicide 

Timing 3/31/2021 4/11/2022 4/12/2022 4/4/2022 4/4/2023 4/11/2023 

Info 0.21 kg ha-1 Zidua  

0.84 kg ha-1 MCPA 

0.21 kg ha-1 Zidua  

0.84 kg ha-1 MCPA 

0.21 kg ha-1 Zidua  

0.84 kg ha-1 MCPA 

0.21 kg ha-1 Zidua  

0.84 kg ha-1 MCPA 

0.21 kg ha-1 Zidua  

0.84 kg ha-1 MCPA 

0.21 kg ha-1 Zidua  

0.84 kg ha-1 MCPA 

Top dress 

fertilizer 

Timing 3/31/2021  - 3/29/2022 4/5/2022 4/4/2023 4/11/2023 

Info 56.04 kg ha-1 N  - 119.93 kg ha-1 N 60.53 kg ha-1 N 99.76 kg ha-1 N 19.50 kg ha-1 N 
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Fungicide Timing 5/12/2021 Flag leaf fully exposed Flag leaf fully exposed Flag leaf fully exposed Flag leaf fully exposed Flag leaf fully exposed 

Info 0.70 kg ha-1 Nexicor 0.70 kg ha-1 Nexicor 0.70 kg ha-1 Nexicor 0.70 kg ha-1 Nexicor 0.70 kg ha-1 Nexicor 0.70 kg ha-1 Nexicor 

Harvest Date 7/9/2021 6/24/2022 6/30/2022 7/6/2022 6/29/2023 7/17/2023 

Average 

moisture 

9.4% 8.7% 10.1% 10.5% 9.5% 9.0% 
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Appendix Table B.2. UAS platform, sensor, altitude, and image resolution specifications 

used for drone-based data collection in 2021 and 2022 

Platform, flight altitude, RGB and spectral imagers and ground sampling distance (GSD) are reported separately for 

each year due to differences in equipment between years. GSD represents the ground area captured by each image 

pixel, with smaller values indicating finer spatial resolution. RGB imagery was used to derive green reflectance 

(GR), whereas red and near-infrared (NIR) imagery were used to calculate normalized difference vegetation index 

(NDVI).  

Year 2021 2022 

Platform DJI Phantom 4 Pro DJI Matrice 100 

Altitude 20 m 30 m 

RGB 

Imager Integrated Phantom 4 Pro RGB camera DJI Zenmuse X3 RGB camera 

GSD 0.5 cm pixel-1 1 cm pixel-1 

Spectral 

Imager Sentera High Precision Single sensor (red/NIR) Micasense RedEdge-M Multispectral sensor 

GSD 1.65 cm pixel-1 3.5 cm pixel-1 
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Appendix Table B.3. Cumulative precipitation for TdGD field trials 

Cumulative precipitation (TotPrecip, mm) was calculated for each trial from January 1 (Jan1) through the trial-

specific harvest date and from March 1 (Mar1) through harvest. Precipitation data were obtained from the Kansas 

Mesonet (2025).  

Trial 

TotPrecip 

Jan1 Mar1 

21THD 352.79 340.09 

22EL 168.61 163.54 

22RL 453.61 449.82 

22THD 145.02 137.4 

23RL 289.53 223.5 

23THD 361.67 332.73 
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Appendix Table B.4. Trait means and standard deviations across TdGD testing environments 

Means and standard deviations (StdDev) were calculated from raw, unstandardized observations within each environment and are provided as a reference for 

comparing traits among environments before within-environment standardization and subsequent two-stage mixed model analysis. Traits are grouped into 

agronomic performance, yield and kernel components, and functional quality categories. Trait abbreviations (Abb) and measurement units are provided. Due to 

differences in sensors and measurement platforms between environments, only standardized values are reported for NDVI and GR.  

Trait Abb Units 
21THD 22EL 22RL 22THD 23RL 23THD 

Mean StdDev Mean StdDev Mean StdDev Mean StdDev Mean StdDev Mean StdDev 

Agronomic performance 

Heading date HD Julian days 140.77 1.34 129.43 1.18 128.90 1.22 137.09 2.05 134.85 2.38 - - 

Senescence date SD Julian days 175.52 2.03 161.43 1.26 164.58 1.69 170.40 1.61 171.42 2.17 178.50 1.35 

Grain fill period GFP Days 34.74 1.66 32.00 1.28 35.67 1.33 33.31 1.90 36.56 1.90 - - 

Plant height PH cm 96.06 7.09 69.72 4.70 68.26 5.17 81.59 5.45 75.66 6.54 84.53 9.34 

Yield and kernel components 

Tiller count TC count 56.93 13.75 66.56 11.99 64.77 10.27 - - - - 75.10 15.08 

Normalized difference 

vegetation index 
NDVI - 0.06 0.76 0.08 0.78 0.06 0.72 - - - - - - 

Green GR - -0.01 0.61 0.01 0.69 0.03 0.57 - - - - - - 

Grain yield GY kg/ha 5223.24 1181.26 3633.75 635.53 3485.63 964.22 5265.47 1034.66 3847.67 608.21 5016.57 919.20 

Thousand kernel weight TKW g 29.05 2.65 27.64 2.23 27.79 2.47 25.62 2.55 29.53 2.74 31.58 2.58 

Test Weight TW kg/hL 72.94 1.86 75.14 1.55 72.34 1.52 73.79 1.57 74.92 1.78 72.92 1.25 

Kernel area KA mm2 13.29 1.00 12.67 0.79 12.93 0.92 12.31 0.91 13.14 0.95 13.70 0.88 

Kernel length KL mm 5.94 0.34 5.71 0.27 5.85 0.29 5.90 0.30 5.86 0.28 5.96 0.28 

Kernel width KW mm 3.02 0.09 2.98 0.08 2.99 0.10 2.84 0.10 3.04 0.11 3.10 0.10 

Functional quality 

Grain protein GP % 15.52 0.79 15.60 0.93 17.08 1.03 16.52 0.56 16.56 0.61 15.93 0.62 

Grain protein deviation GPD - 0.00 0.61 0.00 0.85 0.00 0.67 0.00 0.44 0.00 0.46 0.00 0.54 

Protein quality score PQS - 17.22 1.87 15.35 1.12 15.72 1.40 15.35 1.36 17.38 1.18 17.47 1.12 

Solvent retention capacity SRC % 266.54 26.73 239.42 20.65 268.21 26.97 253.30 20.39 287.61 20.64 278.20 18.58 
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Appendix Table B.5. Summary of mixed model results for extended drone data, split by 

growth stage, for TdGD Pop80 

Fixed environment effects from the across-environment model are reported for each environment, expressed relative 

to a standard normal distribution. Random effect variance components are partitioned into genotypic and genotype x 

environment (GxE) terms. Repeatability (R2
across) was calculated as the proportion of genotypic variance relative to 

total variance. 

Trait 
Fixed Random 

R2
across 

21THD 22EL 22RL Genotype GxE 

NDVI_till 0.408 -0.371 0.165 0.072 0.215 0.251 

NDVI_joint 0.352 -0.365 0.336 0.084 0.178 0.320 

NDVI_boot 0.165 -0.511 0.442 0.073 0.151 0.327 

NDVI_anth 0.241 -0.700 0.467 0.116 0.168 0.408 

NDVI_milk 0.039 -0.615 0.466 0.147 0.128 0.533 

GR_till -0.039 -0.143 0.131 0.099 0.337 0.226 

GR_joint -0.170 -0.231 -0.025 0.285 0.182 0.610 

GR_boot 0.458 0.066 0.072 0.308 0.083 0.787 

GR_anth 0.599 -0.327 -0.126 0.386 0.141 0.733 

GR_milk 0.056 -0.267 -0.186 0.179 0.379 0.321 
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Appendix Table B.6. Within-environment estimates of repeatability for agronomic 

performance, yield and kernel component, functional quality, and extended drone data 

traits in TdGD Pop80 

Repeatability (R2
within) was estimated using SpATS models fitted separately for each trait and environment, with 

genotype included as a random effect during spatial (row x column) correction. R2
within was calculated as the ratio of 

genotypic variance to total variance (genotypic + residual). These estimates reflect the reproducibility of genotype 

performance among replicate plots within each environment, where higher spatial heterogeneity is expected to 

reduce R2
within. 

Trait 
R2

within 

21THD 22EL 22RL 22THD 23RL 23THD 

HD 0.84 0.76 0.76 0.90 0.63 - 

SD 0.76 0.68 0.79 0.64 0.48 0.39 

GFP 0.62 0.59 0.57 0.69 0.46 - 

PH 0.89 0.68 0.67 0.74 0.77 0.73 

TC 0.37 0.26 0.31 - - 0.46 

NDVI 0.66 0.55 0.64 - - - 

GR 0.89 0.73 0.84 - - - 

GY 0.90 0.74 0.72 0.87 0.77 0.70 

TKW 0.93 0.93 0.90 0.94 0.90 0.81 

TW 0.95 0.96 0.92 0.93 0.86 0.91 

KA 0.97 0.95 0.95 0.96 0.92 0.88 

KL 0.99 0.97 0.98 0.99 0.95 0.95 

KW 0.91 0.92 0.92 0.93 0.87 0.81 

GP 0.94 0.87 0.90 0.93 0.90 0.86 

GPD 0.85 0.70 0.64 0.88 0.81 0.78 

PQS 0.88 0.70 0.84 0.92 0.75 0.77 

SRC 0.84 0.75 0.83 0.91 0.76 0.74 

NDVI_till 0.32 0.57 0.71 - - - 

NDVI_joint 0.56 0.53 0.67 - - - 

NDVI_boot 0.63 0.47 0.47 - - - 

NDVI_anth 0.70 0.58 0.59 - - - 

NDVI_milk 0.63 0.67 0.64 - - - 

GR_till 0.57 0.46 0.79 - - - 

GR_joint 0.83 0.69 0.68 - - - 

GR_boot 0.80 0.67 0.73 - - - 

GR_anth 0.85 0.71 0.81 - - - 

GR_milk 0.76 0.73 0.84 - - - 

 

  



327 

Appendix Table B.7. GWAS results summary for agronomic performance using BLUEs 

For each significant association, the chromosome (Chr), physical position in Mb (Pos), trait, model, MAF, and 

estimated marker effect are reported. Marker effects are relative to a standard normal distribution. Allelic 

information includes the allelic states of the RP and donor parents (Don), as well as the alleles associated with the 

lower (L) and higher (H) mean phenotypic values among genotype classes. Genotype_class columns report the 

number of WILs carrying the RP allele (WIL_RP) or the donor allele (WIL_Don) at the marker locus. Donor 

direction (DonDir) indicates whether the donor allele increases or decreases the trait value. Donor allele proportion 

within the 1 Mb genomic bin containing the marker (DonProp) represents the average proportion of donor alleles 

across WILs in that genomic region. NA indicates cases where parental alleles could not be unambiguously 

assigned.  

Chr Pos Trait Model MAF Effect 
Allele Genotype_class 

DonDir DonProp 
RP Don L H WIL_RP WIL_Don 

21THD 

2A 10.60 GFP BLINK 0.12 -0.36 NA NA C T NA NA NA 0.11 

4B 28.15 GFP BLINK 0.05 0.44 NA NA C T NA NA NA 0.06 

4B 28.18 GFP MLM 0.08 0.63 NA NA T C NA NA NA 0.06 

4B 28.41 GFP MLM 0.08 0.63 T C C T 210 17 Decrease 0.06 

4B 32.17 GFP MLM 0.08 0.65 NA NA T C NA NA NA 0.05 

6B 163.23 GFP MLM 0.08 0.63 NA NA C T NA NA NA 0.05 

6B 185.67 GFP MLM 0.07 0.74 T C C T 210 10 Decrease 0.08 

6B 217.17 GFP MLM 0.07 0.69 NA NA C T NA NA NA 0.06 

6B 218.65 GFP MLM 0.06 0.78 A G G A 210 9 Decrease 0.05 

6B 309.77 GFP MLM 0.08 0.72 A G G A 206 10 Decrease 0.05 

6B 333.51 GFP MLM 0.07 0.76 A G G A 208 10 Decrease 0.00 

6B 431.80 GFP MLM 0.09 0.60 A G G A 198 8 Decrease 0.02 

6B 431.80 GFP MLM 0.06 0.99 T C C T 207 3 Decrease 0.02 

6B 431.81 GFP MLM 0.06 0.70 T G G T 211 10 Decrease 0.02 

6B 450.59 GFP MLM 0.06 0.77 A G G A 214 10 Decrease 0.01 

6B 490.21 GFP MLM 0.12 0.52 NA NA A T NA NA NA 0.00 

6B 491.62 GFP MLM 0.11 0.63 NA NA G A NA NA NA 0.00 

6B 618.67 GFP MLM 0.10 0.59 NA NA G A NA NA NA 0.31 

6B 431.80 GFP MLMM 0.06 0.99 T C C T 207 3 Decrease 0.02 

3A 481.52 HD BLINK 0.15 0.28 NA NA T C NA NA NA 0.08 

3B 68.40 HD BLINK 0.25 -0.29 NA NA C T NA NA NA 0.04 

7A 584.99 HD BLINK 0.35 0.18 NA NA G A NA NA NA 0.10 

3A 41.37 PH BLINK 0.05 0.69 NA NA A G NA NA NA 0.20 

4B 28.41 PH BLINK 0.08 -0.81 T C T C 210 17 Increase 0.06 

6A 578.89 PH BLINK 0.06 -0.48 A G A G 209 8 Increase 0.01 

7D 76.48 PH BLINK 0.08 -0.49 NA NA A G NA NA NA 0.40 

4B 25.17 PH MLM 0.05 -0.67 NA NA A C NA NA NA 0.08 

4B 26.49 PH MLM 0.11 -0.66 NA NA C T NA NA NA 0.06 

4B 28.15 PH MLM 0.05 -0.68 NA NA T C NA NA NA 0.06 

4B 28.15 PH MLM 0.08 -0.71 A C A C 205 12 Increase 0.06 
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4B 28.15 PH MLM 0.07 -0.85 A G A G 211 14 Increase 0.06 

4B 28.18 PH MLM 0.08 -0.91 NA NA C T NA NA NA 0.06 

4B 28.23 PH MLM 0.09 -0.80 G T G T 207 16 Increase 0.06 

4B 28.41 PH MLM 0.08 -0.89 T C T C 210 17 Increase 0.06 

4B 28.41 PH MLM 0.07 -0.76 T C T C 209 12 Increase 0.06 

4B 30.36 PH MLM 0.08 -0.80 A G A G 210 14 Increase 0.05 

4B 30.86 PH MLM 0.09 -0.70 NA NA T C NA NA NA 0.05 

4B 31.18 PH MLM 0.07 -0.86 C T C T 211 14 Increase 0.05 

4B 32.17 PH MLM 0.08 -0.74 NA NA C T NA NA NA 0.05 

4B 33.07 PH MLM 0.07 -0.71 A C A C 209 12 Increase 0.04 

4B 38.79 PH MLM 0.06 -0.69 C T C T 216 15 Increase 0.11 

4B 480.92 PH MLM 0.07 -0.88 T C T C 207 10 Increase 0.02 

4B 28.41 PH MLMM 0.08 -0.90 T C T C 210 17 Increase 0.06 

2A 18.02 SD BLINK 0.07 -0.31 T C T C 212 12 Increase 0.30 

2B 65.23 SD BLINK 0.05 -0.61 NA NA A G NA NA NA 0.34 

4B 28.41 SD BLINK 0.08 0.33 T C C T 210 17 Decrease 0.06 

6B 431.80 SD BLINK 0.06 0.74 T C C T 207 3 Decrease 0.02 

7A 436.70 SD BLINK 0.08 0.34 A C C A 212 17 Decrease 0.08 

7D 6.38 SD BLINK 0.13 0.24 NA NA G A NA NA NA 0.72 

2B 65.23 SD MLMM 0.05 -0.69 NA NA A G NA NA NA 0.34 

6B 431.80 SD MLMM 0.06 0.91 T C C T 207 3 Decrease 0.02 

22EL 

3A 40.15 GFP BLINK 0.05 -0.43 A G A G 218 11 Increase 0.16 

5A 689.61 GFP BLINK 0.06 -0.62 NA NA G T NA NA NA 0.00 

6B 135.12 GFP BLINK 0.09 0.59 NA NA A C NA NA NA 0.31 

7B 3.50 GFP BLINK 0.06 -0.44 C T C T 215 10 Increase 0.23 

2B 66.20 HD BLINK 0.07 -0.68 T C T C 205 8 Increase 0.18 

3A 481.52 HD BLINK 0.15 0.39 NA NA T C NA NA NA 0.08 

1B 426.44 PH BLINK 0.07 -0.33 A G A G 214 14 Increase 0.07 

1B 623.67 PH BLINK 0.38 0.25 C G G C 82 136 Decrease 0.34 

1B 632.42 PH BLINK 0.29 -0.25 NA NA A G NA NA NA 0.62 

2D 28.55 PH BLINK 0.08 0.42 C A A C 206 10 Decrease 0.01 

3B 829.20 PH BLINK 0.16 0.33 T G G T 188 29 Decrease 0.10 

4B 28.15 PH BLINK 0.08 -0.42 A C A C 205 12 Increase 0.06 

6A 552.94 PH BLINK 0.07 -0.64 NA NA T C NA NA NA 0.17 

6B 717.92 PH BLINK 0.06 0.53 T G G T 208 7 Decrease 0.01 

2B 63.85 SD BLINK 0.05 -0.63 A C A C 214 7 Increase 0.08 

3A 31.66 SD BLINK 0.10 -0.42 T C T C 195 11 Increase 0.15 

3A 438.61 SD BLINK 0.11 0.54 A G G A 199 18 Decrease 0.07 

5B 644.87 SD BLINK 0.11 0.32 NA NA G A NA NA NA 0.00 

6B 120.65 SD BLINK 0.09 0.49 T C C T 201 12 Decrease 0.04 

2B 63.85 SD MLM 0.05 -0.66 A C A C 214 7 Increase 0.08 
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2B 63.85 SD MLMM 0.05 -0.68 A C A C 214 7 Increase 0.08 

22RL 

7A 553.99 GFP BLINK 0.12 -0.42 NA NA C T NA NA NA 0.07 

3A 151.32 HD BLINK 0.11 0.55 C T T C 199 17 Decrease 0.06 

1B 440.27 PH BLINK 0.10 -0.56 NA NA G A NA NA NA 0.08 

2B 18.26 PH BLINK 0.06 -0.48 C T C T 217 14 Increase 0.16 

3B 581.49 PH BLINK 0.40 0.56 T C C T 129 81 Decrease 0.39 

3B 581.70 PH BLINK 0.39 0.38 NA NA T C NA NA NA 0.39 

3B 691.71 PH BLINK 0.42 0.28 A G G A 129 90 Decrease 0.28 

2B 6.23 SD BLINK 0.14 -0.35 NA NA G T NA NA NA 0.59 

2B 63.85 SD BLINK 0.05 -0.48 A C A C 214 7 Increase 0.08 

3A 47.83 SD BLINK 0.12 0.44 NA NA G A NA NA NA 0.60 

3A 47.83 SD MLM 0.12 0.57 NA NA G A NA NA NA 0.60 

2B 6.23 SD MLMM 0.14 -0.41 NA NA G T NA NA NA 0.59 

3A 47.83 SD MLMM 0.12 0.58 NA NA G A NA NA NA 0.60 

22THD 

4A 662.20 GFP BLINK 0.12 -0.42 T C T C 193 16 Increase 0.02 

2B 23.79 HD BLINK 0.06 -0.38 C G C G 217 14 Increase 0.08 

2D 67.58 HD BLINK 0.16 0.29 T C C T 187 28 Decrease 0.03 

3A 438.62 HD BLINK 0.11 0.47 NA NA C T NA NA NA 0.07 

3B 0.99 HD BLINK 0.15 -0.25 NA NA C T NA NA NA 0.19 

3B 63.47 HD BLINK 0.34 -0.25 NA NA C T NA NA NA 0.22 

4A 664.45 HD BLINK 0.11 0.43 NA NA C T NA NA NA 0.00 

5A 672.74 HD BLINK 0.07 0.37 T C C T 209 11 Decrease 0.04 

6A 502.68 HD BLINK 0.07 -0.49 C T C T 209 9 Increase 0.01 

7A 316.01 HD BLINK 0.48 -0.22 NA NA A C NA NA NA 0.08 

4A 662.20 HD MLM 0.12 0.59 T C C T 193 16 Decrease 0.02 

4A 662.20 HD MLMM 0.12 0.58 T C C T 193 16 Decrease 0.02 

3B 566.84 PH BLINK 0.42 0.34 G A A G 134 97 Decrease 0.36 

4B 28.18 PH BLINK 0.08 -0.40 NA NA C T NA NA NA 0.06 

5B 448.12 PH BLINK 0.09 0.33 NA NA A G NA NA NA 0.28 

2B 65.23 SD BLINK 0.05 -0.59 NA NA A G NA NA NA 0.34 

4B 34.72 SD BLINK 0.06 0.41 C T T C 208 6 Decrease 0.05 

23RL 

2B 63.85 HD BLINK 0.05 -0.80 A C A C 214 7 Increase 0.08 

3A 481.52 HD BLINK 0.15 0.31 NA NA T C NA NA NA 0.08 

5B 498.29 HD BLINK 0.13 -0.27 T G T G 197 28 Increase 0.12 

7B 332.80 HD BLINK 0.06 -0.40 A G A G 216 15 Increase 0.02 

2B 45.55 HD MLM 0.05 -0.88 NA NA A C NA NA NA 0.31 

2B 59.10 HD MLM 0.06 -0.77 NA NA T C NA NA NA 0.07 

2B 63.85 HD MLM 0.05 -0.89 A C A C 214 7 Increase 0.08 

2B 65.23 HD MLM 0.05 -0.91 NA NA A G NA NA NA 0.34 
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2B 66.20 HD MLM 0.07 -0.62 T C T C 205 8 Increase 0.18 

2B 63.85 HD MLMM 0.05 -0.90 A C A C 214 7 Increase 0.08 

3A 47.83 HD MLMM 0.12 0.38 NA NA G A NA NA NA 0.60 

7B 332.80 HD MLMM 0.06 -0.49 A G A G 216 15 Increase 0.02 

1B 563.45 PH BLINK 0.10 -0.47 NA NA T C NA NA NA 0.33 

3B 68.40 PH BLINK 0.25 -0.31 NA NA C T NA NA NA 0.04 

6A 467.04 PH BLINK 0.07 -0.68 NA NA T C NA NA NA 0.00 

2B 65.23 SD BLINK 0.05 -0.56 NA NA A G NA NA NA 0.34 

5B 498.29 SD BLINK 0.13 -0.34 T G T G 196 28 Increase 0.12 

5D 502.03 SD BLINK 0.09 0.41 C T T C 199 12 Decrease 0.02 

6D 460.74 SD BLINK 0.07 -0.69 A G A G 201 2 Increase 0.10 

23THD 

2B 184.39 PH BLINK 0.15 -0.21 A C A C 196 34 Increase 0.19 

5A 700.35 PH BLINK 0.07 0.31 NA NA G T NA NA NA 0.00 

5B 439.27 PH BLINK 0.09 0.29 NA NA T C NA NA NA 0.53 

6A 418.54 PH BLINK 0.07 -0.36 C T C T 210 10 Increase 0.01 

1B 655.76 SD BLINK 0.42 -0.19 NA NA T C NA NA NA 0.20 

2B 65.23 SD BLINK 0.05 -0.78 NA NA A G NA NA NA 0.34 

6B 115.95 SD BLINK 0.06 0.41 G A A G 213 9 Decrease 0.15 

7B 6.15 SD BLINK 0.05 -0.55 NA NA T C NA NA NA 0.16 

2B 45.55 SD MLM 0.05 -0.69 NA NA A C NA NA NA 0.31 

2B 59.10 SD MLM 0.06 -0.59 NA NA T C NA NA NA 0.07 

2B 63.85 SD MLM 0.05 -0.67 A C A C 214 7 Increase 0.08 

2B 65.23 SD MLM 0.05 -0.80 NA NA A G NA NA NA 0.34 

2B 65.23 SD MLMM 0.05 -0.80 NA NA A G NA NA NA 0.34 
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Appendix Table B.8. GWAS results summary for yield and kernel components using 

BLUEs 

For each significant association, the chromosome (Chr), physical position in Mb (Pos), trait, model, MAF, and 

estimated marker effect are reported. Marker effects are relative to a standard normal distribution. Allelic 

information includes the allelic states of the RP and donor parents (Don), as well as the alleles associated with the 

lower (L) and higher (H) mean phenotypic values among genotype classes. Genotype_class columns report the 

number of WILs carrying the RP allele (WIL_RP) or the donor allele (WIL_Don) at the marker locus. Donor 

direction (DonDir) indicates whether the donor allele increases or decreases the trait value. Donor allele proportion 

within the 1 Mb genomic bin containing the marker (DonProp) represents the average proportion of donor alleles 

across WILs in that genomic region. NA indicates cases where parental alleles could not be unambiguously 

assigned.  

Chr Pos Trait Model MAF Effect 
Allele Genotype_class 

DonDir DonProp 
RP Don L H WIL_RP WIL_Don 

21THD 

2B 23.79 GR BLINK 0.08 0.24 A C C A 206 11 Decrease 0.08 

3B 457.98 GR BLINK 0.48 0.20 NA NA T C NA NA NA 0.02 

5A 412.53 GR BLINK 0.43 -0.15 T C T C 131 97 Increase 0.31 

5A 412.53 GR MLM 0.43 -0.15 T C T C 131 97 Increase 0.31 

5A 414.01 GR MLM 0.40 -0.14 A G A G 139 92 Increase 0.37 

5A 412.53 GR MLMM 0.43 -0.15 T C T C 131 97 Increase 0.31 

3A 552.32 GY BLINK 0.14 0.46 T C C T 188 20 Decrease 0.08 

4B 34.72 GY BLINK 0.06 0.52 C T T C 208 6 Decrease 0.05 

6B 717.92 GY BLINK 0.06 0.47 T G G T 208 7 Decrease 0.01 

1A 28.62 KA BLINK 0.24 -0.20 C T C T 175 53 Increase 0.18 

2A 83.01 KA BLINK 0.08 -0.24 G A G A 205 11 Increase 0.07 

2A 103.38 KA BLINK 0.09 0.60 T C T C 205 17 Increase 0.07 

2A 117.39 KA BLINK 0.09 0.58 C A C A 208 18 Increase 0.07 

2A 133.34 KA BLINK 0.06 0.74 C T C T 210 9 Increase 0.05 

2A 162.42 KA BLINK 0.06 0.84 A C A C 210 9 Increase 0.01 

2A 686.86 KA BLINK 0.11 -0.32 NA NA G A NA NA NA 0.02 

3A 438.62 KA BLINK 0.11 -0.23 NA NA T C NA NA NA 0.07 

3D 30.24 KA BLINK 0.16 0.20 A G G A 188 33 Decrease 0.24 

4B 628.30 KA BLINK 0.06 -0.51 A G A G 207 5 Increase 0.02 

5A 510.03 KA BLINK 0.07 -0.36 A G A G 209 11 Increase 0.09 

5A 609.69 KA BLINK 0.48 -0.22 NA NA T C NA NA NA 0.19 

6B 686.80 KA BLINK 0.30 0.17 NA NA C T NA NA NA 0.00 

6B 688.31 KA BLINK 0.05 -0.34 NA NA A G NA NA NA 0.00 

7A 108.96 KA BLINK 0.21 -0.20 C T C T 180 46 Increase 0.32 

1A 28.62 KL BLINK 0.24 -0.26 C T C T 175 53 Increase 0.18 

2A 83.01 KL BLINK 0.08 -0.40 G A G A 205 11 Increase 0.07 

3A 438.62 KL BLINK 0.11 -0.35 NA NA T C NA NA NA 0.07 

4A 644.49 KL BLINK 0.09 -0.30 T G T G 204 16 Increase 0.02 

4B 28.23 KL BLINK 0.09 -0.52 G T G T 207 16 Increase 0.06 

5A 437.21 KL BLINK 0.05 -0.69 NA NA T C NA NA NA 0.42 
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5A 446.83 KL BLINK 0.49 0.20 NA NA T C NA NA NA 0.14 

5A 595.55 KL BLINK 0.05 -0.49 NA NA G A NA NA NA 0.16 

5A 608.88 KL BLINK 0.44 -0.17 C T T C 102 129 Decrease 0.24 

7A 646.99 KL BLINK 0.07 -0.33 NA NA A G NA NA NA 0.46 

7D 127.14 KL BLINK 0.11 -0.36 NA NA A G NA NA NA 0.00 

4B 617.28 KW BLINK 0.05 -0.72 G T G T 217 11 Increase 0.22 

6A 597.35 KW BLINK 0.10 0.40 NA NA C A NA NA NA 0.01 

1A 272.61 NDVI BLINK 0.11 0.13 NA NA G A NA NA NA 0.14 

1B 662.16 NDVI BLINK 0.05 0.18 NA NA T C NA NA NA 0.08 

1D 41.57 NDVI BLINK 0.14 -0.09 T C T C 198 32 Increase 0.14 

2A 581.58 NDVI BLINK 0.16 0.14 G A A G 185 30 Decrease 0.06 

2B 129.66 NDVI BLINK 0.06 -0.17 NA NA A G NA NA NA 0.24 

4A 19.66 NDVI BLINK 0.10 -0.15 A G A G 207 23 Increase 0.08 

5A 469.27 NDVI BLINK 0.05 0.23 A G G A 219 12 Decrease 0.10 

7A 112.98 NDVI BLINK 0.08 0.38 NA NA C G NA NA NA 0.29 

3A 44.60 NDVI MLM 0.07 0.37 A G A G 4 202 Increase 0.23 

3A 44.61 NDVI MLM 0.07 -0.34 T C T C 203 5 Increase 0.23 

3A 45.78 NDVI MLM 0.06 0.44 NA NA C T NA NA NA 0.03 

3A 47.08 NDVI MLM 0.06 0.32 G A G A 15 216 Increase 0.60 

3A 50.89 NDVI MLM 0.05 0.33 A G A G 7 214 Increase 0.59 

3A 52.35 NDVI MLM 0.08 0.32 NA NA A C NA NA NA 0.37 

3A 56.14 NDVI MLM 0.05 0.34 NA NA T C NA NA NA 0.17 

7A 112.98 NDVI MLM 0.08 0.47 NA NA C G NA NA NA 0.29 

7A 117.78 NDVI MLM 0.05 0.40 NA NA C T NA NA NA 0.15 

7A 125.49 NDVI MLM 0.09 0.31 NA NA C T NA NA NA 0.10 

7A 112.98 NDVI MLMM 0.08 0.48 NA NA C G NA NA NA 0.29 

4B 14.11 TC BLINK 0.12 0.36 NA NA C T NA NA NA 0.11 

5A 502.79 TC BLINK 0.09 0.40 T C C T 202 13 Decrease 0.11 

4B 14.11 TC MLMM 0.12 0.39 NA NA C T NA NA NA 0.11 

3D 433.50 TKW BLINK 0.15 0.25 G T T G 190 27 Decrease 0.02 

4B 622.78 TKW BLINK 0.06 -0.61 NA NA C T NA NA NA 0.10 

5A 510.03 TKW BLINK 0.07 -0.36 A G A G 209 11 Increase 0.09 

5A 609.69 TKW BLINK 0.48 -0.21 NA NA T C NA NA NA 0.19 

6B 686.80 TKW BLINK 0.30 0.20 NA NA C T NA NA NA 0.00 

7A 303.97 TKW BLINK 0.13 -0.31 NA NA A G NA NA NA 0.09 

2A 713.93 TW BLINK 0.13 0.32 G A A G 202 29 Decrease 0.20 

3B 112.27 TW BLINK 0.41 0.21 NA NA C T NA NA NA 0.34 

4A 341.07 TW BLINK 0.10 0.82 T C C T 199 16 Decrease 0.04 

4A 365.62 TW BLINK 0.08 -0.87 T C C T 208 14 Decrease 0.01 

6B 431.80 TW BLINK 0.06 0.91 T C C T 207 3 Decrease 0.02 

7A 654.77 TW BLINK 0.10 0.32 A G G A 209 22 Decrease 0.06 

2A 691.23 TW MLM 0.08 0.50 NA NA C T NA NA NA 0.27 

2A 700.54 TW MLM 0.10 0.55 NA NA C T NA NA NA 0.06 
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2A 700.54 TW MLM 0.09 0.55 NA NA G A NA NA NA 0.06 

2A 713.93 TW MLM 0.13 0.42 G A A G 202 29 Decrease 0.20 

4A 25.80 TW MLM 0.10 0.43 NA NA C T NA NA NA 0.16 

6B 185.67 TW MLM 0.07 0.78 T C C T 210 10 Decrease 0.08 

6B 431.80 TW MLM 0.06 0.95 T C C T 207 3 Decrease 0.02 

6B 531.53 TW MLM 0.06 0.77 A G G A 213 11 Decrease 0.01 

7A 654.77 TW MLM 0.10 0.55 A G G A 209 22 Decrease 0.06 

2A 700.54 TW MLMM 0.10 0.52 NA NA C T NA NA NA 0.06 

4A 25.80 TW MLMM 0.10 0.41 NA NA C T NA NA NA 0.16 

6B 431.80 TW MLMM 0.06 0.88 T C C T 207 3 Decrease 0.02 

22EL 

2A 205.92 GR BLINK 0.07 -0.31 NA NA A G NA NA NA 0.00 

5A 412.53 GR BLINK 0.43 -0.20 T C T C 131 97 Increase 0.31 

5B 680.99 GY BLINK 0.10 0.49 NA NA C T NA NA NA 0.00 

6B 472.95 GY BLINK 0.09 0.38 G A A G 204 15 Decrease 0.02 

2A 713.93 KA BLINK 0.13 -0.34 G A G A 202 29 Increase 0.20 

4B 628.30 KA BLINK 0.06 -0.42 A G A G 207 5 Increase 0.02 

5A 442.35 KA BLINK 0.42 -0.19 NA NA A C NA NA NA 0.29 

6B 686.80 KA BLINK 0.30 0.18 NA NA C T NA NA NA 0.00 

3A 438.62 KL BLINK 0.11 -0.35 NA NA T C NA NA NA 0.07 

4A 644.49 KL BLINK 0.09 -0.36 T G T G 204 16 Increase 0.02 

4B 28.15 KL BLINK 0.08 -0.34 A C A C 205 12 Increase 0.06 

5A 446.83 KL BLINK 0.49 0.21 NA NA T C NA NA NA 0.14 

5A 547.80 KL BLINK 0.08 -0.31 A G A G 212 19 Increase 0.07 

6B 686.80 KL BLINK 0.30 0.17 NA NA C T NA NA NA 0.00 

6B 688.31 KL BLINK 0.05 -0.47 NA NA A G NA NA NA 0.00 

7D 124.50 KL BLINK 0.13 -0.32 T G T G 192 22 Increase 0.01 

2A 713.93 KW BLINK 0.13 -0.24 G A G A 202 29 Increase 0.20 

3D 30.24 KW BLINK 0.16 0.34 A G G A 188 33 Decrease 0.24 

4A 673.35 KW BLINK 0.08 -0.37 A G A G 211 19 Increase 0.03 

5A 1.20 KW BLINK 0.11 0.40 A G G A 204 23 Decrease 0.02 

5B 650.01 KW BLINK 0.07 0.40 NA NA T C NA NA NA 0.00 

5D 132.41 KW BLINK 0.13 -0.43 T C T C 198 29 Increase 0.16 

6B 686.80 KW BLINK 0.30 0.21 NA NA C T NA NA NA 0.00 

7A 527.15 KW BLINK 0.10 -0.41 T C T C 207 24 Increase 0.09 

2A 476.22 NDVI BLINK 0.06 0.34 NA NA T G NA NA NA 0.00 

5B 8.34 NDVI BLINK 0.06 0.34 NA NA T C NA NA NA 0.04 

2A 715.39 TKW BLINK 0.23 -0.28 NA NA C A NA NA NA 0.22 

2B 614.91 TKW BLINK 0.07 0.42 NA NA A G NA NA NA 0.06 

4B 39.30 TKW BLINK 0.05 -0.56 A C A C 217 11 Increase 0.06 

5A 609.69 TKW BLINK 0.48 -0.17 NA NA T C NA NA NA 0.19 

6B 686.80 TKW BLINK 0.30 0.19 NA NA C T NA NA NA 0.00 
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3D 422.47 TW BLINK 0.10 -0.25 G A G A 207 24 Increase 0.02 

4A 341.07 TW BLINK 0.10 0.39 T C C T 199 16 Decrease 0.04 

5B 34.76 TW BLINK 0.09 0.29 NA NA A G NA NA NA 0.04 

5D 406.59 TW BLINK 0.12 0.39 A G G A 196 19 Decrease 0.07 

6B 531.53 TW BLINK 0.06 1.10 A G G A 213 11 Decrease 0.01 

6B 567.61 TW BLINK 0.05 -0.90 A G G A 218 11 Decrease 0.01 

7A 273.02 TW BLINK 0.23 -0.20 NA NA C T NA NA NA 0.19 

22RL 

2B 6.23 GR BLINK 0.14 0.16 NA NA T G NA NA NA 0.59 

2B 18.26 GR BLINK 0.06 0.31 C T T C 217 14 Decrease 0.16 

3A 713.63 GR BLINK 0.11 0.23 A G G A 199 21 Decrease 0.07 

5A 412.53 GR BLINK 0.43 -0.11 T C T C 131 97 Increase 0.31 

2B 5.53 GR MLM 0.12 0.33 NA NA C A NA NA NA 0.69 

2B 5.67 GR MLM 0.13 0.31 NA NA A G NA NA NA 0.69 

2B 6.23 GR MLM 0.14 0.29 NA NA T G NA NA NA 0.59 

2B 9.73 GR MLM 0.15 0.26 NA NA G A NA NA NA 0.32 

2B 18.26 GR MLM 0.06 0.41 C T T C 217 14 Decrease 0.16 

2B 23.79 GR MLM 0.08 0.37 A C C A 206 11 Decrease 0.08 

2B 23.79 GR MLM 0.06 0.35 C G G C 217 14 Decrease 0.08 

2B 23.81 GR MLM 0.06 0.36 T C C T 216 11 Decrease 0.08 

5A 412.53 GR MLM 0.43 -0.15 T C T C 131 97 Increase 0.31 

2B 5.67 GR MLMM 0.13 0.31 NA NA A G NA NA NA 0.69 

1D 38.87 GY BLINK 0.19 0.27 T C C T 185 43 Decrease 0.15 

2B 451.89 GY BLINK 0.11 0.46 NA NA G A NA NA NA 0.06 

3A 53.03 GY BLINK 0.15 0.39 NA NA G A NA NA NA 0.54 

2A 713.93 KA BLINK 0.13 -0.50 G A G A 202 29 Increase 0.20 

3A 12.84 KA BLINK 0.06 0.85 NA NA T C NA NA NA 0.20 

3A 31.66 KA BLINK 0.10 -0.43 T C T C 195 11 Increase 0.15 

4A 644.49 KA BLINK 0.09 -0.34 T G T G 204 16 Increase 0.02 

4B 601.75 KA BLINK 0.10 -0.60 A G A G 199 14 Increase 0.04 

5B 508.80 KA BLINK 0.11 0.26 NA NA T C NA NA NA 0.11 

6B 686.80 KA BLINK 0.30 0.22 NA NA C T NA NA NA 0.00 

2A 713.93 KL BLINK 0.13 -0.43 G A G A 202 29 Increase 0.20 

3A 438.62 KL BLINK 0.11 -0.42 NA NA T C NA NA NA 0.07 

5A 446.83 KL BLINK 0.49 0.20 NA NA T C NA NA NA 0.14 

5A 547.80 KL BLINK 0.08 -0.27 A G A G 212 19 Increase 0.07 

6B 686.80 KL BLINK 0.30 0.22 NA NA C T NA NA NA 0.00 

6B 688.31 KL BLINK 0.05 -0.40 NA NA A G NA NA NA 0.00 

7D 124.50 KL BLINK 0.13 -0.29 T G T G 192 22 Increase 0.01 

4B 626.63 KW BLINK 0.06 -0.60 NA NA G T NA NA NA 0.02 

5A 3.65 KW BLINK 0.11 0.36 A G A G 14 196 Increase 0.15 

5A 608.88 KW BLINK 0.44 -0.19 C T T C 102 129 Decrease 0.24 

5D 0.35 KW BLINK 0.19 -0.37 T G T G 178 34 Increase 0.03 
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6B 686.80 KW BLINK 0.30 0.28 NA NA C T NA NA NA 0.00 

6B 690.97 KW MLMM 0.35 0.31 NA NA T C NA NA NA 0.00 

4B 28.23 NDVI BLINK 0.09 0.20 G T T G 207 16 Decrease 0.06 

5A 470.19 NDVI BLINK 0.09 0.18 NA NA T C NA NA NA 0.28 

5B 249.07 NDVI BLINK 0.05 0.30 A G G A 209 3 Decrease 0.04 

2A 713.93 TKW BLINK 0.13 -0.39 G A G A 202 29 Increase 0.20 

3A 56.14 TKW BLINK 0.05 -0.40 NA NA C T NA NA NA 0.17 

4B 633.62 TKW BLINK 0.07 -0.62 G A G A 207 10 Increase 0.03 

5A 609.69 TKW BLINK 0.48 -0.21 NA NA T C NA NA NA 0.19 

6B 686.80 TKW BLINK 0.30 0.26 NA NA C T NA NA NA 0.00 

6B 684.27 TKW MLM 0.37 0.26 NA NA C T NA NA NA 0.00 

6B 686.80 TKW MLM 0.30 0.29 NA NA C T NA NA NA 0.00 

6B 690.97 TKW MLM 0.35 0.26 NA NA T C NA NA NA 0.00 

6B 686.80 TKW MLMM 0.30 0.30 NA NA C T NA NA NA 0.00 

2A 713.93 TW BLINK 0.13 0.38 G A A G 202 29 Decrease 0.20 

3D 422.47 TW BLINK 0.10 -0.51 G A G A 207 24 Increase 0.02 

5B 640.56 TW BLINK 0.18 0.26 NA NA T C NA NA NA 0.00 

5D 263.15 TW BLINK 0.16 0.28 A G G A 176 19 Decrease 0.12 

6B 147.58 TW BLINK 0.05 -0.74 NA NA C T NA NA NA 0.14 

6B 165.07 TW BLINK 0.05 -0.95 T G G T 217 10 Decrease 0.05 

6B 417.85 TW BLINK 0.06 -1.04 NA NA T C NA NA NA 0.00 

6B 531.53 TW BLINK 0.06 0.74 A G G A 213 11 Decrease 0.01 

6B 196.68 TW MLM 0.17 0.50 T C C T 191 39 Decrease 0.08 

6B 333.51 TW MLM 0.07 0.85 A G G A 208 10 Decrease 0.00 

6B 531.53 TW MLM 0.06 0.87 A G G A 213 11 Decrease 0.01 

6B 196.68 TW MLMM 0.17 0.49 T C C T 191 39 Decrease 0.08 

6B 218.65 TW MLMM 0.06 0.91 A G G A 210 9 Decrease 0.05 

6B 333.51 TW MLMM 0.07 0.93 A G G A 208 10 Decrease 0.00 

6B 531.53 TW MLMM 0.06 0.91 A G G A 213 11 Decrease 0.01 

6B 554.79 TW MLMM 0.11 0.59 T C C T 202 20 Decrease 0.02 

22THD 

2B 63.85 GY BLINK 0.05 0.46 A C C A 214 7 Decrease 0.08 

3A 80.09 GY BLINK 0.09 0.37 T C C T 204 15 Decrease 0.11 

2A 713.93 KA BLINK 0.13 -0.37 G A G A 202 29 Increase 0.20 

4B 28.23 KA BLINK 0.09 -0.72 G T G T 207 16 Increase 0.06 

5A 609.69 KA BLINK 0.48 -0.16 NA NA T C NA NA NA 0.19 

6B 686.80 KA BLINK 0.30 0.17 NA NA C T NA NA NA 0.00 

3A 438.62 KL BLINK 0.11 -0.32 NA NA T C NA NA NA 0.07 

3B 3.91 KL BLINK 0.14 -0.22 NA NA C T NA NA NA 0.34 

4B 28.15 KL BLINK 0.08 -0.49 A C A C 205 12 Increase 0.06 

5A 442.71 KL BLINK 0.44 0.15 G A A G 129 101 Decrease 0.29 

5A 547.80 KL BLINK 0.08 -0.41 A G A G 212 19 Increase 0.07 
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6B 688.31 KL BLINK 0.05 -0.53 NA NA A G NA NA NA 0.00 

7D 124.50 KL BLINK 0.13 -0.33 T G T G 192 22 Increase 0.01 

1A 10.08 KW BLINK 0.44 -0.16 NA NA T C NA NA NA 0.09 

2A 700.54 KW BLINK 0.10 -0.39 NA NA T C NA NA NA 0.06 

2B 249.21 KW BLINK 0.09 -0.29 NA NA T G NA NA NA 0.18 

3D 30.24 KW BLINK 0.16 0.24 A G G A 188 33 Decrease 0.24 

4B 28.23 KW BLINK 0.09 -0.38 G T G T 207 16 Increase 0.06 

4B 601.75 KW BLINK 0.10 -0.39 A G A G 199 14 Increase 0.04 

5A 609.69 KW BLINK 0.48 -0.16 NA NA T C NA NA NA 0.19 

5B 550.39 KW BLINK 0.08 0.32 NA NA T C NA NA NA 0.17 

6B 690.97 KW BLINK 0.35 0.19 NA NA T C NA NA NA 0.00 

6D 3.03 KW BLINK 0.22 -0.21 NA NA G A NA NA NA 0.00 

2D 223.90 TKW BLINK 0.07 -0.37 C T C T 202 5 Increase 0.01 

4B 28.23 TKW BLINK 0.09 -0.67 G T G T 207 16 Increase 0.06 

5A 558.97 TKW BLINK 0.26 0.15 A G G A 170 58 Decrease 0.21 

5A 595.55 TKW BLINK 0.05 -0.36 NA NA G A NA NA NA 0.16 

5A 609.69 TKW BLINK 0.48 -0.20 NA NA T C NA NA NA 0.19 

6B 690.97 TKW BLINK 0.35 0.21 NA NA T C NA NA NA 0.00 

1A 517.47 TW BLINK 0.10 -0.25 G A G A 201 16 Increase 0.16 

2A 713.93 TW BLINK 0.13 0.23 G A A G 202 29 Decrease 0.20 

2B 110.48 TW BLINK 0.15 0.33 NA NA G T NA NA NA 0.06 

2D 32.79 TW BLINK 0.10 -0.31 NA NA T C NA NA NA 0.01 

3B 419.56 TW BLINK 0.35 0.27 T C C T 150 81 Decrease 0.01 

4A 695.26 TW BLINK 0.09 0.43 NA NA G A NA NA NA 0.00 

5B 677.15 TW BLINK 0.10 0.25 NA NA C T NA NA NA 0.00 

6B 531.53 TW BLINK 0.06 0.50 A G G A 213 11 Decrease 0.01 

6B 704.04 TW BLINK 0.06 0.31 NA NA A G NA NA NA 0.00 

5B 10.43 TW MLMM 0.08 -0.77 G A A G 204 9 Decrease 0.04 

5B 11.31 TW MLMM 0.07 0.87 A G G A 215 16 Decrease 0.05 

6B 704.04 TW MLMM 0.06 0.56 NA NA A G NA NA NA 0.00 

23RL 

3A 25.49 GY BLINK 0.44 -0.17 G A G A 124 95 Increase 0.42 

3A 31.66 GY BLINK 0.10 0.44 T C C T 195 11 Decrease 0.15 

5B 454.89 GY BLINK 0.10 0.38 T C C T 195 12 Decrease 0.06 

2B 451.89 KA BLINK 0.12 -0.51 NA NA A G NA NA NA 0.06 

3B 691.27 KA BLINK 0.47 0.24 NA NA G A NA NA NA 0.28 

3D 433.50 KA BLINK 0.15 0.17 G T T G 189 27 Decrease 0.02 

4B 28.41 KA BLINK 0.08 -0.39 T C T C 209 17 Increase 0.06 

4B 601.75 KA BLINK 0.10 -0.35 A G A G 198 14 Increase 0.04 

6B 686.80 KA BLINK 0.30 0.21 NA NA C T NA NA NA 0.00 

2A 715.39 KL BLINK 0.23 -0.30 NA NA C A NA NA NA 0.22 

4B 601.75 KL BLINK 0.10 -0.57 A G A G 198 14 Increase 0.04 
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5A 442.35 KL BLINK 0.42 -0.19 NA NA A C NA NA NA 0.29 

5A 547.80 KL BLINK 0.08 -0.33 A G A G 211 19 Increase 0.07 

5A 595.55 KL BLINK 0.05 -0.41 NA NA G A NA NA NA 0.16 

6B 554.79 KL BLINK 0.11 -0.26 T C T C 201 20 Increase 0.02 

7D 127.14 KL BLINK 0.11 -0.27 NA NA A G NA NA NA 0.00 

2B 451.89 KW BLINK 0.12 -0.44 NA NA A G NA NA NA 0.06 

3B 691.27 KW BLINK 0.47 0.25 NA NA G A NA NA NA 0.28 

3D 433.50 KW BLINK 0.15 0.23 G T T G 189 27 Decrease 0.02 

6B 690.97 KW BLINK 0.35 0.20 NA NA T C NA NA NA 0.00 

2B 451.89 TKW BLINK 0.12 -0.40 NA NA A G NA NA NA 0.06 

3D 433.50 TKW BLINK 0.15 0.19 G T T G 189 27 Decrease 0.02 

4B 28.15 TKW BLINK 0.08 -0.39 A C A C 204 12 Increase 0.06 

4B 601.75 TKW BLINK 0.10 -0.38 A G A G 198 14 Increase 0.04 

2A 713.93 TW BLINK 0.13 0.33 G A A G 202 29 Decrease 0.20 

2B 110.48 TW BLINK 0.15 0.36 NA NA G T NA NA NA 0.06 

4A 312.67 TW BLINK 0.11 0.33 A G G A 194 14 Decrease 0.03 

5A 547.80 TW BLINK 0.08 0.43 A G G A 212 19 Decrease 0.07 

6B 618.67 TW BLINK 0.10 0.34 NA NA G A NA NA NA 0.31 

7B 13.87 TW BLINK 0.07 0.35 NA NA G A NA NA NA 0.02 

23THD 

4B 607.11 GY BLINK 0.08 0.36 G A A G 210 17 Decrease 0.04 

7B 622.25 GY BLINK 0.16 0.33 NA NA A C NA NA NA 0.04 

2A 713.93 KA BLINK 0.13 -0.32 G A G A 201 29 Increase 0.20 

4B 633.62 KA BLINK 0.07 -0.65 G A G A 206 10 Increase 0.03 

5A 609.69 KA BLINK 0.48 -0.18 NA NA T C NA NA NA 0.19 

2A 715.39 KL BLINK 0.23 -0.28 NA NA C A NA NA NA 0.22 

4B 28.15 KL BLINK 0.05 -0.63 NA NA T C NA NA NA 0.06 

5A 595.55 KL BLINK 0.05 -0.44 NA NA G A NA NA NA 0.16 

7D 124.50 KL BLINK 0.13 -0.35 T G T G 191 22 Increase 0.01 

2B 175.54 KW BLINK 0.18 -0.33 NA NA G A NA NA NA 0.14 

2B 543.71 KW BLINK 0.11 -0.48 NA NA T G NA NA NA 0.12 

3D 56.71 KW BLINK 0.18 0.36 C T T C 188 39 Decrease 0.20 

4B 633.62 KW BLINK 0.07 -0.61 G A G A 206 10 Increase 0.03 

5A 595.55 KW BLINK 0.05 -0.50 NA NA G A NA NA NA 0.16 

5D 132.41 KW BLINK 0.13 -0.35 T C T C 197 29 Increase 0.16 

7A 540.20 KW BLINK 0.12 -0.46 T C T C 192 17 Increase 0.07 

1A 30.18 TKW BLINK 0.17 -0.26 NA NA T C NA NA NA 0.16 

2A 715.39 TKW BLINK 0.23 -0.28 NA NA C A NA NA NA 0.22 

2B 451.89 TKW BLINK 0.12 -0.44 NA NA A G NA NA NA 0.06 

4B 28.15 TKW BLINK 0.05 -0.70 NA NA T C NA NA NA 0.06 

5A 608.88 TKW BLINK 0.44 -0.18 C T T C 101 129 Decrease 0.24 

6B 686.80 TKW BLINK 0.30 0.22 NA NA C T NA NA NA 0.00 
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2A 691.23 TW BLINK 0.08 0.54 NA NA C T NA NA NA 0.27 

3A 13.00 TW BLINK 0.07 0.63 NA NA G A NA NA NA 0.20 

3B 112.27 TW BLINK 0.41 0.33 NA NA C T NA NA NA 0.34 

4A 16.46 TW BLINK 0.12 0.34 C T T C 190 15 Decrease 0.07 

6A 550.08 TW BLINK 0.09 -0.40 NA NA A G NA NA NA 0.00 
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Appendix Table B.9. GWAS results summary for functional quality using BLUEs 

For each significant association, the chromosome (Chr), physical position in Mb (Pos), trait, model, MAF, and 

estimated marker effect are reported. Marker effects are relative to a standard normal distribution. Allelic 

information includes the allelic states of the RP and donor parents (Don), as well as the alleles associated with the 

lower (L) and higher (H) mean phenotypic values among genotype classes. Genotype_class columns report the 

number of WILs carrying the RP allele (WIL_RP) or the donor allele (WIL_Don) at the marker locus. Donor 

direction (DonDir) indicates whether the donor allele increases or decreases the trait value. Donor allele proportion 

within the 1 Mb genomic bin containing the marker (DonProp) represents the average proportion of donor alleles 

across WILs in that genomic region. NA indicates cases where parental alleles could not be unambiguously 

assigned.  

Chr Pos Trait Model MAF Effect 
Allele Genotype_class 

DonDir DonProp 
RP Don L H WIL_RP WIL_Don 

21THD 

2A 700.54 GP BLINK 0.10 -0.36 NA NA T C NA NA NA 0.06 

3D 174.08 GP BLINK 0.15 0.15 C A A C 196 35 Decrease 0.13 

4B 28.18 GP BLINK 0.08 -0.36 NA NA C T NA NA NA 0.06 

4B 601.75 GP BLINK 0.10 -0.38 A G A G 199 14 Increase 0.04 

5B 462.73 GP BLINK 0.07 -0.29 C T C T 214 17 Increase 0.18 

6B 431.80 GP BLINK 0.06 -0.78 T C T C 207 3 Increase 0.02 

6D 197.31 GP BLINK 0.11 -0.41 A C A C 196 18 Increase 0.02 

7A 481.69 GP BLINK 0.11 -0.30 T C T C 203 21 Increase 0.10 

7A 719.57 GP BLINK 0.09 -0.31 NA NA G A NA NA NA 0.18 

6B 431.80 GP MLMM 0.06 -0.78 T C T C 207 3 Increase 0.02 

6D 169.64 GP MLMM 0.10 -0.49 NA NA G A NA NA NA 0.00 

2B 25.28 GPD BLINK 0.05 0.38 NA NA C T NA NA NA 0.35 

4B 32.17 GPD BLINK 0.08 -0.57 NA NA C T NA NA NA 0.05 

4B 664.51 GPD BLINK 0.06 0.39 C A A C 209 8 Decrease 0.13 

6B 688.31 GPD BLINK 0.05 -0.46 NA NA A G NA NA NA 0.00 

7A 109.48 GPD BLINK 0.13 -0.31 G A G A 200 27 Increase 0.19 

5D 548.37 GPD MLMM 0.08 0.45 NA NA T C NA NA NA 0.00 

1B 492.79 PQS BLINK 0.29 0.32 NA NA C T NA NA NA 0.37 

1B 658.53 PQS BLINK 0.05 0.57 NA NA T C NA NA NA 0.37 

3A 647.36 PQS BLINK 0.08 -0.47 C T C T 212 19 Increase 0.10 

3D 454.67 PQS BLINK 0.10 -0.52 A G A G 200 17 Increase 0.01 

4B 634.33 PQS BLINK 0.09 0.42 C T T C 210 19 Decrease 0.06 

6A 61.89 PQS BLINK 0.06 -0.38 NA NA T C NA NA NA 0.61 

7A 275.92 PQS BLINK 0.33 0.23 NA NA T G NA NA NA 0.19 

1B 492.79 PQS MLMM 0.29 0.33 NA NA C T NA NA NA 0.37 

3D 454.67 PQS MLMM 0.10 -0.57 A G A G 200 17 Increase 0.01 

1B 380.89 SRC BLINK 0.14 0.56 A C C A 193 28 Decrease 0.10 

1B 406.04 SRC BLINK 0.14 -0.41 A G G A 187 19 Decrease 0.08 

1B 492.79 SRC BLINK 0.29 0.25 NA NA C T NA NA NA 0.37 

1B 514.16 SRC BLINK 0.10 -2.08 T C C T 201 18 Decrease 0.06 
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1B 515.05 SRC BLINK 0.11 2.14 T C C T 200 19 Decrease 0.07 

1B 658.53 SRC BLINK 0.05 0.67 NA NA T C NA NA NA 0.37 

3A 647.36 SRC BLINK 0.08 -0.53 C T C T 212 19 Increase 0.10 

3D 454.67 SRC BLINK 0.10 -0.49 A G A G 200 17 Increase 0.01 

4B 2.04 SRC BLINK 0.16 -0.26 T C T C 191 33 Increase 0.17 

6B 217.17 SRC BLINK 0.07 -0.47 NA NA T C NA NA NA 0.06 

22EL 

1B 512.14 GP BLINK 0.37 0.16 NA NA C T NA NA NA 0.06 

6B 431.80 GP BLINK 0.06 -0.69 T C T C 207 3 Increase 0.02 

6B 684.27 GP BLINK 0.37 0.16 NA NA C T NA NA NA 0.00 

7B 622.25 GP BLINK 0.16 -0.29 NA NA C A NA NA NA 0.04 

1B 655.76 PQS BLINK 0.42 0.19 NA NA C T NA NA NA 0.20 

3A 647.36 PQS BLINK 0.08 -0.43 C T C T 212 19 Increase 0.10 

1B 655.76 SRC BLINK 0.42 0.20 NA NA C T NA NA NA 0.20 

6B 217.17 SRC BLINK 0.07 -0.46 NA NA T C NA NA NA 0.06 

22RL 

2A 700.54 GP BLINK 0.10 -0.37 NA NA T C NA NA NA 0.06 

3A 438.62 GP BLINK 0.11 -0.37 NA NA T C NA NA NA 0.07 

4B 192.79 GP BLINK 0.23 -0.19 T C T C 174 49 Increase 0.18 

5B 439.27 GP BLINK 0.09 -0.37 NA NA G T NA NA NA 0.53 

6A 617.18 GP BLINK 0.21 0.18 T C C T 183 48 Decrease 0.32 

6B 431.80 GP BLINK 0.06 -0.52 T C T C 207 3 Increase 0.02 

6D 68.33 GP BLINK 0.13 -0.25 A G A G 191 20 Increase 0.02 

7A 659.55 GP BLINK 0.06 -0.44 NA NA T C NA NA NA 0.04 

1B 492.79 PQS BLINK 0.29 0.29 NA NA C T NA NA NA 0.37 

1B 568.53 PQS BLINK 0.06 0.40 NA NA A G NA NA NA 0.33 

1B 655.76 PQS BLINK 0.42 0.18 NA NA C T NA NA NA 0.20 

3A 46.83 PQS BLINK 0.10 -0.39 T G T G 202 16 Increase 0.08 

3A 647.36 PQS BLINK 0.08 -0.41 C T C T 212 19 Increase 0.10 

3D 454.67 PQS BLINK 0.10 -0.35 A G A G 200 17 Increase 0.01 

4B 171.09 PQS BLINK 0.06 0.46 C T T C 217 12 Decrease 0.07 

1B 655.76 SRC BLINK 0.42 0.16 NA NA C T NA NA NA 0.20 

3A 484.11 SRC BLINK 0.08 -0.33 T G T G 213 18 Increase 0.08 

7A 470.89 SRC BLINK 0.11 -0.32 C T C T 204 25 Increase 0.09 

22THD 

6B 142.23 GP BLINK 0.07 -0.35 NA NA G A NA NA NA 0.03 

6D 68.33 GP BLINK 0.13 -0.33 A G A G 191 20 Increase 0.02 

1B 424.55 GPD BLINK 0.08 0.52 C A A C 210 18 Decrease 0.08 

5B 573.22 GPD BLINK 0.11 -0.43 T C T C 190 12 Increase 0.05 

3A 642.94 PQS BLINK 0.13 -0.45 G A G A 186 17 Increase 0.08 

3D 454.67 PQS BLINK 0.10 -0.49 A G A G 200 17 Increase 0.01 

3D 454.67 PQS MLM 0.10 -0.57 A G A G 200 17 Increase 0.01 



341 

3A 642.94 PQS MLMM 0.13 -0.50 G A G A 186 17 Increase 0.08 

3D 454.67 PQS MLMM 0.10 -0.57 A G A G 200 17 Increase 0.01 

1A 140.37 SRC BLINK 0.12 0.25 A G G A 203 26 Decrease 0.13 

1B 515.05 SRC BLINK 0.11 0.48 T C C T 200 19 Decrease 0.07 

1B 655.76 SRC BLINK 0.42 0.15 NA NA C T NA NA NA 0.20 

3A 642.94 SRC BLINK 0.13 -0.53 G A G A 186 17 Increase 0.08 

3D 454.67 SRC BLINK 0.10 -0.48 A G A G 200 17 Increase 0.01 

4B 7.04 SRC BLINK 0.48 -0.15 NA NA A G NA NA NA 0.18 

7A 562.22 SRC BLINK 0.35 0.17 G A A G 144 73 Decrease 0.24 

3D 454.67 SRC MLM 0.10 -0.60 A G A G 200 17 Increase 0.01 

3D 454.67 SRC MLMM 0.10 -0.59 A G A G 200 17 Increase 0.01 

23RL 

1B 655.76 SRC BLINK 0.42 0.20 NA NA C T NA NA NA 0.20 

6B 595.29 SRC BLINK 0.06 -0.45 G A G A 215 11 Increase 0.01 

23THD 

7A 138.96 GPD MLMM 0.10 -0.51 A C A C 208 23 Increase 0.13 

7A 172.20 GPD MLMM 0.09 -0.54 C T C T 210 21 Increase 0.12 

7A 187.44 GPD MLMM 0.10 -0.56 C A C A 206 21 Increase 0.11 

1B 334.24 SRC BLINK 0.16 0.29 G A A G 194 36 Decrease 0.16 

1B 566.76 SRC BLINK 0.08 0.47 NA NA G A NA NA NA 0.33 

2D 613.44 SRC BLINK 0.29 0.19 NA NA G A NA NA NA 0.01 

3A 141.01 SRC BLINK 0.09 -0.53 G A G A 200 13 Increase 0.09 

3B 809.60 SRC BLINK 0.08 -0.42 T C T C 204 13 Increase 0.10 

6B 182.59 SRC BLINK 0.09 -0.56 A G A G 198 10 Increase 0.13 

7B 648.92 SRC BLINK 0.09 0.30 NA NA T C NA NA NA 0.12 
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Appendix Table B.10. GWAS results summary for extended drone data using BLUPs 

For each significant association, the chromosome (Chr), physical position in Mb (Pos), trait, model, MAF, and 

estimated marker effect are reported. Marker effects are relative to a standard normal distribution. Allelic 

information includes the allelic states of the RP and donor parents (Don), as well as the alleles associated with the 

lower (L) and higher (H) mean phenotypic values among genotype classes. Genotype_class columns report the 

number of WILs carrying the RP allele (WIL_RP) or the donor allele (WIL_Don) at the marker locus. Donor 

direction (DonDir) indicates whether the donor allele increases or decreases the trait value. Donor allele proportion 

within the 1 Mb genomic bin containing the marker (DonProp) represents the average proportion of donor alleles 

across WILs in that genomic region. NA indicates cases where parental alleles could not be unambiguously 

assigned.  

Chr Pos Trait Model MAF Effect 
Allele Genotype_class 

DonDir DonProp 
RP Don L H WIL_RP WIL_Don 

2B 9.73 GR_anth BLINK 0.14 0.30 NA NA G A NA NA NA 0.32 

2B 23.79 GR_anth BLINK 0.08 0.42 A C C A 207 11 Decrease 0.08 

5A 414.01 GR_anth BLINK 0.40 -0.16 A G A G 140 92 Increase 0.37 

6D 8.66 GR_anth BLINK 0.08 -0.23 G A G A 210 16 Increase 0.01 

2B 5.53 GR_anth MLM 0.12 0.36 NA NA C A NA NA NA 0.69 

2B 5.67 GR_anth MLM 0.13 0.30 NA NA A G NA NA NA 0.69 

2B 6.23 GR_anth MLM 0.14 0.27 NA NA T G NA NA NA 0.59 

2B 9.73 GR_anth MLM 0.14 0.31 NA NA G A NA NA NA 0.32 

2B 18.26 GR_anth MLM 0.06 0.45 C T T C 218 14 Decrease 0.16 

2B 23.79 GR_anth MLM 0.08 0.44 A C C A 207 11 Decrease 0.08 

2B 23.79 GR_anth MLM 0.06 0.39 C G G C 218 14 Decrease 0.08 

2B 23.81 GR_anth MLM 0.06 0.37 T C C T 217 11 Decrease 0.08 

5A 412.53 GR_anth MLM 0.42 -0.20 T C T C 132 97 Increase 0.31 

5A 414.01 GR_anth MLM 0.40 -0.19 A G A G 140 92 Increase 0.37 

2B 18.26 GR_anth MLMM 0.06 0.44 C T T C 218 14 Decrease 0.16 

2B 18.26 GR_boot BLINK 0.06 0.40 C T T C 218 14 Decrease 0.16 

3A 713.63 GR_boot BLINK 0.12 0.23 A G G A 199 21 Decrease 0.07 

5A 502.79 GR_boot BLINK 0.09 -0.24 T C T C 203 13 Increase 0.11 

2B 5.67 GR_boot MLM 0.13 0.24 NA NA A G NA NA NA 0.69 

2B 6.23 GR_boot MLM 0.14 0.23 NA NA T G NA NA NA 0.59 

2B 18.26 GR_boot MLM 0.06 0.37 C T T C 218 14 Decrease 0.16 

2B 23.79 GR_boot MLM 0.08 0.33 A C C A 207 11 Decrease 0.08 

2B 23.79 GR_boot MLM 0.06 0.31 C G G C 218 14 Decrease 0.08 

2B 23.81 GR_boot MLM 0.06 0.32 T C C T 217 11 Decrease 0.08 

2B 18.26 GR_boot MLMM 0.06 0.37 C T T C 218 14 Decrease 0.16 

2A 718.72 GR_joint BLINK 0.09 -0.26 NA NA C T NA NA NA 0.43 

3B 3.91 GR_joint BLINK 0.15 -0.20 NA NA C T NA NA NA 0.34 

3B 399.97 GR_joint BLINK 0.49 0.29 NA NA C T NA NA NA 0.17 

4B 667.68 GR_joint BLINK 0.06 -0.23 A G A G 214 10 Increase 0.11 

5A 412.53 GR_joint BLINK 0.42 -0.15 T C T C 132 97 Increase 0.31 

5A 408.91 GR_joint MLM 0.44 0.17 NA NA A G NA NA NA 0.21 
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5A 408.91 GR_joint MLMM 0.44 0.17 NA NA A G NA NA NA 0.21 

1A 495.70 GR_milk BLINK 0.11 0.28 G C C G 194 12 Decrease 0.14 

2B 18.26 GR_milk BLINK 0.06 0.32 C T T C 218 14 Decrease 0.16 

3B 474.76 GR_milk BLINK 0.48 0.19 C T T C 121 111 Decrease 0.32 

5A 412.53 GR_milk BLINK 0.42 -0.17 T C T C 132 97 Increase 0.31 

6A 554.82 GR_milk BLINK 0.08 -0.27 C T C T 207 11 Increase 0.18 

2B 5.53 GR_milk MLM 0.12 0.30 NA NA C A NA NA NA 0.69 

2B 9.73 GR_milk MLM 0.14 0.26 NA NA G A NA NA NA 0.32 

2B 18.26 GR_milk MLM 0.06 0.36 C T T C 218 14 Decrease 0.16 

5A 412.53 GR_milk MLM 0.42 -0.20 T C T C 132 97 Increase 0.31 

2B 5.53 GR_milk MLMM 0.12 0.31 NA NA C A NA NA NA 0.69 

1B 383.00 NDVI_anth BLINK 0.14 -0.14 T C T C 186 21 Increase 0.10 

2A 29.59 NDVI_anth BLINK 0.06 -0.31 G A G A 211 5 Increase 0.06 

2D 83.17 NDVI_anth BLINK 0.07 0.17 NA NA A C NA NA NA 0.00 

5B 13.19 NDVI_anth BLINK 0.16 0.15 NA NA A G NA NA NA 0.06 

7A 112.98 NDVI_anth BLINK 0.08 0.25 NA NA C G NA NA NA 0.29 

2B 6.23 NDVI_anth MLM 0.14 -0.17 NA NA G T NA NA NA 0.59 

2B 18.26 NDVI_anth MLM 0.06 -0.24 C T C T 218 14 Increase 0.16 

2B 23.81 NDVI_anth MLM 0.06 -0.26 T C T C 217 11 Increase 0.08 

2B 26.10 NDVI_anth MLM 0.06 -0.24 NA NA T C NA NA NA 0.35 

3A 44.60 NDVI_anth MLM 0.07 0.33 A G A G 4 203 Increase 0.23 

3A 45.78 NDVI_anth MLM 0.06 0.37 NA NA C T NA NA NA 0.03 

3A 52.35 NDVI_anth MLM 0.08 0.30 NA NA A C NA NA NA 0.37 

3A 61.32 NDVI_anth MLM 0.08 0.36 C T C T 9 206 Increase 0.43 

3A 69.67 NDVI_anth MLM 0.07 0.35 T C T C 5 204 Increase 0.38 

3A 661.48 NDVI_boot BLINK 0.08 0.15 NA NA G T NA NA NA 0.10 

4B 34.72 NDVI_boot BLINK 0.06 0.18 C T T C 209 6 Decrease 0.05 

1B 59.60 NDVI_joint BLINK 0.10 -0.11 T C T C 209 22 Increase 0.02 

1B 511.21 NDVI_joint BLINK 0.20 -0.06 NA NA T C NA NA NA 0.06 

2A 241.97 NDVI_joint BLINK 0.05 -0.14 NA NA T C NA NA NA 0.00 

3A 661.48 NDVI_joint BLINK 0.08 0.11 NA NA G T NA NA NA 0.10 

4B 28.23 NDVI_joint BLINK 0.09 0.13 G T T G 208 16 Decrease 0.06 

4B 28.23 NDVI_milk BLINK 0.09 0.13 G T T G 208 16 Decrease 0.06 

6B 276.77 NDVI_milk BLINK 0.09 0.16 NA NA A G NA NA NA 0.06 

2B 18.26 NDVI_milk MLM 0.06 -0.21 C T C T 218 14 Increase 0.16 

2B 33.84 NDVI_milk MLM 0.13 -0.16 T C T C 203 29 Increase 0.30 

3A 61.32 NDVI_milk MLM 0.08 0.29 C T C T 9 206 Increase 0.43 

2B 18.26 NDVI_milk MLMM 0.06 -0.19 C T C T 218 14 Increase 0.16 

3A 61.32 NDVI_milk MLMM 0.08 0.35 C T C T 9 206 Increase 0.43 

7B 730.23 NDVI_milk MLMM 0.11 -0.24 G T T G 26 205 Decrease 0.52 

5A 511.40 NDVI_till BLINK 0.05 0.24 A G G A 215 8 Decrease 0.08 

5A 511.40 NDVI_till MLMM 0.05 0.23 A G G A 215 8 Decrease 0.08 
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Appendix Table B.11. GWAS results summary for extended drone data using BLUEs 

For each significant association, the chromosome (Chr), physical position in Mb (Pos), trait, model, MAF, and 

estimated marker effect are reported. Marker effects are relative to a standard normal distribution. Allelic 

information includes the allelic states of the RP and donor parents (Don), as well as the alleles associated with the 

lower (L) and higher (H) mean phenotypic values among genotype classes. Genotype_class columns report the 

number of WILs carrying the RP allele (WIL_RP) or the donor allele (WIL_Don) at the marker locus. Donor 

direction (DonDir) indicates whether the donor allele increases or decreases the trait value. Donor allele proportion 

within the 1 Mb genomic bin containing the marker (DonProp) represents the average proportion of donor alleles 

across WILs in that genomic region. NA indicates cases where parental alleles could not be unambiguously 

assigned.  

Chr Pos Trait Model MAF Effect 
Allele Genotype_class 

DonDir DonProp 
RP Don L H WIL_RP WIL_Don 

21THD 

2B 23.79 GR_anth BLINK 0.08 0.44 A C C A 206 11 Decrease 0.08 

3A 713.63 GR_anth BLINK 0.09 0.24 T C C T 206 15 Decrease 0.07 

4A 140.13 GR_anth BLINK 0.08 0.31 C T T C 209 14 Decrease 0.08 

5A 412.53 GR_anth BLINK 0.43 -0.13 T C T C 131 97 Increase 0.31 

5A 470.03 GR_anth BLINK 0.05 -0.33 T G T G 215 8 Increase 0.28 

5A 658.87 GR_anth BLINK 0.08 0.36 A G G A 203 10 Decrease 0.02 

2B 5.53 GR_anth MLM 0.12 0.36 NA NA C A NA NA NA 0.69 

2B 5.67 GR_anth MLM 0.13 0.34 NA NA A G NA NA NA 0.69 

2B 6.23 GR_anth MLM 0.14 0.30 NA NA T G NA NA NA 0.59 

2B 9.73 GR_anth MLM 0.15 0.32 NA NA G A NA NA NA 0.32 

2B 18.26 GR_anth MLM 0.06 0.44 C T T C 217 14 Decrease 0.16 

2B 23.79 GR_anth MLM 0.08 0.44 A C C A 206 11 Decrease 0.08 

2B 23.79 GR_anth MLM 0.06 0.42 C G G C 217 14 Decrease 0.08 

2B 5.67 GR_anth MLMM 0.13 0.34 NA NA A G NA NA NA 0.69 

1A 42.67 GR_boot BLINK 0.14 0.22 T C C T 194 29 Decrease 0.15 

2A 52.75 GR_boot BLINK 0.08 -0.26 T C T C 205 11 Increase 0.07 

2B 6.23 GR_boot BLINK 0.14 0.26 NA NA T G NA NA NA 0.59 

2B 241.25 GR_boot BLINK 0.12 0.21 A G G A 202 28 Decrease 0.17 

3B 761.01 GR_boot BLINK 0.06 -0.22 NA NA C T NA NA NA 0.31 

5A 502.79 GR_boot BLINK 0.09 -0.29 T C T C 202 13 Increase 0.11 

5B 680.99 GR_boot BLINK 0.10 -0.24 NA NA T C NA NA NA 0.00 

2A 718.72 GR_joint BLINK 0.09 -0.50 NA NA C T NA NA NA 0.43 

3B 3.91 GR_joint BLINK 0.14 -0.20 NA NA C T NA NA NA 0.34 

3B 561.10 GR_joint BLINK 0.33 -0.24 A G A G 154 74 Increase 0.32 

3B 685.48 GR_joint BLINK 0.43 -0.21 NA NA C T NA NA NA 0.21 

3D 56.71 GR_joint BLINK 0.18 0.37 C T T C 189 39 Decrease 0.20 

5A 412.53 GR_joint BLINK 0.43 -0.30 T C T C 131 97 Increase 0.31 

5A 595.55 GR_joint BLINK 0.05 -0.36 NA NA G A NA NA NA 0.16 

6B 146.65 GR_joint BLINK 0.07 -0.44 NA NA T C NA NA NA 0.14 

3A 61.32 GR_milk BLINK 0.08 0.82 C T C T 9 205 Increase 0.43 
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3D 613.70 GR_milk BLINK 0.44 -0.20 NA NA C T NA NA NA 0.00 

5A 657.04 GR_milk BLINK 0.06 -0.66 T G T G 205 4 Increase 0.02 

5A 671.27 GR_milk BLINK 0.09 0.31 NA NA G A NA NA NA 0.02 

6A 496.38 GR_milk BLINK 0.05 -0.33 C T C T 217 10 Increase 0.14 

6B 431.80 GR_milk BLINK 0.06 0.65 T C C T 207 3 Decrease 0.02 

3A 61.32 GR_milk MLM 0.08 0.68 C T C T 9 205 Increase 0.43 

1A 495.70 NDVI_anth BLINK 0.11 -0.22 G C G C 193 12 Increase 0.14 

3A 45.78 NDVI_anth BLINK 0.06 0.43 NA NA C T NA NA NA 0.03 

4A 400.75 NDVI_anth BLINK 0.11 -0.22 NA NA C T NA NA NA 0.00 

7A 112.98 NDVI_anth BLINK 0.08 0.39 NA NA C G NA NA NA 0.29 

2B 6.23 NDVI_anth MLM 0.14 -0.25 NA NA G T NA NA NA 0.59 

2B 9.73 NDVI_anth MLM 0.15 -0.27 NA NA A G NA NA NA 0.32 

3A 42.38 NDVI_anth MLM 0.07 0.48 NA NA T C NA NA NA 0.20 

3A 44.60 NDVI_anth MLM 0.07 0.57 A G A G 4 202 Increase 0.23 

3A 44.61 NDVI_anth MLM 0.07 -0.49 T C T C 203 5 Increase 0.23 

3A 45.78 NDVI_anth MLM 0.06 0.66 NA NA C T NA NA NA 0.03 

3A 47.08 NDVI_anth MLM 0.06 0.49 G A G A 15 216 Increase 0.60 

3A 50.89 NDVI_anth MLM 0.05 0.49 A G A G 7 214 Increase 0.59 

3A 52.35 NDVI_anth MLM 0.08 0.50 NA NA A C NA NA NA 0.37 

3A 56.14 NDVI_anth MLM 0.05 0.42 NA NA T C NA NA NA 0.17 

3A 61.32 NDVI_anth MLM 0.08 0.46 C T C T 9 205 Increase 0.43 

3A 69.67 NDVI_anth MLM 0.07 0.55 T C T C 5 204 Increase 0.38 

4A 4.24 NDVI_anth MLM 0.06 0.55 G A G A 4 207 Increase 0.28 

7A 94.78 NDVI_anth MLM 0.06 0.46 NA NA C T NA NA NA 0.16 

7A 112.98 NDVI_anth MLM 0.08 0.54 NA NA C G NA NA NA 0.29 

7A 125.49 NDVI_anth MLM 0.09 0.37 NA NA C T NA NA NA 0.10 

3A 45.78 NDVI_anth MLMM 0.06 0.65 NA NA C T NA NA NA 0.03 

1D 41.57 NDVI_boot BLINK 0.14 -0.34 T C T C 198 32 Increase 0.14 

1D 198.02 NDVI_boot BLINK 0.13 0.36 C A C A 193 21 Increase 0.01 

2D 60.61 NDVI_boot BLINK 0.15 -0.22 NA NA C T NA NA NA 0.00 

3A 47.08 NDVI_boot BLINK 0.06 0.25 G A G A 15 216 Increase 0.60 

7A 112.98 NDVI_boot BLINK 0.08 0.36 NA NA C G NA NA NA 0.29 

3A 45.78 NDVI_boot MLM 0.06 0.52 NA NA C T NA NA NA 0.03 

3A 47.08 NDVI_boot MLM 0.06 0.40 G A G A 15 216 Increase 0.60 

3A 50.89 NDVI_boot MLM 0.05 0.45 A G A G 7 214 Increase 0.59 

3A 52.35 NDVI_boot MLM 0.08 0.41 NA NA A C NA NA NA 0.37 

3A 56.14 NDVI_boot MLM 0.05 0.38 NA NA T C NA NA NA 0.17 

7A 112.98 NDVI_boot MLM 0.08 0.48 NA NA C G NA NA NA 0.29 

7A 125.49 NDVI_boot MLM 0.09 0.32 NA NA C T NA NA NA 0.10 

7A 112.98 NDVI_boot MLMM 0.08 0.48 NA NA C G NA NA NA 0.29 

1A 518.08 NDVI_milk BLINK 0.10 -0.25 C T C T 203 19 Increase 0.23 

5A 403.35 NDVI_milk BLINK 0.06 0.45 NA NA C T NA NA NA 0.08 

6B 431.80 NDVI_milk BLINK 0.06 0.60 T C C T 207 3 Decrease 0.02 
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7A 112.98 NDVI_milk BLINK 0.08 0.55 NA NA C G NA NA NA 0.29 

7B 338.12 NDVI_milk BLINK 0.07 -0.29 NA NA T C NA NA NA 0.00 

3A 42.38 NDVI_milk MLM 0.07 0.52 NA NA T C NA NA NA 0.20 

3A 44.60 NDVI_milk MLM 0.07 0.57 A G A G 4 202 Increase 0.23 

3A 45.78 NDVI_milk MLM 0.06 0.58 NA NA C T NA NA NA 0.03 

3A 47.08 NDVI_milk MLM 0.06 0.52 G A G A 15 216 Increase 0.60 

3A 56.14 NDVI_milk MLM 0.05 0.49 NA NA T C NA NA NA 0.17 

3A 61.32 NDVI_milk MLM 0.08 0.68 C T C T 9 205 Increase 0.43 

6B 199.72 NDVI_milk MLM 0.10 0.50 A G G A 199 15 Decrease 0.05 

6B 206.83 NDVI_milk MLM 0.08 0.54 T C C T 208 14 Decrease 0.04 

6B 431.80 NDVI_milk MLM 0.06 0.71 T C C T 207 3 Decrease 0.02 

6B 554.79 NDVI_milk MLM 0.11 0.45 T C C T 202 20 Decrease 0.02 

6B 645.35 NDVI_milk MLM 0.06 0.49 A G G A 216 15 Decrease 0.02 

7A 112.98 NDVI_milk MLM 0.08 0.51 NA NA C G NA NA NA 0.29 

3A 61.32 NDVI_milk MLMM 0.08 0.60 C T C T 9 205 Increase 0.43 

6B 554.79 NDVI_milk MLMM 0.11 0.42 T C C T 202 20 Decrease 0.02 

5A 699.47 NDVI_till BLINK 0.09 0.27 A G G A 210 19 Decrease 0.02 

7A 112.98 NDVI_till BLINK 0.08 0.33 NA NA C G NA NA NA 0.29 

5A 699.47 NDVI_till MLMM 0.09 0.27 A G G A 210 19 Decrease 0.02 

7A 112.98 NDVI_till MLMM 0.08 0.33 NA NA C G NA NA NA 0.29 

22EL 

2A 543.76 GR_anth BLINK 0.08 -0.48 A G A G 204 9 Increase 0.01 

2B 442.52 GR_anth BLINK 0.07 0.50 T G G T 212 12 Decrease 0.07 

4A 60.04 GR_anth BLINK 0.12 0.42 G A A G 193 19 Decrease 0.09 

7B 63.17 GR_anth BLINK 0.40 -0.18 C T T C 90 138 Decrease 0.43 

1A 483.03 GR_boot BLINK 0.31 0.25 NA NA C T NA NA NA 0.30 

1A 556.45 GR_boot BLINK 0.11 -0.33 NA NA T C NA NA NA 0.14 

2A 385.90 GR_boot BLINK 0.10 -0.29 T C T C 209 22 Increase 0.02 

2B 23.79 GR_boot BLINK 0.08 0.76 A C C A 206 11 Decrease 0.08 

3A 713.63 GR_boot BLINK 0.11 0.31 A G G A 199 21 Decrease 0.07 

5A 414.01 GR_boot BLINK 0.40 -0.27 A G A G 139 92 Increase 0.37 

2B 18.26 GR_boot MLM 0.06 0.64 C T T C 217 14 Decrease 0.16 

2B 23.79 GR_boot MLM 0.08 0.73 A C C A 206 11 Decrease 0.08 

2B 23.79 GR_boot MLM 0.06 0.61 C G G C 217 14 Decrease 0.08 

2B 23.81 GR_boot MLM 0.06 0.67 T C C T 216 11 Decrease 0.08 

2B 23.79 GR_boot MLMM 0.08 0.72 A C C A 206 11 Decrease 0.08 

5A 414.01 GR_boot MLMM 0.40 -0.28 A G A G 139 92 Increase 0.37 

1A 39.65 GR_joint BLINK 0.14 0.59 C T T C 190 22 Decrease 0.13 

1A 140.37 GR_joint BLINK 0.12 -0.38 A G A G 203 26 Increase 0.13 

2A 718.72 GR_joint BLINK 0.09 -0.44 NA NA C T NA NA NA 0.43 

5A 419.83 GR_joint BLINK 0.33 -0.31 NA NA C A NA NA NA 0.21 

5A 595.55 GR_joint BLINK 0.05 -0.46 NA NA G A NA NA NA 0.16 

5B 541.16 GR_joint BLINK 0.09 -0.45 A C A C 201 13 Increase 0.24 
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5A 408.91 GR_joint MLMM 0.45 0.27 NA NA A G NA NA NA 0.21 

2B 545.27 GR_milk BLINK 0.10 0.39 NA NA G A NA NA NA 0.60 

5A 414.01 GR_milk BLINK 0.40 -0.18 A G A G 139 92 Increase 0.37 

5B 47.57 GR_milk BLINK 0.06 0.37 A G A G 15 216 Increase 0.38 

1B 511.21 GR_till BLINK 0.20 -0.26 NA NA T C NA NA NA 0.06 

5A 512.46 GR_till BLINK 0.07 0.53 T C C T 207 10 Decrease 0.08 

2B 23.81 NDVI_anth BLINK 0.06 -0.49 T C T C 216 11 Increase 0.08 

3A 52.35 NDVI_anth BLINK 0.08 0.48 NA NA A C NA NA NA 0.37 

4B 34.72 NDVI_anth BLINK 0.06 0.42 C T T C 208 6 Decrease 0.05 

5B 8.34 NDVI_anth BLINK 0.06 0.41 NA NA T C NA NA NA 0.04 

6A 415.53 NDVI_anth BLINK 0.06 -0.32 A G A G 216 15 Increase 0.01 

7B 730.23 NDVI_anth BLINK 0.11 -0.23 G T T G 26 204 Decrease 0.52 

2B 23.81 NDVI_anth MLMM 0.06 -0.52 T C T C 216 11 Increase 0.08 

3A 69.67 NDVI_anth MLMM 0.07 0.57 T C T C 5 204 Increase 0.38 

5B 8.34 NDVI_anth MLMM 0.06 0.48 NA NA T C NA NA NA 0.04 

7B 730.23 NDVI_anth MLMM 0.11 -0.40 G T T G 26 204 Decrease 0.52 

1A 391.25 NDVI_boot BLINK 0.11 0.22 A G G A 198 16 Decrease 0.17 

5B 8.34 NDVI_boot BLINK 0.06 0.34 NA NA T C NA NA NA 0.04 

2B 23.81 NDVI_boot MLMM 0.06 -0.37 T C T C 216 11 Increase 0.08 

2B 26.10 NDVI_boot MLMM 0.06 -0.33 NA NA T C NA NA NA 0.35 

5B 8.34 NDVI_boot MLMM 0.06 0.41 NA NA T C NA NA NA 0.04 

2A 476.22 NDVI_joint BLINK 0.06 0.36 NA NA T G NA NA NA 0.00 

2B 23.81 NDVI_milk BLINK 0.06 -0.47 T C T C 216 11 Increase 0.08 

4B 34.72 NDVI_milk BLINK 0.06 0.53 C T T C 208 6 Decrease 0.05 

6A 415.53 NDVI_milk BLINK 0.06 -0.42 A G A G 216 15 Increase 0.01 

6B 490.65 NDVI_milk BLINK 0.12 0.30 NA NA A G NA NA NA 0.00 

2B 18.26 NDVI_milk MLM 0.06 -0.45 C T C T 217 14 Increase 0.16 

2B 23.79 NDVI_milk MLM 0.06 -0.45 C G C G 217 14 Increase 0.08 

2B 23.81 NDVI_milk MLM 0.06 -0.51 T C T C 216 11 Increase 0.08 

2B 23.81 NDVI_milk MLMM 0.06 -0.51 T C T C 216 11 Increase 0.08 

2A 476.22 NDVI_till BLINK 0.06 0.31 NA NA T G NA NA NA 0.00 

3D 31.55 NDVI_till BLINK 0.49 -0.13 C A C A 118 112 Increase 0.31 

4B 285.41 NDVI_till BLINK 0.10 0.20 A G G A 200 13 Decrease 0.05 

5A 512.46 NDVI_till BLINK 0.07 0.35 T C C T 207 10 Decrease 0.08 

22RL 

2B 18.26 GR_anth BLINK 0.06 0.63 C T T C 217 14 Decrease 0.16 

2B 5.53 GR_anth MLM 0.12 0.59 NA NA C A NA NA NA 0.69 

2B 5.67 GR_anth MLM 0.13 0.47 NA NA A G NA NA NA 0.69 

2B 6.23 GR_anth MLM 0.14 0.46 NA NA T G NA NA NA 0.59 

2B 9.73 GR_anth MLM 0.15 0.45 NA NA G A NA NA NA 0.32 

2B 18.26 GR_anth MLM 0.06 0.73 C T T C 217 14 Decrease 0.16 

2B 23.79 GR_anth MLM 0.08 0.67 A C C A 206 11 Decrease 0.08 
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2B 23.79 GR_anth MLM 0.06 0.62 C G G C 217 14 Decrease 0.08 

2B 23.81 GR_anth MLM 0.06 0.60 T C C T 216 11 Decrease 0.08 

2B 18.26 GR_anth MLMM 0.06 0.73 C T T C 217 14 Decrease 0.16 

2B 18.26 GR_boot BLINK 0.06 0.45 C T T C 217 14 Decrease 0.16 

3A 557.71 GR_boot BLINK 0.12 -0.26 NA NA C T NA NA NA 0.08 

5B 47.11 GR_boot BLINK 0.09 -0.30 NA NA T C NA NA NA 0.38 

5B 670.83 GR_boot BLINK 0.42 -0.19 NA NA T C NA NA NA 0.00 

2B 18.26 GR_boot MLM 0.06 0.45 C T T C 217 14 Decrease 0.16 

2B 18.26 GR_boot MLMM 0.06 0.45 C T T C 217 14 Decrease 0.16 

3B 3.91 GR_joint BLINK 0.14 -0.21 NA NA C T NA NA NA 0.34 

5A 408.91 GR_joint BLINK 0.45 0.17 NA NA A G NA NA NA 0.21 

5B 529.61 GR_joint BLINK 0.07 -0.28 T C T C 208 9 Increase 0.22 

6A 452.28 GR_joint BLINK 0.07 -0.25 NA NA C A NA NA NA 0.00 

5A 408.91 GR_joint MLMM 0.45 0.18 NA NA A G NA NA NA 0.21 

2B 9.73 GR_milk BLINK 0.15 0.44 NA NA G A NA NA NA 0.32 

2B 18.26 GR_milk BLINK 0.06 0.43 C T T C 217 14 Decrease 0.16 

2B 33.84 GR_milk BLINK 0.13 0.30 T C C T 202 29 Decrease 0.30 

2B 5.53 GR_milk MLM 0.12 0.60 NA NA C A NA NA NA 0.69 

2B 5.67 GR_milk MLM 0.13 0.51 NA NA A G NA NA NA 0.69 

2B 6.23 GR_milk MLM 0.14 0.50 NA NA T G NA NA NA 0.59 

2B 9.73 GR_milk MLM 0.15 0.56 NA NA G A NA NA NA 0.32 

2B 18.26 GR_milk MLM 0.06 0.79 C T T C 217 14 Decrease 0.16 

2B 23.79 GR_milk MLM 0.08 0.68 A C C A 206 11 Decrease 0.08 

2B 23.79 GR_milk MLM 0.06 0.64 C G G C 217 14 Decrease 0.08 

2B 23.81 GR_milk MLM 0.06 0.62 T C C T 216 11 Decrease 0.08 

2B 26.10 GR_milk MLM 0.06 0.53 NA NA C T NA NA NA 0.35 

2B 33.84 GR_milk MLM 0.13 0.49 T C C T 202 29 Decrease 0.30 

2B 9.73 GR_milk MLMM 0.15 0.42 NA NA G A NA NA NA 0.32 

2B 18.26 GR_milk MLMM 0.06 0.63 C T T C 217 14 Decrease 0.16 

5A 561.17 GR_till BLINK 0.07 0.46 A C C A 206 8 Decrease 0.06 

5B 455.17 GR_till BLINK 0.10 0.55 A G G A 195 11 Decrease 0.21 

5B 588.88 GR_till BLINK 0.09 0.46 A C C A 203 14 Decrease 0.01 

7A 162.90 GR_till BLINK 0.06 -0.52 NA NA A G NA NA NA 0.12 

4B 28.23 NDVI_anth BLINK 0.09 0.24 G T T G 207 16 Decrease 0.06 

7B 608.72 NDVI_anth BLINK 0.05 -0.47 G A A G 3 210 Decrease 0.35 

4B 34.72 NDVI_boot BLINK 0.06 0.32 C T T C 208 6 Decrease 0.05 

5A 470.19 NDVI_boot BLINK 0.09 0.25 NA NA T C NA NA NA 0.28 

6D 65.64 NDVI_boot BLINK 0.12 0.24 G A A G 190 14 Decrease 0.02 

7A 679.88 NDVI_boot BLINK 0.07 -0.27 NA NA A G NA NA NA 0.18 

2A 65.40 NDVI_joint BLINK 0.08 -0.23 NA NA A G NA NA NA 0.72 

4B 28.23 NDVI_joint BLINK 0.09 0.28 G T T G 207 16 Decrease 0.06 

5B 588.88 NDVI_joint BLINK 0.09 0.32 A C C A 203 14 Decrease 0.01 



349 

6D 10.45 NDVI_joint BLINK 0.23 -0.19 NA NA G A NA NA NA 0.00 

6D 458.14 NDVI_joint BLINK 0.07 0.26 NA NA G A NA NA NA 0.06 

1A 495.70 NDVI_milk BLINK 0.11 -0.17 G C G C 193 12 Increase 0.14 

2B 33.84 NDVI_milk BLINK 0.13 -0.23 T C T C 202 29 Increase 0.30 

2D 67.58 NDVI_milk BLINK 0.16 0.17 T C C T 187 28 Decrease 0.03 

5B 7.94 NDVI_milk BLINK 0.07 0.25 A C C A 212 15 Decrease 0.06 

2B 33.84 NDVI_milk MLM 0.13 -0.22 T C T C 202 29 Increase 0.30 

2B 33.84 NDVI_milk MLMM 0.13 -0.22 T C T C 202 29 Increase 0.30 

1B 59.60 NDVI_till BLINK 0.10 -0.36 T C T C 208 22 Increase 0.02 

2A 364.40 NDVI_till BLINK 0.06 -0.32 NA NA G A NA NA NA 0.00 

5B 588.88 NDVI_till BLINK 0.09 0.41 A C C A 203 14 Decrease 0.01 

5B 588.88 NDVI_till MLM 0.09 0.47 A C C A 203 14 Decrease 0.01 

5B 588.88 NDVI_till MLMM 0.09 0.48 A C C A 203 14 Decrease 0.01 
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Appendix Figure B.1. Scree plot of the first ten principal components from genome-wide 

SNP marker data 

The left axis indicates the eigenvalue (variance), and the right axis shows the corresponding percentage of total 

variance explained by each component. Plot was generated using GAPIT version 3 (Wang & Zhang, 2021). 



351 

 



352 

 
Appendix Figure B.2. Distributions of normalized difference vegetation index (NDVI) and 

green reflectance performance by growth stage 

Measurements were collected at tillering (Feekes 3), jointing (Feekes 6), booting (Feekes 10), anthesis (Feekes 

10.5.1-10.5.3), and milk/dough (Feekes 11.1-11.3). Facets by environment show within environment BLUEs, while 

the across environment facet represents BLUPs. Colored vertical lines indicate the recurrent parent 

(RP=KS061278M-4) and performance checks (C1=Billings, C2=Joe, C3=Showdown, C4=SY Monument). Gray 

shaded areas represent the RP’s approximate 95% confidence intervals for BLUEs and prediction intervals for 

BLUPs, calculated as each estimate ± 2 standard errors. Plots were generated in R using the ggplot2 package 

(Wickham, 2016). 



353 

 

Appendix Figure B.3. Pearson correlations for agronomic performance, yield and kernel 

component, functional quality, and extended drone data BLUEs in 21THD for TdGD 

Pop80 WILs 

Values within each cell represent the correlation coefficient, with color indicating both magnitude (darker = 

stronger) and direction (orange = negative, purple = positive). Red grid lines delimit groups of traits separated by 

agronomic performance, yield and kernel components, functional quality, and extended drone data. Correlations 

were computed and visualized in R using the corrplot package (Wei & Simko, 2024). 
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Appendix Figure B.4. Pearson correlations for agronomic performance, yield and kernel 

component, functional quality, and extended drone data BLUEs in 22EL for TdGD Pop80 

WILs 

Values within each cell represent the correlation coefficient, with color indicating both magnitude (darker = 

stronger) and direction (orange = negative, purple = positive). Red grid lines delimit groups of traits separated by 

agronomic performance, yield and kernel components, functional quality, and extended drone data. Correlations 

were computed and visualized in R using the corrplot package (Wei & Simko, 2024). 
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Appendix Figure B.5. Pearson correlations for agronomic performance, yield and kernel 

component, functional quality, and extended drone data BLUEs in 22RL for TdGD Pop80 

WILs 

Values within each cell represent the correlation coefficient, with color indicating both magnitude (darker = 

stronger) and direction (orange = negative, purple = positive). Red grid lines delimit groups of traits separated by 

agronomic performance, yield and kernel components, functional quality, and extended drone data. Correlations 

were computed and visualized in R using the corrplot package (Wei & Simko, 2024). 
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Appendix Figure B.6. Pearson correlations for agronomic performance, yield and kernel 

component, and functional quality BLUEs in 22THD for TdGD Pop80 WILs 

Values within each cell represent the correlation coefficient, with color indicating both magnitude (darker = 

stronger) and direction (orange = negative, purple = positive). Red grid lines delimit groups of traits separated by 

agronomic performance, yield and kernel components, and functional quality. Correlations were computed and 

visualized in R using the corrplot package (Wei & Simko, 2024). 
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Appendix Figure B.7. Pearson correlations for agronomic performance, yield and kernel 

component, and functional quality BLUEs in 23RL for TdGD Pop80 WILs 

Values within each cell represent the correlation coefficient, with color indicating both magnitude (darker = 

stronger) and direction (orange = negative, purple = positive). Red grid lines delimit groups of traits separated by 

agronomic performance, yield and kernel components, and functional quality. Correlations were computed and 

visualized in R using the corrplot package (Wei & Simko, 2024). 
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Appendix Figure B.8. Pearson correlations for agronomic performance, yield and kernel 

component, and functional quality BLUEs in 23THD for TdGD Pop80 WILs 

Values within each cell represent the correlation coefficient, with color indicating both magnitude (darker = 

stronger) and direction (orange = negative, purple = positive). Red grid lines delimit groups of traits separated by 

agronomic performance, yield and kernel components, and functional quality. Correlations were computed and 

visualized in R using the corrplot package (Wei & Simko, 2024). 
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Appendix C - Supplementary tables and figures for Chapter 4 

Appendix Table C.1. Soil testing data for Thomas County, Kansas in 2022 and 2023 

Soil testing was conducted by the Kansas State University Soil Testing Laboratory using soil samples collected to a 

depth of 30.48 centimeters. Soil pH was measured using a 1:1 slurry of prepared soil and deionized water. Organic 

matter (OM) was estimated by loss on ignition. Cation exchange capacity (CEC), reported in milliequivalents per 

100 grams of soil (meq 100 g-1), was estimated using a displacement method with saturating ammonium acetate. 

Phosphorus (P) was obtained using Melich III extraction to estimate plant availability of soil P. Plant availability of 

soil sulfur (S) was measured using a monocalcium phosphate extraction of sulfate. Exchangeable aluminum (Al) 

was extracted using potassium chloride. Cadmium (Cd) was obtained using nitric acid digestion. Inorganic nitrogen 

(N) forms, nitrate-N (NO3
-) and ammonium-N (NH4

+), was extracted using potassium chloride. Available N, 

expressed in pounds per acre (lb acre-1), was calculated from NO3
- and sampling depth conversion. Plant availability 

of soil exchangeable cations potassium (K+), magnesium (Mg2+), calcium (Ca2+), and sodium (Na+) were extracted 

using ammonium acetate. DTPA extraction was used to measure Plant availability of soil micronutrients iron (Fe3+), 

zinc (Zn+), copper (Cu+), and manganese (Mn2+).  

Test Units 
Environment 

22THD 23THD 

pH - 7.8 7.7 

OM % - 2.2 

CEC meq 100 g-1 26.0 - 

P  ppm 16.0 32.9 

S ppm 6.4 6.5 

Al ppm - 2.1 

Cd ppm 1.0 1.0 

Nitrogen 

NO3
- ppm 23.2 35.9 

NH4
+ ppm - 2.2 

Available N lb acre-1 92.8 143.6 

Cations 

K+ ppm 700.0 765.0 

Mg2+ ppm 493.0 429.2 

Ca2+ ppm 3973.0 4909.2 

Na+ ppm 44.0 12.1 

Micronutrients 

Fe3+ ppm - 10.4 

Zn+ ppm - 0.6 

Cu+ ppm - 0.8 

Mn2+ ppm - 6.3 
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Appendix Table C.2. Ionomic trait means and standard deviations in Thomas County 

across years 

Means and standard deviations (StdDev) were calculated from raw, unstandardized observations within each 

environment and are provided as a reference for comparing traits among environments before within-environment 

standardization and subsequent two-stage mixed model analysis. Trait abbreviations (Abb) are provided; 

measurement units are mg kg-1.  

Trait Abb 
2021 THD 2022 THD 2023 THD 

Mean StdDev Mean StdDev Mean StdDev 

Boron B 2.562 1.030 2.858 1.015 2.193 1.122 

Sodium Na 3.140 0.815 3.723 0.826 3.081 0.928 

Magnesium Mg 10218.145 1351.008 9805.044 1179.031 10152.738 1131.038 

Aluminum Al 2.807 1.212 4.163 1.423 3.598 1.501 

Phosphorus P 4563.160 790.197 4665.651 767.976 5001.316 655.481 

Potassium K 5865.703 886.158 6851.096 983.776 6430.839 799.786 

Calcium Ca 817.097 159.318 871.658 155.284 889.823 163.906 

Iron Fe 49.080 8.440 55.668 7.382 50.879 6.910 

Manganese Mn 109.913 19.715 104.955 18.351 98.730 14.930 

Cobalt Co 0.010 0.003 0.007 0.002 0.006 0.003 

Nickel Ni 1.149 0.354 0.751 0.239 0.541 0.191 

Copper Cu 9.549 1.536 8.706 1.245 7.725 1.283 

Zinc Zn 34.067 7.409 24.212 7.481 27.908 7.531 

Arsenic As 0.022 0.008 0.019 0.006 0.015 0.005 

Selenium Se 0.710 0.275 0.819 0.301 1.003 0.235 

Rubidium Rb 1.867 0.368 1.786 0.304 1.758 0.280 

Strontium Sr 5.182 0.919 5.545 0.952 5.016 0.843 

Molybdenum Mo 2.936 0.719 1.400 0.420 1.544 0.387 

Cadmium Cd 0.006 0.002 0.013 0.005 0.011 0.004 
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Appendix Table C.3. Within-environment estimates of repeatability for ionomic traits in 

TdGD Pop80 

Repeatability (R2
within) was estimated using SpATS models fitted separately for each trait and environment, with 

genotype included as a random effect during spatial (row x column) correction. R2
within was calculated as the ratio of 

genotypic variance to total variance (genotypic + residual). These estimates reflect the reproducibility of genotype 

performance among replicate plots within each environment, where higher spatial heterogeneity is expected to 

reduce R2
within. 

Trait 
R2

within 

21THD 22THD 23THD 

B 0.26 0.00 0.40 

Na 0.40 0.15 0.32 

Mg 0.46 0.20 0.36 

Al 0.21 0.22 0.45 

P 0.50 0.24 0.32 

K 0.50 0.16 0.47 

Ca 0.25 0.09 0.38 

Fe 0.45 0.16 0.23 

Mn 0.68 0.41 0.55 

Co 0.44 0.12 0.19 

Ni 0.67 0.35 0.43 

Cu 0.49 0.30 0.51 

Zn 0.29 0.05 0.40 

As 0.44 0.19 0.45 

Se 0.35 0.03 0.31 

Rb 0.57 0.10 0.38 

Sr 0.54 0.02 0.53 

Mo 0.63 0.28 0.30 

Cd 0.32 0.32 0.47 
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Appendix Table C.4. GWAS results summary for ionomics using BLUEs 

For each significant association, the chromosome (Chr), physical position in Mb (Pos), trait, model, MAF, and 

estimated marker effect are reported. Marker effects are relative to a standard normal distribution. Allelic 

information includes the allelic states of the RP and donor parents (Don), as well as the alleles associated with the 

lower (L) and higher (H) mean phenotypic values among genotype classes. Genotype_class columns report the 

number of WILs carrying the RP allele (WIL_RP) or the donor allele (WIL_Don) at the marker locus. Donor 

direction (DonDir) indicates whether the donor allele increases or decreases the trait value. Donor allele proportion 

within the 1 Mb genomic bin containing the marker (DonProp) represents the average proportion of donor alleles 

across WILs in that genomic region. NA indicates cases where parental alleles could not be unambiguously 

assigned.  

Chr Pos Trait Model MAF Effect 
Allele Genotype_class 

DonDir DonProp 
RP Don L H WIL_RP WIL_Don 

21THD 

3B 693.64 Cu BLINK 0.37 0.35 G A A G 130 73 Decrease 0.31 

3D 31.55 Fe BLINK 0.48 0.24 C A A C 114 107 Decrease 0.31 

3D 487.81 Fe BLINK 0.14 -0.35 G A G A 181 19 Increase 0.01 

4B 634.32 Fe BLINK 0.08 -0.70 G A G A 199 14 Increase 0.06 

6B 431.80 Fe BLINK 0.06 -0.76 T C T C 198 3 Increase 0.02 

6B 616.32 Fe BLINK 0.07 0.58 G T G T 196 7 Increase 0.19 

6B 618.67 Fe BLINK 0.07 -0.55 NA NA T C NA NA NA 0.31 

4B 634.32 Fe MLMM 0.08 -0.75 G A G A 199 14 Increase 0.06 

4B 38.79 Se BLINK 0.07 -0.47 C T C T 207 15 Increase 0.11 

4B 38.79 Se MLMM 0.07 -0.47 C T C T 207 15 Increase 0.11 

22THD 

6A 578.89 Mo BLINK 0.07 -0.49 A G A G 204 8 Increase 0.01 

23THD 

1A 568.47 Ca BLINK 0.24 -0.30 NA NA G A NA NA NA 0.22 

3B 251.18 Ca BLINK 0.43 0.39 NA NA T C NA NA NA 0.41 

1A 568.47 Ca MLMM 0.24 -0.31 NA NA G A NA NA NA 0.22 

3B 251.18 Ca MLMM 0.43 0.51 NA NA T C NA NA NA 0.41 

2D 27.46 Cu BLINK 0.10 0.36 T C C T 190 9 Decrease 0.02 

4B 30.86 Cu BLINK 0.09 -0.42 NA NA T C NA NA NA 0.05 

5A 442.35 Cu BLINK 0.41 0.20 NA NA C A NA NA NA 0.29 

2D 27.46 Fe BLINK 0.10 0.36 T C C T 190 9 Decrease 0.02 

3D 31.69 Fe BLINK 0.37 0.20 NA NA C T NA NA NA 0.31 

4B 34.72 Fe BLINK 0.06 -0.77 C T C T 205 6 Increase 0.05 

5B 548.44 Mo BLINK 0.07 -0.33 A C A C 209 12 Increase 0.07 

6A 67.06 Mo BLINK 0.06 -0.48 NA NA G A NA NA NA 0.01 

6B 626.21 Mo BLINK 0.10 -0.33 NA NA T C NA NA NA 0.01 

7D 400.87 Mo BLINK 0.09 -0.36 T C T C 208 20 Increase 0.01 

1A 568.01 P BLINK 0.23 -0.29 C T C T 174 52 Increase 0.22 

5A 673.74 P BLINK 0.08 -0.40 NA NA T C NA NA NA 0.25 

5B 392.50 P BLINK 0.10 -0.39 NA NA C T NA NA NA 0.11 
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7A 96.54 P BLINK 0.43 0.24 NA NA G A NA NA NA 0.16 

1D 10.54 Rb BLINK 0.11 0.33 T C C T 201 21 Decrease 0.12 

2B 45.55 Rb BLINK 0.05 -0.76 NA NA A C NA NA NA 0.31 

2B 45.55 Rb MLM 0.05 -0.70 NA NA A C NA NA NA 0.31 

2B 45.55 Rb MLMM 0.05 -0.70 NA NA A C NA NA NA 0.31 

1A 518.08 Sr BLINK 0.10 -0.35 C T C T 201 18 Increase 0.23 

4A 29.08 Sr BLINK 0.14 -0.27 NA NA C T NA NA NA 0.18 

6B 690.97 Sr BLINK 0.34 -0.21 NA NA C T NA NA NA 0.00 
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Appendix Figure C.1. Pearson correlations among BLUEs for ionomics traits measured in 

21THD for TdGD Pop80 WILs 

Values within each cell represent the correlation coefficient, with color indicating both magnitude (darker = 

stronger) and direction (orange = negative, purple = positive). Correlations were computed and visualized in R using 

the corrplot package (Wei & Simko, 2024). 
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Appendix Figure C.2. Pearson correlations among BLUEs for ionomics traits measured in 

22THD for TdGD Pop80 WILs 

Values within each cell represent the correlation coefficient, with color indicating both magnitude (darker = 

stronger) and direction (orange = negative, purple = positive). Correlations were computed and visualized in R using 

the corrplot package (Wei & Simko, 2024). 
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Appendix Figure C.3. Pearson correlations among BLUEs for ionomics traits measured in 

23THD for TdGD Pop80 WILs 

Values within each cell represent the correlation coefficient, with color indicating both magnitude (darker = 

stronger) and direction (orange = negative, purple = positive). Correlations were computed and visualized in R using 

the corrplot package (Wei & Simko, 2024). 
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Appendix Figure C.4. Hierarchical clustering of TdGD Pop80 trait BLUPs  

Dendrograms show hierarchical clustering of across-environment BLUPs for the full set of traits evaluated in TdGD 

Pop80 using the Unweighted Pair Group Method with Arithmetic Mean (UPGMA) and correlation distance 

(calculated as 1 – r, where r is the Pearson correlation coefficient). The y-axis represents the correlation distance at 

which clusters merge, where smaller distances indicate strong positive correlations among traits, and where larger 

distances represent weak or negative correlations. The same dendrogram structure is shown under four cluster 

partition scenarios, with shaded boxes indicating trait assignments when the tree is cut at k = 2, 3, 4, or 5 clusters. 

Traits included in the clustering analysis were (1) agronomic performance: heading date (HD), senescence date 

(SD), grain fill period (GFP), plant height (PH); (2) yield and kernel components: tiller count (TC), normalized 

difference vegetation index (NDVI), green reflectance (GR), grain yield (GY), thousand kernel weight (TKW), test 

weight (TW), kernel area (KA), kernel length (KL), kernel width (KW); (3) functional quality: grain protein (GP), 

grain protein deviation (GPD), protein quality score (PQS), solvent retention capacity (SRC); and (4) grain ionomic 

panel: B, Na, Mg, Al, P, K, Ca, Fe, Mn, Co, Ni, Cu, Zn, As, Se, Rb, Sr, Mo, and Cd.  
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Appendix D - Supplementary tables for Chapter 5 

Appendix Table D.1. Agronomic performance BLUPs for KSTdGD80-55, KSTdGD80-175, 

the recurrent parent, and performance checks 

BLUPs were obtained from a two-stage mixed model analysis of standardized data for heading date (HD), 

senescence date (SD), grain fill period (GFP), and plant height (PH), and therefore represent performance relative to 

the population trait means. Low and high trial means indicate the range of environment-specific means in their 

original measurement units. Repeatability represents the proportion of genotypic variance relative to total variance.  

Genotype HD SD GFP PH 

Billings -0.200 0.523 0.624 -0.264 

Joe 0.365 0.830 0.485 0.687 

KS061278M-4 0.264 0.107 -0.151 -0.194 

KSTdGD80-175 -0.731 -0.069 0.605 -0.774 

KSTdGD80-55 -0.527 -0.114 0.274 -0.986 

Showdown -0.351 0.210 0.586 0.361 

SY Monument 1.627 0.723 -0.838 0.187 

Repeatability 0.717 0.644 0.395 0.770 

Trial Mean Units Julian 

days 

Julian 

days 

days  cm 

Low 128.904 161.427 32.000 68.260 

High 140.773 178.496 36.565 96.059 
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Appendix Table D.2. Grain yield BLUEs and BLUPs for KSTdGD80-55, KSTdGD80-175, 

the recurrent parent, and performance checks 

BLUEs and BLUPs were obtained from a two-stage mixed model analysis of standardized data for grain yield (GY), 

and therefore represent performance relative to the trial means. BLUEs are shown by environment. Trial means are 

included in their original measurement units. Repeatability represents the proportion of genotypic variance relative 

to total variance.  

Genotype 21THD 22EL 22RL 22THD 23RL 23THD BLUP 

Billings 0.526 -0.371 0.494 0.571 -0.632 0.559 0.200 

Joe 0.726 0.737 0.602 0.844 0.935 1.005 0.801 

KS061278M-4 0.625 -0.066 0.828 0.396 0.194 0.565 0.425 

KSTdGD80-175 1.176 1.247 1.257 1.123 1.306 1.961 1.312 

KSTdGD80-55 1.439 0.155 1.148 1.239 0.872 1.572 1.055 

Showdown 1.464 1.186 1.041 0.853 0.738 1.217 1.079 

SY Monument 0.630 0.841 0.993 0.209 - - 0.705 

Repeatability 0.900 0.740 0.720 0.870 0.770 0.700 0.733 

Trial Mean (kg ha-1) 5223.242 3633.751 3485.628 5265.467 3847.667 5016.573   
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Appendix Table D.3. Yield and kernel component BLUPs for KSTdGD80-55, KSTdGD80-

175, the recurrent parent, and performance checks 

BLUPs were obtained from a two-stage mixed model analysis of standardized data for tiller count (TC), normalized 

difference vegetation index (NDVI), green reflectance (GR), thousand kernel weight (TKW), test weight (TW), 

kernel area, length, and width (KA, KL, KW), and therefore represent performance relative to the population trait 

means. Low and high trial means indicate the range of environment-specific means in their original measurement 

units. Due to differences in sensors and measurement platforms between environments, only standardized means are 

reported for NDVI and GR. Repeatability represents the proportion of genotypic variance relative to total variance.  

Genotype TC NDVI GR TKW TW KA KL KW 

Billings -0.480 -0.133 0.154 1.874 0.694 1.822 1.964 1.004 

Joe 0.797 0.510 -0.691 0.557 0.139 0.498 0.174 0.653 

KS061278M-4 -0.068 0.171 -0.022 -0.141 0.330 -0.151 -0.247 -0.002 

KSTdGD80-175 0.054 -0.311 -0.107 -0.943 1.453 -0.993 -0.596 -1.069 

KSTdGD80-55 0.191 -0.345 0.086 -0.493 1.117 -0.701 -0.478 -0.570 

Showdown -0.006 0.167 -0.734 0.507 -0.224 0.580 0.750 0.150 

SY Monument 0.612 0.455 0.354 0.197 -0.463 0.166 -0.274 0.520 

Repeatability 0.374 0.429 0.652 0.836 0.760 0.907 0.953 0.818 

Trial Mean Units count - - g kg hL-1 mm2 mm mm 

Low 56.928 0.059 -0.015 25.622 72.335 12.312 5.708 2.839 

High 75.101 0.085 0.033 31.576 75.136 13.698 5.961 3.104 
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Appendix Table D.4. Functional quality BLUPs for KSTdGD80-55, KSTdGD80-175, the 

recurrent parent, and performance checks 

BLUPs were obtained from a two-stage mixed model analysis of standardized data for grain protein (GP), grain 

protein deviation (GPD), protein quality score (PQS) and solvent retention capacity (SRC), and therefore represent 

performance relative to the population trait means. Low and high trial means indicate the range of environment-

specific means in their original measurement units. Repeatability represents the proportion of genotypic variance 

relative to total variance.  

Genotype GP GPD PQS SRC 

Billings -0.680 -0.648 1.706 1.281 

Joe -1.358 -1.065 -0.244 -0.912 

KS061278M-4 -0.530 -0.322 0.082 -0.202 

KSTdGD80-175 -0.993 -0.284 1.056 0.484 

KSTdGD80-55 -0.207 0.278 0.391 0.667 

Showdown -0.990 -0.517 0.899 0.581 

SY Monument -1.135 -0.892 1.626 0.979 

Repeatability 0.593 0.455 0.653 0.787 

Trial Mean Units % - - % 

Low 15.516 0.000 15.348 239.417 

High 17.079 0.000 17.474 287.608 
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Appendix Table D.5. Macronutrient BLUPs for KSTdGD80-55, KSTdGD80-175, the 

recurrent parent, and performance checks 

BLUPs were obtained from a two-stage mixed model analysis of standardized data for sodium (Na), magnesium 

(Mg), phosphorus (P), potassium (K), and calcium (Ca), and therefore represent performance relative to the 

population trait means. Low and high trial means indicate the range of environment-specific means in their original 

measurement units. Repeatability represents the proportion of genotypic variance relative to total variance.  

Genotype Na Mg P K Ca 

Billings 0.195 -0.421 -0.167 1.035 -0.272 

Joe 0.213 -0.841 -0.392 0.844 -0.124 

KS061278M-4 -0.204 -0.203 0.029 0.163 0.409 

KSTdGD80-175 0.429 0.157 0.461 0.339 0.193 

KSTdGD80-55 0.369 0.246 0.142 -0.143 0.311 

Showdown 0.541 -0.572 -0.040 0.988 0.176 

SY Monument -0.206 -0.928 -0.428 0.787 -0.073 

Repeatability 0.116 0.588 0.161 0.392 0.286 

Trial Mean 

(mg kg-1) 

Low 3.081 9805.044 4563.160 5865.703 817.097 

High 3.723 10218.145 5001.316 6851.096 889.823 
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Appendix Table D.6. Micronutrient and trace element BLUPs for KSTdGD80-55, 

KSTdGD80-175, the recurrent parent, and performance checks 

BLUPs were obtained from a two-stage mixed model analysis of standardized data for boron (B), iron (Fe), 

manganese (Mn), cobalt (Co), nickel (Ni), copper (Cu), zinc (Zn), selenium (Se), rubidium (Rb), strontium (Sr), and 

molybdenum (Mo), and therefore represent performance relative to the population trait means. Low and high trial 

means indicate the range of environment-specific means in their original measurement units. Repeatability 

represents the proportion of genotypic variance relative to total variance.  

Genotype B Fe Mn Co Ni Cu Zn Se Rb Sr Mo 

Billings -0.001 -0.096 -1.303 -0.081 -0.164 -0.081 -0.283 -0.314 0.795 0.410 -0.650 

Joe 0.001 -0.300 -1.072 0.328 0.305 -1.107 -0.104 -0.237 1.070 -0.049 -0.775 

KS061278M-4 -0.383 -0.354 -0.528 -0.285 -0.646 -0.496 -0.385 -0.151 0.200 0.548 0.008 

KSTdGD80-175 0.168 -0.247 0.426 0.673 -0.316 -0.388 0.162 0.221 0.058 0.181 -0.205 

KSTdGD80-55 -0.026 0.333 0.368 0.142 -0.361 0.199 0.197 0.056 0.487 0.280 0.831 

Showdown 0.131 -0.395 -0.676 0.240 -0.620 -0.561 0.202 -0.002 1.013 0.342 -1.146 

SY Monument -0.014 -0.263 -0.505 0.513 0.949 -0.586 -0.208 0.089 0.569 -0.095 -1.059 

Repeatability 0.113 0.605 0.466 0.590 0.376 0.552 0.202 0.139 0.417 0.264 0.647 

Trial Mean 

(mg kg-1) 

Low 2.193 49.080 98.730 0.006 0.541 7.725 24.212 0.710 1.758 5.016 1.400 

High 2.858 55.668 109.913 0.010 1.149 9.549 34.067 1.003 1.867 5.545 2.936 
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Appendix Table D.7. Toxic element BLUPs for KSTdGD80-55, KSTdGD80-175, the 

recurrent parent, and performance checks 

BLUPs were obtained from a two-stage mixed model analysis of standardized data for aluminum (Al), arsenic (As), 

and cadmium (Cd), and therefore represent performance relative to the population trait means. Low and high trial 

means indicate the range of environment-specific means in their original measurement units. Repeatability 

represents the proportion of genotypic variance relative to total variance.  

Genotype Al As Cd 

Billings -0.729 0.450 -0.639 

Joe -0.380 0.462 -1.011 

KS061278M-4 -0.420 0.082 -0.349 

KSTdGD80-175 -0.143 0.000 -0.401 

KSTdGD80-55 0.383 0.378 -0.152 

Showdown 0.124 1.517 0.584 

SY Monument -0.158 0.515 -0.573 

Repeatability 0.197 0.595 0.436 

Trial Mean 

(mg kg-1) 

Low 2.807 0.015 0.006 

High 4.163 0.022 0.013 

 


