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ABSTRACT 

 

 

The use of nitrogen (N) fertilizers is both costly to farmers and contributes to environmental 

degradation.  N applied to wheat accounts for 18% of N applied to farmland globally, making it a 

prime target for reducing and optimizing N application. Chapter I is a review on nitrogen use 

efficiency (NUE) in wheat, with emphasis on breeding efforts and genetic resources available to 

increase NUE. The concept of effective use of nitrogen (EUN) as yield per unit N applied as a 

measure of N use, is also introduced. Chapter II is a study using two bi-parental double haploid 

families to evaluate genetic variability of both the genetic main effects (intercept) and linear 

response to N (slope) and determine the feasibility of selection for EUN in wheat. Using cross 

validation, a genomic prediction accuracy of 0.68 for intercept and 0.50 for slope was found, 

indicating that EUN is under genetic control and can be selected for. The prospect of breeding for 

EUN under limited resources, i.e., using fewer N rates and fewer experimental plots, is also 

explored. It was found that two different N treatments can be used to produce accurate predictions 

of intercept and slope as high as 0.98 and 0.95, respectively. Chapter III uses the same population 

described in chapter II to further investigate feasibility of selection for EUN using a normalized 

difference vegetation index (NDVI) obtained from multi-spectral aerial images gathered 

throughout the growing season. Cumulative photosynthesis across the growing season was 

estimated by integration across the NDVI curve, and compared to grain yield estimates to 

determine the efficacy of aerial imaging to identify high EUN lines. NDVI values and the area 



 

 

 

under the NDVI curve were able to predict yield and had the strongest ability to predict yield in 

moderate to low N treatments, with R2 values as high as 0.81 and 0.78 respectively. 
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GENERAL AUDIENCE ABSTRACT 

Chapter I is a review on nitrogen use efficiency (NUE) in wheat, with emphasis on breeding efforts 

and genetic resources available to increase NUE. The concept of effective use of nitrogen (EUN) 

defined as grain yield per unit N applied, is contrasted to NUE as a more economic breeding goal. 

Chapter II uses two bi-parental mapping populations to evaluate genetic variability of both the 

genetic main effects and the linear response to N and determine the feasibility of selection for EUN 

in wheat. The efficacy of genomic prediction for EUN is explored and the prospect of breeding for 

EUN under limited resources is also explored. Chapter III uses the same populations described in 

chapter II to further investigate the feasibility of selection for EUN using a normalized difference 

vegetation index (NDVI) obtained from multi-spectral aerial images gathered throughout the 

growing season. Cumulative photosynthesis across the growing season was estimated and found 

to be predictive of grain yield estimates at accuracies ranging from 0.31 to 0.78. 
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Chapter I: 

Nitrogen Use Efficiency in Wheat: The Quest to Improve Resource Utilization 

Abstract 

In this review of nitrogen use efficiency (NUE), we look at physiological processes affecting N 

uptake and use within the plant, historical breeding and improvement efforts, that while not 

targeted at NUE, inadvertently increased NUE. We also look at agronomic efforts which have been 

demonstrated to increase NUE, and breeding efforts which offer potential to increase NUE. 

Appropriate N application, rate, source, and timing, conservation of N within the soil, and plant 

availability have been tested and shown to reduce N required, and preserve yield and quality factors 

associated with N. Breeding efforts have focused on the discovery and use of NUE traits, with the 

goal of creating wheat varieties which take up and utilize N efficiently. This review primarily 

focuses on breeding efforts and improvement of plant NUE traits. The concept of the effective use 

of N (EUN), or agronomic output per unit N applied, as an economic measure of N use is also 

discussed. Breeding and agronomic solutions are necessary to improve NUE and mitigate the 

environmental issues and economic costs incurred due to excess N use. We discuss options 

available for NUE improvement and barriers which prevent their widespread adoption by 

producers. However, improvements of yield and N use must be of great enough magnitude and 

cost efficient to merit use by farmers. Incorporation of new technology and statistical methods are 

also discussed. 
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Importance of NUE in Wheat 

Wheat is one of the most widely grown crops in the world, accounting for about 19% of global 

cereal production (Khanfri et al. 2018) and providing 20% of the world’s calories and protein 

(Shiferaw et al. 2013). If current trends are maintained, wheat production will need to increase to 

880 million tons by 2050 to meet the demands of the growing population (Dixon et al. 2009).  This 

increase in production must be achieved under decreasing arable land area and reduced agronomic 

inputs, including fertilizers, pesticides, and other chemicals, to limit ecological damage, as well as 

the uncertainty and threat posed by climate change. 

As with other crops which do not fix N, wheat requires extensive application of N fertilizers to 

meet plant demands and yield potential. N is often the most limiting nutrient in cropping systems, 

and N deficiency causes the highest yield reductions of any nutrient deficiency worldwide 

(Campbell et al. 1995). N is essential to establish yield capacity and maintain photosynthetic 

activity during growth and grain filling stages (Yoshida 1972). N deficiency impairs metabolism, 

reduces growth, causes premature senescence, reduces tillering, and reduces yield (Fageria and 

Baligar 2005). 

In 2004, approximately 85-95 million metric tons of N fertilizers were applied to soils worldwide 

(Good et al. 2004), with 18% of N applied to cropping systems being applied to wheat (Ladha et 

al. 2016). N application has a positive impact on yield in wheat, up to around 192 kg/ha, under 

otherwise average agronomic conditions (Hawkesford 2014). Conversely, N losses in soils can 

lead to yield decreases, where excessive application of N and associated losses due to leaching, 

cause harm to surrounding natural ecosystems (Wang et al. 2011). N does not act alone, but in 

concert with other nutrients. Ensuring complete mineral nutrition, with all mineral nutrients 
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required for plant growth, contributes to the efficient use of N, in other words, more N can be 

utilized when other necessary nutrients are available (Duncan et al. 2018). Some nutrients such as 

sulfur (S), have a direct correlation with N utilization. When S is at adequate levels, N uptake is 

increased, and higher yields are achieved (Salvagiotti 2009). However, N use in plants is affected 

by the law of diminishing returns (Bodirsky and Müller 2014), where each additional unit of N 

produces less of a yield increase than the last. Thus, as N fertilization increases, NUE decreases 

(Dawson et al. 2008). 

Waste of N due to low NUE in wheat and other crops not only constitutes a substantial cost to 

farmers but has negative environmental consequences. Excessive N fertilization and runoff from 

cropland, containing inorganic N, produces negative environmental effects, including the 

acidification of aquatic systems, an increase in aquatic primary producers leading to eutrophication 

in aquatic systems, and toxicity to aquatic animals, impairing their survival, reproduction, and 

growth (Camargo and Alonso 2006). Excess inorganic N in water and other food products can also 

have toxic effects in humans, namely nitrites and nitrates, where they can cause 

methemoglobinemia (Camargo and Alonso 2006).  

Not only is N lost due to runoff, but ammonia volatilization contributes to the loss of 32Tg N per 

year (Buesen et al. 2008), with volatilization losses being greatest in tropical areas. Denitrification, 

or the conversion of nitrate and nitrite to nitrous oxide and dinitrogen gasses, which is greater 

under anaerobic conditions, is often the largest N sink, and in one clay soil was found to account 

for 87 percent of N losses (Van der Salm et al. 2007).  

NUE can be decomposed into two traits, N uptake efficiency (NUpE) and N utilization efficiency 

(NUtE). Improvement of these two traits is the method by which genetic improvement of NUE is 



 

4 

 

achieved (Ortiz‐Monasterio 1997). NUpE is the total N in the above ground plant divided by 

available soil N. NUtE is the grain dry mass divided by N in the above ground plant biomass during 

harvest (Cormier et al. 2016). The contribution of NUpE and NUtE to NUE varies between 

varieties without any clear trends between cultivars (Braiser et al. 2019), implying that the two 

traits are not linked. 

NUpE is directly influenced by root uptake of N through expression of genes and traits which 

influence N uptake and assimilation. Nitrate and ammonium are taken up by the roots through 

plasma membrane localized transporters Nitrate Transporter 2 family (NRT2) and Nitrate 

Transporter 1/Peptide Transporter family (NPF) (Wang et al. 2018). NRT2s are high affinity 

transporters which are induced under N limitation (Tegeder and Masclaux-Daubresse 2018), most 

of which also require Nitrate Assimilation Related Protein 2 (NAR2) to transport NO3 making a 

two component N transport system (Fan et al. 2017). Root architecture is also modified in response 

to N, in Arabidopsis, it was shown that root length was increased under mild N deficiency and 

decreased under severe N deficiency (Kiba and Krapp 2016). 

NUtE is largely determined by relocation of N from plant tissues to grain. However, not all plant 

tissues contribute equally to total grain N. At anthesis, N is distributed throughout the plant as 

follows: leaf lamella 35-42%, leaf sheath 14-20%, stem 20-31%, ear 16-23% (Barraclough et al. 

2014), and roots 4% (Allard et al. 2013). Not only is N distribution unequal throughout the plant, 

but remobilization of reserve N to grain also differs among tissues; 48% stem, 56% chaff, leaf 

sheath 61%, leaf laminae 76% (Pask et al. 2012), and roots approximately 57% (Allard et al. 2013). 

At low N levels (67kg N/ha), NUpE has a greater contribution to NUE than NUtE (Braiser et al. 

2019). N uptake after anthesis varies among varieties (Barraclough et al. 2014). In cropping 
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systems, wheat and other cereals use approximately 33% of N applied, making for a N recovery 

efficiency of 33% (Raun and Johnson 1999). The amount of N remobilized to grain is proportional 

to N taken up before anthesis. Therefore, as more N is available in the plant, more is available for 

remobilization to the grain. The N remobilized to grain may range from less than 60% to 95% 

depending on N taken up before anthesis (Palta and Fillery 1995). However, these are general 

trends, with several studies demonstrating substantial genetic variation, showing that N uptake and 

remobilization are separate processes (Barbottin et al. 2005; Brasier et al. 2019; Hawkesford and 

Riche 2020; Nehe 2020). 

History of NUE 

As of 2013, it is estimated that approximately 425 Tg of N is fixed per year (Sutton et al. 2013); 

with approximately 58 Tg coming from natural fixation (Vitousek et al. 2013) and with the 

remaining 367 Tg coming from human activity, primarily produced using the Haber Bosch 

process. 

During the green revolution, semidwarf wheat varieties were created with reduced losses due to 

lodging and greater response to fertilizer inputs (Shiferaw et al. 2013). This subsequently led to 

greater use of fertilizers, especially N, P, and K. Due to this increased positive response to fertilizer 

inputs, synthetic N fixation has increased. It was previously thought that modern semi-dwarf 

cultivars had lower NUE than older cultivars, but it was then found that NUE is not lower in 

modern varieties (Ortiz‐Monasterio, 1997); however, response to additional N was found to be 

greater in modern semi-dwarf varieties than older varieties (Ortiz‐Monasterio, 1997). Before the 

green revolution, NUpE and NUtE may have been increased by selecting varieties in low N 

environments (Cormier et al. 2016), as some older varieties have been shown to have high NUE 
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(Le Gouis et al. 2000). Although, presumably, breeding for NUE was not a direct focus of any 

breeding program. 

Manipulation of NUE 

If current trends of population increase and N use are maintained, N application is projected to 

increase to 240 million metric tons by 2050 (Good et al. 2004), from which negative environmental 

consequences may result and the cost of N fertilizers must be paid by farmers. Therefore, this 

problem should be addressed by researchers and farmers. As the phenotype and expression of 

desired traits is the product of the interaction of the genotype and environment, improvement of 

genotype and environmental conditions are necessary to improve NUE (Xu et al. 2012). Thus, 

NUE may be addressed from breeding, agronomic, and crop physiology perspectives (Van Bueren 

and Struik 2017). 

Improvement of cultural practices are necessary to improve N use. For example, drip N, P, and K 

fertigation in tomato showed significantly reduced leaching of N and K to lower soil levels as 

compared to conventional fertilization and irrigation methods (Hebbar et al. 2004). Treatments 

aimed at improving soil N holding capacity may also be useful, such as using biochar to reduce 

ammonia volatilization; when biochar was applied to the soil, N volatilization was reduced by up 

to 71% in wheat cropping systems (Mandal et al. 2016). Additionally, N uptake in wheat increased 

by up to 76% (Mandal et al. 2016). Timing of N application has a significant impact on yield and 

NUE. It was shown that some N deficiency during the vegetative growth stage was shown to be 

non-detrimental to yield and was even shown to increase NUE (Ravier et al. 2017, Zheng et al. 

2020). Synchronizing N supply with plant demand can improve NUE and reduce N losses (Fageria 

and Baligar 2005). Thus, slow-release fertilizers may be another attractive strategy to synchronize 
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nutrient supply with demand (Hawkesford and Richie 2020). Variable rate fertilization has been 

demonstrated to reduce excessive N and other mineral fertilizer application, where through 

monitoring of field characteristics fertilizer can be precisely applied to field areas in the appropriate 

amounts required by plants. In one study, this was shown in a single season to reduce N application 

by 38% in wheat without yield loss (Stamatiadis et al. 2018). Another study was able to reduce N 

application by 19.4% and increase yield by up to 10.4% (Guerrero et al. 2021). An additional 

strategy for reducing N fertilizer input is the use of biofertilizers or applying microbial inoculants 

to the soil which then can fix atmospheric N2 into usable forms to meet crop needs. While this may 

play a role in meeting future N requirements, current biofertilizers vary too widely in results to 

gain wide acceptance by farmers (Schütz et al. 2018). There are many possible methods of 

improving cultural practices; however, genetic improvement of wheat through breeding strategies 

is also a great source of NUE improvement. 

Genetic Variation for NUE 

While there are many possible measures to increase NUE in wheat, some methods come with 

negative tradeoffs. One such example is through manipulation of senescence, where the 

transcription factor NAM-B1 accelerates senescence and increases N remobilization (Uauy et al. 

2006).  However, accelerating senescence may prove to be a yield barrier as it leaves less time for 

photosynthetic tissues to fix carbon and subsequently translocate photosynthate to developing 

grains, as delayed senescence has been suggested as a method to improve NUE (Van Bueren and 

Struik 2017). Although, later maturing varieties present a problem for double cropping systems. 

One solution for reducing the N requirement of wheat is to make varieties with lower grain protein 

content (GPC). For some applications, such as malting and distilling, biofuel, and feed a low 

protein to starch ratio is acceptable or desirable. However, the estimated minimum protein content 
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required by seeds is about 1.5% (Sinclair and Amir 1992). Thus, yield under limited N may be 

increased by lowering the GPC, but only to about 1.5% protein. While this presents a viable 

solution for some applications, it is unacceptable for others, such as baking and human 

consumption (Cormier et al. 2016), where under 11% protein is acceptable for applications like 

making pastries (Zhao et al. 2019) and over 14% protein is required by durum millers (Rapp et al. 

2018). When breeding for increased protein content, as is necessary for some applications, yield 

and GPC tend to demonstrate a negative correlation, i.e., as GPC increases yield decreases and 

vice versa (Rapp et al. 2018). However, there are varying levels of deviation from this trend among 

varieties, and this grain protein deviation can be exploited by breeders (Mosleth et al. 2015). 

Multiple studies have discovered NUE quantitative trait loci (QTL), or regions of the genome 

associated with quantitative differences in NUE (Brasier et al. 2020, Bogard et al. 2013, Laperche 

et al. 2006, Monostori et al. 2017, An et al. 2006, Hitz et al. 2017), many of which are unique or 

are found in multiple lines, showing that their use in a breeding program through marker assisted 

selection (MAS) offers real potential to improve NUE through additive effect (Górny et al. 2011). 

For example, in a comparison of 39 elite cultivars the best varieties up took 31–38 kg/ha more N 

than the worst and NUtE was 24–42% better than the worst, although conditions between years 

also had a large effect on these traits (Barraclough et al. 2010). There is significant variation in 

NUE traits, although, there is likely greater variation within larger gene pools, which suggests the 

need to expand screening efforts to older varieties, landraces, and wild relatives (Hawkesford 

2017). Heritability values of N and yield traits are high and ranges between 0.60 and 0.95 

(Laperche et al. 2006b), although, these high values may be due to high replication in trials. With 

sufficient heritability, QTL identified in genome-wide association studies (GWAS) for NUE can 

be used for MAS, making possible more rapid and precise selection for NUE traits. Unfortunately, 
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realizing genetic NUE gains can be difficult due to large genotype by environment interactions 

(Van Bueren and Struik 2017). 

As individual varieties have their NUE assessed, the methods by which varieties attain higher NUE 

can also be explored. An example of this is the soft red winter wheat line VA08MAS-369, when 

compared to a low NUE line, VA07W-415, showed increased efficiency in N uptake and increased 

expression of genes which encode for a two-component high affinity nitrate transport system 

(Lamichhane et al. 2021). VA08MAS-369 was also shown to have increased NUtE through 

accelerated senescence and protein and starch breakdown in flag leaves. It was also found that 

increased NAD-dependent glutamate dehydrogenase and glutamine synthase activity may be a key 

mechanism by which N remobilization from leaves to grain occurs (Alpuerto et al. 2021). 

Expression of these genes for transport and remobilization was shown to increase GPC and grain 

yield (Alpuerto et al. 2021). 

Root mass of modern cultivars is greatly reduced and in many cases is less than two thirds the size 

of the roots of land races (Waines and Ehdaie 2007). This directly contributes to a greater ratio of 

above ground biomass (AGBM) to below ground biomass. This may be a factor which accounts 

for some yield increases in well irrigated and fertilized plots. However, reduced root biomass likely 

decreases drought tolerance and nutrient uptake (Waines and Ehdaie 2007). Also, due to a longer 

in-field season, winter wheat develops a deeper root system than spring wheat leading to greater 

N capture and uptake (Thorup-Kristensen et al. 2009). Thus, winter wheat offers greater potential 

for improving NUE.  

Gluten, composed of gliadin and glutenin proteins contributes to many of the essential quality 

factors that make wheat suitable for products such as bread, baked goods, pasta, and many other 
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wheat products, where the binding visco-elastic properties of gluten make possible the wide range 

of wheat products (Day et al. 2006). Protein and gluten content are genetically correlated, though 

not identical; an increase in protein does not necessarily equate to an increase in quality or gluten 

quality, i.e., extensibility and elasticity of gluten (Simic et al. 2006). Therefore, at least for baking 

quality, simply increasing protein content does not result in a superior variety or product. 

Additionally, different wheat products require different protein and gluten percentages and quality, 

such as pasta which relies on high gluten content and strength (Ames et al. 1999), to biscuits which 

require flour with low gluten content and strength (De Santis et al. 2020). Thus, an approach which 

only seeks to increase GPC is not suitable for all applications.  

Many NUE studies focus on NUE as the relationship of N applied to GPC (Ortiz‐Monasterio 1997; 

Brasier et al. 2019), NUtE and NUpE take into account the movement of N from the soil and to 

the grain, with a focus on GPC. While translocation of N is critical to efficient utilization of 

resources, the issue of yield is sidestepped and GPC becomes the focus! When viewed from this 

perspective, the definition of NUE being the sum of NUtE and NUpE (Ortiz‐Monasterio 1997) is 

inappropriate. Instead, a definition similar to the one proposed by Moll et al. (1982) which is the 

ratio of grain produced per unit of N available in the soil, hereafter referred to as the effective use 

of N (EUN), is superior. GPC and gluten are important quality factors but must not be the sole 

goal of a breeding program or efforts to improve NUE and EUN.  

Resources Available to Improve NUE and EUN 

While breeding and agronomic strategies to increase NUE merit use, a combination of approaches 

will be necessary to improve N use and mitigate the harmful effects of excessive N application 

(Sharma and Bali 2018; Zhang et al. 2015). NUE should not be considered for only one crop but 
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for the cropping system as a whole, where previously grown crops affect succeeding ones in 

rotation, where factors such as crop residue, N applied to previous crops, N fixation, and other 

crop characteristics should be considered (Dresboll and Thorup-Kristensen 2014, Wolfe et al. 

2021). 

Molecular breeding is a strategy which can be used to combine NUE traits into plants. Although 

in some cases there may be regulatory hurdles to overcome, precise manipulation of genes and 

expressed traits can be realized. Genes for N metabolism may also be targets for improvement of 

NUE. For example, NUpE and N assimilation was improved in canola and rice by the introduction 

of barley alanine aminotransferase and its overexpression by the canola and rice tissue specific 

promoters btg26 and OsAnt1 respectively (Shrawat et al. 2008, Good et al. 2007). In both cases 

plants performed better under low N conditions and canola expressing barley alanine 

aminotransferase required 40% less applied N to achieve yields equivalent to the wildtype (Good 

et al. 2007). NUtE was shown to be improved in wheat where the NAM-B1 gene from emmer (T. 

turgidum) which accelerates senescence and increases remobilization of N, Fe, and Zn was 

incorporated into hexaploid wheat. This was also found to increase grain protein, Fe, and Zn 

content (Uauy et al. 2006). While it was found that translocation and NUtE was increased, 

senescence was also accelerated, and increasing the speed of senescence may prove to be a yield 

barrier and could lead to lower yield potential. While the NAM-B1 gene accelerated senescence, 

it was not found to lower test weight (Uauy et al. 2006). There is often a tradeoff between test 

weight and GPC which can be difficult to overcome, due to most protein localizing in the outer 

layers of the grain (Tosi et al. 2009). In other words, volume is a cubic function and surface area 

is quadratic. However, there are some methods which can increase both GPC and test weight. 

Nitrate reductase is a limiting enzyme in the glutamine synthesis pathway, reducing NO3
- to NO2

-
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. The overexpression of tobacco nitrate reductase using the 35S promoter led to increased GPC 

and 1,000 kernel weight (Zhao et al. 2013). It should also be noted that direct molecular 

manipulation may not be an ideal strategy given the degree of variation already present in wheat 

for NUE and the quantitative nature of many NUE genes (Brasier et al. 2020, Bogard et al. 2013, 

Laperche et al. 2006, Monostori et al. 2017, An et al. 2006, Hitz et al. 2017). This suggests that 

doing selection on standing variation is likely where most gains will be made in NUE. 

Nitrate is easily leached through the soil profile, thus more roots and at greater depth can help 

improve nitrogen capture by the plant (Cormier et al. 2016). Studies aimed at increasing water use 

efficiency in wheat have shown that there is tremendous variability in wheat varieties, landraces, 

and wild relatives for root system size and depth, and that there is potential to incorporate these 

traits into a breeding program (Reynolds et al. 2007). Additionally, QTL associated with root 

architecture and NUE have been found in wheat (Laperche et al. 2006). Developing high 

throughput phenotyping methods for root traits has been difficult but would be advantageous in 

studying and selecting for root traits (Fiorani and Schurr 2013). Currently, methods are being 

developed to allow for high throughput phenotyping of root traits, methods such as X-ray 

computed tomography, magnetic resonance imaging, positron emission tomography, electrical 

resistance tomography, electromagnetic inductance, and ground penetrating radar these may find 

use as technologies are further developed and refined (Atkinson et al. 2019). Root traits can be 

selected for and improvements can be more easily made with low-input methods of assessing root 

traits. 

Symbionts such as mycorrhizae and bacteria may be another method of improving NUpE, wheat 

cultivars have differences in the amount of mycorrhizal colonization and degree of associations 

formed (Behl et al. 2012; Hetrick 1995). This suggests that breeding for increased mycorrhizal 
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responsiveness is another possible option. Bacteria such as Azotobacter chroococcum have been 

shown to increase N and P availability in a variety dependent manner (Manske et al. 2000, Behl et 

al. 2012). Especially when used in combination with mycorrhizal inoculation, higher yields were 

observed for some varieties (Singh et al. 2004). Microbes can affect root architecture and promote 

rooting through production and destruction of plant hormones (Upadhyay et al. 2009). Such as the 

production of the enzyme 1-aminocyclopropane-1-carboxylate (ACC) deaminase, which cleaves 

plant ACC, lowering ethylene levels in the plant and promoting a larger root system by lowering 

ethylene mediated root growth reduction (Glick 2005). Additionally, some bacterial strains are 

capable of symbiosis and N fixation in wheat, such as Klebsiella pneumoniae 342, which showed 

confirmed N fixation via 15N isotope dilution, was cultivar specific and showed significant N 

fixation with one cultivar, but little to no N fixation with two other cultivars (Iniguez et al. 2004). 

In wheat, the use of symbionts is limited due to inconsistent results, which vary across 

environments and between varieties. 

NUE can also be improved using correlations and proxy traits. For example, there is a correlation 

between taller lines and lines with greater above AGBM with greater NUtE, suggesting that 

AGBM may be used as a proxy trait for breeding (Brasier et al. 2019b; Nguyen et al. 2016). 

However, increased AGBM is only beneficial if there is sufficient straw strength to prevent 

lodging. In a similar manner, other traits such as flowering date, which is positively correlated 

with NUE (Guttieri et al. 2017), can also be used to improve NUE, although, in time sensitive 

systems such as double cropping systems late flowering and maturity dates are unacceptable. 

Overall plant performance must also be considered, for example, NUpE was shown to be greater 

among wheat lines which showed greater seedling root and shoot vigor (An et al. 2006; Liao et al. 
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2004). Increase in grain yield is also associated with NUE traits and can be used as a proxy trait 

(Nguyen et al. 2016). 

While many of the possible strategies discussed here merit use and further investigation, 

economics, practicality, and acceptability to farmers must also be considered. Economic benefits 

must be considered in the development of sustainable agriculture (Liang et al. 2019). While NUE 

has potential to be improved, any variety with improved NUE must have a great enough 

improvement to be utilized and managed under reduced N rate. For example, a variety which 

requires 5% less N may not be adopted by farmers or will not be grown under reduced N rate; 

however, a variety which requires 30% less N will likely be grown under reduced N rate. While 

these values are speculative, research aimed at the feasibility of using varieties with improved 

NUE should be conducted. Ultimately, an appreciable change in crop yield or N cost is necessary 

for a change in N management (Antille and Moody 2021). Yield in high NUE varieties must be 

increased, or at least be similar to existing elite varieties, for adoption by farmers.  

High throughput phenotyping (HTP) can also be used to aid in the detection of NUE traits and 

offers several advantages: nondestructive data collection (Banerjee et al. 2020), and larger amounts 

of data can be collected and used through the use of digital imaging techniques and statistical 

processing. Additionally, through the use of unmanned aerial vehicles, multiple types of data can 

be collected, including canopy temperature (Tattaris et al. 2016) and spectral data, such as 

normalized difference vegetation index (Duan et al. 2017), and other vegetation indexes including 

green normalized difference vegetation index (Haghighattalab et al. 2016), rededge normalized 

difference vegetation index, soil adjusted vegetation index, enhanced vegetation index (Khan et 

al. 2018), as well as hyperspectral indices (Liu et al. 2020), and other vegetation indices. This 

spectral data can be used to measure height (Holman et al. 2016), lodging (Zhao et al. 2020), 
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disease susceptibility (Shakoor et al. 2017), AGBM (Maimaitijiang et al. 2019), N and other 

nutrient concentration in leaf tissues (Yang et al. 2020). HTP can also be used to make predictions, 

such as potential disease susceptibility, using height as a proxy (Sarkar et al. 2019), and yield (Sun 

et al. 2019). While these data have been collected and used, rigorous downstream analysis is often 

lacking. 

HTP can assist with increasing breeding efficiency by increasing selection accuracy through the 

use of spectra and spectral indices as proxies for agronomic traits, identifying novel genetic 

variation, and through the creation of models which support decision making, such as climate and 

genotypic performance models (Araus et al. 2018). For example, multispectral imaging data 

demonstrated strong correlation with genetic parameters for growth curves, yield, and other end 

of season traits (Anche et al. 2020). Additionally, HTP has been used to determine varietal 

response to N and was used to find N responsive QTL in bread wheat (Jiang et al. 2019). If these 

technologies are combined with breeding for NUE, rapid phenotypic characterization and selection 

with greater precision will likely be possible. HTP has been used to screen wheat germplasm to 

identify lines with high NUE, where NDVI is the most common index used to measure plant 

response to N (Nguyen et al. 2019). However, other spectra and indices are also likely to be useful 

when measuring plant and variety response to N.  

As phenotypic data is improved our understanding of NUE genes will also be improved. Detailed 

observation and phenotypic characterization are essential to understand genes of minor or modest 

effect (Poland et al. 2008), such marker data used for genomic prediction, and with HTP screening, 

large and diverse populations of genotypes can be screened for novel NUE QTL (Nguyen and Kant 

2018). As genetic technologies are implemented in breeding programs, time needed for breeding 

cycles will decrease, selection accuracy will be improved, novel genetic variation can be identified, 
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tools can be provided which support decision making, and the size of breeding programs can be 

optimized (Araus et al. 2018). There is difficulty in measuring growth and development over time, 

due to the time-consuming nature of data collection, previous work has used data collected at one 

or a few time points, which may not accurately represent the longitudinal nature of NUE traits. A 

notable exception to these general methods of previous studies is crop modeling where individual 

varieties are rigorously tested to define growth parameters under a given set of conditions (Chenu 

et al. 2017). Crop models have been created which incorporate N response, uptake, and 

redistribution (Jamieson and Semenov 2000; Porter 1993; Sinclair and Amir 1992). However, 

these models were created using only a few varieties, making it difficult to assess genetic 

variability of the species from crop models.  

Random regression models can be used for longitudinal traits (Schaeffer 2004) and have been 

applied to model traits such as cattle weight and growth over time (Meyer 2001). Random 

regression models can further be used to analyze line performance and NUE over time. 

Longitudinal traits generally change gradually over time. When longitudinal data is analyzed using 

random regression models, covariance functions can be defined which describe the covariance 

structure for ages within the data (Meyer 2001). Furthermore, longitudinal traits vary in the shape 

of their respective curves and orthogonal polynomials are sufficiently general to fit any shape 

curve (Yang et al. 2006). Differing levels of N can form a natural reaction norm, which can then 

be used to estimate growth planes with N, time, and growth. 

Assessing varietal stability across environments is of great interest to breeders. Statistical models 

which allow for comparisons across heterogeneous environments is necessary for comparing lines 

accurately (Eberhart and Russell 1966). To address this genotype and environmental interaction, 

statistical models can be used in which main and interaction effects of genetic markers and 
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environmental covariates are considered (Jarquín et al. 2014). Spatial variability within fields can 

be accounted for using an AR1 x AR1 covariance model (Gilmour et al. 1997), which accounts for 

correlation within rows and columns in the field, to mitigate spatial heterogeneity in fields.  

For highly complex polygenic traits such as yield, QTL detection and MAS are ineffective, due to 

the contributions from each QTL being small, however genomic prediction (GP) models can be 

used. In GP all markers are considered to form a cumulative genetic value for an individual. This 

has been demonstrated in wheat to be a good predictor of yield (Belamkar et al. 2018; Edwards et 

al. 2019; He et al. 2016; Larkin et al. 2019; Sehgal et al. 2020), disease resistance (Larkin et al. 

2019), and GCP (Haile et al. 2018). GP has also been demonstrated to predict yield NUE traits, or 

yield under varying N levels, in maize (Mastrodomenico et al. 2019) and perennial ryegrass (Zhao 

et al. 2020). 

Furthermore, GP studies can be conducted using longitudinal data to find genomic regions 

influencing NUE curves over time. Genomic regions which affect NUE at varying growth stages 

can then be defined. Studies have been conducted using longitudinal data to find QTL affecting 

lactation curves in cattle (Rodriguez-Zas et al. 2002) and goats (Roldán et al. 2008), as well as 

stem diameter growth in poplar trees (Yang et al. 2006). Longitudinal data consisting of NDVI, 

GNDVI, NDRE, and canopy temperature has been used to predict grain yield in wheat (Lozada et 

al. 2020; Sun et al. 2017; Sun et al. 2019). Genomic selection for varieties which not only take up 

and translocate N efficiently but yield higher under low N environments is essential to developing 

high NUE and EUN wheat.  

HTP can be incorporated into GP models and has been demonstrated to improve model accuracy 

(Krause et al. 2019). GP models can then be used in genomic selection, to evaluate lines based on 
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predictive values, reducing costly field phenotyping and accelerating the breeding cycle and gains 

in desired traits.  

Combining the methods and technologies described above offers multiple avenues to pursue for 

the improvement of NUE and EUN. Focusing on technologies which reduce breeding cycle time 

and increase the precision of selection can expedite efforts to improve N use in wheat. While some 

technologies such as GP (Belamkar et al. 2018; Edwards et al. 2019; Haile et al. 2018; He et al. 

2016; Larkin et al. 2019; Sehgal et al. 2020) and HTP (Anche et al. 2020; Araus et al. 2018; 

Banerjee et al. 2020; Duan et al. 2017; Haghighattalab et al. 2016; Holman et al. 2016; Jiang et al. 

2019; Khan et al. 2018; Liu et al. 2020; Maimaitijiang et al. 2019; Sarkar et al. 2019; Shakoor et 

al. 2017; Sun et al. 2019; Tattaris et al. 2016; Yang et al. 2020; Zhao et al. 2020) have been well 

explored, their application in the context of NUE is often lacking. Therefore, studies which 

combine genomic data, random regression models, high throughput phenotyping, and longitudinal 

data may be of great merit to further understand the relationship of N with grain yield and overall 

plant performance.  

Conclusions 

NUE is a complex and multifaceted trait and addressing it requires agronomic and breeding efforts. 

We have discussed challenges and progress made to combat this challenge. While significant 

progress has been made, more improvements are necessary for commercial adoption. As future 

genetic and agronomic studies further enhance our understanding of NUE, breeding and agronomic 

efforts targeted at NUE and EUN will become more feasible and more precise efforts will be 

possible.  
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Chapter II: 

Genetic Dissection of Nitrogen Use Efficiency Over Time 

 in Two Soft Red Winter Wheat Populations 

Abstract  

Nitrogen (N) applied to wheat accounts for 18% of N applied to farmland globally, making it a 

prime target for reducing and optimizing N application. In contrast to physiological definitions of 

nitrogen use efficiency (NUE), we focus on the effective use of N (EUN), defined as the total 

agricultural output (i.e. grain yield) produced per unit of N applied. The goal is to use genome-

wide marker information to evaluate the genetic variability of response to N and feasibility of 

selection for EUN. Two bi-parental double haploid families previously developed from parents 

with contrasting NUE were genotyped with genotyping by sequencing (GBS) markers. In fall of 

2020, 94 randomly chosen progeny from each family along with the three parents and three check 

lines (194 individuals) were sown at two locations with five N treatments in a complete factorial 

design. N levels of 62, 90, 118, 146, and 174 kg ha-1 were applied to each treatment level. 

Developmental and end-use traits, including plant height, heading date, test weight and grain yield 

were measured. A random regression linear mixed model was used to estimate genetic main effects 

(intercept) and linear response to N (slope) for each soft red wheat (SRW) line, using the different 

levels of N as a reaction norm gradient. SRW lines showed significant differences in intercept and 

slope, as determined by likelihood ratio tests for non-zero variance components. Finally, to reduce 

resources required, experimental design is investigated to explore the efficacy of identification of 

and breeding for high EUN lines, where two levels of N rate tested provide estimations of genetic 
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main effects and response to N with a correlation of 0.98 and 0.95, respectively, with the full model 

fit.  

Introduction 

Wheat is among the most important crops in the world, is grown on over 218 million ha, and 

providing 20% of the world’s calories and protein consumed (Giraldo et al. 2019). With the global 

population forecasted to grow to 9 billion by 2050, wheat production will need to increase to 880 

million tons to meet a growing food demand (Dixon et al. 2009). Therefore, the improvement of 

wheat is of paramount importance with yield (Lozada et al. 2021) and resilience, or stability when 

faced with inconsistent or varying environmental pressures (Li et al. 2021), being two of the most 

targeted traits. Wheat yields have greatly increased over the past century (FAO Statistical Database 

2022), and this is in part due to a shift in agronomic practices, including the use of N fertilizers. 

Unfortunately, wheat and other cereals only use approximately 33% of N applied (Raun and 

Johnson 1999), with the rest being lost to the environment, through immobilization, leaching, 

volatilization, and denitrification. Increase in N fertilization has led to substantial loss to the 

environment, due to leaching of inorganic N, pollution of ground and surface waters, acidification 

and eutrophication of aquatic systems, and toxicity to animals (Camargo and Alonso 2006). In 

addition to negative environmental consequences, N fertilizer is a substantial and increasing cost 

to farmers, 24-0-0-3 purchased for the Eastern Virginia Agricultural Research and Extension 

center (one of the locations in this study) cost $84/ha in March 2021 and $225/ha in March 2022. 

These consequences of excess N fertilization highlight the need to improve the nitrogen use 

efficiency (NUE) of wheat cropping systems, where wheat account for 18% of N applied globally 

(Ladha et al. 2016). NUE is classically defined as the sum of N uptake efficiency (NUpE) and N 

utilization efficiency (NUtE) (Ortiz‐Monasterio 1997). NUpE is the total N in the above ground 
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plant divided by available soil N and NUtE is the grain dry mass divided by N in the above ground 

plant biomass during harvest (Cormier et al. 2016). Improvements in NUE have been demonstrated 

using agronomic techniques such as drip fertigation (Hebbar et al. 2004), slow-release fertilizers 

(Hawkesford and Richie 2020), variable rate fertilization (Stamatiadis et al. 2018; Guerrero et al. 

2021), and precision agriculture (Omara et al. 2019). However, genetic improvement of NUE 

offers promise to further improve NUE through the creation of superior genotypes. Although, a 

combination of agronomic and breeding efforts are necessary for maximum improvement of NUE 

(Sharma and Bali 2018; Zhang et al. 2015).  

Breeding for NUE is ideal where selection of lines occurs under multiple N rates (Cormier et al. 

2013; Guttieri et al. 2017). However, this can be costly and impractical due to the large size of 

studies. Under these constraints, it is more effective to use marker assisted selection (MAS), where 

NUE QTL are incorporated into breeding programs (Brasier et al. 2020). Efforts to breed for NUE 

have focused on identifying existing variation in elite germplasm (Brasier et al. 2019), and 

identifying QTL (Brasier et al. 2020, Bogard et al. 2013, Laperche et al. 2006, Monostori et al. 

2017, An et al. 2006, Hitz et al. 2017), with the goal of using MAS. Genetic variation among lines 

and QTL found have shown different pathways in which NUE is modified (Hawkesford and 

Griffiths 2019). For example, a line used as a parent in this study, VA08MAS-369, shows 

increased expression of genes which encode a two-component high affinity nitrate transport 

system (Lamichhane et al. 2021). An increase in NAD-dependent glutamate dehydrogenase and 

glutamine synthase was also found in VA08MAS-369 which is likely a key mechanism regulating 

N transport and remobilization from leaves to grain, increasing grain protein content (GPC) 

(Alpuerto et al. 2021). 
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While the afore mentioned studies focus on NUE as the relationship of N applied to GPC (Ortiz‐

Monasterio 1997; Brasier et al. 2019), this is not a wholistic or economical approach. Different 

wheat products require different GPC and gluten qualities, such as biscuits, made from soft wheat, 

which require low gluten content and strength (De Santis et al. 2020) and pasta, made from durum 

wheat, which requires high gluten content and strength (Ames et al. 1999). Therefore, focusing on 

GPC and N utilization efficiency, or the percentage of N translocated from the plant to the grain 

(Ortiz‐Monasterio 1997), may not be the most suitable method to measure N use in grains. We 

propose that the effective use of N (EUN), defined as yield per unit N applied, similar to the 

definition of NUE used by Moll et al. (1982), as an economic method of measuring the relationship 

of N applied to yield. Farmers apply N to the point at which the cost of an additional unit of N 

equals or outweighs the monetary increase in yield from the unit N application, with the relative 

prices of N fertilizer and wheat being driving forces (Pan et al. 2020). With this real-world view 

of the economics of N application in mind, EUN is a more economical way of tackling the issue 

of N crop interaction.  

To elucidate the contribution of genetics of EUN, genomic prediction (GP) can be used, where all 

markers are taken into account to form a cumulative genetic value for an individual. In wheat, GP 

has been shown to be a good predictor of wheat yield (Sehgal et al. 2020; Edwards et al. 2019), 

disease resistance (Larkin et al. 2019), and GPC (Haile et al. 2018). Furthermore, GP has been 

demonstrated to be able to predict NUE traits in maize (Mastrodomenico et al. 2019) and perennial 

ryegrass (Zhao et al. 2020). Predictive models such as genomic best linear unbiased prediction 

(GBLUP) can be used to estimate predictive phenotypes and breeding values of lines (Wang et al. 

2018). GP models can then be used in genomic selection, to evaluate lines based on predicted 
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values, reducing costly field phenotyping and accelerating the breeding cycle and gains in desired 

traits.  

This study assesses the prospect of using genome-wide marker data to predict genetic merit and 

select for increased EUN in wheat. Due to the large amount of resources required to conduct EUN 

trials, the possibility of testing for EUN under a reduced number of N treatments is also explored. 

Materials and Methods 

Plant Materials  

The plant materials used in this study consisted of two double haploid bi-parental families derived 

from crosses between SS520/VA08MAS-369 and SS520/VA05W-151. The parental lines SS520, 

VA08MAS-369, VA05W-151, and the varieties Yorktown, Featherstone 73, and DH13SRW022-

23, were used as checks. SS520 has the pedigree FFR555W/GA-Gore, VA08MAS- 369 has the 

pedigree McCormick / GA881130LE5, and VA05W-151 has the pedigree Pioneer ‘26R24’ / 

McCormick, VA08MAS-369 and VA05W-151 are halfsiblings sharing McCormick as a common 

parent. SS520 was previously evaluated (Brasier et al. 2019) and found to have low NUE, while 

VA08MAS-369 and VA05W-151 were found to have high NUE (Brasier et al. 2019; Lamichhane 

et al. 2021; Alpuerto et al. 2021).  

The two families consisting of 167 lines (SS520/VA05W-151) and 105 lines (SS520/VA08MAS-

369) were grown in observation plots in the 2019-2020 season to increase seed. Lines which were 

heterogeneous, had low straw strength, yielded less than the number of seed required for 2020-

2021 trials (23,035 seeds), or had a late heading date (relative to the rest of the population), were 

dropped. However, to reduce selection bias, all lines were genotyped. After selection, 94 lines 
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remained in the SS520/VA08MAS-369 family and 147 lines in the SS520/VA05W-151 family. 

Ninety-four lines were randomly selected from the remaining 147 SS520/VA05W-151 lines, to 

produce a balanced representation of both families.  

Experimental Design and Testing Environments 

Field experiments were conducted at two locations, Warsaw, VA and New Kent, VA, and were 

maintained under rainfed conditions in the 2020-2021 growing season. Seeds were treated with 

the pesticides Gaucho XT (imidacloprid; Bayer Crop Science; Research Triangle Park, NC, USA) 

and Raxil MD (triazole; Bayer Crop Science; Research Triangle Park, NC, USA) and were planted 

at a density of 280 seeds/m2 as determined by thousand kernel weight. Planting dates were 

November 5th and October 28th for New Kent and Warsaw locations respectively. The Warsaw 

location was maintained under conventional tillage and the New Kent location was maintained 

under no-till conditions. Plots were trimmed to 2.74 m by 1.52 m at Warsaw and 1.83 m by 5.49 

m at New Kent. A full factorial design was used, in which five experimental N rates were applied 

to all 194 lines, and plots were fertilized according to the following N rates: 61.7 kg ha-1, 89 .7 kg 

ha-1, 117.7 kg ha-1, 145.7 kg ha-1, and 173.7 kg ha-1. The N treatments were applied at four 

timepoints throughout the season (pre-plant, Dec, Feb, and Mar), as shown in Table 1 and Figure 

1. Experimental lines (progeny) were unreplicated within each N treatment. Each N treatment was 

a single block of 200 plots, with 188 experimental line plots and 12 replicated parent and check 

plots. Application of all other nutrients were made according to soil test recommendations across 

all experimental treatments. Pesticides and herbicides were applied as needed to control pests. Wet 

conditions were experienced at the New Kent Location in late winter and early spring. Drought 

conditions were present in late May 2021 and were much more severe in New Kent than Warsaw, 
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Figure 1) N applied per treatment. All treatments received identical first and second applications 

of 33.7 and 28 kg ha-1 respectively, treatments two through five received a third application of 28 

kg ha-1, treatments three through five received 28 kg ha-1, 56 kg ha-1, and 84 kg ha-1 respectively 

in the fourth application.  
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Table 1) N application per treatment in kg/ha. All treatments received identical first and second 

applications in October (Pre-Plant) and December; treatments two through five received a third 

application in February; treatments three through five received a fourth application in March.  

Treatment Pre-Plant December February March Total 

1 33.7 28 0 0 61.7 

2 33.7 28 28 0 89.7 

3 33.7 28 28 28 117.7 

4 33.7 28 28 56 145.7 

5 33.7 28 28 84.1 173.8 

 

as shown by visual plant drought stress. Barley yellow dwarf was also present at both locations, 

with some lines being more affected than others and overall low to moderate severity was visually 

observed among plots.  While experimental lines were not replicated within each level of N, they 

do represent replication of parental alleles within each N treatment. Alleles segregating in both 

populations would be replicated at an expected genotypic frequency of 0.5, with alleles only 

segregating in one family resulting in an expected genotypic frequency of 0.25. 

Genotyping  

Genomic DNA was taken from seedlings of parents and all 272 experimental lines at the two-leaf 

stage grown in a greenhouse. Samples were genotyped using genotyping by sequencing (GBS) 

(Elshire et al. 2011). GBS libraries were constructed at the USDA wheat genotyping labs at North 

Carolina State University using restriction enzymes PstI and MspI (Poland et al. 2012). GBS 

libraries were then sequenced on an Illumina HiSeq 2500 (Illumina inc. 2020) and reads were 

aligned to the reference genome Chinese Spring v1.2 (IWGSC 2018). Within each family, 

genotypic data was filtered using VCFtools v0.1.16 (Danecek et al. 2011) to remove markers with 
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heterozygous calls of more than 5%, minor allele frequency of less than 35%, and missing data of 

no more than 30%, resulting in 11,854 filtered SNPs. Missing genotype calls were imputed using 

Beagle (Browning et al. 2018).  

Phenotyping and Measurements 

Phenotypic data including height, heading date (only recorded in Warsaw), and visual disease 

scoring were recorded. Plots were harvested June 17th and June 20-21th 2021 in Warsaw and New 

Kent respectively. Aerial imaging was conducted using a Micasense Red Edge-MX sensor 

(AgEagle Sensor Systems Inc. 2021) at an altitude of 20m and speed of 2.5 m/s. Yield data was 

standardized to a grain moisture of 13.5% from grain weight and % moisture at harvest. Test 

weight was collected on grain samples using a Grain Analysis Computer (Dickey-john) shortly 

after harvest. 

Genomic Relationships 

Additive genetic covariance was calculated as 𝑲 =  𝑴𝑴𝑇𝑐−1, where 𝑀 is a matrix of centered 

marker scores, with individuals on rows and sites on columns, and 𝑐−1 = 2𝒑𝑇(1 − 𝒑), where 𝒑 is 

a vector of allele frequencies. 

Statistical Analysis 

Statistical analyses were conducted in R (R CRAN PCB 2022), using the ASReml-R package for 

mixed model fitting (Gilmour et al. 1997). Significant spatial heterogeneity was observed at New 

Kent due to wet conditions in late winter and spring and drought conditions during grain fill 

necessitating the use of AR1 x AR1 spatial covariance for the residual term (Gilmour et al. 1997). 

The use of this model corrected for spatial variability and removed noise from the genetic effect. 
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Markers were tested for interaction with N applied. Yield data was used for marker trait 

association. 

The following model was used to define the response of an individual observation (𝑦𝑛) 

𝑦 = 𝑿𝜷 + 𝒁𝒖 + 𝑾𝒗 + 𝒆, 

where 𝑿 is a depth matrix, 𝜷 is a vector of fixed effects for N, 𝑿𝜷 is the main effect of N within 

location, 𝒁 is an incidence matrix defined as 𝑰𝒍 ⊗ 𝑰𝒈 ⊗ 𝟏𝒏 , where 𝑰𝒍 is an identity matrix of 

dimension 𝑙 = 2 for two locations, 𝑰𝒈 is an identity matrix of dimensions 𝑔 = 194 for the number 

of individuals, and 𝟏𝒏 is a vector of ones of length,  𝑛 = 5, for the five N treatment levels. 𝑾 is 

the matrix of linear N predictions 𝑰𝒍 ⊗ 𝑰𝒈 ⊗ 𝒇, where 𝒇 ={61.7, 89 .7, 117.7, 145.7, 173.7} for 

N treatment levels applied. The vector 𝒖 contains intercepts for each individual, while the vector 

𝒗 contains slopes for each individual in response to N. the joint distribution of 𝒖 and 𝒗 is assumed 

to be multivariate normal, with (𝒖
𝒗

)~𝑀𝑉𝑁(𝟎, 𝑺 ⊗ 𝑲),  where 𝑺 is a 2x2 matrix of the the form 

𝑺 = [
𝜎𝒖

2 𝜎𝒖𝒗

𝜎𝒖𝒗 𝜎𝒗
2 ] 

where 𝜎𝒖
2 is the genetic variance of intercepts, 𝜎𝒗

2 is the genetic variance of slopes, and 𝜎𝒖𝒗 is the 

genetic covariance of intercept and slope in response to N. 𝑲 is the additive genetic covariance 

between relatives, calculated from genome-wide GBS markers, and allowed information sharing 

among individuals with shared alleles. 𝒆 is the residual error assumed to have the distribution 

𝒆~𝑁(0, 𝜎𝑙
2(𝑪𝑙 ⊗ 𝑹𝑙)), where 𝑪𝑙 is a column matrix unique to each location and 𝑹𝑙 is a row matrix 

unique to each location. Where 𝑹 = 𝜌𝑅
|𝑟−𝑟′|

 where r denotes the row of a plot, and 𝑟′ denotes the 
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row of another plot in the field, and 𝑪 = 𝜌𝐶
|𝑐−𝑐′|

 where c denotes the column of a plot, and 𝑐′ 

denotes the column of another plot in the field. 

For estimating QTL effects, the term sγ was added to the model representing the fixed effect of 

each SNP and spatially corrected genotypic values were used as the phenotype for testing SNP 

effects.  

ŷ = 𝑿𝜷 + 𝒔𝑖𝛾𝒊 + 𝒕𝑖𝛿𝑖 + 𝒆, 

where 𝒔𝑖 is the marker score for the 𝑖th SNP, 𝛾𝒊 is the 𝑖th marker effect on intercept, and 𝛿𝑖 is the 𝑖th 

marker effect on slope, where 𝒕 = 𝒔 ⊙ (𝟏𝑔 ⊗ 𝒇), and 𝟏𝑔 is a vector of ones of length 𝑛 = 194. 

The vector of residuals, 𝒆, was considered normally distributed with 𝒆~𝑁(0, 𝜎𝒆
2𝑰). A t-test was 

conducted for each 𝛾𝒊 and 𝛿𝒊, to determine if these coefficients were significantly different from 0.  

Genomic predictive ability was assessed using a 10-fold cross validation scheme where ten folds 

were randomly sampled along lines.  Ninety percent of the lines were used to estimate the model 

parameters and marker effects, which were in turn used to predict the intercepts and slopes of the 

remaining ten percent of the lines. This was repeated for each fold to obtain a full vector of 

intercept and slope predictions for all 194 lines. Predictive ability was determined by the Pearson 

correlation between the predicted vectors of intercept and slope, and vectors estimated from the 

full data set using either an independently and identically distributed genetic covariance or the 

genetic covariance estimated from genome-wide markers. The cross-validation scheme was 

repeated 20 times, and the prediction ability averaged over all 20 replicates to produce the final 

estimate of predictive ability.  
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Results 

Substantial phenotypic variation was observed among experimental lines, in yield, height, and 

heading date. The additive genetic covariance (VanRaden 2008; method I), was constructed from 

markers clearly separated the two bi-parental families as shown in Figure 2. Note that the structure 

of the biparental population reflects the pedigree of the parents, where SS520 is unrelated to the 

other lines, but VA05W-151 and VA08MAS-369 share a common parent, McCormick, making 

the two high NUE parents halfsiblings, although, this cannot be seen in Figure 2. Some lines show 

low branching in the figure, showing that they are nearly genetically identical. This is not due to 

parental self-pollination, although, it is currently unknown what caused this phenomenon in this 

population.   

Spatial variability was accounted for using AR1 x AR1 spatial covariance (Gilmour et al. 1997) 

and is shown graphically in Figure 3. Spatial heterogeneity was higher at the New Kent location, 

where the standard deviation for spatial correction values was 3.6 times higher in New Kent than 

Warsaw. Spatial corrections obtained agree with in field observations for visual N and drought 

effects, as well as images of fields. Due to higher spatial variability at New Kent than Warsaw, 

spatial correction was more essential for New Kent than Warsaw. Without spatial correction, 

genotype effect was not significant at New Kent. 

The data in Warsaw followed the overall distribution expected for yield, as N applied increased, 

grain yield increased linearly over the range of N tested as shown in Figure 4. This suggested low 

spatial heterogeneity, due to data more closely following expected trends, and that the maximum 

amount of N that was able to be used by the lines was not exceeded. The data in New Kent did not 

follow the expected trend as closely as did data from Warsaw, especially the N treatment which 
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received 89.7 kg ha-1, which had greater than expected yield, likely due to greater water held in 

the soil. In this block, wet conditions were present in late winter and early spring and lower visual 

drought symptoms were observed later in the season, as compared to other areas of the field. 

Drought conditions were present in both locations in May, but were more severe in New Kent, and 

mild in Warsaw, leading to a wider distribution of yield due to spatial heterogeneity and water 

holding capacity of the soil. This is reflected in yield where the 89 .7 kg ha-1 block was in an area 

of the field which surrounding plots showed held more water. Plant die off in some plots was 

observed in early spring due to flooding and lower visual drought stress and higher yield, near this 

wet spot, suggesting higher water holding capacities in these regions.  

Yield differences between lines were shown to be greatest at approximately 1350 kg/ha as shown 

in Figure 5. Overall, all lines showed a positive response to N as shown in Figure 5. This trend 

was maintained up to the highest N level, 173 kg ha-1, showing that across lines, an increase in N 

up to at least 173 kg ha-1 has a positive, linear effect on yield. However, it should be noted that 

these predicted values are only valid for the range of N treatments tested, i.e., at 0 kg/ha applied 

N, yield is not expected to be 1628 kg/ha but 0 kg/ha, assuming no residual N or mineralization.  
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Figure 2) Additive genetic covariance matrix of the bi-parental population. The two distinct groups 

are the two families. The bottom and right axes are lines used in the study, not all line names are 

displayed due to spatial restrictions, though all are represented in the figure. The branching on the 

top and left axes shows relatedness, according to marker data, where higher branching indicates 

distant relatedness and lower branching indicates greater relatedness. Additional relatedness comes 

from the grandparent of VA05W-151 and VA08MAS-369, McCormick. Some lines are nearly 

genetically identical, as shown by low branching. These are not due to parental self-pollination, 

which would be shown by lines clustering together with parents. It is currently unknown what 

caused this phenomenon.  
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Figure 3) Raw yield data in New Kent (A) and Warsaw (B). AR1 x AR1 spatial covariance in New 

Kent (C) and Warsaw (D) where lighter colors are higher values and darker colors are lower values. 

Lowest yield at Warsaw is 1914 kg/ha, and highest yield at Warsaw is 8218 kg/ha. Lowest yield 

at New Kent is 1025 kg/ha, and highest yield at New Kent is 7045 kg/ha. Orthomosaic images of 

New Kent (E) and Warsaw (F) from May 26th. 
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Figure 4) Box plots showing the effect of N treatment on yield across two locations, Warsaw (A) 

and New Kent (D). Both locations show positive effect for N. A linear trend for yield is shown 

across the range of N treatments used. High spatial variability was observed at the New Kent 

location, leading to a greater range in yields across treatments. Height was affected by N treatment 

under lower N rates in Warsaw (B) and New Kent (E), however, N showed diminishing effects on 

height for high N treatments. Height was associated with yield under the lowest N rate, but this 

association diminished under higher N rates, p = < 2 x 10-16, < 2 x 10-16, < 2 x 10-16, < 2 x 10-16, 

and 3.7 x 10-5, adjusted R2 = 0.38, 0.26, 0.22, 0.33, and 0.040, for N rates 61.7, 89 .7, 117.7, 145.7, 

and 173.7 kg ha-1 respectively. Heading date (only taken in Warsaw) was not substantially affected 

by N applied (C), or associated with yield, p = 0.91.  
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Figure 5) Response of lines to N, checks and parents are shown in color (upper legend). Lines 

within the two families (SS520/VA05W-151 and SS520/VA08MAS-369) are shown in black solid 

and dashed lines, respectively (lower legend). Mean intercept is 1628 kg kg-1 and mean slope is 

33.42 kg kg-1. 

 

Similarly, yield will level off at some N level higher than 173 kg ha-1 and then sharply drop to 0 

due to N toxicity (Goyal et al. 1984).  
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Table 2) Likelihood ratio test statistics of the model used for GP.  

Variance Components 

Variance 

Component 

Estimate 

Correlation 

Coefficient 

Estimate Std. Error z-Score 

σu
2  (intercept) 7.607  2.256 3.372 

σuv (covariance of intercept and slope)  0.0002589 0.018 0.01679 0.01542 

σv
2 (slope)  0.0009772  0.000249 3.931 

σlNK
2  (New Kent location) 153.4  13.29 11.54 

ρRNK (New Kent range correlation)  0.5956 0.02516  
ρCNK (New Kent pass correlation)  0.785 0.0186  
σlWR

2  (Warsaw location) 53.52  3.888 13.77 

ρRWR (Warsaw range correlation)  0.4097 0.03069  
ρCWR (Warsaw pass correlation)  0.6934 0.02086  

The nested likelihood ratio tests were used to determine if variance components of random effects 

were significantly greater than 0. These nested likelihood ratio tests used to compare the full model 

fit without genetic intercept, slope, or spatial effects. This showed the contributions of the model 

components, with all components contributing significantly to the model (Table 3).  The estimated 

variance components and correlation coefficients are shown in Table 2 with corresponding p-

values from likelihood ratio tests. Correlation coefficients are the correlation of values with each 

other. Correlation coefficients for range and pass describe the degree to which plots yield covary 

with or are correlated with their neighboring range or pass. 

Lines not only showed difference for yield under varying levels of N, but also responsiveness to 

N as in Figures 6 and 7. Lines such as the low NUE parent, SS520, show low responsiveness to N, 

i.e. as more N is applied a smaller increase in yield is observed, as compared to other lines. While 

other lines such as VA05W-151 show high responsiveness, as more N is applied a larger yield 

increase is observed, relative to other lines. The slope of parents and checks agrees with 

expectations (Brasier et al. 2019; Lamichhane et al. 2021; Alpuerto et al. 2021). The combination  
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Table 3) Nested likelihood ratio tests for significant effects. 

Hypothesis Error Term Test p-value 

𝐻0:   𝒚 = 𝑿𝜷 + 𝒆 𝒆~𝑁(0,  𝜎𝑒𝑙
2 𝑰)   

𝐻1:   𝒚 = 𝑿𝜷 + 𝒆 𝒆~𝑁(0,  𝜎𝑒𝑙
2 (𝑪𝑙 ⊗ 𝑹𝑙)) 𝑃(𝐿𝑅𝑇(𝐻0, 𝐻1)) < 2.2 × 10−16 

𝐻2:   𝒚 = 𝑿𝜷 + 𝒁𝒖 + 𝒆 𝒆~𝑁(0,  𝜎𝑒𝑙
2 𝑰) 𝑃(𝐿𝑅𝑇(𝐻0, 𝐻2))    1.9 × 10−6 

𝐻3:   𝒚 = 𝑿𝜷 + 𝒁𝒖 + 𝒆 𝒆~𝑁(0,  𝜎𝑒𝑙
2 (𝑪𝑙 ⊗ 𝑹𝑙)) 𝑃(𝐿𝑅𝑇(𝐻1, 𝐻3)) < 2.2 × 10−16 

  𝑃(𝐿𝑅𝑇(𝐻2, 𝐻3)) < 2.2 × 10−16 
𝐻4:   𝒚 = 𝑿𝜷 + 𝒁𝒖 + 𝑾𝒗 + 𝒆 𝒆~𝑁(0,  𝜎𝑒𝑙

2 (𝑪𝑙 ⊗ 𝑹𝑙)) 𝑃(𝐿𝑅𝑇(𝐻3, 𝐻4))      1.4 × 10−11 

of high yield and high responsiveness to N is desired and was the focus of this study. The presence 

of experimental lines which outperformed parents, as to yield and responsiveness to N, suggests 

that contributions from both the high NUE parent and low NUE parent recombined to form 

progeny with higher EUN. Concurrently, experimental lines which had lower yield and 

responsiveness than the low NUE parent SS520 were observed, further demonstrating 

transgressive segregation and combinations of negative EUN alleles from both parents. 

Effects of slope and intercept are more clearly shown for individuals with extreme values for 

intercept and slope in Figure 7 demonstrating performance is determined by the combination of 

intercept and slope. Unstructured covariance between intercept and slope was fit to determine if 

there was a genetic relationship between the two. The corresponding correlation coefficient was -

0.018, which suggests there is little to no relationship between the two traits. 

SNPs were tested for main effects on grain yield and response to N, but no SNPs were shown to 

have significant effects on either grain yield (intercept) or the response to N (slope) as shown in 

Figure 8. This finding is expected, given that grain yield is a highly polygenic trait. However, this 

does not mean that yield and yield N interaction is not under genetic control, as shown by 

significant variance components identified, which were larger than 0, as shown in Table 2.  
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Figure 6) Response of lines as related to mean deviation in response to N. Data follow four major 

patterns, low responsiveness to N and high intercept, high responsiveness to N and high intercept, 

low responsiveness to N and low intercept, and high responsiveness to N and low intercept. High 

NUE parents and checks (VA05W-151, VA08MAS-369, DH13SRW022-23, Featherstone 73, and 

Yorktown) show high responsiveness to N, as indicated by positive slope, and the low NUE parent 

(SS520) shows low responsiveness to N, as indicated by negative slope.  
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Figure 7) Lines showing the extremes of intercept (genetic main effect), slope (responses to N), 

and highest and lowest values at max N level tested (173.7 kg ha-1) at both locations and across 

locations. Across locations, DH13SRW022-23 has the steepest slope (highest response to N) but 

15VDH-NUE21-075, which has a higher intercept, outperforms it under all N levels tested. 

Showing that intercept and slope both contribute to line performance.  
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Figure 8) Manhattan plots where the -log10 p-value is used to show significance of markers, 

markers are shown per chromosome, as shown on the x-axis. The -log10(p-value) for the t-test for 

non-zero marker effects on intercept are shown in A, and the -log10(p-value) for the t-test for non-

zero marker effects on the response to N (i.e., slope) are shown in B. No markers passed the 

significance threshold for an effect on either intercept or slope.   

 

 

A 
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Table 4) Correlations of slope and intercept estimates from reduced N treatment combinations 

compared to the estimates from the full model fit. Correlations between intercepts and slopes from 

the full model fit with reduced N treatments are highest for moderate N treatments. Combinations 

of N treatments 4 and 3 and treatments 4 and 2 and 3 and 2 having the highest correlations with 

full model intercept and slope, respectively. Adding a third N treatment did not improve correlation 

with full model.   

N Treatments Intercept Correlation Slope Correlation 

1 and 3 0.750 0.899 

1 and 4 0.851 0.891 

1 and 5 0.707 0.703 

2 and 3 0.889 0.949 

2 and 4 0.940 0.941 

3 and 4 0.978 0.933 

4 and 5 0.835 0.350 

1, 2, and 3 0.743 0.640 

1, 2, and 4 0.023 0.806 

1, 3, and 4 0.720 0.847 

2, 3, and 4 0.878 0.892 

 

Additionally, genetic predictability of intercept and slope obtained from cross validation confirm 

that response to N is under genetic control. Likelihood ratio tests confirmed significant 

contributions of genetic main effect (or intercept) and linear genetic response to N (or slope) to the 

model (Table 3), with p-values of < 2.2 x 10-16 and < 1.4 x 10-11 respectively. The test for genetic 

main effect had a genomic prediction accuracy of 0.68 and the test for linear genetic response to 

N had a genomic prediction accuracy of 0.50. 

To explore effectiveness of reducing the number of N treatments on the ability to obtain quality 

estimates of intercept and slope for each genotype, the model fits of combinations of N treatments 

were tested against the full model fit as shown in Table 4. The combination of treatment 3 with 

treatment 4 and treatment 2 with treatment 3 produced the highest correlations of over 90% for 
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intercept and slope, respectively, when compared with the estimates from the full model. However, 

the model fit of three N levels did not increase the correlation with the full model fit, implying that 

two moderate N levels are sufficient to provide estimates of intercept and slope.  

Discussion 

Of interest to breeders is that lines show variable response to N under different rates, both in mean 

response and slope as shown in Figures 6 and 7. Lines with a high responsiveness to N and high 

yield can be incorporated into breeding programs with advantage, where both EUN and yield can 

be prioritized as selection factors. Additionally, the low correlation between intercept and slope -

0.018 suggests there is little to no relationship between the intercept and slope, meaning that 

response to N can be improved without penalty to the main genetic N effect.  

Similar to other studies aimed at finding QTL for yield (Sehgal et al. 2020 ), no markers were 

found to have significant or large effect on grain yield in this population. Although, QTL for 

reduced height, vernalization, disease resistance, and other characteristics may indirectly increase 

yield (Quarrie et al. 2006), it is likely that many QTL associated with grain yield are due to the 

failure to consider confounding variables, or not account for them in models used, such as disease 

and environmental pressures. 

While there were no major effect QTL in this population, there was significant genetic variation 

which was shown to be heritable, and GP was shown to be a useful tool which could predict EUN 

of lines. With a predictive accuracy of 0.68 for intercept and 0.50 for slope, genomic selection can 

be used to predict and select for EUN and potentially circumvent the need for evaluation of lines 

under multiple N levels, given a suitably trained model can be constructed.  
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The effect of slope, or the interaction of N with yield, has a significant effect on yield. For example, 

comparing the extremes of slope, if a producer applies 170 kg N/ha instead of 142 kg N/ha, a 

farmer can expect an additional 336 kg/ha from the high N responsive line compared to the low N 

responsive line. In comparison, the least significant difference between varieties in the 2021 

Virginia small grains official variety trial was 262 kg yield/ha (Thomason et al. 2021) making the 

difference in responsiveness to N similar to the a significant varietal difference in scale.  

While this study has demonstrated the ability to use GP to predict EUN, evaluation of diverse 

wheat populations would be expected to increase applicability and utility of resultant GP models. 

Also, as greater training set size amounts to greater accuracy (Edwards et al 2019), more extensive 

studies can increase accuracy and utility of genomic selection, which would be a potential direction 

for future research.  

Using a combination of NUE QTL found in previous studies (Brasier et al. 2020, Bogard et al. 

2013, Laperche et al. 2006, Monostori et al. 2017, An et al. 2006, Hitz et al. 2017), which increase 

GPC and GP models, like the one in this study, can give breeders a tool to increase NUE and EUN 

through increasing GPC and yield.  

Due to limited resources in breeding programs, it is difficult to test lines under multiple N rates. 

However, the number of N treatments used in trials can be reduced to as low as two N treatments 

(Table 2), which showed similar estimates of intercept and slope as the full model with five N 

treatments. Where the combination of 118 kg ha-1 with 146 kg ha-1 and 90 kg ha-1 with 118 kg ha-

1 produced over 90% correlation with intercept and slope with the full model. Therefore, to reduce 

land and resources required for trials, to screen for EUN lines, and breed for EUN, two N rates, 
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around 90 and 146 kg/ha, appear suitable to be used and obtain quality estimates for intercept and 

slope.  

While there have been many studies conducted to explore NUE (Cormier et al. 2016; Hawkesford 

2017; Islam et al 2021) and to a lesser extent EUN (Gaju et al. 2011; Moll et al. 1982), it would 

be useful to conduct a practical assessment of how much EUN and NUE can be improved with 

existing and identified resources.  

Conclusions  

While no significant SNPs were found which could predict EUN, genomic predictability was 

found in the population which can be used for genomic prediction to accelerate the selection of 

lines which have greater EUN. Additionally, the number of N treatments in EUN studies can be 

reduced to two N rates and still provide quality estimates of genetic main effect and responsiveness 

to N.  
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Chapter III: 

Effectiveness of Areal Imaging and NDVI on Efforts to Breed for Nitrogen Use Efficiency 

Abstract 

High-throughput phenotyping was used to investigate genetic variability of response to N and 

feasibility of selection for EUN using the same populations described in chapter II. Normalized 

Difference Vegetative Index (NDVI) was calculated from multi-spectral aerial images collected at 

approximately two-week intervals throughout the growing season. Integration across the NDVI 

curve was used to estimate cumulative photosynthesis across the growing season and was 

compared to grain yield estimates to determine the efficacy of aerial imaging to identify high EUN 

lines. NDVI was found to be most predictive for moderate to low levels of N and, at timepoints 

measured, and was most predictive of yield at GDD 2,450 and 2,931, corresponding to May 4th, 

2021. The area under the NDVI curve was similarly found to be most predictive of yield under 

moderate to low N levels, however, it was most predictive of yield at GDD 3,879 and 3,636 

Introduction 

Chapter II established that EUN is under genetic control and is predictable. Here, the incorporation 

of high throughput phenotyping into efforts to breed for EUN is explored as a way to improve 

selection and breeding efforts targeting EUN. NDVI is used as measure of the interception of 

photosynthetically active radiation (Bégué 1993), is an indicator of instantaneous photosynthetic 

activity (Gamon et al. 1995), and can be used to predict yield (Sun et al. 2019). NDVI has been 

used as a proxy trait to approximate NUE, in rice (Jiang et al. 2021) and wheat (Jiang et al. 2019; 

Naser et al. 2020). 
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Previous studies targeting the genetics of NUE have analyzed end use traits and measurements 

taken once during the season (Brasier et al. 2020, Bogard et al. 2013, Laperche et al. 2006, 

Monostori et al. 2017, An et al. 2006, Hitz et al. 2017). However, grain yield and NUE are the 

result of growth and development throughout the entire growing season. Many genes do not have 

a uniform effect over the growing season and are likely to show differential expression over. This 

has been demonstrated for traits in other organisms, including QTL affecting lactation curves in 

cattle (Rodriguez-Zas et al. 2002) and goats (Roldán et al. 2008), chicken body mass (Goto et al. 

2018), stem diameter growth in poplar trees (Yang et al. 2006), and sorghum height (Mu et al. 

2022). Through repeated measurement of NDVI over time, EUN can be evaluated over time and 

treated as a longitudinal trait.  

Random regression models can be used to model longitudinal traits (Schaeffer 2004), where 

covariance functions can be defined for the trait as a function of time (Meyer 1999). This has been 

used to model longitudinal traits in wheat such as height and biomass accumulation, and which 

were subsequently used to estimate end-use traits such as yield (Sun et al. 2019). Aerial imaging 

can be used to measure plant performance over time by measuring NDVI values throughout the 

growing season, fitting a curve to NDVI values, and then summing the area under the curve. This 

has been demonstrated to be a good predictor of wheat yield (Lai et al. 2018) and can similarly be 

used to summarize EUN over time.  

This study seeks to investigate the prospect of using NDVI data taken throughout the growing 

season to predict EUN and assess the utility of incorporating high throughput phenotyping into 

efforts to breed for increased EUN.  

 

 



 

71 

 

Materials and Methods 

Plant Materials, Experimental Design and Testing Environments, and Genotyping 

The plant materials used in this study are described in chapter II, consisting of two double haploid 

families, each with 94 individuals, which were derived from crosses between two high NUE 

parents and one low NUE parent. The experimental design and testing environments are described 

in chapter II, where five N rates are used in a full factorial design at two locations. Genotyping 

methods used are described in chapter II, where genomic DNA was genotyped using genotyping 

by sequencing (GBS), which were filtered and imputed, resulting in 11,854 SNPs which were used 

for analysis.  

Phenotyping and Measurements 

Aerial imaging was conducted beginning March 9th 2021, as plants began to come out of winter 

dormancy, at approximately one to two-week intervals using a DJI Matrice equipped with a 

Micasense Red Edge-MX sensor (AgEagle Sensor Systems Inc. 2021). Flights were conducted at 

an altitude of 20m and a speed of 2.5 m/s. Images were standardized using a calibrated reflectance 

panel and had 60% side overlap and 75% capture overlap. Imaging dates, along with planting and 

harvest dates, are shown in Table 1. Red and near infrared bands were used for analysis. Images 

were stitched into orthomosaics using Pix4d mapper (Pix4d 2021), cut into plot images, and 

spectral indices (including NDVI) were calculated using ImageBreed (Morales et al. 2020). NDVI 

was calculated using the following formula: 

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑
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Table 1) Planting, imaging, and harvest dates for Warsaw and New Kent locations during the 2020-

2021 growing season.  

Event 

                                      

Date 

Warsaw Planting 28-Oct 

New Kent Planting 5-Nov 

Imaging 9-Mar 

Imaging 20-Mar 

Imaging 3-Apr 

Imaging (Warsaw only) 27-Apr 

Imaging 4-May 

Imaging (Warsaw only) 19-May 

Imaging (New Kent only) 21-May 

Imaging 26-May 

Imaging (Warsaw only) 1-Jun 

Imaging (Warsaw only) 9-Jun 

Imaging (Warsaw only) 17-Jun 

Imaging (New Kent only) 20-Jun 

Harvest Warsaw 17-Jun 

Harvest New Kent 20-Jun 

Mean pixel values per plot were used for all subsequent analyses. Cumulative photosynthesis was 

calculated by integrating across the NDVI curve for each plot. Plots were harvested using a 

Wintersteiger Classic Plot Combine June 17th and June 20-21th 2021 in Warsaw and New Kent 

respectively. Grain yield, test weight, and moisture content were collected.  

Statistical Analysis 

Statistical analyses were conducted in base R (R CRAN PCB 2022). Predictive ability of NDVI 

values per N treatment per location was found by fitting a linear model and obtaining adjusted R2 

coefficients using the following equation: 

𝑦𝑖𝑗𝑘 = 𝐼𝑖𝑗𝑘 + 𝑁𝑖 + 𝐿𝑗 + 𝜖𝑖𝑗𝑘 
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𝑦𝑖𝑗𝑘 is the yield of each plot, 𝐼𝑖𝑗𝑘 is the NDVI value obtained for each plot, (𝑁 ∈ {61.7, 89 .7, 

117.7, 145.7, 173.7}, i.e. N levels applied) where 𝑁 = 𝟏𝑙𝑔 ⊗ 𝒇, 𝐿𝑗 is the effect of location j, where 

𝑳 = 𝑰𝑙𝑔 ⊗ 𝟏𝑔𝑛, and 𝝐𝑖𝑗𝑘 is the residual error.  

A simple linear regression was also fit within each N treatment and location, with a single 

prediction, NDVI or AUC used to predict grain yield as, 

𝑦𝑖𝑗𝑘 = 𝐼𝑖𝑗𝑘 + 𝜖𝑖𝑗𝑘. 

Results 

NDVI values obtained and the resulting area under the curve calculated had a high correlation with 

yield across N treatments (p = < 2e-16, adjusted R2= 0.7341 and 0.7001 for Warsaw and New Kent 

respectively), similar to other studies where NDVI was shown to be a good predictor of yield 

(Rutkoski et al. 2016). NDVI values for each plot was used as a proxy trait for photosynthesis and 

EUN at varying timepoints, which through calculating the area under the curve was then used to 

calculate cumulative photosynthesis.  

Average NDVI values were found for all plots (Figure 1), and average NDVI was calculated per 

N treatment per location (Figure 2). NDVI readings were taken over time and greatest values 

coincide with peak vegetative growth, then after flowering values decreased.  

Association of yield and NDVI was found by fitting a linear model with yield as a response and 

NDVI as the predictor as (Figure 3). The predictive accuracy of this linear model was assessed 

over timepoints of data collection (Figure 4, Tables 2 and 3). The timepoints of greatest predictive 

accuracy were GDD 2450 and 2931 for Warsaw and New Kent respectively.  



 

74 

 

 

Figure 1) Distribution of all NDVI measurements taken per location. Standard deviation is greatest 

after flowering to dry down, 0.120 and 0.110 at GDD 3,369 and 3,430 for Warsaw and New Kent 

respectively, and lowest at harvest 0.0197 and 0.0574 for Warsaw and New Kent respectively. 

Some plots at New Kent which experienced flooding damage developed weed cover due to low 

wheat plant density leading to some plots having high NDVI values at harvest.  

 

The area under the NDVI curve was calculated for each plot (Figure 5), and the average area under 

the curve was found for each N treatment (Figure 6) where higher N levels have higher NDVI 

values and a greater area under the curve.  

Progressive association of the area under the curve with yield is shown in Figure 7, where as the 

season progresses the area under the NDVI curve has a stronger correlation with yield. Association 

of yield and the area under the NDVI curve was found by fitting a linear model with yield as a 

response and area under the NDVI curve as the predictor. The predictive accuracy of this linear 

model was assessed over timepoints of data collection (Figure 8, Tables 4 and 5). The timepoints  
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Figure 2) Average NDVI readings over time. Lower treatment numbers indicate low N treatments, 

where 1 is 61.7 kg ha-1 and 5 is 173.7 kg ha-1. NDVI was the highest mid-season lowest at start 

and end of season. NDVI and N applied show a positive relationship.  
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Figure 3) Progressive association of NDVI and yield at different growing degree days (GDD) 

measured at Warsaw (A) and New Kent (B). Mid-season shows the greatest correlation of yield 

and NDVI, while late season shows little to no correlation. At New Kent the last timepoint shows 

a negative correlation of yield and NDVI, likely due to weeds in the field.  

A 

B 
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Figure 4) Variance of yield explained by NDVI per N treatment for separate time points at Warsaw 

and New Kent. Lower treatment numbers indicate low N treatments, where 1 is 61.7 kg ha-1 and 5 

is 173.7 kg ha-1. Warsaw had less spatial heterogeneity and showed that as N level increases NDVI 

prediction acuracy decreases. Both locations show a general trend of greatest predictive acuracy 

mid-season.  
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Table 2) R2 values obtained using NDVI values to predict yield per N treatment at Warsaw. 

N Treatment GDD R2 

61.7 1405 0.451 

61.7 1587 0.514 

61.7 1884 0.517 

61.7 2450 0.708 

61.7 2712 0.648 

61.7 3094 0.572 

61.7 3369 0.465 

61.7 3569 0.204 

61.7 3879 0.0207 

61.7 4201 0.0321 

89.7 1405 0.356 

89.7 1587 0.350 

89.7 1884 0.367 

89.7 2450 0.560 

89.7 2712 0.478 

89.7 3094 0.464 

89.7 3369 0.358 

89.7 3569 0.196 

89.7 3879 0.000388 

89.7 4201 0.184 

117.7 1405 0.267 

117.7 1587 0.314 

117.7 1884 0.301 

117.7 2450 0.552 

117.7 2712 0.494 

117.7 3094 0.459 

117.7 3369 0.399 

117.7 3569 0.259 

117.7 3879 0.00818 

117.7 4201 -0.00490 

145.7 1405 0.121 

145.7 1587 0.218 

145.7 1884 0.268 

145.7 2450 0.371 

145.7 2712 0.308 

145.7 3094 0.367 

145.7 3369 0.332 

145.7 3569 0.203 

145.7 3879 0.0428 

145.7 4201 -0.00401 

173.8 1405 0.0900 
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173.8 1587 0.163 

173.8 1884 0.218 

173.8 2450 0.251 

173.8 2712 0.246 

173.8 3094 0.397 

173.8 3369 0.304 

173.8 3569 0.178 

173.8 3879 0.0399 

173.8 4201 -0.00404 

 

of greatest predictive accuracy were near the end of season at GDD 3,879 and 3,636 under N rates 

of 61.7 kg ha-1, 89 .7 kg ha-1 for Warsaw and New Kent respectively. As N level increased 

predictive accuracy decreased, likely due differential response to N, which was greater under low 

N treatments, among genotypes. This was shown with NDVI values obtained, where the standard 

deviation of NDVI values for the most predictive timepoints (GDD 2450 and 2931 for Warsaw 

and Kew Kent respectively) was greater for the lowest N treatment, 0.085, than the high N 

treatment, 0.023, across locations, suggesting that under greater spread of NDVI values greater 

predictive ability for across locations, suggesting that under greater spread of NDVI values greater 

predictive ability for yield may result. However, no formal test was conducted. The last period of 

aerial imagery collection, on the day of harvest, appears to not improve predictive accuracy or 

contain useful data for yield prediction, i.e., if there is no vegetative growth there is no 

photosynthesis. 
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Table 3) R2 values obtained using NDVI values per to predict yield per N treatment at New Kent. 

N Treatment GDD R2 

61.7 1472 0.286 

61.7 1680 0.405 

61.7 2019 0.637 

61.7 2931 0.743 

61.7 3430 0.716 

61.7 3636 0.591 

61.7 4673 0.383 

89.7 1472 0.454 

89.7 1680 0.494 

89.7 2019 0.664 

89.7 2931 0.812 

89.7 3430 0.769 

89.7 3636 0.546 

89.7 4673 0.593 

117.7 1472 0.469 

117.7 1680 0.491 

117.7 2019 0.537 

117.7 2931 0.764 

117.7 3430 0.760 

117.7 3636 0.639 

117.7 4673 0.577 

145.7 1472 0.453 

145.7 1680 0.463 

145.7 2019 0.463 

145.7 2931 0.644 

145.7 3430 0.714 

145.7 3636 0.575 

145.7 4673 0.457 

173.8 1472 0.442 

173.8 1680 0.440 

173.8 2019 0.523 

173.8 2931 0.507 

173.8 3430 0.425 

173.8 3636 0.175 

173.8 4673 0.362 
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Figure 5) distribution of the area under the NDVI curve for all measurements taken across each 

time point.  

 



 

82 

 

 

 

Figure 6) Average area under the NDVI curve per N treatment. Higher N treatments produced a 

greater area under the curve. Note that under early measurements, treatments are under identical 

N conditions, making early measurements a reflection of spatial heterogeneity.  
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Figure 7) Progressive association of area under the NDVI curve and yield at different growing 

degree days (GDD) measured at Warsaw (A) and New Kent (B). As the season progressed 

distribution and correlation of the area under the NDVI curve with yield increased.  

 

A 
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Figure 8) Variance of yield explained by area under NDVI curve per N treatment for separate time 

points at Warsaw and New Kent. Warsaw, with less spatial heterogeneity, shows greater clarity 

for trends, where as N level increased NDVI prediction acuracy decreased. Both locations show a 

general trend of increasing predictive acuracy for later time points, but with no increase from the 

final time point at harvest. 
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Table 4) R2 values obtained by using the area under the NDVI curve to predict yield per N 

treatment at Warsaw.    

N Treatment GDD R2 

61.7 1405 0.430 

61.7 1587 0.446 

61.7 1884 0.481 

61.7 2450 0.556 

61.7 2712 0.590 

61.7 3094 0.625 

61.7 3369 0.639 

61.7 3569 0.643 

61.7 3879 0.642 

61.7 4201 0.633 

89.7 1405 0.430 

89.7 1587 0.360 

89.7 1884 0.371 

89.7 2450 0.410 

89.7 2712 0.433 

89.7 3094 0.471 

89.7 3369 0.492 

89.7 3569 0.502 

89.7 3879 0.502 

89.7 4201 0.490 

117.7 1405 0.257 

117.7 1587 0.271 

117.7 1884 0.298 

117.7 2450 0.352 

117.7 2712 0.386 

117.7 3094 0.443 

117.7 3369 0.481 

117.7 3569 0.508 

117.7 3879 0.521 

117.7 4201 0.511 

145.7 1405 0.108 

145.7 1587 0.120 

145.7 1884 0.154 

145.7 2450 0.199 

145.7 2712 0.216 

145.7 3094 0.247 

145.7 3369 0.281 

145.7 3569 0.311 

145.7 3879 0.331 
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145.7 4201 0.326 

173.8 1405 0.0829 

173.8 1587 0.0922 

173.8 1884 0.120 

173.8 2450 0.160 

173.8 2712 0.175 

173.8 3094 0.205 

173.8 3369 0.243 

173.8 3569 0.282 

173.8 3879 0.309 

173.8 4201 0.301 
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Table 5) R2 values obtained by using the area under the NDVI curve to predict yield per N 

treatment at New Kent. 

N Treatment GDD R2 

61.7 1472 0.282 

61.7 1680 0.300 

61.7 2019 0.387 

61.7 2931 0.607 

61.7 3430 0.685 

61.7 3636 0.707 

61.7 4673 0.724 

89.7 1472 0.444 

89.7 1680 0.451 

89.7 2019 0.511 

89.7 2931 0.646 

89.7 3430 0.708 

89.7 3636 0.731 

89.7 4673 0.748 

117.7 1472 0.472 

117.7 1680 0.480 

117.7 2019 0.518 

117.7 2931 0.675 

117.7 3430 0.761 

117.7 3636 0.780 

117.7 4673 0.769 

145.7 1472 0.448 

145.7 1680 0.454 

145.7 2019 0.483 

145.7 2931 0.621 

145.7 3430 0.724 

145.7 3636 0.749 

145.7 4673 0.743 

173.8 1472 0.435 

173.8 1680 0.438 

173.8 2019 0.469 

173.8 2931 0.520 

173.8 3430 0.554 

173.8 3636 0.570 

173.8 4673 0.558 
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Discussion 

While NDVI is used as a proxy for photosynthesis and of grain yield over time, this is not a perfect 

measurement due to the lack of direct link between NDVI and true photosynthesis, as well as 

differential photosynthate partitioning to the grain and other plant parts. Nonetheless, NDVI was 

found to be a good predictor of yield, as has been demonstrated in other studies (Hassan et al. 

2019; Lai et al. 2018). Predictive accuracy varied across treatments. Under greater environmental 

stress, drought, and N stress, NDVI has greater predictive accuracy on yield. Similar to Sun et al. 

(2019) using green NDVI (GNDVI), raw NDVI values had greatest predictive ability on yield 

during flowering and early grain fill stages, i.e., with stress during flowering and grain fill. This 

suggests that NDVI would perhaps be useful where yield data is not measured, such as head rows 

under N stress. Under conditions such as this, lines could be screened to identify possible high 

yielding lines without having to test for yield directly.  

Due to limited resources in breeding programs, it is difficult to test lines under multiple N rates. If 

a design like the one in this study is used, five times as many plots as entries must be used to test 

five N rates, in addition to border plots to separate different N treatments. Therefore, it is highly 

desirable to be able to use high N treatments, or conventional N application rates, to predict low 

N phenotypes. Additionally, some N rates are more likely seen in real world scenarios or farmer’s 

fields. For example, a rate of 150 kg ha-1 is likely to be encountered in the real world, due to cost 

of N and wheat prices. Improvement of wheat performance under slightly lower than average N 

application levels is a much more feasible goal, by economic yield standards, than improvement 

of performance under half the standard application rate. Thorough comparison of phenotypic and 

genotypic resources including marker data, area under the NDVI curve, and yield data to predict 
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unobserved phenotypes, the marker data and the resulting genomic prediction model discussed in 

chapter II obtained had the greatest predictive ability for unobserved phenotypes.  

While this study focused on using NDVI data it would be useful to explore using other indices 

such as GNDVI (Haghighattalab et al. 2016), rededge normalized difference vegetation index, soil 

adjusted vegetation index (SAVI), enhanced vegetation index (Khan et al. 2018), and hyperspectral 

indices (Liu et al. 2020) to find their effectiveness in efforts to assess EUN of lines and breed for 

EUN.  

Conclusions  

NDVI was shown to be a good predictor of yield, especially under low N treatments. NDVI can 

be used to help screen lines for EUN and estimate yield without having to directly measure yield 

data.  
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